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Protein-folding and Levinthal’s Paradox

e Elongated proteins fold to same state within
microseconds

300

e Some proteins have 3™ conformations

e Levinthals Paradox (1969):

g Sequential sampling of states would take
Chtotded Folded longer than lifetime of Universe (even if
only nanoseconds per state spent)

A
4 \Entmpy/ Vsees e Solution: No sequential sampling, but
rapid descend into the potential minimum.
Energy . Y% ‘”’“"& OP'l'imiSCl"'iOn - LiFQ
_ Solution of mathematical problem can
P —3 be found quickly if encoded in ground
S0
Native stat state of complex system
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"Nature is quantum [...]
so if you want to
simulate if, you need a
quantum computer”

- Richard Feynman
(1982)

Easily said ... so how do we do that?

Beginning of a scientific journey that accelerated
in recent years tremendously....

GGI Workshop Florence 3 Michael Spannowsky 07.11.2023



supremacy'

“« And a controversial 'Ghost in the Shell' trailer.

U
- F @RjCC
“ October 24th, 2019
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The Speed Of Light
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Kristen Philipkoski U A N I u M
Published 10 years ago: September 2, 2011 at 7:02 am - Filed to: COMPUTING v

i

hris Ferrie and whurley

iy e— -

. uantum Computers
Will Be Incredibly Useful For

Computers don't exist in a vacuum. They serve to solve
problems, and the type of problems they can solve are
influenced by their hardware. Graphics processors are
specialized for rendering images; artificial intelligence
processors for Al; and quantum computers designed for...
what? While the power of quantum computing is impressive,
it does not mean that existing ...

Futuristic News 4
208 followers
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Private and Public Sector is placing big bets on Quantum Computing

04

Quantum Computing Quantum Chemistry .|, @ @ F
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Machine Learning e Quantum Internet
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Private and Public Sector is placing big bets on Quantum Computing

Quantum Computing
Use Cases Exhibit II: Ten-yeaénl;c_J{JeScee;sésecg)fm %Lrjl?sm(ufgnMi(ﬁi%Tsp)mmg Spending by

7,000
mEnergy
Quan;um Light Harvesting 6,000
Chemistry Transport é = Transportation
Climate 2 Communication Si Ifrj]?j?;ltjl?n 5,000 mHealthcare
nergy
CO, : o
N, LNG Materials Room Temperature S/C E 4,000 = Gen. business management
=
Dhaarna Chemistry Physics « 3,000 m Banking and financial services
; Differential
Biomolecules Equations 2,000 = Pharmaceuticals and materials
. design
Science |
Biology Encryption 1,000 | i IT and advanced search
—
Personalized Math — | i
A Search = |
Medicine Linear Algebra Quantum 0 — = === . - - . mDefense and aerospace
Pattern Computing Eirmritinlentiai 2018 2019 2020 2021 2022 2023 2024 2025 2026 2027
Bioformatics Matching Code-Breaking © CIR 2018 =R&D
Singulari
Machi_ne el
Learning Optimization Quantum
Finance ) Algorithms . . . .
Robotics ﬁ ﬁ l
prtein Fokang ~ 7 | Significant financial investment
Planning
Sonstrint Seking expected across many sectors
Quantum Autonomous Vehicles

Machine Learning

In US, already now higher financial

gartner.com/SmarterWithGartner investment from private than public sector

—y All national and international labs have QC programmes
| (Fermilab, BNL, LBNL, CERN, Singapur, Abu Dhabi, ...)
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Popular Quantum Computing paradigms

Discrete Gate

Continuous Variable

Quantum Annealer

Type
7P (DG) (V) @A)
Computing Digital Digital /Analog Analog
Proper’ry Universal (any quantum UnIVfI"SGI Not universal —
algorithm can be expressed) GBS non-Universal certain quantum systems
most algorithms and tech uncountable Hilbert continuous fime quantum
Advantage .
support (configuration) space process
IBM - Qiskit DWave - LEAP
How? , Xanadu ,
~500 Qubits ~7000 Qubits
What?
,,,,,, " EMA g
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How most quantum algorithms work

measurement of

operator acts on observable U -\ (YU
oF Ula) = 101) | (0), =
Hilbert space states corresponds to exp. v

value of operator U

Need to encode Hilbert
space and operator suitable
for quantum system

- statistical statement
need to evaluate often

0 — o) § 0 —— 0
0 = U — 0/ § 0 — —‘— 0/1
o - - 0

e Operator expressed in terms of individual gates

e Often 'Trotterization’ (Suzuki-Trotter decomposition) needed:

For H = ZH]‘ "‘*”"’"& et = (ﬁ eiHﬂt/T) + O(m*t?/r)

j=1 j=1
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Rotation about the Bloch Sphere and state parametrisation

