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AI and Brain Science
To make intelligent machines by electronics, 
we should not bother biological constraints.

As there’s a superb implementation 
in the brain, we should learn from that.

AI in 20th century: program human expertise
AI in 21st century: learn from big data

Brain-like implementation like Deep Learning
gives the best performance.



Artificial IntelligenceBrain Science

Coevolution in Pattern Recognition

Multi-layer learning
(Amari, 1967) 

Neocognitron
(Fukushima 1980)

ConvNet (Krizhevsky, Sutskever, Hinton, 2012)

GoogleBrain(2012)

Place cell
(O’Keefe 1976) 

Face cell (Bruce, Desimone, Gross 1981)

(Sugaseet al. 1999)
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the stimulus groups monkey, human and shape. The four fine
categories were classifications within the facial stimuli: F1, monkey
identity; F2, monkey expression; F3, human identity; and F4,
human expression. For each category, we calculated the time
course of the transmitted information (Ic) from the number of
spike discharges using a moving time window of 50 ms, and
evaluated significance of information with the x2 test13 (see
Methods).

Figure 2a shows the results of the information analysis for the
responses of the neuron in Fig. 1. The neuron coded ‘significant’
information about all five categories tested. The earliest information
was global (G). Its transmission rate increased rapidly, correspond-
ing to the initial part of the averaged response (beige histogram),
and then decreased. Information regarding F2 (monkey expression)

and F3 (human identity) peaked after the global peak. Once F2
peaked, it declined slowly and lasted during the sustained dis-
charges, whereas global and F3 information fell rapidly from their
peaks before levelling off. F1 (monkey identity) and F4 (human
expression) were encoded at a much lower level than the others. The
response latency of this neuron was 53 ms, and the latencies for the
information about each category were as follows: G, 45; F1, 157; F2,
93; F3, 125; and F4, 125 ms. Thus, the earliest transient discharge
conveyed global information, and the later sustained discharge
encoded one category of the fine information best14.

Of the 86 face-responsive neurons, 11 neurons (13%) did not
encode significant information in any category, 43 (50%) coded
either global or fine category information, and 32 (37%) coded both
categories. To clarify how single neurons encoded both global and
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Figure 1 Responses of a face-responsive neuron. a, Areas of brain examined.

AP0 represents the position of the external auditory meatus; A14, A19, A22 and

A24 represent anterior 14,19, 22 and 24mm, respectively. AMTS, anterior middle

temporal sulcus; STS, superior temporal sulcus. b–d, Response diagrams of a

single neuron for monkey, human and shape stimuli, respectively. Each diagram

consists of a stimulus image, a raster plot of the response and a spike-density

plot, in the first, second and third rows, respectively. The expressionsof 4monkey

models were neutral (A), pout-lips (B), full open-mouthed (C) and mid open-

mouthed (D). Those of 3 human models were neutral (A), happy (B), surprised (C)

and angry (D). The colours of circles and rectangles were red (A), blue (B), green

(C) and pink (D). For the spike-density plot, spikes per ms over all trials were

summed and smoothed with a gaussian filter (s:d: ¼ 10ms). The vertical line in

eachplot indicates the timeof stimulus onset, and the dashed part in the abscissa

indicates the duration of stimulus presentation.
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FIG. 2. Place fields for all place units except 21342 and those from animal 217. 

distributed around the maze. The concentration of fields from the other 
animals in arm B may have reflected the fact that many of the rats spent 
their “free time” in this arm. The fact that the initial search for units 
was conducted there might also have introduced a bias towards units 
active in that area. In any case, it was clear that the majority of fields 
were not located in those places which contained the rewards or other 

FIG. 3. Place fields for place units from animal 217. 

Experience dependence
(Blakemore & Cooper 1970)

RECEPTIVE FIELDS IN CAT STRIATE CORTEX 579
found by changing the size, shape and orientation of the stimulus until a clear
response was evoked. Often when a region with excitatory or inhibitory
responses was established the neighbouring opposing areas in the receptive
field could only be demonstrated indirectly. Such an indirect method is
illustrated in Fig. 3B, where two flanking areas are indicated by using a short
slit in various positions like the hand of a clock, always including the very
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Fig. 3. Same unit as in Fig. 2. A, responses to shinling a rectangular light spot, 1° x 8° ; centre of
slit superimposed on centre of receptive field; successive stimuli rotated clockwise, as shown
to left of figure. B, responses to a 1° x 5° slit oriented in various directions, with one end
always covering the centre ofthe receptive field: note that this central region evoked responses
when stimulated alone (Fig. 2a). Stimulus and background intensities as in Fig. 1; stimulus
duration 1 sec.

centre of the field. The findings thus agree qualitatively with those obtained
with a small spot (Fig. 2a).

Receptive fields having a central area and opposing flanks represented a
common pattern, but several variations were seen. Some fields had long narrow
central regions with extensive flanking areas (Figs. 1-3): others had a large
central area and concentrated slit-shaped flanks (Figs. 6, 9, 10). In many
fields the two flanking regions were asymmetrical, differing in size and shape;
in these a given spot gave unequal responses in symmetrically corresponding

37 PHYSIO. CXL,VIIT) by guest on October 20, 2012jp.physoc.orgDownloaded from J Physiol (

Feature detectors 
(Hubel & Wiesel 1959)

Perceptron
(Rosenblatt 1962)



Brain Science

Co-Evolution: Reinforcement Learning
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Classic conditioning (Pavlov 1903)

Operant conditioning
(Thorndike 1898,
Skinner 1938)

Deep Q network (Mnihet al. 2015)difficult and engaging for human players. We used the same network
architecture, hyperparameter values (see Extended Data Table 1) and
learning procedure throughout—taking high-dimensional data (210|160
colour video at 60 Hz) as input—to demonstrate that our approach
robustly learns successful policies over a variety of games based solely
on sensory inputs with only very minimal prior knowledge (that is, merely
the input data were visual images, and the number of actions available
in each game, but not their correspondences; see Methods). Notably,
our method was able to train large neural networks using a reinforce-
ment learning signal and stochastic gradient descent in a stable manner—
illustrated by the temporal evolution of two indices of learning (the
agent’s average score-per-episode and average predicted Q-values; see
Fig. 2 and Supplementary Discussion for details).

We compared DQN with the best performing methods from the
reinforcement learning literature on the 49 games where results were
available12,15. In addition to the learned agents, we also report scores for
a professional human games tester playing under controlled conditions
and a policy that selects actions uniformly at random (Extended Data
Table 2 and Fig. 3, denoted by 100% (human) and 0% (random) on y
axis; see Methods). Our DQN method outperforms the best existing
reinforcement learning methods on 43 of the games without incorpo-
rating any of the additional prior knowledge about Atari 2600 games
used by other approaches (for example, refs 12, 15). Furthermore, our
DQN agent performed at a level that was comparable to that of a pro-
fessional human games tester across the set of 49 games, achieving more
than 75% of the human score on more than half of the games (29 games;

Convolution Convolution Fully connected Fully connected

No input

Figure 1 | Schematic illustration of the convolutional neural network. The
details of the architecture are explained in the Methods. The input to the neural
network consists of an 84 3 84 3 4 image produced by the preprocessing
map w, followed by three convolutional layers (note: snaking blue line

symbolizes sliding of each filter across input image) and two fully connected
layers with a single output for each valid action. Each hidden layer is followed
by a rectifier nonlinearity (that is, max 0,xð Þ).
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Figure 2 | Training curves tracking the agent’s average score and average
predicted action-value. a, Each point is the average score achieved per episode
after the agent is run with e-greedy policy (e 5 0.05) for 520 k frames on Space
Invaders. b, Average score achieved per episode for Seaquest. c, Average
predicted action-value on a held-out set of states on Space Invaders. Each point

on the curve is the average of the action-value Q computed over the held-out
set of states. Note that Q-values are scaled due to clipping of rewards (see
Methods). d, Average predicted action-value on Seaquest. See Supplementary
Discussion for details.
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TD learning (Bartoet al. 1983)

Reward prediction error coding of
dopamine neurons
(Schultz et al. 1993, 1997)

Dopamine-dependent
synaptic plasticity
(Wickenset al. 2000)

W. SCHULTZ4

fails to occur, even in the absence of an immediately preced-
ing stimulus (Fig. 2, bottom) . This is observed when animals
fail to obtain reward because of erroneous behavior, when
liquid flow is stopped by the experimenter despite correct
behavior, or when a valve opens audibly without delivering
liquid (Hollerman and Schultz 1996; Ljungberg et al. 1991;
Schultz et al. 1993). When reward delivery is delayed for
0.5 or 1.0 s, a depression of neuronal activity occurs at the
regular time of the reward, and an activation follows the
reward at the new time (Hollerman and Schultz 1996). Both
responses occur only during a few repetitions until the new
time of reward delivery becomes predicted again. By con-
trast, delivering reward earlier than habitual results in an
activation at the new time of reward but fails to induce a
depression at the habitual time. This suggests that unusually
early reward delivery cancels the reward prediction for the
habitual time. Thus dopamine neurons monitor both the oc-
currence and the time of reward. In the absence of stimuli
immediately preceding the omitted reward, the depressions
do not constitute a simple neuronal response but reflect an
expectation process based on an internal clock tracking the
precise time of predicted reward.

