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O U T L I N E

    INTRODUCTION 

   What mechanism of the brain underlies our flexible 
learning of choice behaviors? According to the theory 
of reinforcement learning ( Sutton and Barto, 1998 ), an 
adaptive agent learns behaviors by repeating the fol-
lowing three steps: 

    1.     Predicting the  value  of each action candidate, or 
option (while the term  option  is commonly used for 
choice candidates in economics, the term  action  is 
generally used in reinforcement learning literature, 
while option often means a higher-level choice of a 
series of actions)  

    2.     Selecting an action with the highest predicted 
value  
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    3.     Updating the value of the action by the difference 
between the prediction and the actual outcome.    

   How can these steps of valuation, action selec-
tion, and prediction-error based learning be realized 
in the brain? Reward-predictive neuron firing has 
been reported from variety of cortical and subcorti-
cal areas, such as the orbitofrontal cortex ( Schultz and 
Dickinson, 2000 ), the prefrontal cortex ( Watanabe, 
1996 ), the parietal cortex ( Dorris and Glimcher, 2004 ; 
 Sugrue  et al ., 2004 ), and the striatum ( Kawagoe  et al ., 
1998 ). Neural firing proportional to reward-prediction 
error has been reported for midbrain dopamine neu-
rons ( Schultz  et al ., 1997 ;  Satoh  et al ., 2003 ;  Bayer 
and Glimcher, 2005 ). Functional brain-imaging 
experiments also report reward-predictive and 
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prediction-error related activities in these areas 
( O’Doherty  et al ., 2004 ;  Haruno and Kawato, 2006 ). The 
striatum receives a rich dopaminergic input and the 
cortico-striatal synapses show dopamine-dependent 
plasticity ( Wickens  et al ., 1996 ;  Reynolds  et al ., 2001 ). 
Based on these observations, we have proposed a 
schematic framework of how the above three steps of 
computation can be realized in the cortico-basal gan-
glia circuit, as depicted in  Figure 26.1    (         Doya, 2000, 
2002, 2007 ;  Daw and Doya, 2006 ). 

   Here we further address the following questions: 

    1.     How are values for different actions evaluated in 
different timescales represented in the striatum?  

    2.     What is the role of the thalamic neurons in action 
selection?  

    3.     How does the dopamine neuron guide learning of 
reward prediction?    

   Based on our own findings and those of others, we 
propose a more elaborate model of value estimation, 
action selection and learning in the cortico-basal gan-
glia circuit.  

    ACTION-VALUE CODING IN 
STRIATAL NEURONS 

   The most popular method in reinforcement learn-
ing is to learn the  action value  

  Q a E r a( ) [ ]� ⏐   (26.1)    
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   which represents the reward  r  (amount      �      probability) 
expected when taking an action  a . If the action val-
ues are learned for all possible actions, the obvious 
choice is to take the action  a  that gives the largest 
action value  Q ( a ). Does the brain use such a method 
and, if so, where in the brain are such action values 
represented?   

   In saccadic eye-movement experiments with mon-
keys, Hikosaka and colleagues showed that firing 
of striatal projection neurons before saccades was 
modulated by the amount of reward the monkey had 
learned to receive following a successful saccade to a 
given visual target ( Kawagoe  et al ., 1998 ). Such action-
specific, reward-predictive activities are reminiscent 
of the action value above. However, their saccade task 
did not involve a choice between multiple action can-
didates; only one target was presented in each trial. 
In order to test how striatal neurons are involved in 
a reward-based free-choice situation, we performed 
recording experiments in which a monkey chose one 
of two possible actions based on the varied probabil-
ity of liquid rewards ( Samejima  et al ., 2005 ). 

