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Topics

1. Facility needs

. Optimization/tuning
. Simulation/Modeling
. Prognostics

. Data analysis
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Tutorial

Full day tutorial for machine learning novices
~60 participants learning basic ML and Ocelot platform
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D. Bowring, A. Edelen, C. Mayes, |. Agapov, S. Tomin



Highlights: Facility needs

Some recurrent needs:

1. ldentify broken parts, predict failures

2. Faster simulations, online models

3. Digging through large data sets for
correlations, new physics




Highlights: Facility needs

Some recurrent needs:

1. ldentify broken parts, predict failures

2. Faster simulations, online models

3. Digging through large data sets for
correlations, new physics

General themes:
1. How do we identify where ML adds value?
2. Look for opportunities to collaborate



Highlights: Optimization

Wide agreement on need for automated tuning
Question: model-based or model-independent?



Highlights: Optimization

Wide agreement on need for automated tuning
Question: model-based or model-independent?

Search over conjugate directions RCDS: X. Huang

=l Ar~
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Efficient search directions: conjugate directions

A search over conjugate direction does not
invalidate previous searches.

Directions u and v are conjugate if
. u'-H-v=0
with H bzeing the Hessian matrix of function f(x),
a*f
U Axdxy’
Around the minimum
fXm + A%) = f(Xpm) +§AXT “H-Ax.

Inefficient search directions

Powell's method can update the directions

It Fa}(es manx tiny stephs_ to g:et to the d using past search results to develop a
n‘ynlmym when searching along x and y conjugate set.
directions.

*W.H. Press, et al, Numerical Recipes

*M.J.D. Powell, Computer Journal 7 (2) 1965 155
X. Huang (SLAC), Online optimization, ML Workshop 2018

SPEARS: coupling correction, kicker bump matching, dynamic aperture, transport
line steering and optics, etc
X. Huang, et al, NIMA 728 (2013) 77; X. Huang et al, PRSTAB 18, 084001 (2015)
LCLS: taper optimization
J. Wu, et al, FEL 2017
ESRF: storage ring coupling correction, beam lifetime, injection efficiency
S. M. Liuzzo, et al, IPAC'2016, THPMRO15
IHEP: BEPC-II luminosity optimization, CSNS/RCS collimation system
H.-F. Ji, et al, Chinese Physics C 39, 12, 127008 (2015); H.-F. Ji, et al, HB2016
DIAMOND: nonlinear beam dynamics optimization
1. Martin, et al, IPAC'2016, THPMROO1
NSLS-II: Injection kicker bump matching
G.M. Wang, et al, IPAC'2017, THPVA095
SPS: Injection optimization, coupling optimization
T. Pulampong, et al, IPAC'2017, THPAB151
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Wide agreement on need for automated tuning
Question: model-based or model-independent?

Search over conjugate directions RCDS: X. Huang
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Efficient search directions: conjugate directions

A search over conjugate direction does not
invalidate previous searches.

Directions u and v are conjugate if
u'-H-v=0
with H bzeing the Hessian matrix of function f(x),
a*f
= Axdxy’
Around the minimum
fm + 8%) = (%) +52xT - H - Ax.

Inefficient search directions

Powell's method can update the directions
using past search results to develop a
conjugate set.

It takes many tiny steps to get to the
minimum when searching along x and y
directions.

*W.H. Press, et al, Numerical Recipes

*M.J.D. Powell, Computer Journal 7 (2) 1965 155
X. Huang (SLAC), Online optimization, ML Workshop 2018 4

SPEARS: coupling correction, kicker bump matching, dynamic aperture, transport
line steering and optics, etc
X. Huang, et al, NIMA 728 (2013) 77; X. Huang et al, PRSTAB 18, 084001 (2015)
LCLS: taper optimization
J. Wu, et al, FEL 2017
ESRF: storage ring coupling correction, beam lifetime, injection efficiency
S. M. Liuzzo, et al, IPAC'2016, THPMRO15
IHEP: BEPC-II luminosity optimization, CSNS/RCS collimation system
H.-F. Ji, et al, Chinese Physics C 39, 12, 127008 (2015); H.-F. Ji, et al, HB2016
DIAMOND: nonlinear beam dynamics optimization
1. Martin, et al, IPAC'2016, THPMROO1
NSLS-II: Injection kicker bump matching
G.M. Wang, et al, IPAC'2017, THPVA095
SPS: Injection optimization, coupling optimization
T. Pulampong, et al, IPAC'2017, THPAB151
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Extremum seeking: A. Scheinker

dpy p—

#4 Vaws cos(wit + ky)
dp-

%: ‘aws cos(wat + ky)
d,

% = y/awm cos(wmt + ky)

Allows simultaneous tuning of ALL parameters in parallel.
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Highlights: Optimization
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Wide agreement on need for automated tuning
Question: model-based or model-independent?

