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e Emergence occurs when a complex entity has properties or behaviors that its

parts do not have on their own, and emerge only when they interact in a

Wlder WhO|e 4 August 1972, Volume 177, Number 4047 SCIENCE

More Is Different

P. W. Anderson

Universal macroscopic Numerous microscopic
behaviors , degrees of freedom

' a single
v Image flower pixel

recognition:
\ .

v" Many-body antiferromagnet —_— 2 ° single

physics: ' >pIn
wet water molecule

v And more:

macroeconomy individual
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What are phases?
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& 2 paramagnetic  ferromagnetic // " /J2/
Kenneth G. Wilson ~ Phase phase : /
1982 Nobel Prize

universal properties irrespective of microscopic details

in Physics
e Image recognition, Al, even life, are collective behaviors

Output
Probabilities

schematic “RG flow”
of images “0”
\

John Hopfield & Geoffrey Hinton
2024 Nobel Prize in Physics

&
No two cells are
exactly the same!
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Al for Quantum Phase Recognition

Review: discriminative Al




G UNIP } g
NEZES

PEKING UNIVERSITY

m With interpretability ° % Machine

e Necessity — sometimes:

not only but also
m Diverse phases and candidates v :
1 [\ 2] [ [
m Hidden, abstract, and complex rules 2 B 2]
= Noises and fluctuations 3 3 3 3 &
m Big data, experimentally or numerically a

A quantum many-body state:
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e Thelsing model:

H(G’) — _JZU‘igj
(i 4)

two phases: ferromagnetic (ordered) vs paramagnetic (disordered)

Low T High T
PRIy RARELI LY
= ML treditbet
SHEAAMA SERRARE1R,
Y RRIRIEEEL;

Numerical data: Monte Carlo samples

e The Aubry-Andre model (quasicrystal):

H=-J) ((:Ici-H + h.C) +2A3, cos(2mi)cl e,

4+ L=20

1.0
o[ £ Fn
Numerical data: LDOS g% ‘:f 0 S
Bouf el S T, = 2] /kg In(1 +V2)
delocalized vs localized  ©,,) e M.Og\e B e
olo Anﬁ; _AC =] | | | @ | | |
0.0 0.5 1.0 1.5 20

Juan Carrasquilla, Roger G. Melko, 2017, R simple HW assignment: phase diagram (5pt)
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e Quantum and topological phases: the compatibility issue
a feature selection layer to bridge between b

Quantum many-body states H 'Informative’ operators H Al
/1

o E.g. topological phases: @

relevant operators in ©
the Kubolformula for gy,

==

=

site j]

N
\%\\
NN

P Publ  Pi={(cle;
ik Ml i Py = {eicj) e strongly-correlated

<«— when operators are wrelevant, €.g., ny =cpCr
0.8 1.0 L
i 1.004 ; GS#1 #
0.6 : ) 0.8 GS#2 +
o . !\_‘_O_rm_a'_ i QHLinsulator.... 0.75/ . GSH#3 |
0.4{ Iinsulator < C EEE 064 Normal Fractional
; 0504 ‘ S o . ; o .
0.2 L de=2 a .| insulator . QHinsulator
| configuration 0.251 P =
0.0 S - . r 021 =
00 02 04 06 08 10 oo i
K 0.40 045 050 055 060 00 oz e e os 10

Vi Zhang, E.-A. Kim, 2017. K
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m Observation 1. various model parameters
H=) .t fe o+ » fe + Y. U T Fy..
rr! brr! Cr Gy rUrCr Cr rUrCr G Ny

m Observation 2: nonlinear physical properties
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LDOS:w=--3[6]  Conductance U—Z‘ G627

k.k

ml " N . .\I 1 . 1_1
. wa g& = [ZI Hy — T}L 1fo{f—_1.;)-r—1fm’—l}
m Observation 3: efficient recursive methods '
(N (v 7 (v

GYY =G )Ty 1GY

e Direct quantum and topological phase recognitions W|thout presumptions:

(a) LDOS criteria (b) Normal case X 1.0y train —— infer

i ‘BS - ceCe esee
O/E recognize emergent charge 0'820_\4 BT
7. density wave phases — o5 omos ow 1m

1.0

map and recognize  Zos
topological phases via o

collective properties [0 | fomeaiase | (yn)controlled estimates in o
of FQNN models: 2 FQNNSs (original) models: : meta region

02 ®oeo (DMFT)
metal region

(QMC)

Energ,y
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Pei-Lin Zheng, et al. 2023, 2024. % M 0 e 0w el o
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e Interpretation of big, complex experimental data

Quasi-particle interference pattern as a
Fermi-surface probe of electron liquids

Fourier transform

Friedel oscillations as a screening and back-

-

synergy between

@periment and theoy

~

scattering process around a local impurity

Momentum space

e However, our theoretical capacity largely lags behind our real-world complexity:

K,

KY

Isotropic phase
Nematic phase

= infor

averaged over 1000 FOVs

mation is still present

Predict 5
_ theory
big data, :
noisy data, hypothesis
many-body, Al interface
hidden rules,
etc. ‘ experiment
Verify
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Giaever et al,
Phys. Rev. 126, 941 (1962).

