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Quantum Computers Have Come to Our Life
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The Power of Quantum Computers: Qubit

Classical Bit Reading out Information from Qubit
(Measurement)
X=0o0r1
a3 o O
Quantum Bit (Qubit) [YP) Q
2
) = |0) and |1)> aj 1 1
Non—Deterministic
a Probability .
|1/J> = a0|0> + aq|1) = ( O) Computing
a1 as +a? = 100%

40% + 60% = 100%
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The Power of Quantum Computers: Qubits

2 Classical Bits
O0Oor0Olorl10orll

n bits for 1 value
x €[0,2™"—-1]

2 Qubits

Co0|00) and c41|01) and
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n bits for 2™ values
aO' all aZl an

QuantumFlow @ Villanova University
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Computation: Logic Gates vs. Quantum Logic Gates
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Single-Qubit Gates and Superposition

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

X y - Hadamard gate: H Gate *‘
AD:)’ « General gate: U Gate o

Not Gate 0) — X - [(1) (1) |0) — H B %E —11]

. Lol o] [”] al Alxbl=5h




Multi-Qubit Gates and Entanglement
= Multi-Qubit Gates

* Controlled-Pauli gates
» Toffoli gate or CCNOT

._
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Hands-On Tutorial (1)
Basic Quantum Gates



https://github.com/weiwenjiang/QuantumFlow_Tutorial
https://colab.research.google.com/github/JQub/QuantumFlow_Tutorial/blob/main/session_1/Tutorial_0_Basic_Quantum_Gate.ipynb

Outline

= Background
= Co-Design: from Classical to Quantum

=  QuantumFlow

= Motivation
= General Framework for Quantum-Based Neural Network Accelerator
= Co-Design toward Quantum Advantage

=  Recent works and conclusion

QuantumFlow @ Villanova University Dr. Weiwen Jiang, ECE, GMU 10 | George Mason University




Co-Design

Y X To=X T, 75 T, Y X To=X T, 5 5
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« Dataset (e.g., ImageNet) ca ca
ML Task (e.g., classification)
Dog Dog
« HW (e.g., FPGA spec.)
Do:
* Neural network design Co-Design Co-Design
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QuantumFlow @ Villanova University Dr. Weiwen Jiang, ECE, GMU 11 | George Mason University



My Previous Background: Co-Design of Neural “Architectures”

Y i To=X T T T3
(Label) (Feature/lmage)  (InputLayer)  (Hidden Layer 1) (Hidden Layer 2) (Hidden Layer 3)

e What is the best Neural Network Architecture for FPGAS

 Model optimization (pruning and quantization)?

Network exploration (G'g'ﬁgsle)
Co-Design
.
_ Framework Proaramming librar DNNBuilder
Co-Design « Library i O 9 g y (UIUC)
g., >
FNAS) h
DNN on FPGA
Place & Route (UCLA)
2
; T 1 . .
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Current Works: Co-Design of Neural Networks and Quantum Circuit

Y X To=X Ty T, T3
(Label) (Feature/lmage)  (InputLayer) (Hidden Layer 1) (Hidden Layer2) (Hidden Layer 3)

« What is the best Neural Network Architecture for QC?

Network exploration QF-Mixer

Co-Design

Co-Design « Library SEWEVLSRE Programming library QFNN
QuantumFlow

Logic-physical Compile [ESiasitEEE

kI I Y

\_

 What is the best QC design for neural networks

QuantumFlow @ Villanova University Dr. Weiwen Jiang, ECE, GMU 13 | George Mason University



Co-Design of NN

Systems on

Quantum Computer

% X 5 1=4X T 5 T
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Co-Design
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Motivation and Challenges

1
50 @ DNNs in academia without | VGG-19 PolyNet
structural optimization | (2014) ResNeXt-101 . DPN-131
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5 i
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Deep neural network grows exponentially

Moore's law trend for Moore's law end
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400 i
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2019 2020 2021 2022 2023
Quantum computer grows exponentially,

Further questions:

Fundamental questions:

« Can we implement Neural Network on Quantum Computers?
« Can we achieve benefits in doing so?

* What is the best neural network architecture for quantum acceleration?

« What is the problem for near-term quantum computing, i.e., in NISQ era?

15 | George Mason University



Motivation and Challenges
Fundamental questions:
« Can we implement Neural Network on Quantum Computers?
« Can we achieve benefits in doing so?

10* o FC@ - 50 rails
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d : ‘
e}
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z 10
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10!
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Input Sizes of Neural Computation
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What’s the complexity? Quantum Advantage?

