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Abstract
Particle accelerators require continuous adjustment

to maintain beam quality. At the Advanced Photon
Source (APS) this is accomplished using a mix of operator-
controlled and automated tools. To improve the latter, we
explored the use of machine learning (ML) at the APS in-
jector complex. The core approach we chose was Bayesian
optimization (BO), which is well suited for sparse data tasks.
To enable long-term online use, we modified BO into adap-
tive Bayesian optimization (ABO) though auxiliary mod-
els of device drift, physics-informed quality and constraint
weights, time-biased data subsampling, digital twin retrain-
ing, and other approaches. ABO allowed for compensation
of changes in inputs and objectives without discarding previ-
ous data. Benchmarks showed better ABO performance in
several simulated and experimental cases. To integrate ABO
into the operational workflow, we developed a Python com-
mand line utility, pysddsoptimize, that is compatible with ex-
isting Tcl/Tk tools and the SDDS data format. This allowed
for fast implementation, debugging, and benchmarking. Our
results are an encouraging step for the wider adoption of ML
at APS.

INTRODUCTION
Modern particle accelerators face increasing performance

demands, resulting in tighter tolerances on accuracy and
stability [1]. Due to cost, physical limits, and external fac-
tors, some amount of continuous parameter adjustment is
constantly required. Historically, this tuning required expert
guidance and intuition, with software tools only allowing
for a partial automation. With the explosion of machine
learning methods in the last decade, there is immense in-
terest in making use of the newly available algorithms to
improve reliability, reduce expert workload, and provide
higher performance to the users.

A key application of ML for accelerators is in parameter
optimization, whereby one or multiple objectives are tuned
through an intelligent search of the parameter space. A num-
ber of conventional optimization methods are already in use,
including simplex[2, 3], RCDS [4], genetic algorithms [5],
extremum seeking [6], and several others. New ML meth-
ods include Bayesian optimization (BO) [7], reinforcement
learning [8], and others. BO is of special interest since it
allows efficient black-box function optimization with few
samples, taking advantage of any prior physics model knowl-
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edge provided to the algorithm. This paper first reviews the
basic BO process, and then discusses our contributions - a
set of improvements that permits for continuous, robust, and
adaptive BO use for optimizing time-varying systems.

ADAPTIVE BAYESIAN OPTIMIZATION
In standard BO process, system output is described by

y = 𝑓 (x) + 𝜀 (1)

where 𝑓 (x) is the black-box function of interest and 𝜀 ∼
𝒩(0, 𝜎2

𝜀) the added noise. Vector x has dimension of 𝑛 x 𝑑
where 𝑑 is the parameter space size and 𝑛 the number of
measurements. Using Gaussian Process (GP) a surrogate
model for 𝑓 can be parameterized as a multivariate normal
distribution with a mean 𝑚(x) and covariance kernel 𝑘(x, x′)
as

𝑓 (x) ∼ 𝒢𝒫(𝑚(x), 𝑘(x, x′)) (2)

The kernel is used to evaluate the similarity between values
of 𝑓 at x and x′, and its’ appropriate choice is critical for good
GP convergence. Existing knowledge about the system can
be encoded through prior distributions on kernel and mean,
with the distribution parameters called hyper-parameters.
During model fitting hyper-parameters are updated using
Bayes’ rule (conditioned on observed data) and posterior
probability distribution p(f ∣ y, x) can then be sampled to get
model predictions [9]. BO evaluates a special ‘acquisition’
function over a fitted GP model so as to predict the best next
location(s) to sample. A variety of analytic and Monte-Carlo
acquisition functions exist, with one of simplest being the
upper confidence bound (UCB)

UCB(x) = 𝜇(x) + √𝛽 ∗ 𝜎(x) (3)

where mean 𝜇 and variance 𝜎 are provided by the GP
model. The parameter 𝛽 allows for trade-off between explo-
ration (risk for high reward) and exploitation (use known
good configuration).

