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* Basics of Quantum Computing

 The potential of Quantum Computing in revolutionizing
simulation and optimization

* Integration of Al, Digital Twin, and Quantum Computing
« Quantum advantage

« Quantum-enhanced and conventional experiments

* Looking Ahead
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Basics of Quantum Computing

Understanding Quantum Computing without Quantum Physics
“ Quantum (EXAh - At Hetz UHot= =] JEN

“ Qubits (FH) : FA BEEFZ)2 7|= B

% Superposition (¥At SH)
% Entanglement (¥A &12)
< Quantum Coherence (YA} ZAGH2)

<% Measurement (ZAt 7). X} AEf ZHSIH X} AEf 1
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Basics of Quantum Computing

Understanding Quantum Computing without Quantum Physics

» Qubits (F4) : XAt HEFHFEEHO| 7|2 the
» Superposition (A SH) : |0)2f 1) HEF7 BH

@ 0

Q!

Classical Bit Qubit

Bloch sphere with |0) and |1 ) at the poles
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Basics of Quantum Computing

Understanding Quantum Computing without Quantum Physics

% Qubits () : YAt HEEAFE)Q 7| &2 tHYY
% Superposition (At )

Z single 1Y) MEo| BH (B AEf)

|0) ly>= cosg|0) + ei¢sing|l)

0<0<m0<d<2n [Y) = «|0) + Bl1) — (

)

= R

|I=
|.|-|
o
1

- L (single qubit) (o, p = F2F) 2E

x a|® + |87 =

1)
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Basics of Quantum Computing

Understanding Quantum Computing without Quantum Physics

* Qubits (F8) : X BEFAFTE)2 7|2 Y
* Superposition (ZX} H)

(two) 2! BEO| B (LA H)

V) = a12(0)1]0)2 + a1 62]0)1[1)2 + Braa|1)1]0)2 + B1B2[1)1]1)2 (0500 \
= a0/00) + 1 [01) + et10]10) + 1y [11) =) )= "
10

ok

IS U LT St (normalization condition)

> > . :
oo™ + [aor |7 + [aol” + o | =1 Matrix HE S
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Basics of Quantum Computing

Understanding Quantum Computing without Quantum Physics

< Qubits (7H) : X EFAFE)Q 7|2 &Kt
% Superpostion (¥XI &)

(n &) LS| 7 (¥FA+ SH)

[0

o]

o, /

n 7 S8 JEl
Y =1 Matrix 3
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Basics of Quantum Computing
Understanding Quantum Computing without Quantum Physics
 Entanglement (Z%} 21g) : & AU SEI7F MZE AT

BAl =7F 1Y) # [Vhlv)s

rr

> £ B AES 4 Aol MEz

> Bell states : 4 entangled two-qubit states

: =L (Ma e+ a1l
(D) = —(|00) + |11)) W) =Z(IDalV)e + MalT)s
V2 © AB
| .
Wy = —(|01) + [10)) Alice o0 Bob
) ﬁ(l ) + [10)
0 T) 1)
|[®7) = —=(00) — |11))
V2 ) )
) = %UOI) — 10)) Teleportation of Entangled qubits
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Basics of Quantum Computing

Understanding Quantum Computing without Quantum Physics
< Quantum Coherence (¥X} Z¢2) : (Quantum Gates) ¥X} HFE 3|2 719
» T AE0| 7| &l= S

< Quantum Gates : Quantum Operation2| Matrix HA|

~

> Single Qubit operations : TF¢| 7812 2|4 B3} (Unitary Transform), &8 < El

Quantum operators (U) are unitary transformations.

o= (¢ SN Yo (9) = UU =UU =1
o= (5 a)(o)=(5)=ao+om L
U =U"
Ull) = (a C)(O) = (C) =¢|0) +d|1) Unitary transformations
b d l d => always reversible
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Basics of Quantum Computing

Understanding Quantum Computing without Quantum Physics

% Two Qubit Quantum Gates : Control Qubit, Taget Qubit

a0 Boo
control  |c) @ c)
| ol @ | Po
N o B1o
target  |t) W |c @ t) o /311
(Wi} = 00|00} + 055]01) + 04|10) + 0q4|11) U (Wi = Bgol00) + Bo;[01) + B1|10) + PB4]11)
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Basics of Quantum Computing