« Classical computer with 1 MAC
Time: O(N)
Space (Comp. Res.): 0(1)
Time X Space: O(N)

« Classical computer with N MAC
Time: 0(1)
Space (Comp. Res.): O(N)
Time X Space: O(N)

QuantumFlow @ Villanova University

A

\ 4

circuit length ‘

5 (o~ , Z | H B
qubits | 917 1 Z —O— HT

X

indul

X

40 X i

 Time-Space Complexity in Quantum computer

Time: Circuit Length
Space (Comp. Res.): Qubits
Time X Space (T — S): Qubits X Circuit Length

 Given that T — S complexity on classical computer
is O(N), Quantum Advantage is achieved if T — §
complexity on Quantum can be O(ploylogN) or
lower. ------- Exponential Speedup!

Dr. Weiwen Jiang, ECE, GMU 17 | George Mason University



What'’s the Goals?

Goal 1: Correctly Implement!  Goal 2: Scale-Up! Goal 3: Efficiently Implement!
I [ y
o :
: X4 : 0=5<2 XiXWi>
| | LE[O,N)
|
T : where § is a quadratic function
I I
|
| : Classical Computing:
Iy |
! " | Complexity of O(N)
................. pm————— I I
0 Hl |, N
o] = | - o | Quantum Computing:
. . | — -
00— U® | uWw) : U(N) =:'= : 1 P : Can we reduce complexity to
a : :: L | CIz — ° — |
: 1 : 2NN ?
|0} —] i 0 Fi‘ : g5 — _: O(ploylogN), say O(log“N) "
P :\----él-z’: I I

QuantumFlow @ Villanova University Dr. Weiwen Jiang, ECE, GMU 18 | George Mason University



Outline — QuantumFlow

= General Framework for Quantum-Based Neural Network Accelerator
« Data Preparation and Encoding
* Colab Hands-On (2): From Classical Data to Quantum Data
* Quantum Circuit Design
« Colab Hands-On (3): A Quantum Neuron

= Co-Design toward Quantum Advantage
* Challenges?
* Feedforward Neural Network
» Colab Hands-On (4): End-to-End Neural Network on MNIST
» Optimization for Quantum Neuron
« Colab Hands-On (5): QuantumFlow

* Results
QuantumFlow @ Villanova University Dr. Weiwen Jiang, ECE, GMU 19 | George Mason University




Neural Network Accelerator Design on Classical Hardware

Y
(Label)

X
(Feature/Image)

T():X
(Input Layer)

T
(Hidden Layer 1)

T,

T3

(Hidden Layer 2) (Hidden Layer 3)

\w%m

e

CPU/GPU
Accelerator

FPGA/ASIC
Accelerator

Quantum
Accelerator

QuantumFlow @ Villanova University

HW Accelerator

Pre-Processing

Y,

Y,

AY,

\\/ T

pJ @28 (G20 EXY (OS] (SN ) (e}

Dr. Weiwen Jiang, ECE, GMU

Y
\\V/
\\V/
\\\/

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

HW Accelerator

Pre-Processing

0

1 *

2 @ )

3

4 39

5 ® 0
6

7

Post-Processing

i

Quantum Circuit

Pre-Processing

QuantumFlow @ Villanova University

|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

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

QuantumFlow @ Villanova University
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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 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

03 051 PreP. [02343 x x x] U, [0) —
[o.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) : . v
] o ] inp = QuantumRegister(4, "in_qubit”)
02343 Xx X X| f1f 10.2343 circ = QuantumCircuit(inp)
0.3904 X X X|,|0|_|0.3904 NG = UnitarvGate(dat trix. label="inout”
05466 ¥ x x|>%lo 05466 INIG = Unitary! a_e( ata_matrix, label="input”)
07028 x x x| lo] lo.7028] circ.append(iniG, inp[0:4])

QuantumFlow @ Villanova University Dr. Weiwen Jiang, ECE, GMU 28 | 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

Outline — QuantumFlow

= General Framework for Quantum-Based Neural Network Accelerator

* Quantum Circuit Design
« Colab Hands-On (3): A Quantum Neuron

= Co-Design toward Quantum Advantage
* Challenges?
* Feedforward Neural Network
» Colab Hands-On (4): End-to-End Neural Network on MNIST
» Optimization for Quantum Neuron
« Colab Hands-On (5): QuantumFlow

* Results
QuantumFlow @ Villanova University Dr. Weiwen Jiang, ECE, GMU 30 | George Mason University




--- 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.

