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Recent application of ML to physics(x¥I$EB#TY)

Detect the phase transition
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Ising magnetization glass transition
(Nat. Phys: 13.431(2017)) (Nat. Phys: 10.1038(2020))

Materials Infomatics

Traditional approach Database driven approach
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(Advanced Science: 6.1900808(2019))

Calcu. equilibrium ot steady state
RBM T R E'> & Dt (Science: 335.602-606(2017))

(PRB: 96.205152(2017))
RBM TSSO EHE (PRB: 99.214306(2019))

RNN % A\ 7= B R BB ) £ 3R (PRR: 2.023358(2020))

Remove noise or enhance the accuracy

Gaussian Process % R L T (IEICE: 10.1587(2010))

NV centerlZ3 A (Sci. Rep.: 12.13942(2022))
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How did we physicists develop analytical methods?

®Scale separation & Reduction
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Nonlinear system

=>

reduction

The Hubbard model (Lattice model)=> Heisenberg model

Open quantum system
Periodic driving system
(Renormalization Group

(DMRG, Tensor network

=>
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Markov app., GKSL equation
high-frequency expansion
cutoff scale)

SVD & reduction)



How did we physicists develop analytical methods?

eExamplel: Nonlinear system
MELFlr LTHYRSGEROERT RN EE 1 2

dx

dt =f(X,y), % = ,g(x;y)
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How did we physicists develop analytical methods?

eExample2: Hubbard model (Large-U, Half-filling)

U
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How did we physicists develop analytical methods?

eExample3: Materials in Cavity (Strong Coupling)
— qA)’

He = [dx ) [(_ + V(x)] U, +weata, A=Ay(a’ +a)

(_ x)z

~Jaxpl [ v et of axul [y mr bt | e—

2Nq2 A% qAy [w, ¢)
Q = 1 , = , b‘l‘ b — _ T
W, \/ + mo, 9="—"I0 + o (a™ + a)

cDRERIBREEZ S, UTHL=F ) EBmERHWNS
U = exp [—i{gn (f dxt/); X )], T = i(bJr — b),fg - g_%(g — 00)

ERCRE
(—i0,)*

Hy = fdm/;x[ +V(x+<;‘gn)] W, + QbTh

Y sk, BIESEBRT LRI E RS,



How did we physicists develop analytical methods?

eExample4: Floquet System (¥

H(t) = Ho + V (1), i%h/)(t) >=HOp®) > VE) =V(E+T),Q= n

.d 7 . d =
2150 > = i 2 0O©) >

ABE &) &, High-frequency reg.)

T
V(i) =V(Et+T)

= U(t)(H(t) —i%)l?* OP) > = H(OP(t) > 5
SIS L TE, RWUDESZAA» LN TWT, TN AVNIE t (\/ ‘
J

H.(t) = H™ + 0(1/Q™1, 1)
RLHEEREEBARATHOAMNIIN =75 o, LHrLEBROBERERBYOETI+D/NIWE

k5N TWN 5,



How did we physicists develop analytical methods?

o \-iT O)EJT = \:‘7"'75‘—)7"“
> Bl RT—=ILDO D HS356 . EEDEE (redcution) ik S3580°H 5



How did we physicists develop analytical methods?

o i‘( o)ﬁjT = \I\r’b\')f"
> Bl i RT— VDR EELH B356 . BEDE X (redcution) N HRZIZEHSH S

> Pl2-4: 27— IV DR EED H BBFIC, reductionRiBEE G Z AV -\VWZE.
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How did we physicists develop analytical methods?

N T =

> Bl i RT— VDR EELH B356 . BEDE X (redcution) N HRZIZEHSH S
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How did we physicists develop analytical methods?

o ZZEFTOHHTEWEDI-ZL
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How did we physicists develop analytical methods?
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How did we physicists develop analytical methods?
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Quick review of Floquet theory & RF

> Formalism
_ L d _
HO =H, + V() zﬁltp(t) >=H®[Y() > U(t) = exp[iK ()]

ii () > = i%ﬁ(t)h/)(t) >= 0.0 [P () > H-@) =U0@@H®) —io)TT (t)

