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Machine learning?
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- Physics n ML: http://www.physicsmeetsml.org/
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- DLAP2020 https://cometscome.github.io/DLAP2020/
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Machine learning?
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Machine learning?

Data (empirical knowledge) determine output
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Machine learning?

Data (empirical knowledge) determine output
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Machine learning?

Data (empirical knowledge) determine output
E.g. Supervised learning using neural networks

Neural
network

(param 6)
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Machine learning?

Data (empirical knowledge) determine output
E.g. Supervised learning using neural networks
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Machine learning?

Data (empirical knowledge) determine output
E.g. Supervised learning using neural networks
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Machine learning?

Data (empirical knowledge) determine output
E.g. Supervised learning using neural networks
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Machine learning?

Data (empirical knowledge) determine output
E.g. Supervised learning using neural networks
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Machine learning?

Data (empirical knowledge) determine output
E.g. Supervised learning using neural networks
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Repeat above
Many times to
tune 0 (training)
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Machine learning?

Data (empirical knowledge) determine output
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Machine learning?

Data (empirical knowledge) determine output
E.g. Supervised learning using neural networks
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Repeat above
Many times to
tune 0 (training)

\ Neural
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(Generalization)
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Category of machine learning

Unsupervised learning Is one of class of machine learning
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Too many to introduce...
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1. 5FQCD

1. Configuration generation in LQCD
2. Reduction of cost in measurements
3. Application to QCD thermodynamics
2. Phenomenology
3. String, AdS/CFT
4. Condensed matter
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SREMDFS

ZFDITINERZFRLCWAI X M.

B Yoon et al 1807.05971, 1909.10990

(NTINQ)  Tor(yosoo L 01P)

“connected” “disconnected”
B UM S2RnBENEIREHEZTE T 2 EHHEND
S IFADTFETED?

http://www.int.washington.edu/talks/WorkShops/int_14_57W/People/Syritsyn_S/Syritsyn.pdf
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SREMDFS

THINERZFHAE LWL IR MDA

B Yoon et al 1807.05971, 1909.10990

1 Prediction of C3,,; from C
cld [ Capy(r=10a, t=5a) = 3pt T pt
Ad 09 | |
Capt .g Input: X; = {Czp¢ (0 < 7/a < Tax)}
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()] : :
o i i
C3x 07 8 i |
clu c ' Boosted '
3pt 06 .9 Decision Tree
chu 1 o5 % Regression
Cai 5 b
-1 0.4
Cau © ASTV
p 5 6 7 8 8 10 11 12 138 - 5 Output: Cope 00 5

Copy(t/a)

Decision Tree Regression Input: {Cane (0 < 7/ < 200}
Conf# 3pt @1=5,tau=10 2pt(tau=10) o)EART T 40 v bk [cz (10 < 1384 ] e

Truy \Iialse

[ Cape(10) < 0.666 ] [ Cape(10) < 2.481 ]

o I\

[ Cape(10) < 0316 ] [ Cape(10) < 1.047 ] [ Cape(10) < 1.796 ] [ Copt(10) < 3.793 ]

SN N N SN

—0.942 —0.553 —0.171 0.206 0.598 1.175 2.024 3.887

C4pe(t/a=10,t/a =5)

From Boram’s slides in Lattice 2018
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SREAMDFE

THINERZFHAE LWL IR MDA

EEFEZR. REBREDRICKED
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BFTHNS. x=0(10)= 0=0(1000)%

p%Z iR D DICIHEIRDE D I3\ (ill-posed)

@

[https://www.bnl.gov/rhic/news/061907/story2.asp, https://www.bnl.gov/phobos/Presentations/paris01/sld025.htm, 0706.1522]
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E. ltou, Y. Nagai
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Figure 6. The obtained spectral function p(¢,aw) as a function of aw. The right panel is an
enlarged plot in w =~ 0 regime.

L = 643 x 16, Plaquette gauge, beta = 6.3
s/T"3 = 4.98(24)
n(t)/s (T=1.65Tc)
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Even for small statistics, it gives consistent results with small error
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Summary for deteCtion Akio Tomiya
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HEHERHEEELIH S ERLES

Data from N, conf
Nf=3, standard staggered ]Vindep —
with magnetic field 27,0
L3x N, =16%x 4 ™~
Critical temp.
ma = 0.03
(Olg]) )

7 z Z : Dynamic critical exponent  (see 1703.03136)
TClC ~ 5 ™~ L Tac: Z IO X LKTF (N. Madras et. al 1988)

H UL z H/INE LV (or shorter tac) 7LV X L'k HD TN,
MHERZR (~ ERERE) I[SHES THEHEIRXMDHIRTE %,
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HEWlEIERES TS0 ?

