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Supplemental  information:  Adaptive  gain  control  during  human  perceptual  choice     The   following   sections   provide   additional   analyses   providing   further   support   for   the   main   results   described  in  the  article.  All  supplemental  figures  are  linked  to  main  analyses  and  figures.      
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FIGURE  S1  (linked  to  figure  1).    



 



Figure   S1.   A.   Each   panel   shows   the   model   transfer   function   that   maps   input   (DU)   to   output   (DUhat)   under   different  parameterisations  of  x  (inflection  point)  and  σ  (the  shallowness  of  the  non-‐linearity),  plotted  within  
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the  input  and  output  range  -‐1  to  +1.        B.  Folded  decision-‐mapping  rule  relating  the  tilt  of  element  k  (perceptual   variable,   x-‐axis)   to   the   cardinal-‐diagonal   decision   axis   (decision   variable,   y-‐axis).   Left   panel:   the   decision-‐ mapping   rule   follows   a   w-‐shaped   profile   (thick   black   line)   and   crosses   four   category   boundaries   (dashed   lines).   Right  panel:  geometric  representation  of  perceptual  update  PUk  and  decision  update  DUk.  PUk  corresponds  to   the  absolute  difference  in  tilt  between  element  k  and  previous  element  k−1,  shown  as  the  thick  horizontal  line.   By  contrast,  DUk  corresponds  to  the  absolute  amount  of  categorical  evidence  provided  by  element  k  in  isolation,   shown  as  the  thick  vertical  line.  
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SUPPLEMENTARY  SECTION  2  (linked  to  figure  2).     This   section   includes   additional   information   about   the   psychophysical   model,   and   considers   alternative  ways  of  modelling  our  data.     Model  transfer  function.  The  adaptive  gain  model  proposes  that  each  decision  update  passes  through   a  non-‐linear  transfer  function  f:               [eq.  S1]         where   DU   corresponds   to   the   decision   value   update,   xo   corresponds   to   the   point   of   maximal   gain   (inflection  point)  of  the  sigmoid,  and  σ  corresponds  to  the  shallowness  of  the  non-‐linearity  (step-‐like   for  σ  =>  0,  linear  for  σ  =>  ∞).  Figure  S1a  illustrates  how  the  output  mapping  is  modified  for  different   sigma  and  xo  parameter  values.       Maximum   likelihood   fitting.   We   used   maximum   likelihood   estimation   (MLE)   at   the   single-‐subject   level   to   recover   the   parameters   that   allowed   models   defined   by   equations   S4-‐S6   to   best   fit   human   choices   on   each   trial.   For   fitting,   we   used   the   interior-‐point   algorithm   implemented   by   the   fmincon   routine  in  MATLAB.  We  then  compared  static-‐  and  adaptive-‐gain  models  by  leaving  the  learning  rate   α   parameter   fixed   (static)   or   free   (adaptive)   during   maximum   likelihood   estimation,   and   then   computing  the  approximate  Bayesian  Information  Criterion  (BIC)  in  favour  of  the  adaptive-‐gain  model   using  the  following  equation:              BIC  =  −2  (  LLHstatic  −  LLHadaptive  )  -‐  log(  nobs  )                 [eq.  S2]                                   where   nobs   is   the   number   of   observations   for   the   given   subject.   We   used   a   fixed-‐effects   analysis   to   estimate  the  group-‐level  BIC  by  summing  subject-‐level  BIC  values.     Exhaustive   search   model   fitting.   In   addition   to   the   Bayesian   model   fitting   method   described   in   the   main   text,   we   searched   exhaustively   over   different   values   of   the   three   parameters   σ,   β   and   α   for   the   combination   that   minimised   the   mean   squared   error   (MSE)   between   the   fit   to   the   regression   data.   The  range  of  values  included  in  the  search  space  for  α  and  β  was  from  0  in  steps  of  0.1  to  1.  A  1/σ   parameter  was  searched  from  0.1  in  steps  of  0.1  to  2.5.  For  experiment  1  the  best  fitting  parameter   values  were  β  =  0.7,  σ  =  0.63,  and  α  =  0.2  for  the  adaptive  model,  and  β  =  0.5,  σ  =  10,  and  α  =  0    for   the  static  model.  For  experiment  2,  the  best  fitting  parameter  values  were  β  =  0.5,  σ  =  0.71,  and  α  =   0.2  for  the  adaptive  model,  and  β  =  0.4,  σ  =  0.5,  and  α  =  0  for  the  static  model.      
