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Review of Previous Sessions
Single-Qubit Gates
 Hadamard gate: H Gate

* Pauli operators: X, Y, Z Gates

* General gate: U Gate

Multi-Qubit Gates

—

95)

Controlled-Pauli gates

Controlled-Hadamard gate

Controlled-Phase gates
SWAP gate
Toffoli gate or CCNOT

W

Fredkin gate or CSWAP




Organlzatlon of Quantum I\/Iachme Learnmg Sessmns

References:

Background and Motivation [w4s1]

* What is machine learning and neural network

* Why using quantum computer

* Ourgoals &— /U' U ] ST

General Framework and Case Stud{?z_(TutoriaI on GitHub3) [w4s1- w4s2]

* Implementing neural network accelerators: from classical to quantum -

* A case study on MINIST dataset

Optimization towards Quantum Advantage! (Nature Communications) [w4s2]

* The existing challenges

* The proposed co-design framework: QuantumFlow

[1] W. Jiang, et al. A Co-Design Framework of Neural Networks and Quantum Circuits Towards Quantum Advantage, Nature Communications
[2] W. Jiang, et al. When Machine Learning Meets Quantum Computers: A Case Study, ASP-DAC’21
[3] W. Jiang, Github Tutorial on Implementing Machine Learning to Quantum Computer using IBM QiskitC/—



https://arxiv.org/pdf/2006.14815.pdf
https://arxiv.org/pdf/2012.10360.pdf
https://github.com/weiwenjiang/QML_tutorial

What is Machine Learning? @) NOTRE DAME

Reinforcement Learning

Example: Neural Architecture Search
L/—\, —

Supervised Learning
Example: Classification

Given: An environment that can give

Training

us reward based on our action

Given( Labeled datg)as training dataset S
Goal: discover the “natural groupings”  Goal: Maximize the expected rewards

w: X; training data, y;: label present in the data W

— — with probability p
Output: A learned functi rom XtoY }
- £ R +
P . X N O R
—_— Train fro ratch
Inference/Execution To Obtain "W
A
Given:@seen@ est dataset / \_ J
A learned function

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

controller Reward

3

o (G BV
Y X



What is Machine Learning? --- Our Focus T NOTRE DAME

Supervised Learning

Inference/Execution

Given: Unseen data test dataset
A learned function f

f(.)3



What i1s Neural Network?

Supervised Learning

Inference/Execution

Given: Unseen data test dataset
A learned function f

N4 = PEE]

An unknown classification function;
(\__f—a
y=gx); s.t. y; = g(x;)

Learn a functio@vith parameters\@, b 1o approximate g:
Y (o) 7

Training is to minimize the loss function by adjusting parameters 0, b

- min: :ﬁ) = ;:(i(xi;e:li)_ Vi

(b

—_—

Perceptron model, where o is a ngn-linear function:

@‘)ﬁ\ j\/ AN
Feedforward nelral network:<— ) D

A\

y = classifier(l,)

S e




What i1s Neural Network?

Sud Learning "w

(M’Q(Ur,/,[/u‘( 7;8?) ([O
W: ,0%,’

L2,0 Prob. of 3

S
v

lz'l Prob. of 6

~ |3 o>l
Y716 Ly < lpy

) by 6, by

Example of feedforward neural network for n = 2

Perceptron model, where o is a non-linear function:
y =0a(0x +b)

Inference/Execution Feedforward neural network:

Given: Unseen data test dataset l, = 0'1(91x + b1)
A learned function f l, =0,(0,11+b,)

Do: f( ) =3 l, = an(é;@.l:@—l + bn)

n
y = classifier(l,)
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* Imbalanced “demand and supply” of NN on classical computing
* The growing power of quantum computing

 Linear algebra is central for both quantum computing and machine learning




NN on Classical Computer: Computation & Storage Demand > Supply

<’{» i
” Inception-v1 .