Time-varying GP Models
The above discussion grouped all input parameters into

vector x, representing for example several magnet currents.
A simple BO process would proceed by using standard
isotropic kernels, such as Matérn and radial basis func-
tion [9], and only fit freshly collected data. To improve
convergence speed, previous work has successfully used
historic data to train covariance distributions [10]. Such
pre-training works well when conditions are reproducible.
However, some accelerators also have undesired and poorly
modelled time-dependent drifts. ML methods dealing with
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0wn�Li, swsjeLs �ae ae8eaae0 jR �s �0�pjiqe KH V�KHWY
beqea�I ex�LpIes R8 j@eia nse in �,,eIea�jRas ,�n $e 8Rnn0
in )S*. in,In0in< LR0eIA8aee exjaeLnL seeGin< �n0 �0�pjiqe
nena�I nejsRaGsY Qna sRaG seeGs insje�0 jR nse �n expIi,ijIw
jiLeA�s�ae LR0eI �s p�aj R8 BQ �I<Raij@L. s@i,@ jR Rna
GnRsIe0<e @�s nRj wej $een 0eLRnsja�je0 8Ra �,,eIea�jRasY
7RaL�IIw. se exjen0 ǚ sij@ expIi,ij jiLe 0iLensiRn Ǧ. sn,@
j@�j j@e swsjeL is nRs 0es,ai$e0 $w

y � ǚ 	Ǧ x
 � ٠ V:W

iiLe e{e,js @�qe 0i{eaenj expe,je0 ,RaaeI�jiRn p�jjeans.
ae\niain< ,�ae8nI ,RLpRsijiRn R8 sn$AGeaneIsY FeaneI LnIjiA
pIi,�jiRn �n0 �00ijiRn ,�n $e j@Rn<@j R8 �s IR<i,�I �M/ �n0
Q` Rpea�jiRns �IRn< �nw s@�ae0 0iLensiRnsY 7Ra ex�LpIe.
,RLpRsijiRn R8 peaiR0i, �n0 `B7 GeaneIs aesnIjs in � ȔIR,�IIw
peaiR0i,ȕ ,RaaeI�jiRn A � peaiR0i, VnRj ne,ess�aiIw sinnsRi0�IW
8nn,jiRn j@�j ,�n sIRsIw ,@�n<e s@�pe-

ǝ֑֡ � ӝٮ exp ෳ� sinӝ අ٫]Ǧ  Ǧ࿊]�Ǣආ
Ǟӝ

෴ exp ෳ	Ǧ  Ǧ࿊
ӝ

�Ǟӝ
෴

V9W
?wpeaAp�a�Lejeas R8 j@is GeaneI �ae Rnjpnj q�ai�n,e .ٮ peA
aiR0 Ǣ. �n0 Ien<j@s,�Ie ǞY ?i<@eaA0iLensiRn�I GeaneIs ,�n
$e �sseL$Ie0 �s

ǝ֡֩֝ձֵխֱ � ǝׁ	Ǫ Ǫ࿊
  ǝֱ	Ǧ Ǧ࿊
 VfW
ǝեձձ � ǝׁ	Ǫ Ǫ࿊
 � ǝֱ	Ǧ Ǧ࿊
 VeW

sij@ �M/gQ` �ppIwin< in e�,@ 0iLensiRnY Bn expeaiLenj�I
�ppIi,�jiRns. sRLe injnijiRn �$Rnj j@e nn0eaIwin< 0ai8j paRA
,esses ,�n $e <�ine0 8aRL @isjRai,�I 0�j� $nj pae,ise q�Ines
8Ra p�a�Lejeas IiGe nnL$ea R8 peaiR0i, si<n�Is �ae 0i|,nIj
jR spe,i8wY �n ex�LpIe R8 expeaiLenj�I $e�L pRsijiRn 0�j�
8aRL j@e �Tb Iin�, is s@Rsn in 7i<Y S. 0eLRnsja�jin< IRn<A
jeaL Iine�a 0ai8j �s seII �s jsR 0isjin,j peaiR0i, si<n�IsY 7Ra
nnGnRsn ae�sRns. Rne R8 j@e peaiR0i, si<n�I ,RLpRnenjs
sRLejiLes 0is�ppe�as. 0eLRnsja�jin< j@e nee0 8Ra nRj RnIw
jiLeA�s�ae $nj �IsR jiLeA�0�pjiqe LR0eIsY

7i<nae S- �Tb Iin�, $e�L pRsijiRn 0ai8j �n0 Tb/ s@Rsin<
jsR 0isjin,j jwpes R8 si<n�Is R$seaqe0 Rn 0i{eaenj 0�wsY

�njRL�ji, GeaneI seIe,jiRn �n0 0eep GeaneI Ie�anA
in< V/FHW �ae �n �,jiqe �ae� R8 aese�a,@. sij@ seqea�I paRLisA
in< aesnIjs )SS*Y Bn j@is sRaG se ,@Rse � sj�n0�a0 spe,ja�I