   Two macaque monkeys performed a reward-based, 
free-choice task of turning a handle to the left or the 
right. The monkeys held the handle in the center posi-
tion, using their left hand, for a delay period of 1s, and 
then turned the handle to either the left ( a      �       L) or the 
right ( a      �       R). An LED on the selected side was illumi-
nated in either green, notifying a large reward (0.2       ml 
water), or red, notifying a small reward (0.07       ml 
water). The probabilities of receiving a large reward 

 p0120  p0120 

 p0130  p0130 

Cerebral cortex
state/action coding

Striatum
reward prediction

Pallidum
action selection

Dopamine neurons
TD signal

Thalamus

V(s ) Q(s, a )

ActionState

 FIGURE 26.1          (A schematic model of implementation of reinforcement learning in the cortico-basal ganglia circuit (         Doya, 1999, 2000, 2007 )  . 
Based on the state representation in the cortex, the striatum learns the state value and action values. The state-value coding striatal neurons 
project to dopamine neurons, which send the TD signal back to the striatum. The outputs of action-value coding striatal neurons channel 
through the globus gallidus and the thalamus, where stochastic action selection may be realized.    

 f0010  f0010 

CH026.indd   406CH026.indd   406 5/14/2008   1:56:14 PM5/14/2008   1:56:14 PM



IV. UNDERSTANDING VALUATION – LEARNING VALUATIONS

407

GLIMCHER 978-0-12-374176-9 00026

after turns to the left and to the right were fixed dur-
ing a block of 30 to 150 trials, and varied between five 
different trial blocks. In the 90–50 block, for exam-
ple, the probability of a large reward for a left turn 
was 90%, and for a right turn was 50%. In this case, 
by taking the small reward as the baseline ( r      �       0) and 
the large reward as unity ( r      �       1), the left action-value 
 Q  L  was 0.9 and the right action-value  Q  R  was 0.5. Four 
asymmetrically rewarded blocks, 90–50, 50–90, 50–10, 
and 10–50, and one symmetrically rewarded block, 
50–50, were used. An important feature of this block 
design is that the neuronal activity related to action 
value can be dissociated from that related to action 
choice. Suppose a monkey chooses the action with the 
higher action-value after sufficient learning in a given 
trial block. While the monkey would be expected to 
prefer a left turn in both the 90–50 and 50–10 blocks, 
the action value  Q  L  for the left turn differs, at 0.9 and 
0.5 respectively. Conversely, in the 90–50 and 10–50 
blocks, while the monkey’s choice behavior should be 
the opposite (i.e. a left turn in the former and a right 
turn in the latter), the action value  Q  R  remains the 
same at 0.5. Through analysis of choice and reward 
sequences of two monkeys, we verified that the 
action-value based model could predict their choice 
behavior very well. 

   We recorded 504 striatal projection neurons in the 
right putamen and caudate nucleus of the two mon-
keys. Here, we focus on the 142 neurons that displayed 
increased discharges during at least one task event, 
and had discharge rates higher than 1 spike/s during 
the delay period. We compared the average discharge 
rates during the delay period from two asymmetri-
cally rewarded blocks. The comparison was based on 
the trials after the monkeys ’  choices had reached a 
 “ stationary phase ”  during each block, when the choice 
probability was biased toward the action with a higher 
reward probability in more than 70% of trials. In one-
half of the neurons (72/142 in two monkeys), activity 
was modulated by either  Q  L  or  Q  R . For example, the 
delay period discharge rate of some neurons was sig-
nificantly higher in the 90–50 block than in the 10–50 
block, but was not significantly different between 
the 50–10 and 50–90 blocks, for which the preferred 
actions differed. These neurons thus appear to encode 
the left action-value,  Q  L , but not the action or choice 
itself. Other neurons showed significantly different 
discharge rates between the 50–10 block and the 50–90 
block, but there was no significant difference between 
the 10–50 and 90–50 blocks. The firing rates of these 
neurons appear to code the right action-value,  Q  R . 

   Through a multiple regression analysis of neuronal 
discharge rates with  Q  L  and  Q  R  as regressors, we found 
24 (17%)  “  Q  L -type ”  neurons that had a significant 
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regression coefficient to  Q  L  ( t -test,  P       �      0.05) but not 
to  Q  R , 31 (22%)  “  Q  R -type ”  neurons that correlated 
to  Q  R  but not to  Q  L , and 16 (11%) differential action-
value ( “  ∆ -Q-type ” ) neurons that correlated with the 
difference between  Q  L  and  Q  R . One neuron ( � 1%) had 
significant coefficients that correlated to both  Q  L  and 
 Q  R  with the same sign. There were 18 motor-related 
( “ m-type ” ) neurons that had significant  t -values only 
for the action being chosen. However, the discharge 
rates of most action-value neurons (19/24 in the 
 Q  L -type, 24/31 in the  Q  R -type) were not correlated sig-
nificantly with the action being chosen. We concluded 
that, during a delay period before action execution, 
more than one-third of striate projection neurons 
examined (43/142) encoded action values, and that 
60% (43/72) of all the reward value-sensitive neurons 
were action-value neurons. 