Activation by conditioned, reward-predicting stimuli
About 55–70% of dopamine neurons are activated by

conditioned visual and auditory stimuli in the various classi-
cally or instrumentally conditioned tasks described earlier
(Fig. 2, middle and bottom) (Hollerman and Schultz 1996;
Ljungberg et al. 1991, 1992; Mirenowicz and Schultz 1994;
Schultz 1986; Schultz and Romo 1990; P. Waelti, J. Mire-
nowicz, and W. Schultz, unpublished data) . The first dopa-
mine responses to conditioned light were reported by Miller
et al. (1981) in rats treated with haloperidol, which increased
the incidence and spontaneous activity of dopamine neurons
but resulted in more sustained responses than in undrugged
animals. Although responses occur close to behavioral reac-
tions (Nishino et al. 1987), they are unrelated to arm and
eye movements themselves, as they occur also ipsilateral toFIG. 2. Dopamine neurons report rewards according to an error in re-

ward prediction. Top : drop of liquid occurs although no reward is predicted the moving arm and in trials without arm or eye movements
at this time. Occurrence of reward thus constitutes a positive error in the (Schultz and Romo 1990). Conditioned stimuli are some-
prediction of reward. Dopamine neuron is activated by the unpredicted what less effective than primary rewards in terms of responseoccurrence of the liquid. Middle : conditioned stimulus predicts a reward,

magnitude and fractions of neurons activated. Dopamineand the reward occurs according to the prediction, hence no error in the
prediction of reward. Dopamine neuron fails to be activated by the predicted neurons respond only to the onset of conditioned stimuli and
reward (right) . It also shows an activation after the reward-predicting stim- not to their offset, even if stimulus offset predicts the reward
ulus, which occurs irrespective of an error in the prediction of the later (Schultz and Romo 1990). Dopamine neurons do not distin-reward ( left ) . Bottom : conditioned stimulus predicts a reward, but the re- guish between visual and auditory modalities of conditionedward fails to occur because of lack of reaction by the animal. Activity of

appetitive stimuli. However, they discriminate between ap-the dopamine neuron is depressed exactly at the time when the reward
would have occurred. Note the depression occurring ú1 s after the condi- petitive and neutral or aversive stimuli as long as they are
tioned stimulus without any intervening stimuli, revealing an internal pro- physically sufficiently dissimilar (Ljungberg et al. 1992;
cess of reward expectation. Neuronal activity in the 3 graphs follows the P. Waelti, J. Mirenowicz, and W. Schultz, unpublishedequation: dopamine response (Reward) Å reward occurred 0 reward pre-

data) . Only 11% of dopamine neurons, most of them withdicted. CS, conditioned stimulus; R, primary reward. Reprinted from
Schultz et al. (1997) with permission by American Association for the appetitive responses, show the typical phasic activations also
Advancement of Science. in response to conditioned aversive visual or auditory stimuli

in active avoidance tasks in which animals release a key to
avoid an air puff or a drop of hypertonic saline (Mirenowicztogether, the occurrence of reward, including its time, must
and Schultz 1996), although such avoidance may be viewedbe unpredicted to activate dopamine neurons.
as ‘‘rewarding.’’ These few activations are not sufficiently
strong to induce an average population response. Thus theDepression by omission of predicted reward
phasic responses of dopamine neurons preferentially report
environmental stimuli with appetitive motivational value butDopamine neurons are depressed exactly at the time of

the usual occurrence of reward when a fully predicted reward without discriminating between different sensory modalities.

J857-7/ 9k2a$$jy19 06-22-98 13:43:40 neupa LP-Neurophys

Value coding in striatum (Samejimaet al. 2005) 

Dopamine TD learning hypothesis
(Bartoet al. 1995, 

Montague et al. 1996)
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Brain Theory Meets Big Data
How the Brain Should Be Working

What the Brain Really Is
Machine Learning is Essential for Both Directions

Top-
down

Bottom
-up

abstract, functional

Computational Models
detailed, biophysical



Three Classes of Machine Learning
Supervised Learning

Input-output pairs {(x1,y1), (x2,y2),…}
→ input-output model y = f(x) + e

for new input x, predict output y
Reinforcement Learning

state-action-reward triplets {(x1,y1,r1), (x2,y2,r2),…}
→ action policy y = f(x) to maximize reward

(unsupervised) Representation Learning
Input data { x1, x2, x3,…}

→ statistical model of P(x)
discover structure behind data
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Cerebellum: Supervised Learning
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Basal Ganglia: Reinforcement Learning

Cerebral Cortex�Unsupervised Learning
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Specialization by Learning Algorithms
(Doya, 1999)



Learning to Walk
(Doya & Nakano, 1985)

Explore actions (cycle of 4 postures)
Learn from performance feedback (speed sensor)



Barto, Sutton, Andersen (1983)



Pendulum Swing-Up
reward function: potential energy

value function V(s)
s =(angle,angular velocity)



Learning to Stand Up
(Morimoto & Doya, 2001)

Learning from reward and punishment
reward: height of the head

punishment: bump on the floor



Markov Decision Process (MDP)
Markov decision process

state s ∈ S
action a ∈ A
policy p(a|s)
reward p(r|s,a)
dynamics p(s’|s,a)

Optimal policy: maximize cumulative reward
finite horizon: E[ r(1) + r(2) + r(3) + ... + r(T)]
infinite horizon: E[ r(1) + gr(2) + g2r(3) + … ]

0≤g≤1: temporal discount factor
average reward: E[ r(1) + r(2) + ... + r(T)]/T, T→∞

environment

reward r

action a

state s

agent



Actor-Critic and TD learning
Actor: policy with parameter w

e.g., a(t) = Sj wjsj(t) + sn(t)

Critic: learn state value function

V(s(t)) = E[ r(t) + gr(t+1) + g2r(t+2) +…]

e.g., V(s(t);v) = Sj vjsj(t)

Temporal Difference (TD) error: 

d(t) = r(t) + g V(s(t+1)) – V(s(t))

Critic learning: DV(s(t)) ∝ d(t)
Dvj = a d(t) sj(t)

Actor learning: Dw ∝ d(t) ¶logP(a(t)|s(t);w)/¶w
Dwj = aa d(t) {a(t)–Sjwjsj(t)} sj(t) … weighted Hebb



SARSA and Q Learning
Action value function

Q(s,a) = E[ r(t) + gr(t+1) + g2r(t+2) …| s(t)=s,a(t)=a]
Action selection

e-greedy: a = argmaxa Q(s,a) with prob 1-e
Boltzman: P(ai|s) = exp[bQ(s,ai)] / Sjexp[bQ(s,aj)]

Update by temporal difference (TD) error
DQ(s(t),a(t)) = a d(t)
SARSA: on-policy

d(t) = r(t) + gQ(s(t+1),a(t+1)) - Q(s(t),a(t))
Q learning: off-policy 

d(t) = r(t) + gmaxa’Q(s(t+1),a’) - Q(s(t),a(t))



SARSA and Q Learning
Cliff walking task (Sutton & Barto, 1998)

consider exploration
optimal greedy policy

6.5. Q-LEARNING: OFF-POLICY TD CONTROL 145

Initialize Q(s, a), 8s 2 S, a 2 A(s), arbitrarily, and Q(terminal-state, ·) = 0

Repeat (for each episode):

Initialize S
Repeat (for each step of episode):

Choose A from S using policy derived from Q (e.g., "-greedy)
Take action A, observe R, S0

Q(S,A) Q(S,A) + ↵[R+ �maxaQ(S0, a)�Q(S,A)]
S  S0

;

until S is terminal

Figure 6.12: Q-learning: An o↵-policy TD control algorithm.

