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Why Neural Network on Quantum Computer?



NN on Classical Computer: Computation & Storage Demand > Supply
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Traditional Hardware Capability
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[ref] Xu, X., et al. 2018. Scaling for edge inference of deep neural networks. Nature Electronics, 1(4), pp.216-222.
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The Power of Quantum Computers let @) NOTRE DAME

Reading out Information from Qbit

Classical Bit
(Measurement)

X=0o0r1

ag 0
Quantum Bit (Qbit) ) Q <
a’ 1

) =10) and |1) 1 1

|‘/)> — Cl()|0> + a1|1 Computing
a +a? =100%

s.t.as + a? = 100% 40% + 60% = 100%
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The Power of Quantum Computers: Qbits T NOTRE DAME

2 Classical Bits
O0or0lorl10orll

n bits for 1 value
x €[0,2™" —1]

2 Qbits

Co0|00) and ¢y1]01) and
c10/10) and ¢{4|11)

n bits for 2™ values
Apo, Ap1, A10, A11

QbItS do, 91
lq0) = aol0) + a4|1)

|q1) = bo|0) + by|1)

190, 91) = 190) ® |q1)
= C0|00) + €91/01) + €10[10) + ¢141|11)

* |00): Both gy and g, are in state |0)
* 5, Probability of both gq and g, are in state |0)

2 _ 2 2. _ 2 2
* Cho = ag X by; coo = \/(ao X bgy)



The Power of Quantum Com
1
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Coo

Co1
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H ® Hlqq, q1)

= dy|00) + dy1|01) + d10|10) + d11]11)
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_COO_

Co1
C10

€11

Matrix multiplication on classical
computer using 16bit number

Ayn X By, =Cyq

Data: (M X M + 2 x M) x 16bit, M = 27

Operation: Multiplication: M x M
Accumulation: M X (M — 1)

Special Matrix multiplication on
quantum computer

g0 |0) W (X)r

F{

ql [0){w(Y)[

Fi

Data: K Qbits, K =logM =2
Operation: K Hadamard (H) Gates



Neural Computation with input size of 2V on
classical computer

Neural Computation with input size of 2V on
quantum computer

where § is a non-linear function, say quadratic

Operation: Multiplication: 0(2")
Accumulation: 0(2M)

Basic Logical Gates: 0(poly(N)), say O(N?*)?



Quantum Computing has Great Potential to Close the Gaps

But How?
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(Label)

Quantum Computing for Neural Network

X TO=X
(Feature/lmage)  (Input Layer)

Tl
(Hidden Layer 1)

y o T
(Hidden Layer 2) (

Hidden Layer3)

CPU/GPU
Accelerator

FPGA/ASIC
Accelerator

Quantum
Accelerator

 What is the Quantum Friendly Neural
Network?

* How to automatically map NN to QC?

 Can we achieve gquantum advantage
by implementing NN on QC?
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QuantumFlow: A Co-Design Framework ) NOTRE DAME

Datasets

(QuantumFlow
Y ) 4

Machine Leanring Models CO'DeSign Quanmm Circuit
(QF-pNet, QF-hNet) Design and Optimization
S (Qe-cir
Efficient Forward/Backward Propagation : QF-FB(Q)
(QF-FB) :

QF-FB(C)

Y Y

Classic Computer Quantum Computer
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QuantumFlow: Design QC-Aware NN ) NOTRE DAME

~—

 What is the Quantum Friendly NN?

D . . .
alasers 1. Operating 2" inputs on N gbits!
(QuantumFlow )
Y
Machine Leanring Models Quantum Circuit U-LYR: Unitary matrix-based data encodin
(QF-pNet, QF-hNet) _I Design and Optimization Y 8
(QF-Circ)
QF-Map |
QF-FB(C) | Efficient Forwar(cga;gard Propagation | op_pp(Q) 2. Connecting layers without measurement!
) v ¥ ’ P-LYR: Random variable-based data encoding
Classic Computer Quantum Computer

3. Normalizing intermediate results!

N-LYR: Quantum friendly normalization

11



QuantumFlow: QF-Nets (U-LYR)

Datasets

(QuantumFlow

Machine Leanring Models
(QF-pNet, QF-hNet)

Y

Quantum Circuit
_I Design and Optimization

T (QF-Circ)

QF-FB(C)

Efficient Forward/Backward Propagation , QF-FB(Q)

(QF-FB) .

Classic Computer

Y

Quantum Computer

T JUNIVERSITY
NOTRE DAME

1. Operating 2" inputs on N gbits!

OF

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

The first column
unitary matrix

16 inputs can be encoded
to 16 states of 4 qbits for
computation.