   Action-value coding in the striatum may be a core 
feature of information-processing in the basal gan-
glia. The striatum is the primary target of dopamin-
ergic signals which regulate the plasticity (change in 
the strength) of cortico-striatal synaptic transmission 
( Calabresi  et al ., 1996 ;  Reynolds  et al ., 2001 ), conveying 
signals of actions and cognition. Thus, the striatum 
may be the locus where reward value is first encoded 
in the brain. 

   A recent experiment compared action-value and 
chosen-action representations in the dorsal striatum 
and the internal globus pallidus ( Pasquereau  et al ., 
2007 ). These authors found action-value coding in both 
the striatum and the globus pallidus, but the number 
of neurons encoding the chosen action increased in 
the globus pallidus as each trial progressed toward 
the time of action initiation. This finding, along with 
our finding of relatively few action-coding neurons 
in the striatum, favors the view that action selection 
is realized downstream of the basal ganglia ( Doya, 
2000 ;  Watanabe  et al ., 2003 ) rather than in the striatum 
itself ( Houk  et al ., 1995 ;  O’Doherty  et al ., 2004 ). Further 
studies on the neuronal activity before and after action 
selection from different stages of the cortico-basal 
ganglia loop are necessary to clarify where and how 
action selection is realized.  

    SHORT- AND LONG-TERM REWARD 
PREDICTION IN THE STRIATUM 

   In the previous section, we considered the case 
where a reward is given immediately after each action 
choice. In a more general scenario, an action can 
result in a reward after various delays, and thus it is 
not necessarily obvious which of the previous actions 
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is responsible for a given reward. A common way of 
resolving such a  temporal credit assignment problem  is to 
learn to predict the cumulative future rewards in the 
form of the  state value  
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   where state  s  is defined by a sensory cue (or any other 
information that is useful for predicting the future 
outcome), E[] indicates the mean expected value 
under the current policy (state-to-action mapping), 
and  γ  is a parameter called the  temporal discount factor . 
The state value is a measure of the long-term good-
ness of the given state  s  under the current policy; thus 
the increase or decrease in  V ( s ) can be regarded as a 
virtual reward signal. More precisely, the inconsist-
ency in the prediction   

  δ γ( ) ( ) ( ))t r t V s t V t� � � �( )) (s(1   (26.3)    

   is termed the  temporal-difference (TD) error , and this 
can be utilized as the effective reward signal that takes 
into account the delayed rewards ( Sutton and Barto, 
1998 ).   

   The discount factor   γ   defines the temporal focus of 
this cumulative reward prediction: if   γ       �       0, only the 
immediate reward  r ( t ) is considered; if   γ   is set close to 
1, long-delayed rewards are also taken into account. 
In essence,   γ   controls the temporal horizon of future 
reward estimation. The temporal discount factor   γ   
is a critical parameter that determines the character 
of learned behaviors ( Doya, 2002 ) – for example, a 
low setting of   γ   can lead to short-sighted, impulsive 
behaviors. In order to understand the brain’s mecha-
nism for reward prediction at different timescales, and 
its potential mechanism of regulation, we performed 
an fMRI experiment in which subjects learned to 
take small losses in order to acquire subsequent large 
rewards ( Tanaka  et al ., 2004 ). 

