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Quantum Computing

* Fast progress of quantum devices

* Different technologies
* Superconducting, trapped ion, neutral atom, photonics, etc.
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Google
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Quantum Computing

* The number of qubits increases exponentially over time
* The computing power increases exponentially with the number of qubits

* => "doubly exponential” rate

Development Roadmap | swew® IBM Quantum

2019 @ 2021 @ 2023 2024 Beyond 2026

Run quantum circuits er 3 te anc Run quantum 3 NIC ( ts tc Enhancing applications Improve accuracy ( SCq F lica- nc ccuracy and
on the IBM cloud I ) In ) Ox faster Qisk C C C( ting Q Runtim . - tting s 10 ntum
i scalable error gatior toolbox g integration

ection into

Prototype quantum software applications Quantum software applications

Machine learning | Natural science | Optimization

Quantum algorithm and application modules v Quantum Serverless

Machine learning | Natural science | Optimization
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Algorithmic Qubits*

Dynamic circuits @ Threaded primitives Error suppression and mitigation Error correction

ten Falcon ¢ Hummingbird @ Eagle (] Osprey @ Condor Flamingo Kookaburra Scaling to

Modularity 27 qubits 65 qubits 127 qubits 433 qubits 1,121 qubits 1,386+ qubits 4,158+ qubits 10K-100K qubits
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Crossbill
133 qubits x p 408 qubits

* Algorithmic qubits defined as the effective number of qubits for typical algorithms, limited by the 2Q fidelity
Employs 16:1 error-correction encoding
Employs 32:1error-correction encoding

IBM Roadmap lonQ Roadmap
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Quantum Computing in NISQ Era

* Noisy Intermediate-Scale Quantum (NISQ)

* Noisy: qubits are sensitive to environment; quantum gates are unreliable

°* Limited number of qubits: tens to hundreds of qubits

* Limited connectivity: no all-to-all connections

Single-qubit Pauli-X error v
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CNOT error X X X X X X
x0 OxO OxO QxO OxO QxO
Avg 6.973e-2 x Qubit @ Adjustable coupler
| Google Sycamore 53Q

https://www.nature.com/articles/s41586-019-1666-5

IBMQ Gate Error Rate

Torch https://quantum-computing.ibm.com/
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A Large Gap between Powerful Quantum
Algorithms and Current Devices

* Close the gap with machine learning and hardware-aware algorithm design
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Good Infrastructure is Critical

* To enable ML-assisted hardware-aware quantum algorithm design
* Need a simulation framework on classical computer

* Fast

* PyTorch native

* Portable

* Scalable

* Analyze circuit behavior

* Study noise impact

* Develop ML model for quantum optimization

\6‘ °s Torch -
)‘Quantum III|| I'II\N I.I\
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TorchQuantum Library

* Afast library for classical simulation of quantum circuit in PyTorch
* Automatic gradient computation for training parameterized quantum circuit
* GPU-accelerated tensor processing with batch mode support
°* Dynamic computation graph for easy debugging
* Easy construction of hybrid classical and quantum neural networks
* Gate level and pulse level simulation support
* Converters to other frameworks such as IBM Qiskit

* And so on...

VW °y Torch -
(SlQuantum i IAN LA

Materials at: https://torchquantum.org
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TorchQuantum Tutorial Outline

Section 1 Section 2 Section 3

/" Use TorchQuantumon
Gate Level Optimization

2.1 QuantumNAS: Ansatz =
Search and Gate Pruning

2.2 QuantumNAT: Noise

Injection and Quantization
2.3 QOC: On-Chip Training [Z

2.4 Transformer for Quantum
Circuit Reliability Prediction

(25 ONN Compression =]

v/ °. Torch - .
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Quantum Bit

* Quantum Bit (Qubit)

AL
e Statevector: contains

complex numbers for n qubit system

* The square sum of magnitude sz’” numbers are 1

e 1 qubit: do ag,a; € C
a1 |(L()|2 -+ |CI,1|2 =1
. a
e a(1) ao, 01, a02,a3 € C
az | |aol® + |a1]® + |az|* + |as|* =1
as
K)o Hotorials t: htoedHorchavantum.ore T FIAN LA «
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Quantum Bit

* Classical bits represented in statevector
* Classical O: 1

0

0
1

* Classical 1:

A 1 0
p— a . a .
* An arbitrary quantum states: a,l 0 0 —I_ 1 ].

VW °y Torch - )
&Quaﬂtum Mir FIAN LAl +
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Quantum Gates

* Qubit gates: operations on one qubit or multiple qubits

* The qubit gates can be represented with matrix format with dimension 2" X 27

* All gate matrices are unitary matrices: the conjugate transpose is the same as its inverse
* Single qubit gates:

* Not (X) gate: - .
X =

O

O ==

* Parameterized gate: Rotation X (RX) with parameter theta

p— 9 . - —
cos —7sin ¥
_ 5 2
RX(0) = —isin?  cos?
i 5 5

\6‘ °s Torch -
)‘Quantum III|| I'II\N I.I\
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Quantum Gates

* 2-qubit gates:
* Controlled Not (CNOT) gate:

Control 1 0 0 O
ontrol go —(——
ONOT 2 0O 1 0 O
Target 91 —@— 0 0 0 1
O 0 1 O
* Controlled Rotation X (CRX) gate
1 O 0 0 |
0 1 0 0
CRX(0) = 0 O cosg —1 sing
0 O —ising cosg |
VW °y Torch - )
&Qua“tum Materials at: https://torchquantum.org III" I'II\N I-I‘“: 13
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Quantum Gates

* Applying a gate to qubits is performing matrix-vector multiplication between the gate matrix
and statevector

