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0 4EM PACCKAXEM:

- Npo YCKOpUTENM 3apSKEHHbIX YacTuL, Ha npumepe CKUD;
- 0030p HayyHbIX CTaTe/ MO TO, KaK MalIMHHOE 00YYyeHWe NoMoraeT pelaTb 3ajayu B
YCKOPUTEISX 3apSXKEHHbIX YacTHL;
- cTabunu3aumio opouTbI MyyKa 3apsHKEHHBIX YaCTMLL
- KoppeKLuio opbuTbl nyyka
- ¥ MHOTOKPUTEpPWaJIbHYH0 ONTUMU3ALIMI0 NAPAMETPOB YCKOPUTENS
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the Shanghai Synchrotron Radiation Facility(SSRF)

A machine-learning based closed orbit feedback for the SSRF
storage ring

Ruichun Li'%3, Qinglei Zhang'*", Bocheng Jiang> ' , Zhentang Zhao!->**,
Changliang Li"*, Kun Wang'#, and Dazhang Huang'*
! Shanghai Synchrotron Radiation Facility, Shanghai Advanced Research Institute, Chinese Academy of Sciences, Shanghai
201210, China
2 Shanghai Institute of Applied Physics, Chinese Acadenmy of Sciences, Shanghai 201800, China
3 School of Physical Science and Technology, ShanghaiTech University, Shanghai 201210, China
u University of Chinese Academy of Sciences, Beijing 100049, China
3 Chongqing University, Chongging 401331, China

In order to improve the stability of synchrotron radiation, we developed a new method of machine learning-
based closed orbit feedback, and piloted it in the storage ring of the Shanghai Synchrotron Radiation Facility
(SSRF). In our experiments, not only can the machine learning-based closed orbit feedback carry out horizontal,
vertical and RF frequency feedback simultancously, but it also has better convergence and convergence speed
than the traditional Slow Orbit Feed Back (SOFB) system. What's more, the residual values of the correctors’
currents variations after correction can be almost ignored. This machine learning-based new method is expected

to establish a new closed orbit feedback system and improve the orbit stability of the storage ring in daily
operation.


https://arxiv.org/ftp/arxiv/papers/2212/2212.01010.pdf

MaTpuLLA OTK/IMKA Classical theory

Matpuua oTKnnKa npeAcTaBnseT UMeHeHne opouTbl Ha
Jatyukax nosnoxenus nyyka (BPM) B 3aBucumoctn ot
CUNbI MarHUTHbBIX KOPPEKTOPOB.

Au=(u,, u,,..u, )7

UCKaXeHue 3aMKHyTUIZ 0|J6VITI>I
— T
6=(0,,0,,..0,)
N3MEHEHWE CKJIbl MATHUTHLIX KOPPEKTOPOB

Au=R6 - MaTpuua OTK/IMKa

6 =-R! Au

H MarHUTHbIA KoppeKTop

+ JATYnK nonoxkeHus nyyka (BPM)
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Slow Orbit FeedBack

Classical theory
6 =-R1 Au

SSRF: 80 maruntHbix KoppexTapos, ~20
MHHYT;

SKIF: ~ 240 MarHuTHbIX KOPPEKTOPOB -
B0/1bLUIOY 06BEM faHHbIX! ~ Yaca

Bpema = Hobenesckwe npemm )

HepocTaTku: \

Matpuuy  otknmka  HeobxoauMmo
nepuoAnYecKn U3MepsTb U 0OHOBAATD.

[peacTaBnser coboit NUWb NUHElHOE
0TOOPXEHME M HE MOJIHOCTBI U TOYHO

\ie 0TpaXaeT XapaKTepucTuKu MallIVIHbIJ
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Kakyto npobnemy pewanu

[TapaMeTpbl YCTAHOBKHU “IIJIBIBYT

MaTpuily OTKJIMKA IPUXOAUTCSA BpeMsd OT BpeMEHU NepeCHUMATh
SVD J1I0BUT TOJIBKO JINHENHbIE 3aBUCUMOCTH

HyxHo “yraziath” - CKOJIbKO COOCTBEHHBIX 3HAYEHUH OCTABUTD

CnycTsa HEKOTOpPOe BpeMs MOKHO HaTKHYThCS Ha HacChlllleHHe KOPPEKTOPOB
X0TeJIoCh:

e YepHbIH AUUK, ObICTPO alllIPOKCUMHUPYET MOBEIeHUE YCTAaHOBKU
e Ha BxXojze JaHHBIE MTOJIOKEHUA ITY4YKa, HAa BbIX0/le TOK HAa KOPPEeKTOopax
e J[locpenu - yyzno

