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Near-term architecture for QML based on 
variational quantum algorithm
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Quantum Machine Learning

Quantum machine learning (QML) as a promising 
early application to HEP
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Data   ➞ xi |ϕ(xi)⟩ = Uin(xi) |0⟩⊗n

Example encoding with 
single-qubit rotation gates

|0⟩⊗n

Example 
hardware-efficient 
SU(2) ansatz

High expressibility with generalized ansatz 
that exploits large Hilbert space
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Inspired from “Z. Minev, Superconducting Qubits, 
Introduction to Circuit Quantum Electrodynamics"
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Superconducting Qubit System

Algorithm

Circuit transpiration and optimization

Qubit control and readout

Highly hierarchical  digital-analog hybrid system

Both algorithm and  
implementation to 
hardware important 
for near-term device
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Superconducting Qubit System

Algorithm development

Circuit transpiration and optimization

Qubit control and readout

Highly hierarchical  digital-analog hybrid system

Both algorithm and  
implementation to 
hardware important 
for near-term devicePresent quantum computing architecture requires both

algorithm development efficient implementation to hardwareand

for near-term quantum devices

Application-specific development would be crucial for the best use of 
near-term devices
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Co-design near-term quantum architecture for HEP applications

“HEP-motivated” data encoding 
and learning model

“HEP-desired” implementation 
for near-term device

Specific hardware 
architecture for scientific 
applications in long-term?

Proposal
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Work on both aspects for a representative ML task in HEP 
(e.g., classification, reconstruction, simulation)



Develop enhanced data encoding for HEP data inputs:  
• Dense angle encoding with particle (4-vector) information 
• Encoding robust against Pauli/amplitude damping noise 
• Trainable embedding for better classification/noise resilience 
• Data re-uploading with particle inputs

Improved learning architecture for HEP: 
• Physics-motivated ansatz (e.g., symmetry preserving) for HEP 
• Ansatz robust against Barren Plateau (e.g, quantum tangent kernel) 
• Gradient descent calculation with noise resilience

Co-design near-term quantum architecture for HEP applications

Proposal
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“HEP-motivated” data encoding 
and learning model

“HEP-desired” implementation 
for near-term device

ROBUST DATA ENCODINGS FOR QUANTUM CLASSIFIERS PHYSICAL REVIEW A 102, 032420 (2020)
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FIG. 6. Partial robustness for the amplitude encoding. The data set consists of 500 points in the unit square separated by a vertical decision
boundary, and we use a train-test split of 80%. Panel (a) shows classifier test accuracy after optimizing the unitary without noise. Panel
(b) shows the reduced accuracy after adding amplitude damping noise with strength p = 0.4. The robust set is shown explicitly in panel
(c) where a blue circle indicates a robust point and a black cross indicates a misclassified point. Panel (d) is the same as (b) but with decreased
strength p = 0.2 of the amplitude damping channel. Test accuracy reduces from 81% to 60% in this case. Panel (e) shows the robust set
for (d).

each function pair ( f j, g j ) from a discrete set of parameterized
functions { fi(!i ), gi(!i )}K

i=1 we train the unitary U (") to min-
imize the cost while keeping the encoding (hyper)parameters
! j fixed. Next, we add a noise channel E which causes some
points to be misclassified. Now, we optimize the encoding
parameters ! j in the noisy environment. For this optimization,
the same cost function is used, and the goal is to further
decrease the cost (and hence increase the set of robust points)
by varying the encoding hyperparameters. Pseudocode for the
algorithm is shown in Appendix C.

(a)

(b)

FIG. 7. Cartoon illustration of the encoding learning algorithm
with a single qubit classifier. In (a), a preset encoding with no knowl-
edge of the noise misclassifies a large number of points. In (b), the
encoding learning algorithm detects misclassifications and tries to
adjust points to achieve more robustness, attempting to encode into
the robust set for the channel.

We test the algorithm on linearly separable and nonlinearly
separable data sets in Fig. 8 . In particular, we use three
different encodings on three data sets. The encodings used are
the dense angle encoding, superdense angle encoding, and a
specific instance of the generalized amplitude encoding from
Def. 5 given by

|x! :=

!
1 + !x2

2

||x||2
x1|0! +

!
1 " !x2

1

||x||2
x2|1!,

where ! is a free parameter which is trained over.
Using these encodings and the data sets shown in

Appendix C, we study performance for the noiseless case,
noisy case, and the effect of the encoding learning algorithm.
We observe that the algorithm is not only capable of recov-
ering the noiseless classification accuracy achieved, but is
actually able to outperform it in some cases, as can be seen
in Fig. 8.

Finally, we consider the discussion in Sec. III E about the
trade-off between learnability (expressive power) and robust-
ness. We make this quantitative in Fig. 9 by plotting
accuracy (percent learned correctly) and robustness against
hyperparameters ! and " in a generalized dense angle encod-
ing

|x! = cos(!x1)|0! + ei"x2 sin(!x1)|1!.