(Figure 3.7). Can you guess now what the diagram is? If so, please do make
a guess before turning to the answer in Figure 6.14.

Reward
per

epsiode
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!25
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Episodes

Sarsa

Q-learning

S G

r = !100

T h e  C l i f f

r = !1 safe path

optimal path

R

R

Figure 6.13: The cli↵-walking task. The results are from a single run, but
smoothed.

Example 6.6: Cli↵ Walking This gridworld example compares Sarsa
and Q-learning, highlighting the di↵erence between on-policy (Sarsa) and o↵-
policy (Q-learning) methods. Consider the gridworld shown in the upper part
of Figure 6.13. This is a standard undiscounted, episodic task, with start and
goal states, and the usual actions causing movement up, down, right, and left.



“Pain-Gain” Task
N states, 2 actions

if r2 >> r1 , then better take a2
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difficult and engaging for human players. We used the same network
architecture, hyperparameter values (see Extended Data Table 1) and
learning procedure throughout—taking high-dimensional data (210|160
colour video at 60 Hz) as input—to demonstrate that our approach
robustly learns successful policies over a variety of games based solely
on sensory inputs with only very minimal prior knowledge (that is, merely
the input data were visual images, and the number of actions available
in each game, but not their correspondences; see Methods). Notably,
our method was able to train large neural networks using a reinforce-
ment learning signal and stochastic gradient descent in a stable manner—
illustrated by the temporal evolution of two indices of learning (the
agent’s average score-per-episode and average predicted Q-values; see
Fig. 2 and Supplementary Discussion for details).

We compared DQN with the best performing methods from the
reinforcement learning literature on the 49 games where results were
available12,15. In addition to the learned agents, we also report scores for
a professional human games tester playing under controlled conditions
and a policy that selects actions uniformly at random (Extended Data
Table 2 and Fig. 3, denoted by 100% (human) and 0% (random) on y
axis; see Methods). Our DQN method outperforms the best existing
reinforcement learning methods on 43 of the games without incorpo-
rating any of the additional prior knowledge about Atari 2600 games
used by other approaches (for example, refs 12, 15). Furthermore, our
DQN agent performed at a level that was comparable to that of a pro-
fessional human games tester across the set of 49 games, achieving more
than 75% of the human score on more than half of the games (29 games;

Convolution Convolution Fully connected Fully connected

No input

Figure 1 | Schematic illustration of the convolutional neural network. The
details of the architecture are explained in the Methods. The input to the neural
network consists of an 84 3 84 3 4 image produced by the preprocessing
map w, followed by three convolutional layers (note: snaking blue line

symbolizes sliding of each filter across input image) and two fully connected
layers with a single output for each valid action. Each hidden layer is followed
by a rectifier nonlinearity (that is, max 0,xð Þ).
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Figure 2 | Training curves tracking the agent’s average score and average
predicted action-value. a, Each point is the average score achieved per episode
after the agent is run with e-greedy policy (e 5 0.05) for 520 k frames on Space
Invaders. b, Average score achieved per episode for Seaquest. c, Average
predicted action-value on a held-out set of states on Space Invaders. Each point

on the curve is the average of the action-value Q computed over the held-out
set of states. Note that Q-values are scaled due to clipping of rewards (see
Methods). d, Average predicted action-value on Seaquest. See Supplementary
Discussion for details.
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Deep Q-Network
(Mnih et al., 2015)

Game screen as input

Experience replay

Fixing the target network
DNN captures important features

human level in 29/49 Atari games

Indeed, in certain games DQN is able to discover a relatively long-term
strategy (for example, Breakout: the agent learns the optimal strategy,
which is to first dig a tunnel around the side of the wall allowing the ball
to be sent around the back to destroy a large number of blocks; see Sup-
plementary Video 2 for illustration of development of DQN’s perfor-
mance over the course of training). Nevertheless, games demanding more
temporally extended planning strategies still constitute a major chal-
lenge for all existing agents including DQN (for example, Montezuma’s
Revenge).

In this work, we demonstrate that a single architecture can success-
fully learn control policies in a range of different environments with only
very minimal prior knowledge, receiving only the pixels and the game
score as inputs, and using the same algorithm, network architecture and
hyperparameters on each game, privy only to the inputs a human player
would have. In contrast to previous work24,26, our approach incorpo-
rates ‘end-to-end’ reinforcement learning that uses reward to continu-
ously shape representations within the convolutional network towards
salient features of the environment that facilitate value estimation. This
principle draws on neurobiological evidence that reward signals during
perceptual learning may influence the characteristics of representations
within primate visual cortex27,28. Notably, the successful integration of
reinforcement learning with deep network architectures was critically
dependent on our incorporation of a replay algorithm21–23 involving the
storage and representation of recently experienced transitions. Conver-
gent evidence suggests that the hippocampus may support the physical

realization of such a process in the mammalian brain, with the time-
compressed reactivation of recently experienced trajectories during
offline periods21,22 (for example, waking rest) providing a putative mech-
anism by which value functions may be efficiently updated through
interactions with the basal ganglia22. In the future, it will be important
to explore the potential use of biasing the content of experience replay
towards salient events, a phenomenon that characterizes empirically
observed hippocampal replay29, and relates to the notion of ‘prioritized
sweeping’30 in reinforcement learning. Taken together, our work illus-
trates the power of harnessing state-of-the-art machine learning tech-
niques with biologically inspired mechanisms to create agents that are
capable of learning to master a diverse array of challenging tasks.

Online Content Methods, along with any additional Extended Data display items
andSourceData, are available in the online version of the paper; references unique
to these sections appear only in the online paper.
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Figure 4 | Two-dimensional t-SNE embedding of the representations in the
last hidden layer assigned by DQN to game states experienced while playing
Space Invaders. The plot was generated by letting the DQN agent play for
2 h of real game time and running the t-SNE algorithm25 on the last hidden layer
representations assigned by DQN to each experienced game state. The
points are coloured according to the state values (V, maximum expected reward
of a state) predicted by DQN for the corresponding game states (ranging
from dark red (highest V) to dark blue (lowest V)). The screenshots
corresponding to a selected number of points are shown. The DQN agent

predicts high state values for both full (top right screenshots) and nearly
complete screens (bottom left screenshots) because it has learned that
completing a screen leads to a new screen full of enemy ships. Partially
completed screens (bottom screenshots) are assigned lower state values because
less immediate reward is available. The screens shown on the bottom right
and top left and middle are less perceptually similar than the other examples but
are still mapped to nearby representations and similar values because the
orange bunkers do not carry great significance near the end of a level. With
permission from Square Enix Limited.
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Deep Q-Net [Mnih et al., 2015]
• DQNは状態行動価値関数𝑄𝜋を深層畳み込み
ニューラルネットワークで近似

• 入力は4枚の時間的に連続したサイズ84x84 の画像
•幾つかのゲームにおいてDQNはプロのゲーム
テスターよりもうまくゲームができた

𝒙

𝑄(𝒙, 𝑎)



AlphaGo (Silver et al., 2016)

Supervised learning from play data

Reinforcement learning by self-play

Representation learning by deep 
neural networks

Shallow, narrow tree search
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sampled state-action pairs (s, a), using stochastic gradient ascent to 
maximize the likelihood of the human move a selected in state s
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∝
∂ ( | )
∂

σp a slog

We trained a 13-layer policy network, which we call the SL policy 
network, from 30 million positions from the KGS Go Server. The net-
work predicted expert moves on a held out test set with an accuracy of 
57.0% using all input features, and 55.7% using only raw board posi-
tion and move history as inputs, compared to the state-of-the-art from 
other research groups of 44.4% at date of submission24 (full results in 
Extended Data Table 3). Small improvements in accuracy led to large 
improvements in playing strength (Fig. 2a); larger networks achieve 
better accuracy but are slower to evaluate during search. We also 
trained a faster but less accurate rollout policy pπ(a|s), using a linear 
softmax of small pattern features (see Extended Data Table 4) with 
weights π; this achieved an accuracy of 24.2%, using just 2 µs to select 
an action, rather than 3 ms for the policy network.

