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Theoretical error performance analysis for variational
quantum circuit based functional regression

Jun Qi®'?™, Chao-Han Huck Yang @?, Pin-Yu Chen@*™ and Min-Hsiu Hsieh*™

The noisy intermediate-scale quantum devices enable the implementation of the variational quantum circuit (VQC) for quantum
neural networks (QNN). Although the VQC-based QNN has succeeded in many machine learning tasks, the representation and

generalization powers of VQC still require further investigation, particularly when the dimensionality of classical inputs is concerned.
In this work, we first put forth an end-to-end QNN, TTN-VQC, which consists of a quantum tensor network based on a tensor-train
network (TTN) for dimensionality reduction and a VQC for functional regression. Then, we aim at the error performance analysis for
the TTN-VQC in terms of representation and generalization powers. We also characterize the optimization properties of TTN-VQC by
leveraging the Polyak-Lojasiewicz condition. Moreover, we conduct the experiments of functional regression on a handwritten digit

classification dataset to justify our theoretical analysis.
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INTRODUCTION

The imminent of quantum computing devices opens up
possibilities for exploiting quantum machine learning (QML)'-3
to improve the efficiency of classical machine learning algorithms
in many scientific domains like drug discovery* and efficient solar
conversion®. Although the exploitation of quantum computing
devices to carry out QML is still in its early exploratory states, the
rapid development in quantum hardware has motivated advances
in quantum neural network (QNN) to run in noisy intermediate-
scale quantum (NISQ) devices®=°, where not enough qubits could
be spared for quantum error correction and the imperfect qubits
have to be directly employed at the physical layer'®'2 Even
though, a compromised QNN is proposed by employing a
quantum-classical hybrid model that relies on an optimization of
the variational quantum circuit (VQC)'>'%. The resilience of the
VQC to certain types of quantum noise errors and the high
flexibility concerning coherence time and gate requirements
admit VQC to apply to many promising applications on NISQ
devices'> %2,

Although many empirical studies of VQC for quantum machine
learning have been reported, its theoretical understanding
requires further investigation in terms of representation and
generalization powers, particularly when the non-linear operator is
employed for dimensionality reduction. This work introduces a
tensor-train network (TTN) on top of the VQC model to implement
a TIN-VQC. The TTN is a non-linear operator mapping high-
dimensional features into low-dimensional ones. Then, the
resulting low-dimensional features go through the framework of
VQC. Compared with a hybrid model where the operation of
dimensionality reduction is constituted by a classical neural
network (NN)?3, TTN can be realized by utilizing universal
quantum circuits'®?*2>, and an end-to-end quantum neural
network can be setup.

In this work, we discuss the theoretical performance of TTN-VQC
in the context of functional regression. Functional regression
refers to building a vector-to-vector operator such that the

regression output can approximate a target operator. In more
detail, given a Q-dimensional input vector space R? and a
measurable U-dimensional output vector space RY, the TTN-VQC-
based vector-to-vector regression aims to find a TTN-VQC operator
f: R? — RY such that the output vectors of f can approximate a
desirable target one.

In particular, this work concentrates on the error performance
analysis for TTN-VQC-based functional regression by leveraging
the error decomposition technique?® to factorize an expected loss
over the TTN-VQC operator into the sum of the approximation
error, estimation error, and training error. We separately upper
bound each error component by harnessing statistical machine
learning theory. More specifically, we define Fry as the TTN-VQC
hypothesis space which represents a collection of TTN-VQC
operators. Then, given a data distribution D, assuming a smooth
target function h3, and a set of N training data drawn independent
and identically distributed from a data distribution D, for a loss
function ¢ and an optimal TIN-VQC operator f3, € Fry, an
expected loss is defined as:

Lo(fp) := Exp [¢(hp (), f(x))], (1)

which can be minimized by using an empirical loss as:
TR,
Ls(fp) := NZ€(h%(Xn)7f%(Xn))- (2)
n=1

Since the mean absolute error (MAE)?” is a 1-Lipschitz
continuous?®®, the loss function ¢ is set as the MAE. Furthermore,
we separately define fy,, f¢ and fs as an optimal TTN-VQC
operator, an empirical optimal operator, and a returned operator.
Then, as shown in Fig. 1, the error decomposition technique?®
factorizes the expected loss Lp(fs) into three error components
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V¥ (All Functions)

Fig. 1 An illustration of error decomposition technique. h7, is a
smooth target function in a family of all functions ¥ over a data
distribution D; Ity denotes the family of TTN-VQC operators as
shown in the dashed square; f7, represents the optimal hypothesis
from the space of TTN-VQC operators over the distribution D; f¢
denotes the best empirical hypothesis over the set of training
samples S; fs is the returned hypothesis based on the training
dataset S.

