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Nobel Prize in Physics 2024: Machine learning with ANN
Nobel Prize in Chemistry 2024: Computational and ML prote
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Demis John M.
Baker Hassabis Jumper

“for computational “for protein structure prediction”
protein design”

John J. Hopfield Geoffrey E. Hin

“for foundational discoveries and inventions
that enable machine learning
with artificial neural networks”

THE ROYAL SWEDISH ACADEMY OF SCIENCES THE ROYAL SWEDISH ACADEMY OF SCIENCES

Artificial neural networks, powerful tools for Al e

N atura l an d This technique lies at the heart of "deep learning", a branch of artificial intelligence d
NEURON capable of performing highly complex tasks: image recognition, translation, answering questions...

artificial neurons

The brain’s neural
network is built from

Input Hidden layers Output
layer "Black box": tis impossible to trace layer
the origin of an answer

Artificial neural
networks are built

16 Alearning
living cells, neurons, from nodes that are -0 10— algorithm trains

: h | k
with advanced internal SYNAPSE coded with a value. .o 30— answer Lyee'\":r‘:“:;‘w'
machinery. They can The nodes are - .0 10— its performance on
send signals to each connected to each o o the data and adjusts

other through the
synapses. When we
learn things, the

other and, when the
network is trained,
the connections

activation functions,
and connections

between neurons to
refine the network's

STRONGER

- Each neuron ay responses
connections between between nodes that eollccts aiid weigha ; P

some neurons get are active at the nformation s ormed — out

stronger, while others same time get {fom the Rilipratichy When mistakes

an answer... become infrequent,

the model is ready
to be used

get weaker. stronger, otherwi-
se they get

weaker.

WEAKER
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The Second Quantum Revolution refers to

a contemporary wave of advancements and breakthroughs in the field of quantum physics
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Quantum Information Processing

Quantum Simulation

Quantum Metrology

Essential: Preparation, control and manipulation of quantum states with high-fidelity and in a fast and robust way

Superposition

Coherence

Superposed
state

V2

Entanglement

3-|-5>
] v

(04005~ 1)a00)s)

Quantum information exploits quantum mechanical properties to enable more efficient information processing.
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Types of Machine Learning - Supervised, Unsupervised, Reinforcement

mo.chine learning
A

—

unsupervised supervised reinfercement Active Learning
learning learning learning
i machine learning .
+ / model
: 5 u
":‘4'.: \ #* \
e . 4 F
.._.: ~ + * training set -
unlabeled pool
°%
“LY 'S Y
N oy
> Oo %O » k /
0 N ,
O oracle (e.g., human annotator) S
Task Driven Data Driven Learn from . .
(Predict next value) (Identify Clusters) Silatakns ML can be combined with quantum control and quantum

information, embodying the interdisciplinary spirit of the
2nd quantum revolution. This integration not only drives
the advancement of QST but also fosters the development
of new paradigms in high-performance CS and A!.
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Reinforcement Learning for Quantum Optimal Control

PHILOSOPHICAL TRANSACTIONS
OF THE ROYAL SOCIETY A
MATHEMATICAL, PHYSICAL AND ENGINEERING SCIENCES:

° ° ° Adiabatic
Reinforcement Learning in ML i

Lo b g &
Reward g,”::e

DOG (Agent)

l State (Actlon) Q

Sitting Walk

SHORTCUTS
TO ADIABATICITY

m T

SOCIETY ‘r

Phys. Rev. A 103, L040401 (2021).

Sci. China Phys. Mech. Astron. 65, 250312 (2022). Phys. Rev. Lett. 104, 063002 (2010)

Rev. Mod. Phys. 91, 045001 (2019)
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Physical Model - single qubit control

Landau-Zener type

We consider two-level system, which is described by H(t) = — [QUX + A(t)az],

. 0 5\
and its eigenstates are P4+ (1) = (cos—e_’2,sin ieg) , lo—(t) = ( '

The condition  d(t)/dt = 0I(t)/0t+ (1/ih)[I(t), H(t)]

gives

() =) cx exp(ive) o= (t),
+

8
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Shortcuts-to-adiabaticity Protocol

QT 2 2
The ansantz O(t) = — |as— 7%(1 — s)2 + 7%(1 — s)3 + cos(ms) + A
a

where s=1t/T, A=72/6—-1, T= —ma/[(2—a—7°/6)Q]. a>2—72/6

Considering the systematic errors in Rabi frequency and detuning, e.g.