12



JlaHHblE

Bxopn - 138 nokazaHUU MOJIOKEHUA y4YKa

Brixoz - 80 HacTpoeK KOPpPEKTOPOB

OTcyeTn! 3a 40 MUHYT, pa3 B 3 cekyHAbI (800 oTcyeTOB).
100 - Tect, 700 - 00y4yeHHEe

Y naHHbIX pa3Hbli MacuiTab. HopmasnuzoBasiu, 4ToObI Jydlle yuuaoch (L2!)

o llpenmnosaraiuv AaHHble YHUMOAAJTbHBIMHA

e HopmasiM3oBa/iu Kak BXOJHbIE, TaK U BbIx0HbIe JaHHble (RMSE!)

13
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Kak TectupoBany

e RF frequency feedback
o “cobunun” yactoty Ha 30 Hz.
o KoppekTupoBka Kax/ble 5 cek MakcuMyM Ha 10 Hz, 3a HeCKOJIbKO IIMKJIOB COIILJIOCH

e Joint feedback

o CuyyaiiHble TOPU30OHTA/IbHbIE U BEPTHKaJIbHbIe Bo3MylieHUs + 15Hz RF, Tak e comioch

e Slow Orbit Feed Back

o CpaBuuBasu c Slow orbit feedback (SOFB), counocsk Jsiydiiie u 6bicTpee

e JlosirocpoyHas nNpoBepKa YCTOUYUBOCTHU
o0 16 yacoB, oCTaBUJ/IM HA HOYb. /lpelid BepTUKaJIbHbIN [ TOPU30HTANbHBIN He 60siee 40 um / 20 um
O 0e3 KOPPEKTHUPOBKHU - “COTHU MUKPOH”
O cTpaHHas QJYKTyalys o BEpTUKAJIU Yepe3 3 yaca - “Mbl BEPUM, YTO 3TO He OlIKOKa MeToAa”

15



Kak TecTupoBanu
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FIG. 11. The variations of vertical orbit, VCM strength, vertical orbit RMS and RF frequency with the machine learning-based
feedback program turned on. (a) the variations of vertical orbit, (b) the variations of VCM strength and (c) the variations of vertical

orbit RMS.




[loyeMy TaK MOXXHO

e HelipoHHBIE CETU - YHUBEPCAJIbHbIE alIIPOKCUMATOPI
e IlpiOeHKoO, 1989

O mnpu OECKOHEYHOW LIUPUHE, CA-TMOUJAHON QYHKIMUY aKTUBALUU U XOTS OBl IBYX CJI0SIX

e ZhouLuetal, 2017

O pomnoJHUTeNbHO /s ReLU akTHBaLMu U IAPUHE N+4, TJie N - YUCJI0 BXOJ 0B

e Ec/Uu cMoOXeTe BblIYYUTh IapaMeTpPhl
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https://web.archive.org/web/20151010204407/http:/deeplearning.cs.cmu.edu/pdfs/Cybenko.pdf
https://paperswithcode.com/method/sigmoid-activation
https://arxiv.org/abs/1709.02540
https://paperswithcode.com/method/relu
https://datascience.stackexchange.com/questions/5706/what-is-the-dying-relu-problem-in-neural-networks

Kakyio npobnemy pewmnu

e YepHbIH ALUUK, ObICTPO allIPOKCUMUPYET NOBEJIEHUE YCTAHOBKU
e Mo>XHO JOy4YHMBaTh B TeUEeHHUE AHS
e Paboraer

YTo MOXKHO OBIJIO OBI

Jlo6aBUTb TeMIlepaTyphbl B JaHHbIE
Jl06aBUTDb AaHHbIE 32 MOJIHbIE CYTKHU
Y4UTh Ha BHUJI€eOKApTe