+Lp(f5) = Lo(fp) + Lo(fs) — Lo(fs)

Training Error

Lp(fs) = Lp(fp)
Approximation Error

< Lp(fp) + ZfSURP Lo (f) = Ls(F)| + Lo(fs) — Lo(fs)
[S4

Estimation Error

S [’D(f*p) + 27%5(FTV) + v,

(3)
where Lp(f3,) is associated with the approximation error, Rs(Fry)
is an empirical Rademacher complexity®® over the family [y, and
v refers to the training error that results from the optimization bias
of gradient-based algorithms. The Rademacher complexity R (IFry)
can measure the model complexity and is particularly used for the
regression problem?®, In this work, our theoretical results
concentrate on the error analysis by upper-bounding each error
component, and our empirical results are illustrated to corroborate
our theoretical analysis.

Our derived theoretical results in this work and the significance
of TTN-VQC-based functional regression are summarized as
follows:

® Representation power: our upper bound on the approxima-
i i i oM 4
tion error is derived as /U +O(\/M)' where U and M

separately denote the number of qubits and the count of
quantum measurement. The result suggests that the expres-
sive capability of TTN-VQC can be mainly determined by the
number of qubits, and the quality of the expressiveness is also
affected by the count of quantum measurements. Larger U
and M correspond to the fact that more algorithmic qubits
and a longer decoherence time are necessarily required to
ensure stronger representation power of TTN-VQC. Further-
more, since more qubits are more likely to result in the
problem of Barren Plateaus of VQC during the training
process, the introduction of PL condition is significant to
handle the problem.

® Generalization power: we derive an upper bound on the
estimation error concerning the empirical Rademacher com-
plexity QS(FT\,), which is further upper bounded by a constant

as %(\/Zf:1 A} + N). Here, P, N, and K separately denote
the input power, the amount of training data, and the order of
multi-dimensional tensor; A, and A refer to the upper bounds
on the Frobenius norm of TTN parameters. The result of the
generalization power suggests that given the training data
and model structure, the additive noise corresponds to a
larger value of P which results in an upper bound on a weaker
generalization capability.
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Table 1. A comparison of learning theory for VQC between this work
and Du et al>".
Category This work Du et al.?'
Learning problem Regression Classification
Dimensionality reduction TTN N/A

i o) 1
Representation power i + O(N) N/A

Generalization power

% <\ [SE N+ /\’) N/A

Conditions for u-PL + 1-Lipschitz

optimization bias

u-PL + B-smooth

® Optimization bias: the PL condition is employed to initialize
the TTN-VQC parameters and the training error can be
exponentially converged to a small loss value. The problem
of barren plateau is a serious issue in the training process of
the quantum neural network®’, especially for a randomized
QNN architecture, the variance of gradients exponentially
vanishes with the increase of qubits. In this work, we claim
that the model setting based on the PL condition could be
beneficial to the improvement of the TTN-VQC training.

Besides, our empirical results of functional regression are
designed to corroborate the corresponding theoretical results of
representation and generalization powers, and the analysis of
optimization performance.

The related work comprises theoretical and technical aspects.
As for the theoretical point, Du et al.3! analyzes the learnability of
quantum neural networks with parameterized quantum circuits
and gradient-based classical optimizer. A theoretical comparison
between this work and Du et al.3" is shown in Table 1, where our
theoretical results mainly follow the error decomposition
method?%32, More specifically, in this work, we factorize an
expected loss based on MAE over a TTN-VQC operator into three
error components: approximation error, estimation error, and
training error. We separately derive upper bounds on each error
component and the results are summarized in Table 1.

Besides, the techniques of this work rely on the TTN and VQC
models. The TTN, also known as matrix product state (MPS)33, was
first put forth by Alexander et al.3* in the applications of machine
learning. Chen et al.*® employs MPS to extract low-dimensional
features for VQC. Although this work leverages the TTN for
dimensionality reduction, we rebuild the TTN as parallel neural
network architecture, where the sigmoid activation function is
separately imposed upon each neural network. In this work, we
choose the TTN for dimensionality reduction for the reason that
although the hybrid quantum-classical model may take more
resources while simulating a quantum computer, it can be
implemented on actual quantum hardware. Whereas, the classical
models cannot be put on quantum hardware. Moreover, since the
VQC models have been widely used in the domains of quantum
machine learning®>~37, we follow the standard VQC pipeline such
that our theoretical results can be employed for the general
VQC model.

RESULTS

Preliminaries

Before we delve into the detailed architecture of the TTN-VQC, we first

introduce the basic components of TTN and VQC, which have been

previously proposed and widely used in quantum machine learning.
As shown in Fig. 2, we first introduce a VQC which is composed

of three components: (a) Tensor Product Encoding (TPE); (b)

Parametric Quantum Circuit (PQC); (c) Measurement.
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(a) Tensor Product Encoding (TPE) (b) Parametric Quantum Circuit (PQC) (c) Measurement

Fig.2 An illustration of three components in the VQC model. The TPE employs a series of Ry(]x;) to transform classical data into quantum
states. The PQC is composed of CNOT gates and single-qubit rotation gates Ry, Ry, Rz with free model parameters q, 3, and y. The CNOT gates
impose the operation of quantum entanglement among qubits, and the gates Ry, Ry, and Rz can be adjustable during the training stage. The
PQC model in the green dash square is repeatably copied to build a deeper model. The measurement converts the quantum states
|z1), |22), ..., |zu) into the corresponding expectation values <o§1))7 (oﬁz)), oy {0z oV ). The outputs <o§1)) (0§2)>, s <0§U)> are connected to a loss
function and the gradient descent algorithms can be used to update VQC parameters.