Assumption 1: Parameters/weights (W, --- W) are binary weight, either

Target: 0 = F (xlll

Step 1: m; = x; X w; Step 2:n =

QuantumFlow @ Villanova University

XWL)
x +1lor-1

* Assumption 2: The weight W, = +1, otherwise we can use —w (quadratic

Xi (ml)

Jllxll

func.)

Step 3: 0 = n?

Dr. Weiwen Jiang, ECE, GMU 31 | George Mason University
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--- Neural Computation: Step 1

Uy

Step1l:m; = x; X w;

EX: 4 input data on 2 qubits

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

QuantumFlow @ Villanova University

===

o o O

Ol—*oo

oo O

Ao _WO Wo = 1
aq Wy wy =1
X = a, W= Wy Wy = 1
as | W3 w3 = -1 ‘ mg = —1 X as; = —das
X Input Quantum Circuit
Ao |00> ’
01 o —
X a | 101) ‘ input
a, |10) Q1 — L —
as |11)
input

Dr. Weiwen Jiang, ECE, GMU

32 | George Mason University
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--- Neural Computation: Step 1

Step1l:m; = x; X w;

Uy

EX: 4 input data on 2 qubits

+1
+1

-1
+1

+1
-1

1

=1

1

|+1)

i

|+1)

do
d1

do
d1

do
d1

input ’

Uz
X e X
inpu Z
. *
mpu_X_Z_X_

QuantumFlow @ Villanova University

do
d1

do
d1

do
d1

Dr. Weiwen Jiang, ECE, GMU

1
+1
+1

=1

or

1

t

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)

35 | George Mason University



Uy --- Neural Computation: Step 2

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

Step 2: n =

Output = U X Input

Yo T | 100) m | [00)

i 1 1 1 1

Donotcare1 | |01) _ 1 e ox e ox| g my | 01)

Do not care 2 | [10) ”X” I : : I my | [10)

Do notcare3 | |11) ms | |11) 1

note: ||x|| = 2V

Quantum Circuit

do — ®
Input

q1 — — £

VA
O

QuantumFlow @ Villanova University Dr. Weiwen Jiang, ECE, GMU 36 | George Mason University



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

. — 2

Step3:0 =n Input ¥®2 cox
EX: 4 input data on 2 qubits Z(mi)/\/m |000) || Do not care 3 | |000) Do not care | |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)
h £ H X 0 1011) 0 |011) 0 |011)
0! X _/7\_ Do not care 2 | |100) Do no’;care 1 :12(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

2i(m;) i
Vx|l

QuantumFlow @ Villanova University Dr. Weiwen Jiang, ECE, GMU 37 | George Mason University

P{0 = |1)} = P{|001)} + P{|011)} + P{|101)} + P{|111)} = [



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

Outline — QuantumFlow

= Co-Design toward Quantum Advantage
* Challenges?
» Feedforward Neural Network
» Colab Hands-On (4): End-to-End Neural Network on MNIST
» Optimization for Quantum Neuron
« Colab Hands-On (5): QuantumFlow

* Results
QuantumFlow @ Villanova University Dr. Weiwen Jiang, ECE, GMU 39 | George Mason University




Challenge 1: Non-linearity is Needed, But Difficult in Quantum Circuit

QuantumFlow @ Villanova University

10)
10)
10)
10)

0)

[2,0

Prob. of 3
Progof 6
Linear
l O\
2
2
Un(61) || Uy(8:) =,
O\
(N

Dr. Weiwen Jiang, ECE, GMU
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Challenge 2: Quantum-Classical Interface is Expensive

10)
10)
10)
10)

0)

[2,0

Uy(61)

Ref [1]

NNNNNN

Prob. of 3 Table 2 Complexity of each step in hybrid quantum-classical
R computing for deep neural network with U-LYR.
Complexity State-preparation Computation Measurement
Prob.of 6 | Depth (T  |o@d- ) O(d - log *n) 0(d)
—> Qubits (S) On) O(n - logn) , O(n - logn)
Cost (TS) od-n?) , . O(d-n-log?n)  O(d-n-logn)
Total (TS) | O(d - n?) 9OMinate
Quantum <«— Classical Computing «<—— Quantum
e N
10) 2\
10) 2\
10) -
1120'1(X'9) U (0 )
10) v2) LI
(" N\—
0) A
N\ J

' [1] W. Jiang, et al. A Co-Design Framework of Neural Networks and Quantum Circuits Towards Quantum Advantage, Nature Communications



https://arxiv.org/pdf/2006.14815.pdf
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Challenge 3: High Complexity in the Previous Design

Uy
qO__g' , ZH_X
@14 " 1 Z PO H{X

Cost Complexity
No Parallelism Full Parallelism Previous Design Optimization
Time (T) O(N) O(1) Circuit Depth (T) O(N) ?7?7?
Space (S) O(1) O(N) Qubits (S) O(log N) O(log N)
Cost (TS) O(N) O(N) Cost (TS) O(N - log N) target O(ploylog N)

QuantumFlow @ Villanova University Dr. Weiwen Jiang, ECE, GMU 42 | George Mason University



What'’s the Goals?