H®) = (t + T)O) Y=, Ue(t) =U(t+T7),H,.(t) = Hr 25@&7=TFUp()D F1E
THILE || KON, Up(t),Hr 1 /QRET % H7EDH 5 (van-Vleck, Floquet-Magnus)
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Quick review of RNN

oRNN
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What I want to do with machine learning

e SERETEIIL—LT—7
Stepl:Numerically derive the unitary tr. Step2: Convert the results into operators
: Neural Network A " We get (Rotating) frame numerically A
{U(t) = exp[iK(D)]}
[ ) Output: We can also calculate the parameter dependence
Frame/basis Y
(Y
o2 U =exp[—iK(T, )]

Construct the framework of

@ .
, Physicist
.. Set loss function to suppress
Training!

the driving/entanglement

theoretical analysis
(desired property of basis) )

. J

N

Check the validity by hand

\_

If it is not valid, we get the frame numerically \\/
in another model and construct another candidate




Demonstration

oFirst step
V) =V(t+T)
> Interacting quantum Two-Spin model under driving

Ht) =Hy,+V(t 5
HB=—Z(]“S/€Z®§§+I‘!¢,Z§;‘) (\/
a i ]

V() = - z &,sin(Qt) Z (Y

J=UxJy=0J,), h=(he=0h,=0h,),&=(0,0)

J,-2h, O 0 -J, 0 & —¢ 0 /,IJZ;\
o - 0  J; Jx O v |5 0 0 ¢ ‘
0 0 —J. I, 0 & 0 0 ¢ W
—Jx O 0 —J,+2h, 0 & —¢ 0 \""W



Remarks:

®Model of Machine Learning

Model:

H (O HL’( ‘v'ﬂ H@®) =Hy +V(©)

Neural Network )

Loss function H, = Z(]ag‘f ® 5% + haz 5%)

Ve =- Z £,Sin(Q) Z 57

Formalism:

H@®=U®H® —id,)U" (t)

U(t) = expliK(t
Bny B Ko =K+ Kt (t) = exp[iK(t)]

: .0 _
1(t) = Z Y |Hy(t) — Hg(t —nét)|/Ny +§Z "(t)| /Nt . H,(t) = expliK;] (Ht — la) exp[—iK,]
n v v

t

2 SR T
M= lHaérV“ M‘l WN "(gif; Tranctormer




Step 1: Numerically derive the RF with ML

loss

Learning dynamics

® High-Frequency regime
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Remarks:

Model:

H(t)=H,+V(t)
HB =ZUa'§?1!®'§§+haZ§¥)

V() = - z &,sin(Qt) Z (Y

Formalism:

H,.(t) = U@)(H(t) —id,)T* (t)

U(t) = exp[iK(t)]

iy d _
K'(t) = aK(t)
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Step 1: Numerically derive the RF with ML

Learning dynamics
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Step 1: Numerically derive the RF with ML

Remarks:

® If learning doesn’t work well,
Model:

Learning dynamics Success case H(t) =Hy,+ V()

= Ho = UuST® ST +hy ) 5)

—h7
—h8

a i
= V() =~ ) gsin@t) ) 5
a i

loss

—hll
——h12
—h13
—hl4
—h15
—h1l6

| | . , , Formalism:
0 1000 2000 3000 4000 (I) 2I5 5I0 7I5 1(I)O —~ —~ —~ . —~
A,(t) = U@)(AQ) — i0,)0* (1)
0008 | U(t) = exp[iK(t
Th ﬁs/\ 0.004 | ( ) p[ ( )]
0.00 F{—h3
:Eg - 0.002 . .
—003-:Es E 00007 S5 i—(@igﬁ
g ' :hS Y= —-0.002 — o
= S oona| Hidden layerdiE £ H X LiB ¥ 2
R EE?{ ~0.006 | YFENLEF LD,
O ~0.008 | o LB E 5 EEPIRREIC L - TR
=N L~ L [ 1 FELITLARE LR N,
i - t oo t-step SENHERIW=8L 5\ —FRE
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Step 1: Numerically derive the RF with ML

loss

Learning dynamics

® High-Frequency regime
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Remarks:

Model:
H(t)=H,+V(t)

Ho=) .5 ® 5% +hy ) 57)
a i
V() = ) Easin(@t) ) 57
a i

Formalism:

H.(6) =U@®)H®) —id)T (v)
U(t) = exp[iK(t)]