More specifically, in Fig. 9, we illustrate how the noise affects
the hyperparameters, !# and "#, which give maximal classifi-
cation accuracy in both the noiseless and noisy environments,
and also those which give maximal robustness (in the sense
of Def. 15). Figure 9(a) shows the percentage misclassified
in the noiseless environment, where red indicates the low-
est accuracy on the test set, and blue indicates the highest
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Quantum Machine Learning Beyond Kernel Methods
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With noisy intermediate-scale quantum computers showing great promise for near-term applica-
tions, a number of machine learning algorithms based on parametrized quantum circuits have been
suggested as possible means to achieve learning advantages. Yet, our understanding of how these
quantum machine learning models compare, both to existing classical models and to each other,
remains limited. A big step in this direction has been made by relating them to so-called kernel
methods from classical machine learning. By building on this connection, previous works have shown
that a systematic reformulation of many quantum machine learning models as kernel models was
guaranteed to improve their training performance. In this work, we first extend the applicability of
this result to a more general family of parametrized quantum circuit models called data re-uploading
circuits. Secondly, we show, through simple constructions and numerical simulations, that models
defined and trained variationally can exhibit a critically better generalization performance than
their kernel formulations, which is the true figure of merit of machine learning tasks. Our results
constitute another step towards a more comprehensive theory of quantum machine learning models
next to kernel formulations.

Introduction— In the current Noisy Intermediate-Scale
Quantum (NISQ) era [1], a few methods have been pro-
posed to construct useful quantum algorithms that are
compatible with mild hardware restrictions [2, 3]. Most
of these methods involve the specification of a quantum
circuit Ansatz, optimized in a classical fashion to solve
specific computational tasks. Next to variational quan-
tum eigensolvers in chemistry [4] and variants of the
quantum approximate optimization algorithm [5], ma-
chine learning approaches based on such parametrized
quantum circuits [6] stand as some of the most promis-
ing practical applications to yield quantum advantages.

In essence, a supervised machine learning problem of-
ten reduces to the task of fitting a parametrized function
– also referred to as the machine learning model – to a set
of previously labeled points, called a training set. Inter-
estingly, many problems in physics and beyond, from the
classification of phases of matter [7] to predicting what
structures proteins fold into [8], can be phrased as such
machine learning tasks. In the domain of quantum ma-
chine learning [9, 10], an emerging approach for this type
of problem is to use parametrized quantum circuits to
define a hypothesis class of functions [11–16]. The hope
is for these parametrized models to o↵er classification
power beyond what is possible with classical models, in-
cluding the highly successful deep neural networks. And
indeed, we have substantial evidence of such a quantum
learning advantage for artificial problems [16–21], but the
next frontier is to show that quantum models can be ad-
vantageous in solving real-world problems as well. To
achieve this, we first need a deeper understanding of these
quantum methods and how they relate.

Much progress has been made in this direction by
exploiting a connection between quantum models and
kernel methods from classical machine learning [22].
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FIG. 1. The three types of quantum machine learning models
studied in this Letter. a) An explicit quantum classifier, where
the label of a data point x is specified by the expectation
value of a variational measurement on its associated quan-
tum feature state ⇢(x). b) The quantum kernel associated to
these quantum feature states. The expectation value of the
projector P0 = |0i h0| corresponds to the inner product be-
tween encoded data points ⇢(x) and ⇢(x0). An implicit quan-
tum classifier is defined by a linear combination of such inner
products, for x an input point and x0 training data points.
c) A data re-uploading classifier, interlaying data encoding
and variational unitaries before a final measurement.

Many quantum models operate by encoding data in a
high-dimensional Hilbert space and using solely inner
products evaluated in this feature space to model prop-
erties of the data. This is also how kernel methods work.
Building on this similarity, the authors of [23, 24] noted
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Quantum embeddings for machine learning
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Quantum classifiers are trainable quantum circuits used as machine learning models. The first part
of the circuit implements a quantum feature map that encodes classical inputs into quantum states,
embedding the data in a high-dimensional Hilbert space; the second part of the circuit executes a
quantum measurement interpreted as the output of the model. Usually, the measurement is trained
to distinguish quantum-embedded data. We propose to instead train the first part of the circuit—the
embedding—with the objective of maximally separating data classes in Hilbert space, a strategy we
call quantum metric learning. As a result, the measurement minimizing a linear classification loss
is already known and depends on the metric used: for embeddings separating data using the `1 or
trace distance, this is the Helstrøm measurement, while for the `2 or Hilbert-Schmidt distance, it is
a simple overlap measurement. This approach provides a powerful analytic framework for quantum
machine learning and eliminates a major component in current models, freeing up more precious
resources to best leverage the capabilities of near-term quantum information processors.