0)
0 [ COS— J
W) = COS — O)+e’4’sm— 1) =
2 sin €
0
/ ! Pmb< 1)) <l¢31n5)2
0
Measure 0) Prob( 0)) = (cos )’
COS ) —e’%m(%)
Apply Unitary rotation Uy 0): Us(0.¢.4) = dbsin(L) e o £
sin 3 COS(3> 1>

Extending this to a system of N qubits forms a 2"-dimensional Hilbert Space
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Particle Collision
Calculations

GGI Workshop

New
physics
searches

Measurement and

Postprocessing

07.11.2023

A Y
Matter
particle antimatter
dynamics asymmetry
S e

e QUANTUM
== Field Theory j\ ﬂm
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HEP application focused quantum simulations
e Sign problem - profound challenge for simulation of field theories

e Can arise in presence of chemical
potential, topological terms,
multi-particle dynamics, ...

e Example chemical potential ,ul/'/}/ol//

)
—
p
-~
©
P
D
Q.
5
-

7 = J@lp@wng e Sy Al (partition function)

%\q Hadrons

iy
R

and integration over fermion fields and B Aoic nuce
wick rotation Baryon density

/T
1
S = J dT[d%C [l/‘/(y“Dﬂ + m)y + ZF b+ wipyy
0

Z = [@Ae‘Sgauge[A] - det(iy"D, — m + iuy*) —> For u # 0 complex phases don't cancel
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HEP application focused quantum simulations

e Importance sampling
Interpretation of e s det(M)

as probability weight
e Highly oscillatory integrands
[DAe™ 5w O det(M) e
[DAe e det(M) e

(0) =

@
~
p |
-~
©
o
L
Q.
5
-

near cancellation of pos and neg contribs

A=0

A=20 %‘gb Hadrons

iy
é ‘%&\: W)

Baryon density

integrand

—3 x = 0 3
[ dx exp(—x? + ilx) = [ dx exp(—x?)cos(1x)
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HEP application focused quantum simulations

® Real-time evolution on quantum computer

- iy, 2
can avoid sign problem o sussking 7a] POV 2 e~ nHE Elp(®)
Kogut-Susskind formulation H,*
H =I{Matter +HField +Hint :'—I:‘: . : . : . :
e LTI
Gduge grOUP G ugHugT =H £ He e 9 0 9 0 9 e o Hv
HMattEf#Q.Q.'-J.QQu
Some recent examples: int
h
e Sigma model with topological term [Araz, Schenk, MS ‘22]

e U(1) lattice gauge theory - real-time propagation and collisions in 2d
[Lewis, Woloshyn ‘19]

e SU(2) non-Abelian gauge field (1d) - calculation of plaquette operator
[Klco, Stryker, Savage ‘19]

e Simulate Lattice Gauge Theories with continuous gauge groups in
Hamiltonian formulation [Haase, Dellantonio, Celi, Paulson, Kan, Jansen, Muschik ‘20]

® Z2 Lattice Gauge Theory at finite temperature [Fromm, Philipsen, MS, Winterowd ‘23]
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Calculation of particle collisions
il
oo

oo

R

filx;, pp) pdf do hard x-sec. parton shower hadronization

%\

® hard process and parton shower most time consuming parts
of event simulation - though carries most information!

® hard process calculated using modern helicity amplitude
techniques and parton showers using perturbative QCD
resummation techniques.

— Event generators: Pythia, MadEvent, Herwig, Sherpa, ..
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Parton shower

O o
e

Collinear mode: SOfT mOde: - Y,
¢ = = P % Pi~0  Interference effects only
. ] Pa P = (1 - Z)

k { j p < J

k

i allow for partial factorisation

Successive decay steps factorise

into independent quasi-classical steps Leading contributions to the decay rate in the

collinear limit are included in the soft limit
Splitting functions:

A2
Pyq9(2) = Cpt (12 ?) || Pyosgg(2) = ngTr(2* + (1 — 2)?),  Pyogg(z) =Ca [2

A

Sudakov factors for non-emission probability A, ;(z1,22) = exp [_ a2/ 2 Pk(z’)dz’]

S
Z1
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QC parton shower algorithm

[Bauer, de Jong, Nachman,

¢ Interference effects in parton shower-picture for Yukawa model ,_ ' = . 19]

. . . . . . . !
e For QCD and efficient implementation [Bepari, Malik, MS, Williams "20]
|
Pi 1
|
Update | Update Gate -
gluon quark antiquark Pj 7 Controls from
| . o
po_ |1 0 0 | history register
1 0 0 1 ' |
::2 0 1 1 n — Count : |0) Reset to Upda'l'e the
1 | for final particles in
e Emission r |0) ) next step )
: the particle
ho History : register
|
: |
COUNT GATE EMISSION GATE HISTORY GATE
Use NOT, CNOT, CCNOT gates to read particle Control from number registers to apply emission matrix Control from particle and emission registers to
register and flip corresponding number including Sudakov factors to rotate e-register from |0> to apply specific rotations to history registers
register | 1> if emission has occurred
Po
pr{ P1 a3 P Ny { ”jl pi{ P x
P2 X X " o emission pj
wo b o ng X V wo
work wo b & k{ w
w) D D
work ’ w) & & A
n_q 3 wo D ’J_I D history { M1 @
n: emission € &l Ay E
)
U = V Atot(z1, 2) _\/ I = Atot(zy, 20) 1 Pij(@) Pij(2)
) \/1 — Atot(215 20) V Atot (215 22) U, = Ptot®@ Ptot®@
=
Pisij@) | Py
Pt~1(@) Pt~t(2)