S2FETHNER

Hidden layerdig#3EX° LA X 5%
EFENLEFI WA,

WMo LBE S CMEPREICL > T
EFLTLORELRY,
SENIZFEIIW=8L 5 WWHI —HELTE




(C) (§Jz ) hz) = (0.2,1.0,0.7,0.5)

Uz Jxr hzy @) = (1.0,0.7,0.5,10)

® Parameter dependence & translate it to operator form
®)

Step 2: Convert the result to operator form

Remarks:

Model:

e g . (zf) (¢,], hy, ) = (0.2,1.0,0.5,10) Fl(t) — H\O + ?(t)
— W Q0+ QoY) — @@+ — (@0 +1°®0)
2.0 — @0+ ® ) — @ QRd*+1? QR aY) — @0t ® oY) . — . —
i " QRc¥+17 Q0% = — ("R’ +1¥ Qa9 HO = (]aS ®S + h S )
Tl
~ 1T
S V() = Z fasm(ﬂt)z:s"‘
0.0 - . ; v 1t . . .
7 10 15 20 . _ . ] ol ‘ ‘ ‘ =
1 N 2 0.1 0.2 c 03 0.4 01 03 . 05 07 Formalism: T°® é(v"*t’geé‘;
=) bl Q71 or, grec Q =) bl, or, gro &1 = bl, or, groc]}g _ SN N
Ry H.(t) =U)H®) —io)U* (v)
(d) (e hy Q) =(02,07,05,10) €) (&Jy)wQ) = (0.2,1.0,0.7,10) o U(t) = exp[iK(t)
© R =¢ LAY) 3o p
20 — (°®c*+1* Q%) 20— (@0 +7F ® a)
— @eoireo) — weriram [%(1—cos<m>) (r° ® 6% + T* ® a°) e
& — ("Qc7+17 Q0" = — (" ®d+1 QY - < ()] 3
i S 13 + ijz sm(ﬂt) (T Q o + 1 Q a”7) L3
51-0# . gm B 2h, 'R a¥ + 7 Q o%)] Hic\:!den I\oyer@'l%%i%’?’ LiBE S
<0 EEBNLF WD,
sl | | v o LiBE 5 Z?ﬂ%ﬁ’lﬁ%tiiv'ﬂi

EFLTLORELR,
SEINIGE L.;tw—8< 5V —FL

J. 0.25 0.50 0.75 1.00

bl, grec J3, orec J3 bl, or ch?, grec hl K@® = [dt'{V() —ifdt” [V(e"), Ho|}




® Resonant Drive
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Remarks:

Model:

Formalism:

S2FTnxEHE

Hidden layerdtg

=2 SER5%+hy, Zs“)
V() = Z Easm(ﬂt)zS“

U(t) = exp[iK(t)]

THEXLBES

EFENEF LR,
S LBE S mERREBIC L » T
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5B NG

Eldw=8L 5\ —FHRE
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-0.25

-0.50

® Resonant Drive
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Remarks:

Model:

=Z SER5%+h, Zs“)
V() = Z fasm(ﬂt)zs"‘

Formalism:

N

t_step

U(t) = exp[iK(t)]

S2FTnxEHE

Hidden layerdtg % X LB T %
EFEBVEF WA,
o LB E 3 ¥ HERIKAE
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Remarks & Outlook
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Remarks & Outlook
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Remarks & Outlook
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Remarks:

®Model of Machine Learning

Motivation:
> Reinforcement Learning(?)/Recurrent Neural Network Construct a new framework of

theoretical analysis

Neural Network

Model:

A A

?:lﬁ) = H.+ V(‘t’)
Ho = “g L §:® §f
- £Eh-$:

N\ A

\/ =-Ji"l Zm-3;

Formalism:

. n d . n ~
e—zK( J0) [H(l‘) _ lhz‘ elK( )t i H(n)(t)

IO = ) ¥ Hp(6) = He(t = n86)| /Ny + Sy Hy (6) = He(0)



® Other Application of RNN to Physics

Neural Network

\ 4

ﬁ | K(t+ 6t)

Hp(t)
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® Application of RNN to Physics

* Solve the ground state of 1D(2D) spin system (by Gated Recurrent Unit(GRU))

|Py.i—1 >= Z ay|Pi_p_q1 >

n

|Pi_q >= Z 9i-1(0i-1) |0i—1 >

Oi-1

H,{o;}

E; =< Py;|H|Py; >

|PH;i >

|P; >=ZQ(0i)|0i> E>
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