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Linac Characteristics 

Energy 6 MeV 

Number of Cells 5 ½ 

RF Frequency 1.3 GHz 

Shunt Impedance 50 MΩ/m 

Q-Value 18,000 

Axial Electric Field 

    Cell no. 1 26 MV/m 

    Cell No. 2 14.4 MV/m 

    Cell No. 3 – 6 10.6 MV/m 

Solenoid Field 
Strength 

1,200 G 
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Laser Lab 1 Laser Lab 2 

Accelerator Lab Drive Laser 
Laboratory 

Accelerator 
Control 
Room 

100-150 Terawatt Ti:Sapphire laser system.   
Wavelength: 0.8 micrometers, Energy before 
compression: 13 Joules. 
Repetition rate: up to 5 Hz. 
Plans to scale to 0.5 Petawatt  

1 J, 5 picosecond, 100 Hz repetition 
rate diode-pumped laser (100 W 
average power) 
Wavelength: 1.03 micrometers. Highest 
repetition rate diode-pumped chirped-pulse-
amplification laser in the world.   Can be scaled 
in repetition rate and pulse energy, future 
parameters depend on funding. 

6 MeV Photocathode Driven Electron Linac 
L- Band (1.3 GHz) 
Two Klystrons Available (One needed for PC Gun) 
15 us pulse durations at 10 Hz 
Up to 81.25 MHz pulse rates available 
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!   In	
  principle,	
  the	
  way	
  forward	
  for	
  development/implementaGon	
  of	
  neural-­‐network	
  based	
  control	
  systems	
  is	
  
relaGvely	
  straighaorward	
  
!   Gather	
  training	
  data	
  over	
  desired	
  parameter/actuator	
  space,	
  train/opGmize/validate	
  candidate	
  neural	
  network	
  designs	
  
!   Incorporate	
  neural	
  network	
  into	
  candidate	
  control	
  schemes	
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  part	
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  device	
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long-­‐term	
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  cycles	
  

!   In	
  addiGon,	
  we	
  have	
  pracGcal	
  consideraGons	
  which	
  make	
  adapGve	
  control	
  parGcularly	
  appealing	
  
!   High	
  user	
  demands	
  on	
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  Gme	
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  fully	
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  based	
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  is	
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  parameter/actuator	
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!   Incorporate	
  neural	
  network	
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  control	
  schemes	
  

!   IntuiGve	
  first	
  case:	
  feed-­‐forward	
  components	
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!   Can	
  be	
  used	
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  with	
  exisGng	
  analyGc	
  models/	
  standard	
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!   Can	
  be	
  used	
  in	
  conjuncGon	
  with	
  exisGng	
  analyGc	
  models/	
  standard	
  PI	
  control	
  techniques	
  	
  	
  

à	
  ever	
  more	
  stringent	
  tolerances	
  on	
  beam	
  parameters	
  make	
  the	
  extra	
  robustness	
  appealing	
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  with	
  exisGng	
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  standard	
  PI	
  control	
  techniques	
  	
  	
  

à	
  ever	
  more	
  stringent	
  tolerances	
  on	
  beam	
  parameters	
  make	
  the	
  extra	
  robustness	
  appealing	
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  have	
  many	
  diagnosGc	
  tools/monitoring	
  systems	
  available	
  to	
  conGnuously	
  feed	
  data	
  to	
  a	
  neural	
  network	
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  with	
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  ever	
  more	
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  on	
  beam	
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  make	
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  to	
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  feed	
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  to	
  a	
  neural	
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!   MulG-­‐objecGve	
  opGmizaGon	
  of	
  operaGng	
  parameters	
  is	
  a	
  natural	
  extension	
  of	
  neural-­‐network	
  based	
  model	
  
development	
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à	
  ever	
  more	
  stringent	
  tolerances	
  on	
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  to	
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!   MulG-­‐objecGve	
  opGmizaGon	
  of	
  operaGng	
  parameters	
  is	
  a	
  natural	
  extension	
  of	
  neural-­‐network	
  based	
  model	
  
development	
  
!   Efficient	
  start-­‐up	
  and	
  tune-­‐up	
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  ever	
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  on	
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  make	
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!   MulG-­‐objecGve	
  opGmizaGon	
  of	
  operaGng	
  parameters	
  is	
  a	
  natural	
  extension	
  of	
  neural-­‐network	
  based	
  model	
  
development	
  
!   Efficient	
  start-­‐up	
  and	
  tune-­‐up	
  
!   Improvement	
  of	
  beam	
  quality	
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  candidate	
  neural	
  network	
  designs	
  