Reinforcement learning of policy networks
The second stage of the training pipeline aims at improving the policy 
network by policy gradient reinforcement learning (RL)25,26. The RL 
policy network pρ is identical in structure to the SL policy network, 

and its weights ρ are initialized to the same values, ρ =  σ. We play 
games between the current policy network pρ and a randomly selected 
previous iteration of the policy network. Randomizing from a pool 
of opponents in this way stabilizes training by preventing overfitting 
to the current policy. We use a reward function r(s) that is zero for all 
non-terminal time steps t <  T. The outcome zt =  ±  r(sT) is the termi-
nal reward at the end of the game from the perspective of the current 
player at time step t: + 1 for winning and − 1 for losing. Weights are 
then updated at each time step t by stochastic gradient ascent in the 
direction that maximizes expected outcome25
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We evaluated the performance of the RL policy network in game  
play, sampling each move ∼ (⋅| )ρa p st t  from its output probability  
distribution over actions. When played head-to-head, the RL policy 
network won more than 80% of games against the SL policy network. 
We also tested against the strongest open-source Go program, Pachi14, 
a sophisticated Monte Carlo search program, ranked at 2 amateur dan 
on KGS, that executes 100,000 simulations per move. Using no search 
at all, the RL policy network won 85% of games against Pachi. In com-
parison, the previous state-of-the-art, based only on supervised 

Figure 1 | Neural network training pipeline and architecture. a, A fast 
rollout policy pπ and supervised learning (SL) policy network pσ are 
trained to predict human expert moves in a data set of positions.  
A reinforcement learning (RL) policy network pρ is initialized to the SL 
policy network, and is then improved by policy gradient learning to 
maximize the outcome (that is, winning more games) against previous 
versions of the policy network. A new data set is generated by playing 
games of self-play with the RL policy network. Finally, a value network vθ 
is trained by regression to predict the expected outcome (that is, whether 

the current player wins) in positions from the self-play data set.  
b, Schematic representation of the neural network architecture used in 
AlphaGo. The policy network takes a representation of the board position 
s as its input, passes it through many convolutional layers with parameters 
σ (SL policy network) or ρ (RL policy network), and outputs a probability 
distribution ( | )σp a s  or ( | )ρp a s  over legal moves a, represented by a 
probability map over the board. The value network similarly uses many 
convolutional layers with parameters θ, but outputs a scalar value vθ(s′) 
that predicts the expected outcome in position s′.
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Figure 2 | Strength and accuracy of policy and value networks.  
a, Plot showing the playing strength of policy networks as a function 
of their training accuracy. Policy networks with 128, 192, 256 and 384 
convolutional filters per layer were evaluated periodically during training; 
the plot shows the winning rate of AlphaGo using that policy network 
against the match version of AlphaGo. b, Comparison of evaluation 
accuracy between the value network and rollouts with different policies. 

Positions and outcomes were sampled from human expert games. Each 
position was evaluated by a single forward pass of the value network vθ, 
or by the mean outcome of 100 rollouts, played out using either uniform 
random rollouts, the fast rollout policy pπ, the SL policy network pσ or 
the RL policy network pρ. The mean squared error between the predicted 
value and the actual game outcome is plotted against the stage of the game 
(how many moves had been played in the given position).
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Model-free/Model-based Strategies
Model-free

No prior knowledge

Learn from experience

state–action–reward

values of states/actions

Simple, but slow learning

Model-based
Internal model of the world

state, action ® new state

state, action ® reward

Mental simulation

hidden state estimation

cope with noisy observation

action planning

find the best action sequence

Flexible, but heavy load



Bounce Up and Balance by PILCO
(Paavo Parmas)

1st try 2nd try 8th try



Reinforcement Learning

Predict reward: value function
V(s) = E[ r(t) + gr(t+1) + g2r(t+2)…| s(t)=s]
Q(s,a) = E[ r(t) + gr(t+1) + g2r(t+2)…| s(t)=s, a(t)=a]

Select action
greedy: a = argmax Q(s,a)
Boltzmann: P(a|s) µ exp[ b Q(s,a)]

Update prediction: TD error
d(t) = r(t) + gV(s(t+1)) – V(s(t))
DV(s(t)) = a d(t)
DQ(s(t),a(t)) = a d(t)

How to implement these steps?

How to tune these parameters?



Basal Ganglia
Locus of Parkinson’s and Huntington’s diseases

What is their normal function??

Striatum

Globus Pallidus

Substantia Nigra

Thalamus
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Dopamine Neurons Code TD Error
d(t) = r(t) + gV(s(t+1)) – V(s(t))

unpredicted

predicted

omitted

(Schultz et al. 1997)

W. SCHULTZ4

fails to occur, even in the absence of an immediately preced-
ing stimulus (Fig. 2, bottom) . This is observed when animals
fail to obtain reward because of erroneous behavior, when
liquid flow is stopped by the experimenter despite correct
behavior, or when a valve opens audibly without delivering
liquid (Hollerman and Schultz 1996; Ljungberg et al. 1991;
Schultz et al. 1993). When reward delivery is delayed for
0.5 or 1.0 s, a depression of neuronal activity occurs at the
regular time of the reward, and an activation follows the
reward at the new time (Hollerman and Schultz 1996). Both
responses occur only during a few repetitions until the new
time of reward delivery becomes predicted again. By con-
trast, delivering reward earlier than habitual results in an
activation at the new time of reward but fails to induce a
depression at the habitual time. This suggests that unusually
early reward delivery cancels the reward prediction for the
habitual time. Thus dopamine neurons monitor both the oc-
currence and the time of reward. In the absence of stimuli
immediately preceding the omitted reward, the depressions
do not constitute a simple neuronal response but reflect an
expectation process based on an internal clock tracking the
precise time of predicted reward.

Activation by conditioned, reward-predicting stimuli
About 55–70% of dopamine neurons are activated by

conditioned visual and auditory stimuli in the various classi-
cally or instrumentally conditioned tasks described earlier
(Fig. 2, middle and bottom) (Hollerman and Schultz 1996;
Ljungberg et al. 1991, 1992; Mirenowicz and Schultz 1994;
Schultz 1986; Schultz and Romo 1990; P. Waelti, J. Mire-
nowicz, and W. Schultz, unpublished data) . The first dopa-
mine responses to conditioned light were reported by Miller
et al. (1981) in rats treated with haloperidol, which increased
the incidence and spontaneous activity of dopamine neurons
but resulted in more sustained responses than in undrugged
animals. Although responses occur close to behavioral reac-
tions (Nishino et al. 1987), they are unrelated to arm and
eye movements themselves, as they occur also ipsilateral toFIG. 2. Dopamine neurons report rewards according to an error in re-

ward prediction. Top : drop of liquid occurs although no reward is predicted the moving arm and in trials without arm or eye movements
at this time. Occurrence of reward thus constitutes a positive error in the (Schultz and Romo 1990). Conditioned stimuli are some-
prediction of reward. Dopamine neuron is activated by the unpredicted what less effective than primary rewards in terms of responseoccurrence of the liquid. Middle : conditioned stimulus predicts a reward,

magnitude and fractions of neurons activated. Dopamineand the reward occurs according to the prediction, hence no error in the
prediction of reward. Dopamine neuron fails to be activated by the predicted neurons respond only to the onset of conditioned stimuli and
reward (right) . It also shows an activation after the reward-predicting stim- not to their offset, even if stimulus offset predicts the reward
ulus, which occurs irrespective of an error in the prediction of the later (Schultz and Romo 1990). Dopamine neurons do not distin-reward ( left ) . Bottom : conditioned stimulus predicts a reward, but the re- guish between visual and auditory modalities of conditionedward fails to occur because of lack of reaction by the animal. Activity of