DM

Example: FEL “quality” at FERMI

Search over conjugate directions

RCDS: X. Huang

o1 A

T

Efficient search directions: conjugate directions

A search over conjugate direction does not
invalidate previous searches.

Directions u and v are conjugate if
. u'-H-v=0
with H bzeing the Hessian matrix of function f(x),
a°f
U Axdxy’
Around the minimum
fXm + A%) = f(Xpm) +§AXT “H-Ax.

Inefficient search directions

Powell's method can update the directions
using past search results to develop a
conjugate set.

It takes many tiny steps to get to the
minimum when searching along x and y
directions.

*W.H. Press, et al, Numerical Recipes

*M.J.D. Powell, Computer Journal 7 (2) 1965 155
X. Huang (SLAC), Online optimization, ML Workshop 2018 4

SPEARS: coupling correction, kicker bump matching, dynamic aperture, transport
line steering and optics, etc
X. Huang, et al, NIMA 7. 13) 77; X. Huang et al, PRSTAB 18
LCLS: taper optimization
Mu, et al, FEL 2017
ESRF: storage ring coupling correction, beam lifetime, injection efficiency
S. M. Liuzzo, et al, IPAC'2016, THPMRO15
IHEP: BEPC-II luminosity optimization, CSNS/RCS collimation system
H.-F. Ji, et al, Chinese Physics C 39, 12, 127008 (2 H.-F. Ji, et al, HB2016
DIAMOND: nonlinear beam dynamics optimization
1. Martin, et al, IPAC'2016, THPMROO1
NSLS-II: Injection kicker bump matching

G.M. Wang, et al, IPAC'2017, THPVA095
SPS: Injection optimization, coupling optimization
T. Pulampong, et al, IPAC'2017, THPAB151
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Extremum seeking: A. Scheinker
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: On average, the system
d 4
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dt l, of the unknown, time-
Allows simultaneous tuning of ALL parameters in parallel. varying function V(xt)
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Highlights: Optimization

Tuning platforms:

Ocelot (DESY) -
provides generic base device limits
for accelerator
optimization/simulation
= Now multi-lab
collaboration

SLAC GUI

Objective and Alarm Function Setup

PV:A XFEL.FEL/XGM.PREPROCESSING/XGM.2643.T9.CHO/RESULT.TD
PV:B

PV:C

PV:D

PV:E

Objective Function: np.mean(np.array(A)[:,11)

Max Penalty

@ Use Predefined Objective Function

Edit Objective Function

Alarm 1 XFEL DIAG/CHARGE ML/TORC.3088.TAD/BEAM_MASTERTRANSMISSION.SAT Value: 00
Limits: ~ Min Max  [100.00
Wait sec after recovering

Select Optimiser Algorithm Simplex Norm.

Number Iterations
@ Set Best Solution After Optimization

nnnnnnnnnnnnnnnnnnnn

Relative Step in %

S. Tomin, |. Agapov, DESY/XFEL



Highlights: Optimization
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Tuning platforms: | ' m SLAC GUI
Ocelot (DESY) S e A

provides generic base device limits

for accelerator
optimization/simulation
=> Now multi-lab hours/year in 2016
collaboration = Automated tuning
. cut avg time by half

Opti

Objegtrirve and Alarm Function Setup |n 201 7|

Object

At LCLS: 450

PV:A XFEL.FEL/XGM.PREPROCESSING/XGM.2643.T9.CHO/RESULT.TD
PV:B
PV:C
PV:D
PV:E

Objective Function: np.mean(np.array(A)[:,11)

Max Penalt 8 : ; : < 5
lax Penalty 300 8 Time spent on setup and tuning tasks dyg config setup periods

@ Use Predefined Objective Function

Edit Objective Function

Alarm 1 XFEL DIAG/CHARGE ML/TORC.3088.TAD/BEAM_MASTERTRANSMISSION.SAT Value: 00
Limits: ~ Min Max  [100.00
Wait sec after recovering