   In the  Markov decision task  ( Figure 26.2a   ), one of 
three states is presented to the subject visually, using 
three different figures, and the subject selects one of 
two actions by pressing one of two buttons. For each 
state, the subject’s action affects not only the reward 
given immediately but also the state subsequently 
presented. In the SHORT condition, action  a  1  gives a 
small positive reward  �  r  1  (20 yen average) and action 
 a  2  gives a small negative reward  �  r  1  ( � 20 yen aver-
age) at all three states. The optimal behavior for maxi-
mizing the total outcomes is to collect small positive 
rewards by taking action  a  1  at each state. In the LONG 
condition, while action  a  2  at state  s  3  gives a big bonus 
 �  r  2  (100 yen average), action  a  1  at state  s  1  results in a 
big loss  �  r  2  ( � 100 yen average). The optimal behavior 
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is to receive small negative rewards to obtain a large 
positive reward by taking action  a  2  at each state – the 
opposite to the optimal behavior in the SHORT con-
dition. Thus, in the LONG condition, the subject has 
to select an action by taking into account both the 
immediate reward and the future reward expected 
from the subsequent state, while in the SHORT con-
dition the subject needs to consider only the imme-
diate outcome. In order to remove those vision and 
motor-related brain activities independent of reward 
processing, we introduced the NO reward condition, 
in which the reward was always zero and the subject 
was free to choose any button. 

   We first performed block-design analyses to assess 
the brain areas specifically involved in short- and 
long-term reward prediction. In the statistical com-
parison of brain activities during the SHORT vs NO 
conditions, a significant increase in activity was 
observed in the lateral orbitofrontal cortex (OFC), the 
insula, and the occipitotemporal area (OTA), as well 
as in the striatum, globus pallidus (GP), and medial 
cerebellum. These areas may be involved in reward 
prediction that only takes into account immediate 
outcome. In the LONG vs SHORT contrast, a robust 
increase in activity was observed in the ventrolateral 
PFC (VLPFC), insula, dorsolateral prefrontal cortex 
(DLPFC), dorsal premotor cortex (PMd), inferior pari-
etal cortex (IPC), striatum, globus pallidus, dorsal 
raphe nucleus, lateral cerebellum, posterior cingulate 
cortex, and subthalamic nucleus. These areas are spe-
cifically involved in decision-making based on predic-
tion of reward in multiple steps in the future, which 
was specifically required in the LONG condition 
but not in the SHORT condition. The results of these 
block-design analyses suggest differential involve-
ment of brain areas in predicting immediate and 
future rewards. These results are also consistent with 
a more recent fMRI study using an inter-temporal 
choice task, which found activities in the lateral pre-
frontal and parietal cortex for delayed reward choice 
( McClure  et al ., 2004 ). 

   In order to further clarify the brain structures spe-
cific to reward prediction at different timescales, we 
estimated how much reward the subjects should have 
predicted on the basis of their behavioral data. We 
then used these trial-by-trial predictions to construct 
time-courses as the explanatory variables for a regres-
sion analysis. Specifically, we estimated the time-
courses of reward prediction  V ( s ( t )) and prediction 
error  δ ( t ), as defined in equations        (26.2) and (26.3) , 
from each subject’s performance data. In our Markov 
decision task, the minimum value of   γ   needed to 
find the optimal action in the LONG condition was 
0.36, while any small value of   γ   was sufficient in the 
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SHORT condition. We hypothesized that different 
parts of the brain are specialized for reward predic-
tion at different timescales. Accordingly, we estimated 
 V ( s ( t )) and  δ ( t ) using six different levels of the dis-
count factor (  γ       �       0, 0.3, 0.6, 0.8, 0.9, and 0.99), and 
searched for voxels that had significantly correlated 
time-courses to those explanatory variables. 

   We observed a significant correlation with reward 
prediction  V (s( t )) in the medial prefrontal cortex 
(mPFC) and the bilateral insula ( Figure 26.2b ), the left 
hippocampus, and the left temporal pole (the foremost 
part of the temporal lobe). The activities of the medial 
prefrontal cortex (mPFC), temporal pole, and hip-
pocampus correlated with reward prediction  V ( s ( t )) 
with a longer timescale (  γ       �       0.6). Furthermore, as 
shown in  Figure 26.2b , using graded colors for differ-
ent discount factors   γ   (red for   γ       �       0, blue for   γ       �       0.99), 
a graded map was produced showing activities for 
reward prediction at different timescales in the insula. 
While the activity in the ventromedial part correlated 
with reward prediction at a shorter timescale, the 
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activity of the dorsolateral part correlated with reward 
prediction at a longer timescale. We also found signifi-
cant correlation with reward-prediction error  δ  (t)  with 
a wide range of timescales in the basal ganglia ( Figure 
26.2c ). Again, a graded map was produced, which had 
a short timescale in the ventromedial part and a long 
timescale in the dorsolateral part. 

