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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
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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\

Materials at: https://torchquantum.org



https://torchquantum.org/

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 -



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/

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
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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
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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



https://torchquantum.org/

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

Materials at: https://torchquantum.org



https://torchquantum.org/

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
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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 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 - .
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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

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 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

Materials at: https://torchquantum.orq



https://torchquantum.org/

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

o @B
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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 - .
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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=

Materials at: https://torchquantum.org



https://torchquantum.org/

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

Materials at: https://torchquantum.orq



https://torchquantum.org/

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
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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 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

Materials at: https://torchquantum.orq



https://torchquantum.org/
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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‘“:



https://torchquantum.org/

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:'
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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
VW *y Torch
I H N A [ | A
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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

Materials at: https://torchquantum.org
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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

o *. Torch . - .
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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

Materials at: https://torchquantum.org
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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

-F?X(Hz' + %)]-

a«f{
A .
e
a«fé’l

________________________

fi
fa
f5 !
A i
\Nega tive shift

V) .

|
/I

1,

3 B 34 1>

i FMIAN LAl
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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"
1,

_______________________________________________

oL
of
A
- Y ,
Softmax ]
3
Cross Entropy ]
] '
L
oL _ (9LN\T OF
> 20, = (ar) a0,

Sy - Em B o EE S A B B B S B B B B B B B S
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Probabilistic Gradient Pruning

* Small magnitude gradients have large relative errors

1000 100
= A Santiago
_—
L 00 ® Casablanca | 10
> 10 1
3
Y
- 0.1 0.1
qV)
< 0.01 0.01
0 0.05 0.1
| Gradient Magnitude
&gig]wm Materials at: https://torchquantum.org Illll- I'II\N I-AI:'
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Probabilistic Gradient Pruning

Before pruning

Torch
Quantum

' Ry(0) H Rz(6) A f1

Ry (0) | Rz(0) z fo

' Ry(0) H Rz(0) z I3

" Ry(6) M Rz(6) A fa
Update ([ Freeze

Materials at: https://torchquantum.org

Only half the gradients

>

calculated and updated

After pruning

E3
A
A
A
Update ([ Freeze
Iir I'IAN LLAl=

f1
f2
f3
f
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Accumulation Window

* Keep a record of accumulated gradient magnitude

o) o) o)
© © Y]
Current E 1.6 1.2 E 1.5, 4 E
magnitude © ' 05 © -2 0.80.8 o | Q9 1,05,
O |y O > O =1z 5
91 92 93 94 91 92 93 94 91 92 93 (94
[ 2
>4 S 4 3. oA Y .25 I
= = 2.1 2.0 S 2.3 :
Accumulated 16, 19 | .
: 2 1.0 O 1.0 e 1.2 |
magnitude @ 05 © - O L .
° Sy O > O > |
01620500~ 01620500 1 010,050 ]
| | | S
1 2 ce W, Step

Accumulation window w,

(1) Window-based Gradient
Magnitude Accumulation

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

Materials at: https://torchquantum.org
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Accumulation Window

* Normalize the accumulated gradient magnitude to a probability distribution

o A o A o A
= = =
Current = 1.6 112 5 | 154, =
magnitude © ' © ~0.80.8 s |2 o5
91 92 93 94 91 92 93 94 91 92 93 94
[ 2
gA %A3_1 E%.A4232'5 : 0.25
Accumulated = | 1.6 = 2l e = — , norm. -8 23
magnitude © ' © — - , © = | ol 0.12
O 2,0 > © > >
91 92 93 94 91 92 93 94 v 9_ 1 (_9_2_@_),_9_4"_,: 91 92 93 94
| | | >
1 2 e W, w, + 1 Step
Accumulation window w,, Pruning window w,,
< > < >
(1) Window-based Gradient (2) Probabilistic
Magnitude Accumulation Gradient Pruning
Torch 1
I -
Quantum Materials at: https://torchguantum.org I I" I II\N I'I\
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Accumulation Window

* Prune the calculation of some gradients according to the probability distribution

—Rx(6:)
—Rx(63)

[ JUpdate [ Freeze

Prune with
50% Sparsity
A 0.4

0.25
23

Prob.

0.12

_,

0162 05 04

VW *y Torch - .
Q. MGT FIAN LA

Materials at: https://torchquantum.orq



https://torchquantum.org/

Evaluation

* Benchmarks

* Quantum Machine Learning task: MNIST 4-class, 2-class, Fashion MNIST 4-class, 2-class,
Vowel 4-class

* Variational Quantum Eigensolver task: H2 molecule
* Quantum Devices

° IBMQ

* #Qubits: 5to 7

* Quantum Volume: 8 to 32

* Circuit architecture
e RZZ+RY, RXYZ+CZ, RZX+RXX

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

Materials at: https://torchquantum.org
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Evaluation

* Benchmarks

* Quantum Machine Learning task: MNIST 4-class, 2-class, Fashion MNIST 4-class, 2-class,
Vowel 4-class

* Variational Quantum Eigensolver task: H2 molecule
* Quantum Devices

° IBMQ

* #Qubits: 5to 7

* Quantum Volume: 8 to 32

* Circuit architecture
e RZZ+RY, RXYZ+CZ, RZX+RXX

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

Materials at: https://torchquantum.org
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QNN results

* QOC achieved similar results to classical simulation

Method Acc. MNIST-4 MNIST-2 Fashion-4 Fashion-2 Vowel-4
Jarkata Jarkata Manila Santiago Lima
Classical-Train Simu. 0.61 0.88 0.73 0.89 0.37
Classical-Train 0.59 0.79 0.54 0.89 0.31
OC-Train OC 0.59 0.83 0.49 0.84 0.34
QC-Train-PGP 0.64 0.86 0.57 0.91 0.36
\ *. Torch -
&Qua”tum Materials at: https://torchquantum.org III" I'II\N I'I\
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QNN Training Curves