appetitive stimuli. However, they discriminate between ap-the dopamine neuron is depressed exactly at the time when the reward
would have occurred. Note the depression occurring ú1 s after the condi- petitive and neutral or aversive stimuli as long as they are
tioned stimulus without any intervening stimuli, revealing an internal pro- physically sufficiently dissimilar (Ljungberg et al. 1992;
cess of reward expectation. Neuronal activity in the 3 graphs follows the P. Waelti, J. Mirenowicz, and W. Schultz, unpublishedequation: dopamine response (Reward) Å reward occurred 0 reward pre-

data) . Only 11% of dopamine neurons, most of them withdicted. CS, conditioned stimulus; R, primary reward. Reprinted from
Schultz et al. (1997) with permission by American Association for the appetitive responses, show the typical phasic activations also
Advancement of Science. in response to conditioned aversive visual or auditory stimuli

in active avoidance tasks in which animals release a key to
avoid an air puff or a drop of hypertonic saline (Mirenowicztogether, the occurrence of reward, including its time, must
and Schultz 1996), although such avoidance may be viewedbe unpredicted to activate dopamine neurons.
as ‘‘rewarding.’’ These few activations are not sufficiently
strong to induce an average population response. Thus theDepression by omission of predicted reward
phasic responses of dopamine neurons preferentially report
environmental stimuli with appetitive motivational value butDopamine neurons are depressed exactly at the time of

the usual occurrence of reward when a fully predicted reward without discriminating between different sensory modalities.
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Dopamine-dependent Plasticity
Medium spiny neurons in striatum

glutamate from cortex

dopamine from midbrain

Three-factor learning rule (Wickens et al.)

cortical input + spike ® LTD

cortical input + spike + dopamine ® LTP
input x output x reward

Time window
of plasticity
(Yagishita et al., 2014)

two-photon uncaging. For optogenetic stimu-
lation of dopaminergic fibers, a Cre-dependent
adeno-associated virus (AAV) vector expressing
channelrhodopsin-2 (ChR2) was injected into
the ventral tegmental area (VTA) of DAT-Cremice

expressing Cre specific to dopaminergic neurons
(Fig. 1Aand fig. S1). Thedirectpathway–constituting
MSNs, which mainly express dopamine 1 recep-
tors (D1Rs) (13), were labeled by an AAV vector
with a specific promoter for D1R-MSNs (Fig. 1A

and fig. S1). In acute coronal slices, including
the nucleus accumbens (NAc) core, whole-cell
recordingswere obtained from the identifiedD1R-
MSNs. Dendritic spines were visualized by means
of two-photon microscopy (980 nm) detecting
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Fig. 2. Pharmacology
of spine enlargement
induced by STDP plus
DAopto with a 0.6-s
delay. (A) Time
courses of spine
enlargement induced
by STDP + DAopto with
a 0.6-s delay in the
absence (control, 24
spines, 7 dendrites)
and presence of
NMDAR antagonist
(50 mM D-AP5, 22 spines, 6 dendrites), CaMKII inhibitor (3 mM KN62, 23 spines, 6 dendrites), or protein synthesis inhibitor (5 mM
anisomycin, 25 spines, 6 dendrites). (B) Time courses of spine enlargement in the presence of D1R antagonist (3 mM SCH23390, 23 spines, 6
dendrites), D2R antagonist (10 mM sulpiride, 22 spines, 6 dendrites), or PKA inhibitor (10 mM PKI, in the pipette, 24 spines, 6 dendrites). (C) Time
courses of spine enlargement in the presence of inhibitory (100 mM, in the pipette, 24 spines, 6 dendrites) or control peptide for DARPP-32 (100 mM, in
the pipette, 24 spines, 6 dendrites). (D) Averaged volume changes in the absence and presence of the compounds. Data are presented as mean T

SEM. P = 3.4 × 10−6 with Kruskal-Wallis and *P = 0.023 (AP5), 0.023 (KN62), 0.037 (AIP) (fig. S5A), 0.023 (anisomycin), 0.035 (SCH23390), 0.023 (PKI),
0.037 (KT5720) (fig. S5A), and 0.023 (DARPP-32 inhibitory peptide) with Steel test.

Fig. 1. A temporal profile of dopamine actions on spine enlargement. (A)
Injection of AAV vectors for ChR2 and the D1R-MSN marker (PPTA-mCherry)
in 3-week-old DAT-Cre mice. (B) Selective stimulation of dopaminergic and
glutamatergic inputs by means of blue laser field irradiation to ChR2 and two-
photon uncaging of caged-glutamate at a single spine, respectively, in acute
slices of NAc obtained from 5- to 7-week-old mice. (C) An amperometric
measurement of dopamine (top) by carbon-fiber electrode and whole-cell
recording of glutamate-induced current (bottom, 2pEPSP) in identified
D1R-MSNs. (D) An STDP protocol with dopamine puff application. (E) Im-
ages of the dendritic spine (red arrowhead) that received STDP stimulation
in the presence of dopamine (100 mM). (F and G) Time courses of spine
enlargement in the presence [(F), 13 spines, 4 dendrites] and absence of

dopamine [(G), 58 spines, 14 dendrites]. (H) Amplitudes of spine enlarge-
ments with or without dopamine. **P = 0.0041 by Mann-Whitney U test. (I)
STDP with repetitive activation of dopaminergic fibers containing ChR2 (blue
lines) at 30 Hz, 10 times (DAopto). (J) Images of the dendritic spine (arrow-
head) that received STDP + DAopto with a delay of 1 s. (K to M) Time courses
of spine enlargement induced by STDP + DAopto at 1 s [(K), 48 spines, 14 den-
drites], –1 s [(L), 20 spines, 5 dendrites] and 5 s [(M), 28 spines, 7 dendrites]
after STDP onset. (N) Timings of DAopto application. (O) Increases in spine
volumes by STDP + DAopto plotted versus DAopto delay (fig. S2, A to C). Data are
presented as mean T SEM. P = 4.2 × 10−6 with Kruskal-Wallis and **P = 0.0018
(0.6 s) and 0.0027 (1 s) by Steel test in comparison with STDP in the absence
of DAopto. Scale bars, 1 mm.
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slices of NAc obtained from 5- to 7-week-old mice. (C) An amperometric
measurement of dopamine (top) by carbon-fiber electrode and whole-cell
recording of glutamate-induced current (bottom, 2pEPSP) in identified
D1R-MSNs. (D) An STDP protocol with dopamine puff application. (E) Im-
ages of the dendritic spine (red arrowhead) that received STDP stimulation
in the presence of dopamine (100 mM). (F and G) Time courses of spine
enlargement in the presence [(F), 13 spines, 4 dendrites] and absence of
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ments with or without dopamine. **P = 0.0041 by Mann-Whitney U test. (I)
STDP with repetitive activation of dopaminergic fibers containing ChR2 (blue
lines) at 30 Hz, 10 times (DAopto). (J) Images of the dendritic spine (arrow-
head) that received STDP + DAopto with a delay of 1 s. (K to M) Time courses
of spine enlargement induced by STDP + DAopto at 1 s [(K), 48 spines, 14 den-
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Basal Ganglia for Reinforcement Learning?
(Doya 2000, 2007)

Cerebral cortex

state/action coding

Striatum

reward prediction

Pallidum

action selection

Dopamine neurons

TD signal

Thalamus

d

V(s) Q(s,a)

state action



Fixed and Free Choice Task
(Ito & Doya, 2015, J Neuroscience)
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Cue tone
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Dorsolateral

Dorsomedial

Ventral

C R

C R

Neural Activity in the Striatum
(Ito & Doya, 2015)



State/Action/Reward Coding
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Generalized Q-learning Model
(Ito & Doya, 2009)

Action selection
P(a(t)=L) = expQL(t)/(expQL(t)+expQR(t))

Action value update: i∈{L,R}
Qi(t+1) = (1-a1)Qi(t) + a1k1 if a(t)=i, r(t)=1

(1-a1)Qi(t) - a1k2 if a(t)=i, r(t)=0
(1-a2)Qi(t) if a(t)≠i, r(t)=1
(1-a2)Qi(t) if a(t)≠i, r(t)=0

Parameters
a1: learning rate
a2: forgetting rate
k1: reward reinforcement
k2: no-reward aversion
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Action/State Values in Striatum
(Ito & Doya, 2015)
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very sparsely innervated. The dopaminergic A8 and
A10 cell groups project predominantly dorsolaterally and
ventromedially, respectively, whereas the A9 cell group
reaches a broad intermediary striatal zone, with domi-
nance dorsally [31]. This dorsolateral-to-ventromedial
gradient in input pathways is also reflected by the results
of unit recordings in awake animals, showing strong sen-
sorimotor correlates in the dorsolateral sector and a more
direct relationship with reward ventromedially [32,33].

