
3 Global	  vs	  local	  op,miza,on	  
•  We	   illustrate	  here	   the	   importance	  of	  global	  op4miza4on	  by	  comparing	  gradient	  
ascent	   (GA)	   and	   Bayesian	   global	   op4miza4on	   (BGO)	   given	   a	   func4on	   with	   two	  
maxima.	  	  

•  Both	  GA	  and	  BGO	  were	  informed	  with	  the	  same	  ini4al	  value	  placed	  in	  the	  centre	  
of	   the	   interval	   (black	   circle).	   However,	   GA	   (blue	   circle)	   only	   found	   a	   local	  
maximum	  while	  BGO	  (the	  red	  dashed	  line	  shows	  the	  es4ma4on	  and	  the	  red	  circle	  
shows	  the	  maximum)	  found	  the	  global	  maximum.	  	  

2	  Gaussian	  processes	  for	  global	  op,miza,on	  

Gaussian	   processes	   (GP,	   [6])	   represent	   a	   non-‐parametric	   Bayesian	   method	   for	  
approxima4ng	  an	  unknown	  func4on	  under	  the	  assump4on	  of	  smoothness.	  	  

BGO	  is	  an	  op4miza4on	  rou4ne	  based	  on	  GP	  and	  consists	  of	  the	  following	  steps:	  	  

1.  We	   evaluate	   the	   func4on	   in	   a	   set	   of	   ini4al	   points	   (red	   circles)	   and	  
approximate	   the	   resul4ng	  values	  with	  a	  GP	   (whose	  mean	   is	   the	   red	  dashed	  
line	  with	  the	  grey	  area	  indica4ng	  standard	  devia4on).	  	  

2.  Next,	  we	  evaluate	  the	  func4on	  at	  the	  point	  that	  has	  the	  best	  combina4on	  of	  
es4mated	  mean	  and	  variance	  (point	  1)	  instead	  of	  approaching	  the	  maximum	  
of	   the	   es4mated	   mean	   (point	   2),	   as	   in	   a	   gradient	   ascent.	   This	   leads	   to	  
explora4on	   along	   with	   exploita4on,	   exploring	   the	   whole	   space	   even	   when	  
local	  maxima	  have	  already	  been	  found.	  

3.  We	  adjust	   the	  GP	  approxima4on	   including	   the	  new	  point	   and	  find	   the	  next	  
poten4al	   maximum.	   This	   procedure	   is	   repeated	   un4l	   a	   certain	   stopping	  
criterion	  is	  sa4sfied.	  

	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
We	  obtain	  not	  only	  the	  maximum	  but	  also	  an	  approxima4on	  of	  the	  func4on,	  which	  
we	  can	  use	  to	  approximate	  the	  integral	  of	  the	  func4on,	  i.e.,	  the	  evidence.	  	  

4	  Applica,on:	  belief-‐precision	  model	  
The	   belief-‐precision	   model	   deals	   with	   quan44es	   whose	   variability	   exhibits	   4me-‐
varying	   vola4lity.	   It	   describes	   these	   quan44es	   in	   terms	   of	   a	   hierarchy	   of	   coupled	  
Gaussian	  random	  walks	  [7].	  

We	  illustrate	  the	  u4lity	  of	  our	  approach	  by	  applying	  it	  to	  a	  parameter	  es4ma4on	  of	  
the	  belief-‐precision	  model.	  Baseline	  methods:	  MCMC,	  VB,	  and	  a	   local	  op4miza4on	  
method	  (FMIN,	  Nelder-‐Mead	  simplex	  algorithm).	  

We	   systema4cally	   varied	   ground	   truth,	   generated	   noisy	   observa4ons,	   and	   tested	  
across	  1,000	  simula4ons	  how	  well	  the	  different	  methods	  recovered	  the	  true	  values.	  
For	  details	  of	  the	  simula4ons	  see	  companion	  poster	  #	  362	  MT	  [8].	  