!   Incorporate	
  neural	
  network	
  into	
  candidate	
  control	
  schemes	
  

!   IntuiGve	
  first	
  case:	
  feed-­‐forward	
  components	
  	
  
!   Can	
  be	
  used	
  in	
  conjuncGon	
  with	
  exisGng	
  analyGc	
  models/	
  standard	
  PI	
  control	
  techniques	
  	
  	
  

à	
  ever	
  more	
  stringent	
  tolerances	
  on	
  beam	
  parameters	
  make	
  the	
  extra	
  robustness	
  appealing	
  
!   Already	
  have	
  many	
  diagnosGc	
  tools/monitoring	
  systems	
  available	
  to	
  conGnuously	
  feed	
  data	
  to	
  a	
  neural	
  network	
  

	
  	
  

!   MulG-­‐objecGve	
  opGmizaGon	
  of	
  operaGng	
  parameters	
  is	
  a	
  natural	
  extension	
  of	
  neural-­‐network	
  based	
  model	
  
development	
  
!   Efficient	
  start-­‐up	
  and	
  tune-­‐up	
  
!   Improvement	
  of	
  beam	
  quality	
  
!   Can	
  mimic	
  the	
  role	
  of	
  a	
  human	
  operator’s	
  manual	
  adjustments	
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  Dr.	
  Biedron)	
  
	
  
	
  !   MulG-­‐objecGve	
  opGmizaGon	
  of	
  beam	
  parameters	
  using	
  reinforcement	
  

learning	
  and	
  a	
  2D	
  objecGve	
  funcGon	
  search	
  space1,2	
  
!   Example:	
  implementaGon	
  at	
  Australian	
  Synchrotronà	
  transmission	
  from	
  90%	
  

to	
  97%,	
  change	
  in	
  energy	
  spread	
  from	
  1.04%	
  to	
  0.91%	
  

!   Neural	
  network	
  based	
  feed-­‐forward	
  algorithms	
  combined	
  with	
  PI	
  
feedback3,4	
  
!   Example:	
  implementaGon	
  at	
  LCLS	
  à	
  compensated	
  for	
  changes	
  in	
  energy	
  and	
  

peak	
  current	
  resulGng	
  from	
  induced	
  ji^er	
  in	
  the	
  klystron	
  phase	
  and	
  voltage	
  	
  
!   Showed	
  the	
  combined	
  approach	
  was	
  more	
  effecGve	
  at	
  correcGng	
  deliberately	
  

induced	
  changes	
  in	
  parameters	
  than	
  either	
  the	
  feed-­‐forward	
  neural	
  network	
  
or	
  PI	
  feedback	
  approaches	
  individually	
  

	
  

!   Immediate	
  way	
  forward	
  from	
  Evelyne’s	
  work	
  (highly	
  summarized)	
  :	
  
!   Further	
  incorporaGon	
  of	
  adapGve	
  components	
  into	
  combined	
  feed-­‐forward/

feedback	
  systems	
  
!   OpGmizaGon	
  with	
  search	
  spaces	
  greater	
  than	
  2D	
  

	
  

51 

Example optimization search space 
(Meier, Ph.D. thesis) 

Example of neural network controller performance 
 (Meier, Ph.D. thesis) 

1. E. Meier, S.G. Biedron, G. LeBlanc, M.J. Morgan, “Artificial Intelligence Systems for Electron Beam Parameters Optimisation at the Australian Synchrotron,” Proceedings of IPAC’10, Kyoto, Japan. 
2.E. Meier, S.G. Biedron, G. LeBlanc, M.J. Morgan, “Development of a novel optimization tool for electron linacs inspired by artificial intelligence techniques in video games,” Nuclear Instruments and Methods in Physics Research 
Section A: Accelerators, Spectrometers, Detectors and Associated Equipment, Volume 632, Issue 1, 11 March 2011, Pages 1-6. 
3. E. Meier, M. Morgan, S.G. Biedron, G. LeBlanc, J. Wu, “Development of a combined feed forward-feedback system for an electron Linac,” Nucl. Instr. And Meth. A, Volume 609, Issues 2-3, 11 October 2009, Pages 79-88. 
4. E. Meier, S.G. Biedron, G. LeBlanc, M.J. Morgan, and J. Wu, “Electron beam energy and bunch length feed forward control studies using an artificial neural network at the Linac coherent light source,” Nucl.Instr. And Meth. A, 
Volume 610, Issue 3, 11 November 2009, Pages 629-635. 
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àhave	
  already	
  begun	
  work	
  (this	
  week!)	
  with	
  RF	
  gun	
  cooling	
  system	
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!   Development	
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  in	
  high	
  energy	
  physics,	
  nuclear/material	
  science,	
  imaging)	
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  looking	
  for	
  interes:ng	
  controls	
  problems!	
  