   The results of the block-design and performance-
based regressor analyses suggest differential involve-
ment of brain areas in action learning by prediction of 
rewards at different timescales. In the insula and the 
anterior striatum, activities were found both in block-
design and performance-based regression analyses. 
The vertical anatomical shifts in the activated locus in 
the SHORT vs NO and LONG vs SHORT contrasts in 
each area are consistent with the ventro-dorsal maps 
of the discount factor   γ   found in the performance-
based regression analysis. Correlation of the striatal 
activity with reward-prediction error  δ ( t ) could be due 
to dopamine-dependent plasticity of cortico-striatal 
synapses ( Reynolds and Wickens, 2002 ). 
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 FIGURE 26.2          Experimental design of the Markov decision task. (a) At the beginning of each trial block, the condition is informed by dis-
playing its character (e.g.  “ SHORT condition ” ). A fixation point is presented on the screen, and after 2 seconds one of three figures (square, 
vertical rectangle, or horizontal rectangle) is presented. As the fixation point vanishes after 1       s, the subject presses either the right or left button 
within 1       s. After a short delay (1       s), a reward for the current action is presented by a number, and the past cumulative reward is shown by a 
bar graph. A single trial takes 6 seconds. The rules of the reward and state transition for actions  a  1  (red arrow) and  a  2  (blue arrow) are shown 
in the SHORT and LONG conditions. The small reward  r  1  is 10, 20, or 30 yen, with equal probability, and the large reward  r  2  is 90, 100, or 110 
yen. The rule of state transition is the same for all conditions;  s  3   →   s  2   →   s  1   →   s  3   …  for action  a  1 , and  s  1   →   s  2   →   s  3   →   s  1   …  for action  a  2.  Although 
the optimal behaviors are opposing (action  a  1  in the SHORT condition and action  a  2  in the LONG condition), the expected cumulative reward 
during one cycle of the optimal behavior is 60 yen in both the SHORT ( � 20      �      3) and the LONG ( � 20      �      20      �      100) conditions. (b) Voxels with a 
significant correlation with reward prediction  V ( t ) in the insular cortex (height threshold of  P       �      0.001, uncorrected; extent threshold 4 voxels). 
(c) Voxels with a significant correlation with reward-prediction error  δ ( t ) in the striatum. Different colors are used for different settings of the 
discount factor:  γ        �       0, red;  γ        �       0.3, orange;  γ        �       0.6, yellow;  γ        �       0.8, green;  γ        �       0.9, cyan;  γ        �       0.99, blue). Note the ventromedial to dorsolateral 
gradient with the increase in  γ  in both the insula and the striatum.        
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   In summary, compared with the control task in 
which subjects simply learned to acquire immediate 
positive rewards, we found enhanced activity in the 
prefrontal, premotor, and parietal cortices, as well 
as in the dorsal striatum, lateral cerebellum, and the 
midbrain including the dorsal raphe nucleus. By 
reinforcement-learning model-based analysis using 
multiple temporal discounting parameters, we found 
a ventral-to-dorsal map of short-to-long timescales 
of reward prediction in the striatum and the insular 
cortex.  

    CENTROMEDIAN THALAMIC 
NEURONS 

   As we mentioned earlier in the chapter, the site 
and the mechanism of value-based action selection 
are still to be investigated. Thus we have examined 
the roles of the thalamo-striate projection in reward 
value-based action selection in the basal ganglia. The 
centromedian/parafascicular (CM/PF) complex of 
the thalamus ( Steriade  et al ., 1997 ) has received little 
attention in the studies of action and cognition; how-
ever, its outputs direct mostly to the putamen and 
caudate nucleus as well as to the medial frontal cor-
tex, and it receives topographically organized inputs 
from the output stations of the basal ganglia as well as 
from the reticular formation, superior colliculus, and 
pedunculo-pontine tegmental nucleus ( Groenewegen 
and Berendse, 1994 ;  Steriade  et al ., 1997 ;  Matsumoto  
et al ., 2001 ;  Takada  et al ., 2001 ;  Smith  et al ., 2004 ). 
There are two representative types of neurons in the 
CM/PF complex: one exhibits increase of their dis-
charges after visual, auditory, and somatosensory 
stimuli at very short latency (SLF), while the other 
exhibits facilitatory responses at long latency 
( � 200       ms, LLF) ( Minamimoto and Kimura, 2002 ; 
 Minamimoto  et al ., 2005 ). SLF neurons are mostly 
located in the PF, while LLF neurons are mostly 
located in the CM ( Matsumoto  et al ., 2001 ). 