The TPE model was proposed in®® and it aims at converting a  \yhere the matrices X € RF*R1 v d, € [D,]. The ranks R; and

classical data x into a quantum state |x) by adopting a one-to-one 2
mapping as: Rk.1 are set as 1 to ensure the term Hk 1 Xy, is a scalar.

Next, we are concerned with the TTD for a 2- “dim matrix. A feed-
) <®, 1Rv< ))|0> B (::((E%:) . C?S(EXZ) os C?S(;%XU) forward neural network with U neurons has the form:
) sin(2x2) sin(Zxy)

@ Zw (d,u) - x(d),Vu € [U]. 6)

where each x; can be strictly restricted in the domain of [0, 1] such
that the conversion between x and |x) is a reversely one-to-one
mapping.

The PQC framework consists of U quantum channels corre-
sponding to currently accessible U qubits on NISQ devices. Here,
the controlled-NOT (CNOT) gates realize the quantum entangle- Widi 1), (d.ua).....(d ) Wd1 Ve, Weteuer )
ment, and the single rotation gates Ry, Ry, and R; compose the where WK ¢ RRxDexUexRes s 3 4-order core tensor, and each
PQC model with model free parameters a={a; ay...,autk  element qu € RR*Ra1 is a matrix. Then, we can reshape the
B=1{B1. Bz ....But and y={y1, ¥z ...,yyl. The PQC model corre-  input vector x and the output one y into two tensors of the same
sponds to a linear operator 7, that transforms the quantum order; X € RPrxDax=xDx )« RUixUax=xUx  gnq we build the
input state |X> into the output one |Z> The PQC model in the mapping function between the input tensor Xd, dy....de and the
green dash square is repeatably copied to compose a deeper output one Yy, 4, .uc 3S:
architecture. b D,

The measurement framework outputs the expectation values Z Z Z
. . P ) P 2) 0) ym WU, — de Jup),(da,u2),....,(dx, uK)Xd1 o, dk e (8)
concerning the Pauli-Z operators, namely (o;’), (0;”), ... (02") di=1d=1  de=1

If we assume that U=[]f_, ux, then we can reshape the
2-order matrix W as a D-order double-indexed tensor WV and it can
be factorized into the TT-format as:

which results in the output vector z = [(0?)), (0§2>),..., (oﬁu)ﬂ .
The expectation vector z refers to the classical data and it is
connected to the operation of functional regression.

Then, we briefly introduce the formulation of TTN. A TTN refers

Then, by employing the TTD for the K-order tensor element

and (7), we attain that
D, D,

to a tensor network aligned in a 1-dimensional array and is
. . . W X

generated by repetitively singular value decomposition (SVD)*° to Vi .o d1z1 dzz1 dKE1 (d1.0n),(d2,2)....(dk.ux) L dy ,da,....di
a many-body wave function?’. To utilize the TTN for dimension- o D, p o

. h . . . 1%
ality redugtllon, in this work', we .ﬁrst define the tensor-tra!n =5 3 - Z H de " H P
decomposition (TTD) for a 1-dimensional vector and a tensor-train di=1dr=1  dg=1k=1 k=1 )
representation for a 2-dim matrix. More specifically, given a vector Dy [k]
x € R? where D = []{_, Dy, we reshape the vector x into a K- = 1;1 Z:: dk u © Xg
order tensor X € RP*P2**Dk Then, given a set of tensor-train p
ranks (TT-ranks) {Ry, Rz, ..., Rkiq} (Ry and Rx., are set as 1), all =TI l[fkh
elements of X’ can be represented by multiplying K matrices Xg(k] k=1
based on the TT-format as: where Wd 0w © X refers to an element-wise multiplication of the

. 2] K " two matrices, and de 1de,uk @X([,k] results in a matrix y[ukk] in

Xy o,y = Xg X - HX P (5) RFARe1 The ranks Ry = Ry,q = 1 ensures the Hf:1 y{,kk] is a scalar.

k=1
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Fig. 3 An illustration of the TTN-VQC architecture. 74, and 74

vac

Parametric Quantum Circult

Measurement

represent the TTN and VQC operators with trainable parameters 6, and

6,4, respectively. T, refers to a reversible classical-to-quantum mapping. The VQC model in the green dash square can be repeatably copied
to generate a deep parametric model. The framework of functional regression outputs loss values and evaluates gradients of loss functions to
update model parameters 6,qc and Oyn. 7 refers to a fixed regression matrix.
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Fig. 4 Reformulating the TTN model in a parallel structure. Each element of the input K-order tensor X4, 4, 4, is factorized into K matrices
X4, by utilizing TTD. Each X” goes through the TTN associated with model parameters W, The sigmoid function is imposed upon the

output yuk, and all y are aII multiplied to form the output :)JL,1 n,
Based on the framework of TTN, two requirements need to be met
as follows: (a) given an input vector x € R”, we need D = S°%_, Dy,
dy=I[Dy] and Ry =Ry, =1; (b) Given the output vector in RY, we
have U = Hf:1 Uk, where ug = [Ud], and Ry = R¢,1 = 1. In particular,
this work’s output dimension U corresponds to the number of
qubits.