ShuffleNet . NASNet-A(N=4)
MobileNet

20% 10% ( 4% |
Top-five error

50 DNNSs in academia without | VGG-19 > PolyNet
structural optimization £ “ResNext-101 ‘ DPN-13
g 7 Resplet152
20 DNNSs in academia with . (2015)
. structural optimization
) ] Inception-v4
% 10 OverFeat (2016)
@ (2013, Inception-v3 ResNet50
% 2 AlexNet GooglLeNet NASNet-A(N=7)
2 (2012) (2014)
8 & ) ' NASNet-A(N=5)
5 Inception-v2
@
o
£
=3
z

-

Number of DNN operations increases onentially

Neural Network Size

VGG-19
200 OverFeat (2014) VGG-16
100 (2013) ResNext-101  OYNel a1
_ NASNet-A(N=7) “ ResNat152
n AlexNet ResNet50 (2015)
% (2012) . Inception-v4
g Inception-v3 ResNet110.(2016)
ﬁ e o
E 20 S Xception NASNet-A(N=7)
g Inception-v1 NASNet-A(N=5)
E 10 ShuffleNet DNNs in academia without
é Mobllenet NASNet-A structural optimization
s 5 (N=4) " GoogLeNet
(2014) DNNs in academia with
3 structural optimization
20% 10% 4%
Top-five error
Number of DNN parameters increases exponentially

Computation
Gap

Storage
Gap

Moore's law trend for Moore's law end
1,000 performance according to ref. 35
500 L 2 PDofGPUs 4P PDof ASICs < PD of FPGAs ‘
DaDianNao
g Stratix 10 GX 2800 ShiDianhao .
z E 100 Arria V GX660 Diannao ‘Camhr‘lcon
2T ;
o
§ E 50 L NeuFiow Arria VBAGZE7 o Moues
58 . - GTX 1080 . GTX 1080 Ti
§ & 20 Arria || EP2AGZ350
1o, Strati IV EP4SGX230 GTX Titan X P100 vioo
&TX 690 GTX Titan - GTX Titan Z & TrU
5 ® wiyriac ’ Eyeriss
R GREO I ’ EIE
65nm 45nm  40nm 28nm 16nm 12nm

201 2012 2013 2014 2015 2016 2017

Year
Performance density almost stops increasing

Traditional Hardware Capability

200
SRAM energy efficiency (the same with
Moore's law trend for energy efficiency™)
g- 100 HBM-2
£
g HBM-1 GDDR6
S~ LPDDRS
é" 'E; 50 T LPDDR4x
33 WIO-2 P— DDRS
ES LPDDR3 DDR4
2 30 | DDR3
& in 2007
S Energy efficiency of DRAM
GDDR4 = Energy efficiency of SRAM
| in 2007 | sonm 80nm  30nm 20nm 18nm 16nm
I T T T T T
2011 2012 2013 2014 2015 2016 2017

Energy efficiency of memory stops increasing

[ref] Xu, X., et al. 2018. Scaling for edge inference of deep neural networks. Nature Electronics, 1(4), pp.216-222. 8




Scaling IBM Quantum technology

18M 0 Systemn One (Released Hext family of 1BM Quantum systems

we are here today

deployed on
09/01/20

Falcon

o~

i Eagle

Hummingbird

2020 2021 2022
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The Power of Quantum Computers Qublt @) NOTRE DAME

Reading out Information from Qubit

Classical Bit
~—/I”“\I‘ (Measurement)
B o
X~ Yoj1
as 0 O
Quantum Bit (Qubit) |Y) Q
2
) = 10)(and) 1) @) T>1 ]
) Probability Non—Deterministic
|1/J> — Cl0|0) + a1| Computing
a2 +a? = 100%
S. t. ao + a1 = 1009% 40% + 60% = 100%

10
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The Power of Quantum Computers: Qubits

2 Classical Bits
O0Oor0Olorl10orll

for 1 value

2 Qubits
C00|OO> and C01|01> and

C10|10> and C11|11> °

for 27 values
Qpo, A1, A10, A11

QUbitS: do, 91
1q0) = agl0) + a,|1)
|q1) = bo|0) + by|1)