* Apply an X gate to classical state O, we get 1

1] [o 1] [1] [0
XO__l 0] [0 — |1

* Apply an CNOT gate to state 10, we get 11

0 1 0 0 0] 10 0
0 O 1 0 0] {0 0
CNOT 1{ [0 O O 1f (1] |O
0 0 0 1 0f [0 1
v/ *°s Torch -
&Quamum Materials at: https://torchquantum.org IMir FIAN LAz -
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TQ for Statevector simulation

* Performing matrix-vector multiplication between the gate matrix and statevector
* The tg.QuantumDevice stores the statevectors
® g dev = tg.QuantumDevice(n wires=5)
* Two ways of applying quantum gates: method 1:
® import torchquantum.functional as tqgf

® tgf.h(gq dev, wires=1)

\6‘ °s Torch -
)‘Quantum III|| I'II\N I.I\ 16

Materials at: https://torchquantum.org
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TQ for Statevector simulation

* Performing matrix-vector multiplication between the gate matrix and statevector
* The tq.QuantumDevice stores the statevectors
® g dev = tg.QuantumDevice(n wires=5)
* Two ways of applying quantum gates: method 2:
® h gate = tg.H()

® h gate(g dev, wires=3)

v/ *y Torch - )
Q. MGT FIANLALS «

Materials at: https://torchquantum.org
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TQ for Statevector simulation

* Performing matrix-vector multiplication between the gate matrix and statevector
* The tg.QuantumState class can also store the statevectors
® g state = tg.QuantumState(n wires=5)
* Three ways of applying quantum gates
® import torchquantum.functional as tqgf
® tgf.h(gq state, wires=1)
®h gate = tg.H()
® h gate(q state)
® g state.h()

® g state.rx(wires=1, params=0.2 * np.pi)

\6‘ °s Torch -
)‘Quantum III|| I'II\N I.I\ 18

Materials at: https://torchquantum.org
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TQ for Statevector simulation

* Performing matrix-vector multiplication between the gate matrix and statevector

* The implementation of statevector and quantum gates are using the native data structure in
PyTorch

_state = torch.zeros(2 *x self.n_wires, dtype=C_DTYPE)
_statel[0] =1 + 03

-
S
=

b

'cnot': torch.tensor([[1,

-

R © O O
= O

S
S © L O

, 011, dtype=C_DTYPE),

VW *y Torch - .
&Quantum Illll I'IAN I.AI: 19
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Dynamic computation graph

* Performing matrix-vector multiplication between the gate matrix and statevector
* The tg.QuantumState class can also store the statevectors
® g state = tg.QuantumState(n wires=5)
® g state.h(wires=1)
® print(gq state)
® g state.sx(wires=3)

® print(gq state)

v/ *y Torch - )
&Qua“wm Materials at: https://torchquantum.org III" I'II\N I.AlS 20
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Batch Mode Tensorized Processing

* Performing matrix-vector multiplication between the gate matrix and statevector
* The tg.QuantumState class can also store the statevectors

® g state = tg.QuantumState(n wires=5, bsz=64)

VW *y Torch - _
&Quantum IIIH I'IAN I.AI: 21
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GPU Support

* Performing matrix-vector multiplication between the gate matrix and statevector
* The tg.QuantumState class can also store the statevectors
® g state = tg.QuantumState(n wires=5, bsz=64)
® g state.to(torch.device(‘cuda’))

* Leverage the fast GPU support

\6‘ °s Torch -
)‘Quantum III|| I'II\N I.I\ 22

Materials at: https://torchquantum.org
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Automatic Gradient Computation

* Performing matrix-vector multiplication between the gate matrix and statevector
* The tg.QuantumState class can also store the statevectors
® g state = tg.QuantumState(n wires=2)
® target quantum state = torch.tensor([0, 0, 0, 1])

® Joss = 1 - (g state.get states 1d()[0] @
target quantum state).abs|()

® loss.backward()

v/ *y Torch - )
&Qua“wm Materials at: https://torchquantum.org III" I'II\N I.AlS 23
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Encoding Classical Data to Quantum
various encoder support

® tg.AmplitudeEncoder () encodes the classical values to the amplitude of quantum
statevector

® tg.PhaseEncoder () encodes the classical values using the rotation gates

Encode pixels Encoder

QML

VW *y Torch - _
&Quantum IIIH I'IAN I.AI: 24
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Construct a Circuit Class

* Construct a class for circuit model

® tg.QuantumModule class

°* Inthe Init_ function, create all the gates that will be used

* |n the forward function, specify how the gates will be used in the circuit

® Class q model(tg.QuantumModule)
def 1nit ():

self.n wires = 2
self.rx 0 = tg.RX(has params=True, trainable=True)
self.ry 0 = tg.RY(has params=True, trainable=True)

def forward(g dev):
self.rx 0(g dev)
self.ry 0(g dev)

v/ *°s Torch -
&Quamum Materials at: https://torchquantum.org III" I'IAN I'I\ 25



https://torchquantum.org/

Conversion tq model to other frameworks

* Convert the tg.QuantumModule to other frameworks such as Qiskit

® from torchquantum.plugins.qiskit plugin import tqgq2qgiskit

® circ tg2giskit (g dev, g model)

® circ.draw( mpl')

VW *y Torch - _
&Qua“wm Materials at: https://torchquantum.org III" I'II\N I-AI:' 26
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Easy Deployment on Real Quantum Machines

* Convert the tg.QuantumModule to other frameworks such as Qiskit
® from torchquantum.plugins.qiskit plugin import tqgq2qgiskit
® from torchquantum.plugins.qiskit processor import QiskitProcessor

® processor = QiskitProcessor(use real gc=False, max Jjobs=1)