JlOy4UTb 10 HYJIEBOU OIIMOKHU

Adam u pacnvcaHue CKOPOCTH 00y4YeHUs

ballecoBCKMe HEMPOHHBIE CETHU - OOJIee TJIaiKas alpoOKCUMalUs

18



IV. Conclusion

This paper investigates the machine learning-based new method and the experiments are done at the SSRF
storage ring. Our study demonstrates that this new machine learning-based method can be used for a closed orbit
feedback. We compare the effects of the new method and the traditional SOFB orbit feedback through
experiments. The experimental results show that the closed orbit feedback based on machine learning is better
than the SOFB based on the response matrix in terms of convergence and convergence speed. One important
difference is that the traditional SOFB system leaves the residual values of the correctors' currents variations
during the feedback process, while this situation does not happen with the machine learning-based method. This
new method can accurately pinpoint and correct the correctors. We also did experiments to demonstrate that this
machine learning-based feedback program remains effective over a long period of time and the achieved orbit
stability meets our expectations. In addition, valuable machine study time for measuring the response matrix can
be saved if the new method is adopted. This new method provides a new way for orbit feedback of light sources
and its feasibility is demonstrated, which is of great significance for improving the orbit stability of the storage
ring in daily operation.

OcywecTBnsieTcs 04HOBPEMEHHO FOPU30HTANbHAS M BEPTUKANIbHASA 00paTHas CBA3b.
IMeeT nyyLuyto cXoAMMOCTb, YeM TpaAMLIMOHHAs cucTeMa Mej ieHHoi obpatHoi cea3u (SOFB).

Ocraetcst 3 deKTMBHON B TeYEHUM AJUTeNbHOr0 BpemeHu. Het Tpatbl BpeMeHu Ha U3MepeHue
MaTpULbl OTKNIMKA.
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Orbit correction based on improved reinforcement learning algorithm
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Cryomodulel Cryomodule2 Cryomodule3 Cryomodule4
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https://journals.aps.org/prab/abstract/10.1103/PhysRevAccelBeams.26.044601
https://www.sciencedirect.com/topics/physics-and-astronomy/linear-accelerator
https://www.sciencedirect.com/topics/physics-and-astronomy/physics

medium energy beam transport (MEBT)

L] L
QL Q2

BPM1 BPM2 BPM3 BPM4

BPMS

MEBT:L= 2.6975m
4 BPM;
9 correctors;

input dimension: 8,
output: 10.

21



Obyyenue ¢ noaxpennequem (RL)

B npegbiaylinx paboTax anpoOKCUMUPOBAIN MAaTPULY OTKJ/IHUKA.
Jlpyrast popMyIMpoOBKa 3a[ja4U - IPUHATH pellleHHe “II0 CUTyaluuu”

dopMysIMpOBKa 3aja4H:
O  BblyunM CTOMMOCTHYI0 GYHKIIMIO COCTOSTHUH, Oy/1eM NepexoUTh B Hau6oJsiee BhITOJHOE
m  YeM Gu1M2Ke K BBIXOJY M3 JTaOUPHUHTA, TeM Jyulie. Value gradient methods
O  BblyduM QyHKIHIO IPUHATHUSA peELIeHUN
m Ha pa3Busikax Jiep>kKUch IpaBoOM CTEHBI, €CIM Thl TaM ele He 6bl1. Policy gradient methods
O  AKTOp-KpUTHK
m Policy based Bri6upaemM BapuaHThl, Value based onieHnBaeM

DyHKLUA CJI0XHadA, HO Y HAC eCTb YHUBepcaJbHbIN annpokcuMarop - Deep RL
MeToZ10M P00 U OLIUOOK - HY>KHA CUMYJIALUSA
OTJiO’KEHHOE BO3HArpaXkJeHHUe -> CJIOKHbIE aJITOPUTMBbI

Exploitation / Exploration >



overview of the orbit correction method based on

reinforcement learning algorithm

Target: make all BPMs reading close to 0

// Agent

Trained on simulation environment

Corrector
delta
action
3 - 24
-~ < 1
Environment
based on T Agent
simulation
TraceWin
observation
BPMs
BPMs delta

Interact with CAFell

Environment
based on
Accelerator

CAFe Il
Result:All
BPMs < Imm

Evaluation on CAFe Il environment

B Hayane kaxjgoro anu3oZa TOKM KaXAo0ro
MarHuTa koppextopa nepeaatotcs B TraceWin
7 BbINOJHAETCSA JMHaMNyeckoe
MO/IIMPOBaHME.

locne MogenupoBaHus KaxJ0e MNOKa3aHue
BPM nepepaetcs 06patHo areuTy.

ATeHT W3yyaeT noBeJeHMEe OpOUTLI MyTeM
aBTOMATMYECKOr0 W3MEHEHW TOKAa BCEX
MarHWTHBIX KOPPEKTOpOB.