   We recorded from LLF neurons in the CM in an 
asymmetrically rewarded GO/NO-GO task in which 
two kinds of visual stimuli were presented, one 
for the GO response and the other for the NO-GO 
response ( Minamimoto  et al ., 2005 ). Performance of 
the requested action, whether GO or NO-GO, was 
rewarded by a large amount of water, while perform-
ance of the other action was rewarded with a small 
amount of water. The action–outcome association was 
then altered in the next block. Monkeys performed 
the large-reward GO trials with shorter reaction 
times than they did the small-reward trials. This indi-
cated that the monkeys assigned higher values to the 
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large-reward actions and prepared for them (biased 
toward the actions). In addition, the rate of error trials, 
such as too long reaction times or initiation of incor-
rect actions, was higher in the small-reward trials. 

   Remarkably, the majority of the LLF neurons exhib-
ited burst discharges selectively after the visual cue 
indicated that the small-reward option would be 
required, while they showed very little activity after 
of the visual cue indicated that the large-reward action 
could be required. This was true regardless of whether 
the action required was GO or NO-GO. The magni-
tude of the activity following small-reward action cues 
became larger, across trials, when the probability of a 
large-reward action cue increased. Thus, the critical 
nature of the activity was its specificity to the small-
reward option among available actions when subjects 
were preparing to choose a large-reward option. These 
results raised the question of whether artificial activa-
tion of CM after a GO request could trigger the com-
plementary process to the GO-action bias. Indeed, we 
found that electrical stimulation of CM after a large-
reward GO request significantly slowed down the 
behavioral response, just as after a GO small-reward 
request. These results suggest a specific participation 
of CM in abolishing bias towards the large-reward 
option, and in pursuing the small-reward action, which 
are complementary processes to the response bias. 

   In this experimental situation, subjects had to com-
plete small-reward trials in order to move on, and 
to obtain large rewards in later trials. Thus, when a 
small-reward instruction occurred a motivational con-
flict arose, because subjects had to perform voluntar-
ily an option they did not want to choose. Response 
bias is not responsible for this situation, but another 
mechanism is necessary to cancel any premature 
motor programming through inhibiting the processes 
of response bias and reinforcing lower-valued but 
required action. 

   A recent study supported the involvement of the 
striato-pallidal system in this process by demonstrat-
ing that neurons encoding the values of chosen actions 
are more dominant and prevalent in the globus pal-
lidus than in the striatum, where neurons dominantly 
encoding the expected reward probabilities of specific 
options of action (action values) are prevalent, irre-
spective of whether the action is to be selected or not 
( Pasquereau  et al ., 2007 ). A subset of neurons in the 
medial frontal cortex was selectively activated when 
saccadic eye movements which had been repeatedly 
triggered based on some rule to one of two previ-
ously rewarded directions were switched to the other 
direction after noticing reversal of action–outcome 
associations ( Isoda and Hikosaka, 2007 ). The neuro-
nal activation began and terminated mostly before the 
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movement onset in trials in which the monkey was 
asked to switch direction. Neurons in the cingulate 
motor area were activated selectively when subjects 
made switches from previously rewarded (but cur-
rently unrewarded) actions to previously unrewarded, 
currently rewarded actions. Further, this action switch 
was impaired by chemical inactivation of the cingu-
late motor area ( Shima and Tanji, 1998 ). Therefore, 
the next critical issue for the studies of reward value-
based decision-making, action selection, and monitor-
ing and evaluation of ongoing or performed actions 
is to understand the roles played specifically by the 
striatum, striato-pallidal system, thalamo-striatal sys-
tem, and medial frontal cortical areas.  