Goal 2: Scale-Up! Goal 3: Efficiently Implement!

X0

X 0=5<2 xixWi>
LE[O,N)

X2

where § is a quadratic function

Classical Computing:

Complexity of O(N)
do B Quantum Computing:
11 P B Can we reduce complexity to
ZZ O(ploylogN), say 0(log?n)?
- |

QuantumFlow @ Villanova University Dr. Weiwen Jiang, ECE, GMU 43 | George Mason University



Outline — QuantumFlow

= Co-Design toward Quantum Advantage

* Feedforward Neural Network

» Colab Hands-On (4): End-to-End Neural Network on MNIST
» Optimization for Quantum Neuron

« Colab Hands-On (5): QuantumFlow

* Results
QuantumFlow @ Villanova University Dr. Weiwen Jiang, ECE, GMU 44 | George Mason University




Design Direction 1: NN — Quantum Circuit

X0
X do g , Z I H — X
. 17 " [ Z PO H[X
0 X H2)
XN
l Converting to Unitary Matrix

Digital Numbers

> Amplitude Encoding
N numbers are encoded to log N qubits
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NN BN, $Z 02020 020 2w, . h .- B4
Design Direction 2: Quantum Circuit - NN

Amplitude of |00) isn

X0
Xy o7 = - Z HRX

©

(e
. @17 1 Z [OHHX

0 X H 2
XN
N
A\
Random Variable < Probability of O = |1) is n?
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I, P{x=1}=0.0
L —[P{x=1}=09

0

I, g 0)+Vp, 1)
L Vg,l0)+Vp,|1)

I, g l0)+Vpy[1)

2

I g 0p,_I1)
E 10)
E, 0)
E (:)>
£ o)

NN BN, $Z 02020 020 2w, . h .- B4
Neural Computation

n 10 -m+2 2 2 2
1 11 y -1 mT -0 - mT 1 v 0 - (m_) 1
X | Pp o Ilp; Pm-1.P19% 1. 9P 1lg; m-l P19 4 . 1P Hq
X P q + +
! 1 1 P, %P0 9p1.P1% pm-l qlp(} In-1.. quo Hp
+ + + +
+ + + +
Xt | Poe1 9ot 9m-1..P1Po Pm-1.. 4% 9m-1.P1Po0 Py 919
S3 m-k Encoder Amplitude
States S, S, S, S,
P 00...0)®]0..0) \/qm_lqm_z_._qﬂ ://‘lm-lqm-z...‘lo */Clm-lqm-z Yo ‘/‘lm-lqm-z...qo
00...0)®|0..1) 0 N9 90 9 L \/qm-lqm-z RN XXXXXXXXXX
k:D K2 e K2
; 00...0)Q|1..1) 0 ACMT N V4,19, 90 XXXXXXXXXX
@ ’ 100...1)®]0..0) | Vi 19m0. Po . V192, Po . Vo 192 Po | (m2ym Vg 1dpp P
q I q 100...1)®|0..1) 0 2@ Im-19m-2..Po 2@ -\/qm-lqm2..p0 XXXXXXXXXX
: : r'y - — P ses e P
H % ' ! g B 1100..1)®[1..1) 0 \/qm-1qm-2_._P(} \/qm-lqm-z Py XXXXXXXXXX
1 111...1)®]0..0) \/pm-lpm-Z Po \/pm-lqm-l..q() \/pm-lqm-2 Yo | 2-m)/m \/qm-lqm-2...p0
H=3- Tl H T 111...1)®|0..1) 0 Nl Ppy-19m-2.. 90 IT -\/pm-lqm-z..qo XXXXXXXXXX
X1.X [ 11.1) || 4o 2 % 2k/2 N
I11..DH®|1..1) 0 Ppy-19m-2.. 90 “VPm-19m-2.. %0 XXXXXXXXXX

QuantumFlow @ Villanova University

Dr. Weiwen Jiang, ECE, GMU
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Implementing Feedforward Net w/ Non-Linearity, w/o Measurement!