® circ tg2giskit (g dev, model)
® circ.measure all()

® res = processor.process ready circs(q dev, [circ])

VW °y Torch - )
&Quaﬂtum Mir FIANL.Al3
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Hands-On Section
1.2 TorchQuantum Operations
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State Preparation with Parameterized Circuit

* Use parameterized circuit to prepare initial quantum states

Circuit Ansatz

VW *y Torch - .
&Quantum III|| I'IAN I.AI: 31

Materials at: https://torchquantum.orq
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Hands-On Section
1.3 TQ for State Preparatio

\ ') Torch
6; Quantum Materials at: https


https://torchquantum.org/

\\

)

Torch
Quantum

Section 1

~

o

2.1 QuantumNAS: Ansatz
Search and Gate Pruning

2.2 QuantumNAT: Noise
Injection and Quantization

v

:2.3 QOC: On-Chip Training

—_—

~N

(2.4 Transformer for Quantum
Circuit Reliability Prediction

J

7

Materials at:

\2.5 QNN Compression

J

https://torchquantum.or

TorchQuantum Tutorial Outline

/  Use TorchQuantumon \

Pulse level

\_

3.1 Quantum Optimal Control \

_/

\_

3.2 Variational Pulse Learning

_/

U

)

i FMIAN LAl


https://torchquantum.org/

Variational Quantum Eigensolver

* VQE: Finds the ground state energy of molecule Hamiltonian
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Hands-On Section
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Quantum Neural Networks for MNIST Classification

* Encode the classical values using phase encoding
* Then trainable quantum layers

* Finally measurement layers

Encode pixels Encoder Trainable Quantum Layers Measurement
---------- g

22279 o) —fuffn fn Y -4 0
e f

0)—{efr e .} )
QML 0)—{af{rr HRef é'_' ancapniy

VW *y Torch - .
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Hands-On Section
1.5 TQ for QNN
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Challenges of PQC — Noise

* Noise degrades PQC reliability
* More parameters increase the noise-free accuracy but degrade the measured accuracy

* Therefore, circuit architecture is critical

1.0
—— Noise-Free Simulation
Measured on IBMQ-Yorktown
084 e et A
T A
§ T
5 0.6- Large gap du;le to
> , gate errors
5 -
0 0.4 T
= v
0.2 -
OO | I I T T T
12 36 45 90 145 180

v/ * Torch Number of Parameters
&Quantum Illil- I'IAN I.AI: 40
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Challenges of PQC — Large Design Space

* Large design space for circuit architecture

* Type of gates

VW *y Torch - .
&Quantum III|| I'IAN I.AI: 41

Materials at: https://torchquantum.orq
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Challenges of PQC — Large Design Space

* Large design space for circuit architecture

* Type of gates

°* Number of gates

VW *y Torch - .
&Quantum III|| I'IAN I.AI: 42

Materials at: https://torchquantum.orq
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Challenges of PQC — Large Design Space

* Large design space for circuit architecture

* Type of gates

°* Number of gates

* Position of gates

ir FIAN LAl &

Y ') Torch
&,« Quantum Materials at: https://torchquantum.or
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Goal of QuantumNAS

Automatically & efficiently search for noise-robust quantum circuit

(1) Quantum noise feedback in
the search loop

(2) Co-search the circuit
architecture and qubit mapping

Train one “SuperCircuit’,
providing parameters to
many “SubCircuits”

Solve the challenge of large

Solve the challenge of large .
guantum noise

design space

\6‘ °s Torch -
lQuantum III ] I'II\N I.I\ 44
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QuantumNAS

* SuperCircuit Construction and Training
* Noise-Adaptive Evolutionary Co-Search of SubCircuit and Qubit Mapping

* Train the Searched SubCircuit

* |terative Quantum Gate Pruning

W *y Torch -
<’>) Quantum Illll I'II\N I.I\ 45
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QuantumNAS

* SuperCircuit Construction and Training

VW *y Torch - .
&Quantum |I|" I'IAN I.AI: 46

Materials at: https://torchquantum.org
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SuperCircuit & SubCircuit

* Firstly construct a design space. For example, a design space of maximum 4 U3 in the first
layer and 4 CU3 gates in the second layer

VW *y Torch - _
&Quantum |I|" I'IAN I.AI: 47

Materials at: https://torchquantum.org
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SuperCircuit & SubCircuit

* Firstly construct a design space. For example, a design space of maximum 4 U3 in the first
layer and 4 CU3 gates in the second layer

* SuperCircuit: the circuit with the largest number of gates in the design space

* Example: SuperCircuit in U3+CU3 space

VW °y Torch - )
&Quaﬂtum Mir FIANLLAlz 2

Materials at: https://torchquantum.org
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SuperCircuit & SubCircuit

* Firstly construct a design space. For example, a design space of maximum 4 U3 in the first
layer and 4 CU3 gates in the second layer

* SuperCircuit: the circuit with the largest number of gates in the design space

* Example: SuperCircuit in U3+CU3 space

* Each candidate circuit in the design space (called SubCircuit) is a subset of the SuperCircuit

0) ? (8 ] o —@) (8 }
0) 0)
0o —(3] 6 0)

)

=
1T FTAN LAl «

v ') Torch *— 0
&« Quantum Materials at: https://torchquantum.or
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SuperCircuit Construction

* Why use a SuperCircuit?
* Enables efficient search of architecture candidates without training each
* SubCircuit inherits parameters from SuperCircuit

* With inherited parameters, we find some good SubCircuits, we find that they are also
good SubCircuits with parameters trained from-scratch individually

\6‘ °s Torch -
)‘Quantum III|| I'II\N I.I\ 50
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SuperCircuit Training