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Ideal   Bayesian   observer   model.     The   task   of   the   observer   was   to   identify   from   which   of   two   generative   distributions   (cardinal   vs.   diagonal)   the   samples   were   drawn.     The   samples   were   drawn   independently  conditioned  on  the  generative  category.    The  optimal  policy  under  these  circumstances   is  to  calculate  the  (scalar)  log-‐likelihood  ratio  associated  with  each  sample,  and  to  integrate  it  linearly,   i.e.   by   summation   (c.f.   Wald   &   Wolfowitz,   1949;   Yang   &   Shadlen,   2007).     Assuming   no   noise   in   the   input   process,   Bayesian   inference   in   our   task   reduces   to   linear   summation   of   the   decision   update   DU.     In   other   words,   the   serial   probability   ratio   test   or   SPRT   reduces   to   a   version   of   the   ‘static’   model   described   in   the   main   text,   for   which   the   transfer   function   is   linear   and   does   not   adapt   over   time.   Variants   of   this   static   model   do   not   predict   the   recency   or   consistency   biases   that   we   observe   in   human  responding,  and  thus  do  not  fit  the  data  well  (see  figure  S2  below).     Our  Gabor  stimuli  were  high-‐contrast  and  clearly  visible.  Nevertheless,  it  may  be  the  case  that  noise   arises   during   the   transfer   of   information   from   perceptual   space   (angle)   to   decision   space   (cardinal-‐ diagonal  continuum).      We  thus  might  want  to  model  noise  at  the  input  level;  in  other  words,  that  we   can   consider   the   input   not   as   a   scalar   (i.e.   DUk)   but   as   a   Gaussian   likelihood   function   over   feature   space  with  mean  DUk  and  standard  deviation  σ  (where,  in  a  population  coding  model,  σ  scales  with   the  tuning  with  of  the  relevant  neurons)  (Fig.  S2A,  left  panel).     Optimal   integration   under   this   framework   relies   on   the   multiplication   of   this   Gaussian   likelihood   function  by  the  prior  belief  following  each  sample,  according  to  Bayes’  rule:       p(d | H) × p(H) p(H | d) = [eq.  S3]   p(d)                 This  yields  an  evolving  posterior  distribution  (Fig.  S2A,  central  panel)  which  can  be  marginalised  over   the   € two   categories   to   yield   a   log-‐likelihood   ratio   following   each   sample,   which   then   guides   choice.     Note  that  because  of  the  perceptual  noise,  the  equivalent  transfer  function  (i.e.  the  log-‐likelihood  of   the  two  categories  given  a  stimulus  at  each  successive  point  in  feature  space)  is  sigmoidal  (Jazayeri   and   Movshon,   2006).   This   is   consistent   with   the   fact   that   nonlinear   transduction   has   been   a   key   feature   of   psychophysical   models   since   the   1960s   (Naka   &   Rushton,   1964),   and   empirically,   both   psychometric  and  neurometric  functions  are  sigmoidal  in  form.     Critically   however,   without   an   additional   adaptive   component,   such   a   model   does   not   predict   the   recency   and   consistency   biases   described   in   the   paper.       Below,   we   plot   regression   coefficients   (sample  weights  and  consistency  weights)  for  this  model  (Fig.  S2B).    There  is  no  difference  in  sample   weighting   as   a   function   of   sequence   position   (p   >   0.1)   nor   do   the   consistency   weights,   on   average,   differ  from  zero  (p  >  0.1).             Population  coding  model.  In  the  main  text  of  the  article  we  focused  on  the  simplest  psychophysical   model  that  accounted  for  the  data.    This  model  has  the  virtue  of  making  relatively  few  assumptions.   However,  the  most  complete  description  of  behaviour  underlying  the  observed  integration  biases  will   be  provided  by  a  biologically  plausible  model,  such  as  a  dynamical  population  coding  model.    In  the    
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section   below   we   outline   a   population   coding   model   which   is   more   complex   than   the   sigmoidal   transfer  function  described  in  the  main  text,  but  offers  increased  biological  plausibility.  We  describe   this  model  here  briefly,  with  minimal  mathematical  detail.    Critically,  the  model  accurately  captures   the  pattern  of  data  described  in  the  manuscript.       Our   population   coding   model   comprises   three   layers:   an   input   layer,   an   integration   layer,   and   a   response  layer  (Fig  S2C).         The   integration   layer   consists   of   100   neurons,   each   integrating   the   activation   of   a   corresponding   neuron   in   the   input   layer.     This   integration   occurs   via   linear   summation   of   input   activity   associated   with   each   of   the   8   samples.     We   assume   no   leak   in   the   summation   process,   because   it   is   unnecessary   to   account   for   the   current   data,   although   of   course   it   would   be   possible   to   add   leak   as   an   extra   parameter.     The   response   layer   consists   of   a   single   neuron   that   compares   the   activation   of   the   50   integration   neurons  favouring  category  A  (e.g.  cardinal)  with  the  50  integration  neurons  favouring  category  B  (e.g.   diagonal).     The   resulting   scalar   quantity   obtained   after   all   8   samples   is   the   decision   variable   on   the   trial,   equivalent   to   ΣDUhat.     Choices   are   made   according   to   whether   this   quantity,   plus   some   zero-‐ mean  Gaussian  decision  noise,  is  greater  or  less  than  zero.       