Theoretical results

This section first exhibits the architecture of TTN-VQC, and then
we analyze the upper bounds on the representation and
generalization powers and the optimization performance.

The TTN-VQC pipeline is shown in Fig. 3, where (a) denotes the
framework of TTN, (b) is associated with the VQC model, and (c)
represents the operation of functional regression. The VQC model
is based on the standard architecture as shown in Fig. 2, and the
TIN is designed according to the framework in Section
“Preliminaries”. To introduce the non-linearity to the TTN model,
a sigmoid activation function Sigm(:) is taken for each Y (j,) such
that

K
Wrsdasosi) = [ [ Sigm(ViGie))s (10)
k=1

npj Quantum Information (2023) 4

which introduces the non-linearity to the TTN features and
corresponds to a parallel neural network structure.

The parallel DNN structure is illustrated in Fig. 4, where a K-
order tensor Xy, d, . 4. is first decomposed into 2-dim matrices

XE}, XLZZ], v X([;(K] and each Xg(k] goes through Wg(k]#uk. The resulting
y[u‘j, yLZZ], wr )igﬂ are non-linearly activated by applying the sigmoid

activation function before multiplying them together into a K-
order tensor yu1 u..ug- By iterating ug € [Ud and fixing other
indices uq, Uy, ..., uk,1,uk+1,...,u,<, we separately collect a vector
associated with the k' order of ).

More significantly, the non-linearity introduced by the sigmoid
function sets up a parallel DNN structure for TTN and helps to
build a one-to-one mapping in the TPE framework because the
sigmoid function compresses the functional values in the domain
of (0, 1). Proposition 1 suggests the sigmoid activation function
ensures a one-to-one mapping from the classical data to the
quantum state.

Proposition 1. The sigmoid activation function applied to the TTN
ensures the TPE as a linear unitary operator |y) = T,(\O)y’u) such
that a quantum state |y) can be generated from a classical vector y.
On the other hand, the classical vector y can be exactly deduced
based on the operator 7.

Published in partnership with The University of New South Wales



Proposition 1 can be justified based on Eq. (4), where cos(5x;)
and sin(5x;) are reversible one-to-one functions because of each

€ (0, 1). Then, we can deduce the original classical vector y given
the quantum state |y). .

The VQC outputs a classical vector z = [(oﬁ”), (052)), vy (oﬁK)ﬂ ,
and then z is connected to the framework of functional regression,
where a fixed linear regression operator 7, further transforms z
into the output vector. The MAE is taken to measure the loss value
and the related gradients of the loss function, which are used to
update the parameters of both VQC and TTN models.

To analyze the representation power, Theorem 1 shows an upper
bound on the approximation error. The upper bound on the
approximation error relies on the theoretical analysis of the inherent
parallel structure for the TTN model and the universal approximation
theory utilized for neural networks*®*2, Theorem 1 suggests that the
representation power of linear operator M o T, o 7Ty is strength-
ened by applying a non-linear operator 7 g, (X).

:R?2 - RYand a
= M OTqu(

Theorem 1. Given a smooth target function hj,
classical data x, there exists a TTN-VQC g(x; 8yqc, O1tn)

oTy o Tg,, (), we obtain
Lo(fp) = [hp(x) O]} < 22 + (),
(11)

where U and M separately refer to the number of qubits and the
count of quantum measurement, and E[g(x; Oyqc, O:n)] represents
an expectation value of the output measurement.

- Tlr (E [g(

The upper bound in Eq. (11) implies that the number of qubits U
and the count of measurement M jointly decide the representa-
tion power of TTN-VQC, and larger values of U and M are expected
to lower the upper bound. However, a larger value U requires an
advanced quantum computer with more logic qubits, but more
qubits are likely to degrade the optimization performance
because of the problem of Barren Plateaus. To strike a balance
between a large number of qubits and low optimization bias, the
PL condition is introduced to initialize the TTN-VQC model.

Moreover, as for the analysis of the generalization power,
Theorem 2 suggests the upper bounds of the estimation error. The
upper bound on the estimation error can be derived based on the
empirical Rademacher complexity Rs(Fry), which is defined as:
Rs(Fry) := Ee sup Zen Xn } (12)
elity

where N samples S={X;, X, ..., X}, and € ={ey, €, ..., ep} refers
to a set of N Rademacher random variables taking on values 1
and — 1 with an equal likelihood. The empirical Rademacher
complexity measure how well the functional family Fr, correlates
with random noise € on the dataset S, and it describes the richness
of the family Fry: a richer family Fry can generate more functions f
that better correlates with the random noise on average.