190, 91) = 190) @ |q1)

LR Il LR TR e e et TEETEERre e RN L

T JUNIVERSITY OF
NOTRE DAME

[ J
~—

115GB data

I
3 X 1019 humbers

35 qubits

= C0|00) + ¢¢1/01) + ¢10/10) + ¢41]/11)

|00): Both g, and g, are in state |0)
c&o: Probability of both g, and g4 are in state |0)

2 _ 2 2
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Lmear Algebra IS also Central for Quantum Computmg i

Matrix multiplication on classical
computer using 16bit number

Ayny X By1=Cy1
\/\/'\___ S~

Operation: Multiplication:@

Accumulation: M x (M — 1)

Special matrix multiplication on
guantum computer

g0 |0} {w(X)
ql |0){w(Y)

Operation: logM Hadamard (H) Gates

1 1 1 1 ]
1 -1 1 -1

1 1 -1 -1
1 -1 -1 1]

\./\/N\_\__———*

190, q1) = Co0l00) + c91101) + ¢14[10) + ¢14]|11)
.

— ?1)(1, (vector representation)

[C11 ]

1
AN,N X BN,l — 5 X

H®H=%E —11]®EH _11] = Ann

H ® Hl|q0,91)
= dyo|00) + dy1]01) + dy10[10) + dq4|11)

12
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Goals
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3 Goals to Have an End-to-End Implementatlon and Quantum Advantages'

I

T

LR

LR

Goal 1: Correctly Implement!

( F

LR

Goal 2: Efficiently Implement!

0=5< z xixWi>

i€[O,N)

where ¢ is a quadratic function

Classical Computing:
Complexity of 05(N)>

Quantum Computing:
Can we reduce complexity to

O(ploylogN), say O(log?*n)?
(ploylogN), say O(log“n)

PEERERnnrrr eyl | RRRRRR RN

LR

LR L

Goal 3. Scale-Up!

i1l 11

L

L
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Organization of Quantum Machine Learning Sessions

@
= General Framework and Case Study? (Tutorial on GitHub3) [w4s1- w4s2] **

* Implementing neural network accelerators: from classical to quantum
* A case study on MINIST dataset
= Optimization towards Quantum Advantage! (Nature Communications) [w4s2]

* The existing challenges

* The proposed co-design framework: QuantumFlow * e @

References:
[1] W. Jiang, et al. A Co-Design Framework of Neural Networks and Quantum Circuits Towards Quantum Advantage, Nature Communications
[2] W. Jiang, et al. When Machine Learning Meets Quantum Computers: A Case Study, ASP-DAC’21

[3] W. Jiang, Github Tutorial on Implementing Machine Learning to Quantum Computer using IBM Qiskit
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https://arxiv.org/pdf/2006.14815.pdf
https://arxiv.org/pdf/2012.10360.pdf
https://github.com/weiwenjiang/QML_tutorial

Y
(Label)

X Tyi=:X
(Feature/lmage)  (Input Layer)

Ty
(Hidden Layer 1)

T, Ty
(Hidden Layer 2) (Hidden Layer 3)

CPU/GPU
Accelerator

Quantum
Accelerator

Wy

— XA
AsSo - lvee 2. =

<
—

CI—TW Accelerator

Pre-Processing

<28 (20 EXY (S} (SN ) (e}

Post-Processing
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Neural Network Accelerator Design from Classical to Quantum Computing

HW Accelerator

Pre-Processing

Y 28 (G20 EXY (OS] (SN [ [e)

D

DHODE
S

s

o

Post-Processing

ai@

Quantum Circuit

Pre-Processing

0>

0>

o

NISISRRN

Post-Processing

o oladon =P FV?P

@y | Arc
(3)0‘0‘\& poctp

(2)