* |n one SuperCircuit Training step:
e Sample a gate subset of SuperCircuit (a SubCircuit)
* Front Sampling and Restricted Sampling
* Only use the subset to perform the task and updates the parameters in the subset

* Parameter updates are cumulative across steps

\6‘ °s Torch -
)‘Quantum III|| I'II\N I.I\ 51
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Front Sampling

* During sampling, we first sample total number of blocks, then sample gates within each block

* Front sampling: Only the front several blocks and front several gates can be sampled to
make SuperCircuit training more stable

Sample front gates

Qubit 0

Qubit 1

Qubit 2

Qubit 3

VW °y Torch - )
Q. MET FIAN LALS s

Materials at: https://torchquantum.org
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* Restricted Sampling:

Restricted Sampling

* Restrict the difference between SubCircuits of two consecutive steps

* For example: restrict to at most 4 different layers

Torch
Quantum

Unrestricted
Sampling

Block
Config

:
3

alter 5 layers x .~

—

3)
2
4]
3
]

1;

3

Materials at: https://torchquantum.orq
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Restricted Sampling

* Restricted Sampling:
* Restrict the difference between SubCircuits of two consecutive steps

* For example: restrict to at most 4 different layers

>
| | |
Unrestricted (2] Sample
Sampling a :'3'3 B
3
alter 5 layers x,,"”
A
5 @R
Block_{ .
Config a B
. _

alter 3 Iayeb\

13 3]1Bl2]—
Restricted

W Torch Sampling
&Quantum III|| I'IAN I.AI: 54
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Restricted Sampling

* Restricted Sampling:

* Restrict the difference between SubCircuits of two consecutive steps
* For example: restrict to at most 4 different layers

| | >
Unrestricted

|
. Sample
Sampling a :'3'3 21—
3

alter 5 layers x .-~

-
3 arEs-
Block 4 4]
Config | |13 B alter 2 Iayers/’
[
—
= @RI
alter3layeb\, 3 B
Restricted

W Torch Sampling
&Quantum Illll I'IAN I.AI: 55

Materials at: https://torchquantum.orq



https://torchquantum.org/

Train SuperCircuit for Multiple Steps

* |n one SuperCircuit Training step: Sample and Train

Qubit 0 D
Qubit 1
Qubit 2
Qubit 3
Block 1 Block N

VW *y Torch - .
&Quantum Illll I'IAN I.AI: 56
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Train SuperCircuit for Multiple Steps

* |n one SuperCircuit Training step: Sample and Train

Qubit 0

Qubit 1

Qubit 2

Qubit 3

Block 1

VW *y Torch - .
&Quantum III|| I'IAN I.AI: 57
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Train SuperCircuit for Multiple Steps

* |n one SuperCircuit Training step: Sample and Train

. ()
Qubit 1 loy ———
Qubit2 loy ———
Qubit 3 l0y —F——

Block 1

VW *y Torch - .
&Quantum Illll I'IAN I.AI: 58
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Train SuperCircuit for Multiple Steps

* |n one SuperCircuit Training step: Sample and Train

Qubit 0 - () -
Qubit 1 -
Qubit2 o) ——— .
Qubit3 loy —— - — -
Block 1 Block N

VW *y Torch - .
&Quantum Illll I'IAN I.AI: 59
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Train SuperCircuit for Multiple Steps

* |n one SuperCircuit Training step: Sample and Train

Qubit 0

Qubit 1

Qubit 2

Qubit 3

VW *y Torch - .
&Quantum Illll I'IAN I.AI: 60
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Train SuperCircuit for Multiple Steps

* |n one SuperCircuit Training step: Sample and Train

Qubit 0 D
Qubit 1
Qubit 2
Qubit 3
Block 1 Block N

VW *y Torch - .
&Quantum III|| I'IAN I.AI: 61
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Train SuperCircuit for Multiple Steps

* |n one SuperCircuit Training step: Sample and Train

Qubit 0 - () -
Qubit 1 -
Qubit2 o) ——— L)rl\ .
Qubit3 loy —— - — -
Block 1 Block N

VW *y Torch - .
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Train SuperCircuit for Multiple Steps

* |n one SuperCircuit Training step: Sample and Train

Qubit 0 - () -
Qubit 1 -
Qubit2 o) ——— .
Qubit3 loy —— - — -
Block 1 Block N

VW *y Torch - .
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Train SuperCircuit for Multiple Steps

* |n one SuperCircuit Training step: Sample and Train

Qubit 0

Qubit 1

Qubit 2

Qubit 3

Block 1

VW *y Torch - .
&Quantum III|| I'IAN I.AI: 64
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Train SuperCircuit for Multiple Steps

* |n one SuperCircuit Training step: Sample and Train

. ()
Qubit 1 loy ———
Qubit2 loy ———
Qubit 3 l0y —F——

Block 1

VW *y Torch - .
&Quantum Illll I'IAN I.AI: 65
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Train SuperCircuit for Multiple Steps

* |n one SuperCircuit Training step: Sample and Train

Qubit 0 - () -
Qubit 1 -
Qubit2 o) ——— .
Qubit3 loy —— - — -
Block 1 Block N

VW *y Torch - .
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Train SuperCircuit for Multiple Steps

* |n one SuperCircuit Training step: Sample and Train

Qubit 0

Qubit 1

Qubit 2

Qubit 3

VW *y Torch - .
&Quantum III|| I'IAN I.AI: 67
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Train SuperCircuit for Multiple Steps

* |n one SuperCircuit Training step: Sample and Train

Qubit 0 D
Qubit 1
Qubit 2
Qubit 3
Block 1 Block N

VW *y Torch - .
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Train SuperCircuit for Multiple Steps