0.010.910.0/0.0
downsample | grey level = 0.0/0.10.00.0
0.01.00.50.5

28x28 4x4 0.010.00.0 0.0

in

12
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tumFlow: QF-Nets (P-LYR) NOTRE DAME

Q

2. Connecting layers without measurement!

0.0/0.90.00.0

Datasets downsample | grey level ~ 0.00.10.00.0

p . 0.0/1.00.50.5
QuantumFlow | 28x28 x4 0.0/0.0/0.0 0.0

Machine Leanring Models Quanmm Circuit
(QF-pNet, QF-hNet) _I Design and Optimization
r 4 (QF-Circ)
| |
QF-FB(C) i Efficient Forward/Backward Propagation E
1 (QF'FB) 1

0.0/0.9/0.0/0.0 :
0.0 0.10.00.0 B | %o

0.01.0050.5 1] Ol
0.0/0.00.0/0.0

QF-Map

QF-FB(Q)

Y Y

Classic Computer Quantum Computer

The output of a U-LYR is
stored on a gbits

Using random variable as
input can operate outputs
without measurement.
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QuantumFlow: QF-Nets (N-LYR) @) NOTRE DAME

3. Normalize intermediate results!

() z=E(y’) _Batch Normalization z
Datasets OB patch_adi 0)}-{indiv_adit) -~
(QuantumFlow ) ift=0:

e . Yy 5 (1) x (sir2 0 4 %= 2 x (sin’—r
acnine Leanrlng MOdels Quanmm CerUlt Z ( Z) (Sln 2 ) Z 2
(QF-pNet, QF-hNet) _I Design and Optimization else: 20

r r -3 /\: 1 7
OF Man (QF-Cirec) z=zx(sin %)
' Efficient Forward/Backward P ! )
! ient tion ! it it
R R e (€y—[aul—~[patch_adi:. &)} {indiv_adi()}-—
b A 4 A 4 g
Classic Computer Quantum Computer * batch_adj: normalize output gbit in a batch to have
probability of 50%

* Indiv_adj: adjust the probability of different neurons

to make difference for classification

14



QuantumFlow: QF-pNet and QF-hNet @) NOTRE DAME

QF-pNet: P-LYR+N-LYR QF-hNet: U-LYR+P-LYR+N-LYR

15



QuantumFlow: Taking NN Property to Design QC @) NOTRE DAME

* How to Map NN to QC towards Q-Advantage?

Datasets 1. P-LYR and N-LYR (see the paper)

(QuantumFlow
Y

Machine Leanring Models
(QF-pNet, QF-hNet)

S

Quantum Circuit
Design and Optimization
(QF-Cire)

Straightforward mapping, benefiting from the
qguantum aware design

Efficient Forward/Backward Propagation
(QF-FB)

v ¥ 2. U-LYR

Classic Computer Quantum Computer

QF-FB(C) QF-FB(Q)

-
o

With the help of NN property to achieve
guantum advantage

16



QuantumFlow: Taking NN Property to Design QC

Datasets

(QuantumFlow
Y

Machine Leanring Models
(QF-pNet, QF-hNet)

Quantum Circuit
Design and Optimization

S (QF-Ciro
QF-FB(C) i Efficient Forward/Backward Propagation E QF-FB(Q)

(QF-FB)

Y

Classic Computer

Quantum Computer

2. U-LYR

E
E

k-2
k-1

10) 1
10) -

0) -
0) -

MATy

0)
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SO S1 S2

E, 10)
|0>

k2|0>
E 0y

)

MATy

DI

C [ M

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

|

QuantumFIOW Taking NN Property to DeSign QC [0, 0.59,0,0,0,0.07,0,0,0.66,0.33, 0.33,0, 0,0, 0]

SO -> S1: 1
(Vo3 Uyt Vxzs o3 Vi) X | O | = (wp)
0

Ss1=10,0.59,0,0,0,0.07,0,0,0.66,0.33,0.33,0,0,0,0]”

S1->8S2:

W=[+1,-1,+1,+1,-1,-1,+1,+1,+1,—1,-1,+1,+1,—1,+1,+1]7

Implementation 1 (example in Quirk):

1 Z

N

‘Zﬁ—

)_

z

2 |‘ e\ G—

—) —£) (3—

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

o

->—-

|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]”

Implementation 2:

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

L 140 ¢ T * Z - =9 06— 6
101005 [0101> 01105 [0111> |0100> |0101>|0110> |0111>
*— <7 j 0 |0 )| el @t

— -/ 7

|1000> |1001> |1010> |1011>
e

-9 —©

O—1 N ———{
—O—

| 1000> |1001> |1010> |1011>

4 Z —e Z H —H Z @@ )@ G—-

(3— —&) (53—
= <) =

(=
LYo

Z
l —‘b—- —J— \:-}—- l‘"%_.