2.1) Guudon. — SHote = Preps UF
(2.2) Neual (o p. U“
0 pesurer! M

PreP + U, + U, + M + PostP

17




PreP 0

* Given: (1) 28 X 28 image, (2) the number of qubits to enco ata (say Q=4 qubits in the example)
—_—

 Do: (1) downsamplmg from 28 x 28to 29 = 16 (2) converting data to be the state vector in a unitary matrix
s

Data Pre Processmg Zé%

~————

Output: A unitary matrix, M ¢x16

0.0039

0.0039
0.0863

10.1137

0.2118

0.2784
0.3176

0.3608

Step 1: Downsampling

From 28 X 28to4X%X 4

0.2941
0.5961

0.0275]

0.0667

0.5216 0.0588

0.1725 0.0039]
/

>

0.0039

0.0039
0.0863

10.1137

Step 2: Formulate Unitary Matrix

Applyinethod
(See Listing 1 in Tutorial Paper)

S

0.2118

0.2784
0.3176

0.3608

0.2941

0.5961
0.5216

0.1725

—

0.0275]

0.0667
0.0588

0.0039.

> L=

—

[

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

—_

> Unitary matrix: M16x16


https://arxiv.org/pdf/2012.10360.pdf
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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 thewude of states are consistent with the data in the(unitary matrix, M;4x16

Let’s use a 2-qubit system as an example to encode a matrix M4
/e

o) |10)\—
0)

input

IBM Qiskit Implementation:
< P
inp = QuantumRegister(&4, ”in_qubit”)
circ = QuantumCircuit(inp)
iniG = UnitaryGate(data_matrix, label="input”)
circ.append(iniG, inp[O:ﬁl)

ata_matrix

J—\/\‘l ;L‘C‘ ]OV\ ’
G—\/_\.
19



Tutorial 1: PreP + U,

https://github.com/weiwenjiang/QML tutorial/blob/main/Tutorial 1 DataPreparation.ipynb

20


https://github.com/weiwenjiang/QML_tutorial/blob/main/Tutorial_1_DataPreparation.ipynb

--- Neural Computation - | ’
-+ @
O . b+

Given: (1) A circuit with encoded input data x; (2) the trained binary@r 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

}Oino/vj W] “

« Assumption 1: Parameters/weights (W, --- W) are binary weight, either +1 or -1
* Assumption 2: The weight W, = +1, otherwise we can us (quadratic func.)

Step 2{n)= ] Step 3: 0 =@

=

torch on classical computer are the same.

SO

21



--- Neural Computation: Step 1
CZ Input

i 111 I | | ! 1L (AR RN g |

1
+1
+1

—1

100)

101)

110)

111)

Output

Do

100)

101)

110)

111)

22



Uy --- Neural Computation: Step 1
Input XI N Xl Output

Step1l:m; = x; X w;

Ne——— ’ )
- | Ol 10 >\ 5| ox) | 100) | /7, |100)
EX: 4 input data on 2 qubits @[ |1>/\ Do |01>_S>C) @, | 101)
0, H_o/.jQ O | 110) | A [~ Ay | 110)
@[]~ Dl 1S | Rs| 111
o CZ
+1
_|+1
e 4+—6 — /'
+1. |

23
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Uy --- Neural Computation: Step 1

Step1l:m; = x; X w; Input Xi
EX: 4 input data on 2 qubits ag I@]O) | | az |]00)
ar | 191). =D as |[01)
a, |[10) Y a, |[10)
az | |11) Nea; | [11)

(il Al e)

[+1] @

-1 o 7 Xl Output
Input
E a - X&Z/-X—

24
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--- Neural Computation:

LRI

1

: or ti or :% or I%
EX: 4 input data on 2 qubits +1) |+1] |+1
(+1] =
_|+1| o 7 s
e S g — input | 7 Flip the sign of |11)
31_ 1 ~ _
g0 - A X 9 X
w= f% input 7 Flip the sign of |10)
d1 — — — ‘
[+1]
[+1] |
W= |1 o . hd Flip the sign o
= 1+1 Input
1] d1 H X HZHXFE = —

25



Step 1: m;