Each   stimulus   s   excites   each   input   neuron   i   to   produce   activation   Ai   according   to   a   Gaussian   tuning   curve   of   mean   µi   and   standard   deviation   σi.     Values   of   µ   span   the   feature   space   from   cardinal   to   diagonal  (i.e.  range  of  DU).     Ai = fi (s) ~ N(µi , σ i )       [eq.  S4]                   After   each   sample,   the   integration   layer   neurons   simply   integrate   input   activation   A   by   summation   to   yield  integrated  activation  K:         dK i = Ai   [eq.  S5]                       The  critical  feature  of  the  model  that  permits  adaptive  gain  control  is  that  the  tuning  profile  (vector  of   values  of  σ)  across  the  input  layer  varies  according  to  the  state  of  the  network.      The  tuning  profile   determines   the   sharpness   of   tuning,   i.e.   the   standard   deviation   of   the   Gaussian   tuning   functions   of   each  input  neuron  across  feature  space.      Here,  for  simplicity,  we  specify  the  tuning  profile  as  a  vector   of   standard   deviations,   with   one   index   for   each   input   neuron   (although   this   could   also   be   implemented  via  lateral  inhibition  from  interneurons  with  connections  to  local  input  neurons).     After  each  sample,  the  tuning  profile  is  adjusted  as  follows:     Q = mn + (−P ⋅ (mx − mn))     [eq.  S6]                
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where   mn   and   mx   are   two   scaling   parameter   that   control   the   minimum   and   maximum   values   of   σ   (here,  we  set  them  to  0.1  and  0.5)  while   Q = σ 1,..., σ n  and   P = K1,..., K n  stand  for  the  standard     deviation   and   integrated   activation   vectors,   respectively.     Thus,   where   the   tuning   profile   takes   on   the   lowest  values,  the  corresponding  input  neuron  has  tall  and  narrow  tuning  functions;  elsewhere,  the   tuning  functions  are  shorter  and  broader.    For  example,  each  trial  may  begin  with  a  tuning  function   that   is   symmetrically   U-‐shaped   across   feature   space.     The   lowest   point   falls   at   DU   =   0,   i.e.   at   the   category   boundary.   This   means   that   information   falling   close   to   the   boundary   will   be   most   discriminable  –  i.e.  processed  with  highest  gain.       The  response  R  is  simply  the  integrated  activation  K  after  8  samples,  multiplied  by  the  corresponding   category  weights:     R = PW Τ + N(0, ξ )     [eq.  S7]                   Where  W  is  a  weighting  vector  with  values  -‐1  for  all  µi  <  0  and  with  values  +1  for  all  µi  >  0,  and  ξ  is  a   free  parameter  encoding  the  standard  deviation  of  zero-‐mean  Gaussian  noise  added  to  this  quantity.   For  the  simulations  below  we  used  ξ  =  1.     In  this  population  model,  the  consistency  and  recency  biases  fall  out  of  a  very  simple  assumption:  that   the   current   state   of   activation   in   the   integration   layer   determines   the   tuning   profile,   and   hence   the   gain   with   which   the   next   sample   is   processed.     In   other   words,   input   neurons   tuning   functions   will   be   sharpest,  and  sensitivity  will  be  greatest,  at  those  points  in  feature  space  for  which  information  has   been  accumulated.    In  other  words,  integration  drives  an  “attention-‐like”  mechanism  that  controls  the   gain  of  input  processing  (presumably  via  control  over  interneurons).    For  simplicity,  we  achieve  this  by   ensuring   that   the   tuning   profile   is   simply   a   (negative)   scaled   version   of   the   activation   in   the   integration  layer.     Intuitively,  it  is  easy  to  see  why  this  happens.    In  Fig.  S2D  we  show  the  pattern  of  activation  in  each   layer,   and   the   change   in   the   tuning   profile,   for   an   artificial   trial   on   which   the   samples   are   initially   drawn  largely  from  category  A,  and  then  from  category  B,  with  a  total  mean  of  zero  (DU  =  [0.2  0.2  0.2   0.2   -‐0.2   -‐0.2   -‐0.2   -‐0.2]).   Early   inputs   (light   grey   lines)   are   accumulated   in   those   integration   neurons   favouring   cardinal   (i.e.   sensitive   to   DUk1  (middle  left  panel).    Thus,  new  information  favouring  category  A  will  be   processed   with   higher   gain   (top   left   panel).     Later   samples   favouring   category   B,   however,   will   be   received  by  neurons  with  broad,  squat  tuning  functions.    This  results  in  the  reduced  activation  evoked   in   the   input   layer   by   later   samples   (dark   grey   lines,   top   right   panel).     Note   that   as   for   the   psychophysical  model,  recency  emerges  because  on  average  (although  not  the  illustrative  trial  here)   the   point   of   maximal   gain   comes   to   converge   with   the   true   mean   of   the   sampling   distribution,   and   so   later  samples  are  more  likely  to  be  more  diagnostic  of  choices.     In  Fig.  S2E  we  show  the  fits  of  the  model  to  the  behavioural  data  obtained  in  experiment  2.  Similar  fits   were   obtained   for   experiment   1.   As   can   be   seen,   the   model   accurately   reproduces   the   consistency   and  recency  biases  described  in  the  paper.    To  achieve  these  fits,  we  adjust  only  the  decision  noise,    
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and   the   scaling   parameter   that   maps   the   integration   layer   onto   the   tuning   profile.     In   other   words,   although   the   population   coding   version   of   the   model   is   more   complex,   it   actually   has   no   more   free   parameters  than  the  psychophysical  model  described  in  the  current  version  of  the  paper.    