Lixjnae VbKW GeaneI �s � n�jna�I �0�pjiqe exjensiRn R8 j@e
IR,�I peaiR0i,ijw ,Rn,epj )Sl*Y bK is j@e $�sis 8Ra LRae ,RLA
pIex /FH �ppaR�,@es A ij ,�n �ppaRxiL�je �nw sj�jiRn�aw
GeaneI. in,In0in< Rnes sij@ LnIjipIe Rs,iII�jRaw �n0 IR,�I
,RaaeI�jiRns. �n0 ,�n $e e�siIw injeapaeje0 in jeaLs R8 GeaneI
spe,ja�I 0ensijwY iR �,,Rnnj 8Ra nRnAsj�jiRn�aw Iine�a 0ai8js.
� Iine�a GeaneI ,�n $e �00e0 s@en ne,ess�awY 7Ra sp�ji�I
0iLensiRns. se nse � sj�n0�a0 K�jāan GeaneI V٨ � ���W sij@
�njRL�ji, aeIeq�n,e 0ejeaLin�jiRn en�$Ie0Y i@ns. Rna ~n�I
�BQ LR0eI is <iqen $w

ǝ	Ǧ Ǧ࿊ Ǫ Ǫ࿊
 � අǝ֫֓	Ǧ Ǧ࿊
 � ǝ֑	Ǧ Ǧ࿊
ආ  x	ӝǝֱ֓ٮ x࿊
 V4W

History-aware Efficient Evaluation
�n iLpRaj�nj ;TgBQ IiLij�jiRn is pRRa pea8RaL�n,e s,�IA

in< sij@ nnL$ea R8 0�j� pRinjs V	Ǡӗ
W �n0 nnL$ea R8 0iA
LensiRnsY rij@ ex�,j ;T Lej@R0s. ,RLpnj�jiRn jiLe 0RLA
in�jes p�sj � 8es j@Rns�n0 0�j� s�LpIesY 7Ra �,,eIea�jRa
�ppIi,�jiRns. j@is IiLij ,�n $e \ni,GIw ex,ee0e0Y iR RpjiLiye
$e�L jiLe ns�<e. ij is ,aiji,�I jR <enea�je nes ,�n0i0�jes �j
� spee0 ,RLp�a�$Ie jR s�LpIin< a�jeY �0�pjiqe BQ is p�aji,A
nI�aIw ,@�IIen<in< sin,e ij ae\niaes �n R$seaq�jiRn�I peaiR0
R8 sn|,ienjIw IRn< 0na�jiRn �n0 sn|,ienjIw @i<@ s�LpIin<
a�je jR ,�pjnae �II aeIeq�nj swsjeL $e@�qiRnaY re expIRae0
sRLe R8 �ppaRxiL�je �n0 s,�I�$Ie ;T �I<Raij@Ls �q�iI�$Ie
in ;TwiRa,@ )Sk*. $nj nRnej@eIess eqenjn�IIw en,Rnnjeae0
pea8RaL�n,e issnesY

/ne jR j@e nee0 jR paeseaqe IRn< jiLes,�Ies. insje�0 R8
� siLpIe 0�j� ,njR{ Ra a�n0RL sn$s�LpIin<. �BQ nses
nRqeI jiLeA$i�se0 iLpRaj�n,e $�n0si0j@ sn$s�LpIin<Y i@e
,Rae i0e� is jR �0�pjiqeIw 0is,�a0 RI0 0�j� j@�j 0Res nRj ,RnA
jai$nje jR j@e Rqea�II LR0eI Rnjsi0e sRLe spe,i~, jiLe s,�IeY
�LRn< sn,@ ,�n0i0�je pRinjs. sn$s�LpIin< is sei<@je0 $w
iLp�,j Rn ,naaenj LR0eI ~jgpae0i,jiRnY 7Ra ex�LpIe. sij@
i0e�I peaiR0i, nRiseIess si<n�Is. 0�j� RI0ea j@�n � ,RLpIeje
peaiR0 is �IIRse0 jR $e sn$s�LpIe0. �n0 pRinjs in sIRsIw
q�awin< ae<iRnsg0iLensiRns �s ae�e,je0 $w sL�II q�ai�n,e
iLpaRqeLenjs siII $e 0is,�a0e0 ~asjY 7Ra 8�sj si<n�Is. �qea�<A
in< is �IsR pea8RaLe0 Rn j@e L�in si<n�I p�aj sR �s jR ae0n,e
nRiseY i@e ex�,j ,njR{ is 0ejeaLine0 $w j@e nppea $�n0A
si0j@ j@aes@RI0 ae\niae0 8aRL �BQ. jwpi,�IIw zYz9 ?y Vlz s
peaiR0WY i@is sja�je<w <n�a�njees L�xiLnL pRssi$Ie paeseaA
q�jiRn R8 spe,ja�I �n0 ,RaaeI�jiRn in8RaL�jiRnY