AreHt Zo/KeH BbInoNHWUTL Muccuio 3a 30
BPEMEHHbIX LLIaroB.
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JlaHHblE

e BPMXY
e InpupalleHHe Ha 3TOM luare
® [pupallleHHe Ha MPeAbIAYIIEM IIare A

Reconstructed
observation




Cumynsuus v peanbHbIN YCKOPUTENb

TraceWin

OpenAl gym framework

MarHuThl c1y4arHo “couBaiv’ B AuanazoHe +0,5 MM, Ny40K yXOoAUJI + 9 MM
Henp - rms < 0.5 MM

OrpaHuvyeHMe - Iar B CEKYHAY, AOJDKEH ClipaBUTbhCA 3a 30 maros
PYEPIC -> CATe Il

25



HeipoHHas ceTb - NepBblii CBEPTOYHBIN CJI0iA

Reconstructed
observation

x direction v direction
four 3 X 1 four 3 x 1
convolution convolution

concatenate

26



HeiipoHHas cetb 24 x 32 x 256 x 256 x 10

Input layer Hidden layer Hidden layer Output layer
256 nodes 256 nodes

27



MyHKuua BosHarpax aenus Reward Function

rdistance OTKJIOHEHHE ITY4YKA K [gees
rt1rend AB < 0

r B 6sin3ko k1 () NGRS

value

—|b| %2, |b] = 1,

(1-|p))x2. b <1.

+ CKOJIBKO IIIaroB OCTaJIOCh LIAaroB 40 KOHIIA

+ 5 6a/1JI0oB TOMY, KTO cripaBuTcs 3a 30 maron

28



CNN vs DNN

e (Oyuasnu JBe MOJieNn

o DNN - knaccuueckut TD3

o CNN - co cBepTKaMH, AUCKPETHBIMH MPOU3BOJHBIMU U CJI0°KHBIM BO3HarpakJieHueM
e 'TD3 actor-critic

O Ha OJJHOTO aKTOpa /iBa pa3HbIX KPUTHKA

O Oeper XyZLIYyI0 OLLEHKY

O HEeKOTOpble JOPAbOTKHU A/ YCTOMUMBOCTU U CXOJUMOCTH

e https://arxiv.org/abs/1802.09477

29


https://arxiv.org/abs/1802.09477

Kak Tectuposanu: 40Ca's*, 40Cals* +30% cnyyaitHoi owmnbkm
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Kak Tectuposanu: *0Ca’s* -> ©Mn18+ 40Gals* -> npotoH

/| —*— ipitial

|\ —=— fihal CNN

findl DNN v

No. iterations

X==-1m
—=— inital x —*— final x —+— inital y
BK2 BxB Hx4 BJ|'5 ByE By]
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/e final ENN
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—+— final y
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Ha yckoputene k =

A_ 400313+
B 55\Mp1e*
C. npoToH
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== final y
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Kakyio npobnemy pewmnu

Y asochk MoJy4uTh Ha YCKOPUTEJIe Ka4eCTBO, CPABHUMOE C CUMYJIALUEN
[Tosyyniocb KOppeKTUPOBATH OPOUTY MeHee 4YeM 3a 15 CEKYH/L
O6y4yeHHbIM Ha Ca areHT CMOT ynpaBasaTb Mn ¥ npoToOHaMu

BoJsib1io# nmoteHuyasn yay4diieHUuu

1 xoTesock ObI JOOABUTDb

Ha sToT pa3 Bce y4usik Xopouio, CipaBUJIKCh 3a 40 3mox.
Ene 661 pacckasasiy, Kak OHU NPUILIJIN K TakoW reward GYHKIIMHU - OBLJIO ObI
OTOHb

33



Multiobjective Bayesian optimization for online accelerator tuning

Ryan Roussel®’
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DOI:
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https://journals.aps.org/prab/pdf/10.1103/PhysRevAccelBeams.24.062801

optimization for online accelerator tuning

«OHnaitH HacTpoika» ycKoputens — HeobXoAMMas yYacTb paboTbl YCTAHOBKM, M MOXET CEpPbe3HO OrpaHMyMTb BpPEMs, AO0CTYNHOE
aKCnepuMeHTaTopaM.

e J0 MHOTOKpuTepuanbHaga 3ajaval HyxeH KOMIMPOMUCC MeXAY HECKOJIbKUMU KOHKYPUPYHLLIUMU LIENAMW.