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Figure  S2.  Bayesian  ideal  observer  model  and  population  coding  model.  A)  Left  panel:  schematic  illustration   of   the   integration   process   for   a   single   sequence   of   evidence.   Inputs   are   Gaussian   likelihoods   over   feature   space;  different  curves  are  from  successive  samples  (darker  grey=later  samples).  Central  panel:  Posterior  belief     p(H|d)  is  updated  according  to  Bayes’  rule.  Right  panel:  After  each  sample,  the  posterior  is  marginalised  over   categories  DU0  to  produce  a  log-‐likelihood  ratio.  B)  Regression  coefficients  from  a  Bayesian  ideal   observer.   Bars   show   sample   weights   (1-‐8)   and   consistency   weights   (9-‐15)   for   a   model   fit   to   the   input   data   viewed  by  participants  in  exp  2.    Sample  weights  are  not  different  from  one  another  (ANOVA  over  sequence   position,   p   >   0.1),   showing   that   the   model   does   not   predict   recency.     The   consistency   weights   are   not   different   from   zero,   showing   that   the   model   does   not   predict   the   consistency   bias.   C)   Schematic   illustration   of   the   population  coding  model,  comprised  of  input,  integration  and  response  layer.  The  input  layer  is  composed  of   100   neurons,   each   with   a   Gaussian   tuning   function.   These   neurons   are   maximally   tuned   to   equally-‐spaced   positions  in  feature  space  (e.g.  from  cardinal  [-‐1]  to  diagonal  [+1]).    Scalar  inputs  associated  with  each  sample   (i.e.  DUk)  thus  evoke  a  bell-‐shaped  activation  profile  across  the  input  layer.    The  arrows  in  the  integration  layer   indicate  lossless  integration  of  information.  D)  Upper  left:  Profiles  of  activation  across  100  input  neurons  each   maximally   tuned   to   a   different   value   of   DU.     Upper   right:   Activation   across   corresponding   integration   neurons.   Lower  left:    Tuning  profile  (scaled  inverse  of  integration  activity).   Lower  right:    The  output  of  the  model  for  any   given  input  DU.  Note  that  the  gain  function  is  steeper  close  to   -‐0.2  than  +0.2.    For  each  plot,  activity  after  each   sample   is   shown   with   increasingly   darker   greyscale   lines.   E)   Regression   coefficients   from   exp.2   (bars)   with   neural   population   coding   model   predictions   (red   dots),   estimated   using   a   multivariate   logistic   regression   of   choice  against  a  linear  combination  of  factors.  The  first  8  bars/dots  show  coefficients  wk  for  the  eight  sample   decision  updates  (DUk).    The  red  line  is  the  best  linear  fit  to  model  data.  The  next  7  bars/dots  show  consistency   coefficients  wδk  indicating  the  influence  of  disparity  between  samples.  
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 SUPPLEMENTARY  SECTION  3  (linked  to  figure  3).      



