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Towards Quantum Learning Democratization

—— Start from Building a Quantum Neural Network Design Stack
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What is Classical Al Democratization & What is the Challenge?

“It’s here to collaborate, to augment, to enhance human lives

and productivity and make everybody's life better. And related

to that, is to democratize A.l. in a way that everybody gets

benefit. Not just a few, or a selected group.” Fei-Fei Li, 2017

Medical Al Scenario Al Can Perform Medical Tasks

AR/VR in Surgery Medical Diagnosis COVID CT Segmentatio Real-Time MRI Segmentation

Let Doctors Design Neural Networks? o

Talk by JQub@Mason Dr. Weiwen Jiang, ECE, GMU 3 | George Mason University



Progress of Classical Al Democratization

Google’s Initial Contributions
(Neural Architecture Search)

Given: Dataset

Objective: +CAutomated Search for NN (w/o human)
« Maximize accuracy on the given dataset

Output: A neural network architecture

Sample architecture NN
with probability p

Controller Train NN to obtain
(RNN) accuracy A

Compute gradient of p and scale
it by A to update the controller

[ref] Zoph, Barret, and Quoc V. Le. "Neural architecture search with reinforcement
learning." ICLR 2017

Talk by JQub@Mason

Our Contributions
(Network-Accelerator Co-Design)

Given: (1) Dataset; (2) Target hardware, e.g., FPGA.

Objective: *C Automated Jearch for NN and HW design
« MaXimize accuracy on the given dataset

« Maximize hardware efficiency

Output: A pair of neural network and hardware design
Arch Search Space FPGA Design Space
NN . Design 1
Implementation PREE
> Accuracy & Optimization ajazaafa

NN2 Design 2

LLLL]
: Y HEH
i NAS Efficiency T

——

~

[ref] Jiang, Weiwen, et al. "Accuracy vs. efficiency: Achieving both through fpga-

implementation aware neural architecture search.” DAC 2019. (BEST PAPER
NOMINATION)

[ref] Jiang, Weiwen, et al. “Hardware/software co-exploration of neural

Dr. Welwen Jiang, grepitectures”, TCAD 2020 (BEST PAPER AWARD)




Co-Design Stack of Neural “Architectures”

Y X To=X T 5 )
(Label) (Feature/lmage)  (InputLayer)  (Hidden Layer 1) (Hidden Layer2) (Hidden Layer 3)

Co-Design

Framework

Co-Design * Library

(e.g., Our
FNAS)

Tm I

i
1

OFM ] A | On-Chip Computation Engine

.Op Tm !

1 | 1

: % M
2 WEI , L l: E 9 :
) ' v ;-

1 0 °

TFM ! !

______________

n
words On-Chip Memory and Data Flow

Talk by JQub@Mason Dr. Weiwen Jiang, ECE, GMU

e What is the best Neural Network Architecture for FPGAS

 Model optimization (pruning and quantization)?

Network exploration

S
NAS D
(Google) )

Network compression

N

Deep Comp
(Stanford) )

Programming library

DNNBuilder

(UIUC)

Hardware accelerator

~

DNN on FPGA

(UCLA)

| « Mapping and scheduling?

What is the best FPGA Architecture for neural networks

5 | George Mason University




Outline

= Background
= Perspective: Co-Design --- from Classical to Quantum

= Built Design Stack from JQub

=  Quantum Neuron with Quantum Advantage: QuantumFlow
= Quantum Neural Network Exploration: QF-Mixer

=  Quantum Pluse: VQP

=  Quantum Neural Network Compression: CompVQC

=  Quantum NN Library: QFNN

=  Conclusion

Talk by JQub@Mason Dr. Weiwen Jiang, ECE, GMU 6 | George Mason University
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Bottlenecks in Classical Computing

50 y — PolyNet Moore’s law trend for Moore's law end
DNNs in academia without VGG-19 1,000 performance according to ref. 35 —
structural optimization (2014) ResNeXt-101 '

NASNet-A(N=7) v ResNet152 500 L 2 PDofGPUs 4 PD of ASICs PD of FPGAs

20 . DNNs in academia with VGG-16 (2015) DaDianNao
structural optimization ResNet110 ' ShiDianN

) . Xception Inception-v4 24 200 Stratix 10 GX 2800 anhiao )
% 10 OverFeat i 2016) 5 E 100 Arria V GX660 Diannao Cambricon
2 (2013) Inception-va ResNet50 E'u,, e
g 5 AlexNet GoogLeNet NASNet-A(N=7) Su 504 NeuFlow ria ’ Moves
g (2012) (2014) . . 58 . e GTX 1080 i
S R — 55 20 Amiall EP2AGZ350 GIX1050T]
2 ¢ e Strati IV EPASGX230 GTX Titan X P100 V100
,é Inception-v1 . 10 GTX 690 GTX Tian A GTX TitanZ & ru
2 1 ¥ : 5 ’Mynadz ‘Eyenss B

ShuffieNet . NASNet-A(N=4) <> Q OO o e E,E

MobilsNer 65nm 45nm  40nm 28nm 16nm 12nm

20% 10% S 4% 2011 2012 2013 2014 2015 2016 2017
Year
. . N . .
Deep neural network grows exponentially Perf. of classical computing stops increasing

Medical Al Scenario: (Input size exponentially grows from Radiology to Pathology Imaging)