e (06bYHO 33Ja44 ONTUMW3ALMK YCKOPUTENS pewawTcs A0 (aKTMYecKoi 3Kcmayatauuu, C MOMOWbBH  PaCIMPEHHOTO
MOJeNnpoBaHus U MeToA0B napannenbHoit ontumusaumu (NSGA-II, Swarm) - ans oHnaiH-MHOTOKpUTEpPUANbHOI ONTUMU3ALIUN
YCKOpPUTENs 3TW METOAbl MCNO0/b30BaTh CNOXHO, TPEOYIT DBONbIIOr0 KOAMYECTBA M3MEPEHWM, YTOObI NPUATU K HYXHOMY
PELIEHNID.

- _ AsToMaTnyeckuii unu nonyaBTOMaTUYECKMiA anropuT™, 0becneynBaloLmMit oNTUMM3aLMIo paboTbl yokopuTens,
. S VYUTBIBAIOLMIA BCE HEOOX0AMMbIE 151 IKCNEPUMEHTATOPOB XapaKTEPUCTUKY.
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THE ARGONNE WAKEFIELD ACCELERATOR FACILITY (AWA)

Input Variables Output Beam Parameters AWA input parameters
K vz
. ' P, K; P, : Minimum Maximum
9 “eyz Parameter Abbreviation  value value Unit
G G
' 2 s Solenoid 1 strength K, 400 550  m-!
Catnode | Solenoid 2 strength K, 180 280 m!
ol Gun / Injector phase i =10 0 deg
XX oy bt Condls , Cavity phase b2 10 0 deg
— Boam Injector accelerating G 60 75 MV/m
Sotenoids Propagation gradient
Cavity accelerating G 15 25 MV,/m
gradient

the AWA photoinjector and first linac cavity.
Input and output parameters used in optimization are

labeled.

MOBO: minimize all seven exit beam parameters
as a function of all six input parameters

36



Kakyto npobnemy pewanu

e (OnTuMH3aL U BO BpeMs pabOThbl yCKOPUTEJIS
O OTHUMaeET BpeMA 3KCIEPUMEHTOB
(@) 9BPUCTHUYECKHE METOAbI U I'PaIMEHTHBLIE€ aJITOPHUTMbI 3dCTPEBAIOT B JIOKAJIbHBIX MUHUMYMaX

® MHOFOKpI/ITepI/IaJIbHaH OIITUMHU3ALHUA

OJIHU 3a CYeT APYTux

3BOJIOIIMOHHbIE AJITOPUTMBI He IOAXOAAT - CEpUaJIM30BaHHbIE HAOJIIOeHUS
HY>KHO YYUTBIBATh JONOJHUTEJbHbIE YCA0BUA/OTPaHUYEHUSA

HY>KHO YYUTBHIBAaTh BpEMEHHYI0 “CTOMMOCTbh” Ipe/ijlaraeMbIX U3MeHEHUU

O O O O O

HY?>KHO ONITUMHU3XUPOBATH OJ, HAOOp 3aJa4

e ballecoBckast onTHUMH3al WS

O TpebyeT MeHbllle HABGIIOJEeHUN /i1 TIOMCKA pellleHUs
O  SBHO YYMUTBIBAET IIYM B HAOJIIOJ € HUSX

o  Gaussian process MOAeJ/Ix

m f(x) ~ GP[u(x), k(x, x)]
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https://scikit-learn.org/stable/modules/gaussian_process.html

MHO[OKDMTBpMaHbHaﬂ onTUMN3aLinA

e [[apeTo-onTUMa/IbHbIE pellIeHU
O  HeJIb3d ellle YJyYlIUThb, He YXYALIUB 4YTO-TO Jpyroe
o wueM [lapeTo-fOMUHAHTHBIE TOYKHU
e MHOXKeCTBO TaKHUX pelleHUun
O Hap6TO~MHO>KeCTBO
e MHOXeCTBO pe3yJIbTaTOB TaKUX pellleHUHU
o [lapeto-dpoHT
e [lapeTo-runepo6beM

o Hmem pelleHus, yBeJHYHBalole 06beM
e MOBO - 1BHO OlLleHUBAET yJay4YllleHUue TUIIepoOobeMA