——t———t——d——

e |dea: Train with the big noisy data, trained for the big n0|sy data

m Recognition of nematic phases from STM data

mmmmmmmmm

ts

2000

Samples count

0z 04 08 08

generalizable to other big
noisy experimental data,
e.g. neutron scattering

Anjana Samarakoon, et al. 2020,

0,00

Low High Low

Vi Zhang, et al. 2019, 2020.
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Al for Quantum Monte Carlo Methods

Review: generative Al
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MC and Quantum MC Methods

® Statistical mechanics: W(x) = %exp [— E@], Z =Y .exp [—
B

® Example: Ising model E(X) = — X5 Jxixj, x; = £1

® The Metropolis Algorithm:  (also used in simulated annealing)

1. Generate a random initial state ¥.-o with energy E(X;=o);

2. Flip arandom spin x; - —x; and calculate the energy E(X,) of this trial state X,

3. Calculate the difference in energy generated by the spin flip, AE = E(%,) — E(X,);
- If AE < 0 (the trial spin state is energetically favorable), accept the spin flip;
-If AE > 0, accept the spin flip with probability p = exp(—AE /kgT),

4. Measure the target physical quantities, e.g., energy, magnetization, etc.

5. Repeat steps (2) to (4) until sufficient number N of uncorrelated samples are obtained.

The target probabilities are guaranteed by detailed balance:
W(A) P(B-A) ( Es — Ep
= =exp| —

w(B) P(A~-B) kgT > optimization via simulated annealing
~ ’ Sl o ur




MC and Quantum MC Methods 9*}?4" %

PEKING UNIVERSITY

e Also applicable to certain quantum many-body models

w=0

Auxiliary-Field Quantum Monte Carlo

m Path Integral Monte Carlo

m Determinantal Monte Carlo

m Stochastic Series Expansion Quantum Monte Carlo, etc.

lo o« e ocle o o e

commonly sampling configurations in (d+1)-dims space-(imaginary)-time

e However, local minima cause critical slowing down — cluster update:

1.0 .

Choose a random site x;. N | 1oow | .
2. Add neighbor site x; = x; into the cluster o} Meopas -
with probability p = 1 — e =28/, (@ l‘, N | "]
3. Grow the cluster until all neighbors are MM%MM i,
considered. Flip cluster. w1 = ’lm“
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Al for Quantum MC Methods

e Pros and cons of cluster update:

gy

o (no catalyst)

m probability W (x) ensured via detailed balance

Ea (with catalyst)

m global updates with high efficiency (100% acceptance rate)

Reaction Progress

m yet, heavily reliant on the model

We cannot flip a random cluster with detailed-balance probability, which equals

exponentially small acceptance rate'»globally distinctive states with similar weights
~Catalyst

e |dea: fitting W (x) with an Al model:

then accept cluster with acceW

{I(A — B) — m]n{ ]_ , E_‘B[{EB _EEH-]_(EA — E;")]} % | +Cumfulutiunzl.l Network (2 Kernels)

(] G | |—#— Convolutional Network (6 Kernels)

» Fully-connected Network

after which the MC is exact. %3 25 2 s a4 05 0

Chemical Potential u

Huitao Shen, Junwei Liu, and Liang Fu, 2078,

- ~ - — ~— — -
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. O-C-0-0-0
p(v) = 7 €XP { AR 9;’;’%%} OO0
e Restricted Boltzmann Machine Similar to and o555

Restricted”  ¢r3inable as ANN: hidden ayer unis
o A binary graphic model with no intra-layer connections

+ The configuration probability follows Boltzmann distribution ,
P(X,H) = % EXp(—E(XH)) H = (Hl,...,H‘})T / visible layer units

E(X.H) = - X"p—c"H - X"WH X = (X1,... X1)"

e W, b, and ¢ as model parameters, after training:
maximize the likelihood of givendata | EHEHEHH HEHHH
or fit to a given distribution EEEEBEEHEE
Generating handwritten digits: EEEEEEBEEEE

e Generative Pre-trained Transformer (GPT)
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e Example: the Falicov-Kimball model on 2D square lattice

‘ N 1 1 - X € {0,1}
Hrx = ) &Ki¢;+U (n —~ —) (.xf- —~ —)
Z;: - g 2 2/ Kij=—t U/t=4
prx(x) = e "™/ Zpy B=1/T
e The trained RBM successfully captures the probability distribution:
compensate with: Ax — x) = min [1, PE) "’FK(X)] A
p(X')  prx(X) e .
e Nonlocal updates from hidden variables: "= N
(@, o 25 P | 10— em
p(hlx) o p(x/ ) go.s- 3 { E ZISJ\\ OEFK. . . |
® @ e 5] | P Tetsamples
K P
\\&&{;’,« Jog i éo.sr\w«\ drastically improved
QIO D 02" [e* Rame) i < ooy | acceptance rate and