Radiology Imaging Pathology Imaging
CT Scan 153.4 Dermatopathology 1,392 (20x compression)
MRI 98.6 Head and neck 1,965 (20x compression) 38
X-ray angiography 157.5 Hematopathology 40,300 (40x compression) 1574
Ultrasound 69.2 Neuropathology 1,872 (20x compression) &7
Breast imaging 38.8 Thoracic pathology 3,240 (20x compression) 63

[ref] Lauro, Gonzalo Romero, et al. "Digital pathology consultations—a new era in digital imaging, challenges and practical applications.” Journal of digital imaging 26.4 (2013).
Talk by JQub@Mason Dr. Weiwen Jiang, ECE, GMU 7 | George Mason University
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Impossible in Classical But Possible in Quantum Computing

2048 A IBM Quantum (Q Processor & Roadmap)
1024 | © Google(QProcessor) |
51p | Rigetti(QProcessor) |
256 lonQ (Roadmap)
The capacity of Classical Simulatic
128 .
64 T <
47 qubits S
32 b
6 || O oA Ay
8 | 1 (1 [
a | AL |
y 2 I E
1 _ . . .
04/2015 05/2016 06/2017 07/2018 08/2019 09/2020 10/2021 2024 2026 2028

The maximum qubits that supercomputers can simulate for arbitrary circuits is less than 47 qubits.

(1) Summit w/ 2.8 PB memory for 47 qubits;

(2) Sierra w/ 1.38 PB memory for 46 qubits;

(3) Sunway TaihuLight w/ 1.31 PB memory for 46 qubits; (4) Theta w/ 0.8 PB memory for 45 qubits.

[ref] Wu, Xin-Chuan, et al. "Full-state quantum circuit simulation by using data compression." Proceedings of the International Conference for High Performance Computing,
Networking, Storage and Analysis. 2019.



Our Works: Co-Design of Neural Networks and Quantum Circuit

Y X T =X T, i) T
(Label) (Feature/lmage) (InputLayer) (Hidden Layer 1) (Hidden Layer2) (Hidden Layer 3)

Co-Design

Talk by JQub@Mason

« What is the best Neural Network Architecture for QC?

« Can we compress the qguantum neural network?

Co-Design

Library Framework

QuantumFlow

a

Network exploration QF-Mixer

\\

J
~

(&
-

(&

Network compression CompVQC

U

(

Programming library QFNN

.
4

(&

Device-level design QPluse

=/

 What is the best QC design for neural networks?

Dr. Weiwen Jiang, ECE, GMU

9 | George Mason University




OUtI I ne Co-Design

Framework
= Background

QuantumFlow

= Perspective: Co-Design --- fro
= Built Design Stack from JQub

Network exploration

S\

QF-Mixer

Network compression

)
>

CompVQC

)

Programming library

~

QFNN
o/

D

AU

Device-level design

o

QPluse

=/

=  Quantum Neuron with Quantum Advantage: QuantumFlow

= Quantum Neural Network Exploration: QF-Mixer
=  Quantum Pluse: VQP

=  Quantum Neural Network Compression: CompVQC

=  Quantum NN Library: QFNN
= Conclusion

Talk by JQub@Mason Dr. Weiwen Jiang, ECE, GMU

10 | George Mason University



Quantum Neuron: QuantumFFlow

A Co-Design Framework of Neural Networks and Quantum
Circuits Towards Quantum Advantage

Published at Nature Communications 2021 nature —<42 Xt
COMMUNICATIONS \ ———

qnvited & Tutorial Talks:

/, |IEEE International Conference
IBM Quantum Summit on Quantum Computing
September 15-17, 2020 and Englneerlng e QCEZ]

. EMBEDDED

DESIGN Week remnous. 63 |

r. AUTOMATION prenc: 8
y |

\

Presenter: Weiwen Jiang

Network exploration QF-Mixer

Co-Design Network compression [ &\ ele

Framework

OIERITnIYAN Programming library QFNN

~

Device-level design QPluse W
~) : EEn
VILLANOVA
Talk by JQub@Mason Dr. Weiwen Jiang, ECE, GMU UNIVERSITY
J
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Classical Bit vs. Quantum Bit

Classical Bit ®0

2 basic states — 0, 1 (OFF or ON) X=0o0r1

« Mutually exclusive ®!

Classical Bit

Bloch Sphere

Quantum Bit (Qubit) ) = |0) and |1) 0)

A

- "r~‘
A

* 2 basic states — |0), |1) (ket O, ket 1) T 0+ )
=y 1 % V2

- ] -

 Uses superposition of both states with “quantum" effect

/

1)

store information. Qubit

* Thus, it represents both |0) and |1) at the same time.

p) = al0)+ 11 ()

Talk by JQub@Mason Dr. Weiwen Jiang, ECE, GMU 12 | George Mason University



Multiple-Qubits System

2 Classical Bits
O0Oor0Olorl10orll

n bits for 1 value
x €[0,2™"—-1]

2 Qubits

Co0|00) and c41|01) and
C10|10> and C11|11>

n bits for 2™ values
aO' all aZl an

Talk by JQub@Mason

QUbitS: do: 91
1q0) = aol0) + a4|1)
|q1) = bo|0) + by|1)