Prob. of 3
Prob. of 6
10)
10)
|0)
|0> UNl
10) X
|0) X _W1 T"VUNn Wl WZ TUU,\” W2
|0> )'( m_PFOb. of 3
Prob. of 6
0 X A

QuantumFlow @ Villanova University

Dr. Weiwen Jiang, ECE, GMU
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Hands-On Tutorial (3)
PreP+ U,+ U,+ M+ PostP {\7\IN),
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https://github.com/JQub/QuantumFlow_Tutorial/blob/main/session_2/Tutorial_3_Full_MNIST_Prediction.ipynb
https://colab.research.google.com/github/JQub/QuantumFlow_Tutorial/blob/main/session_2/Tutorial_3_Full_MNIST_Prediction.ipynb

Outline — QuantumFlow

= Co-Design toward Quantum Advantage

* Optimization for Quantum Neuron
» Colab Hands-On (5): QuantumFlow

* Results
QuantumFlow @ Villanova University Dr. Weiwen Jiang, ECE, GMU 51 | George Mason University




NN BN, $Z 02020 020 2w, . h .- B4
Challenge 3: High Complexity in the Previous Design

Uy
qO__g' , ZH_X
@14 " 1 Z PO H{X

Cost Complexity
No Parallelism Full Parallelism Previous Design Optimization
Time (T) O(N) O(1) Circuit Depth (T) O(N) ?7?7?
Space (S) O(1) O(N) Qubits (S) O(log N) O(log N)
Cost (TS) O(N) O(N) Cost (TS) O(N - log N) target O(ploylog N)
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QuantumFlow: Taking NN Property to Design QC [

SO S1 S2 SO ->S1:
B, 100 |
E, 10)}

.|| MATy
E.,0) K S1->S2:
B0y 1
O |0) DN

€ [au

Implementation 1 (example in Quirk):

z

|0000> |0001> |0010> |0011>

o

CH

i

ZH e-to) o= (e=-
|0100> |0101> |0110> |0111>
—© |~ || 6~ 6~
|1000> |1001> |1010> |1011>
G——9 —© 66—

O— N —<

1

I

I
I

-9 06— G-

|1100> |1101> |1110> |1111>

1

[

0,0.9,0,0,0,0.1,0,0,1.0,0.5,0.5,0,0,0,0]T

0,0.59,0,0,0,0.07, 0,0, 0.66,0.33,0.33, 0,0, 0, 0]

M|

(vo; Ux15 VUx2; ---;vxn) X O = (Vo)

$1=10,0.59,0,0,0,0.07,0,0,0.66,0.33,0.33,0,0,0,0]"

Implementation 2:

z

z

0

I

zZ

W=[+1,-1,+1,+1,-1,-1,+1,+1,+1,—-1,-1,+1,+1,—1,+1,+1]"

|0000> |0001> |0010> |0011> |0100> |0101>|0110> |0111> |1000> |1001> |1010> |1011>|1100> |1101> |1110> |1111>

s2 =10,-0.59,0,0,—0,—0.07,0,0,0,—0.66,—0.33,0.33,0,—0,0,0]"

|0000> |0001> |0010> |0011>

- =9 66— 66—

E

s

z

zZ

*— N

I

|0100> |0101>|0110> |0111>
—© O | 6~ 6
|1000> |1001> |1010> |1011>
G——9o 9o 6

e——o 6 6
|1100> |1101> |1110> |1111>

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



QuantumFlow: Taking NN Property to Design QC

S2

SO S1
E, [0) |
E1 |O> 1
MATy
k2m>'
E_ oy H
O |0
@
J714810>
\_/
‘—@ —@) GC—-
\
@_

—"
-b_\v o

QuantumFlow @ Villanova University

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: Taking NN Property to Design QC

SO S1 S2
E_ |0y} Algorithm 4: QF-Map: weight mapping algorithm Used gates and Costs
0
E | o | Input: (1) An integer R € (O,Zk_l]; (2) number of gbits k;
b Output: A set of applied gate G m
: MATy void recursive(G,R,k){
E.,10) K if (R < 2572){ 7 1
i recursive(G,R,k — 1); // Case 1 in the third ste
B jo) | } ORED P cz 1
O 0 else if (R == 2K"1){ C27 3
G.append (PG 1 ); // Case 2 in the third step
return; C37 5
jelse{
G.append(PGy—1 ); C4Z 6
recursive(G,Zk_1 — R,k —1); // Case 3 in the third step
H e——© - } }
k -
H - /I Entry of weight mapping algorithm i 2k-1
@ O .
set main(R,k){
Initialize empty set G; -
H o— o - recursive(G.RK): Worst case: all gates
return G
H G- G—- } 2
O(logN)
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Hands-On Tutorial (4)
PreP + U+ Optimized U, +&d 1 HUNIND,
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https://github.com/JQub/QuantumFlow_Tutorial/blob/main/session_2/Tutorial_4_QAccelerate.ipynb
https://colab.research.google.com/github/JQub/QuantumFlow_Tutorial/blob/main/session_2/Tutorial_4_QAccelerate.ipynb