    MOTIVATION AND OUTCOME CODING 
IN DOPAMINE NEURONS 

   Dopamine (DA) neurons in the midbrain have been 
shown to encode prediction errors of probability and/
or of magnitude of reward ( Schultz, 1998 ;  Satoh  et al ., 
2003 ;  Morris  et al ., 2004 ;  Nakahara  et al ., 2004 ) or tim-
ing of expected reward ( Bayer and Glimcher, 2005 ) 
through single-neuron recording experiments in mon-
keys performing behavioral tasks. On the other hand, 
a substantial body of evidence suggests involvement 
of DA systems in the processes of motivation ( Robbins 
and Everitt, 1996 ;  Koepp  et al ., 1998 ;  Salamone and 
Correa, 2002 ;  Wise, 2002 ), and in switching attentional 
and behavioral selections to salient stimuli that under-
lie associative learning ( Spanagel and Weiss, 1999 ; 
 Redgrave  et al ., 1999 ). It has been well documented 
that DA neurons show phasic activations with a wide 
variety of salient stimuli, including novel and high-
intensity stimuli ( Jacobs, 1986 ;  Schultz and Romo, 
1987 ;  Ljungberg  et al ., 1992 ;  Horvitz  et al ., 1997 ). Why 
do DA neurons encode reward expectation errors and 
motivation, and how are these signals integrated with 
the processes of decision-making and learning? We 
addressed these issues by examining the activity of 
DA neurons of monkeys that made a series of behav-
ioral decisions based on trial-specific reward expecta-
tions ( Satoh  et al ., 2003 ). 

   In a multi-step decision and action selection task, 
Japanese Monkeys depressed a start button with their 
hand after the button was illuminated. Three target 
buttons were then simultaneously switched on, and 
the monkeys released the start button and depressed 
one of the illuminated target buttons. If an incorrect 
button was depressed, a low-frequency acoustic tone 
occurred, and the monkeys chose one of the remain-
ing two buttons in the next trial. If the correct button 
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was depressed, a high-frequency tone occurred, and 
a small amount of reward water was delivered. The 
high- and low-tone sounds served as positive and 
negative reinforcers, respectively, following the behav-
ioral decisions. Once the monkeys had identified the 
correct button, the same button was depressed cor-
rectly button in all subsequent trials. The monkeys 
received a reward three times, by selecting the same 
button during three consecutive trials. The trials in 
a single block were therefore divided into two time 
periods: the trial-and-error epoch and the repetition 
epoch. Five types of trials occurred – trials in which 
the monkeys chose the correct button at the first, sec-
ond, or third choice in a single block (N1, N2, and N3, 
respectively) during the trial-and-error epoch, and at 
the first and the second trials during the repetition 
epoch (R1 and R2, respectively). Average probabili-
ties of correct choices in N1, N2, N3, R1, and R2 trials 
were 20%, 50%, 85%, 93%, and 95%, respectively. 

   Following a few months of trials, the monkeys 
were found to be performing N1 trials with the long-
est reaction times and R2 trials with the shortest reac-
tion times, among the five types of trials, after the 
start button had been illuminated. This suggested that 
the monkeys had developed trial type-specific levels 
of reward expectations. Furthermore, errors of reward 
prediction could be estimated – 80% in N1, 50% in N2, 
15% in N3, 7% in R1 and 5% in R2 trials. 

   During these trials, DA neurons exhibited a maxi-
mal increase of discharge rate above their background 
level of 4–5 spikes/s after a positive reinforcer during 
N1 trials with a reward probability of 20%. Responses 
during N2 and N3 trials gradually decreased, and 
those during R1 and R2 trials were so small that it was 
difficult to detect increases of discharge rates above 
the background level. It was found that the magnitude 
of DA neuron responses reflected precisely the errors 
of reward expectation, as shown by an excellent fit of 
estimated values of reward expectation errors (REEs) 
to the DA responses. On the other hand, decrease of 
discharge rate of DA neurons after negative reinforc-
ers exhibited a similar tendency – small responses in 
N1 trials and large responses in R1 and R2 trials – but 
the estimation of DA neuron responses by negative 
REEs was poor. 