190, 91) = |q0) ® |q1)
= C00|00) + €91/01) + €10/10) + ¢141/11)

o= = (1o 3

b agby Coo
Ao X b b
_ 1/ | _ | @oP1 | _ [ Co1
bo a1b0 C10
b, a,b, 11
Dr. Weiwen Jiang, ECE, GMU 13 | George Mason University
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Computation: Logic Gates vs. Quantum Logic Gates

ogio | fmefien | Bish | Gommon | eicciciechncal | _Operator Gate(s) Matrix
function Commission
Symbol Symbol Symbol (IEC) Symbol
Pauli-X (X) —X - [‘j (1,]
IN OUT|IN OUT|IN OUT| IN ouT
By \ . 0 i
Buffer — 1 1 Pauli-Y (Y —Y [~ [ ‘]
/ _/ ( ) i 0
Pauli-Z (Z) —Z— -
Inverter
(NOT gate) | | =1 1 ipE _}— — 1
Hadamard (H) —H— % [} —i]
2-input = g T = oy 1 & Y 1 0
AND gate | _| el s ] Phase (S, P) [0 z]

@ |v)=xx]4)

|
e

>0 > Y=4 |¢>“—x

0 1 Yo\ _ 0 1) (ao)
L0 (yl)_ X(l 0) < BBg,
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Computation: Logic Gates vs. Quantum Logic Gates

e | gy | g | comen [, | Topermer Goret Vi
function Commission
Symbol Symbol Symbol (IEC) Symbol
Pauli-X (X) —X - [‘j (1,]
IN OUT|IN OUT|IN OUT|IN ouT
By \ . 0 i
Buffer — 1 1 Pauli-Y (Y —Y [— [ ‘]
/ —/ ( ) i 0
Pauli-Z (Z) —Z - -
Inverter
(NOT gate) —_>°— — 1P _DD— — 1
Hadamard (H) —H— % [} —i]
2-input = 5 Il & ey ] & S 1 0
AND gate | _| el ) ] == Phase (S, P) — [0 z]

L @ |r)=xx4)
D | >0 . Y=4 | ¥ X

RTL_INV
Y0 i W Y
| 3
i o B

I . : Yo\ 0 1) (ao)
1 0 (yl)_ X(1 0 Xal

ﬂ
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General U Gates

Single-Qubit Gates
« Pauli operators: X, Y, Z Gates

 Hadamard gate: H Gate

 General gate: U Gate

cos(0/2)  —e“sin(6/2)
e'?sin(0/2) e'“* P cos(6/2)

Us(0. ¢, 1) = (

>0s(60/2 .
U;]0) = ( ,LOS_( ) ) = cos(6/2)]0) + el sin(8/2)| 1)
e'? sin(6/2)



Two Paths of Quantum Machine Learning: Path 1 --- VQC

Update Parameters (0)

: | .| | :
' 190) _i 1 Optimizer | Linear
| Ui(x) V1(0)
) Va(6) 1)
|a2) 0)
o ¥ |0)
: |cin} Bl | Un(x) Vin(6) | Evaluate |0) UN(Hl) UN(QZ)
g cost function |
| (| -
' Quantum | d times|" Classical ‘_5

[ref] Sen, P., Bhatia, A.S., Bhangu, K.S. and Elbeltagi, A., 2022. Variational quantum classifiers
through the lens of the Hessian. Plos one, 17(1), p.e0262346.

Easy to implement

Quantum Classical Computing <«—» Quantum
e N

10) 0)

0) 10) On intermediate-scale quantum devices,

:zi 0u(6) L = oy(x - 6) :Zi U.(6;) no works show that of
QML can beat classical ML, so far.

|0) |0) Have no non-linear in the network

Incur heavy overhead for non-linearity

Talk by JQub@Mason Dr. Weiwen Jiang, ECE, GMU eorge Mason University



Two Paths of Quantum Machine Learning: Path 2 --- Q Accelerator

Y X TO = X Tl TZ T3
(Label) (Feature/lmage)  (InputLayer)  (Hidden Layer 1) (Hidden Layer 2) (Hidden Layer 3)

A
(Output Layer)
Cat

CPU/GPU FPGA/ASIC
Accelerator Accelerator Accelerator

Talk by JQub@Mason Dr. Weiwen Jiang, ECE, GMU

Same Performance as Classical ML

How to design?

Advantage?

18 | George Mason University




QuantumFlow Answered Two Fundamental Questions
Fundamental questions:

0 H |
10— : i H
00— Uw =1 UWwW) 4 uiN) H
- : 1 -

: 1 '
K ; g B B
10) L _C]-_I-Q ]

I I Quantum Computing:
_ _ _ Classical Computing: .
U= 5( Z Xi X Wl) _ Can we reduce complexity to
i€[0,N) Complexity of

where § is a quadratic function , Say

Talk by JQub@Mason Dr. Weiwen Jiang, ECE, GMU 19 | George Mason University



Neural Network Accelerator Design from Classical to Quantum Computing

Talk by JQub@Mason

HW Accelerator

Pre-Processing

D

D

D

DHODE

Post-Processing

i

Quantum Circuit

Pre-Processing

|O_> Up | UN
il Post-Processing
d i

NISISRRN

Dr. Weiwen Jiang, ECE, GMU

(1) Data Pre-Processing (PreP)
(2) HW Acceleration

(3) Data Post-Processing (PostP)

(1) Data Pre-Processing (PreP)

(2) HW/Quantum Acceleration

(2.1) U, Quantum-State-Preparation
(2.2) U, Quantum Neural Computation
(2.3) M Measurement

(3) Data Post-Processing (PostP)

PreP + U, + U, + M + PostP

20 | George Mason University




Hands-On: QuantumFlow

A Co-Design Framework of Neural Networks and Quantum
Circuits Towards Quantum Advantage