Understanding Quantum Computing without Quantum Physics

< Measurement (&%) :

guantum state Eﬁ classical state
y) =aj0) +B[1) 0) or [1)

SgotH LAt JEef S 1| -

AMIGHEu STL Quantum Leap : Quantum Computing for Next-Generation Simulation and Optimization 11



Siemens Simcenter Day 2023

Basics of Quantum Computing

Understanding Quantum Computing without Quantum Physics

% (Example) Programming with Quantum Gates

single-qubit gate measurment

i \

4

— H —® X % H fl.\ /7\—
H —

S

input

= &
~— ~— ~
|
L
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L/
o—o
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7
"

two-qubit gate
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Basics of Quantum Computing

|8 . %X} HEM .

dxrSHO
> JE|-1“—".'2.*—1“—(Exponentlal)°| X5 0k")
=> L} &=(polynomial) SEE 0(nk)
Binary tree Sequential 2" states search
n states N (2") Classic bits (2") n Qubits
1 O 0,1
2 O Q

00, 01, 10, 11
a O ) @

s O O Q O O O O O

M

16 OO0O000000O000OO0O0 0000, 0001, ............... 1111 | Superposition of 2" states

000, 001, 010, 011... 111
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Basics of Quantum Computing

Search Algorithm Example :

UX} ZH 0|8 : Grover's search algorithm ; O(VN)

03
i L 08 Grover diffusion operator
o=e - —— ..
O O 10} 2 | £l &
g e |[:"}{ e U | 2000 = |
o O= g |0} H H £ e
@ = h - J
e 3 Repeat ~ Iv/N times
. O-’---Q epeat == T4/ N times
0=

- ™~ =t 4]

Classic Sequential search : O(N)
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Basics of Quantum Computing

Example: Classic vs. Quantum Computing algorithms
EH1:z=f (x,y) = (x +y) (ex: if x=3, y=5 then z=8)
=Ml 2 : {x,y} = f1(2) (ex : Find x, y which satisfying z=8)

Classic Computer : x, y7I 64-bit ¢! 4%

=M1 : g4 of 2

=XH[2: 2" * 2n = 16T * 16T = 256*1024 = 256 Yotta iterations problem
(100 TOPs GPU M A| 2.56*10'2 sec = 1.2*107 Hour = 1350 Years )

Quantum Computer : x, y7I 64-bit 2| 3%
&H2: n+n=64+64 = 126 Qubits search problem
(~ =& O|LHO| sl & 7I5)
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The potential of Quantum Computing in revolutionizing

simulation and optimization

oxt 2

=

2 28 It £0f

IT-Al-GIOIE] 3} : HA 2ido| 93t 14
SAE, 0[0|X| 914 D& otg, HO[H

H|O|A EbM  cIzH=] A A 0rxr7|71|c+A ‘:%2 ok AQeE(Y2 8iE), YRHIEHT,

At SR L AL, SAHL], SRS

O] : OF X| B2 OFE HIZ /A% Eoa: 2ehAl® | EAMEA EE =), RRe Al
APE JjoloEEsi ojZo Tas  hhe O TXI H04Q Kz}, stepurs e,
ot ChEIo * y .\ S5 0] OF R BHA A2 (0]
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The potential of Quantum Computing in revolutionizing
simulation and optimization

Quantum applications 18M Quantur
span three general areas

Simulating Quantum Systems Artificial Intelligence Optimization / Monte Carlo

Quantum chemistry ~ Better model training Portfolio optimization
! g Material science Pattern recognition 0 Risk analysis

Loans & credit scoring
Monte Carlo-like applications

High energy physics Fraud detection

IBM Quantum 2022
o1 MITHSt Il STL Quantum Leap : Quantum Computing for Next-Generation Simulation and Optimization 17




The potential of Quantum Computing in revolutionizing
simulation and optimization

Chemical
Simulation

Scenario
Simulation

Optimization

Q) ELIEmEI|

Chemical product design

Surfactants, Catalysts

Feedstock To Product

Oil Shipping f Trucking

Refining Processes
Drilling Locations

Seismic imaging

Disruption Management

Distribution
Supply Chain

Network Optimization

Vehicle Routing

Consumer Offer
Recommender

Freight Forecasting

Irregular Behaviors
(ops)

Quantum Leap : Quantum Computing for Next-Generation Simulation and Optimization 18

