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v  Start	  simple	  à	  NN	  temperature	  control	  of	  the	  RF	  gun	  

	  

Figure	  courtesy	  P.	  Stabile	  
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§  Speed	  of	  communicaFon	  channels	  and	  actuators	  

§  Speed	  of	  adaptaFon	  procedures,	  speed	  of	  NN	  I-‐O	  processing	  

§  Data	  sampling	  rate	  vs.	  execuFon	  speed	  

Number'of'Candidates Property

25 dead'time

12 embedding

55 hidden'layers

10 sampling'rate

10 alternate'model'inputs

112	  candidates	  x	  15-‐fold	  validaFon	  	  
à	  1680	  NN	  to	  train	  
40	  minutes	  to	  train	  (on	  average)	  



Model	  Design:	  What	  is	  Involved	  

v  Design	  training/valida>on/tes>ng	  data	  

v  Determine	  what	  input	  parameters	  to	  include	  

v  Determine	  what	  preprocessing	  is	  needed	  
§  StandardizaFon	  and	  scaling	  range	  (e.g.	  -‐1	  to	  1,	  -‐0.5	  to	  0.5)	  

§  Dimensionality	  reducFon	  (PCA,	  CCA),	  dead-‐Fme	  removal	  (if	  desired)	  

v  Determine	  which	  ac>va>on	  func>ons	  to	  use	  

v  Determine	  an	  appropriate	  sampling	  rate	  for	  the	  inputs	  

v  Find	  the	  appropriate	  lag	  space	  

v  Find	  an	  appropriate	  topology	  
§  number	  of	  hidden	  layers	  

§  number	  of	  nodes	  in	  each	  layer	  

§  interconnecFons	  between	  nodes	  

v  Determine	  which	  training	  algorithm	  to	  use	  (and	  parameters—objec>ve	  func>on,	  learning	  rate,	  etc.)	  

v  Design	  an	  appropriate	  adapta>on	  procedure,	  if	  applicable	  
	  

à	  15-‐fold	  valida>on:	  especially	  important	  if	  re-‐training!	  

à	  For	  a	  NN	  model	  to	  be	  useful	  in	  control,	  also	  need	  to	  keep	  real-‐>me	  implementa>on	  in	  mind	  	  
§  Speed	  of	  communicaFon	  channels	  and	  actuators	  

§  Speed	  of	  adaptaFon	  procedures,	  speed	  of	  NN	  I-‐O	  processing	  

§  Data	  sampling	  rate	  vs.	  execuFon	  speed	  

Number'of'Candidates Property

25 dead'time

12 embedding

55 hidden'layers

10 sampling'rate

10 alternate'model'inputs

112	  candidates	  x	  15-‐fold	  validaFon	  	  
à	  1680	  NN	  to	  train	  
40	  minutes	  to	  train	  (on	  average)	  
47	  days	  
	  



Data	  Obtained	  for	  the	  Ini>al	  Model	  Design	  	  
v  ~24	  hours	  of	  data	  total	  

	  



Data	  Obtained	  for	  the	  Ini>al	  Model	  Design	  	  
v  ~24	  hours	  of	  data	  total	  
v  ~14	  hours	  of	  pseudo-‐random	  input	  (without	  regula>on)	  

	  



Data	  Obtained	  for	  the	  Ini>al	  Model	  Design	  	  
v  ~24	  hours	  of	  data	  total	  
v  ~14	  hours	  of	  pseudo-‐random	  input	  (without	  regula>on)	  
v  ~5	  hours	  with	  changing	  RF	  power	  to	  the	  gun	  (with	  regula>on)	  à	  cavity	  condi>oning	  
	  

	  



Data	  Obtained	  for	  the	  Ini>al	  Model	  Design	  	  
v  ~24	  hours	  of	  data	  total	  
v  ~14	  hours	  of	  pseudo-‐random	  input	  (without	  regula>on)	  
v  ~5	  hours	  with	  changing	  RF	  power	  to	  the	  gun	  (with	  regula>on)	  à	  cavity	  condi>oning	  
v  The	  rest	  is	  steady-‐state	  regula>on	  with	  exis>ng	  controller	  



Closer	  View	  of	  Cavity	  Temperature	  
Data$Obtained$for$the$Cavity$$Cooling$System:$Cavity$Temperature$

Time$Steps$(1$second$each)$
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Highly'Correlated'(Redundant)'Parameters'
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Time'Steps'(1'second'each)'

Model	  Design:	  Input	  Parameter	  Selec>on	  

v  Choose	  parameters	  which	  make	  sense	  a	  priori	  
v  Get	  rid	  of	  redundant	  parameters	  
v  Where	  uncertain,	  inves>gate	  candidate	  models	  with	  15-‐fold	  valida>on	  