Published at Nature Communications 2021

Presenter: Zhepeng Wang

S\
Network exploration QF-Mixer

A"

Co-Design Network compression [ &\ ele

)
~

Framework

OIERITnIYAN Programming library QFNN

=
=

Device-level design QPluse

>/

Talk by JQub@Mason Dr. Weiwen Jiang, ECE, GMU 21 | George Mason University




PreP

. Data Pre-Processing

* Given: (1) 28 X 28 image, (2) the number of qubits to encode data (say Q=4 qubits in the example)

« Do: (1) downsampling from 28 x 28 to 29 = 16 = 4 X 4; (2) converting data to be the state vector in a unitary matrix

* Output: A unitary matrix, Migx16

Step 1: Downsampling

From 28 X 28to4x 4

>

0.0039

0.0039
0.0863

10.1137

0.2118

0.2784
0.3176

0.3608

0.2941

0.5961
0.5216

0.1725

0.0275]

0.0667
0.0588

0.0039.

0.0039

0.0039
0.0863

10.1137

0.2118

0.2784
0.3176

0.3608

0.2941
0.5961

0.0275]
0.0667

0.5216 0.0588
0.1725 0.0039]

Step 2: Formulate Unitary Matrix

> Unitary matrix: M ¢x16
Applying SVD method

(See Listing 1 in ASP-DAC SS Paper)

[SS] W. Jiang, et al. When Machine Learning Meets Quantum Computers: A Case Study, ASP-DAC’21

Talk by JQub@Mason

Dr. Weiwen Jiang, ECE, GMU 22 | George Mason University


https://arxiv.org/pdf/2012.10360.pdf

& . W 1 v I Ul
Up --- Data Encoding / Quantum State Preparation

* Given: The unitary matrix provided by PreP, M;4x1¢
« Do: Quantum-State-Preparation, encoding data to qubits

« Verification: Check the amplitude of states are consistent with the data in the unitary matrix, M;gx1¢

Let’'s use a 2-qubit system as an example to encode a matrix My,
data_matrix

03 os] PreP_ [0.2343 X X X Up 10) — _
[0.7 ool — > 03904 x x x| — > Input
0.5466 X X X 10) —
0.7028 X X X
State Transition: IBM Qiskit Implementation:

data matrix 00 - j ' '
_ 100) inp = QuantumRegister(4, "in_qubit”)

circ = QuantumCircuit(inp)
iniG = UnitaryGate(data_matrix, label="input”)
circ.append(iniG, inp[0:4])

Talk by JQub@Mason Dr. Weiwen Jiang, ECE, GMU 23 | George Mason University



Hands-On Tutorial (1)
PreP + U,



https://github.com/JQub/QuantumFlow_Tutorial/blob/main/session_2/Tutorial_1_DataPreparation.ipynb
https://colab.research.google.com/github/JQub/QuantumFlow_Tutorial/blob/main/session_2/Tutorial_1_DataPreparation.ipynb

--- Neural Computation

Given: (1) A circuit with encoded input data x; (2) the trained binary weights w for one

neural computation, which will be associated to each data.

Do: Place quantum gates on the qubits, such that it performs

Verification: Whether the output data of quantum circuit and the output computed using

torch on classical computer are the same.

T 0 Y. (XLXWL) Assumption 1: Parameters/weights (W, --- W) are binary weight, either
arget. 0 = ||x +1or-1
Assumption 2: The weight W, = +1, otherwise we can use —w (quadratic
func.)
: 2.i(m;)
Step 1: m; = x; X w; Step2:n = ”x‘ Step 3: 0 = n?
Talk by JQub@Mason Dr. Weiwen Jiang, ECE, GMU 25 | George Mason University
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Quantum Neuron Design: Step 1

Step1l:m; = x; X w;

EX: 4 input data on 2 qubits

Output
ag |100)
aq |01)
a, |10)
ms = —as | |11)

Talk by JQub@Mason

===

o o O

Ol—*oo

oo O

Ao _WO Wo =
aq Wy W1 =
X = a, W= Wy Wy = 1
as | W3 w3 = -1 ‘ mg = —1 X as; = —das
X Input Quantum Circuit
ap | 100) ’
01 o —
X a | 101) ‘ input
a, |10) Q1 — L —
as |11)
input

Dr. Weiwen Jiang, ECE, GMU

26 | George Mason University



Quantum Neuron Design: Step 1

Step1l:m; = x; X w;

EX: 4 input data on 2 qubits

+1
+1

-1
+1

+1
-1

Talk by JQub@Mason

1

=1

1

|+1)

i

|+1)

do
d1

do
d1

do
d1

input ’

Uz
X e X
inpu Z
. *
mpu_X_Z_X_

do
d1

do
d1

do
d1

Dr. Weiwen Jiang, ECE, GMU

or

or

+1] [+1] [+1] [+1]

—-11 [+1] [+1] [+1]

-1 +1 —1 -1
or [ _7or or (.7

Flip the sign of |11)

Flip the sign of |01)

Flip the sign of |10)

27 | George Mason University



Quantum Neuron Design: Step 2

Step 2: n =

Output

> ey il | 100)

Donotcarel | [01)

Do notcare 2 | [10)

Do notcare3 | [11)