	
  
!   Development	
  of	
  novel	
  controls	
  techniques	
  for	
  superconducGng	
  RF	
  systems	
  and	
  accelerators	
  operaGng	
  at	
  

the	
  energy	
  and	
  intensity	
  fronGers	
  will	
  be	
  essenGal	
  to	
  ensure	
  tolerances	
  in	
  beam	
  parameters	
  are	
  met	
  for	
  
future	
  experiments	
  (e.g.	
  in	
  high	
  energy	
  physics,	
  nuclear/material	
  science,	
  imaging)	
  

!   As	
  a	
  state-­‐of-­‐the-­‐art	
  test	
  accelerator	
  operaGng	
  at	
  the	
  energy/intensity	
  fronGers,	
  ASTA	
  will	
  provide	
  an	
  
environment	
  which	
  is	
  parGcularly	
  ripe	
  with	
  opportunity	
  for	
  	
  development	
  and	
  tesGng	
  of	
  novel	
  control	
  
schemes	
  under	
  demanding	
  condiGons	
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Basic	
  Methodology	
  for	
  Supervised	
  Training	
  of	
  a	
  Neural	
  Network	
  	
  
!   Obtain	
  enough	
  data	
  to	
  construct	
  both	
  a	
  training	
  set	
  and	
  a	
  validaGon	
  set	
  

!   Determine	
  which	
  inputs	
  are	
  significant	
  (i.e.	
  have	
  an	
  influence	
  above	
  the	
  noise)	
  
!   Stepwise	
  backward/forward	
  regression	
  of	
  the	
  model	
  

!   Train	
  the	
  network(s),	
  i.e.	
  use	
  opGmizaGon	
  techniques	
  to	
  minimize	
  the	
  cost	
  funcGon	
  	
  

!   OpGmize	
  network	
  topology	
  (i.e.	
  number	
  of	
  hidden	
  nodes,	
  layers)	
  

!   Use	
  validaGon	
  set	
  to	
  determine	
  if	
  the	
  network	
  is	
  sufficiently	
  generalizable	
  within	
  the	
  
parameter	
  space	
  in	
  quesGon	
  

à	
  Goal	
  is	
  to	
  find	
  the	
  simplest	
  network	
  which	
  minimizes	
  the	
  mean	
  squared	
  error	
  for	
  the	
  
training	
  set	
  and	
  for	
  the	
  valida:on	
  set,	
  while	
  ensuring	
  that	
  these	
  values	
  are	
  close	
  to	
  one	
  
another	
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!   Supervised	
  learning	
  
!   	
  Given	
  data	
  input	
  and	
  output,	
  find	
  an	
  approximate	
  mapping	
  between	
  the	
  two	
  sets	
  
!   Used	
  in	
  staGc	
  and	
  dynamic	
  modeling	
  

!   Reinforcement	
  learning	
  
!   Given	
  an	
  environmental	
  input,	
  generate	
  an	
  output/conduct	
  an	
  acGon,	
  and	
  observe	
  the	
  

environmental	
  response	
  (with	
  an	
  associated	
  cost)	
  
!   Used	
  for	
  finding	
  a	
  minimal	
  cost	
  interacGon	
  strategy	
  (opGmizaGon)	
  
	
  

!   Unsupervised	
  learning	
  
!   Given	
  a	
  set	
  data,	
  idenGfy	
  and	
  assign	
  classificaGons	
  to	
  underlying	
  structures	
  
!   Used	
  in	
  clustering,	
  dimensional	
  reducGon	
  (with	
  preservaGon	
  of	
  similariGes)	
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