Highly'Correlated'(Redundant)'Parameters'
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Highly	  Correlated	  Parameters	  
Highly'Correlated'(Redundant)'Parameters'
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Model	  Design:	  Input	  Parameter	  Selec>on	  

v  Chosen	  Parameters	  
§  Flow	  Control	  Valve	  Sedng	  
§  Heater	  Sedng	  
§  LCW	  Temperature	  
à Cavity	  Temperature	  	  

	  

	  



Model	  Design:	  Input	  Parameter	  Selec>on	  

v  Chosen	  Parameters	  
§  Flow	  Control	  Valve	  Sedng	  
§  Heater	  Sedng	  
§  LCW	  Temperature	  
à Cavity	  Temperature	  	  

v  Other	  candidate	  models	  examined	  
§  Adding	  return	  temperature	  as	  an	  input	  (with	  appropriate	  delay)	  
§  Excluding	  previous	  cavity	  temperatures	  as	  an	  input	  
§  Reducing	  the	  number	  of	  previous	  cavity	  temperatures	  used	  as	  input	  
	  

	  



Model	  Design:	  Input	  Parameter	  Selec>on	  

v  Chosen	  Parameters	  
§  Flow	  Control	  Valve	  Sedng	  
§  Heater	  Sedng	  
§  LCW	  Temperature	  
à Cavity	  Temperature	  	  

v  Other	  candidate	  models	  examined	  
§  Adding	  return	  temperature	  as	  an	  input	  (with	  appropriate	  delay)	  
§  Excluding	  previous	  cavity	  temperatures	  as	  an	  input	  
§  Reducing	  the	  number	  of	  previous	  cavity	  temperatures	  used	  as	  input	  
à Did	  well,	  but	  not	  as	  well	  as	  the	  originally	  proposed	  model	  
	  

	  



Ini>al	  Training,	  Valida>on,	  and	  Tes>ng	  Data	  

Training,(Valida,on,(and(Tes,ng(Data(
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ini,al(

tes,ng(region(

With	  more	  challenging	  	  
test	  data	  to	  follow	  



Model	  Design:	  Variable	  Dead-‐Time	  Removal	  
v  Measurements	  supply	  a	  star>ng	  point	  à	  but	  the	  delays	  vary	  
v  Empirical	  study	  with	  NN	  gives	  an	  op>mal	  solu>on	  
v  25	  candidates	  
v  15-‐fold	  valida>on	  
	  

Refined	  Search	  Rough	  Search	  

Time	  Removed	  [s]	   Time	  Removed	  [s]	  
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Model	  Design:	  Embedding	  Dimension	  

v  12	  candidates	  
v  15-‐fold	  valida>on	  

Number	  of	  Previous	  Time	  Steps	  Used	  as	  Inputs	  
(each	  Fme	  step	  is	  now	  2	  seconds)	  
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Number	  of	  Hidden	  Layers	  and	  Nodes	  
v  55	  candidates	  for	  two-‐layer	  network	  
v  30	  other	  candidates	  (not	  shown):	  recurrent,	  single-‐layer	  

Nodes	  in	  Hidden	  Layer	  1	  
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	  ]	  

Nodes	  in	  Hidden	  Layer	  2	  



Performance	  Over	  Training	  and	  Valida>on	  Set	  

0.0094	  RMSE	  valida>on	  set	  
	  
0.0092	  RMSE	  training	  set	  

Time	  Steps	  [2	  seconds	  each]	  
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Tes>ng	  Regions	  



Tes>ng	  Regions	  

v Region	  1:	  pseudo-‐random	  impulses	  



Tes>ng	  Regions	  

v Region	  1:	  pseudo-‐random	  impulses	  
v Region	  2:	  steady-‐state	  with	  regula>on	  



Tes>ng	  Regions	  

v Region	  1:	  pseudo-‐random	  impulses	  
v Region	  2:	  steady-‐state	  with	  regula>on	  
v Region	  3:	  cavity	  condi>oning,	  slow	  change	  in	  RF	  power	  



Tes>ng	  Regions	  

v Region	  1:	  pseudo-‐random	  impulses	  
v Region	  2:	  steady-‐state	  with	  regula>on	  
v Region	  3:	  cavity	  condi>oning,	  slow	  change	  in	  RF	  power	  
v Region	  4:	  cavity	  condi>oning,	  faster	  change	  in	  RF	  power	  



Performance	  in	  Tes>ng	  Region	  1	  

Time	  Steps	  [2	  seconds	  each]	  
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]	  

0.0100	  RMSE	  



Performance	  in	  Tes>ng	  Region	  2	  

Time	  Steps	  [2	  seconds	  each]	  
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	  [°
C	  
]	  