W E CTIRRS
(0[¢]>—ii0[¢] *+ O( : )
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T,4c Is given by an update algorithm (N. Madras et. al 1988)
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Markov Chain Monte_Carlo? Akio Tomiya

If detailed balance satisfied, we can sample using it

A key concept is the detailed balance condition:

If an update algorithm P(.|.) satisfies

P(¢p| pe™>'% = P(¢py | pyye 1]

it will converge in a desired distribution (skip proof, + some condition)

!
P () — ~S[¢
oD = g
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Recent prOg ress Akio Tomiya

Self-learning Monte Carlo

J.Liu, Y.Qi, Z.Meng, L.Fu (arXiv:1610.03137)
Accept/Reject Proposing part

e _IB (H [Sk’] _Heff[Sk’])

P(Sk’lSk) — IMin 1, e—ﬂ(H[Sk]—Heff[Sk]) Qeff(Sk'lSk)

Update using
effective model
(Cheap)

Corrected by modified
Metropolis test

This is an exact algorithm:
If the effective model far from the system, acceptance is zero.
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Recent prOg ress Akio Tomiya

Self-learning Monte Carlo
J.Liu, Y.Qi, Z.Meng, L.Fu (arXiv:1610.03137)

Accept/Reject Proposing part
o —PHISI=H Sy D)
Corrected by modified Update using
: effective model
Metropolis test
(Cheap)

This is an exact algorithm:
If the effective model far from the system, acceptance is zero.

Testcase

H=-J) 5S;—K ) 85555, No global update because of 2nd term

(7) ijklel]
Heg = Eo — Ji Z i Ising model with parameter J 1
(g , which is determined by fitting!
S; = +1 (no fancy update is needed!)

This has global update(cheap)
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Recent prOg ress Akio Tomiya

Self-learning Monte Carlo

J.Liu, Y.Qi, Z.Meng, L.Fu (arXiv:1610.03137)
Accept/Reject Proposing part

e _ﬁ (H [Sk’] _Heff[Sk’])

P(Sk’lSk) — IMin 1, e—ﬁ(H[Sk]—Heff[Sk]) Qeff(Sk'lSk)

Update using

Corrected by modified effective model

Metropolis test

(Cheap)
This is an exact algorithm.
Autocorrelation function Dynamic Critical exponent
Testcase 0.035 ——— . . . . oo . . . .

7000| | e—e Self-learning

|- . Self-learnin& 5
e—e Restricted

* Naive-Wolff

0.030

H=-J) 8S;—-K Y 5SS,
(27) ijklel] 0.020]

6000

5000}

t~ 4000}

0 100200300400500600 700800

0.015},
. 3000}

0.010}%

Heg=Eo—J1 Y SiS;

(7)1 = *
S = +1 L L )

0 50 100 150 200 250 300 3

0 100 200 360 460 560 600 700 80! L
At
24 time efficient Very mild scaling
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Recent prOg ress Akio Tomiya

QCD with Self-learning Monte Carlo

work in progress Collaborate with
Akinori Tanaka (Riken iTHENS)
Yuki Nagai (JAEA/ RIKEN AIP)

e _(S[ Uk’: _Seff:Uk’])

P(U,|U) = min| 1, RECTARHTIR Q. (Up | Up)

Setup: SU(2) plaquette action + staggered quarks + 4dim
Effective action = hopping parameter expanded action, heatbath
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Recent prOg ress Akio Tomiya

QCD with Self-learning Monte Carlo

work in progress Collaborate with
Akinori Tanaka (Riken iTHENS)
Yuki Nagai (JAEA/ RIKEN AIP)

e _(S[ Uk’: _Seff:Uk’])

P(U,|U) = min| 1, RECTARHTIR Q. (Up | Up)

Setup: SU(2) plaquette action + staggered quarks + 4dim
Effective action = hopping parameter expanded action, heatbath

Observables (M=HMC, m=SLMC)

o B 5 8 8 8 B B 2

e B &5 8 8 28 B B

o 8 & 8 8 8 B B

1 1.35

So far so good
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Recent prOg ress Akio Tomiya

QCD with Self-learning Monte Carlo

work in progress Collaborate with
Akinori Tanaka (Riken iTHENS)
Yuki Nagai (JAEA/ RIKEN AIP)

e _(S[ Uk’: _Seff:Uk’])

P(U,|U) = min| 1, RECTARHTIR Q. (Up | Up)

Setup: SU(2) plaquette action + staggered quarks + 4dim
Effective action = hopping parameter expanded action, heatbath

Autocorrelation for Polyakov loop (M=HMC, m=SLMC)

10 - — HMC
~ SLMC

< <o o
e (o)) [s4

AC function(Plyakov)

o
N

|

MC time
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Recent prOg ress Akio Tomiya

QCD with Self-learning Monte Carlo

work in progress Collaborate with
Akinori Tanaka (Riken iTHENS)
Yuki Nagai (JAEA/ RIKEN AIP)

e _(S[ Uk’: _Seff:Uk’])

P(U,|U) = min| 1, RECTARHTIR Q. (Up | Up)

Setup: SU(2) plaquette action + staggered quarks + 4dim
Effective action = hopping parameter expanded action, heatbath

Autocorrelation for Polyakov loop (M=HMC, m=SLMC)

10 - - HMC
= SLMC

< <o o
e (o)) [s4

AC function(Plyakov)

o
N

—

Bad news: it works only with m > 0.1 for now
Stay tuned!