Weighting   by   belief-‐compatibility.   An   additional   set   of   predictors   was   constructed   to   reflect   the   interaction   between   decision   information   and   its   consistency   with   the   current   belief   (confirmatory   or   disconfirmatory),   calculated   as   the   agreement   between   DUk   and   the   current   tally   of   evidence.   To   this   end,  we  calculated  a  binary  consistency  vector,  which  we  call  θ(DU)k,  for  each  sample.      The  sign  of   θ(DU)k   depended   on   the   match   between   the   current   sample   DUk   and   the   running   average   of   the   decision  values  viewed  thus  far:                               [eq.  S8]       Additional  regressors  for  each  sample  encoded  the  interaction  between  this  quantity  θ(DU)k  and  the   decision  information  DUk.    The  coefficients  associated  with  these  regressors  reflect  how  information   was   up-‐weighted   (positive   estimates)   or   down-‐weighted   (negative   estimates)   as   a   function   of   its   consistency  with  the  current  belief.     Variable   sequence   length   integration:   In   an   additional   experiment   sixteen   healthy   human   subjects   (with   normal   or   corrected   to   normal   vision   and   aged   between   20   and   30   years;   7   males   9   females)   viewed   a   4   Hz   stream   of   10   (except   catch   trials;   see   below)   full   high   contrast   Gabor   patch   stimulus   (spatial   frequency,   5   cpd)   presented   centrally   and   displayed   inside   a   circular   placeholder   for   a   duration  of  150ms.  On  each  trial  a  category  boundary  was  defined  at  a  random  position  around  the   circle.    Each  sample  (Gabor)  was  associated  with  a  decision  update  (DU)  that  reflected  its  tilt  relative   to   two   circular   (von   Mises)   distributions   with   fixed   concentration   (κ   =   5),   and   a   mean   orientation   that   fell   ±10   or   ±20   degrees   either   side   of   the   category   boundary.   The   two   category   distributions   were   displayed   with   coloured   shading   within   the   circular   placeholder   around   the   stream   of   Gabors,   with   pink  (DU  <  1)  and  blue  (DU  >  1)  regions  schematically  earmarking  the  two  categories  (Fig.  S3E).     The  experiment  consisted  of  4  blocks  of  100  trials.  On  33%  of  trials  (catch  trials),  the  sequence  could   be   halted   at   any   point   (uniform   distribution   over   sample   number),   and   on   those   trials   participants   were   asked   to   estimate   the   tilt   of   the   most   recent   grating   by   turning   a   continuous   dial   (data   not   shown).    On  the  remaining  66%  of  trials,  which  are  the  focus  of  interest  here,  participants  were  asked   to   decide   whether   samples   were   drawn   from   the   blue   or   pink   category   (i.e.   clockwise/counterclockwise   of   the   category   boundary)   with   a   leftwards   or   rightwards   button   press,   receiving   fully   informative   feedback   (a   high   or   low   auditory   tone)   according   to   whether   ΣDU   was   greater  or  less  than  zero.    Responses  were  made  to  a  cue  that  occurred  250ms  after  the  final  sample.   A  feedback  bar  below  the  stimulus  showed  the  number  of  trials  correct  thus  far.  In  this  experiment,   thus,  integration  proceeded  without  participants  being  able  to  anticipate  when  the  sequence  was  to   end.            
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                                                            Figure   S3.  Supplementary   behavioural   results   and   model   predictions.   A)  Static  model  predictions  (lines)  for   experiment  1  (left)  and  experiment  2  (right)  plotted  against  human  data  (circles).  Regression  coefficients  from   behavioural   data   (filled   colour   circles)   are   plotted,   together   with   static   model   predictions   (lines),   estimated   using   a   multivariate   logistic   regression   of   choice   against   a   linear   combination   of   factors.  Blue   dots   and   lines:   sample   coefficients   wk   for   the   eight   sample   decision   updates   (wk).   Green   dots   and   lines:   consistency   coefficients   wδk   indicating   the   influence   of   disparity   between   samples.   Solid   lines   plot   model   predictions   based   on  analytically  derived  parameter  values,  fitting  against  choice  data.  Dashed  lines  plot  model  predictions  based   on  an  exhaustive  search  over  parameter  space,  minimising  the  mean  squared  error  between  behavioural  and   model  parameter  estimates.  Error  bars  indicate  +-‐1  S.E.  B)  Belief  compatibility  regression  analysis.  Regression   coefficients   from   behavioural   data   (filled   colour   circles)   with   adaptive   model   predictions   (lines),   estimated   using   a   multivariate   logistic   regression   of   choice   against   a   linear   combination   of   factors.  