* (Classical Train: Train on classical simulator and test on real QC

* QC Train: Train and test the model on real QC

* QC Train-PGP (QOC): Train and test on real QC with gradient pruning

Torch
Quantum

100

O
o

80

70

60

Real QC Test Acc. (%)

50

40

Fashion-2 Santiago

—=— QC Train-PGP (QOC)

—— QC Train
—— (Classical Train

0

10000 20000 30000
#Inference

Materials at: https://torchquantum.org
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QNN Training Curves

* Gradient pruning can brings 2%~4% accuracy improvements

* Pruning accelerates convergence with 2x training time reduction

Torch
Quantum

Real QC Test Acc. (%)

3

O
o

80

70

60

50

40

Fashion-2 Santiago

—=— QC Train-PGP (QOC)

—— QC Train
—— (Classical Train

0

10000 20000 30000
#Inference

Materials at: https://torchquantum.org
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VQE Training Curves

* Gradient pruning can reduce the gap between quantum and classical

|
—

v
g -1.2
-
w
g -14
S
3416 .
o -=+— QC Train-PGP (Q
£218 | = QC Train
—— Classical Train
-2
0 500 1000 1500 2000

#Inference

VW *y Torch - .
Q. MGT FIAN LA
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Scalability Improvements

* On-chip Training is scalable

—&— classical —&—classical

—A— quantum
—&— quantum

Runtime (s)

0 10 20 30 40 0 10 20 30 40
#qubits #qubits
Vo Torch 1 .
QL Matorists at: htoss/forchauantum.ord T AN LAl
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Hands-On Section
2.3 Quantum On-chip Train

\ ') 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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Transformer for Quantum Circuit Reliability Prediction

* Use the circuit graph information

Embed
Circuit

to Graph (]
—

O Input Node ‘ Measurement Node ‘ X Node
@RzNode () CNOT Node @ sxNode

Graph Info ¢

Graph Transformer

v °y Torch
lQuantum

O
=
O
®
O
Z
—>
(O
O
>
O
0

% *\ Torch Predicted Fidelity || - .
&Qua”tum Materials at: https://torchquantum.or III" I'II\N I-I‘\I:'
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\V

Transformer for Quantum Circuit Reliability Prediction

e Use PST as the metrics

1.0-
0.8 Spearman Correlation=0.993
0.6-
. . el —
#Trials with output same as initial state )
PST = . all
#Total trials 04 -
0.2 PST can provide accurate
estimation for fidelity
0.0-
0.2 0.4 0.6 0.8 1.0
Fidelity
°s Torch I = == O
lQuantum I I" I'IAN I-AI:

Materials at: https://torchquantum.orq
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Dataset collection

* Collect dataset on real machine / noisy simulator

------------------------------

y : ’ q : s‘
: o v Obtain PST :
1
: Vo ' : [ Obtained [] Noise-free '
] 1 ’ | ] 1 -O |
' ! : ! i :
' : i : : 0.7 .
: ' . ' ' PST =0.7 '
' L ' 105 :
1 ' - ! ' :
' ! - ! 1 1
1 ! ! 1
' ' ! ' g .08 , 011 u
' L ' ' ' 0.00 0.00 0.00 0.010.00 0.00 .03 0.010.000.02 0.00 000 ]  *
' ' ! 1 ' 0.0 — - (]
1 ' . 1 ] 1
] ' ' 1 [ ]
' ’ ) . !
’

BB BB BB BB B BS
Q00 2 2 > 200002~ 2~ 2 2
; 3 . ©222%%2929%222%9%272
’ . T R N JeT cesesesssesesseew"
. . Runon Simulator with ~_.--"
Random Circuits Design Spac‘e,. Transpile . Differnet Noise Models . . Oufput [oiginal circuit, device
Target Device Coupling Map Obtain Inverse Circuit or on Real Machines noise info, PST] Pairs

VW *y Torch - .
Q. MGT FIAN LA
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Features on each node

GII6161 0. 1,0,0,0,0,0,0,0,0, | FADEIE00EN FZSIZS0EY (o004 NOEEN NGNS

One-Hot One-Hot First Qubit Second Qubit Gate Error Readout Readout Gate
Node Type Gate Qubit T1, T2 T1, T2 Rate ErrorO-1Error1-0 Index
\/ *. Torch
I H [
&Qua“tum Materials at: https://torchquantum.org I I" I'II\N I'I‘\I:'
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Graph Transformer

* Graph Transformer

( i "" 9 & © Embed Circuit \ Graph Transformer Attention Layer —
=i L to Graph (with , d Node 1, 2, 3, 4 are neighbors of node 0 B
device noise info S Compute ;
- ) . Feature  Compute Attenriion :
: Vectors  Query Scores :
. t 0] |—— 0 ‘ :! :
: D D Output -
: . Compute1 Softmax  New Features:
5 : Key :
x — 3 K ~ k = j3
b 4 4 4 AD ;
' 3 'Compute D :
4| " Value ; :
e My =
; 4 Attention prob x Value :
Shared weights . D :
O Input Node R S (U 2 s N
@ RZ Node RELN
© X Node "
Measurement Node .
8 CNOT Node Global Average Pooling
SX Node
k s J FC Regressor Layers

Torch
. Quantum Materials at: https://torchquantum.or Mir FIAN LLAl=



https://torchquantum.org/

* On random generated circuit
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Ground Truth PST

IBM Toronto
0.0 0.5

1.0
Ground Truth PST \N I I\I
I EER B RF° my" :


https://torchquantum.org/

\v

)

* Circuits from quantum algorithms
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More info

* Checkout https://gmlsys.mit.edu/#transformer for paper

VW *y Torch - .
Q. MGT FIAN LA
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https://qmlsys.mit.edu/

TorchQuantum Tutorial Outline

Section 1 Section 2 Section 3

VY °y Torch - .
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How to Compress a Quantum Neural Network?