///ﬁiijfﬁ
+1[ | qo
+1
— +1 ql =
=141
+1| | 42
+1
=11 [anc
I1CZ:
(
[

Un --- Neun_ (o |10000)
QA | 10001)

7i§§$ziffi 5?éL 10010)
EX: 8 input data on 3 qubits A 5110011)
] o @—_7 (A ¢/ | 10100)
— O\c | 10101)

input = o QA |10110)

- Z | o1y
X X 0 |]1000)

inp 0 11001)

g o |11010)

| Ly | o |l1011)]

, 14 o | 11100)

I 1 o |]11101)

0 |l1111)

Input M CCIX SN CCIX F—

atior] (Lo | 10000)
(s | 10001)
5 |10010)
O |10011)
CPyr 10100)
D+ |10101)
(3¢, | 10110)
0 |l0111)
0 |11000)
o |11001)
o |11010)
O] 1101>

- 2\ | 11100)
T 4 (|11101)
e )
T (| 11111

(1., |10000)
X ) |10001)
(R [10010)
(12, |10011)
&, 110100)
Oy~ | 10101)
A |10110)
— (| 10111)
o |11000)
o |[1001)
o |11010)
o | 11011)
o |11100)
9 |I1101)
9 111110)
0 |11111)




Step1l:m; = x; X w;

EX:
1

+1
+1
+1
+1
+1
+1

—1.

8 input data on 3 qubits

qo — ®

d1 —] input L

Neural Computatlon Step 1

Flip the sign of |111)

CC &

anc X
|101)
do It
d1 Y
qz> — 7

001)
do — =
d1 ji
d> U

27



Step1l:m; = x; X w;

EX: 16 input data on 4 qubits

do — ® ®
91 — ® ®
g, — Input T T

q3z —

ancq X L L X
anc, X X ——

do

d1
q>

COC A

Flip the sign of [1111)

28



--- Neural Computation: Step 2

Output
e .
’|00)
/ gd (II
Do not care ||01)
Do not care | |10)
Do not care | |11)

29
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Uy + M -- Neural Computation (Step 3) & Measurement

EX: 4 input data on 2 qubits ( PXCONNIE] > [000) | | Donotcare ||000)| | Donotcare | [000)
: D t 001 Do not care | |001
g6 |-~ ZIHHEX Do notcare | 1001) | | Do notcare | 1001) 1001)
0 = Do not care | |[010) Do not care | [010)
| S | 7 i H X Do not care |010)( » 0
h Do not care | |011) Dz(mi)/‘/m” 1L . 011)
- 0 190
0 0 |100) 0 |100) m m? )
X HCO [ o] [ldn

= 7K 0 |101) 0 |101) \/
input i 0 110
P o= 0 1110) 0 110) 10

0 0

1111) 1111) ;Z@no/m 1111)

Output \ - L) )]
= \+> — s D=
P{0=|1>}=J{>|1%>}OP{|101\>} P{uzoﬁp{|2;\>} =+F% 0F I\_

|| —

——
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Tutorial 2: PreP + U, + Uy + M

https://github.com/weiwenjiang/QML tutorial/blob/main/Tutorial 2 Hidden NeuralComp.ipynb

31


https://github.com/weiwenjiang/QML_tutorial/blob/main/Tutorial_2_Hidden_NeuralComp.ipynb

Takeaway: A Framework and Detailed Design for Goal 1

Goal 1: Correctly Implement!

Pre-Processing

0>

0>

0>

SISISHRN

Post-Processing

Next Course on Friday 01/08/21

32




Have a Try on PreP + U, + Uy + M

Given inputs and weights

0.3

0.5

0.7

0.9

Output:

X0
PreP X1
X2
X3
o —
1 — p)
qdz - ‘
qz —

Send your answer to us to
check whether it is correct!

wijiang2@nd.edu;
mcoffeyl@nd.edu;
cmcdona8@nd.edu:

33
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Thank You!

wjlang2(@nd.edu
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