* |n one SuperCircuit Training step: Sample and Train

Qubit 0 - () -
Qubit 1 -
Qubit2 o) ——— L)rl\ .
Qubit3 loy —— - — -
Block 1 Block N

VW *y Torch - .
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Train SuperCircuit for Multiple Steps

* |n one SuperCircuit Training step: Sample and Train

Qubit 0 - () -
Qubit 1 -
Qubit2 o) ——— .
Qubit3 loy —— - — -
Block 1 Block N

VW *y Torch - .
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Torch

Quantum

Train SuperCircuit for Multiple Steps

Qubit 0
Qubit 1
Qubit 2
Qubit 3

Qubit 0
Qubit 1
Qubit 2
Qubit 3

Qubit 0
Qubit 1
Qubit 2
Qubit 3
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Ky

How Reliable is the SuperCircuit?

* Inherited parameters from SuperCircuit can provide accurate relative performance

Torch
Quantum

Y-axis: SubCircuit Performance trained from Scratch
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X-axis: SubCircuit Performance with Inherted Parameters from SuperCircuit
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QuantumNAS

* Noise-Adaptive Evolutionary Co-Search of SubCircuit and Qubit Mapping

VW °y Torch - )
&Quaﬂtum Mir FIANL.Al3 7
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Noise-Adaptive Evolutionary Co-Search

* Search the best SubCircuit and its qubit mapping on target device

“r

IBMQ-Yorktown

VW *y Torch - .
&Quantum |I|" I'IAN I.AI: 74
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Noise-Adaptive Evolutionary Co-Search

e Search the best SubCircuit and its qubit mapping on target device

/ﬁ 0 Lo b—{D L)@
bo b@CHTO b

C/ o —C— O 0)
IBMQ-Yorktown  10) — QO 0)

/ \ SubCircuit and Qubit

Mapping pairs

00O

Evolutionary Search
Engine
Mutation

Crossover

\_ J
Qe i FIAN LAIz 7
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Noise-Adaptive Evolutionary Co-Search

e Search the best SubCircuit and its qubit mapping on target device

/ﬁ 0 Lo b—{D L)@
bo b@CHTO b

C/ o —C— O 0)
IBMQ-Yorktown  10) — QO 0)

/ \ SubCircuit and Qubit

Mapping pairs

O00®

Evolutionary Search
Engine
Mutation

Crossover

\_ J
Qe i FIAN LAIz 7
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Mutation and Crossover

* Mutation and crossover create new SubCircuit candidates

Mutation

lllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllll

*

* *
- N
= =
= =
= =
]
]
L]
L]

.
-------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------------

VW °y Torch - .
&Quantum Mir F[IAN LLAla ~
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QuantumNAS

* Train the Searched SubCircuit

VW *y Torch - .
&Quantum |I|" I'IAN I.AI: 78
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QuantumNAS

* |terative Quantum Gate Pruning

VW *y Torch - .
&Quantum |I|" I'IAN I.AI: 79

Materials at: https://torchquantum.org
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Ky

Iterative Pruning

* Some gates have parameters close to O

* Rotation gate with angle close to O has small impact on the results

* |teratively prune small-magnitude gates and fine-tune the remaining parameters

Torch
Quantum

Qubit 0
Qubit 1
Qubit 2
Qubit 3

) @

0)

L J—

0)
0)

Block 1 Block N
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Ky

* Some gates have parameters close to O

Iterative Pruning

* Rotation gate with angle close to O has small impact on the results

* |teratively prune small-magnitude gates and fine-tune the remaining parameters

Torch
Quantum

Qubit 0
Qubit 1
Qubit 2
Qubit 3

0)
0)
0)
0)

— -

L J—

Block N

Materials at: https://torchquantum.org
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Ky

Iterative Pruning

* Some gates have parameters close to O

* Rotation gate with angle close to O has small impact on the results

* |teratively prune small-magnitude gates and fine-tune the remaining parameters

Torch
Quantum

Qubit 0
Qubit 1
Qubit 2
Qubit 3

0)
0)
0)
0)

J-

B R L ER]
>
o .
-
| ]
E .
.
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Block 1 Block N
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Ky

Iterative Pruning

* Some gates have parameters close to O

* Rotation gate with angle close to O has small impact on the results

* |teratively prune small-magnitude gates and fine-tune the remaining parameters

Torch
Quantum

Qubit 0
Qubit 1
Qubit 2
Qubit 3

Block N

Materials at: https://torchquantum.org

ir FIAN LAl &


https://torchquantum.org/

Iterative Pruning

* Some gates have parameters close to O

* Rotation gate with angle close to O has small impact on the results

* |teratively prune small-magnitude gates and fine-tune the remaining parameters

Torch
Quantum

Qubit 0
Qubit 1
Qubit 2
Qubit 3

Block 1 Block N

Materials at: https://torchquantum.org
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Evaluation Setups: Benchmarks and Devices

* Benchmarks

* QML classification tasks: MNIST 10-class, 4-class, 2-class, Fashion 4-class, 2-class, Vowel
4-class

* VQE task molecules: H2, H20, LiH, CH4, BeH2
* Quantum Devices

° IBMQ

* #Qubits: 5 to 65

* Quantum Volume: 8 to 128

VW °y Torch - )
&Quaﬂtum Mir FIANLLAl3 &

Materials at: https://torchquantum.org
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Benchmarks: QNN and VQE

* Quantum Neural Networks: classification
Encode pixels

Torch
Quantum

-—
--------

QML

Encoder Trainable Quantum Layers

Measurement

(

A

Materials at: https://torchquantum.orq
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Benchmarks: QNN and VQE