Quantum Neural Network Compression

https://arxiv.org/pdf/2207.01578.pdf

Accepted by IEEE/ACM International Conference on Computer-Aided Design 2022
Zhepeng Wang (Presenter), Zhirui Hu, Dr. Weiwen Jiang

Department of Electrical and Computer Engineering

Jgub @ George Mason University

VW *y Torch - .
Q. MGT FIAN LA
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(a) Non-Compression Classical NN

Motivation and Background

* Pruning and Quantization in Classical ML

0.98

0.36
(b) Classical NN with Pruning

* Pruning and Quantization in Quantum ML

— Rx(4.65) T Rx(4.33) — —{ Rx(4.65) Rx(4.33) |—
— Rx(3.33) ] Rx(0.22) T Rx(3.33) T
? Rx(6.25) | Rx(9.55) ’- Rx(9.55) |—
— Rx(6.55) [ Rx(0.36) [ Rx(3.22) — | Rx(6.55) Rx(3.22) [—
(¢) Non-Compression QNN (f) QNN with Pruning

- Pruning: Not only 0 can be pruned, but also 2xn, 4n, etc.

. Quantization: Different quantization level may have different cost

Torch
Quantum

Materials at: https://torchquantum.orq

1.0

0.875
0.875

0.375
(¢) Pruned NN with Quantization

— Rx(371/2) Rx(31/2) —
—  Rx(m) T

R 7 Rx(3n)
‘1 Rx(2n) [ 1 Rx(m) [—

(g) Pruned QNN with Quantization
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Motivation and Background

* Quantum Neural Network Compression Should be Compilation Aware

qo —-‘ Rz(m/6)

Table 1: circuit depth of compiled quantum gates on IBM
quantum processors; parameters are in the range of [0, 47]

ql—“RX(nﬁ) Gate 0 m 27 37m 4n n/2 3n/2 5x/2 7r/2 others
RX 01 0 1 0 1 3 1 3 5
C 04! RY 02 0 2 0 3 3 3 3 4
CRX 0 8 5 9 0 11 11 11 11 11
Compilation CRY 0 8 6 8 0 10 10 10 10 10
Log.  Phy. |
qubits  qubits Basis Gates
q, = 1 —Rews) ()
q, » 2 Raw7) Hvx HRz(-60/7)Hvx -Rz(7n/12)~6— Rz(-n/lz)—@ A

0 ll
A 4

Torch
Quantum

Materials at: https://torchquantum.org
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* General Overview

CompVQC

Three stages: 1. Preparation; 2. Compression; 3. Deployment

©
Basis gates: W O |
E’ CX D, 2 a I5 :C>7 |
g SX, X .gc.g. N\ g |£|::>
- @-G S S é
:;', [;agu(};xfnor + | IBM Terra B :
= v =
5 CNoj.73Se-4 ? E Q] :
5| (74383 B)C on-Level LUT (T
2| |- 0O - @Gompressmn eve (T) :
— 0
i 0, ) (RX) rmﬂ rmﬂ a
QNN Pruning = G, —
0 | LY ol | |
QNN Quantization| e ) :
Stage 1: Preparation
Torch
Quantum Materials at:

ADMM-based QNN Compression

(@ CQCP Problem Formulation
min f{W(0)+TCD(®)); s.t. V0;<0, Gie
\.

¥

@ ReCL Algo. )
New Metric M

8 G

Levels
Gil{0,7/2,...}1 |Gy n/2
Gz{On 3 Gy
Gq{o 2n,...} Gy 0

\amaxsg/
.

J/

LR
>

U

(® CQCP-ADMM

Prob Reformulation:
min f{W(8)+TCD(Z))+Xcj(zj)

s.t. V0;€0, 0; =T«

| 4

"™(Gy)

Euclidean
projection

Nesterov
(SGD)

.

\/
(3~

\

»

Stage 2: Compression
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Resulant VQC

VQC on Real Q

-
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Il Compiler </
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Stage 3: Deployment
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CompVQC

* LUT Construction and Training a Quantum Model

A/ . Torch __ )
&Quantum Hirt FIANLLAl3 s
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CompVQC

* LUT Construction and Training a Quantum Model

o
Basis gates: |V @)
E’ CX ID,RZ, 2 5 o -\
g B2 I EFe \~
m T
- O==0 § S é‘
g ll).a9u()li7.e)f4err0r I *5 IBM Terra B - (
S | - @ | = —
& — = M
: (8L |a QC on-Level LUT (T)
2| |- | ompression-Leve
S -0 o - P
~ 0
T O ). L®) |_ndll oo
QNN Pruning = G
N y ,
O o LORY ]|
QNN Quantization| =~ | e | e )
Stage 1: Preparation
Torch
Quantum
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CompVQC

* LUT Construction and Training a Quantum Model

1 Compression-Level Lookup Table (LUT)
A combination of pruning/quantization level called as “compression level”.

.......................................................................................................................
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d VQC Pre-Training

A VQC model is pre-trained for compression and the training process is implemented with Torch
Quantum.
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Hands-On Tutorial (1) : LUT Construction