Constraints and Priors
i@e ~n�I iLpRaj�nj eIeLenj R8 Rna �I<Raij@L is j@e nse R8

seqea�I jRRIs jR ensnae �BQ L�Ges ,Rnseaq�jiqe p�a�Lejea
esjiL�jes �n0 0Res nRj ex,ee0 s�8ejw ,Rnsja�injs ViYeY $e�L
IRssesW Ra Rpea�jiRn�I IiLijs ViYeY. jR �qRi0 @wsjeaesisWY re
iLpIeLenj ;T 8e�si$iIijw LR0eIs jR pae0i,j ,Rnsja�injs )S:*.
�n0 �IsR IiLij sIes a�jes �n0 Rqea�II ,RnjaRI $�n0si0j@
j@aRn<@ nse R8 paRxiL�I @�a0 �n0 sR8j ,njR{s $�se0 Rn
expe,je0 s�LpIin< a�je �n0 Le�snaeLenj 0eI�w )S9*Y 7Ra
�,\nisijiRn 8nn,jiRns �n0 p�a�Lejea 0isjai$njiRns. se nse
exjaeLeIw ,Rnseaq�jiqe paiRasgp�a�Lejeas 8�qRnain< expIRij�A
jiRn ViYeY IRs ٝW. ensnain< s�LpIin< R,,nas in GnRsn <RR0
ae<iRnsY i@ese Lej@R0s <n�a�njee �BQ is seII $e@�qe0
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�n0 aR$nsj. �n0 ,�n in sRasj ,�se $e \ni,GIw Rqeaai00en $w
sj�n0�a0 ,RnjaRI jRRIsY

RESULTS
re ~asj jesje0 �BQ Rn seqea�I siLnI�je0 paR$IeLs. a�n<A

in< 8aRL swnj@eji, 8nn,jiRns jR Iin�, p�aji,Ie ja�,Gin< siLnA
I�jiRnsY 7i<nae l s@Rss �n ex�LpIe �ppIi,�jiRn jR � siLpIe
,�se R8 sinnsRi0�I ,Raae,jRa 0ai8jY �8jea kz iniji�I pRinjs
j�Gen sij@Rnj �nw ,naaenj ,@�n<es. 0enRje0 $w @RaiyRnj�I
$Ine Iine. $Rj@ Lej@R0s seae �IIRse0 jR ann sij@ i0enji,�I
sejjin<sY �8jea �ppaRxiL�jeIw � sin<Ie peaiR0. �BQ ,RnA
qea<es Rn j@e Rs,iII�jiRn 8ae\nen,w �n0 sj�ajs 8RIIRsin< j@e
0ai8j sij@Rnj �nw I�<. 0eLRnsja�jin< j@�j ij is in 8�,j pae0i,jA
in< j@e 8njnae IR,�jiRn qi� j@e LR0eIY biLpIe BQ Le�ns@iIe
sees j@e 0ai8j �s Ensj I�a<e nRise �n0 Rs,iII�jes �aRnn0 ,enA
ja�I inpnj q�Ine. IRsin< si<ni~,�nj pea8RaL�n,e eqen �8jea :
peaiR0sY

7i<nae l- �BQ �n0 BQ anns 8Ra sinnsRi0�I ,Raae,jRa 0ai8jY

2xpeaiLenj�I jesjs seae 0Rne �j j@e �Tb inEe,jRa ,RLpIexY
Bj ,Rnsisjs R8 � Iin�, )Sf* �n0 jsR ain<s )Se. S4* j@�j $ain<
$nn,@es jR e ;epY iR sj�$iIiye $e�L p�a�Lejeas. seqea�I
paRpRajiRn�I 8ee0$�,G ,RnjaRIIeas. ,�IIe0 ,RnjaRI I�ss )SO*.
�ae nse0Y i@ew Rpea�je sij@ paeA,RLpnje0 inqease aespRnse
L�jai,es $�se0 Rn expeaiLenj�I 0�j�Y � ae,enj �n�Iwsis R8
$e�L p�a�Lejeas nRje0 eIeq�je0 @i<@ 8ae\nen,w Eijjea IeqeIs
sij@ ,RnjaRI I�ss en�$Ie0. pRjenji�IIw ,�nse0 $w BTK nRise
Ra 0eqi�jiRns 8aRL expe,je0 I�jji,e p�a�LejeasY rij@ ,RnjaRI
I�ss R{ @Rseqea. sIRsea $nj I�a<ea �LpIijn0e Rs,iII�jiRns
seae R$seaqe0. s@Rsn in 7i<Y SY r@iIe nRj I�a<e enRn<@ jR
iLp�,j Rqea�II inEe,jRa e|,ien,w. eIiLin�jin< $Rj@ j@e 0ai8js
�n0 @i<@ 8ae\nen,w nRise is 0esia�$Ie 8Ra expeaiLenjs in j@e
Iin�, exjensiRn �ae�Y re jesje0 �BQ 8Ra j@�j pnapRse $w
pi,Gin< � snij�$Ie BTK �n0 ,Raae,jRa p�ia �j j@e en0 R8 j@e