* Quantum Neural Networks: classification
Encode pixels

- -
——

QML

Encoder Trainable Quantum Layers Measurement

@H

5
-
=

Softmax

SS[ES[eses

* Variational Quantum Eigensolver: finds the ground state energy of molecule Hamiltonian

VQE
0

-

\
0

-

)
)
)
)

VW *y Torch
lQuantum

—
G- %
=1 g
Us 7
U; . ® .
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QML Results

* 4-classification: MNIST-4 U3+CU3 on IBMQ-Yorktown

x QuantumNAS
Noise-Unaware Search
oHuman Design

90% -
AQSREET T QuantumNAS delays the
\ __. accuracy peak, enables
>70% P Pt Kmanl >|<more circuit parameters
S 7 38% \
% 50% —/>K AE l
) X .
> - 23%
5 - -
2 30% B X e Ky
10% ' | |
0 40 80 120 160

v/ *. Torch Number of Parameters _ )
&Quantum Illll I'IAN I.AI: 88
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Consistent Improvements on Diverse Design Spaces

* H2 in different design spaces on IBMQ-Yorktown

mUCCSD mNoise-Unaware Searched @D Random Generated mHuman Design ® QuantumNAS

-0.9

N
1N

151 1.5

-1.9

Measured Expectation Value on
IBMQ-Yorktown

U3+CU3 LZ+RY RXYZ ZX+XX

Diverse design spaces

VW °y Torch - .
&Quantum Mir FIAN LLAIz 5
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* For MNIST-4, Quantum gate pruning improves accuracy by 3% on average

Torch
Quantum

90%

70%

50%

MNIST-4 accuracy

30%

10%

Effective of Quantum Gate Pruning

71"/75%
o

O QuantumNAS

38%

45%

62%04 70

U3+CU3

LZ+RY

30%

B QuantumNAS + Pruning
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61%

64%

54%959%

o
53%56A>
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ZX+XX RXYZ+ U1+C

U
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Time Cost with TorchQuantum

On 1 Nvidia Titan RTX 2080 ti GPU

qubits Step SuperCircuit Training Noise—,:\:;ztri]ve Co- SubCircuit Training Deploymgrét on Real
4 Qubits 0.5h 3h 0.5h 0.5h
© 15Qubits | sh | sh o sh th
""""""""""""""""""" 2tQubits | 200 | toh | 5h | th

Naive Search

QuantumNAS (Ours) [[9

Torch
Quantum

1600x saving

7200

-

Materials at: https://torchquantum.orq
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Hands-On Section
2.1 QuantumNAS

\ ') Torch
6; Quantum Materials at: https


https://torchquantum.org/

TorchQuantum Tutorial Outline

Section 1 Section 2 Section 3

VY °y Torch - .
(&lQuantum Mir FIAN LLAl=
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QuantumNAS vs. QuantumNAT

* QuantumNAS finds noise robust circuit architecture

* QuantumNAT finds noise robust circuit parameters

VW *y Torch - _
Q. MGT FIAN LA

Materials at: https://torchquantum.org
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PQC Circuit in QuantumNAT

* QNN with multiple nodes
* Encoder
* Trainable Quantum Layers

* Measurements

Pixels as rotation Encoder Trainable Quantum Layers Measurement

a_ngl‘e’s' """" > —— ¢ .
O>=RY-RZ- Us [U3]~/7<
T & . |

0>=RY -RZ = /7( ﬁ

: — :

O>=RY -RZ i /7< 7))
0)—Rv Rz /74

<> > < >
Us Layer 6U3 Layer One Block

VW *y Torch - .
Q. MGT FIAN LA
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Three Techniques in QuantumNAT

* QuantumNAT:

* Normalization: mitigate noise impact

* Noise injection: make the parameters aware of noise

* Quantization: mitigate noise impact

(1) Post-Measurement Normalization )
Noise-free
Norm
K
Info l Match
LoSss Noisy
£y Norm.
E E
> y,
Torch
Quantum

- )
(2) Real QC-backed Noise Injection
Sensitive Robust
— | * .. S @ > @ ® ..MarglnT
R nject Real QC b
Efior fX‘ ’ ~gmall JN0|se into ,' \éqo.
., Ma.l’gln Training AR ! 3
\ B TTRES )

Materials at: https://torchquantum.org

(3) Post-Measurement Quantization
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\v

)

(1) Post-Measurement No
Info

. . rmalization | | (2)RealQC -backed Noise Injection | | (3)Post -Measurement Quantization
Noise-free
Norm. ¢ ? ¢ ¢
il 1
/CF\ E /CF\]E e e X/ f t\ \//7/
—| SIS arginT — Y
- Lofssl Noisy IMatch \‘;}V!«'l//‘”J;\‘/(',[‘(‘:)‘”;‘\,‘[:i)( § I Baelll e, © el 4
£\ Norm. Margin Training
E E 1

* Normalize the measurement outcome
* Along the batch dimension

* For example, we train the 4-qubit PQC with batch=50 then we have results as
50 * 4 values

o0

T h H N |
Quantum i 'MIAN LAl

Materials at: https://torchquantum.orq
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A

Measurement Normalization ( (2) Real QC-backed Noise Injection | (3) Post-Measurement Quantization
. . Noise-free
Norm. @ @ i i Y
— ] !
E E | (& ' \ [
- f i > o 2. Margin al B VoAl
Loss1 Noisy I §mall "o eal O .
Ay Norm. Margin  Training
B —
E

E

(1) Post-|
Info

* Normalize the measurement outcome
* Along the batch dimension

* For example, we train the 4-qubit PQC with batch=50 then we have results as
50 * 4 values

e Compute the mean and std on of the measurement outcome on each qubit across batch
dim