° Input
#Input
° lemg points list test fixing points = [math.pi*4, math. pi*2, math. pi, math. pi*3, math. pi/2,
math. pi/2%5, math. pi/2%7, math. pi/2%3, math. pi/6]
* Logical Gates List to be used logical_gates = ['rx’,'ry,’'rz’, crx, cry, crz ]
backend = FakeValencial()
* Quantum Backend
Hapi
Py DO df = LUT construction(test fixing points, logical gates, backend)
* (Get the compiler for the backend
* Get the compiled circuit length of each
Logical Gate at each special fixing points
fixing points rxXx ryv rz crx Cry Ccrz
® S_ i A
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Hands-On Tutorial (1)
LUT Construction
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CompVQC

* Reconstruct LUT for ADMM
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CompVQC

* Problem Definition

Given VQC W(0), LUT T, quantum compiler C, the problem is to determine trainable parameters 0, such that:

ADMM-based QNN Compression

[@ CQCP Problem Formulation
| |min f{W(8)+TCD(®)); 5.t. V6;0, 6;cffy ||
. J

m m

£ (W(0)): training loss on the
given dataset

T'CD(0): the circuit depth of
VQC

o)

Stage 2: Compression
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CompVQC

* Reconstruction LUT for ADMM

Process is conducted by traversing all quantum gates in VQC and select the compression target with
highest metric.

A heuristic metric for the choice

M(8,Gi(yir)) = acc(W(8%%)) - (0%F, )

04k, ) - DX

® ReCL Algo.
acc(W(0*)): the accuracy of the VQC
under new parameters ez |
TCD(0): the inverse of the compression | 8;8;‘/“ g; i
ratio by changing parameters from 6 to 6" * Tara Gq -

Stage 1: Preparation Stage 2: Compression Stage 3: Deployment
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Hands-On Tutorial (2) : Reconstruct LUT for ADMM

° Input
* A trained model e |
model = +torch. load( model.pth )
° Original LUT lut = pd.read csv( lut.csv )
def metrics func(acc, depth):
* The metrics function of accuracy and length return acctl.0/depth
backend = FakeValencial()
* For each parameter, Do
* Replace it with points at compression level in original LUT
while fixing other parameters #api
e Calculate the metrics of each new model Inew_lut = LUT reconstrution(model, lut, backend, metrics func)
e Select the point with the highest metric as the compression
level for ADMM
. .
Output [ 1.57 6.28 11.  6.28 4.71 1.57 3.14 9.42 6.28 12.57 12.57 0. 42
7.85 12.57 9.42 1.57 11. 9. 42]
* Anew LUT for ADMM
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Hands-On Tutorial (2)
Reconstruct LUT for ADMM
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CompVQC

* Compression based on ADMM
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CompVQC

* Compression based on ADMM

Each parameter can either be compressed to the target value in T29™™ or not compressed.

N

® CQCP-ADMM

Prob Reformulation:
min f{W(0)+TCD(Z))+Xcj(z])

5.1. V0;€8, 0; =T+ Gj)

1 &

Nesterov @ Euclidean

(SGD) | projection

\/
Y retrain VQC(6)
\ )

Stage 2: Compression
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CompVQC

* Compression based on ADMM

Given reconstructed compression-level LUT T2 the CQCP is formulated as:
min [(W(0))+TCD(Z) + Z ci(Zi),
{0 ) .
Vz,€EZ
.. V0; € 6, 0; = T?9Mm(G,;).

Z: a set of auxiliary variables for subproblem decomposition and z; € Z is corresponding to 6, € 0
(W) + TCD(Z) : the objective function in the original CQCP problem(previously seen).

, (0 if ()i C ']'S”'((;i), TSI — 'I'admm ® mask”
¢i(Zi) = 1

+00 if otherwise.

c,(Z;): An indicator function to serve as a penalty term
mask”: variable to indicate whether the parameters will be compressed at iteration r.
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Hands-On Tutorial (3) : Compression based on ADMM

° Input

* A trained model

* AnewLUT for ADMM

°* Do

* Compress a model with ADMM

* Fine-tune the compressed model

° Output

* A compressed model

Circuit Length |Accuracy
Original model |51 95.6%
Compressed |21 96.60%

v/ *y Torch
)Quantum

* Original model:

. | o

do

adi

gz

as

* Compressed model:

/)

gz

ds
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Hands-On Tutorial (3)
Compression based on
ADMM
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CompVQC

* Deployment
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CompVQC

* Deployment

J:

y < ol
Resulant VQC

VQC on Real Q
co

Stage 3: Deployment
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* General Overview

CompVQC

Three stages: 1. Preparation; 2. Compression; 3. Deployment
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Experimental Results

* Simulation Results on ML Dataset

CompVQC can maintain high accuracy with <1% accuracy loss. And the reduction of circuit length is
up to 2.5X.

Table 2: Comparison among different methods on the accu- CIVanilla VOC B Zero-Only-Proning

racy performance and the TCD of the VQC 00 [1CompVQC-Pruning  [1CompVQC-Quant  [JCompVQC
, MNIST-2 Fashion-MNIST-2 $ %0
Compression =
Acc. TCD Acc. TCD 2 70
Method , , =
(vs. Baseline) (Speedup)| (vs. Baseline) (Speedup) 5 60
. <
Vanilla VQC 82.74%(0) 121(0) 87.58%(0) 92(0) >0 Fashion-MNIST-2 Fashion-MNIST-3  Fashion-MNIST-4
Zero-Only-Pruning | 80.58%(-2.16%) 70(1.73x) | 86.92%(-0.67%) 63(1.46x) - (a) Accuracy Comparison
CompVQC-Pruning| 81.83%(-0.91%) 74(1.64 X) | 87.41%(-0.17%) 47(1.96X) £ 105
CompVQC-Quant | 80.99%(-1.75%) 108(1.10x)| 86.25%(-1.33%) 74(1.24x) 5 85
CompVQC  |81.83%(-0.91%) 47(2.57X)|87.58%(-0.00%) 47(1.96x) E 22
O 25
20 Fashion-MNIST-2  Fashion-MNIST-3  Fashion-MNIST-4
[* CompVQC ® CompVQC-Quant ® CompVQC-Pruning OZcro-()nly-Pruning] 37 (b) CirCUit Length Comparison
60 o %5 Figure 6: Main Results: CompVQC Scalability on Fashion-
S w0 it O S— *b MNIST with 2-4 class
o
A & T ¢ T Pareto Frontier of CompvaC X
O50 60 70 80 90