=
=
(&)
j«5]
>
ord
-~
(]
&)
Rl
0
o

Objective 1 (f,)
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Cnyyait oaHoro Kputepus

input : input domain X, dataset D, GP prior My = GP(uy. ko).
acquisition function e, noise &

do

observation

e MakcuMu3upoBaTh f(X), UCIOIb3YSA KaK MOKHO MeHbIlle HabtoaeHuH f
e JIBe coCcTaBHbIE YaCTU:

O

O

CypporaTHasi Mo/ieJib FayCCOBCKOTO Npoliecca

BBIYMCJIUTEJIBHO JlellieBas
npejckasbiBaeT U U o onleHKH f(x) ~ GP[u(x), k(x, x')]
MMesi Habop HAOJII0IEeHUI, Mbl MO>KEM OLIeHUTH f(X) BO BCcel 06J/1acTH ompe/ieleHUs

dyHKIMA BBIGOPKHU acquisition function

3Had 1 U 0, MOKET OUEHUTDH ITpUPAIlE€HNE rl/mep0613eMa

MIOMOTaeT UCKAaTh PETMOHBI BXOJAHOTO NPOCTPAHCTBA, cojepxaujue [lapeTo-1o0MUHAHTHbIE
TOUYKH

IIOMOTAa€eT UCKATh TOYKH, CUJIbHEE BCET'0 CHUKAIOIIME HEOTIPEeJIEHHOCTD
HaCTpauWBaeTcs basaHC MexXAy “pa3BeIKON” U “OKCIIyaTaluen”
Expected Improvement uiu Upper Confidence Bound
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J106aBMM KpUTEPUM M OTPAHUYEHNUS

e Kaxabi KpuTepur MoJiesIMpyeM Kak He3aBUCUMbIM GP co cBouM s1ipom

o OQyHKIMA BbIOOPKHU:

o EHVI (mo 3 nenei, ca0xHO0)
o UCB-HVI (Jierko cuuTaTh) avcpnvi(p, 0, P.1, f) = H, (P, u — /o, x).

agnvi(p, 0, P, 1) = /IRP H;(P,y,r) '§;z.n(Y)dY~

® lcnosb3yrT TOJIBKO UCB-HVI, 3aHy510T 06/1aCTH OrpaHU4eHUH
Q)

(it A

=1
8
-
ot

Acouisition
Function

Objective 1 (f;) . Objective 1 (f;) - Objective 1 (f;)




[pocTpaHCTBO BIM3KMX NapamMeTpoB

e XoTeJoCh ObI MUHUMAJIbLHO U3MEHATD TEeKyluue HaCTpOﬁKI/I
O  BpeMs KOPPEeKIUH 4YacTO MPONOPIIMOHAJIbHO MAarHUTY/l€ KOPPEKIUU
0 pob6aBJsiseM “wTpad” 3a laJIeKO pacnoJioXKeHHble BapUaHThI
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[paKTyeckoe npUMeHeHue

CreHepupyeM 20 ciy4arMHBIX TOYEK B IPOCTPAHCTBE MAPAMETPOB
OoyuuMm GP mMozenu

Ucnonb3sysas GP-mozenu, BeibepeM u npotectupyeM 500 Touek
3anyctuM 10 pas, pecTapToOBaB U3 CJAY4alHOT0 Habopa TOYEK

Hmoso
Hi— nn
NSGA-II Hysca-1t

200 300 . 0.40 045 050 0.55
Observation dE (MeV)

0.60

42



[Touck 6AK3KKUX NapaMeTpoB W OrpaHNYeHus

Hypervolume

& (mm mrad) &, (mm mrad)

S
8
£
£
E
&

£x (mm mrad)

g + Unconstrained
L . _
+ B + +

il

T T+ +
% Valid
+ Invalid

+ Valid
+ Invalid

0.35 0.40 0.45 0.50 0.55 0.60 0.65 0.70 0.75
dE (MeV)

—+— Unconstrained
—+— dE Preference
-4 dE Constraint
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UToro - ontumMm3aaums

[Toslyunsioch ynpaBisTh YCKOPUTEJIEM

MO0>XHO IPUMEHSATD U JJI1 CUMYJISILLUY - OHU TOXe JJoporue
Mo0>KHO BCe-TaKU CYUTaTh EHVI, HOSIBUJIHUCh HOBbIE MO/IX0/1bl
JoctyneHn koz https://github.com/roussel-ryan/Accelerator MOBO