VY °y Torch 50

) Quantum i FMIAN LAl
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(1) Post-| [
Info

ment Normalization
Noise-free
Norm.
—
E E
. IMatch
lorm.
—
E

el

Measure
A

Post-Measurement Normalization

* Normalize the measurement outcome
* Along the batch dimension

* For example, we train the 4-qubit PQC with batch=50 then we have results as
50 * 4 values

e Compute the mean and std on of the measurement outcome on each qubit across batch
dim

* Normalize the measurement outcome with the computed mean and std

VY °y Torch 50

) Quantum i FMIAN LAl
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Post-Measurement Normalization =

* Normalize the measurement outcome
* Along the batch dimension

* Measurement outcome distribution of 50 quantum circuits:

| Noise-Free Simulation Real Device
No normalization
Qubit
SNR=0
-1 1

VW °y Torch - .
&Quantum i : . Mir FIAN LAz

Materials at: https://torchquantum.orq



https://torchquantum.org/

Post-Measurement Normalization ==

* Normalize the measurement outcome
* Along the batch dimension

* Measurement outcome distribution of 50 quantum circuits:

" Noise-Free Simulation Real Device
No normalization With normalization
Qubit Qubit
SNR=0 SNR=5

VW °y Torch - .
&Quantum Mir FIAN LAz

Materials at: https://torchquantum.orq
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. <. . Margin Training oty e
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* Inject noise during training on classical simulator
* Pauli error

e Readout error

Compiled Quantum Circuits
(Noise-free)

X
‘

B

NQ»PNN

VW *y Torch - .
Q. MGT FIAN LA
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O L] L Mo b g gt Margin
reenraieRee Qe e j R s T
ErrPCe gmall Mot Real QC T g
Eo :..,Ma___fg"” Training o s '.:j-
| et )

* Inject noise during training on classical simulator
* Pauli error

e Readout error

Compiled Quantum Circuits

(Noise-free)
- 14>

QC- backed

C]z Noise Model
ol

Error Type

Pauli error: SX gate: {X: 0.00096, Y: 0.00096, Z: 0.00096, None: 0.99712)}
0.984, 0.016

Readout Error Matrix:
¥ *y Torch 0.022, 0.978 - :
&Qua“tum Materials at: https://torchquantum.org III" I'II\N I-I‘“:
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i . . 7 Ssx P /bM:gT -

Noise Injection R

* Inject noise during training on classical simulator e Q(‘éz";“::;f;m’ Gates  Readout
* Pauli error ,%}R.:

* Readout error A HE-
=

(HhRF

Compiled Quantum Circuits

(Noise-free)
- 144

X
U QC- backed

C]= \oise Model
—x M,

Error Type

Pauli error: SX gate: {X: 0.00096, Y: 0.00096, Z: 0.00096, None: 0.99712)}
0.984, 0.016

Readout Error Matrix:
¥ °y Torch 0.022, 0.978 - -
&Qua“wm Materials at: https://torchquantum.org III" I'II\N I-AI:'
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* Inject noise during training on classical simulator Sample Quantum Error Gates Readout
(Sample 1) Error

* Paull error

e Readout error

Compiled Quantum Circuits

(Noise-free) Sample Quantum Error Gates Readout

(Sample 2) Error

- . QC- backed

E]= Noise Model
U,

Error Type

~ X
_RX

Pauli error: SX gate: {X: 0.00096, Y: 0.00096, Z: 0.00096, None: 0.99712)}
0.984, 0.016

. Readout Error Matrix:
¥ °y Torch 0.022, 0.978 - -
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Post-Measurement Quantization

* Quantize measurement outcomes
* Denoising effect

* Small errors will be mitigated

VW *y Torch - .
Q. MGT FIAN LA
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Post-Measurement Quantization

* Quantize measurement outcomes
* Denoising effect

* Small errors will be mitigated

* Loss term to encourage
measurement outcomes to be
close to centroids

VW °y Torch - )
K1 —— T FIAN LAl
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Post-Measurement Quantization

* Quantization reduces errors and improves SNR

Errors Before Quantize Errors After Quantize
MSE=0.235, SNR=4.256 MSE=0.167, SNR=6.455

Qubit

0 1 2 3 4 5
Batch Batch

v/ *y Torch - .
&Qua”wm Materials at: https://torchquantum.or III" I'IAN I'AI:'



https://torchquantum.org/

Evaluation

* Benchmarks
* Quantum Machine Learning task:
* MNIST 10-class, 4-class, 2-class
* Fashion MNIST 10-class, 4-class, 2-class
* Vowel 4-class
* Cifar-2 class
* Quantum Devices
° IBMQ
* #Qubits: 5to 15

* Quantum Volume: 8 to 32

\6‘ °s Torch -
)‘Quantum III|| I'II\N I.I\

Materials at: https://torchquantum.org
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Evaluation

* QuantumNAT significantly improves real measurement accuracy

B Noise-Free Simulation B IBMQ-Yorktown Lima [ Santiago
Severe accuracy drop because of

1.01E-03 :
1E-03 - quantum-errors on real-devices
0.87
_ 0.80
o 8E-04 - 0.77
qV) O 0.7
o ©E04 - B84E-04 O
5 :
4E-04 -
- J 0ae.os <CE> 0.4
LL] PE04 - .03E-0
OE+00 -O'OOE+ 0.1 MNlST 4
1-Qubit Gate Error Rate MNIST-4 i
+QuantumNAT
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Consistent Improvements on Various
Benchmarks