16 \ )



Initial gluon:

e stepl Lo
* 949
e Step 2: 05 -
* Same final states as step 1 '
" 949 £ 06 -
" dtep: 8 04 -
* 249499 .
* 9499 |
 Step 2: 02
) - g'g'g 0.0
* =999
1.0
Initial quark:
e stepl 0.8 -
* q-4q
e Step2: $ o6 -
 Samefinal statesasstepl 32
* 949 £ 04
» Step 2:
* —4q99 2
* —qqq

GGI Workshop

0.0

Florence

Two step parton shower: z,, = 0.5, z,,, = 0.3 (10000 shots)

QC sim
e Theory
0.585 0.589
0.356 0,346
0.023 0.022 0.011 0.012 0.095(0.035
— ’ .
9-g g-qq 9—-g99 g9-9q9q
Two step parton shower: z,, = 0.5, Zjo, = 0.3 (10000 shots)
QC sim
mw Theory
0.441 0.441
0.398 0.398
0.154 0.154
. 0.007 0.01
g-q g-qg q-qg99 q-qqq
|7 Michael Spannowsky 07.11.2023




The Quantum Walk

0.10
—— Classical
0.2 A~ N2 —— Quantum
0.081
0.06
2
§ 0.04
0.021
0.00 j
-100 -75 ~50 -25 0 25 50 75 100
Position
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Quantum Walk Parton Shower

[Bepari, Malik, MS, Williams “21]

Position Coin Shift Measure
Identifying the probability for a v ==y = 99 = gk 5
: P 9= qq
specific emission as y =l il
, = R
Pij—(l_Ai)XPij c = P,
L . . . a D,y $ 3 s
Z o : increase the dimension of the coin ; T
space to accommodate collinear splittings "=~ d
Z p : increase the dimension of the position
space fo accommodate parton species ommre | ‘ i O
h i
%0.157 = 2.01 h
§0-10’ El,& I
Coin and Shift operations now propagate M]IHI }
0.051 I
the determine-identify-update routine. 1 ‘1111111 | P
0 L) t T 5 = * o o o o o | { 3
e O;HHHH ......

20 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
Number of gluons

-1

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
Number of gluons
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Discrete QCD - Abstracting the Parton Shower Method

[Gustafson, Prestel, MS, Williams ‘22]

QW parton shower still no kinematics! = Algorithm for QC with kinematics

Parameterise phase space in tferms of gluon fransverse momentum and rapidity:

2 _ %Sk gnd _ 1 (Si) where «-n(X
KL= STK T2 Sk 1(A>
: : - Ca
leads to inclusive probability:  dP (q(pr)d(px) — q(pi)g(p;)q(PK)) ~= a dﬁ;dy
Now express with momentum-dependent running coupling
5 127 1 const. AP _ | N~ ~ dx dy S — 11
as(k]) = 33—~ ) = P (a(pr)a(px) = a(pi)g(p;)a(pr)) == — 5y, With 96 =5
Interpreting the running coupling renormalisation k= In(k? /A?) /\

group as a gain-loss equation: |
clns y

Gluons within 0y, act coherently as one

effective gluon MMLM . @Mﬁ

GGI Workshop Florence 20 —
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H —— H
—
) I I L I I L I I I L I I L I I I L I I
e Classical
% 0.121 ibm_algiers (27 qubit) _|
*_8 { ibmg_qgasm_simulator
D
0.10f~ .
oosk BRI pEe -
0.06~ .
0.04- .
002% = = E 3 = = = = y = T T 5 = =T = = —
0.00 & K ' % B 0 B ' BN ® B B B B NH B B B B B B B/ §H °§ |
' ABCDEFGHTIJKLMNOPQRSTUVWX

Primitive Grove Structure

The baseline of the grove structure
contains all kinematics information

21

The Discrete-QCD dipole cascade
can therefore be implemented as

a simple Quantum Walk

o Gom Shit y—
) = BE s —
R s

focooooooconbocoascoooccoooocoosoconocooooooa booooocooooa

Repeat for all slices in fold

The algorithm has been run on the

IBM QASM 32-qubit simulator

The device simulates a fully fault

tolerant quantum computer without

a noise model

Michael Spannowsky 07.11.2023



1/0 do/dp, [GeV1]