Theorem 2. Based on the TTN-VQC setup in Theorem 1, the
estimation error is upper bounded by the empirical Rademacher
complexity 2Rs(Fry), which is

A~ A~ A K /
ZRs(Fw) < 2R5(F‘|‘|’N) =+ 2R5(FVQC) < %1 /g /\i + 2\7N\
s.t.,||xnll, < P,Vn € [N],
IW(T e, )llr < N, IWH(Tay,)llr < Mok € [K],
(13)

where Fry and Fyqc separately denote the family of TTN and
VQC, P, N and A, are constants, W(Tg ) refers to a matrix
associated with the operator 7, , and W%T(Tgm) corresponds to

Published in partnership with The University of New South Wales

J. Qi et al.

npj

a 4-order tensor of TIN, ||W|r and HW["]HF represent the
Frobenius norm of a matrix and a tensor, respectively.

The upper bound on the estimation error in Eq. (13) shows
when an input x and an initialized TTN-VQC model are given, a
sufficiently large amount of training data N is needed to lower the
related upper bound. On the other hand, the noise perturbation
associated with the noisy power P,qse imposed upon the input
corresponds to a larger total power P=P;,+ Pnoisesz Which
corresponds to a larger upper bound on the estimation error
and accordingly weakens the generalization power.

The optimization error of VQC is associated with the training
problem of Barren Plateaus® that stems from optimizing a non-
convex objective function and the gradients may vanish almost
everywhere in the training stage. To alleviate the problem of
Barren Plateaus, we introduce an initialization strategy based on
the Polyak-Lojasiewicz (PL) condition**=*>. More specifically, given
the set of model parameters @ = {6y, 8,4 for TIN-VQC, if an
empirical loss function Ls satisfies y-PL, the L,-norm of the first-
order gradient VLs concerning @ should satisfy the following
inequality as:

1
EIIVEs(G)Hﬁ > ULs(8). (14)

Theorem 3. If a 1-Lipschitz loss function £ over the set of TTN-
VQC parameters 0 satisfies the PL condition, the gradient descent
algorithm with a learning rate of 1 can lead to an exponential
convergence rate. More specifically, at epoch T, we have

Ls(0r) < exp(—uT)Ls(6o), (15)

where 8, and 07 separately denote the parameters at the initial
stage and the epoch T. Furthermore, given a radius r =

2Ls(B)u" for a closed ball B(6, 1), there exists a global
minimum hypothesis 8" € B(8y, r) such that the optimization error
becomes sufficiently small.

Furthermore, we show a necessary condition in Proposition 2
for a TTN-VQC operator f € [qy to satisfy the u-PL setup of Ls(0),
which is related to the tangent kernel of the operator f.

Proposition 2. For a TTN-VQC operator f € [y, we define the
tangent kernel K as V f(0) V f(0)". If a 1-Lipschitz loss function
Ls(0) satisfies the y-PL condition, Amin (Kf) represents the smallest
eigenvalue of K¢ and meets the condition as:

Amin(lcf) > Y. (16)

Theorem 3 suggests that the u-PL condition for the TTN-VQC
ensures an exponential convergence rate and the training loss can
reach as low as 0. Proposition 2 can check if the y-PL condition can
be met by calculating its tangent kernel. Our theorems suggest
that the TTN-VQC model meeting the PL condition can better deal
with the problem of Barren Plateaus, but we cannot guarantee
that the model with a low optimization bias has to meet the PL
condition. In other words, the PL condition is one of the potential
approaches to ensure the VQC handles the optimization issue.

Based on the derived upper bound, under the setup of u-PL
condition, the upper bounds on the error components can be

npj Quantum Information (2023) 4
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Fig. 5 Empirical results of the vector-to-vector regression on the MNIST dataset to evaluate the representation power of TTN-VQC. a MAE
loss values on the training data. b MAE loss values on the test data. TTN-VQC_8Qubit and TTN-VQC_12Qubit represent the TTN-VQC models
with 8 and 12 qubits, respectively; PCA-VQC_8Qubit and PCA-VQC_12Qubit separately denote the PCA-VQC models with 8 and 12 qubits.

combined into an aggregated upper bound as:
['D(?S) < ﬁfp(f*D) + Zkg(FT\/) +v

K
e e 2P 2 4 2PN
sﬁ+0(m)+m/k§/\k+m )

st |[Xall; < P,n e [N,
IW(Te,,)llr <N, [WH(To,,)llr < M,k € [K].

The aggregated upper bound in Eq. (17) shows that the
training error € can be reduced to closely 0 with the setup of u-
PL condition, and the expected loss is mainly determined by
the upper bounds on the approximation and estimation errors.

