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Abstract	  
There	   is	   growing	   support	   for	   Temporal	   Difference	  
(TD)	  Learning	  as	  a	  formal	  account	  of	  the	  role	  of	  the	  
midbrain	  dopamine	  system	  and	  the	  basal	  ganglia	  in	  
learning	   from	   reinforcement.	   This	   account	   is	  
challenged,	   however,	   by	   the	   fact	   that	   realisAc	  
implementaAons	  of	  TD	  Learning	  have	  been	  shown	  to	  
fail	  on	  some	  fairly	  simple	  learning	  tasks	  —	  tasks	  well	  
within	   the	   capabiliAes	   of	   humans	   and	   non-‐human	  
animals.	  We	   hypothesize	   that	   such	   failures	   do	   not	  
arise	   from	  natural	   learning	   systems	  because	  of	   the	  
ubiquitous	   appearance	   of	   lateral	   inhibiAon	   in	   the	  
cortex,	   producing	   sparse	   conjuncAve	   internal	  
representaAons	   that	   support	   the	   learning	   of	  
predicAons	  of	  future	  reward.	  We	  provide	  support	  for	  
this	   conjecture	   through	   computaAonal	   simulaAons	  
that	  compare	  TD	  Learning	  systems	  with	  and	  without	  
lateral	   inhibiAon,	   demonstraAng	   the	   benefits	   of	  
sparse	  conjuncAve	  codes	  for	  reinforcement	  learning.	  
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q A	   mechanism	   for	   learning	   sparse	   conjuncAve	   codes	   for	  
the	   agent’s	   sensory	   state	   can	   help	   overcome	   learning	  
problems	  observed	  when	  using	  TD	  Learning	  with	  a	  value	  
funcAon	  approximator.	  

q ArAficial	   neural	   networks	   can	   be	   biased	   toward	  
producing	   sparse	   codes	   over	   their	   hidden	   units	   by	  
including	   a	   process	   akin	   to	   the	   sort	   of	   pooled	   lateral	  
inhibiAon	  that	  is	  ubiquitous	  in	  the	  cerebral	  cortex.	  

q  These	   results	   support	   the	   hypothesis	   that	   the	  
midbrain	   dopamine	   system	   implements	   a	   form	   of	  
TD	  learning,	  and	  observed	  problems	  with	  TD	  Learning	  do	  
n o t	   a r i s e	   i n	   t h e	   b r a i n	   b e c a u s e	   s e n s o r y	  
state	  informaAon	  is	  encoded	  using	  circuits	  that	  make	  use	  
of	  lateral	  inhibiAon.	  

Future	  direcEons:	  
v We	  are	  extending	  this	  work	  by	  applying	  our	  kWTA	  value	  

funcAon	   approximator	   to	   other	   reinforcement	   learning	  
problems	   that	   have	   posed	   difficulAes	   for	   TD	   Learning	  
(“mountain	  car”	  and	  “acrobat”	  control	  problems).	  	  

v The	   brain’s	   hippocampus	   can	   be	   seen	   as	   generaAng	  
sparse	  conjuncAve	  representaAons.	  We	  are	  exploring	  the	  
uAlity	  of	  mechanisms	  like	  those	  theorized	  to	  arise	  in	  the	  
hippocampus	  to	  support	  hierarchically	  organized	  learning	  
tasks.	  

•  The	   midbrain	   dopamine	   (DA)	   system	   is	   essenAal	   for	  
reward-‐based	   learning	   and	   adaptaAon	   to	   the	  
environment.	  

•  Temporal	   Difference	   (TD)	   Learning	   is	   a	   powerful	   class	  
of	   reinforcement	   learning	   algorithms	   which	  
successfully	   describes	   the	   informaAon	   processing	   role	  
of	  DA	  in	  learning.	  
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TD	  SARSA	  Algorithm	  
initialize Q(s,a) arbitrarily; 
for each episode 

 initialize s; 
 choose a from s using policy derived from Q (ε-greedy); 
 while(s != goal or steps# < allowed#) 
  take action a, get reward r, update state to s’; 

  choose a’ from s’ using policy derived from Q; 
  δ = r + γQ(s’,a’) – Q(s,a);  % compute TD error 
  Q(s,a) = Q(s,a) + αδ;  % update value function 
  s = s’, a = a’; 
 end 

end 

The	  Problem	  
Problem:	   SomeAmes	   the	   space	   of	   sensory	   states	   of	   the	  
reinforcement	  learning	  agent	  is	  so	  large	  that	  it	  is	  intractable	  
to	  store	  the	  agent’s	  learned	  value	  (i.e.	  expectaAon	  of	  future	  
reward)	  for	  each	  state	  in	  a	  look-‐up	  table.	  
SoluAon:	  Use	  a	   funcAon	  approximator,	   such	  as	   an	  arAficial	  
neural	   network,	   to	   map	   sensory	   states	   and	   considered	  
acAons	  to	  values,	  encoding	  the	  value	  funcAon	  Q(s,a).	  
Benefits:	  This	  approach	  supports	  generalizaAon	  by	  including	  
a	   bias	   toward	   mapping	   similar	   sensory	   states	   to	  
similar	  predicAons	  of	  future	  reward.	  
Problem:	   When	   a	   funcAon	   approximator	   is	   used	   to	  
encode	   the	   value	   funcAon,	   TD	   learning	   can	   fail,	   even	   on	  
some	  simple	  learning	  tasks.	  
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Our	  Approach	  
v Encode	  the	  state	  of	  the	  agent	  in	  a	  more	  conAnuous	  manner,	  

modeling	   the	   mapping	   from	   sensory	   informaAon	   to	   state	  
representaAon.	  

v Allow	   the	   value	   funcAon	   approximator	   to	   learn	   an	  
appropriate	   sparse	   conjuncAve	   representaAon	   of	   the	   agent	  
state	   (without	   hand-‐wiring	   that	   encoding).	   Such	   a	  
representaAon	   can	   arise	  by	   employing	   a	   k-‐Winners-‐Take-‐All	  
(kWTA)	  mechanism,	  akin	   to	   the	   result	  of	   fast	  pooled	   lateral	  
inhibiAon	  in	  biological	  neural	  networks.	  	  
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Results:	  	  StaEsEcal	  Comparisons	  

Linear BP kWTA
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t(38) = 7.314; p < 0.001  

t(38) = 4.692; p < 0.001  

Success rate = 93.3%  Success rate = 99.0%  Success rate = 99.9%  
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