Talk by JQub@Mason

) (ml) EX: 4 input data on 2 qubits

U

1
x|l

note: [|x]|| = 2N

¥ ¥ X =

1
%
%
%

EE N S
* X X =

Dr. Weiwen Jiang, ECE, GMU

X

Input

mg | |00)
my | |01)
m; | 110)
ms | |11)

Quantum Circuit

o —

d1

1

input

input

s V4
— Z O

28 | George Mason University



Quantum Neuron Design: Step 3

. — 2

Step3:0 =n Input ¥®2 cox
EX: 4 input data on 2 qubits Z(mi)/\/m |000) | | Do not care 3 | |000) || Donotcare |[000)
Go|1s 97 Z hHEX 0 1001) 0 001) 0 001)
_ E | —d)— Do not care 1 | [010) Do not care 2 | |010) || Donotcare ||010)
o £ HJj| X 0 011) 0 011) 0 011)
0! X _/7\_ Do not care 2 | |100) Do no’;care 1 :13(1)1 Do nc;t care :12(1)1

: 0 |101)
eyt Do not care 3 | [110) Z(mi)/m [110) 0 1110)
0 |111) | 0 1111) Z(miwm 1111)

Output
2 (m;) i

P{O = |1)} = P{|001)} + P{|011)} + P{|101)} + P{|111)} = [ Ml

Talk by JQub@Mason Dr. Weiwen Jiang, ECE, GMU 29 | George Mason University



Hands-On Tutorial (2)
PreP + U, + U,



https://github.com/JQub/QuantumFlow_Tutorial/blob/main/session_2/Tutorial_2_Hidden_NeuralComp.ipynb
https://colab.research.google.com/github/JQub/QuantumFlow_Tutorial/blob/main/session_2/Tutorial_2_Hidden_NeuralComp.ipynb

QuantumFlow Answered Two Fundamental Questions
Fundamental questions:

T
|

i
:

&
F
\
L]
l
|
|I
=1

\
T
I

 How to design quantum circuit to achieve quantum advantage?

Classical C _ Quantum Computing:
_ W assical Computing: _
0 5( Z X X Wl) ‘ Can we reduce complexity to

t€[0,N) Complexity of O(N) oo
where § is a quadratic function O(ploylogN), say O(log“N):

Talk by JQub@Mason Dr. Weiwen Jiang, ECE, GMU 31 | George Mason University



QuantumFlow Results

10*

FC(Q) - 50 trails
e U-LYR - 50 trails
. - FC(C)
g ~o- FC(Q) - Average
§ 103 | —o U-LYR - Average
2 [] FC(C)v.s. U-LYR
o
G
o
I
N’
z 100 L
@)

10! . . | |
16 32 64 128 256 512 1024 2048
Input Sizes of Neural Computation

[ref] Tacchino, F., et al., 2019. An artificial neuron implemented on an actual quantum processor. npj Quantum Information, 5(1), pp.1-8.

Talk by JQub@Mason Dr. Weiwen Jiang, ECE, GMU 32 | George Mason University



Quantum Neural Network: QF-Mixer

Exploration of Quantum Neural Architecture by Mixing
Quantum Neuron Designs

Published at IEEE/ACM International Conference on Computer-Aided Design 2021

Presenter: Zhepeng Wang

Network exploration

Co-Design Network compression | (el /ele
Framework P

-

OIERIUNIIYA Programming library QFNN

|
(

Device-level design QPluse
L

>/

Talk by JQub@Mason Dr. Weiwen Jiang, ECE, GMU 33 | George Mason University




Challenges

hli+11]

sep
5x5
*

Reduction Cell

Different operators/neurons in
classical computing can be
connected seamlessly.

Talk by JQub@Mason

Dr. Weiwen Jiang, ECE, GMU

No Rules No Rules

F F
“ ' Arbitrary
P-Neuron Mixture
—_

No Rules

Rule A

P-Neuron

QF-Mixer /

Rule B

Connect different quantum neurons
may incur high overhead;
will not be seamless.

35 | George Mason University




QF-MixNN
=  VQC and QuantumFlow are complementary to each other and can be mixed.

vQC

Advantage

QuantumFlow

Disadvantage

\ / * Binary weights
Disadvantage 1+1 > 2 Advantage

* Linear classifier

* Real-valued weights

* Easy to be extended to multiple

e Cannot be extended to .
nonlinear layers w/t
multiple nonlinear layers with

measurement
low cost
Classical Quantum Classical
Data || ,m ________ m } m | m ------------------ ------------------------ m ------------------ Data
Pre-Pro 7 Post-Pro
| R1 | —R2— F—————R}—————————— |

Talk by JQub@Mason Dr. Weiwen Jiang, ECE, GMU 36 | George Mason University
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QF-MixNN Achieves the Best Accuracy on MNIST

TABLE |

EVALUATION OF QNNS WITH DIFFERENT NEURAL ARCHITECTURE

Architecture MNIST-2T MNIST-3T MNIST4F MNIST ST IMNISTS

VQC (VxR1) 9791% 909% 9345% 9135% |52.77%
QuantumFlow 05.63% 9142% 9426%  8953% J6992%
T UNAU D 9736%  9277%  9441%  93.85% |88.46% |
QF-MixNN V+U+P 8745% 82.9% 2 44% 9156% J90.62%
V4P 9172%  7693% 8843%  85.02% [49.57%
—

Input resolutions: T 4 x 4: ¥ 8 x & 5 16 = 16

Non-linearity is important. A linear decision
boundary is not sufficient for complicated tasks.
Real-valued weight is helpful. It increases the

representation capability of QNN significantly.