   About a half of DA neurons also exhibited trial 
type-dependent activation after appearance of the 
start cue – the lowest in N1 trials and the highest in 
N2 or N3 trials. Thus, the dopamine neuron responses 
to the visual cue instructing the start of each trial had 
a tendency to be small when the reward probability of 
the trial was low, but large when the reward probabil-
ity was high. However, the responses in the trials with 
the highest reward probability ( � 97% in R1 and/or 
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R2 trials) were smaller than those in either N2 or N3 
trials. This was not consistent with previous observa-
tions of DA neuron responses of monkeys perform-
ing classical conditioning ( Fiorillo  et al ., 2003 ) and 
instrumental conditioning paradigms (       Morris  et al ., 
2004, 2006 ). Probably, this was because subjects in our 
multi-step decision and action selection task expected 
rewards not only immediately after current trials but 
also after multi-step trials; this was in contrast to the 
behavioral situations employed in previous studies, in 
which only reward probabilities at current trials were 
predicted. On the other hand, the start cue responses 
could reflect the level of motivation, or willingness, to 
start an individual trial in order to obtain an expected 
reward after the trial. Reaction times of subjects in per-
forming a required action have been used as a meas-
ure of motivational level at individual trials ( Shidara 
 et al ., 1998 ;  Watanabe  et al ., 2001 ;  Kobayashi  et al ., 2002 ; 
 Takikawa  et al ., 2002 ). We recorded the reaction times, 
as well as DA neuron discharges, of monkeys from 
the appearance of the start cue to performance of the 
action. DA neuron responses to the start cue changed 
considerably depending on the subject’s reaction 
time. This suggested that DA neuron responses to the 
start cue are modulated by motivation. Importantly, 
the magnitude of DA neuron responses to the start 
cue was positively correlated with the magnitude of 
responses to the high-frequency tone (positive rein-
forcer) that occurred after a correct choice was made. 

   What is the functional role of the dual coding of 
incentive attribution to the start cue and of REEs in 
reward-based decision-making and learning? One 
possible and fascinating role is modulation of the 
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effectiveness of REEs as a teaching signal by a moti-
vation. For instance, the rate of learning could be 
faster when animals are highly motivated because of 
stronger activation of DA neurons (and thus larger 
amount of DA release) and slower when they are less 
motivated, even at identical REEs, as a consequence 
of an action. This suggests a new and richer model 
for DA neurons as teaching signals in reinforcement 
learning than is currently proposed. It is also consist-
ent with the theory of classical conditioning, in which 
the rate of learning is assumed to be influenced by 
factors such as attention or motivation ( Rescorla and 
Wagner, 1972 ;  Dickinson, 1980 ;  Niv  et al ., 2007 ). From 
a computational point of view, involvement of moti-
vational processes in instrumental conditioning has 
recently been emphasized, and a new model of rein-
forcement learning has been put forward in which DA 
neurons transmit both reward-expectation error and 
impact of motivation ( Dayan and Balleine, 2002 ).  

    CONCLUSION 

    Figure 26.3    is an augmented schematic diagram 
incorporating our findings that LLF neurons in CM 
encode and transmit signals of anti-bias on selection 
mainly to the striatum, and that DA neurons encode 
and transmit signals of REEs, reward value, and 
motivation to the striatum, where adaptive action-
value coding occurs based on the DA neuron signals. 
Reward-predictive and motivational coding of the 
dopamine neurons, as well as the complementary 

 s0060  s0060 

 p0370  p0370 

(+)

Thalamus

VA/VL

CM/PF

(DA neuron)

Striatum

GP/SN

Cerebral cortex

Action/cognition signals

Action values

Reward prediction
error

Reward value
motivation

(�)

(�)

(�)

Anti-bias

DA-dependent plasticity

Reward-bias on selection

 FIGURE 26.3          Schematic diagram showing how 
the basal ganglia encode reward values of external 
signals and actions, and how desirable actions are 
selected. The cortico-basal ganglia loop is composed of 
the cortico-basal ganglia-thalamo-cortical  “ external ”  
loop, and the striato-pallido/nigro-thalamo-striate  
” internal ”  loop. GP/SN, globus pallidus and sub-
stantia nigra; CM/PF, centromedian parafascicular 
nuclei of intralaminar thalamus.    
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activities of the CM thalamic neurons, may facilitate 
the acquisition of action-value coding of the striatal 
neurons. The mapping of multiple timescales in the 
ventro-dorsal axis of the cortico-striatal circuit may 
allow flexible decision-making in light of immediate 
and future costs and benefits.   
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