Similar to the inputs, the striatal outputs are arranged
largely in a parallel, dorsolateral-to-ventromedial fashion,
reaching primarily pallidal and nigral structures [20,34].
The arrangement of striatal projections to the substantia
nigra follows an inverted topography: dorsolateral areas
project most ventrolaterally in the substantia nigra pars
reticulata whereas successively more ventromedial stri-
atal areas reach more dorsomedial parts of the nigra [35].
In line with this topography, themost ventromedial part of

Figure 3. Cortical and thalamic inputs to the striatum distribute in dorsomedial-to-ventrolateral zones. The topographical arrangement of striatal afferents originating in
the frontal cortex (upper left), midline and intralaminar thalamic nuclei (upper right), basal amygdaloid complex (lower left) and hippocampal formation (lower right) are
illustrated. All these excitatory striatal afferent projections are strictly topographically organized. Thus, longitudinal striatal zones with a slightly oblique dorsomedial-to-
ventrolateral orientation receive converging inputs from specific cortical areas that are, in turn, mostly interconnected through corticocortical fibers [29]. Frontal cortical
areas and their corresponding striatal projection zones are shown in the same colors. The dorsolateral striatum receives somatotopically organized sensorimotor infor-
mation [68] (green), the most ventromedial part of the striatum collects viscerolimbic cortical afferents (red and pink), and striatal areas between these extremes receive
information from higher associational cortical areas [28,29] (blue and purple). Note that the topographical organization in the corticostriatal projections is the leading
organizational principle, but thalamic and amygdaloid afferents nicely match this functional–anatomical organization. In the figure, the individual midline and intralaminar
nuclei (upper right) are identified with different colors that match those used for the frontal cortical areas and the striatal zones to which they project. Thus, the midline
paraventricular nucleus (red and pink), belonging to a group of viscerolimbic midline thalamic nuclei, projects to the ventromedial striatum [63]. At the other extreme, the
posterior and lateral intralaminar thalamic nuclei (green and blue) are associated with primary motor functions and project to the dorsolateral aspects of the striatum. More
ventrally and medially located intralaminar thalamic nuclei (purple and yellow), probably subserving polymodal sensory and cognitive functions, project onto longitudin-
ally oriented striatal zones intermediate between the two extremes, matching the corticostriatal zones [63]. Similarly, the amygdalostriatal projections exhibit a medio-
lateral organization (color coding at bottom left). Caudal basal amygdaloid nuclei (red and pink), associated with viscerolimbic functions, project most medially, whereas
nuclei of the rostral basal amygdaloid complex (yellow) send their fibers more laterally in the striatum [64]. Thus, amygdaloid fibers reach in a topographical way virtually
the entire striatum, the most dorsolateral sensorimotor part being only very sparsely innervated. Frontal cortical, amygdaloid and midline and intralaminar projections
to the striatum are arranged such that multiple interconnected networks exist between specific frontal cortical areas and distinct amygdaloid and thalamic nuclei that
converge onto the same striatal region [63,69]. Finally, the hippocampal formation (in particular the subiculum and the CA1 region) projects to the most ventral parts of the
striatum, specifically to the medial, ventral and rostral shell, as well as to the immediately adjacent parts of the core. As indicated in the lower right corner, neurons of the
dorsal (yellow and pink) and ventral (pink and red) hippocampus project laterally and medially, respectively [62]. Abbreviations: ac, anterior commissure; ACd, dorsal
anterior cingulate cortex; AId, dorsal agranular insular cortex; AIv, ventral agranular insular cortex; CeM, central medial thalamic nucleus; CL, central lateral thalamic
nucleus; IL, infralimbic cortex; IMD, intermediodorsal thalamic nucleus; MD, mediodorsal thalamic nucleus; PC, paracentral thalamic nucleus; PFC, prefrontal cortex; PLd,
dorsal prelimbic cortex; PLv, ventral prelimbic cortex; PV, paraventricular thalamic nucleus; SMC, sensorimotor cortex.
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Hierarchy in Cortico-Striatal Network
Dorsolateral striatum: motor

early action coding

what motor action?

Dorsomedial striatum: cognitive
choice action value

which goal?
Ventral striatum: motivational?

state value
whether worth doing?

(Voorn et al., 2004)



Imaging striosome neuron activity by endoscope
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Striosomes are striatal compartments that directly project to midbrain dopaminergic neurons. By using an
endoscopic in vivo calcium imaging device and a striosome-Cre mouse line, we succeeded in selective
recoding of striosomal neurons during a classical conditioning task and discovered reward-predictive
activities proportional to the expected reward amount. Interestingly, most reward-predictive activities of
striosomal neurons were observed only in early or late stage of learning. In addition, some striosomal
neurons were directly activated by reward experiences. These results suggest that striosomal neurons
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Unsupervised Learning
input {x1,…,xN} → output  {y1,…,yN}

no target output

finding structures in distribution of x

Dividing into subgroups
clustering

mixtures of Gaussians
self-organizing maps (SOM)

Decomposing into components
principal component analysis (PCA)

independent component analysis (ICA)
38
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Hierarchical Clustering
Bottom up clustering

start with each data point as a cluster

check distance: nearest/average/furthest

merge closest clusters

Dendrogram

Python
scipy.cluster.hierarchy

sklearn.cluster.AgglomerativeClustering
38
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K-means Clustering
Data set {x1,…,xN} → K clusters

no target labels!
Distortion measure J = ∑n∑krnk||xn-µk||2

prototypes µk (k=1,…,K)
indicator variable rnk∈{1,0}, ∑krnk=1

Fix µk and minimize with rnk
for each xn, find nearest µk, set rnk = 1

Fix rnk and minimize with µk
mean of data in the cluster µk = ∑nrnkxn/∑nrnk

Repeat → converge to a local minimum
38
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Mixtures of Gaussians
Gaussian mixture distribution

p(x) = ∑k pkN(x|µk,Sk)

Latent variable z=(z1,…,zK): zk∈{1,0}, ∑kzk=1 

marginal distribution p(z)=∏kpk
zk

conditional p(x|z)=∏kN(x|µk,Sk)zk

marginal of x is Gaussian mixture
p(x) = ∑zp(x,z) = ∑zp(z)p(x|z) = ∑kpkN(x|µk,Sk)

Posterior of z given x: responsibility
p(zk=1|x) = pkN(x|µk,Sk)/∑jpjN(x|µj,Sj) 

pk as the prior of zk=1
39
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Self-Organizing Map
Data set {x1,…,xN} 

→ grid of prototypes {µ1,…,µK}
similar prototypes for neighboring nodes

Stepwise recursive SOM
find best match: c(n) = argmink ||xn–µk||
update neighbors: µk(t+1) = µk(t) + ahc(n)k(xn–µk)
hck = exp[-dist(c,k)/2s2]

Batch update
find c(n) for all xn
mean of neighbors µk = ∑nhc(n)kxn/∑nhc(n)k

39
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One needs extra kinds of control factors that mediate informa-
tion without mediating the activities. It is generally known that
such an information is carried in the neural realms by, e.g., the
chemical messenger molecules.
On the other hand, if the above neural and chemical functions

are taken into account at least in abstract form, it is possible to
scale up the self-organizing systems up to the capacity limits of
the modern computers.