Blue   dots   and   lines:   sample   coefficients   (wk)   encoding   of   the   decision   updates   for   each   of   the   eight   samples   (DUk).   Red   dots   and   lines:   inverted   coefficients   for   DUk   ⋅   θ(DU)k,   indicating   the   degree   of   dissimilarity   to   the   current   belief   (Experiment  1:  left,  Experiment  2:  right).  See  below  (‘Weighting  by  belief-‐compatibility)  for  a  full  description  of   this   analysis.   C-‐D)     We   divided   the   data   from   experiments   1   and   2   into   early   (trials   1:200)   and   late   periods   (trials   201:400).   The   regression   analysis   described   in   the   main   article   determining   both   sample   (blue)   and   consistency   (green)   weights   was   performed   on   behavioural   data   from   early   and   late   periods   separately.   Participants   displayed   the   recently   and   consistency   bias   for   both   early   and   late   periods   (Experiment   1:   left,  
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Experiment   2:   right).   E)   Variable   sequence   length   tilt   integration   task.   A   sequence   of   Gabor   patches   was   presented   at   a   rate   of   4   Hz   (150   ms   duration,   100   ms   of   inter-‐sample-‐interval).   Gabor   patches   appeared   inside   a  circular  placeholder  that  displayed  schematically  the  circular  distribution  for  each  category.  Participants  had   to  keep  track  of  the  tilt  of  each  sample  in  addition  to  the  category  (pink  or  blue)  to  which  the  sequence  mean   belonged.   After   termination   of   the   sequence   one   of   two   different   response   prompts   appeared.   For   integration   trials  (“Integration  task”,  bottom  right)  following  the  prompt,  subjects  had  to  report  the  category  (blue  or  pink)   to   which   the   mean   sequence   orientation   belonged.   For   catch   trials   (“Estimation   task”,   bottom   left)   subjects   manually  adjusted  a  black  vertical  line  to  match  the  orientation  of  the  last  sample,  before  receiving  feedback   indicating  the  veridical  sequence  mean  (white  line).  F)  Variable  sequence  length  tilt  integration  results.  The  plot   shows   regression   coefficients   from   behavioural   data   (filled   colour   circles),   together   with   adaptive   model   predictions  (lines),  estimated  using  a  multivariate  logistic  regression  of  choice  against  a  linear  combination  of   factors.  Blue  dots  and  lines:  sample  coefficients  wk  for  the  ten  sample  decision  updates  (wk).  Green  dots  and   lines:  consistency  coefficients  wδk  indicating  the  influence  of  disparity  between  samples.  Solid  lines  plot  model   predictions  based  on  analytically  derived  parameter  values,  fitting  against  choice  data.  Error  bars  indicate  +-‐1   S.E.        



Although   participants   could   not   predict   when   the   sequence   would   end,   the   results   replicate   those   described   in   the   current   manuscript.     We   analysed   the   data   (excluding   catch   trials)   in   the   manner   described   for   experiments   1   and   2.     Participants   showed   a   recency   bias   (t(15)   =   3.66,   p
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FIGURE  S4  (linked  to  figure  4).        



               



        Figure   S4.   Pupil   dilation   in   response   to   perceptual   information.   A.   Regression   coefficients   showing   the   encoding   of   perceptual   information   (PUk)   in   pupil   diameter,   plotted   for   the   time   window   -‐500   to   +2500ms   relative  to  the  onset  of  each  sample,  and  averaged  across  samples  2  –  8.    
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FIGURE  S5  (linked  to  figure  5).    



 



 



Figure   S5.     Supplementary   imaging   data.     A.   Voxels   activated   by   the   main   effect   of   stimulation.     B.   Voxels   activated   by   regressors   parametetrically   encoding   the   absolute   decision   information   in   provided   by   each   sample,   i.e.   |DUk|.     Voxels   were   identified   by   creating   8   regressors,   each   encoding   the   decision   information   provided  by  sample  1-‐8.    The  resulting  coefficient  maps  were  averaged  and  tested  against  zero  at  the  second   (group)   level.   C.  Voxels   activated   by   regressors   parametrically   encoding   the   absolute   difference   in   tilt   between   each  sample  and  its  predecessor  (for  samples  2-‐8).    Analysis  method  as  for  (B).    All  maps  are  shown  rendered   onto  axial  slices  of  the  template  brain  of  the  Montreal  Neurological  Institute  using  an  uncorrected  threshold  of   p  <  0.001.    Tables  1a,  1b  and  1c  show  those  clusters  that  survive  clusterwise  correction  for  multiple  corrections.  