* On IBMQ santiago

4 4 . -2

Baseline 0.30 0.32 0.28 0.84 0.78 0.51
+ Normalization 0.41 0.61 0.29 0.87 0.68 0.56
+Noise Injection 0.61 0.70 0.44 0.93 0.86 0.57
+ Quantization 0.68 0.75 0.48 0.94 0.88 0.59

\6‘ *s Torch - .
)Quantum Illll I'IAN I-AI:

Materials at: https://torchquantum.orq
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* QuantumNAT stretches the
distribution of features

* MNIST-2 classification task

Torch
Quantum

Visualization

1.0

« Digit ‘3" .
0.8 - O Digit ‘6’,*"
Classifjeation
Q\] 0.6 1
— Boundary
9O 4 %
8 0.4 B8, o
O “o
E 0.2
5 * %
© 00 ** . 2
= A £
8 -0.2 . f; : . 3,*3
7r Yk
I-I_-04- W* f#* *i* )
.+ Post-Measurement + Noise
0.6 Baseline .. .
K Normalization Injection
-0.6 -0.4 -0.2 0.0 0.2 0.4 0.6 0.8

Materials at: https://torchquantum.orq
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Noise Model in TQ

® noise model tgq = tqg.NoiseModelTQ

¢ nolse model name='ibmg quito’,
® factor=10,
° add thermal=True

VW *y Torch - _
Q. MGT FIAN LA

Materials at: https://torchquantum.org
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Hands-On Section
2.2 QuantumNAT

\ ') Torch
6; Quantum Materials at: https


https://torchquantum.org/

TorchQuantum Tutorial Outline

Section 1 Section 2 Section 3

VY °y Torch - .
(&lQuantum Mir FIAN LLAl=

Materials at: https://torchquantum.org
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QOC for High Scalability

* How to further improve the scalability of PQC training?

* Train the parameters directly on real quantum machine

e AN
Train on classical a I Scalabnluty/
* Train & Deploy on quantum
Deploy on quantum H

VW °y Torch - )
Q. MGT FIAN LA

Materials at: https://torchquantum.org
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Challenge of On-chip Training: noise

* Noise reduces reliability of on-chip computed gradients

ﬂﬂ u;
/ Noise-

~
-

O
-

induced gap

QC Train/Test
—@— (Classical Train/Test

0 40000 30000
Training steps

oy,
-

Real QC Validation
Acc. (%)

—
-

VW *y Torch - _
Q. MGT FIAN LA
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Challenge of On-chip Training: noise

* Noise reduces reliability of on-chip computed gradients

* Small magnitude gradients have large relative errors

. 1000

2 |

L] 100 » Santiago

D 1 Prune thgse

E unreliable

()]

m ~~~~~~~~

c  n1 4 T TTTmmm—ea

= 0.1

()

= 0.01

0 0.02 0.04 0.06 0.08 0.1
Gradient Magnitude
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Parameter Shift Rules

* Calculate the gradient of 8 w.r.t. f(8).

=f(0)
v/ *y Torch - .
&Qua”tum Materials at: https://torchquantum.org III" I.II\N I'AI:'
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Parameter Shift Rules

* Calculate the gradient of 6 w.r.t. £(6).

VW *y Torch - .
Q. MGT FIAN LA

Materials at: https://torchquantum.orq
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Parameter Shift Rules

* Shift 8 twice

A)=f(0 + 7/2)

0 1 T T
a5/ ) =z(f(9+5)—f(9—§))
A)=f(0 — 7/2)

\6‘ *s Torch - .
)Quantum Illll I'IAN I-AI:

Materials at: https://torchquantum.orq
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Parameter Shift Rules

* This formula is valid to all rotation gates
* RZ, RY, RX, RXX, RZZ

* One gradient requires two runs on real quantum machine

VW °y Torch - )
&Quaﬂtum Mir [IAN LAl

Materials at: https://torchquantum.org
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Calculate Gradients of PQC

* Step 1: Run on QC without shift to obtain f

Torch
Quantum

On Quantum Device

(Bx(6) J Ry (6) }{ R2(6) ]
Bx(0:)

Materials at: https://torchquantum.orq
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Calculate Gradients of PQC

e Step 2: Further forward to get Loss

Torch
Quantum

——————————————————————————

On Classical Device

f: [f17f27f37f4]

Y

[ Softmax ]

v

[ Cross Entropy ]

—————————————————————————

Materials at: https://torchquantum.org
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Calculate Gradients of PQC

0LoSS

af(6)

* Step 3: Backpropagation to calculate

——————————————————————————

On Classical Device

f — [f17f27f37f4]

oc

of
A
Y

[ Softmax ]

B

[ Cross Entropy ]

T

i
1
’

VY 4 Torch R R aaOREE - .
Q. T FIAN LA
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e Step 4: Shift twice and run on QC to calculate

Torch
Quantum

Calculate Gradients of PQC

————————————————————————

df (6)
90,

———————————————————————

On Quantum Device

_[RX(Hi)]_-_-

' Positive sﬁV
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________________________

fi
fa
f5 !
A i
\Nega tive shift
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e Step 5: By Chain Rule:

* Only forward on quantum device

———————————————————————————————————————————————

On Quantum Device

Torch
Quantum

Calculate Gradients of PQC

dLoss 0f(0) _ OLoss

E Positive sﬁV

af(8) 96,

96,

Rx(6: — D

3 B 3 1>

£
f

, sum over 4 passes (4 qubits)

———————————————————————

' On Classical Device

fy
fr

f: [f17f27f37f4] ;

\Negative shift E

1"
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_______________________________________________
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Probabilistic Gradient Pruning

* Small magnitude gradients have large relative errors

1000 100
= A Santiago
_—
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> 10 1
3
Y
- 0.1 0.1
qV)
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