Accuracy (%)
Figure 5: Main results: The Accuracy-Circuit Depth Tradeoff
Torch on Fashion-MNIST2
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* Results on Multiple IBM Quantum Computers

Experimental Results

CompVQC can reduce circuit length by 2x while the accuracy is also higher in a noisy environment

Datasets I Syn-Dataset-4 Syn-Dataset-16 .
Elements of noise
, Acc. TCD Acc. TCD :
Compression Method ' . | incoherent
(vs. Baseline) (Speedup) (vs. Baseline) (Speedup) y- P projection
Oiskit A Vanilla VQC|  94%(0) 23(0) 96%(0) 510) |  [E===] [T T / = 7
iskit Aer —rrmm——~4———H—o—o—7———7-—"———+#¥#H——0oH0o L 05, T |
Comp-VQC | 99%(5%) 11(2.09x)  98%(2%)  23(2.22x) s ” 1) oo /
myo |VanillaVOC| 79%(15%) 23(1.00x) 86%-10%) 51(1.00X g oo ~'\ [[leoeels
| L . 23(2 0" 5 N—
Comp-VQC | 99%(5%) 11(2.09x) 98%(2%)  23(2.22X) = 4 —— N
[
Acc.(vs. Baseline) ibm_lagos  ibm_perth  ibm_jakarta o @ ;L
Vanilla VQC(TCD=23) |  79%(0) 86%(0) 927%(0) S D
CompVQC(TCD=11) | 99%(20%)  98%(12%) 100%(8%)

Circuit compression can make the QNN model more robust to the noise

Torch
Quantum
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TorchQuantum Tutorial Outline

Section 3

1.1 Quantum Basics
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TorchQuantum Tutorial Outline

Section 3

1.1 Quantum Basics
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Brief Overview of Workflow

* When we want to execute a quantum program on a quantum computer, we need to compile it

first:

Torch
Quantum

Digitial - Quantum

States
Encoder

Pulse

<

................

Logical Quantum
Circuit

(quantum algorthms)

» Transpiler

l

Physical Quantum Circuit

llnference on

Lookup Table |«

‘[ Control and Response

Physical Qubits

Quantum Processor
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Pulse-Based and Gate-Based

* Gate- and Pulse-level are two different abstraction layers.

Name: circuit-430, Duration: 25488.0 dt

VZ(IVZID.00)
DO—5+5 1!
q 1 2 O 0 nofreq|  Xim/2X-n) Xim)
ql20,
1 2 O no freq. M_m0 Delay
q 2
D1 i
c6 no freq X(n2) CRiv4) CRl-mw/4)
no freq. M ml Delay
M2 1/
no freq. M m2 Delay
ancillap » 3 uo it
no freq. CR(m/4) CR(-n/4)
\S o Torch ancilla, » 4
|
l Quantum 6 Y2 Yo $1 at: h 0 858 1717 23975 24834 25692 \N I_I.\I:
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Pulse-Based and Gate-Based

* The microwave is used to control the quantum bits.
(a) (b)
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Gate-based Compilation

* Each gate corresponds to a pulse. One-by-one concatenation of all pulses realize the function
of many gates.

_NECH
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_NEG GD FG
W (N (V22 ()

w. -EGl. G0 JFEl co BEGE
N 20 (8 | @2mn (b

FC GD | |1 GD | ]

= R ——— S
GD [ | ] I

Target: w1 ——— w20 T +H——+——+
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Quantum Optimal Control(QOC)

* QOC is commonly used to generate pulses (from target unitary matrices to pulses)

* QOC is computationally expensive

4

3.5

w

N
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Log-Scale Compilation Time
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Quantum Optimal Control (QOC)

* As shown in the figure, the control pulse is divided into multiple time slots. The amplitude of
each time slot will be adjusted through optimization.

Control
A
* l
-
vl T A R
A
v
A + A
A
R [
{141
) o
T Time

O )
\ At 'At Shi, Yunong, et al. "Optimized compilation
‘6 'y Torch Initial state ! Target state o o R e

l A u rS. A .
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Accqoc: Group-based Pre-compilation

* Instead of dealing with single gate, we generate pulses from groups of gates.

Algorithm 1 Bit Dividing Algorithm 2 Layer Dividing
Require: gasm files, bit constraint(bc) Require: large-groups, layer constraint(Ic)
Ensure: large-groups Ensure: group list
1: Initialize large-groups 1: Initialize group-list
2: for gasm in all qasm files do 2: for node in DAG.topological-order: do
3:  DAG = ToDAG(qasm) 3:  Depth[node] = max(Depth[node’s predecessor(s)]) + 1
4.  for node in DAG.topological-order: do 4: end for
5: if node can be grouped with both predecessor then 5: for subgroup in large-groups: do
6 Merge the groups the two predecessors are in 6: startDepth = depth of shallowest node
7 else if node can be grouped with one predecessor 7:  layer =0
then 8: Initialize temp-group
8: Group the node with the predecessor 9:  for node in subgroup: do
9: Update large-groups 10: diff = depth[node] - start
10: else if node can be group with no predecessor then 11: if diff mod Ic < layer then
11: Put the node in a new group 12: Append node to temp-group
12: Update large-groups 13: else
13: end if 14: Append temp-group to group-list
14:  end for 15: Clear temp-group
15: end for 16: Append node to temp-group
16: return large-groups 17: layer += 1
18: end if
19:  end for
20: end for