‘ ; : —0.5L— - - : :
. . 0.14 0.16 0.18 0.20 014 016 oas o20 autocorrelation time
L/ Huang and Lei Wang, 2017. T/t T/t
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Al for Quantum Control and Optimization

Review: reinforcement learning
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3 n-n-en?

ore
o g n-eeeg

¢ Classical computer: AND < -
- Logical gates: or  Z= 3%

¢
NOT - ﬂ

Software | 4= | Logical layer | 4= | Physical Layer

¢ Quantum computer: Hademard (H) J; [} ]
== onm, Fundamental /8 (T) |5
< _'Elf (K T quantum gates: . y
o f—o-fr—{HaHe A w5 3) (¢
% O fp——{rH# - S SR AR
o il +—{rHi- - — =
o —+—&{aHr——[al-e-{a} braiding of Fibonacci anyons k k

' Chetan Nayak, et al., 2008.
e Goal: find fasta shortsequence U ~ U;*U,2U;2U,* -+ close 10 Uyqy

o brute-force: good length complexity but bad time complexity

¢ Solovay-Kitaev (recursive): good time complexity but bad length complexity
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e Reinforcement learning: An agent that interacts with an environment and

maximizes reward (minimizes penalty)
:0: AlphaGo

S: current state; A: action upon state; R: reward

Environment

S Ii) S/ Ii,) S/I 14_’; RN target action Rev';'ard St;te

ar
W l Agent <—‘

, Al <—— accumulated reward R,
m Video games: S: screen; A: joystick input; R: score, life, cleared levels ...

m Chess, Go: S: current board configuration; A: next move; R: win ...
m Rubik's cube: S: current colorings; A: next twist; R: (minus) steps taken ...

Training the Al model self-consistently with the Bellman equation:

temporal difference

Q" (stya1) + Q(s¢,0¢) + & : ( e + Y : Hl;iXQ(SHl,G) - Q(st, ﬂt))
——— - ~~ ~
old value learning rate reward  discount factor . \—’_/ old value
estimate of optimal future value
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e Comparison between Rubik’s cube and guantum compiling:

e S: current configuration / unitary U e W
¢ A: applied rotation / elementary gate U; i

. H H Initial state  The unitary to be approximated The scrambled cube
’ R . eX peCted d |Sta n Ce tO\Na rd S SO | Utl O n Target state The identity matrix The solved cube
Basic move A gate from the universal set Rotation of one face

e Combine the cost(-to-go) function: ﬂ L w
Q-learning: J/(s) = ming (1+ J(A(s,a))) ‘
with the weighted A* search: ) =1g0 +J(z) —

4
o
z
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sj, = Uz[i)

e Time complexity: comparable to the SK recursion, very efficient
e Length complexity: comparable to brute force

jz_miz_' == o =1 Typical target-unitary examples :
" . slope =5.18 " | | £
} 2.2- = ) Sljp‘e::ﬁ%“sroge‘rﬂi : l
v S——" b EC g T R ) better than
oo (B, | | = 250 0107 precision

A novel good-

T 102 10° = 3050005 000 enough solver
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e Quantum process — quantum state preparation, e.g., the Dicke state

c (0) \ _ _
H :—2L2 —_ q(l‘)NO CH <0 |l/jDicke>=‘N’Lz_O>
2N
e Conventionally, adia|batic evolution, slowly turn off q(t) to keep at ground state
3 T T T T T
. 2\‘hﬁq“'*"“""'"-“'-----—-'-:r-}—-——--..-..._._,_._“ (a}- negal n;twork r2~IN}
= ) | T OO ® _
M ol e ® action: gi/[ca| € [-3,3]
0 JLole e 0
% 70t (b) ! 1" — | w, g : : i
1z cﬁ' | | | 04 policy: 7(A|S) spin mixing
@ \ | /0(:5 n 10 (::leﬁ‘: 02 I —
9 10- P ) K 1 ) o . - N // By
B 0 26 > ol 10 B reward: Ty:For (46)° - Tl — i _%?
e Al allows to think putside the box: S e e

. . . . . . _ 2 2 oot 2 2
A faster process is obptained via reinforcement learning %0 = Nol/N. (ONo)/N% (@ az,40) /N

0, = arg(d’a,a5)

Excited states are generated in the mpeantime — no adiabaticity

Nevertheless, final state large overlap with target F = |<w(r)|w£§’ilke>|2
Shuai-Feng Guo, et al. (2027)
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e Al for quantum phases: numerical and experimental data and models
e Al for quantum methods: synergy and catalyst for algorithmic efficiency

e Al for quantum control: quantum compiling and state preparation

e Discussions: | | |
A good chef cannot make a decent meal with no ingredients.”

o No black magic: performance bounded from above by the quality of the samples.

o Even for the best case scenario, Al methods are approximate.
Know your target

- . . |
¢ Use the knowledge and intuition to improve, every bit helps! and limitations!

o Reverse thinking and consider Al for reverse thinking

o Sometimes, trying an idea out is the best way to verify its practicality.

e We are still at an early stage of Al for Physics and Science.
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