Empirical results

To separately corroborate our theoretical analysis of the TTN-VQC,
our experiments are composed of two groups: (1) to evaluate the
representation power, the training and test datasets are set in the
same clean environment; (2) to assess the generalization power of
TTN-VQC, the test data are separately mixed by additive Gaussian
and Laplacian noises, where the SNR levels are set as 8dB and
12dB, respectively. Our baseline system is a linear PCA-VQC model
where the technique of principal component analysis (PCA)*® is
employed. PCA is a standard method to reduce data dimension-
ality by applying a linear transformation in an unsupervised
manner. Our experiments compare the performance of the TTN-
VQC and PCA-VQC models, and particularly aim at verifying the
following points:

1. The TTN-VQC can lead to better performance than PCA-VQC
in both matched and unmatched environmental settings.

2. Increasing the number of qubits can improve the repre-
sentation power of TTN-VQC.

3. Exponential convergence rates demonstrate our configura-
tions of the TTN-VQC satisfy the u-PL condition.

We evaluate the performance of TTN-VQC on the standard MNIST
dataset”’. The MNIST dataset aims at the task of handwritten 10 digit
classification, where there are 60,000 examples for training and 10,000
data for testing. In our experiments, we randomly sample 10,000 in
training data and 2000 in test data. Both training and test data are
corrupted with noisy signals at different SNR levels, and the generated
noisy data are taken as the input to the quantum-based models. The
target of the models is set as the clean data during the training stage,
where the model-enhanced data are expected to be as close as the
target one. We measure the model performance in the test stage by
calculating the L;-norm loss between enhanced data and target one.

As the experimental baseline, a hybrid PCA-VQC model is
conducted, where PCA serves as a simple feature extractor followed
by the VQC as the classifier. The PCA-VQC represents a linear VQC
model which is in contrast to a non-linear one based on the TTN-VQC
model. We include 4 PQC blocks in the VQC employed in the
experiments. As for the experiments of TTN-VQC, the image data are
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Table 2. Empirical results of TTN-VQC and PCA-VQC models on the
test dataset.

Models Qubits Params (Mb) MAE
TTN-VQC_8Qubit 8 0.452 0.0597
TTN-VQC_12Qubit 12 0.636 0.0156
PCA-VQC_8Qubit 8 0.080 0.3847
PCA-VQC_12Qubit 12 0.120 0.2939

reshaped into a 3-order 7x16x7 tensors. Given a set of ranks
R=1{1,3,3,1} we can set 3 trainable tensors as: W; € R'*7*Y1*3,
W, € R¥18U23 and Wy € R37*%*1 where U = [];_, Uy is
associated with the number of qubits. In particular, we separately
assess the models with 8 qubits and 12 qubits, and the parameters
(Uy, Uy, Us) are set as (2, 2, 2) for the 8 qubits and (2, 3, 2) for the 12
qubits. The stochastic gradient descent (SGD)*® with an Adam
optimizer® is utilized in the training process, where a mini-batch of 50
and a learning rate of 1 are configured. The 1-Lipschitz continuous
function based on MAE is taken to meet the PL condition.

To corroborate the Theorem 1 for the representation power
of TTN-VQC, both training and test data are mixed with the
Gaussian noise of the 15dB SNR level, and we compare the
performance of TTN-VQC with PCA-VQC on the generated noisy
settings. Figure 5 demonstrates the related empirical results,
where TTN-VQC_8Qubit and TTN-VQC_12Qubit separately
represent the TTN-VQC models with 8 and 12 qubits and
PCA-VQC_8Qubit and PCA-VQC_12Qubit denote that the PCA-
VQC models with 8 and 12 qubits, respectively. Our experi-
ments show that the TTN-VQC can significantly outperform the
PCA-VQC counterparts in terms of lower training and test loss
values. Moreover, our results also suggest that more qubits can
improve the empirical performance of both TTN-VQC and PCA-
VQC models. Table 2 presents the final results of the test
dataset. The TTN-VQC_12Qubit model owns more parameters
than the TTN-VQC_8Qubit model (0.636 Mb vs. 0.452 Mb), but
the former one attains better empirical performance in terms
of lower MAE scores (0.0156 vs. 0.0597) on the test dataset.

To assess the generalization power of TTN-VQC, the test data
are separately mixed with additive Gaussian and Laplacian
noises with 8dB and 12dB SNR levels. Based on the well-
trained TTN-VQC and PCA-VQC models with eight qubits, we
further assess their performance on the test data with Gaussian
and Laplacian noisy conditions related to the evaluation of
their generalization power. Based on the upper bound of the
generalization power in Theorem 2, given the input dataset, a
more noisy setting corresponds to a larger Ppqise, Which results
in a larger total power P = P;,, + Poise- Thus, we corroborate our
theorem in the experiment by evaluating the empirical
performance under different noisy conditions. In the
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Fig. 6 Empirical results of the vector-to-vector regression on the MNIST dataset to evaluate the generalization power of TTN-VQC and
PCA-VQC with 8 qubits. a MAE loss values on the training data. b MAE loss values on the test data. There are two noisy settings on the test
dataset to evaluate the performance of the TTN-VQC and PCA-VQC models: Gauss-8dB and Gauss-12dB separately denote the Gaussian noisy
conditions of 8dB and 12 dB SNR levels; Laplace-8dB and Laplace-12dB refer to the Laplacian noisy settings of 8dB and 12dB SNR levels,

respectively.

