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V (x(t)) = E r(t) + r(t +1) + 2 r(t + 2) + | u = g(x)[ ]

Example: Navigation 
– Reward field 
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•  

– Bellman  

•  

–

V* (x) = max
u

E r(x(t), u) + V* (x(t +1))[ ]

(t) = r (t) + V(x(t +1)) V(x(t))

V(x(t)) := (1 )V(x(t)) + (t)

Q(x(t), u(t)) := (1 )Q(x(t), u(t)) + (t)
–  

•

V(t)

(t)

r(t)

x(t)

u(t)
(t)

TD

V (x(t)) = (t)

Q(x(t),u(t)) = (t)

(t) = r(t) + V (x(t +1)) V (x(t))

V (x(t)) = E r(t) + r(t +1) + 2 r(t + 2) +[ ]
–  

–  

•  

– TD  

•

u(t) = argmax
u

Q(x(t),u)

Q(x(t),u) = E[r(x(t),u) + V (x(t +1))]

(Schultz et al. 1993) 
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Morimoto J. and Doya K.: Acquisition of stand-up behavior by a real robot using
hierarchical reinforcement learning. Robotics and Autonomous Systems, 36, 37-51 (2001)

 

• Learn appropriate actions and sub-goals for 
the observed situation. 

– Database initialized with supervised data; 
observes human player. 

– Actions: Right bank shot, left bank shot, 
etc. 

• Learn by adjusting the distance to the query 
point within the database. 

– Data is retrieved using locally weighted 
learning (LWL) techniques. 

– Weights are updated using Q learning 
techniques. 

• Agent receives feedback (reward 
and penalty) while playing. 

Primitive 

Selection

Action 

Generation

Sub-goal

Generation

Learning from 

Observation

Learning from 

Practice

Primitive 

Selection

Action 

Generation

Sub-goal

Generation

Learning from 

Observation

Learning from 

Practice

TEST 

0yen 5yen 0yen -5yen

First TrialSecond TrialThird Trial



•  (SR): 

 

•  (AR): 

•  (LRI): 

•  (LCI): 

Dominant probability=0.8

 (yen)
the amount of money obtained in
6 button pushes 

 (yen)
the amount of money accumulated
from the start transition rule
to the current term

the amount of behavioral changes 
between two 

the degree of learning convergence 
measured as the normalized similarity
between the final button 

•  

  
(LRI and SR) 

•  

 (AR) 

• SMA 

 (LCI) 

Haruno M, Kuroda T, Doya K, Toyama K, Kimura M, Samejima K, Imamizu H, Kawato M: 
A neural correlate of reward-based behavioral learning in caudate nucleus: a functional magnetic
 resonance imaging study of a stochastic decision task. Journal of Neuroscience 24, 1660-1665 (2004)

 
 

 

Action-State Value Function estimated by Q-

algorithm, reproducing Behavioral Decisions 

• Action-stimulus dependent reward prediction 

(ASDRP) estimated by Q-learning algorithm from 

subjects decisions and real rewards 

• Behaviors were well reproduced by Q-model: 92% 

(SD21), 85% (SD32), 73% (SD42) 

• Learning coefficient decayed with trials (RLS) 

Q( fs,bp) = Q( fs,bp)+ t
fs(r Q( fs,bp))



 Task (Yasushi Kobayashi et al.) 
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Upper layer: Q-learning in semi-Markov dynamics 

   of symbols which correspond to forward models 

Bottom layer: continuous RL with value-function 
   approximation derived from sub-goals, which are  

   upper-layer actions 

Collaboration 

with/without 

Symbol 
• Two agents (cart-poles) need to collaborate because 

pole tips are connected by a spring 

• Inference of intension of other agent is necessary 

• With and without direct symbol communication 
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Collaboration when Two Agents 

possess Different Symbols 

• Because of different brain structures, symbol sets 

are different between two agents. 

• From previous inference-learning through 

movement observations, two symbols sets were 

corresponded. 

• Other agent’s symbol is interpreted by one’s own. 

Prisoner’s Dilemma with  

Computer Agents  

 individual differences and forward-model based RL 

Subject chose to cooperate or defect  

by a button press and obtained 

rewards based on the payoff matrix. 

Subject’s task is to learn the strategy 
for agent A and B to maximize their 
rewards. 

Explicit use of agent’s strategy is  

essential for A, while B is identical 

to probabilistic instrumental 

conditioning.

Haruno and Kawato (in preparation) 

Subject Behaviors  

Group1 (8 males and 4 females)  

leaned the optima for both A and B.  

Group2 (8 males and 4 females)  

learned the optima for only B. 

Subject groups (from n=32) Behaviors and reward prediction 

Cumulative reward 

Group 1 and Group 2 are different only  

against agent A (P<0.001), but not against B. 



Differential Correlation with Reward 

Prediction and Reward Prediction Error 

• The STS shows significant difference in  correlation with  

   reward prediction and reward prediction error.  

• This difference persisted against B as well as A.

(P<0.001, uncorrected;  >15 voxels) 