* Achieve highest accuracy for full set of MNIST dataset
 QF-MixNN takes the advantage of both VQC-based QNN and QF-Net from

Quantumflow.

Talk by JQub@Mason

Dr. Weiwen Jiang, ECE, GMU
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Quantum Pulse: VQP

Variational Quantum Pulse Learning

Published at IEEE Quantum Week 2022

Presenter: Zhiding Liang

\\

Network exploration
_ <4
Co-Design Network compression
oy
)

Framework

OIERITNIYA Programming library
Device-level design -
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Why pulse learning? T NOTRE DAME

 Variational quantum circuit (VQC) shows the potential on ML tasks on explore

search space due to the property.
« Compared to the VQC, VQP has more parameters that learnable.
« Compared to the VQC, VQP avoid partial of noise from decoherence error.

« Compared to the VQC, VQP directly change the physical parameters on physical

pulses. Thus, gain the flexible on the control.

[ var
B vac

60° 58%

»

# of images for training




Why pulse learning?

Name: block3, Duration: 6161.8 ns, Backend: fake belem
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Why pulse learning? T NOTRE DAME

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

(Quito) (Belem) (Jakarta) Advantage in specific gate
CRX(r) gate 26832.0dt 32016.0dt 26832.0dt
CX gate 25136.0dt 27728.0dt 25136.0dt
Model #ot Gate 4 g _jakartaTmI?o]i:s)z simulator (Belem)
VQP 9 40816.0dt 45168.0dt
VQC* 12 58896.0dt 58768.0dt Advantage in general
VQP_transpiled 11 32368.0dt 32816.0dt circuit

VQC*_transpiled 17 53008.0dt 46192.0dt




Experiment Result

Accuracy
Model Noise simulator (Belem)  ibmg_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

Achieves higher accuracy
under same condition

VQC with more gates has
similar performance in
terms of accuracy
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Challenge for Pulse Learning

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

2. 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

vQrP 9 0.71 VQC with gradient 9 0.73

VQC* 12 0.68 VQC* with gradient 12 0.77

This table shows the VQC with gradient-  Gradient based algorithm shows
based algorithm and VQP with Bayesian  advantages than BO based.
optimization framework, both for same

machine learning task.

Solution and future task:
1. Improvement on optimization process.
2. Developing an efficient and differentiable pulse simulator.



CompVQC

Quantum Neural Network Compression

Presenter: Weiwen Jiang

Network exploration
Co-Design Network compression

Framework

OIERIUNIIYA Programming library
[Device-level design ]
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https://arxiv.org/pdf/2207.01578.pdf

Compression: From Classical To Quantum
* Pruning and Quantization in Classical ML
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(d) Cost of Different Levels in Classical NN

0.36
(b) Classical NN with Pruning

0.375
(c) Pruned NN with Quantization

(a) Non-Compression Classical NN

* Pruning and Quantization in Quantum ML
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(h) Cost of Different Levels in RX Gate in QNN

 Pruning: Not only O can be pruned, but also 2pi, 4pi, etc.

* Quantization: Different guantization level may have different cost

Talk by JQub@Mason

Dr. Weiwen Jiang, ECE, GMU
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Quantum Compression is Compilation Aware

qo — Rz(n/6) (N Table 1: circuit depth of compiled quantum gates on IBM
quantum processors; parameters are in the range of |0, 47]
i Rx@7) [{R2(w/6) (N Gate 0 n 27 37 4r /2 37m/2 5r/2 7m/2 others
C 0 vl RX 01 0 1 0 1 3 1 3 5
RY 0 2 0 2 O 3 3 3 3 4
Compilation CRX 0 8 5 9 0 11 11 11 11 11
CRY 0 8 6 8 0 10 10 10 10 10
Log.  Phy. _
qubits  qubits Basis Gates
q, = 1 Rrzwe) N
q, = 2 rzw?) Hvx HRe(6mDf{vx [Rz2(m12}HH Rz(-n/12) -~ 7 oN—
0 1

C V r 7 7 7 7 Y
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CompVQC Framework
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Stage 1: Preparation Stage 2: Compression Stage 3: Deployment
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Results

[vanilla VQC [[JZero-Only-Pruning
[lCompVQC-Pruning [JCompVQC-Quant [JCompVQC
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(a) Accuracy Comparison
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(b) Circuit Length Comparison
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« CompVQC can maintain high
accuracy with <1% accuracy
loss

« CompVQC can reduce circuit
length by 2.5X
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Quantum NN Library: QFNN

QuantumFlow Neural Network (QFNN) API

IEEE International Conference
on Quantum Computing
and Engineering — QCE21

Released at IEEE International Conference on Quantum Computing and Engineering

Presenter: Weiwen Jiang

Network exploration ]
Co-Design Network compression ]

Framework

OIERITNICYAE Programming library
Device-level design

O (Source Code of All Hands-On in Tutorial)

(Source Code of QFNN API & Place to post Issues)

python’

(ﬁ\’ package  (Package of QFNN on PYPI)

(QFNN on Libraries.io)
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https://github.com/JQub/QuantumFlow_Tutorial
https://github.com/JQub/qfnn
https://pypi.org/project/qfnn/
https://libraries.io/pypi/qfnn/

Open-Source Quantum NN Library: QFNN

@ QlSklt + O PyTOrCh + UanNmFlo"V

QFNN 0.1.17 documentation » QuantumFlow Neural Network (QFNN) API.