Machine learning is a potential application for near-
term intermediate scale quantum computers [1–3].
Quantum machine learning algorithms have been shown
to provide speed-ups over their classical counterparts for
a variety of tasks, including principal component anal-
ysis, topological data analysis, and support vector ma-
chines [4–6]. This paper investigates quantum machine
learning using variational quantum classifiers, which are
parametrized quantum circuits that embed input data
in Hilbert space and perform quantum measurements
to discriminate between classes [7–9]. The variational
strategy can be extended to more complex classifica-
tion tasks, hybrid quantum-classical models, and gener-
ative models [10, 11]. The training of the circuit is per-
formed by optimizing the parameters of quantum gates
– such as the angles of Pauli-rotations – with a hybrid
quantum-classical optimization procedure [12, 13]. It
has recently been shown [14, 15] that this strategy rep-
resents a quantization of classical kernel methods such
as support vector machines [16], which implicitly em-
bed data in a high-dimensional Hilbert space and find
decision hyperplanes that separate the data according
to their classes.

In [14, 15], the quantum feature map that embeds
the data is taken to be a fixed circuit, and the adaptive
training is performed on a variational circuit that adapts
the measurement basis. By contrast, here we note that
if the data is “well-separated” in Hilbert space, the best
measurements to distinguish between classes of data are
known and can be performed with shallow quantum cir-
cuits. The metric under which the data is separated
defines which measurement should be performed: the
best measurement for data separated by the trace dis-
tance (`1) is the Helstrøm minimum error measurement
[17], and the best measurement for the Hilbert-Schmidt
(`2) distance is obtained by measuring the fidelity or
overlaps between embedded data, for example with a
simple swap test. We present e�cient circuits to im-
plement both measurements, which in the case of the

FIG. 1. Illustration of quantum metric learning. a. The
embedding is trained to maximize the distance of the data
clusters in the Hilbert space of quantum states. b. The
measurement used to classify new inputs depends on the
distance measure used. The simple decision boundary in
Hilbert space can correspond to a highly complex decision
boundary in the original data space.

fidelity measurement is extremely short.
Knowing the optimal quantum measurements for dis-

criminating between clusters of embedded data has im-
portant consequences; the common approach of train-
ing a variational circuit after the embedding and be-
fore the measurement – and thereby the bulk of the
computational resources spent on the quantum classi-
fier – becomes obsolete. We argue that instead, the
adaptive training of the quantum circuit should be fo-
cused on training a quantum feature map that carries
out a maximally separating embedding (see Figure 1).
This approach is known as “metric learning” in the
classical machine learning literature [18, 19], where fea-
ture maps, and thereby a metric on the original data
space, are learned with models such as deep neural net-
works. Note that while deep metric learning extracts
low-dimensional representations of the data, quantum
computing allows us to learn high-dimensional repre-
sentations without explicitly invoking a kernel function.

We numerically investigate adaptive methods for
training quantum embeddings using the PennyLane
software package for hybrid optimization [20], and ex-
plore the performance of the measurements for small
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Barren plateau in VQA cost function landscape

Definition 1 (Barren plateau)

Consider the VQA cost funcion C (!) = !!|U (!)† OU (!) |!", where
|!" # C2n is a n-qubit quantum state, U (!) is unitary and O is
hermitian. This cost exhibits a barren plateau if

E!!uniform dist.

!
"C (!)

"#i

"
= 0,V!!uniform dist.

!
"C (!)

"#i

"
= O

#
b"n

$

holds for some #i # ! and b > 1.

10 / 33

Specific hardware 
architecture for scientific 
applications in long-term?



Efficient hardware implementation for HEP algorithm: 
• Gate synthesis/optimization for developed data encoding or ansatz 
• Noise mitigation and error detection/correction 
• Custom pulse control for parametrized gates  
• Optimization of data & parameter loading sequence
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DAC ADCApplication-specific 
pulse engineering

Gate cancellation/merging 
Pulse-augmented basis gate

Pulse-optimized custom gate 
(including Qutrit)

Circuit OptimizationQuantum CircuitQML Algorithm

Pulse-level optimization

3. Rxの角度のtuning
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Rxの角度を大きくすると ⟩|0 と ⟩|2 の時はRabi振動の位相が右にずれて、 ⟩|1 の時は左にズレる。
これを利用してRabi振動の位相がπズレる瞬間を高速に作りだすことが可能。
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“HEP-motivated” data encoding 
and learning model

“HEP-desired” implementation 
for near-term device

Echo型でないCNOT

9

制御ビットが ⟩|0 制御ビットが ⟩|1

制御ビットが ⟩|?

Cross Resonanceを二つに分けない

2021/9/12 Wonho Jang 日本物理学会（第76回年次大会）

制御ビットの状態が ⟩|? の時も
ZX相互作用を起こしている！

今のパラメータのままだとPure CNOTになるタイミングがない

⟩|0

⟩|2

⟩|0

縦軸は標的ビットの状態
1
2( ⟩|0 + ⟩|1 )

1
2 ( ⟩|0 + ⟩|1 )

1
2 ( ⟩|0 + ⟩|1 )

※durationはパルスを作用させている時間
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