Iin�,. �n0 nsin< �s R$Ee,jiqe j@e Le�n s\n�ae0 ja�Ee,jRaw
eaaRaY `esnIjs R8 j@is jesj �ae <iqen in 7i<Y kY

7i<nae k- �BQ �n0 ,RnjaRI I�s ja�Ee,jRaw sj�$iIijwY

7Ra j@e p�aji,nI�a 0�j�sej s@Rsn. j@e Iin�, ex@i$ije0 j@e
ȔjsR 8ae\nen,wȕ LR0e 0es,ai$e0 paeqiRnsIw �n0 �BQ s�s
,Rnsja�ine0 jR k Lixjnae ,RLpRnenjs jR spee0 np ,RnqeaA
<en,eY i@e paeqiRns S9 Linnjes R8 @isjRaw seae nse0 �s
j@e ja�inin< sej 8Ra e�,@ ann. sn$s�LpIe0 jR Szz pRinjs jR
iLpaRqe BTK nRiseY 2qen sij@ j@ese IiLij�jiRns. �BQ s�s
,Ie�aIw �$Ie jR aeLRqe j@e L�in Rs,iII�jRaw si<n�I �j lY9 L?y.
sij@ ,RaaespRn0in< `Kb Eijjea IRseae0 jR zYlk LL �s ,RLA
p�ae0 jR zYk9 LL 8Ra ,RnjaRI I�s �n0 zYkk LL 8Ra nn,RnA
jaRIIe0 ,�sesY biLnI�jiRns in0i,�je j@�j $Rj@ ,RLpRnenjs
,�n $e ~jje0 aR$nsjIw sij@ IRn<ea 0�j� ,RIIe,jiRn jiLe. $nj
,Rnqea<en,e spee0 is sjaRn<Iw 0epen0enj Rn nRise IeqeIsY

�s ~asj sjep jRs�a0s Rpea�jiRn�I nse. �BQ s�s inje<a�je0
sij@ Rj@ea RpjiLiy�jiRn Lej@R0s injR � Twj@Rn p�,G�<e
APSoptY Bjs Gew 8e�jnaes in,In0e 8nII snppRaj 8Ra b//b ~Ie
8RaL�j )lz* Vqi� Twb//b Ii$a�aw )lS*W �n0 �n b//bAjRRIGij
,RLp�ji$Ie ,RLL�n0 Iine injea8�,e )llĢl:*Y i@is �IIRss
injea,@�n<e�$Ie BQg�BQ �I<Raij@L nse in pI�,e R8 exisjin<
siLpIex �n0 `C/b RnesY re �ae ,naaenjIw jesjin< �BQ
IRn<AjeaL sj�$iIijw �n0 aR$nsjness in � qiajn�I enqiaRnLenj
s@i,@ aepI�ws ae�Iisji, 0�j� in �n �njRL�je0 jesjin< IRRpY

CONCLUSION
BLpaRqin< aR$nsjness �n0 �0�pj�$iIijw R8 KHA$�se0 RpA

jiLiyeas is � ,an,i�I sjep in L�Gin< j@ese jRRIs nse8nI in
0�wAjRA0�w �,,eIea�jRa Rpea�jiRnY re @�qe 0eLRnsja�je0
j@�j BQ ,�n $e LR0i~e0 sij@ �n expIi,ijIw jiLeA0epen0enj
�0�pjiqe bK GeaneI jR ~j � si0e q�aiejw R8 expeaiLenj�IIwA
aeIeq�nj 0ai8jsY `esnIjs Rn $Rj@ siLnI�je0 �n0 expeaiLenj�I
j�sGs. s@iIe nRj pea8e,j. si<ni~,�njIw iLpaRqe Rn n�iqe BQ
pea8RaL�n,eY 7njnae sRaG siII 8R,ns Rn iLpaRqin< ;T @RjA
sj�aj sij@ paeAja�inin< Rn LRae q�aie0 @isjRai,�I 0�j�. �n0
expIRain< /FH nena�I nejsRaGs 8Ra 8naj@ea GeaneI LR0eI
iLpaRqeLenjsY
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