= Total Time
= Average Time

Select Optimiser Algorithm Simplex Norm.
Number Iterations I_ g L = L L L ‘A"F N .
@ Set Best Solution After Optimization & - g H £ = 3 e 3 z H 5 3 3 5 £ 2 £ £ 5
H - H g 2 = = g = %
Simplex With Normallzation ® S = H e g
4 3

} orbit rss phask L th setpoisknty i ris | taper | L slign

| cong | contig | eong | conti | conng | conng | comng | moder | moserfaractemaracteat

| cotup | sotup | sotup | somp | setup | sonsp | setup | corup | setun | sorup | sotup | sotup | cuning

Relative Step in %

tuning | suning | wning | sning | wning | suning | wning | wning | wring

S. Tomin, |. Agapov, DESY/XFEL 12



Highlights: Optimization

Genetic algorithms to find
optimize and find pareto frontier

genetic algorithm (spea2) toy example
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0 1
|. Bazarov et al., Cornell Objective A

w =



Highlights: Optimization

Genetic algorithms to find
optimize and find pareto frontier

) CESR simulation, noiseless
10~
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orbit, Ix2 (m?)

1075 - - ' T
10-12 2x1072  3x107124x10712 6x107%2 10711

|. Bazarov et al., Cornell vertical emittance (m)

N



Highlights: Optimization

Genetic algorithms to find
optimize and find pareto frontier

CESR simulation, noiseless

1074 -
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orbit, Tx2 (m?)
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10-12 2x10712 3x107M4x10"1? e6x1071

|. Bazarov et al., Cornell vertical emittance (m)
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Highlights: Optimization

Genetic algorithms to find
optimize and find pareto frontier

CESR simulation, noiseless

1074 1

1073 1

orbit, Ix2 (m?)

1075 - - ' TR
10-12 2x10712  3x10714x10712 6x10712 10-11

|. Bazarov et al., Cornell vertical emittance (m)

o -



Highlights: Optimization

Genetic algorithms to find
optimize and find pareto frontier

CESR simulation, noiseless 4 ‘ o
1074 1 toes .
: | ST I I B
E " | .. * .:-io ': - ) .o
=2 sen Sl g e
‘ - - - ’ ..E.:' -...o.:.é .." ..: s %
T . “ g8 o ‘..... .o’ e s
[ ] g 1 o i'- e -...5{._. :.O;..:......':;.'::..r....ff .,'.'.'.;.;p..sz'..' o
T 7 @008 .‘-’,,.-r._f,.i-*:“ o
C TS RS A TR
0 K i i
40 60 80

107>
] E

orbit, Ix2 (m?)

1078 . — |
6x 1072 10-11

10—12
I. Bazarov et al., Cornell

2x10712 3x10°1%4x10°12

vertical emittance (m)

Ntance, nm-rad

Pareto frontier

100

~N =



Highlights: Optimization

Model-based: Reinforcement learning (used by alpha-GO)

Simulated Actions
Experience
Rewards,
States
Model
FProcess
K ____,_..--‘J

Model Leaming

Can train on models first to get a
good initial solution before deployment

y I
—»  Actor [ )—{ Optimization

Input *| Teacher —T

Can use supervised learning to first approximate the
behavior of a different control policy

A. Edelen, CSU

0 -



Highlights: Optimization

el Ay
o b M\
Model-based: Reinforcement learning (used by alpha-GO)
Actor
Existing Feedforward/PID Controller Model Predictive Controller
Simulated Actions —ToaY gt “wr [ T
A e | - | | : 1 —T - Lo -=TCAV targst
Experience B | TG = TCAV target,
Rewards, £ s ‘ % w1 \ |
States 2 . | I By 2 B N
Model : - £ & Sy
Process B oas = - I W
I I .. A ] femeagls e
‘\ I “G 2 4 6 & 10 12 14 16 18 20 22 24 26 28 a 1 2 3 a 5 6 7 8 9 10

Time Elapsed [minutes] Time Elapsed [minutes]

Model LeaITIIF'Ig Note that the oscillations are largely due to the transport delays and water recirculation, rather than PID gains A L Fdelen et al, TNS, vol. 63, no. 2, 2016 Al Fdelen et al, IPAC *15

Can train on models first to get a
good initial solution before deployment

v I
> Actor - @—.' Optimization

Input *| Teacher —T

Can use supervised learning to first approximate the
behavior of a different control policy