21: return group-list

Materials at: https://torchquantum.org
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Accqoc: Group-based Pre-compilation

* We limit the size of the groups that QOC takes. (Key Insight)

do &

do

a1

gz
qo
g3
a1
q4
do
s
a1
de |

(d) Typical group in our paper

v °y Torch : : - .
(;l Quantum 107 KIroup Wil ZoRDy FlE Iir 'IAN LAl

IVEI A G W IE ITVAIW WA G T LW W Elil Sl Wi i 1ALl l G Il Enwi



https://torchquantum.org/

Build the Library

* Pulses of these groups will be generated through QOC. And we get a library that stores group-

pulse pairs.
Profiled quantum programs gg —
qo —o—PHE— _F
Grouping _an 1B |
r---- -----I g q1 9 —V
Q)
I | t qz H —
] Decompose program ] | O
” dJo —H .
] into groups of gates " 'Q g3 —E—e——
| | with various strategies " ® ) q1 H
®)
Pre-compilation % g5 Sl —e— 1 x
F----J-----l g. di | H—ﬁ;
I 1 | S s - H
I | Generate pulse list & " (d) Typical group in our paper
: iy lsk I (¢) Group with many qubits

i FIAN LA

Y °) Torch
&« Quantum Materials at: https://torchquantum.or
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Utilize the Library

* For groups that are covered by library, the pulse could be directly looked up.
* For uncovered groups, we could generate the pulses using pulses of very similar groups

Profiled quanfum programs Target Quantum programs >
_ 8
i Grouping . ®
r T T L L T l & Mapping Q
I I g r N 8 N N N N N N N | I 2
| | Decompose program I o I " 8
| into groups of gates i o I Topology constraint & I a
| | withvarious strategies | g | ? J | crosstalkresolving I S
@)

I 1|8 I 1 S
T TN PN T TN N T e e —_— 3 L R B B B B =B B B B | -
[3)
I Pre-compilation % I Grouping Q
F L B B B B B B B BN N | l g. F L R B B B B &N B B B | I 3
I , 1|3 I 1| =
i Generate pulse list & I | Decompose program I 2
| latency list I ] | intogroups of gates i o
=3

 S—— r————— l L |

Covered

I-----: ---I I----- ----I r---- ----- I
I Look up the matrix from : i Construct the MST from : : Generate pulse from :
: pre-compiled groups " : uncovered groups 11 scratch using QOC I
I 1 | e I
I Find according pulse : | Generate pulses :
vl o i and latency | sequentially
\ Torch I ¥ | - .
) e T L L L L T e ———— F | IIIII IlIAN I AI:
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Use MST to Accelerate QOC

* We need to define similarity and find the corresponding Minimum spanning tree.

0.3

i v’ S 025
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57\‘\ @ 02
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Latency Reduction over Gate-based

* This figure shows the latency reduction compared with gate-based compilation. We show that
the latency is reduced for various grouping strategy.

4.0 Bl map 2b2l B map 2b2l| refined
BN map 2b3l B map_2b3l refined

3.5 - B map 2b4l B map_2b4l refined
W swap _2b2l swap_2b2l| refined

3.0 - swap_ 2b3l swap_2b3l refined
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Latency Reduction V.S. Brute-force

* This figure shows the latency reduction compared with brute-force compilation. Brute-force
QOC means that we give QOC a very large group of gates to reach maximum latency

reduction.
4
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Reduction of Training Iteration

* We see reduction of training iteration when we adopt the idea of similarity.

Torch
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TorchQuantum Tutorial Outline
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1.1 Quantum Basics
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Variational Quantum Pulse Learning (VQP)

* Coherence time is limited in NISQ machines, which means we cannot perform a huge

quantum circuit with enough depth and width in NISQ machines.

* Noise and compilation overhead seriously affect the performance of a quantum program.

Scaling IBM Quantum technology

IBM Q System One (Released In development ext family of IBM Quantum syste

2019 2023 and beyond c

27 Qubits > qubats 27 Qubits 4 ubits 1,121 qubits Path to 1 million qubits

and beyond l’;lll ' - .\ CITor

| . 950¢-4

CNOT error
6.062¢-3

(e) Guadalupe

Error rate on a bitin CMOS Device
error rate is about 10-1°

Torch But error rate on a quantum bit
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Motivation and Challenges

* QOC is limited to few qubits since it is computationally expensive.

* Most works demonstrate QOC on quantum simulators, however, it is hard to be evaluated on
NISQ machines.
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Attempt on Quantum Neural Network

* Can we find an intermediate-level approach between the gate level operations and quantum
optimal control?

* Can we achieve benefits by doing so?

N VA a
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Fig. 1: Conceptual illustration of VQP for QML tasks. il .
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Why Variational Quantum Pulse Learning ?