Ratio

R R

O 00 ©Q
1o NN INT RN IVIEN

Running on a Quantum Simulator

Transverse momentum of all particles

[T I I I ‘ I I I I ‘ I I I I ‘ I I I I —]
N —— Dqcb shower .
- — QuaNTUM shower (ibmg_qgasm_simulator) .
o
s ] | | | IE
= = e [ T =
= = = = =N E
? | | | | ‘ | | | | | | | | ‘ | | | | é
0 5 10 15 20
pi [GeV]
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1/0do/dy

Ratio

0.7

0.6

0.5

0.4

0.3

o
i

e
=

o= R

O 00 © il
g0 R k&b o

Rapidity of all particles

E T T T ‘ T T T ‘ T T T ‘ T T T ‘ T T T ‘ T T T ]
E —— Docp shower g
— — QuAaNTUM shower (ibmg_gasm_simulator) —
= -
= =
;l_l_ '_‘f S E
gl I — ‘ I I — I I I I — I I I — lé
3 -2 -1 0 1 2 3

y
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Probabilities

0.12

0.10

0.08

0.06

0.04

0.02

0.00

Discrete QCD as a Quantum Walk - IBM device

= = .=

Classical

{  ibm_algiers (27 qubit) _

I ibmg_qasm_simulator

= kS = - = = = =

GGI Workshop

Florence
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The algorithm has been run on
the IBM Falcon 5.11r chip

The figure shows the uncorrected

performance of the ibm_algiers
device compared to a simulator

The 24 grove structures are generated

for a E-y; = 91.2 GeV, corresponding
to typical collisions at LEP.

Main source of error from CNOT
errors from large amount of SWAPs

Michael Spannowsky 07.11.2023



1/0do/dT

MC/Data
Juny
0o rrrH
NSRONOR N BSONON

© 000

Collider Events on a Quantum Computer

Theory - LEP-data comparison

Thrust (Ecps = 91.2 GeV) Differential 2-jet rate with Durham algorithm (91.2 GeV)
% _] g :NNHH‘ T NNNHH‘ T NNNHH‘ T N[NHH‘ [
~  —4— Acreru data (EPJC35 (2004) 457ff) ] = - .
. — Daqcp shower | T 102 = =
= — QuanTuM shower (ibm_algiers) - © - -
i N 10 = =
N ] 1 =
L = _| = —+— OraL data (EPJC 17 (2000) 19ff) 7
E = s —— Daqcp shower i
——e ] 10~ 1 H — QuaNTUM shower (ibm_algiers) .
- [ I I I I L 11 1 I I I I | E }
= E 1.4 5
= — 1.3 B
= — % 1.2 5
— 1.1 5
i $ * .—0—0—0}—0—,—0—% Q 1 ia
= 1 . =5 O 09 Ef
== —= = 08 B

E 07 &
:l | ‘ I ‘ I ‘ I ‘ I ‘ I ‘ I ‘ [ lé 82 ET

0.65 0.7 0.75 0.8 0.85 0.9 0.95
T yDurham
23

[Gustafson, Prestel, MS, Williams ‘22]
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Big Data in HEP @ the LHC

2017

Integrated Luminosity [fb]

ATLAS/CMS 200 events/s
passing triggers

2011 2015

—  ATLAS/CMS 2 PB/year of data | - .

02-Mar 02-May 01-Jul 31-Aug 31-Oct 31-Dec

High-Energy Physics Machine Learning

Tremendous amount of Highly performant data

highly complex data ‘ ' analysis techniques

Often used for

However, theoretically Ideal classification in HEP:

very precise description

of data interplay

® Supervised learning

e Anomaly detection

GGI Workshop Florence 25 Michael Spannowsky 07.11.2023



Classical Tensor Quantum
ML Algorithms Networks Computing

1. an adaptable complex system that allows approximating a complicated function

Measurement and

Input Hidden Output State Preparation Model Circuit

N s, U, =i
:7' TN—
2. the calculation of a loss function used to define the task the method
B ) | | Bz, TPz — fl(x() ground state
Y,y y—vy H
’ L=L (p(l,x), lt’"“th) I') := arg min M
wyep (YY)
3. a way to update 1. while minimising the loss function
J(w) 1 w:garl]t I / — Gradient ; ; .
N/ quantum: annealing
+— arg min H; / Z;
Global cost minimum LVJVI_VJ o o I * I I
ot hybrid: classical opti.

Data Analysis (Classification, anomaly, regression, fitting, ...)