A. Edelen, CSU
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Highlights: Optimization
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Model-based: Reinforcement learning (used by alpha-GO)

e Temperature control, RF photo-injector at FAST

Existing Feedforward/PID Controller

s
<]
w

Model Predictive Controller

: TCAV 4450 I - t 1 TCAY :
Simulated Actions - TCAY taget | ey
K A3 ey | - 1 1 ; —T e e v e -=TCAV targst
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Model 2 VT T T 2 AN
Process = as o & as 3 .
A Y - Ve I
I Y92 4 & 8 10 12 14 16 18 20 22 24 26 28 o 1 2 3 4 5 6 7 [ 9 10

Time Elapsed [minutes] Time Elapsed [minutes]

Model Leaming

Note that the escillations are largely due to the transport delays and water recirculation, rather than PID gains

A L FEdelen et al, TNS, vol 63, no. 2, 2016 Al FEdelen et al, IPAC ‘15

Can train on models first to get a
good initial solution before deployment

y I
—»  Actor [ )—{ Optimization

Input *| Teacher —T

Can use supervised learning to first approximate the
behavior of a different control policy

A. Edelen, CSU
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Highlights: Optimization
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Model-based: Reinforcement learning (used by alpha-GO)

Simulated
Experience

Model

N~

Actions

Rewards,
States

FProcess

__.-—-""/

Model Leaming

Can train on models first to get a
good initial solution before deployment

1 |
- —>

|

Can use supervised learning to first approximate the
behavior of a different control policy

Actor Optimization

Input *| Teacher

A. Edelen, CSU
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Highlights: Optimization
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Model-based: Bayesian optimizers (Gaussian Process Model)

J. Kirschner et al., ETHZ, PSI

plausible
maximizers

Expand & Safe-GPUCB (Steps 1-10)

Expand only (Steps 81-110)

Expand & Safe-GPUCB (Steps 11-80)

Expand & Safe-GPUCB (Steps 151-190)

Safe optimization

22




Highlights: Optimization

Model-based: Bayesian optimizers (Gaussian Process Model)

J. Kirschner et al., ETHZ, PSI

plausible
maximizers

Expand & Safe-GPUCB (Steps 1-10)

Expand only (Steps 81-110)
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Highlights: Optimization

Model-based: Bayesian optimizers (Gaussian Process Model)

J. Kirschner et al., ETHZ, PSI

plausible
maximizers

05

Expand & Safe-GPUCB (Steps 1-10)

06 07 08
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Expand & Safe-GPUCB (Steps 11-80)

Expand & Safe-GPUCB (Steps 151-190)
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Safe optimization
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Highlights: Modeling/Simulations
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DM

Modeling systems with neural networks: Examples at FAST

Predict RFQ frequency

A. Edelen

Resonant Frequency Shift [kHz]

—measured

—predicted

2

3
Time Elapsed [hours]

4

5

25



Highlights: Modeling/Simulations

(ad B ¥ ~
T AN

Modeling systems with neural networks: Examples at FAST

Predict RFQ frequency

Resonant Frequency Shift [kHz]

° : —measured
. : ‘ : —predicted
@ wall channels 10 1 ? 3 4 5
@ vane channels °
Time Elapsed [hours]
0>— <»
0
S
— S

A. Edelen J. Edelen 26



Highlights: Modeling/Simulations

«~l A~

DM

Modeling systems with neural networks: Examples at FAST

Predict RFQ frequency

@ wall channels
@ vane channels

A. Edelen

Resonant Frequency Shift [kHz]

—measured
" : : : : —predicted
) 1 2 3 4 5
Time Elapsed [hours]
Low Energy Beamline (~25 m) High Energy Beamline (~100 m)
B B e

Low Energy Transport
(20 - 50 MeV &)

J. Edelen



Highlights: Modeling/Simulations
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DM

Modeling systems with neural networks: Examples at FAST

Predict RFQ frequency
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Highlights: Modeling/Simulations
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Modeling systems with neural networks: Examples at FAST

Predict RFQ frequency Predict emittance
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Highlights: Modeling/Simulations

Generative adversarial networks (GANs): mimicking simulations
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Highlights: Prognostics
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Highlights: Data Analysis
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K-means to understand MBI structures
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General data mining: Can we use ML to learn about our machines?
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Future directions

«~l A~

T NS

Currently writing white paper to summarize first workshop
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Future directions

«~l A~

Currently writing white paper to summarize first workshop

Then next workshop: March, 2019 in Switzerland!
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Future directions

Thanks for listening and
hope to see you at a future
ML workshop!
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