	  

	  

	  

	  

	  

	  

	  

	  

Distribu4ons	  of	  es4mates	  of	  the	  parameter	  κ	  by	  different	  methods.	  Boxplots	  for	  all	  
four	  methods	  at	  different	  noise	  levels	  ζ.	  Higher	  ζ	  means	  less	  noise.	  FMIN	  stands	  for	  
local	  op4miza4on,	  GP	  for	  Bayesian	  Global	  Op4miza4on,	  VB	  for	  varia4onal	  Bayes	  and	  
MCMC	  for	  Markov	  chain	  Monte	  Carlo.	  	  

	  

5	  Applica,on:	  dynamic	  casual	  modelling	  
•  BGO	  can	  be	  used	  to	  infer	  the	  parameters	  of	  dynamic	  casual	  models	  (DCMs).	  	  	  

•  We	   use	   varia4onal	   Bayes	   under	   the	   Laplace	   approxima4on	   to	   op4mize	  
parameters	  with	  respect	  to	  the	  nega4ve	  free-‐energy	  using	  BGO	  as	  an	  alterna4ve	  
to	  the	  conven4onal	  Gauss-‐Newton	  gradient	  ascent.	  

•  On	   the	   basis	   of	   the	   synthe4c	  DCM	   above	  we	   found	   in	   an	   ini4al	   analysis	  with	   a	  
reduced	   parameter	   space	   that	   BGO	   gives	   the	   same	   results	   as	   a	   conven4onal	  
gradient	   ascent.	   Furthermore,	   BGO	   provides	   greater	   certainty	   that	   the	   result	   is	  
indeed	  the	  global	  maximum	  since	  it	  is	  a	  global	  op4miza4on	  method.	  

1	  Summary	  
•  Model-‐based	   approaches	   to	   the	   analysis	   of	   neuroimaging	   data	   and	   human	  
behaviour	   have	   become	   increasingly	   powerful	   in	   recent	   years.	   Such	  models	   can	  
provide	  mechanis4c	   insights	   into	   latent	   processes	   that	  may,	   in	   par4cular,	   prove	  
powerful	  for	  dis4nguishing	  between	  different	  groups	  of	  subjects	  [1].	  

•  However,	   the	  es4ma4on	  of	   the	  parameters	  of	   these	  models	  poses	  a	  challenging	  
op4miza4on	   problem.	   Exis4ng	   inference	   methods	   are	   typically	   computa4onally	  
expensive	   (e.g.,	   Markov	   chain	   Monte	   Carlo,	   MCMC,	   [2])	   or	   suscep4ble	   to	   local	  
minima	  (e.g.,	  varia4onal	  Bayes,	  VB,	  [3])	  .	  

•  Bayesian	   global	   op4miza4on	   (BGO,	   [4])	   is	   a	   novel	   op4miza4on	   approach	   that	  
balances	  the	  merits	  of	  sampling	  methods	  and	  varia4onal	   inference.	  In	  this	  study,	  
we	  demonstrate	  the	  u4lity	  of	  BGO	  in	  neuroimaging	  by	  comparing	  it	  to	  MCMC	  and	  
VB	  on	   the	  basis	  of	   synthe4c	  data	   in	  applica4on	  to	  a	  computa4onal	  model	  and	  a	  
dynamic	  causal	  model	  (DCM,	  [5]).	  
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6	  Conclusions	  
•  Bayesian	   global	   op4miza4on	   is	   an	   approach	   that	   can	   be	   usefully	   applied	   to	   the	  
problem	  of	  inference	  on	  computa4onal	  models,	  where	  it	  unfolds	  three	  par4cular	  
strengths.	  

•  First,	   being	   a	   global	   op4miza4on	   method,	   BGO	   can	   deal	   with	   mul4modal	  
problems	  and	  avoids	  maxima	  that	  are	  merely	  local.	  	  

•  Second,	   it	   replaces	   parametric	   assump4ons	   about	   the	   objec4ve	   func4on	   by	  
structural	  constraints	  which	  are	  typically	  less	  restric4ve	  and	  easier	  to	  define.	  

•  Third,	   BGO	   is	   computa4onally	   highly	   efficient,	   especially	   when	   the	   objec4ve	  
func4on	  is	  expensive	  to	  evaluate.	  	  
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