Table of Contents QuantumFlow Neural Network (QFNN) API.
QuantumFlow Neural Network
Incices and tables Indices and tables

This Page « Index
Show Source * Module Index

* Search Page

Quick search

https://jqub.ece.gmu.edu/categories/QF/gfnn/index.html https://github.com/jqub/gfnn
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Example 1. QuantumFlow

Sub module of JEelialgNe|I«l{e

* Given: (1) Number of input neural2?V; (2) number of output neuron M;

(3) input 7; (4) weights W; (5) an empty quantum circuit C

* Do: (1) Encode inputs to the circuit; (2) embed weights to the circuit; (3) do accumulation and quadratic function

e Output: (1) Quantum circuit C with M output qubits

#create circuit C

N
circuit = QuantumCircuit () N for 2% data M

#init circuit, which is corresponding to a neuron with 4 gqubits and 2 outputs
u layer = U LYR Circ(4,2)

fcreate qubits to be invovled

inps = u layer.add input qubits(circuit)

aux =u layer.add aux(circuit)

u layer out qubits = u layer.add out gubits(circuit)

#add u-layer to your circuit w J

Algorithm 4: QF-Map: weight mapping algorithm

Input: (1) An integer R € (0,2%~1]; (2) number of gbits &;
Output: A set of applied gate G
void recursive(G,R k){
if (R < 2K-2){
recursive(G,R,k — 1); // Case 1 in the third step
}
else if (R ==2F"1){
G.append(PGy.); // Case 2 in the third step
return;
}else{
G.append(PGy.1);
recursive(G,2"’1 — R,k —1); // Case 3 in the third step
}
}
// Entry of weight mapping algorithm
set main(R,k){
Initialize empty set G;
recursive(G,R,k);
return G

}

u layer.forward(circuit,binarize(weight 1), inps,u layer out qubits,quantum matrix, aux)

#show your circuit
C circuit.draw('text', fold=300)

Talk by JQub@Mason Dr. Weiwen Jiang, ECE, GMU
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Example 2: variational Quantum Circuits

Sub module of JEelialgNe|I«l{e

e Given: (1) Number of input qubits V'; (2) weights W; (3) a quantum circuit C with input data having been encoded

* Do: (1) embed weights W to the circuit;

e Output: (1) Quantum circuit C with measurements

Circuit 10

#define your input qubits
vgc = V_LYR Circ(4)

#add the first v-layer to your circuit; We currently provide V10 and V5 only
vgc.forward(circuit, inputs, 'vl0',np.array(thetal,dtype=np.double))
#add the second v-layer to your circuit
vgc.forward(circuit, inputs, 'vl0',np.array(theta2,dtype=np.double))

[

circuit.barrier () _y
#add measurement to your circuit if needed
add measure(circuit, [inputs[0] [0],inputs[0] [1], inputs[0][2],inputs[0][3]], 'reg")

circuit.draw('text', fold=300)
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Example 3: An artificial neuron implemented on an actual quantum processor

Sub module of JEelialgNe|I«l{e

* Given: (1) Number of input qubits V'; (2) number of output neuron M;
(3) a quantum circuit C with input data having been encoded
* Do: (1) embed weights to the circuit; (2) do accumulation and quadratic function

e Output: (1) Quantum circuit C with M output qubits

N M 04 g: -
#define your input and repeat number o] ' B
f layer = F LYR Circ(4,2) 1 e | e !
#add qubits to your circuit if needed ..4, -
aux = f layer.add aux(circuit) L s semmamem T === —~
f layer out qubits = f layer.add out qubits(circuit) et }
#add f-layer to yourcéircuit w

f layer.forward(circuit,binarize (weight 1), inputs,f layer out qubits,None, aux)

circuit.barrier ()
circuit.draw('text', £fold=300)
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Outline

= Background
= Perspective: Co-Design --- from Classical to Quantum

= Built Design Stack
=  Quantum Neuron with Quantum Advantage: QuantumFlow
= Quantum NN Library: QFNN
= Quantum Neural Network: QF-Mixer
= Quantum Pluse: VQP

= Conclusion
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Conclusion & Resources
* How to build up quantum circuit for neural networks from scratch
« Co-design stack can build a better quantum neural network accelerator

« Along with the development of guantum computers and quantum neural
networks, we will see real-world applications in the NISQ Era

(Source Code of All Hands-On in Tutorial

(Source Code of QFNN API & Place to post Issues) Network exploration QF-Mixer

Co-Design

Framework Programming library QFNN

(Package of QFNN on PYPI)
(QFNN on Libraries.io)

QuantumFlow

Logic-physical Compile Rob%stNN

N /)

(JQub Website)

(News and slides)

: / (QFNN Documents) _
arXiv
F:u/i%\/¥*
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https://jqub.ece.gmu.edu/
https://jqub.ece.gmu.edu/categories/QF
https://jqub.ece.gmu.edu/categories/QF/qfnn/
https://www.nature.com/articles/s41467-020-20729-5
https://arxiv.org/pdf/2012.10360.pdf
https://arxiv.org/pdf/2109.03806.pdf
https://arxiv.org/pdf/2109.03430.pdf
https://github.com/JQub/QuantumFlow_Tutorial
https://github.com/JQub/qfnn
https://pypi.org/project/qfnn/
https://libraries.io/pypi/qfnn/

Thank you!
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Goal: From Al Democratization to Quantum Al Democratization

Our Previous Contributions
(Network-Accelerator Co-Design)

Given: (1) Dataset; (2) Target Hardware, e.g., FPGA.