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FIGURE  S6  (linked  to  figure  6).     EEG  regression  analysis.       The   following   analysis   is   based   on   a   previously   published   dataset   (Wyart   et   al.,   2012)   in   which   participants   performed   a   cardinal-‐diagonal   discrimination   task   whilst   undergoing   EEG   recording.     In   this   publication,   we   described   how   DUk   was   encoded   in   EEG   signals   over   the   parietal   cortex,   where   neurons   are   thought   to   encode   sample-‐by-‐sample   decision-‐relevant   information   during   perceptual   categorisation   even   when   it   is   divorced   from   sensory   signal   strength   (O'Connell  et  al.,  2012;  Roitman  and  Shadlen,  2002;  Yang  and  Shadlen,  2007).    We  thus  asked  whether   the  encoding  of  decision  information  DUk  at  parietal  electrodes  in  the  first  hundreds  of  milliseconds   following  its  onset  depended  on  the  difference  to  the  previous  sample  δ(DU)k.  For  this  purpose,  we   applied  the  same  regression  model  described  above  to  explain  pupillary  responses:                   [eq.  S9]       The   results   are   shown   in   Fig.   6   (Main   Article).     As   previously   described   (Wyart   et   al.,   2012),   we   observed  strong  encoding  of  DUk  in  EEG  signals  recorded  over  parietal  electrodes.    However,  encoding   of  DUk  was  weaker  when  sample  k  was  very  dissimilar  in  terms  of  decision  information  from  sample  k-‐ 1  (t(14)  =  4.7,  p  <  0.001).    This  is  revealed  by  plotting  the  average  coefficients  for  the  regressors  DUk  ·∙   δ(DU)k   on   EEG   activity   at   each   time   point   post-‐stimulus   (Fig.   6a)   or   by   plotting   DUk   encoding   for   samples   segregated   by   a   median   split   on   their   similarity   to   the   previous   sample   (Fig.   6b).     These   effects   peaked   at   approximately   500   ms   following   element   k,   and   were   maximal   over   parietal   electrodes   (P3,   Pz,   P4,   POz).     Interestingly,   the   encoding   of   DUk   did   not   depend   significantly   on   the   disparity   in   perceptual   information   between   sample   k   and   k-‐1   (Fig   S6,   supplementary   information),   matching  the  result  obtained  for  pupillary  responses.                                          
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                                              Figure   S6.   EEG   response   to   perceptual   information.   A.   EEG   encoding   timecourse   of   perceptual   information.   Blue  -‐  percpetual  update  PUk.  Green  –  disparity  interaction  PUk  ·∙  δ(DU)k  Curves  display  parameter  coefficients   from   the   multivariate   regression   of  EEG   signal   amplitude   against   a   linear   combination   of   decision   factors   for   the  time  window  -‐200  to  +800ms  relative  to  the  onset  of  each  sample.  Each  curve  reflects  coefficients  averaged   across  samples  2  –  8.  B.  Timecourse  of  perceptual  update  PUk,  divided  into  conditions  of  either  a  small  or  large   shift  in  decision  space  (δ(DU)k)  based  on  the  distance  between  preceding  and  current  sample,  and  divided  on   the   basis   of   a   median   split   on   δ(DU)k.   C.   EEG   encoding   topographies   of   perceptual   information   at   120   ms   following  the  corresponding  element.  Blue  -‐  perceptual  update  PUk.  Green  -‐  disparity  interaction  PUk  ·∙  δ(DU)k.   Large  dots  indicate  occipital  electrodes  of  interest  (O1,  Oz,  O2).  D.  EEG  encoding  topographies  for  PUk  divided   into  conditions  of  either  small  (left)  or  large  (right)  inter-‐item  disparity  across  decision  space,  divided  on  the   basis  of  a  median  split.  Same  conventions  as  in  C.    



    Preprocessing  and  analysis  of  EEG  data.  Details  of  the  acquisition  and  preprocessing  of  EEG  data  for   experiment  3  have  been  described  elsewhere  (Wyart  et  al.,  2012).    Briefly,  EEG  was  obtained  from  32   Ag/AgCl   electrodes   via   a   Neuroscan   Synamps-‐2   system.     Signals   were   filtered   at   between   1   and   40   Hz   and   re-‐referenced   to   the   average   across   the   scalp.     Preprocessing   in   EEGLAB   involved   rejection   of   artifacts  via  visual  inspection  and  ICA,  resulting  in  >500  trials  per  subject.    Cleaned  and  epoched  data   were  imported  to  MATLAB  for  in-‐house  analyses.        We  used  the  same  GLM  approach  as  for  pupil  data.     Timepoint-‐by-‐timepoint   regressions   estimated   coefficients   mapping   decision   information   [DUk   and   DUk   ⋅δ(DUk)]   onto   EEG   signals   aligned   to   the   onset   of   each   sample   at   the   single   trial   level.     These  
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regressions   were   conducted   separately   for   each   the   8   samples,   with   group-‐level   stats   conducted   with   t-‐tests  and  ANOVAs  on  the  resulting  averages.      