* VQC with more gates has similar performance in terms of accuracy

DO

Name: block3, Duration: 6161.8 ns, Backend: fake belem

0.12
\J
3.14 0.02 1.57
0.0 X 0.0
- S
5.09 GHz| drag_De§aussian_square_7b20 gaussian_square_2c7@rag_2276
0.02
A 0.03
0.12 v

H

1

1 1
(Ui(t) + Di(1))oX + ) 2mvi(1 — 07)/2
=() 1=0

1

+w3(13a}3 + Z g,-a;\’ (ag + aL)
1=()

D;(t) = Re(di(t)e"™*")
Ui(t) = Refu;(t)e ™4~

(1)

(2)

Model # of Gates Accuracy
VQC_base 9 0.62

vVQP 9 0.71

VQC* 12 0.68

MO 1f
7.30 GHZ gaussian_square_74el Delay
l Amplitude tuning
Name: block3, Duration: 6161.8 ns, Backend: fake belem
816 0.12
é :
3.14 57
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5.09 G?-g draga0 | 7b20 i 2c78rag_2016 4
: raga0e@gaussian_square gaussian_square 2c78rag 20
30@% 0.53
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o MR
7.30 GHZ gaussian_square_74el Delay
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Optimization Framework

e ™
Algorithm 1: Variational Pulse BO Learning |niti(aF|’ jas?sp)ling
Data: p, x, M, D - 7 Pulses Learning Loop
/l p 1s the amplitude list, y 1s the search bound, D N T
consists of x; and vy;, M 1s the Gaussian Process & initial |
Regression model. N ) New Trail with
D < InitPulses(p, x); Ob’eCt'vf?x';unct'o" ; Xnew
for 1 «— | D‘ to N total do . |(inference on Simulator or
// iterative optimization \'ea' e aCan) y
p(ylxz, D) < FitModel(M, D); |
// Acquisition function actively searches for the
next optimized amplitudes. | [ |
Ti < argminge,S(x, p(y|x, D)); Optimizer
/I Calculate corresponding error rate by processing L\ J
in quantum machine. |
yi < f(zi);
D « DU(x'iayi);
end Satisfy Yes

Requirements

S Wi FIAN LA
x Quantum Materials at: https://torchquantum.c i : JAVE
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Experiment Result

Accuracy
s Noise simulator (Belem)  i1bmq_jakarta
VQC learning 20 0.57 0.58
VQP learning 20 0.6 0.69
VQC learning 100 0.61 0.59
VQP learning 100 0.63 0.64
VQC learning MNIST 20 0.6 0.56
VQP learning MNIST 20 0.66 0.62
VQC learning MNIST 100 0.57 0.62
VQP learning MNIST 100 0.61 0.71
Model # of Gates Accuracy

VQC_base 9 0.62

VQP 9 0.71

VQC* 12 0.68

W/ °y Torch
lQuantum

Materials at: https://torchquantum.orq

Achieves higher accuracy under
same condition

VQC with more gates has similar
performance in terms of accuracy
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Benefits Observed from VQP

Time Duration
Form of CX gate  Noise simulator  Noise simulator  Noise simulator

(Quito) (Belem) (Jakarta) Advantage in specific gate
CRX(m) gate 26832.0dt 32016.0dt 26832.0dt
CX gate 25136.0dt 27728.0dt 25136.0dt
Time Duration

e * Of Cinte ibmgq_jakarta Noise simulator (Belem)

VQP 9 40816.0dt 45168.0dt

VQCH 12 )8896.0dt 58763.0dt Advantage in general circuit
VQP_transpiled 11 32368.0dt 32816.0dt
VQC*_transpiled 17 53008.0dt 46192.0dt

VW *y Torch - .
&Qua”tum Materials at: https://torchquantum.org III" I'II\N I-I‘\I:'
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Challenge for Pulse Learning

* Non-gradient-based optimizer has randomness when parameter in high dimensional space.

* Qiskit pulse simulator is not efficient, e.g., need around 3 mins to finish a 9-gate circuit.

Model # of Gates Accuracy Model # of Gates Accuracy
VQC_base 9 0.62 VQP 9 0.71

VQP 9 0.71 VQC with gradient 9 0.73

VQC* 12 0.68 VQC* with gradient 12 0.77

VW *y Torch - _
Q. MGT FIAN LA

Materials at: https://torchquantum.org
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Pulse Ansatz on VQAs

* Can we find a hardware efficient ansatz at the pulse level?

* What is a good pulse ansatz?

Quantum Backend

Pulse Circuit With Initial

Configuration Parameter List:

Partial List, Fixed List

Iteration 1
Partial List:
r--l
i
. Pulse Circuit With Final
Parameter List
Iteration 2

Native Pulses: TNP,
SNP

IBMQ Real

Pulse Circuit:
Quantum
Machine

> ) Torch K /

i I'"I/AAN L
Quantum Materials at: https://torchquantum.org Il MIANL.Al=
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Benefits of Pulse Ansatz

* Source of Advantages:

. . . . . z = |0)
* Enable flexible and efficient compilation workflow on pulse-level.

%)

-
- — -

-z = |1)

Vo *y Torch |
)‘Quantum L WA\ E

Materials at: https://torchquantum.org
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Benefits of Pulse Ansatz

* Source of Advantages:

* Two-qubit pulse is tunable, whereas two-qubit gates have few flexibility.

COMPARISON OF TRAINABILITY FOR DIFFERENT PULSE CIRCUITS AND GATE CIRCUITS ON IBMQ_JAKARTA.

Operations Circuit Level Molecule Bond Length Reference Energy VQE (/) Result Duration(on ibmq_jakarta)
SNP Pulse Circuit 0.1A 2.710H 4.380H 71.1ns
TNP Pulse Circuit 0.1A 2.710H 2.927H 163.6ns
SNP Pulse Circuit 0.75A -1.137H -0.549H 71.1ns
TNP Pulse Circuit 0.75A -1.137H -1.032H 163.6ns
TNP + SNP Pulse Circuit 0.75A -1.137H -1.036H 234.7ns
Two Gate Ansatz Gate Circuit 0.75A -1.137H -0.534H 341.3ns

. Name: blockl7, Duration: 540.4 ns, Backend: ibmq_jakarta
0.21 0.21 0.21

& XNothing can do with two qubits gate ld A e
- v/ Parameters are tunable on control channel.