Q — Q1+ do) A(t) — A(t) +6a
We find the error sensitivity, using time-dependent perturbation theory,
Rabi o = —1
T . .
/ dte? (5A sin @ — 260 sin’ 9) ‘ — 0, n(t) = 274 (1) detuning ot = —1.74
0

: n(t) = 26 + oy $in(20) + aa sin(40) + - - - + a, sin(2n6)

9
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10)

2 =20 x 27 MHz
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lrsevewsanAl
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{ ML

0.00

0.25

0.50
t/T

075  1.00

8A = :I:O.lAmaX |0> 59 — :I:O.l
y y
g5
1)
(¢) | 7=0606 22
"' 1=0.488
=
= 0
= A, .| =1.5Q
11
Z | A || = 1762
000 025 050 075  1.00
t/T

a = 0.604 (red curve) and 0.728 (blue curve)
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Breaking adiabatic quantum control with deep learning

( ) Next time step Environment: Real-time evolution by (C) Lo — 1.0
(1) . Pretsin, =%~ 1:1;—11 Liouville-von Neumann Equation 05 Pre-train — - 0g] A-Tobust —

/ 2. Fine tuning with systematic errors, constant reward if \ 06

[ ppa(ty) | = 0.997 Agent 1\2:' 9y

States(z): | | U FUUEE O . 00 U=y e 0.21 | Q-robust -
1 pa(8) | Actiona(t) : 0.0L— ‘ ‘ ; .
Aty A(t,—) 0.00 0.25 t?/i(ir 0.75 1.00

1.00

0.751

0.251

0.00- 0.001;
-1.0 -0.5 0.0 0.5 1.0
5A/Amax

DRL obtains digital STA pulses

o STA educates DRL agent well
Agent: Deep Artificial Neural Network (ANN)

Input Layer Nodes: encoded state DRL explores pl‘OtOCOlS independently

Output Layer Nodes: encoded action

A deep ANN can effectively approximate an (unknown) optimal map Proximal Pollcy Optlmlzatlon 11
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USTC's experiment on ion trap systems

1.0
| (a)
[ 0.8 —
.'-g 0.6
o) i
S oal
A ’ I —&— 7 pulse
02} oo
L —x=—BB1
0.0 1 1 1
-1.0 =05 0.0 0.5
9

—10g10<1 - P)
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1.0

0.8

Probability

0.0 L
-1.0 -0.5

—loglo(l - P)

0.1

S
o)

0.4 |

—&— 7 pulse
—o— STA
—A— DRL

—*— CORPSE

0.0

5a/1.50

05 1.0

—&— 7 pulse
—o— STA
—4—DRL
—*— CORPSE

—0.2

0.0
Sa/1.50

0.2

(©)
Pz
7
- Yb
/ \
369 nm / \
/ | \
/ 1)
N .
2
S1/2 1w 12.64 GHz

Laser coolina pumping detectingl
Microwave . .. \\““"‘”\\‘wm:‘mﬁ\‘w’\ﬂn‘mm“
N‘M‘V UUII‘ H‘U\m
step-1 step-2 step-3 step-4 step-20
(a) (b)
7 pulse —log;o(1 — p) DRL —log;o(1—p)
0.1 0.1 (@)1.00 3 (b) 1.00 —— T T T
2.2 3 K} i
'q?!iii !f\llgg
0.05 0.05 2.0 095F N el } iy B § . Tha
3 i) [ R I 2 0.95¢ ~3 i . (3
£ 18 = 1] SN s
<1 0 0 2090 N PR - )
~ 8 [N 3 cl 8 X
5 16 % [N 2 090 P
-0.05 -0.05 0851 o mpuie LA — £
1.4 ® CinBB LX) ¢ CinBB [}
® DRL ® DRL
'0-1 -0.1 1'2 0.80 " 1 L 1 L 1 n 1 4 0‘85 1 Il 1 Il
-0.1 -0.05 0 0.05 0.1 -0.1 -0.05 0 0.05 0.1 0 5 10 15 20 0 5 10 15 20
g 0o Number of 7 Number of 7

DL works for mixed errors and has noise-resilience feature

even when the system lacks an analytical solution 5
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Closed-loop control with weak-value feedback

Qubit System

s(t;) Agent a(s;)

pt;) ( Y ( )

p(t) $1i-1)
« q~ (tl) -
",..-°~ 0 ' Hidden Q(ti) Pini = pp X P
S G =1iln Layers i

Hint = g0(t — t')p® Uzl : S Pix(t;) |

Weak Coupllngt \_ y " J

-

Gaussian Apparatus _ A _ A
Lindblad Pfin = exXp(—igp ® Fz) piniexp(igp & 0)

(1) = ' 2Cp( HCLC, — CI Cop(t
p(1) +Z [ 1) Cr = (D) Gy nCap( >] Mach. Learn.: Sci. Technol. 4, 025020 (2022)
13
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Weak measurement

In this way, we can obtain <A> of the qubit by measuring the ancilla’s position q with an arbitrary

uncertainty, since weak measurement protocol requires ¢ > maxj (a;).