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FIGURE  S7  (linked  to  figure  7).                                   Figure   S7.   Supplementary   behavioural   results   and   model   predictions.   Adaptive   model   predictions   for   experiment  4  (four  sample  sequences).  A)  Regression  coefficients  from  behavioural  data  (filled  colour  circles)   are   plotted,   together   with   adaptive   model   predictions   (lines),   estimated   using   a   multivariate   logistic   regression   of   choice   against   a   linear   combination   of   factors.   Blue   dots   and   lines:   sample   coefficients   wk   for   the   eight   sample   decision   updates   (wk).   Green   dots   and   lines:   consistency   coefficients   wδk   indicating   the   influence   of   disparity  between  samples.  Solid  lines  plot  model  predictions  based  on  analytically  derived  parameter  values,   fitting   against   choice   data.   Dashed   lines   plot   model   predictions   based   on   an   exhaustive   search   over   parameter   space,   minimising   the   mean   squared   error   between   behavioural   and   model   parameter   estimates.   Error   bars   indicate   +-‐1   S.E.   B)   Belief   compatibility   regression   analysis.   Blue   dots   and   lines:   sample   coefficients   (wk)   encoding  of  the  decision  updates  for  each  of  the  eight  samples  (DUk).  Red  dots  and  lines:  inverted  coefficients   for  DUk  ⋅  θ(DU)k,  indicating  the  degree  of  dissimilarity  to  the  current  belief.  
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TABLES     TABLE  S1  (linked  to  figure  5).    Voxels  responding  to  the  main  effect  of  stimulation.     STATISTICS:  p-‐values  adjusted  for  search  volume   ==============================================================   cluster  cluster  cluster  voxel   voxel   voxel   voxel   voxel     p(cor)   equivk  p(unc)   p(FWE)  p(FDR)  T   equivZ  p(unc)   x,y,z  {mm}   -‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐   0.000   732   0.000   0.000   0.000    15.01    6.77   0.000    24  -‐94  -‐11           0.000   0.000    11.64    6.14   0.000    45  -‐73    -‐8           0.000   0.000    10.18    5.80   0.000    39  -‐82    -‐8     0.000   2067   0.000   0.000   0.000    13.15    6.45   0.000    30    20      4           0.001   0.000      9.08    5.50   0.000    57    11    25           0.001   0.000      8.94    5.45   0.000    57  -‐37    13     0.000   3634   0.000   0.000   0.000    12.77    6.37   0.000   -‐48  -‐34    49           0.000   0.000    11.87    6.19   0.000   -‐27  -‐91  -‐11           0.000   0.000    11.05    6.01   0.000   -‐54      8    31     0.000   745   0.000   0.000   0.000    10.89    5.97   0.000      0      8    55           0.009   0.000      7.67    5.05   0.000    -‐6    14    43           0.019   0.000      7.26    4.90   0.000      9    20    37     0.000   163   0.000   0.007   0.000      7.80    5.09   0.000   -‐12  -‐19      7           0.065   0.000      6.62    4.66   0.000    15  -‐16      7           0.650   0.001      4.94    3.88   0.000    -‐3  -‐13    -‐5     -‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐    
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Table  S2  (linked  to  figure  5).    Voxels  responding  to  the  decision  update,  i.e.  to  the  parametric  effect   of  |Duk|     STATISTICS:  p-‐values  adjusted  for  search  volume   ==============================================================   cluster  cluster  cluster  voxel   voxel   voxel   voxel   voxel     p(cor)   equivk  p(unc)   p(FWE)  p(FDR)  T   equivZ  p(unc)   x,y,z  {mm}   -‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐   0.000   214   0.000   0.107   0.024      6.35    4.54   0.000      6    17    49     0.000   78   0.000   0.164   0.024      6.05    4.42   0.000    30    29    -‐2     0.000   60   0.000   0.687   0.031      4.88    3.84   0.000   -‐36    23    -‐2     -‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐    
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Table  S3  (linked  to  figure  5).    Voxels  responding  to  the  perceptual  update,  i.e.  to  the  parametric   effect  of  |PUk|     STATISTICS:  p-‐values  adjusted  for  search  volume   ==============================================================   cluster  cluster  cluster  voxel   voxel   voxel   voxel   voxel     p(cor)   equivk  p(unc)   p(FWE)  p(FDR)  T   equivZ  p(unc)   x,y,z  {mm}   -‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐   0.000   141   0.000   0.173   0.087      6.02    4.40   0.000    30  -‐76    -‐5           0.205   0.087      5.90    4.34   0.000    24  -‐88    -‐8           0.396   0.087      5.40    4.11   0.000    18  -‐79    10     0.000   114   0.000   0.363   0.087      5.47    4.15   0.000   -‐24  -‐88    -‐8           0.678   0.098      4.89    3.85   0.000   -‐27  -‐82      7           0.797   0.098      4.68    3.74   0.000   -‐24  -‐88    13     -‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐-‐    
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