> Simulation of field theories (Groundstate, tunnelling, Real-time...)
Calcula’rlon oF dlfferen’rlal equa’rlons e’rc e’rc
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Quantum Machine Learning
with a Variational Quantum Circuit

Measurement and
Postprocessing

State Preparation Model Circuit

[McClean et al '16]
[Farhi, Neven 18]

[Schuld et al ‘20]
[Blance, MS '20]

GGI Workshop Florence 27 Michael Spannowsky 07.11.2023



Quantum Machine Learning
with a Variational Quantum Circuit

Measurement and

State Preparation Model Circuit )
Postprocessing

n corresponds
state preparation / to # features

7> S,l¢) = S,10)°" = |z)

e.g. angle encoding

|z) = écos(:z:i)m) + sin(z;)|1)

1=1

GGI Workshop Florence 28 Michael Spannowsky 07.11.2023



State Preparation Model Circuit

Quantum Machine Learning
with a Variational Quantum Circuit

Measurement and
Postprocessing

¥) = Ulw)a)  wit
/

f

trainable
parameters

model circuit

2-layer Variational Quantum Circuit

N

prepared
state

- fan) M '
1) 1)
U, Us —» Rotation + CNOT -> Entanglement

GGI Workshop Florence 29 Michael Spannowsky 07.11.2023




Quantum Machine Learning
with a Variational Quantum Circuit

Measurement and
Postprocessing

State Preparation Model Circuit

® Entangled state shares information across qubits
e Evaluate expectation value of qubits fo construct loss

for supervised S vs B classification one qubit sufficient

A

E(0.) = (0]9,(2)'U(w)'OU (w)S,(2)|0) = 7(w,z) for O =0, @I

e Quantum network output: f(w,b,z) =m(w,x)+b

e Changing operator and loss => VQE, VQT, ... (simulate QFT)

GGI Workshop Florence 30 Michael Spannowsky 07.11.2023




Quantum Machine Learning
with a Variational Quantum Circuit

Measurement and
Postprocessing

State Preparation Model Circuit

e Hybrid approach (QC to calculate exp. value, CC to optimise U operator)

1.
e Loss function L = E Z [y;:ruth — f(w, b, QZ‘Z)}Z L(6",6%)
1=1 T

label (signal, bkg), supervised learning

® Quantum gradient descent - for fast convergence

[Cheng 10]
[Blance, MS '20]
[Abbas et al ‘20]

Fubiny-Study metric underlies geometric

structure of VQC parameter space: 6,1 =6, —ng" VL(6)
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Gate quantum machine learning in action

—— NN-GCD
VQC — GD
—— VQC - QGD |

—_
w

- 1500 training events

—_ — —_
o — DO

Training Loss

=
©

=
[

30

< < =
o oo o

i
N

Signal Efficiency

<
)

L —— VQU—-QGD AUC = 0.794  \_
VQC—GD AUC = 0.773 N
—— NN_GD

0 0.2 0.4 0.6 0.8 1.0
Background Rejection

AUC =0.738 S

0

GGI Workshop Florence

— NN -GD

1.3:' 500 events
_ VQC — GD
—— VQC — QGD
1.2 QC—Q6D
S1.1
) I
e |
N
’§ 1.0r
=
0.9t
0.8}
1 11 51
Epoch

QC device vs simulator

30

[Blance, MS ‘20]

Device Accuracy (%)
PennyLane default.qubit 72.6
ibmq qasm_simulator 72.6
ibmqx2 71.4

e Applied fo pp — tt vs pp — Z' — it

lept. top dec for 2d feature space only

32 Michael Spannowsky
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Autoencoder for unsupervised learning

Most popular NN-based anomaly detection method

(Vp}

5 5 5

S 5 t o o S

0 o) —> 0 5 — Q — | &

w “+— +
O o O O 3

a w QO

c / \

—

T difference T

- Loss = . -

input/output

[Kingma, Welling 13]
e in first step input is encoded into information bottleneck

e between input/output layer and bottleneck can be several hidden layers
(conv./deep NNs) -> highly non-linear

e after bottleneck decoding step

® Reconstructed output is then compared with input via loss-function (often MSE)

e NN is trained such that input and output high degree of similarity
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Unsupervised learning with quantum-gate Autoencoder

[Ngairangbam, MS, Takeuchi ‘21]

-----------

...........

-----------

...........

...........

U45(0)

U’ 5(0)

Encoder

Decoder

...........

...........

...........

...........

Quantum similarity measured via fidelity

F(|¢), [¥) = F([9), |¢)) = [(|)|°

Induce information bottleneck by discarding states of B system after
encoding, and replacing with reference states B’ with no connection
with the encoder.
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Results: Training size dependence

Dependence of (BG) test loss on training size

[ Train size = 10°
0.10 [ Train size = 10!
1 Train size = 102
[ Train size = 103
1 Train size = 10*

0.08-

Classical

(CAE)

= 0.06-

0.04

Lat. dim.=3

0.02-

0.00

0.1 0.2
RMSE
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. . — 0
014 — Tra!n size = 10
[ Train size = 10!
012 Train size = 102
[ Train size = 103
0.10/ ] Train size = 10*
= 0.08 Quantum
© (QAE) .
0.06; i
Lat. dim.=3
0.04
0.02
| , L&
000580 085 000 005 1.00
Fid.
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Classical autoencoder Quantum autoencoder

l o) ——\ | %) .
.............. 1Ba) gy
"" 332‘ Cley — P
EN W ji f\: f —i I
LT ) — Uas(®) U45(©) — &)
o i
Encoder Decoder
Encoder Decoder
1.0
1.0 —— CAE train
. 0.8
_ —— QAE train
<08 -~~~ CAE val S
e N P QAE val V0.6
V0.6 <
S 2
3 0.41 0.4
© wn —— QAE
; o :
o 0.2 0.2/ — Lat. dim.=1 :
—— Lat. dim.=2
0.0- — Lat. dim.=3
0 10 20 30 40 50 60 70 80 90 100 080 02 02 06 08 10
Epoch Background Rej.