Outline — QuantumFlow

= Co-Design toward Quantum Advantage

* Results
QuantumFlow @ Villanova University Dr. Weiwen Jiang, ECE, GMU 57 | George Mason University




QuantumFlow Results

10* <7 FC(Q) - 50 trails
e U-LYR - 50 trails

R - FC(C)
g ~o- FC(Q) - Average
§ 103 | —o U-LYR - Average
2 [] FC(C)v.s. U-LYR
o
G
o
=
A —
‘g’ 0y =t
@)

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.
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I BN, ., e\ u-hAWW
QuantumFlow Achieves Over 10X Cost Reduction

Structure MLP(C) FFNN(Q) QF-hNet(Q)
Dataset  1h 1112 L1 L2 Tot. L1 L2 Tot. Red. L1 L2 Tot. Red.
(1,5 16 4 2 80 38 118 1.27x 74 38 112 1.34x
(36} 16 4 2 96 38 134 1.12x 58 38 96 1.56x
(38Y 16 4 2 13218 1500 26 34 110 1.36x 58 34 92 1.63x
{39y 16 4 2 98 42 140 1.07x 68 42 110 1.36x
(036} 16 8 3 .5 173175 348 0.91x 106 175 281 1.12x
(13,6} 16 8 209 161 370 0.85x 139 161 300 1.05x
{03,691 64 16 4 2064 132 2196 1893 572 2465 0.89x 434 572 1006 2.18x
{0,1,3,6,9} 64 16 5 1809 645 2454 0.91x 437 645 1082 2.06x

{0,1,2,3,4} 64

16

2064 165 2229

5 1677 669 2346 0.95x 445 669 1114 2.00x
{0.1.3.69) 256 8 5 4104 85 4189 5030 251 5281 0.79% 135 251 38

*: Model with 16 x 16 resolution input for dataset {0,1,3,6,9} to test scalability, whose

accuracy 1s 94.09%, which is higher than 8 x 8 input with accuracy of 92.62%.

[ref of FFNN] Tacchino, F., et al., 2019. Quantum implementation of an artificial feed-forward neural network. arXiv preprint

arXiv:1912.12486.



QF-Nets Achieve the Best Accuracy on MNIST

w/o BN w/ BN

Dataset
binMLP(C)| FFNN(Q) | MLP(C) | QF-pNet| QF-hNet | binMLP(C) | FFNN(Q) | MLP(C) | QF-pNet | QF-hNet
1,5 61.47% 61.47% | 69.12% | 69.12% | 90.33% 55.99% 55.99% | 85.30% | 84.56% | 96.60%
3,6 72.76% 72.76% | 94.21% | 91.67% | 97.21% 72.76% 72.76% | 96.29% | 96.39% | 97.66%
3,8 58.27% 58.27% | 82.36% | 82.36% | 89.77% 58.37% 58.07% | 86.74% | 86.90% | 87.20%
3,9 56.71% 56.51% | 68.65% | 68.30% | 95.49% 56.91% 56.71% | 80.63% | 78.65% | 95.59%
0,3,6 46.85% 51.63% | 49.90% | 59.87% | 89.65% 50.68% 50.68% | 75.37% | 78.70% | 90.40%
1,3,6 60.04% 59.97% | 53.69% | 53.69% | 94.68% 59.59% 59.59% | 86.76% | 86.50% | 92.30%
0,3,6,9 72.68% 72.33% | 84.28% | 87.36% | 92.85% 69.95% 68.89% | 82.89% | 76.78% | 93.63%
0,1,3,6,9 50.00% 51.10% | 49.00% | 43.24% | 87.96% 60.96% 69.46% | 70.19% | 71.56% | 92.62%
0,1,2,3,4 46.96% 50.01% | 49.06% | 52.95% | 83.95% 64.51% 69.66% | 71.82% | 72.99% | 90.27%

[ref of FFNN] Tacchino, F,, et al., 2019. Quantum implementation of an artificial feed-forward neural network. arXiv preprint

arXiv:1912.12486.