2. The classical vector quantization (VQ)

The implementation of optimally tuned feature-sensitive fil-
ters by competitive learning was actually demonstrated in ab-
stract form much earlier in signals processing. I mean the clas-
sical vector quantization (VQ), the basic idea of which was in-
troduced (in scalar form) by Lloyd (1957), and (in vector form)
by Forgy (1965). Actually the optimal quantization of a vec-
tor space dates back to 1850, called the Dirichlet tessellation
in two- and three-dimensional spaces and the Voronoi tessella-
tion in spaces of arbitrary dimensionality; cf. Dirichlet (1850)
and Voronoi (1907). The VQ has since then become a standard
technology in modern digital signal processing.
In vector quantization, the space of vector-valued input data,

such as feature vectors, is partitioned into a finite number of
contiguous regions, and each region is represented optimally
by a single model vector, originally called the codebook vector
in the VQ. (The latter term comes from digital signal transmis-
sion, where the VQ is used for the encoding and decoding of
transmitted information.)

In an optimal partitioning, the codebook vectors are
constructed such that the mean distance (in some
metric) of an input data item from the best-matching
codebook vector, called the winner, is minimized, i.e.,
the mean quantization error is minimized.

For simplicity, the VQ is illustrated using the Euclidean dis-
tances only. Let the input data items constitute n-dimensional
Euclidean vectors, denoted by x. Let the codebook vectors be
denoted by mi, indexed by subscript i. Let the subscript c be
the index of a particular codebook vectormc, called the winner,
namely, the one that has the smallest Euclidean distance from
x:

c = argmini{||x −mi||} . (1)

If p(x) is the probability density of x, the mean quantization
error E is defined as

E =
!
V
||x −mc||

2p(x)dV , (2)

where dV is a volume differential of the data space V . The
objective function E, being an energy function, can be mini-
mized by a gradient-descent procedure. However, the problem
is highly nonlinear; nonetheless, e.g., this author has shown that
it converges to a local minimum; cf. Kohonen (1991).
If the set of the input data items is finite, a batch computation

method is also feasible. It is called the Linde-Buzo-Gray (LBG)

M

M

c

iX

Figure 1: Illustration of a self-organizing map. An input data item X is broad-
cast to a set of models Mi , of which Mc matches best with X. All models that
lie in the neighborhood (larger circle) of Mc in the grid match better with X
than with the rest.

algorithm, cf. Linde et al. (1980), but it was devised already by
Forgy (1965). There exists a wealth of literature on the above
VQ, which is also called ”k-means clustering.” For classical
references, cf., e.g., Gersho (1979), Gray (1984), and Makhoul
et al. (1985).

3. The self-organizing map (SOM): General

3.1. Motivation of the SOM
Around 1981-82 this author introduced a new nonlinearly

projecting mapping, called the self-organizing map (SOM),
which otherwise resembles the VQ, but in which, additionally,
the models (corresponding to the codebook vectors in the VQ)
become spatially, globally ordered (Kohonen (1982a), Koho-
nen (1982b), Kohonen (1990) and Kohonen (2001)).
The SOM models are associated with the nodes of a regu-

lar, usually two-dimensional grid (Fig.1). The SOM algorithm
constructs the models such that:

More similar models will be associated with nodes
that are closer in the grid, whereas less similar mod-
els will be situated gradually farther away in the grid.

It may be easier to understand the rather involved learning
principles and mathematics of the SOM, if the central idea is
first expressed in the following simple illustrative form:

Every input data item shall select the model that
matches best with the input item, and this model, as
well as a subset of its spatial neighbors in the grid,
shall be modified for better matching.

Like in the VQ, the modification is concentrated on a selected
node that contains the winner model. On the other hand, since
a whole spatial neighborhood in the grid around the winner is
modified at a time, the degree of local ordering of the models in
this neighborhood, due to a smoothing action, will be increased.
The successive, different inputs cause corrections in different
subsets of models. The local ordering actions will gradually
be propagated over the grid. However, the real mathematical
process is a bit more complicated than that.

2



SOM Examples
Animals (Ito et al. 2006)

nocturnal vegetarian

Faces (Yuriy 2007)

39
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Visual Cortical Columns 
Cat visual cortex (Hubel & Wiesel) SOM model (Obermayer et al.)

39
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Proc. Natl. Acad. Sci. USA 87 (1990) 8347

FIG. 2. Spatial organization of the final feature map after 30,000 adaptive steps using an isotropic neighborhood function (ahi = oh2). The
network layer contains 65,536 cells (arranged on a 256 x 256 square lattice with periodic boundary conditions), and the input layer contains
900 randomly distributed cells. The initial connection strengths were chosen randomly from the interval (0, 1) and normalized to unity.
Parameters of the stimulation were as follows: Ah(° ) = 240; '7h(15,000) = 60; oh(30,WO0) = 2; El = 0.09; EF = 0.02; c-i = 0.23; and cr2 = 0.09.
(A) Spatial pattern oforientation preference and selectivity. Each image pixel corresponds to one cell in the network layer. Orientation preference
is indicated by color (light blue -* green -. orange -. purple -. blue correspond to angles of 00 450 .° 900° . 135°0 1800 with the vertical).
The specificity of each cell was measured by the ratio of the variances of the optimal stimulus along its major and minor principal axis. Its value
is indicated by brightness (dark, unspecific; bright, specific). (B) Spatial distribution of cells in the network layer with deviations of orientation
preference near a fixed direction (600). Deviations from 600 are indicated by gray values (black, 00; white, +300 or more). (C) Gradient of the
orientation values shown in A. Bright and dark regions indicate areas of rapid and smooth change in orientation preference, respectively. (D)
Best-position map. Every second lattice position (k, I) of the network layer is projected to its best position sk, in the input layer. Points belonging
to cells that are nearest neighbors in the network layer are connected by links.

with progressing by a certain distance d* in the map.t The
distance d* is essentially the range c- of the function hrs;kl (18)
and corresponds to the distance over which response prop-

erties of cells are kept correlated. Therefore, for fixed
resolution of the primary-stimulus variable, the threshold in
the variance of the secondary-stimulus variable above which
it becomes represented in the map varies linearly with the
length scale a. The resulting periodic distortions in the
position map should be experimentally detectable in a high-
resolution-mapping study of receptive-field centroids.

Anisotropic Neighborhood Function. Fig. 4 shows the spa-
tial organization of a typical feature map obtained using an

tUsually, there is an ambiguity in comparing magnitudes of change
of different stimulus features. Here this ambiguity is absent because
from thb mathematical analysis it follows that the variances of the
twofeatures must be compared in the natural metric of the vector
space spanned by the activity patterns ri driving the Eq. 1 process.

Neurobiology: Obermayer et al.

CAT VISUAL CORTEX

Apical segment

E

._
'a

4-Wt
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1yi

Electrolytic lesion I

Text-fig. 13. Reconstruction of micro-electrode penetration through the lateral
gyrus (see also P1. 1). Electrode entered apical segment normal to the surface, and
remained parallel to the deep fibre bundles (indicated by radial lines) until reaching
white matter; in grey matter of mesial segment the electrode's course was oblique.
Longer lines represent cortical cells. Axons of cortical cells are indicated by a cross-
bar at right-hand end of line. Field-axis orientation is shown by the direction of
each line; lines perpendicular to track represent vertical orientation. Brace-
brackets show simultaneously recorded units. Complex receptive fields are indi-
cated by 'Cx'. Afferent fibres from the lateral geniculate body indicated by x,
for 'on' centre; A, for 'off' centre. Approximate positions of receptive fields on
the retina are shown to the right of the penetration. Shorter lines show regions in
which unresolved background activity was observed. Numbers to the left of the
penetration refer to ocular-dominance group (see Part II). Scale 1 mm.
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RECEPTIVE FIELDS IN CAT STRIATE CORTEX 579
found by changing the size, shape and orientation of the stimulus until a clear
response was evoked. Often when a region with excitatory or inhibitory
responses was established the neighbouring opposing areas in the receptive
field could only be demonstrated indirectly. Such an indirect method is
illustrated in Fig. 3B, where two flanking areas are indicated by using a short
slit in various positions like the hand of a clock, always including the very

A B

+7 -!
mm -I

- m_

aS~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~T T T

Fig. 3. Same unit as in Fig. 2. A, responses to shinling a rectangular light spot, 1° x 8° ; centre of
slit superimposed on centre of receptive field; successive stimuli rotated clockwise, as shown
to left of figure. B, responses to a 1° x 5° slit oriented in various directions, with one end
always covering the centre ofthe receptive field: note that this central region evoked responses
when stimulated alone (Fig. 2a). Stimulus and background intensities as in Fig. 1; stimulus
duration 1 sec.

centre of the field. The findings thus agree qualitatively with those obtained
with a small spot (Fig. 2a).