-8 Much faster training and better performance for Quantum autoencoder

~—3 In our test case, outcome prevails for much larger classical networks
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Adiabatic quantum computing

[Farhi, Goldstone,

e Adiabatic quantum computing (AQC) proposed as application of quantum Gutmann “00]

adiabatic theorem to solve optimisation problems

e Turns out to equivalent to quantum circuit model, i.e. it is universal [Aharonoy, et al ‘07]
e States that if system prepared in ground state |10) of Hamiltonian H
If Hamiltonian changed smoothly and slowly enough system remains in ground state

= A time variation of the Hamiltonian from #; to Hpis implemented

according to: H(t) = (1 —s(t)Hi+s(t)Hp te[0,T] s:[0,7] —[0,1]

. t=0.0
) calculated with QIBO p2
' uantum simulator
| H=(-1% -t V(x)
2m?

4‘ T
2-’\/\ / encode problem/optimisation
1

\/ task here
O_

0.0 0.2 0.4 0.6 0.8 1.0
75
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Quantum annealing:
Non-universal but powerful?

e Specific Hamiltonian. What does the “anneal” mean?

Hoa(t) = y: y: Jz-jaiZUjZ + Z hio? + A(t) ZUiX
i i

1

final Hamiltonian initial Hamiltonian
(encodes actual problem) (ground state = superposition of qubits with O and 1)

A(t) induces bit-hopping in the Hamming/Hilbert space

(111)

® Anneal idea: transition from ground state of initial

Hamiltonian into ground state of problem Hamiltonian (001)

® The idea is to dial this parameter to land in the global
minimum (i.e. the solution) of some "problem space”
described by J, h: . | | (000)
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Thermal (classical) and Quantum Annealing are complementary:

® Thermal tunnelling is fast over broad shallow potentials ., o—height/T
(Quantum “tunnelling” is exponentially slow)

e Quantum tunnelling is fast through tall thin potentials ~ ¢~ Vheightxwidth/h
(Thermal “tunnelling” is exponentially slow - Boltzmann suppression)

e Hybrid approach can be useful depending on solution landscape

smooth rough
E region region
QA finds wide
minima

state

classical algorithm

successful
tunnelling

— — —
- — — -

GGI Workshop Florence 39 Michael Spannowsky 07.11.2023



How to encode a problem on an Ising model

Example 1: how many vertices on a graph can we colour so that none touch?

NP problem
Let non-coloured vertices have aiZ — —1 and coloured ones have O',L-Z = +1

Add a reward for every coloured vertex, and for each link between vertices
i,j we add a penalty if there are two +1 eigenvalues:

J

H:—AZO'Z-Z—F Z 07 +of +oi07]

linked pairs {7,5}
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Example 2: e N"2 students sit exam in a square room with NxN desks 1.5m apart.
e Half the students (A) have a virus while half of them (B) do not.

= How can they be arranged to minimise the number of infections
due to <2m social distancing?

A . 7
There are N" 2 spins o; N-+j

or B>=<B, but if A>=<B then we put a penalty of 2+ on the Hamiltonian
(ferromagnetic coupling) :

arranged in rows and columns. We do not care if A>=<A

N N
H=> > (6em(s1)j + 6-1);) + 06 (5o 1ym + Oe—1ym)) [1 — 0ln 107N+,

Im=117=1

Finally we need fo apply constraint that #A=#B
(no spontaneous healing/self-infection):

2

N N N
onstr 2 7 - ,
H((ons r) :A(#A—#B> — A E UfN—{—i — A ;J ;J O-EZN-i-iO-'r{z,N—i—j
0,1 m=113=1
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e Example 2 done with classical thermal annealing using the Metropolis algorithm.

e We find 2 degenerate solutions.

® Finding solutions easy for human, due to = configuration space 2"100

symmetry, but difficult for computer o
= non-convex optimisation

= discrete problem (no gradient)

e Quantum annealing provides result in O(10 us)

GGI Workshop Florence 42 Michael Spannowsky 07.11.2023



A quantum laboratory for QFT and QML

- going beyond the reach of classical computers -

e Using the spin-chain approach for field theories discussed before, we can
encode a QFT on a quantfum annealer and study its dynamics directly.

[Abel, MS “20]
® To show that the system is a true and genuine quantum system we

investigate if the state can tunnel from a meta-stable vacuum into a the
true vacuum.