Ectb 6ubsnoTeka https://github.com/pytorch/botorch

EcTb oTkpbITaa niatdopma g onTuMusanuu https://ax.dev/
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https://github.com/roussel-ryan/Accelerator_MOBO
https://github.com/pytorch/botorch

Nowadays, machine learning is more and more widely used in the accelerator field

Leemann, S.; Liu, S.; Hexemer, A.; Marcus, M.; Melton, C.; Nishimura, H.; Sun, C. Demonstration of Machine Learning-Based Model-Independent
Stabilization of Source Properties in Synchrotron Light Sources. Phys. Rev. lett. 2019, 123, 19480

Lu, Y.; Leemann, S.; Sun, C.; Ehrlichman, M.; Nishimura, H.; Venturini, M.; Hellert, T. Demonstration of machine learning-enhanced multi-objective
optimization of ultrahigh-brightness lattices for 4th-generation synchrotron light sources. Nucl. Instrum. Methods Phys. Res. Sect. A 2023, 1050, 168192

Jinyu, W.; Zheng, S.; Xiang, Z.; Yu, B.; Chengying, T.; Paul, C.; Senlin, H.; Yi, J.; Yongbin, L.; Biaobin, L. Machine learning applications in large particle
accelerator facilities: Review and prospects. High Power Laser Part. Beams 2021, 33, 094001

Kaiser, J.; Stein, O.; Eichler, A. Learning-based optimisation of particle accelerators under partial observability without real-world training. In Proceedings of
the International Conference on Machine Learning, Xiamen, China, 27—29 May 2022; pp. 10575-10585.

Wang, F.Y.; Song, M.; Edelen, A.; Huang, X. Machine learning for design optimization of storage ring nonlinear dynamics. arXiv 2019, arXiv:1910.14220.
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L. Ruichun, Z. Qinglei, M. Qingru, J. Bocheng, and Z. ZhenTang, Application of machine learning in orbital correction of storage ring, High Power Laser Part.
Beams 33, 034007 (2021).

C. Z. Xiao Dengjie and Qiao Yusi, Orbit correction based on machine learning, High Power Laser Part. Beams 33, 054004 (2021).
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[Moyutatb npo ML

A disciplined approach to neural network hyper-parameters (Smith)
YauBUTebHbIE CBOMCTBA PYHKIMU NMOTEPb B HeMpoceTsx, 4l 42 (BeTpoB)
BayesDLL: Bayesian Deep Learning Library arxiv github (Kim, Hospedales)
Reinforcement Learning: An Introduction (Sutton & Barto)

Deep Reinforcement Learning Course HuggingFace

Structure in Reinforcement Learning: A Survey and Open Problems (Mohan, Lindauer)
Gaussian Processes for Machine Learning (Rasmussen, Williams)

Recent Advances in Bayesian Optimization (Wang et al)
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https://arxiv.org/abs/1803.09820
https://www.youtube.com/watch?v=DCivw55WJNg
https://www.youtube.com/watch?v=TTO2V4mf9kE
https://arxiv.org/abs/2309.12928
https://github.com/samsunglabs/bayesdll
http://incompleteideas.net/book/bookdraft2017nov5.pdf
https://huggingface.co/learn/deep-rl-course/unit0/introduction
https://arxiv.org/abs/2306.16021
https://gaussianprocess.org/gpml/chapters/
https://arxiv.org/abs/2206.03301

4th ICFA Beam Dynamics Mini-Workshop on Machine Learning Applications
for Particle Accelerators

Mar 5, 2024, 8.00 AM — Mar 8, 2024, 6:40 PM Asia/Seoul

Q@ Lahan Select Gyeongju, South Korea

Learning to Do or Learning While Doing:
Reinforcement Learning and Bayesian
Optimisation for Online Continuous Tuning

Applying Reinforcement Learning to Particle
Accelerators: An Introduction

Machine Learning to improve Accelerator
Operations at SNS

Online optimisations of lifetime and injection
efficiency in the ESRF EBS storage ring

https://www.indico.kr/event/47/timetable/?print=1&view=standard

Real-time Integration of Machine Learning for
Beam Size Control at the Advanced Light
Source

From Physics Study to Operations: Progress for
Production Deployment of ML-Driven Beam
Loss Optimization

Physics Informed and Bayesian Machine
Learning for Maximization of Beam
Polarization at RHIC
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https://www.indico.kr/event/47/timetable/?print=1&view=standard
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