The probability distribution of the ancilla’s. position gives

r
The probability can be approximated by P(q) = (27m2)—% [cos2 2 exp (_%>
_ 2 2 a _(q—32)2>]
P(q) ~ 1 exp (g —cosa) . +sin” 5 exp ( 552 .
(2wo?)2 202 \L J
If we perform a weak measurement on the Z direction of the qubit, which leads to |al) = |0), [a2) =|l),and a2,al =+ I,

A normalized wave function of the system
Ve o« ———

after a quantum measurement on the apparatus is

the measurement feedback of the apparatus position y

icmm.csic.es




AYT=0.01, N=20 — _ _
(a) 1.0 — GRL  —— (G,). n-pulse T\ﬁu ;J_Jf:fé“g ’;_:,‘-"’ (a) At/T 0.01, N 20
—_ — @R —— (G, mpulse 1.5 il 1.0 — (G),NE,OM - (G,), OE, OM
‘§ 0.5 . — G RL  —— 13, n-pulse e —— (0,),NE,OM  -—-- (d,), O, OM
- E1.0 ‘| 0.5 — 1., NE, OM
‘€ 0.0 TN a =
—~ :';\
& —0.5 o 5 00
-1.01, f“‘”-: ;;;; g : : 0.01, . , : . <§< -0.5
0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.0 0.75 1.00 ~
tT tT A0 S -
(b) AHT =0.01, N =20 T ——ts 0.00 0.5 0.50 0.75 1.00
1.0' “‘:?\‘ — (G RL - (d,), n-pulse sani i t/T
W — (@)L RL - (d}), n-pulse 1'5 ]
~ 0.5 b At/T=0.01, N=20
8 E 1.0 1.0° = - 2.0
-~ 0.0 a . — (G),NE,NM - (G}, NE, OM . !L .
"b;‘ 0.5 ~ — 1), NENM - 1G], NE, OM %ﬁ%ﬂ;ﬁnﬁkm
= —0.57 NN A ) ‘3 0.5 — (G NENM - (G), NE, OM 1.5 H%TW
""""""" 0.0 - = S ‘fﬁ' I
—1.01 . ‘TL"—J - . i . U . . . . e = ~ | gLk ﬁ]\’ 1
0.00 025 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00 & 0.0 g &0 gl ‘W'
o il & -0.5 0.5 T
< -, ‘1 i
At/T=0.01, N=20 ) N
(c) 1.0 — (G).RL - (G}, m-pulse 24 F ~ R S "'" di N—‘L
— (@) RL - (d2), n-pulse _1.0' : “ : - T 7‘ 0-0_ . . . i _'
~ 05 0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00
e £ tT tT
_~ 0.0 G 1
- —0.5- \ \\\\ ; ! /;":":n::-_\_‘
1o S s = 0- This combination of closed-loop control and transfer learning
0.00 025 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00 can thus enhance the system's resilience and adaptability,
tT t/T

providing a dynamic way to maintain quantum coherence and
improve control fidelity under varying conditions.

(a) detuning, (b) dephasing, and (c) ox relaxation
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Dropout is all you need - robust two-qubit gate

RL state t =T, reward

Ut),alt_q),t

s(t;) ‘
* Calculate x©O / U(t), a(ti_q), t;
RL agent (E;r)(t)igcr)m:tl) U(t) O

* l Error-free
Dropout-free
o Environment
PS:GJ:JS;%Zn Fixed pulses \ *
(optional) _ _ _
L 30,0, A, i)

Gaussian perturbation on the action and dropout in
the ANN are used to obtain robustness against systematic errors Phys. Rev. A 110, 032614 (2024)

T RL Env

----------------

16
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The general Hamiltonian appears in the study of Josephson charge qubits or liquid-state NMR

J
H=H QL +1I ®H2+521 R Z»,

Hi, = 1[Q1 2 cos(wt)X) 2 + Qi sin(wt)Y 2 + AZ 5]

we simplify the two-qubit Hamiltonian into two parts
1
H*(1) = S[Qcos(wn)G; + Qsin(0n)Gy + A*GT],
where Gt — (], +7,)/2® (i € {X.Y.Z}) and AT =A+J