0.8
® Choose a potential of interest: 05
0.4 lll
9 2 2 \ 1
U(p) = 1 tanh® ¢ — k(t) sech” (¢(¢p —v)) = \‘ ]
S 021 \‘ !
’ VoA
— 7 I\ I
where ¢ = 1/10 time dependent o Vo
—024 k=1, v=2.0 \ P H
— = k=1,v=3.5 \, /
— = k=1, v=5.0

¢(t) is the field and c, v are dimless constants

|
D
|
N
o
N
FN g
(e}
[oe]
=
o

field value ¢

e For real-time evolution of field theory on QA see [Fromm, Philipsen, Winterowd ‘22]
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The tunnelling probability in a QFT is calculated by evaluating the path-integral in Euclidean
space around the actions critical points using the steepest gradient-descent method

X quantum annealer

- dt(mMCZMmQJrU o1 +8 —E> _
Milng) e = /D5776 d ’ (etom)=Eo | _ 4 —h 7 Sp.

Me
For the tunnelling rate ' = |(n;|ns)p|? ~ e 2P Se.a with Spa = / dn\/2m(U — Eo)
M+

1 Pe 3
Exponent is object of interest: A 'Sp ~ 772 /q5 \/Z tanh® ¢ —sech’(¢ —v) o with 7 < B2 /2mi
_.I_

D-Wave reverse annealing

starts at sq=1 (classical) -> sq < 1 (quantum) -> measurement in sq=1 (classical)

¥ g TN
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0.14

0.12 -

0.10 A

0.08 -

Potential

0.06 -

0.04 -

0.02 -

0.00 - \/ - Potential to settle for 40 us

-2 0 2 4 6 8 10
field value ¢
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Implemented and executed on D-Wave Q2000 machine

0.14 -
0.12 -
0.10 -
<
S
0.08 -
3
S
=" 0.06 -
S~
Y
0.04 - -
- Potential
Initialised
0.02 - ---- Eigenfunction
B Measurements
0.00 1 1 1 1 1 |

2 4 6 8 10
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0.6 -

0.4 -
©
c
Q
B 0.2 -
(a8

0.0 A

_024 7 Potential to settle for 40 us
Potenial after 40 us to tunnel for 100 us

—2 0 2 4 6 8 10
field value ¢

GGI Workshop Florence 47 Michael Spannowsky 07.11.2023



0.150 -

0.125 -

0.100 -

0.075 A

0.050 -

0.025 A

1/N,, ON/og

0.000 -

—0.025 A

—0.050 A

Implemented and executed on D-Wave Q2000 machine

T ——————— — i —— —— i — — "
—

- =B _mmm . - . e —— ——-a - — o= - - —

---- Potential for 40 us

- Potential for 100 us
Initialised

BN Measurements

GGI Workshop
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Results: it decays with v as expected

0.107 1 v=20
v=25
0.08 1 —1v=30 Perform tunnelling for
1 v=35
0.06
ltunnel = 10()#8 a"' Sq — 07
0.04
0.02 -
0.00
- 5
ﬁeldvalued)
1.0
—— Fitted Curve
0.8 - ¢ Original Data
£ 0.6
Theory: logl’ = 3.0 x (1.66 — v) 3
Exp: logT' = 2.29 x (1.71 — v) 02
0.0

2.00 2.25 2.50 2.75 3.00 3.25 3.50
vacuum expectation value v
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Also dynamics has characteristic behaviour. For example it still
“tunnels” to the bottom of a potential even if there is no
barrier: i.e. the wave function leaks across, rather than rolling
as a lump —

Numerically solving S.E. we find (this takes an hour!)

‘;L ‘II | |
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Also dynamics has characteristic behaviour. For example it still
transits to the bottom of a potential even if there is no barrier
i.e. the wave function leaks across, rather than rolling as a lump

2D example potential

U(q517 ¢2)
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Also dynamics has characteristic behaviour. For example it still
transits to the bottom of a potential even if there is no barrier
i.e. the wave function leaks across, rather than rolling as a lump

140

[ 120

140 | .

20 -

® o

» .
0

20

-1.00 -0.75 -0.50 -0.25 000 025 050 075
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Optimisation comparison quantum vs classical

gradient descent Nelder-Mead Thermal Annealing Quantum Annealing

Tiy1 = x; —Vf(x;)

Multi-well potential
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¢ Quantum algorithms finds global minimum

Results for Multi-well potential

of potential reliably and fast!