0.0096	  RMSE	  



Tes>ng	  Regions	  3	  and	  4	  

Changes	  to	  RF	  Power	  RF	  Power	  
(N:PMTR9)	  



Performance	  on	  Tes>ng	  Region	  3	  

Time	  Steps	  [2	  seconds	  each]	  
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]	  

0.0156	  RMSE	  



Time	  Steps	  [2	  seconds	  each]	  
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0.0549	  RMSE	  

Performance	  on	  Tes>ng	  Region	  4	  



Time	  Steps	  [2	  seconds	  each]	  
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0.0549	  RMSE	  

Performance	  on	  Tes>ng	  Region	  4	  



Time	  Steps	  [2	  seconds	  each]	  
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Performance	  on	  Tes>ng	  Region	  4	  



Performance	  on	  Tes>ng	  Region	  4	  with	  Adapta>on	  

Best%I'O%Recurrent%Net:%Performance%in%Transi7on%Region%B%with%Online%Learning%
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0.0099	  RMSE	  



What	  about	  large	  changes	  and	  different	  opera>ng	  regimes?	  

	  
	  



What	  about	  large	  changes	  and	  different	  opera>ng	  regimes?	  

v  Several	  op>ons:	  
	  

§  Online	  adaptaFon	  
v  	  Slow	  and	  potenFally	  unstable	  for	  large,	  rapid	  changes	  
v  	  Loss	  of	  previous	  learning	  
	  
	  



What	  about	  large	  changes	  and	  different	  opera>ng	  regimes?	  

v  Several	  op>ons:	  
	  

§  Online	  adaptaFon	  
v  	  Slow	  and	  potenFally	  unstable	  for	  large,	  rapid	  changes	  
v  	  Loss	  of	  previous	  learning	  
	  

§  Use	  RF	  power	  as	  an	  input	  and	  train	  across	  the	  operaFng	  regimes	  
v  	  Would	  need	  a	  lot	  of	  data	  for	  many	  transiFon	  types	  à	  Fme	  intensive	  +	  likely	  not	  

feasible	  to	  capture	  adequately	  	  
v  	  Likely	  would	  need	  to	  a	  more	  cumbersome	  NN	  structure	  
	  



What	  about	  large	  changes	  and	  different	  opera>ng	  regimes?	  

v  Several	  op>ons:	  
	  

§  Online	  adaptaFon	  
v  	  Slow	  and	  potenFally	  unstable	  for	  large,	  rapid	  changes	  
v  	  Loss	  of	  previous	  learning	  
	  

§  Use	  RF	  power	  as	  an	  input	  and	  train	  across	  the	  operaFng	  regimes	  
v  	  Would	  need	  a	  lot	  of	  data	  for	  many	  transiFon	  types	  à	  Fme	  intensive	  +	  likely	  not	  

feasible	  to	  capture	  adequately	  	  
v  	  Likely	  would	  need	  to	  a	  more	  cumbersome	  NN	  structure	  
	  

§  Train	  several	  NNs	  with	  data	  gathered	  in	  different	  operaFng	  regimes	  
v  	  Can	  switch	  models	  in	  control	  rouFnes	  
v  	  Can	  adapt	  online	  for	  small	  adjustments	  
v  	  Many	  small	  models	  instead	  of	  one	  large,	  potenFally	  problemaFc	  model	  



v  	  Fully	  characterize	  model	  performance	  under	  challenging	  condi>ons	  
§  If	  the	  model	  won’t	  perform	  well,	  a	  model-‐based	  controller	  certainly	  won’t	  
§  Need	  to	  test	  in	  real-‐Fme	  while	  doing	  I-‐O	  though	  ACNET	  
§  Need	  to	  test	  different	  updaFng	  schemes	  
§  Need	  to	  test	  regime-‐switching	  schemes	  
	  

v  Improve	  implementa>on	  of	  control	  script	  in	  Matlab	  
§  Real-‐Fme	  execuFon	  of	  NN,	  I-‐O	  with	  ACNET,	  opFmizaFon	  procedure,	  data	  preprocessing	  
§  Several	  computaFonally	  intensive	  processes	  
à	  tested	  ACNET	  and	  NN	  I-‐O	  previously	  with	  a	  very	  limited	  direct	  inverse	  controller,	  but	  this	  did	  not	  involve	  any	  
updaFng	  or	  opFmizaFon	  rouFnes	  

v  	  Improve	  execu>on	  speed	  for	  Model	  Predic>ve	  Controller	  op>miza>on	  
§  Instantaneous	  linearizaFon	  
§  Different	  algorithm	  

	  

v  Simula>ons	  of	  controller	  performance	  
v  Test	  controller	  output	  only	  
v  Test	  controller	  opera>on	  in	  training	  regime	  
	  
	  
	  

Current	  and	  Next	  Steps	  