Table 3. Empirical results of TTN-VQC and PCA-VQC models on the
test dataset with either Gaussian or Laplacian noise with 8 dB or 12 dB
SNR levels.

Models Noise type Params (Mb) MAE

TTN-VQC_8Qubit Gaussian (8dB) 0.452 0.1703
TTN-VQC_8Qubit Gaussian (12dB) 0.452 0.1078
PCA-VQC_8Qubit Gaussian (8dB) 0.080 0.5151
PCA-VQC_8Qubit Gaussian (12dB) 0.080 0.4546
TTN-VQC_8Qubit Laplacian (8dB) 0.452 0.1684
TTN-VQC_8Qubit Laplacian (12dB) 0.452 0.1327
PCA-VQC_8Qubit Laplacian (8dB) 0.080 0.4651
PCA-VQC_8Qubit Laplacian (12dB) 0.080 0.4396

meanwhile, to highlight the advantage of non-linearity for TTN-
VQC, we also compare the experimental results of both TTN-
VQC and PCA-VQC.

For one thing, Fig. 6 suggests that the TTN-VQC models
significantly outperform the PCA-VQC counterparts in the two
noisy settings, and Table 3 shows the MAE scores of TTN-VQC and
PCA-VQC models, where the TTN-VQC models achieve much
better performance than the PCA-VQC ones in terms of lower MAE
scores under all kinds of noisy environments. For another, we
observe that the experimental performance of the TTN-VQC
models under more adverse Gaussian and Laplacian noisy settings
is degraded because of higher MAE scores, which corresponds to
our theoretical analysis.

Moreover, our derived upper bound on the estimation error is
also associated with the amount of training data. To test the effect
of training data for the generalization capability, the number of
training data is gradually incremented from a subset of data to a
whole set. In Table 4, we observe that a larger amount of training
data leads to lower MAE scores which correspond to better
generalization power.

DISCUSSION

This work focuses on the theoretical error performance analysis
for VQC-based functional regression, particularly when the TTN
is employed for dimensionality reduction. Our theoretical
results provide upper bounds on the representation and
generalization powers of TTN-VQC. Our theoretical results
suggest that the approximation error is inversely proportional
to the square root of qubits, which means that the increase of
qubits can lead to better representation power of TTN-VQC. The
estimation error of TTN-VQC is related to its generalization
power, which is upper bounded based on the empirical
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Table 4. Empirical results of TTN-VQC on datasets of different sizes.
Models Noise type Num. data MAE
TTN-VQC_8Qubit Gaussian (12dB) 20,000 0.2941
TTN-VQC_8Qubit Gaussian (12dB) 40,000 0.1853
PCA-VQC_8Qubit Gaussian (12dB) 60,000 0.1078

Rademacher complexity. The optimization error can be lowered
to a small score by leveraging the PL condition to realize an
exponential convergence based on the SGD algorithm. To our
best knowledge, no prior works, such as a complete error
characterization, have been delivered.

Our experiments of vector-to-vector regression on the MNIST
dataset are designed to corroborate the theoretical results. We first
compare the representation power of the TTN-VQC models with the
PCA-VQC counterparts. We observe that more qubits and the non-
linear property for TTN-VQC can improve the empirical performance
that matches our theoretical analysis. Further, we assess the
generalization power of TTN-VQC by taking different noisy inputs
into account, and we demonstrate that more mismatched and
noisy inputs can worsen the generalization power. Besides, the non-
linear TTN-VQC models outperform the linear PCA-VQC models in
terms of representation and generalization powers. That implies
that the non-linearity of TTN-VQC can greatly contribute to the
improvement of VQC performance.

We also note that the TTN-VQC models attain exponential
convergence rates. The optimization error is eventually reduced
to 0 in the training process, which corresponds to the PL
condition in our theoretical analysis. Moreover, the empirical
results on the test dataset consistently exhibit a decreasing trend.
The empirical results imply that the model setup for TTN-VQC
meets the PL condition and thus it can handle the problem of
Barren Plateaus. Our future work will discuss how to initialize the
VQC model based on the PL condition to minimize the
optimization bias.

Furthermore, our theoretical results are built upon the Lipschitz
loss function utilized for the regression problem, and the
theoretical contributions can be certainly generalized to the
classification tasks where the loss functions like hinge loss and
cross-entropy are data-dependent Lipschitz continuity and the
Lipschitz constant does not keep the same value on different
datasets.

METHODS

This section aims at providing detailed proof of our theoretical
results. We first present the upper bound on the representation
power, and then we derive another upper bound on the
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generalization power. The analysis of optimization performance is
also conducted based on the PL condition.