Derivatives Pricing

Investment Risk
Analysis

Portfolio Management

Transaction Settlement

Finance Offer
Recommender

Credit/Asset Scoring

Irregular Behaviors
(fraud)

Drug Discovery

Protein Structure
Predictions

Disease Risk Predictions

Medical/Drug
Supply Chain

Accelerated Diagnosis

Genomic Analysis

Clinical Trial
Enhancements

Materials Discovery

Quantum Chemistry

Fabrication Optimization

Manufacturing
Supply Chain

Process Planning

Quality Control

Structural Design &
Fluid Dynamics

IBM Quantum 2022




Integration of Al, Digital Twin, and Quantum Computing

Hybrid quantum-classical framework
> Interfacing classical optimization algorithms with VQC-based QML algorithms
» The quantum circuit parameters are updated and fed back to the quantum computer.

(=]

Quantum measurement outcomes j(x , 9)

Quantum Computer

t

Updated quantum circuit parameters

Classical Computer
1) Evaluate gradients of the quantum function ?ﬁ.f[.r; )
2) Evaluate differentially-private gradients V0" f(x; #)
3) Update the quantum parameters ¢/ with Watkins, W.M.,, et.al, Quantum machine learning with
differentially-private gradients differential privacy. Sci Rep 13, 2453 (2023)
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Integration of Al, Digital Twin, and Quantum Computing

Quantum machine learning Researches

Near-term QML

Long-term: Quantum Linear Algebra

Exponential or polynomial speed-up in * Kernel method
* Support vector machine « Variational (trainable) Quantum Circuits
* Principle component analysis * (Non-adiabatic) Quantum annealing

* Bayesian methods * Quantum-inspired classical algorithms

* Constant factor analysis beyond big-O analysis is important.

.'.' AMItHE Ul STL Quantum Leap : Quantum Computing for Next-Generation Simulation and Optimization 2()



Integration of Al, Digital Twin, and Quantum Computing

Vibrational Quantum Circuits

i M h L(6) = f({0(9)))
/3:‘\ >(O(‘9)> :‘W (0(0)) = Tr (OUO)pU"(0))
A

U(®) = exp [-i0P/2|,P € {I.0,.0,,0,}®"

a00) 1 b1 9 g o f & /3 i s f —%

=» Analytical gradient can be calculated with two measurements!
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Integration of Al, Digital Twin, and Quantum Computing

Adiabatic Quantum computing

idlw(r)>

= = Ahwe) H(t) |e(n) = 1) | €i(0)). €it) < €,(1) ¥V j € {0.....dim(H)—1]

¢ Adiabatic theorem:
| €(0)) will remain in |€i(s)) for all s € [0,1] where s = t/T it T > O(|¢; — ¢ 172), k # j

[ [
H(f)=(l—?)HB+?HP W*\/’\\W

Trivial ground state = Problem encoded —

.'.' AMIGHEu STL Quantum Leap : Quantum Computing for Next-Generation Simulation and Optimization 22



Integration of Al, Digital Twin, and Quantum Computing

Ising Hamiltonian — Combinational Optimization

Computer vision

Logistics Bioinformatics
‘ " 4 v RNA
. 9/ r.:?..._nh Base GCUACGGAGCUUCGGAGCUAG
‘ ‘ 9 y 9 ,/ | e 99 Codon Coao 1 Codon 2 Coao 3 Coclontu Codo - Codonb Codo 7
\ e . o 9 9 o 9 9 . ’
E igm Aminoacid Almlﬂ. Threonine Ghlll‘lllﬁ l..llcilll lrlll‘“l'll rine SIIIB
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QML model advantages (1. Less data)

Measure of an advantageous quantum/classical prediction
Model complexities (s-, s,), and geometric quantity gcq

Dissecting quantum prediction advantage

Quantum
Computation
(BQP)

Geometrv test

QCQ < VN QCQ x VN Can be
constructed

Classical ML predicts similar or Data set exists with potential
better than the quantum ML quantum advantage
Classical Classical .
assica ML Dimension test for Complexity test for
A'Q;:I';hm Algorithm quantum space specific function/label
(BPP) w/ data s N
c X
(11111 d, lr(O‘g < '\) (Else] Ele << N Else
5Q <<
Classu:al ML Classmal ML  Classical ML Likely
) can learn can work/fail, can learn & Hard
Huang, HY., et al. Power of data in quantum any Ugnn QK likely fails  predict well to learn

machine learning. Nat Commun 12, 2631 (2021)
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QML model advantages (1. Less data)