\‘ .) TorCh 0 113 o 227 340 454 o 567
. Quantum BIINBIAYE I-AI=

Materials at: https://torchquantum.orq
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Benefits of Pulse Ansatz

* Source of Advantages: qQ: —e—HHHH-—o— A

A
N
A
>

* Capability to tune frequency on pulse-level q1 -

* 73

1.00 @ ®

Prob(00)
E 2

o
o)
o

0751 @

L

-20 =-15 =10 =05 00 05 1.0 15 2.0
Pulse frequency detuning (MHz)

VW *y Torch - .
Q. MGT FIAN LA
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Framework and Evaluation

* Progressive learning fix the problem that non gradient optimizer cannot hold high dimensional
parameters, and progressive approaching to target point is also fit the quantum speed limit

(QSL) theory. e
/" Initial Pulse Circuit ~ Fixing Prior Trained Circuit and
- Training : ' Training the Added Partial Circuit
(" Patiailist ) | | [ FixedList  PartialList: )

. s

\ ‘) Torch
&« Quantum Materials at: https://torchquantum.or
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Framework and Evaluation

COMPARISON OF DURATION, PULSE COUNTS, AND ESTIMATED ENERGY OF GATE ANSATZES AND THE NATIVE-PULSE ANSATZ GENERATED BY PAN
ON NISQ MACHINES.

Model Ansatz Level |Qubits | Duration |Single-Qubit Pulse Count|Multi-Qubit Pulse Count|Molecule | Energy | Reference Energy
Random Genrated Ansatz | Gate Ansatz 2 682.7ns 16 2 Ho -0.853 -1.137
RealAmplitude Ansatz [’]| Gate Ansatz 2 376.9ns 12 | Ho -0.974 -1.137
QuantumNAS [ 5] Gate Ansatz 2 682.7ns 16 2 Ho -1.033 -1.137
PAN Pulse Ansatz 2 71.1ns 3 0 Ho -1.100 -1.137
RealAmplitude Ansatz | Gate Ansatz 2 753.8ns 24 2 HeH+ | -2.691 -2.863
PAN Pulse Ansatz 2 199.1ns l 1 HeH+ | -2.866 -2.863
QuantumNAS Gate Ansatz 6 7296.0ns 40 12 LiH | -6914 -7.882
PAN Pulse Ansatz 4 199.1ns 4 2 LiH | -7.590 -7.882
Simulation results for H2 Simulation results for HeH+
* j: l;lg::ive-pulse ansatz —0.5 - f : I:gltive-pulse ansatz 9730/0 redUCtiOn in ansatz duratiOn
2 -
-1.0- compared to QuantumNAS.
n T _
S, 1 > —L5- Reduce duration by 73.6% compared to
a QL) | n | u u
5 § -2.0- RealAmplitude Ansatz while maintaining
. ansatz performance.
—-—a—8 oy

| 1

0.5 1.0 1.5 2.0 2.5 3.0
Bond (A)

i FMIAN LAl

Materials at: https://torchquantum.orq
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* HeH+: average accuracy 99.336%, with 99.895% being the highest achievable accuracy. The

Framework and Evaluation

absolute difference in energy is 0.003H, close to the requirement of computational chemistry
error (0.0016H) with only a toy model.

Torch

Quantum
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Framework and Evaluation

* Verify the effectiveness of progressive learning scheme.

RESULTS OF ESTIMATED ENERGY FOR MOLECULES IN DIFFERENT STEPS

Model Cairo Montreal Toronto NISQ machine Avg Simulator FCI
Step | -1.093 (3.870%) -1.087 (4.398%) -1.073 (5.629%) -1.084 (4.661%) -1.121 (1.407%) -1.137
H
: Step II -1.107 (2.639%) -1.110 (2.375%) -1.073 (5.629%) -1.097 (3.518%) -1.123 (1.231%) -1.137
Inaccuracy Reduction 31.83% 46.00% 0.000% 24.52% 12.51% -
Step | -2.813 (1.746%) -2.845 (0.663%) -2.820 (1.485%) -2.826 (1.292%) -2.855 (0.279%) -2.863
H
Hel+ Step II -2.833 (1.047%) -2.866 (0.105%) -2.834 (1.013%) -2.844 (0.664%) -2.856 (0.244%) -2.863
Inaccuracy Reduction 40.03% 84.16% 31.78% 48.61% 12.54% -
Energy Trends with Iterations
0
0.2
0.4
06 Step 1 Step |l
.. -0.8
>
.
1.4
1.6
Torch e
Quantum 1 6 11 16 21 26 31 36 41 46 51 56 61 66 71 76

Materials at: https://torchquantum.

Iteration


https://torchquantum.org/

Hands-On Section
3.2 Quantum Pulse Learnin

\ ') Torch
6; Quantum Materials at: https
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Summary

Section 1 Section 2 Section 3

/" Use TorchQuantumon
Gate level

2.1 QuantumNAS: Ansatz
Search and Gate Pruning

2.2 QuantumNAT: Noise
Injection and Quantization

2.3 QOC: On-Chip Training |

2.4 Transformer for Quantum
Circuit Reliability Prediction

(25 ONN Compression =]

v/ °. Torch - .
lQua”tum Materials at: https://torchqguantum.or III" I'II\N I-AI:'
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Thank you for listening!

°¢ Torch
. Quantum

https://github.com/mit-han-lab/torchquantum

gqmisys.mit.edu

VW °y Torch - )
&Quaﬂtum Mir [IAN LAl
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