The dynamical invariant of H is then given by =) = O Cos(a)t)Gf +Q sin(a)t)G;t + (AT — 0)G*
-

2 .
How = Y H+ 727 @ 2, where H; = Q;(t) cos(w)X; + Q;(t) sin(w0)Y; + A;(t)Z;,

j=1

i—1 i—1

Utito) =T | [Utjs1.1)) =T | | expl—iHpro (j§T)$T] mmmmm) exp(—inY) ® Yy)
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Robustness of the entangling gate Ryy (1t/4) against errors

—log10(1 = F) —log10(1 = F)
0.2 \ 0.2 10 0.9
508 50.71
¢ 2.5 4 & M
0.1 ' 0.11 060! - 205]
3 Co.4 |d03
< 0.0 8 2 0.0 . 0.2
| 0
-2.0
-0.1 \ -0.1 \)'000 \
Fia) = 0.9926 \Fyp) =0.9917 :
- fush
-0.2 . : -0.2 : . s
02 -01 00 01 02 =02 -01 00 01 02 15 S04t y
6Q 6Q < T
i =fu=s’ 02 "= L
—loguo(1 =F) ~legio(L=F) 25 05 05 015 1 0 025 05 075 1
T T
-1.0
(a) standard batch method

0= (b) Gaussian perturbation

(c) dropout

(d) analytical nonadiabatic geometric gate
18
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ML-enhanced quantum control in random environment

2
1
H(t) = p7+ sz(t)x2 +U,.(x) random potential

i

N-1
Ur () = Up % 5 (x = )

Uh,o(x )

(NS R P FeR
T — =

" A “ - Sj1=11,-111,-1,...,1],
1 - W () =0,{Ur) =0
O =T =2 o 2 4 o ; ? !
n . . ~ N . .
Phys. Rev. Applied 17, 024040 (2022) Disorder realizations ~ 2 N impurity number )
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Expansion of quantum particle in presence of random potential

t=0,(1)0=1 t=tf=1,a)f=0.1

Two realizations are exemplified to illustrate the consequence of disorder
the ground state can be positioned far away from the origin

initial ground state (red solid line)
final ground state (black solid line)

final state (blue dotted) by our protocol

Parameters: Uy = 1, wg = 1,and wf = 0.1.
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The fidelity on the control policy A = {a{, a,}.

Control Ansatz a0 = wo
Random sequence Optimal control policy: 4, = {as”", a5},

w(t) = ap + ait + a,t? + ast az = [wf = (wo + asty + aztf)]/t7.
0 1 2 3
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Supervised learning for randomness recognition and regression

filters

randomness ( \
Neural Networks (CNN)

S12D] :
classification _ flatten

L RITRIT AR (I BT LINTITN [ R 1T T

X111 )]

control policy

k 2D grid convolution pooling fislly conected j

S ={1-11...,-11}  1x160 [2D]
conversion from 1D S; to 2D grid S [jy, jz ]

SMj i) = Silja] + Silj2] 160x160

convolution and pooling layers, fully-connected layer with the activation function f(x) and the outputy;.
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accuracy

1.00

=
©
5

accuracy

classification

T

———————————————

training |

---- testing

20 30

epoch

regression verification
|||| 10_3E_I.' X '.' T T T 'e'el_E
s ‘ — training i e :
10 ---- testing | (@ e ... 0“. op & °
10-4 0@ 0295 5° :
e © Ll @ o]
L;.]. © oo @ %0,°¢Q °®
o
1074 F 5 '.0‘ *’. o © O .»
1072 F ¢ e E
: ° ®
' : .I
i |4 i :
b o\ o] E '
10—6 ( ) i ‘ AL .\“‘A 10 2 E ) ( ) # .. = = ¢ = 173
0 10 20 30 40 50 0 50 100
epoch realizations

The outputs from two trained CNNs (red crosses)

compared with the numerical results (black circles) for 100 testing realizations

The performances by using 2D input date outperform!
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Results:

, : : o w w
Stationary state and dynamics rely on the disorder realizations 56 §d T e e T
T T T T 107! T T T
1.00 |
Choosing various ansatz forms would not modify the effect of disorder
1y .
. . © 0.96 | 1R
Our methods are applicable to other the robust optimal control = { & 10
% :
0.92 ]
classification - regression (a) CNNI b) CNN2
1.00 F - | | . | | | | : I ) 3 i 1075 ) 3 4
=== ——— = 10_2; lLf lLf
Q>)\" i b - 10—3
& | Th bined eff fth ing potential and
= : . : e combin ects of the trappin ntial an
= Gradient-descent { <1, | | Png
Q | E ‘ \
& I ] E \f bl y' ‘.‘l‘“(h\:lf v B . . . .
0.85 f Polynomial ansatz - 10-5 | | disorder plys an important role in dynamical control,
- (a) |  (b) ]
0.80 I S R S S A S S - 10—6 PP MG [ AN S WE 1 A e . . .
L 10 2L 30 0 1020 30 40 50  characterized by the fidelity and the required energy cost
epoch epoch

Hint: the fidelity depends on the localization induced by random potential rather than on the control strategy

24
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Retrieving Quantum Information with Active Learning

Updating parameters

Machine learning
model

Training set

Labeled

elele] “The sample

belongs to

5 I
X = {x ¥} class c..”
il

x

Phys. Rev. Lett. 124, 140504 (2020)

Adv. Quantum Technol. 2300208 (2023)

ONSEJO SUPERIOR DE INVESTIGACIONES CIENTIFICAS nstituto de Ciencia de Materiales de Madrid

xelU
Annotator ‘

Updating parameters

Machine learning
model

Tralnlng set

Unlabeled pool

Unlabeled pool Labeled

pool

{X }l+u

l+u
i=l+1 € = {x;};

i= l+1

X= {Xi,)’i}ﬁ=1

X belongs to
class C;,
almost for sure.

Select queries Select queries

Quantum Active Learning, see arXiv: 2405.18230

icmm.csic.es
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https://arxiv.org/abs/2405.18230

Least confidence Margin sampling Entropy sampling

least confidence margin sampling entropy-based USAMP
xic = argmax [l — Py (yx)], _ A A
J = argmax[Ps (], XM = arg)r(nm [Py (y1|x) — Py (y2|x)] . xe = argmax —Z:Pe (911X) 1og Py (31]) | -

26
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Game between Alice and Bob

Gaming strategy: active learning Weak-to-strong measurement

0.6
a b (a) (b)
0.4 0.95 —— . @ . y 0.95 —— . (b) . y 1 T y T T 1 y y y
0.2 1 Random sampling 1 Random sampling
. 09 n=5 T Uncertainty sampling 09 n=50 T Uncertainty sampling
o ! Query-by-commitiee ! Query-by-commitiee 09 n=5 09 n=50 I
0.85 085 Pl I
-0.2 g 08 gosf | { 11l 808 508 1 f ! { I
04  §ors H\WHHBMS HMMI“HI 8 } 1 J I 1 8 { } ]
5 L+ 5 0.7 0.7
06 Sor | 3 o7 } { l } } l © I J } ] o { { } } {
08 065 065 1 l } { 1 } l sl | I f 06 ]
1 { Strong measurement 1 Strong measurement
-1 06 06 T Weak measurement I Weak measurement
0.5 05
0.55 - . 0.55 - > - .
5 10 15 2 5 10 15 2 1 v F((Jisl th ?14|d ’? ! 1 v F%sl‘l th (f)l4ld "2 !
30 Labeled samples Labeled samples idelty tresho 'delly thresho
c) (d)
c d (
20 vos— (o) . o5 @ . 1 —_— i —
i
oz
10 09 09 111 IR } } E % % 09 { E 1 i 09 { I 1 Pl
0.85 0.85 I
TTEEY ':ll} {iil}i o } } : } [0} E
2 08 . | prilbras o 08F | 508 { 08 }
- [t g : P : gl
8075 5075 e I o
‘\6' g % 80.7 80.7
10 O 07 { J [ O 07 l I 1 } { { I I } } {
0.65 . 0.65 . 06 0.6
20 [ £ Random sampling I i Random sampling n=100 1 Strong measurement n=500 { Strong measurement
06 n=100 T Uncertainty sampling 06 n=500 1 Uncertainty sampling T Weak measurement T Weak measurement
1 Query-by-committee 1 Query-by-committee 05 05
0.55 L L L L 0.55 1 0.8 0.6 0.4 0.2 0 1 0.8 0.6 04 0.2 0
-30 5 10 15 20 5 10 15 20 Fidelity threshold Fidelity threshold
Labeled samples Labeled samples

. ) Wi
Voting entropy for query-by-committee xve = argmax [ — Y )
i 27
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Phase boundary prediction in geometrically frustrated system
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(a) Factoring 21
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