Generalization performance of quantum phase recognition

This experimental work demonstrated exponential advantage in quantum machine learning

Predicting 4" Pauli observables
(mixed state)

Prediction model stored in Prediction model stored in
classical memory quantum memory

o
=
LA

~&— Quantum ML
#— Classical ML
—=— Restricted CML

| Classical processing l Quantum processing |

M

Quantum processin
I L 9 Coharent quantum
state output

ot
=
s

i
o
)
.
1
L ]
|

[
=

=
[

Coharent quantum
state in

Number of data (log scale)
-
=
el

| Quantum processing

0 25 50 75 100
Classical Setting Quantum Setting n (system size)

Hsin-Yuan Huang, et.al, Phys. Rev. Lett. 126, (2021)
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QML model advantages (2. Less parameters)

Generalization in quantum machine learning from few training data

» Theoretical bounds on the generalization error in vibrational QML
bounded by /T/y (trainable gates T, number N of training data)

» To obtain good generalization for an efficiently implementable QML model,
Only requires T € O(poly n) and efficient amount of training data, N& O(poly n)

» QCNNSs have only T=0(log n) parameters, and QCNNs have good
generalization error for quantum phase recognition with only poly
logarithmic training resources, N0 (log® n)

Poly logarithmic function in nis a polynomial in the logarithm of n, (log n)¥,

Matthias C. Caro, et. al, Nature Communications, 13, 4919 (2022)
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https://en.wikipedia.org/wiki/Polynomial
https://en.wikipedia.org/wiki/Logarithm

: - : : Siemens Simcenter Day 2023
Integration of Al, Digital Twin, and Quantum Computing

Quantum-enhanced and conventional exeeriments

lllustration of quantum-enhanced and conventional experiments.

A B Learning physical state C Learning physical process
Quantum-enhanced
S Experiment — IO p Quantum processing
Quantum Quantum + Measurement
mformatlon memory
Molecu les
W[ e ».» M
0 g e

Viruses
'Measure 4’ Classical

y A Classical f?ﬁ processing

\J \J

A

Vale?

‘.‘

£ memory

Planets Black holes ) CY CIaSSICaI 011
. information 100
Physical world 101
Conventional 011

Quantum advantage in learning from experiments, SCIENCE, Vol 376, Issue 6598, Jun 2022
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Integration of Al, Digital Twin, and Quantum Computing

Quantum advantage in learning from experiments

Demonstrations of quantum advantage.

Quantum advantage in learning physical states.
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(4. Less iterations)
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Quantum advantage in learning from experiments, SCIENCE, Vol 376, Issue 6598, Jun 2022
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.
Looking Ahead

Challenges and opportunities in quantum processing

Current paradigm i “Closing the loop”
Organic redox flow batteries : Inverse design

‘ i G ti imulati M
Material { AQDS ; gl g'prgum?ztﬁirg; (Inverse DGSIg n)

concept molecule

Molecular
€D £
= synthesis
E‘ Integrated pipeline
E : I Al/ML
E Device Device | : Software
L

construction : = | prototype Robotics

) Stability,
solubility, |
voltammetry |

g Scaling and manufacturing g

InteIIi?ent Computing: The Latest Advances, Challenges, and Future, DOI:
10.34133/icomputing.0006
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Testing and
characterization




Siemens Simcenter Day 2023

Looking Ahead

< AXl= NISQ (Noise Intermediate Scale Quantum) A|CH

< Quantum AdvantageZ} EO|X|2t 2Z X0l QCc €8
215 A= FT(Fault Tolerant) QC, |2 10K Qubits 2L

+ 2030 80| FTQC AlCH7t 24 EefE A= dY
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Summary

“ Quantum advantage :

« 1) less data, 2) less iterations, 3) less parameters, 4) less experiments,

- 1| 5= & 2A0HE X H e TA 0|5 79 Uts.

% S 2| Classic HPCE = Sl 2 = Q= &X= dlZ 7t

<+ Quantum Leap : Harnessing Artificial Intelligence, Digital Twin
Technology, and Quantum Computing for Next-Generation Simulation
and Optimization

 Simulation, optimization, Machine Learning, Al
* Inverse design : 22 & &, E= H9| Vtsd 1
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