PPP2020 Application of ML to physics



Flow based algorithm

(un)-Trivializing map

Luscher MZ (0907.5491)
F! HMC F

U —V — VvV = U

Fig. 1. The proposed simulation algorithm for lattice QCD updates the gauge field
U in three steps, following the arrows in this diagram, where the Hamilton function
used in the HMC step has the standard kinetic term and includes the Jacobian of the
field transformation F (cf. subsect. 2.4).

©) =5 [ DwIO@)e ™)
U=F(V) ~Flow equation

HELU  S(F(V)) —Indet F, (V) = constant, 7&5 I,

(0) = / D[V] O(F(V)).

ERR(C &, Wilson flow 72 & Jacobian HY...
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Akio Tomiya

Flow based algorithm

(un)-Trivializing map
2d scalar MIT + Google brain

== < =i

T

-1
@ [
4 3 4 E 4
-y P ©
\“\___x" \\\---_—"' couple
\ 4 ) \4
CF N pr(@) (=)
g] o o 0 gi gi+] o o 0 gn V V
e - -
combine
(a) Normalizing flow between prior and output distributions ' () '
- g I

(b) Inverse coupling layer

FIG. 1: In (a), a normalizing flow is shown transforming samples z from a prior distribution r(z) to samples ¢ distributed
according to p7(¢). The mapping f~!(z) is constructed by composing inverse coupling layers g; ' as defined in Eq. (10) in
terms of neural networks s; and t; and shown diagrammatically in (b). By optimizing the neural networks within each coupling
layer, ps(¢) can be made to approximate a distribution of interest, p(¢).

—a1—7I)bxRy N Ta# R Trivializing map ZHIH
HUIENnnE,. BREBTY Y 7ILLTTHEIRIEENIZOK

Normalizing flow &E WS A TTES

1904.12072, 2003.06413, 2008.05456
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Flow based algorithm

(un)-Trivializing map
2d scalar MIT + Google brain

Z

T

-1
@ v
4 3 4 E 4
-y P ©
\“\___x" \\\---_—"' couple
) \4
CF N pr(@) @
-1 -1 “ -1 -1 ‘
81 8i 8it1 8n
e - -
combine
(a) Normalizing flow between prior and output distributions o)
l

(b) Inverse coupling layer

FIG. 1: In (a), a normalizing flow is shown transforming samples z from a prior distribution r(z) to samples ¢ distributed
according to p7(¢). The mapping f~!(z) is constructed by composing inverse coupling layers g; ' as defined in Eq. (10) in
terms of neural networks s; and t; and shown diagrammatically in (b). By optimizing the neural networks within each coupling
layer, ps(¢) can be made to approximate a distribution of interest, p(¢).

BFEDzZHV P72 TH Y T)b—inverse trivializing map
TIEDBHBOIERICH SRICEF L TWL, Jacobian HEIHETZ 3,
PO TIWEE>REBICAMNORYRATA MBS |

1904.12072, 2003.06413, 2008.05456
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Flow based algorithm

(un)-Trivializing map
MIT + Google brain

., f . ) ® . [
2d scalar ™o Tntflop LM Tint o F o G.0)
5:DX2 5:DX2 e 5: o x2 A Acc
| o G.(0 | o G.(0 g . ; i
A0) ) L e® §  50% ML models
© el & A Q Q.__g__.g
27 9| ’,c’ 9l 7,-0-06(5)
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Summary and outlook for here

Machine learning + MCMC = efficient(?)

* Markov chain Monte-Carlo enables us to evaluate expectation values of
QFT but inefficiency comes from algorithm in practice = autocorrelation

* Autocorrelation can be reduced by using RBM but convergence is not
guaranteed. We need to monitor distribution of observables

e QOther works with GAN share same problem (worse?) for convergence.
It is not guaranteed.

e Self-learning Monte-Carlo(SLMC) for LQCD might work well, at least it is a
converging algorithm and it can treat gauge field but a lot of effort is
needed.

e FLOW based model is OK, application in low dimension, quenched

PPP2020 Application of ML to physics






2020F R ICHT=>T

2016 LIfE, BAAMEDEFTR>TE e, RIE?

M= E 2 YIEIEFQCD)IC DB TES Z Eidhbh o o,
FAEICEBULD ?

o MMIAERIFOKE UTHEYESEIXEFTETLAL, TT7—/\—[F7?
- HHOREEEZFTFMT=NIL...

e BHSHT—FICET HRE"
— SNAL DI ED ...

e ZITYUXLIERT—ILTDD?
— BHREOILEALNH DD T IEZn0K

o FAEICEHTELEDHEASERICRDLOHICIEINSZRAENLIRWE,

e HLUINOBMEHBASNTcHH > EHATEEIC

PPP2020 Application of ML to physics



Su m m a ry Akio Tomiya

Machine learning provides us new techniques
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