QuantumFlow @ Villanova University

Dr. Weiwen Jiang, ECE, GMU
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On Actual IBM “ibmqg_essex” (retired) Quantum Processor

(a) 1.0 (b) .
0.8 W class0 [eclass 1 Mput  \yeights Batch Normalization
X +1 prob of 0
y 06 mput output
0.4 ¥=0.2: y=0.6 = class 0 <0.5 0.765 2.793 Q
A

0.2

x=0.8; y=0.8 = class 1 y

x 02 040608 19

(©) emmesemmme—een meeeeeseesee-eecaesseese-sseeaae- DT ST (d)
; o ¥ indiv_adj @
dy 10) Ry x)) [ ? X ¥ 5
I dj 1%

q, |0> : : * 3.474c-4 7.516¢-3
; i 3 ¥ . single gbit CNOT
q, 10) : P Ry(0‘765/ ¥ A ' error rate error rate
q4; |0) - 3 N /7\ i 62724 | 4 1.788¢-2
d, 0 : Ry(2.793)—e—
| ) + neural comp. } ! batch_adj (t==0) y( ) :
-------------------------------------------------- . class 0
(e) (f) 49.53% 49 44%, (g) (h) D class 1
Lo l‘ . L0 l\\!ll I" 1.0 | q‘.I 1.0 ‘Wq
|
p 0s 1}‘! + Pos \}IH pPos \\“.! pos ‘\|I|l I
iyl ‘, iy )] ‘, \\"I 1 “ \ ‘I;H “
Ay Gl |1/ L 18
. " ] . 02 - 02 : ~ 02 1.0 - 02
08 o . ;)-6 0.4 0.8 or ._0-6 U-iOG . })_6 0_4y 0.8 0 " . .06 0.4
x 04 02 08 Y X 04 02, 08 0.4 02 0.8 X4 02 0s 7
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Hands-On Tutorial (5)
Comparison



https://github.com/JQub/QuantumFlow_Tutorial/blob/main/session_2/Tutorial_5_QF-Map-Eval.ipynb
https://colab.research.google.com/github/JQub/QuantumFlow_Tutorial/blob/main/session_2/Tutorial_5_QF-Map-Eval.ipynb

Outline

= Background

= Recent works and conclusion
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- Motivation and Challenges

Further questions:
* What is the best neural network architecture for quantum acceleration?

« What is the problem for near-term quantum computing, i.e., in NISQ era?

64 | George Mason University




On-Going Works in Building Quantum NN Co-Design Stack and Next
vQC QuantumFlow

Advantage

Current works:
Quatnum NN Co-Design Stack

Disadvantage

* Real-valued weights

explora -
exploration Disadvantage

e Linear classifier

Framework
Quantum *  Cannot be extended to f '\

* Binary weights

* Easy to be extended to

Co-Design

multiple nonlinear layers

multiple nonlinear layers
Flow P y w/t measurement

with low cost

- TABLE |
EVALUATION OF QNNS WITH DIFFERENT NEURAL ARCHITECTURE

Architecture MNIST-2F MNIST-3T MNIST-4F MNIST-SHIMNISTS
VQU (VxR 9791%  HWLOY% 93.45% 91.35% |52.71%
QuantumFlow 0563% 91.42% 04 26% HO53% J6992%

Exploration of Quantum Neural Architecture by Mixing Quantum N v+l 9736% 9277% 94.41% 93.85% h'.i;ﬁ_:lﬁ%
Neuron Designs _ _ _ _ QF-MixNN V+U+P 8745%  82.9%  92.44%  91.56% [90.62%
Z. Wang, Z. Liang, S. Zhou, C. Ding, J. Xiong, Y. Shi, W. Jiang, V4P 9172%  76.093% R%43%  ®5.02% l4957%

Accepted by IEEE/ACM International Conference On Computer-
Aided Design (ICCAD), Virtual, 2021. (11/02/2021)
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On-Going Works in Building Quantum NN Co-Design Stack and Next
hon’

Current works:

{
Quatnum NN Co-Design Stack @QlSklt + O PyTOrCh +

Package
Index
N k )
e
: exploratlon QFNN 0.1.17 documentation » QuantumFlow Neural Network (QFNN) API.
Co-Design
) Table of Contents QuantumFlow Neural Network (QFNN) API.
Fram ework Programmlng QuantumFlow Neural Network
o ibrary Indices and tables Indices and tables
Flow This Page e Index
Show Source * Module Index
) Quick search » Search Page

https://jqub.ece.gmu.edu/categories/QF/gfnn/index.html

QuantumFlow: An End-to-End Quantum Neural Network
Acceleration Framework

Zhirui Hu and W. Jiang

IEEE International Conference on Quantum Computing and
Engineering QCE 21 (QuantumWeek)

QuantumFlow @ Villanova University Dr. Weiwen Jiang, ECE, GMU 66 | George Mason University
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https://libraries.io/pypi/qfnn
https://jqub.ece.gmu.edu/categories/QF/qfnn/index.html
https://jqub.ece.gmu.edu/categories/QF/qfnn/index.html
https://github.com/jqub/qfnn
https://github.com/jqub/qfnn

NN ... $Z092wEEh. W h .- B
On-Going Works in Building Quantum NN Co-Design Stack and Next

The first noise-aware training for Quantum Neural

Current works: Networks
Quatnum NN Co-Design Stack

Trained Weights

Mot converged

~\

Logical Q Circuits Terminate

Network

) QF-Mixer
exploration

@ Application-Specific
Co-Design Mapping

Framework Programming QFNN Physical Q Circuits

QF-RobustNN

Quantum lib rary Inference with Error-Aware

on Quantum Computer o )
lator @ I'rain QNN to learn
Error Info

or Quantum Simu

Flow Place &

F-RobustNN Aodel Accuracy
. ) Model Accuracy
/
Acurracy Result from Different Noise Model
100% Perfect model accuracy: 94%
Q0%
B80%
= 70%
2 60%
Can Noise on Qubits Be Learned in Quantum Neural Network? A 8 igi
Case Study on QuantumFlow 200
Z. Liang, Z. Wang, J. Yang, L. Yang, J. Xiong, Y. Shi, W. Jiang, 20%
Accepted by IEEE/ACM International Conference On Computer-Aided o
Design (ICCAD), Virtual, 2021. (11/02/2021) 0.001 0.01 0.05 0.1
QuantumFIow @ Villanova University Dr. Weiwen Jiang ECE. GMU B Best model under perfect quanturllzﬂrn:rc?ntlpﬂuazﬁs Accuracy B OF-RobustMM Accuracy



Development of Co-Design Stack in Classical Computing

Our works:
Co-Design for Automation of Classical Neural Network Systems

Network
_ exploration
Co-Design
Framework Programming
(CXsPeli[al library
FNAS)
Place &
Route

NAS
Google

DNNBuilder
uluc
DNN FPGA
UCLA

QuantumFlow @ Villanova University

HW/SW
Co-Design

Framework

FNAS
[DAC’19*]
[TCAD’20%]

Graph-Based

Social Net [GLSVLSI'21]
Drug Discovery [ICCAD’21]

NLP (Transformer)

FPGA [ICCD’20]
Mobile [DAC’21]
GPU [GLSVLSI'21]

Medical Imagin

NAS for Medical 3D Cardiac
Image Seg. MRI Seg.
[MICCAI'20] [ICCAD’20]

Secure Infernece

Model Compression

NAS for Quan. [ICCAD’19]
Compre.-Compilation [IJCAI'21]

NAS Acc.

HotNAS
[CODES+ISSS’20]

NASS [ECAI’'20]
BUNET [MICCAI’'20]

Computing-in-Memory

ASIC

NANDS [ASP-DAC’20%]
ASICNAS [DAC’20]

FPGA

XFER
[CODES+ISSS’19%]

Device-Circuit-Arch.
[IEEE TC’20]

Hardware Algorithm Application

Dr. Weiwen Jiang, ECE, GMU
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On-Going Works in Building Quantum NN Co-Design Stack and Next

Our future works:
Co-Design for Automation of Quantum Neural Network Systems

Current works:

Quatnum NN Co-Design Stack /

Network. QF-Mixer
exploration

Application

Co-Design
Framework

Co-Design
FEMEWIIY  Programming QENN
Quantum [MIJE1RY

Quantum

Flow

Flow

Place &
Route

QF-RobustNN

Hardware Algorithm

N

QuantumFlow @ Villanova University Dr. Weiwen Jiang, ECE, GMU
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Conclusion & Resources
* How to build up quantum circuit for neural networks from scratch
« Co-design can build a better guantum 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)

(Package of QFNN on PYPI) oo

(QFNN on Libraries.io) oo v

(JQub Website)
(News and slides) arXiv
(QFNN Documents)
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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/
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