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

|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. 18



QuantumFlow: Taking NN Property to Design QC T NOTRE DAME

SO S1
E, [0) 1
E 10) K

L || MATY
E210) |
E_, 0) }
O 10

01063 %\ N
o

G 1 @1

_—_|1010>

- G- ‘—*—“» —© C—-
\\_/

GC— +© G— G-

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

the same.
|0011>

(9—(—;)— $1=10,0.59,0,0,0,0.07,0,0,0.66,0.33,0.33,0,0,0,0]”

o s or + - - +

k‘_{_ﬂ) H—<—+;> fin - + + -
B N—

$1'=10,0.59,0,0.33,0.33,0.07,0,0,0.66,0,0,0,0,0,0]”
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QuantumFlow: Taking NN Property to Design QC @) NOTRE DAME

SO S1 S2
E_ |0y } Algorithm 4: QF-Map: weight mapping algorithm Used gates and Costs
0
E |0> | Input: (1) An integer R € (0, Zk_l]; (2) number of gbits k;
1 Output: A set of applied gate G m
: MATy void recursive(G,R.k){
E, 0 | if (R < 2k2){ Z 1
’ recursive(G,R.,k — 1); // Case 1 in the third ste
E. 10y ) ( ) P CZ 1
O 10) else if (R ==2K"1){ c27 3
G.append(PG,-1); // Case 2 in the third step
return; C37 5
}else{
G.append(PGy-1); C4Z 6
recursive(G,2K~1 — Rk — 1): // Case 3 in the third step
H G——© - }
} cz  2k-1
H a )l el // Entry of weight mapping algorithm
N - set main(R,k){
h n Initialize empty set G; .
H o— o - recursive(G.R.K): Worst case: all gates
return G
i A A 0O(k?)

20



QuantumFlow Results

21



U-LYR Achieves Quantum Advantages T NOTRE DAME

10* =7 FC(Q) - 50 trails
e U-LYR - 50 trails
_ —o- FC(C)
g —o- FC(Q) - Average
s 10° | —~ U-LYR-Average
2 [] FC(C)v.s. U-LYR
o
[
o
-
N’
—
7]
o
@)

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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QuantumFlow Achleves Over 1OX Cost Reductlon FINOTRE

Structure MLP(C) FENN(Q) QF-hNet(Q)
Dataset In L1 L2 L1 L2 Tot. L1 L2 Tot. Red. L1 L2 Tot. Red.

80 38 118 1.27x 74 38 112 1.34x
96 38 134 1.12x 58 38 96 1.56x
76 34 110 1.36x 58 34 92 1.63x
08 42 140 1.07x 68 42 110 1.36x
(03,6} 16 sea 5| 3ps 173 175 348 0.91x 106 175 281 1.12x
(13,6 16 209 161 370 0.85x 139 161 300 1.05x
{0,3,6,9) 64 16 4 2064 132 2196 1893 572 2465 0.89x 434 572 1006 2.18x

{0,1,3,6,9} 64 16 5 2064 165 2229 1809 645 2454 0.91x 437 645 1082 2.06x

{0,1,2,3,4} 64 16 5 1677 669 2346 0.95x 445 669 1114 2.00x
[0,1,3,6,9}* 256 8 5 4104 85 4189 5030 251 5281 0.79x 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%.

{1,5} 16
{3,6} 16
{3,8} 16
{3,9} 16

132 18 150

© oo A B~ B~ A
W N NN

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

arxiv:1912.12486. 23



LD

QF-Nets Achi

Ll

e the Best Accura

Cy On

MNIST

LR

ev ) NOTRE DAME
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%
0,1,23,4 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.
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Key Takeaways

Y X

CH ER F
NOTRE DAME
TO =X Tl
(Label) (Feature/lmage)

y o T
(Input Layer)  (Hidden Layer 1) (Hidden Layer 2) (

Hidden Layer 3)

 What is the Quantum Friendly Neural
Network?

QF-Nets

* How to automatically map NN to QC?

Co-Design

 Can we achieve gquantum advantage
by implementing NN on QC?

CPU/GPU

FPGA/ASIC
Accelerator

Accelerator

Quagtum Yes, we can!

Accelerator
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