[Abel, Blance, MS ‘21]

(a) Nelder-Mead

GGI Workshop

Probability Density p(¢, )

0.00

=
)
0103
2

2
0.05 £
0.00

(b) Gradient descent

Florence

Method Time/run (us)
Nelder-Mead 4900
Gradient Descent 2900
Thermal Annealing 5 x 10°
Quantum Annealing 115
3 ' ! Quantum
i "< annealer almost
: a never gets
) fé ) = stuck in wrong
m— o minimum

3.15
2.80
245
2.10 4
1758
140 &
1.05
0.70
0.35
-3 0.00 —

-3 -2 -1 ()

(c) Thermal annealing

Clear advantage

54

2.10 4
1.75 %
140 £
1.05
0.70
0.35
0.00

(d) Quantum annealing

Michael Spannowsky

QA is depth
savvy, i.e. works

qualitatively
different

07.11.2023



Completely Quantum Neural Networks

Structure of node i, in layer L  Li(z) = g (Z Wi T +bi)
Network output in final layer Y = L™o...0LO

Loss function L(Y) = —Zlya—

e Developed binary encoding of weights
(discretised)

e Polynomial approximation of activation
function

® Reduction of binary higher-order
polynomials into quadratic ones (Ising model)
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Completely Quantum Neural Networks

Loss

1.0 BN quantum

B constrained classical

Weights and biases> 0.8
:

§ 0.6
Reliable and very 2

fast ground-state .
finder of loss

function
0.2
Optimal network training 0o M
circles quadrants bands ttbar
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Application to differential equations and variational methods

Define your mathematical task as an optimisation problem

Build the full function, here a DE into the loss function, incl boundary conditions

Zmax .
)

+ D (VPO () — K(7))?

B.C.

[Piscopo, MS, Waite 19]

identify trial solution with network output ém (Z) = Ny, (%, {w,b})
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QADE: Solving differential equations with a quantum annealer

[Criado, MS “22]

Example Laguerre differential equation:

vy’ + (1 —2)y + 4y =0 with y(0) =1 and y(1) = Ly(1)

epoch = 0 (Elvet)
107 2y + (1 —x)y +4y =0

y()

S
~
-~
-~
S~
-~
“
————————

0.0 0.2 0.4 0.6 0.8 1.0

Classical Neural Network
[Piscopo, MS, Waite '19] [Araz, Criado, MS “21]

https://gitlab.com/elvet/elvet
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1.0 1

y(x)

0.0 -

epoch = 0 (Qade)

zy" + (1 —a)y' +4y =0

~
~
~
~
~
-~
\‘
-~
________

0.0

Quantum algorithm

http://gitlab.com/ jccriado/qade
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QFitter

Example Higgs EFT fit:

£ =230 (8t0) (qrdur) + 2L (61 ¢)(qrodr)

+ ;jn“;; (¢'0"D"¢) D" W, +4—2( 3u(9'9))"

(g ) T Ny ngS T a apv
+ P (610) B B + 19 (616)G5, G

iCHWQ T aD;,L DY

: /
+ ZZHB;Q (¢! D*$)D” B, + h.c.
myy,

[Criado, Kogler, MS ‘22]

=) VuCL'Vy v, = Olexp) _ olth) ()

©J

e Fast and reliable state-of-the-art
Higgs, ELW, ... fits

e Convergence no problem for non-
convex Ax® = X’ — xmm functions

Formulation Method

2

Fit time caw cu Cq Cvy X

Minuit (initial cgw = 0) 2.0s -0.009 0.100 1.4x107° 3.2x107°% 4110

Standard Minuit (initial cgw = —0.05) 2.4s -0.050 0.039 —9.7x107° —1.0x 10~* 135
Simulated annealing (initial cyw = 0) 642s -0.009 0.100 1.4 x107° 3.7 x107° 4110

Simulated annealing (initial cyw = —0.05) 644s -0.009 0.100 1.4 x 107° 3.7 x 107° 4110

Simulated annealing (Class A) 6.4s -0.012 -0.054 —3.0 x 107°> 3.9 x 107° 3910

QUBO Simulated annealing (Class B)
Quantum annealing

S
0.2s

-0.045 -0.175 —3.7x 107% 1.8 x 104
-0.047 -0.050 1.9x107°% 7.5x10"7 ( 68
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Training NNs using Adiabatic QC [Abel, Criado, MS 23]

e Applicable to digital quantum computers, i.e. quantum gate computers.

Not limited to Ising model
O(1000) qubits for Ising model

O(10) qubits for AQC - prop. #weights
e # of gate operations in AQC scales polynomially with NN width and exp with depth

¢ Gradient-free optimisation -> particularly important for discrete/binary NN

2
= 0.0
t H=(1-1n-2— 41 v
60(‘2'% 2m2
@@i@ T

1 & 5
Loss = — X, 1) — K;
Nzi, P(x, 1)

T NN output with
trainable weights x

N\ / \

N/

0.0 0.2 0.4 0.6 0.8 1.0 .
T weights x

extract optimal
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Usn(©) ulp©)

Encoder Decoder

e Quantum Computing is exciting research area that rapidly expands,
supported through private and public sector. Many algorithms to be invented.

= Can exploit QM prop: entanglement, superposition principle and tunnelling

® HEP is inherently quantum mechanical, thus description in
terms of quantum computing should be advantageous

= Suitable theory description needed for QC devices

= Path to an application yielding quantum advantage

e For quantum advantage in real-world applications need development of
technical realisation of quantum computers
(size, fault tolerance, type of operations,...)
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