Proof for Theorem 1

The derivation of Theorem 1 is mainly based on the classical universal
approximation theorem*®=#2 and a parallel structure of TTN. We first
assume gp,(X; Oyqc, Own) as the m-th measurement for the TTN-VQC
operator g(X; 6,qc, Oyn), and Zm 19m(X; Oyqc, Ben) is defined as:

Z G (X; Buge, On) = Z Mp o Tevq( 0TyoTe,(X)

m=1 m=1 (18)
=M OTquc o Ty ngnn(x)
= ,/\/l/ oHo Tgm (X)

where the operator H = Ty, o Ty refers to a unitary matrlx and
Mm denotes the m-th measurement and M' =N M.
Moreover, H~' is a reversely linear unitary operator of H, and
gm refers to the function after the quantum measurement. Next,
we can further derive that

”?(’Q - T,,(lE[g(x: Oyqc, etln)})H

< Hr‘(x) - T|r< Z Gim(X; Buqc, Bitn) )H (Triangle Ineq.)
+
= 1775760~ 5 90 B 850 )

7 (b 32 001 Bur) — Elg B B )

< [T (Moo H T 0 T () — M 0 o Ta, (0) |
+0( &) ITl,

7u(1 2 nlx vqc,ew) Tu(Elg 0 Bue. 8|

f

f

(Central Limit Theorem)

< kI;[]ﬁk |Two M oH()||; + O(ﬁ) N Tw(1)]l;  (Universal Approx.)

K
— %H— (’)(ﬁ) (cﬁ kI;[] U= U)-
(19)

Proof for Theorem 2

Based on Eq. (9) and Fig. 4, the kth channel is equivalent to a feed-
forward layer of a neural network with the sigmoid function. More
specifically, the input X e R DR s rashaped into a high-
dimensional vector x RRkRk“Dk, which furth%r goes throu%h
the feed-forward layer wrth the weight matrix W ¢ RUAReaDy
After the operation of the sigmoid function, we have an output
vector yK € RY%,

As for the upper bound for the TTN-VQC model on the
estimation error, we separately upper bound each term of the
TTN and VQC families by leveraging the empirical Rademacher
complexity. Moreover, we define RS(IF}V_(;N) as the functional family
for the k™ channel associated with Fig. 7. Thus, based e
Rademacher identities, we attain that RS(FWN ) < Zk ; Rs ()THNS

N U )
sup Ze,,Zo( iL])

[Wi|,<an=1 u=

fzs(rr‘ﬁfﬁN) = 1E,

=1Ee| sup ZZen (Wl - %)
”wk]” <AU=1n=

N
=xBe| sup 3 eo(w X))
([W2][, <Auel1,u]In
N
=1E. sup sup s eqo(Wh %K)
W, <Auel1,u) se{=1.+1} n=1

npj Quantum Information (2023) 4

%K & RRR Dy Sigmoid

A Feed-forward Layer ylikl e RU

V_Vm € RUXRRD;

Fig. 7 The kth channel of TTN is equivalent to a feed-forward
layer of neural network with the sigmoid function. The input xM s
derived from the reshape of XM and goes through the feed forward
neural network with the weight matrix w" and sigmoid function.
The output y¥ corresponds to the array for the kth order of J.

Furthermore, we upper bound 7A€5(F1“-(QN
inequality®® and we obtain

) by utilizing Talagrand

~ N
Rs(Fly) <V E, sup sup s> ewik . xK

W, <Auel1,u se{=1.+1} n=1

N
=1E. sup w5 e,xk
W41, <Auel1,u) n=1
= W { Z €nXp o }
2

_k k] s .
o {H Eenx Hz} (Jensen'sinequality) 21)

—k] =[k
=%/ 2 Eelag] (X,[ X ])

N k]2
S x5 <

where we assume |||, < P and accordingly

V/NPy.

Finally, we utilize the Cauchy-Schwarz inequality and obtain the

result that
Vo M i PR
VN ’

K
FTFN Z RS 'I'I'N 2:: AT
(22)

P = \ Zfﬂ P,% and  [[x,|], <Zk 1x[k] Zk 1P <

\/Zf:1 P2 = P. Hence, we attain the inequality as follows:

. PSSR
Rs(Frn) < +7 (23)

5.ty |Xall, < Pon € [N]IWVH (T, )l < Aok € [K].

where

Similarly, we can also obtain the result that ﬁg(F\, ac) < PAI\,I with
the constraint that ||W(7, )|l < A'. Then, we complete the
proof for Theorem 2.

Proof for Theorem 3
Assume the gradient descent algorithm runs around the closed
ball B8, R) with R=2u"" and the loss function £s(8) has the
following properties as (1) The loss Ls(8) is u-PL; (2) The loss Ls(0)
is 1-Lipschitz; (3) The norm of Hessian H is bounded by 1.

Then, we need to prove the following properties: (a) There
exists a global minimum 8" € B(,, R); (b) The algorithm of gradient
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