Objective: *CAutomated Jearch for NN and HW design
« MaXimize accuracy on the given dataset

« Maximize hardware efficiency

Output: A pair of neural network and hardware design
Arch Search Space FPGA Design Space
————— ——

NN1 . Design 1
Implementation FEEE

> Accuracy & Optimization ajazaafa

NN2 Design 2

o

ﬁ NAS SR
> [TII]

[ref] Jiang, Weiwen, et al. "Accuracy vs. efficiency: Achieving both through fpga-
implementation aware neural architecture search.” DAC 2019.

Talk by JQub@Mason

Quantum Al Democratization

Given:

 Dataset
 Q Processor

Objective:

« Accuracy T
« # of Qubits |
« Circuit Len. 4

Output:
« QNN

* Q Circuit
* Q Implement

Dr. Weiwen Jiang, ECE, GMU

Y X Thi=iX T i T
(Label) (Feature/lmage)  (InputLayer) (Hidden Layer 1) (Hidden Layer2) (Hidden Layer 3)

Automated

Co-Design
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NN BN, $Z 02020 020 2w, . h .- B4
Progress of Classical Al Democratization

Google’s Initial Contributions
(Neural Architecture Search)

 NAS with RL (ICLR 2017)

* NAS with Para. Sharing (ICML 2018)
« NASNet (CVPR 2018)

« MNasNet (CVPR 2019)

< IEEE

IEEE Council on Electronic Design_Automation
fiereby presents the
2021 IEEE Transactions on Computer-Aided Design
Donald O. Pederson Best Paper Award
to
Weiwen Tiang, Lei Yang, Edwin Hsing-Mean Sha, Qingfeng Zhuge,
Shouzhen Gu, Sakyasingha Dasgupta, Viyu Shi, Tingtong Hu
for the paper entitled
Hardware/Software Co-Exploration of Neural Architectures”

et Cosrgy ﬂ%,,m Sorr—
/ 4
Rajesh Gupta

s ®
EEMA
Editar-in-(fief =

et o R o ek e g Aty
ign

Our Contributions
(Network-Accelerator Co-Design)

FNAS (DAC 2019, Best Paper Nomination, BPN)
FPGA & Network (CODES+ISSS 2019, BPN)
NANDS for NoC (ASP-DAC 2020, BPN)

FNAS+ (IEEE TCAD 2021 Best Paper Award)
First place of 31st ACM SIGDA UBooth@DAC’21

Pl. “Software Defined FPGA Hardware and Co-
Exploration for Real-Time Applications”, NSF IUCRC
ASIC Center, 100K, (Co-PI: Yiran Chen @ Duke)

Co-Pl: “RAPID: Collaborative Research: Independent
Component Analysis Inspired Statistical Neural
Networks for 3D CT Scan Based Edge Screening of
COVID-19”, NSF IS, 98K, (PI: Prof. Yiyu Shi)

Co-PI. “Hardware/Software Co-Exploration of Multi-
Modal Neural Architectures Targeting AR/VR Glasses”,
Facebook Research Funding, 75K, (PI: Prof. Yiyu Shi)
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QuantumFlow: Taking NN Property to Design QC [

SO S1 S2 SO ->S1:
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O |0) DN
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Implementation 1 (example in Quirk):
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Implementation 2:
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[ref] Tacchino, F., et al., 2019. An artificial neuron implemented on an actual quantum processor. npj Quantum Information, 5(1), pp.1-8.



QuantumFlow: Quantum Neuron Optimization

S2
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Property from NN

 The weight order is not necessary to be fixed, which can be adjusted
if the order of inputs are adjusted accordingly

* Benefit: No need to require the positions of sign flip are exactly the

same with the weights; instead, only need the number of signs are

Au the same.

|0011>
H z - =9 @—O— S1=1[0,0.59,0,0,0,0.07,0,0,0.66,0.33,0.33,0,0,0,0]"
H o— Lo G—\f;—— ori + - - +

(/\> fin - + + -
H 6——=o© | 6--eo

—~ S1'=10,0.59,0,0.33,0.33,0.07,0,0,0.66,0,0,0,0,0,0]"
H G——9 G- |1011>
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QuantumFlow: Quantum Neuron Optimization

SO S1 S2

E, 10)
E, 10)

MATy

E, 10
Ek_1 0) }

O |0

H -~ -
H o—  G——
H 6——© -
H G- G—-

Talk by JQub@Mason

Algorithm 4: QF-Map: weight mapping algorithm

Used gates and Costs

Input: (1) An integer R € (O,Zk_l]; (2) number of gbits k;
Output: A set of applied gate G
void recursive(G,R,k){
if (R < 282){
recursive(G,R,k — 1); // Case 1 in the third step
}
else if (R == 2K"1){
G.append (PG 1 ); // Case 2 in the third step
return;
jelse{
G.append(PGsi-1);
recursive(G,Zk_1 — R,k —1); // Case 3 in the third step
}
}
/I Entry of weight mapping algorithm
set main(R,k){
Initialize empty set G;
recursive(G,R,k);
return G

Gates | cost
Z 1

CZ 1
C?Z 3
Cc3Z 5
C4Z 6
Ckz 2k-1

Worst case: all gates

Dr. Weiwen Jiang, ECE, GMU

O(k?)
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