Receptive fields having a central area and opposing flanks represented a
common pattern, but several variations were seen. Some fields had long narrow
central regions with extensive flanking areas (Figs. 1-3): others had a large
central area and concentrated slit-shaped flanks (Figs. 6, 9, 10). In many
fields the two flanking regions were asymmetrical, differing in size and shape;
in these a given spot gave unequal responses in symmetrically corresponding

37 PHYSIO. CXL,VIIT) by guest on October 20, 2012jp.physoc.orgDownloaded from J Physiol (



Principal Component Analysis
D-dim data X={x1,…,xN}T (zero mean)
Find a low dimensional subspace with

largest variance
minimal projection error

M-dim projection zn=Vxn by V={v1,…,vM}T, ||vm||=1
data covariance  C = XTX/N = ∑n xnxn

T/N
covariance of z: VTCV

Eigenvectors v1,…, vM for Cvm=lmvm

with largest eigenvalues l1,…,lM

Singular value decomposition (SVD): X=USVT

V:eigenvectors of XTX, S2=diag(l1,…,lD)
39
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PCA by Autoencoder



Independent Component Analysis
Latent variable with independent components

p(z) = ∏jp(zj)  … usually non-Gaussian

Observed data: x = Az

blind source separation: y = Wx

40
1

Information-Maximization 1139 

I unknown BLIND 
mixing SEPARATION 
process (learnt weights) 

BLIND 
L ZrrIO N 

Figure 3: Network architectures for (a) blind separation of five mixed signals, 
and (b) blind deconvolution of a single signal. 

we receive are the N superpositions of them, x l ( t ) ,  . . . . x ~ ( t ) .  The task is 
to recover the original sources by finding a square matrix, W, which is a 
permutation and rescaling of the inverse of the unknown matrix, A. The 
problem has also been called the "cocktail-party" p r ~ b l e m . ~  

In blinddeconvolution, described in Haykin (1991,1994a) and illustrated 
in Figure 3b, a single unknown signal s ( t )  is convolved with an unknown 
tapped delay-line filter a l ,  . . . .aK,  giving a corrupted signal x ( t )  = a ( t ) * s ( t )  
where a ( t )  is the impulse response of the filter. The task is to recover s ( t )  
by convolving x ( t )  with a learnt filter wl. . . . . wL, which reverses the effect 
of the filter a( t ) .  

There are many similarities between the two problems. In one, sources 
are corrupted by the superposition of other sources. In the other, a source 
is corrupted by time-delayed versions of itself. In both cases, unsuper- 
vised learning must be used because no error signals are available. In 
both cases, second-order statistics are inadequate to solve the problem. 

For example, for blind separation, a second-order decorrelation tech- 
nique such as that of Barlow and Foldiak (1989) would find uncorrelated, 
or linearly independent, projections, y, of the input data, x. But it could 
only find a symmetric decorrelation matrix, that would not suffice if the 
mixing matrix, A, were asymmetric (Jutten and Herault 1991). Similarly, 
for blind deconvolution, second-order techniques based on the autocor- 
relation function, such as prediction-error filters, are phase-blind. They do  
not have sufficient information to estimate the phase of the corrupting 
filter, a( t ) ,  only its amplitude (Haykin 19944. 

4Though for now, we ignore the problem of signal propagation delays. 

Information-Maximization 1145 

S X U 

Figure 6: A 5 x 5 information maximization network performed blind separation, 
learning the unmixing matrix W. The outputs, u, are shown here unsquashed 
by the sigmoid. They can be visually matched to their corresponding sources, S, 
even though their order was different and some (for example u1) were recovered 
as negative (upside down). 

can occur at twice the speed at which the sounds themselves are played. 
Real-time separation for more than, say, three sources, may require fur- 
ther work to speed convergence, or special-purpose hardware. 

In all our attempts at blind separation, the algorithm has failed under 
only two conditions: 

1. when more than one of the sources were gaussian white noise, and 
2.  when the mixing matrix A was almost singular. 

Both are understandable. First, no procedure can separate out indepen- 
dent gaussian sources since the sum of two gaussian variables has itself 
a gaussian distribution. Second, if A is almost singular, then any unmix- 
ing W must also be almost singular, making the learning in 2.14 quite 
unstable in the vicinity of a solution. 

z x y



Infomax and ICA
Mutual information of input x and output y

I(y,x) = H(y) – H(y|x)

H(y|x): constant for additive noise

maximum information transfer I(y,x)
maximum output entropy H(y)
independence of outputs p(y) = ∏jp(yj) 

Sigmoid output: y = tanh(u), u = Wx
DW ∝ ∂H(y)/∂W WTW …natural gradient

= ([WT]-1+yxT)WTW

= (I+yuT)W
40
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Visual Feature Detector by ICA

(Bell & Sejnowski 1997)

Independent components of natural images

40
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FIGURE 4. The matrix of  144 filters obtained by training on ZCA-whitened natural images. Each filter is a row of  the matrix W. 
The ICA basis functions on ZCA-whitened data are visually the same as the ICA filters. 

The full ICA transform from the raw image was 
calculated as the product of the sphering (ZCA) matrix 
and the learnt matrix: W, = WWz.  The basis function 
matrix, A, was calculated as W~ ~. A PCA matrix, Wp, 
was calculated from equation (7). The original (un- 
sphered) data were then transformed by all three 
decorrelating transforms, and for each the kurtosis of 
each of the 144 filters was calculated, according to the 
formula: 

K i - -  { ( l ' ~ i -  {bti))4) 3 ( 1 9 )  

Then the mean kurtosis for each filter type (ICA, PCA, 
ZCA) was calculated, averaging over all filters and input 
data. This quantity is used to quantify the sparseness of 
the filters, as will be explained in the Discussion. 

RESULTS 

The filters and basis functions resulting from training 
on natural scenes are displayed in Figs 3 and 4. Figure 3 

displays example filters and basis functions of each type. 
The PCA filters, Fig. 3(a), are spatially global and 
ordered in frequency. The ZCA filters and basis functions 
are spatially local and ordered in phase. The ICA filters, 
whether trained on the ZCA-whitened images, Fig. 3(c), 
or the original images, Fig. 3(d), are semi-local filters, 
most with a specific orientation preference. The basis 
functions, Fig. 3(e), calculated from the Fig. 3(d) ICA 
filters, are not local, and look like the edges that might 
occur in image patches of this size. Basis functions in the 
column Fig. 3(d) (as with PCA filters) are the same as the 
corresponding filters, since the matrix W (as with Wp) is 
orthogonal. This is the ICA-matrix for ZCA-whitened 
images. 

In order to show the full variety of ICA filters, Fig. 4 
shows, with lower resolution, all 144 filters in the matrix 
W. The general result is that ICA filters are localized and 
mostly oriented. Unlike the basis functions displayed in 
Olshausen & Field (1996), they do not cover a broad 
range of spatial frequencies. However, the appropriate 
comparison to make is between the ICA basis functions, 
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FIGURE 1. The Blind Linear hnage  Synthesis model (Olshausen & Field, 1996). Each patch, x, of  an image is viewed as a linear 
combination of several (here three) underlying basis functions, given by the matrix A, each associated with an element of an 
underlying vector of  "causes",  s. In this paper, causes are viewed as statistically independent " image sources". The causes are 
recovered (in a vector u) by a matrix of  filters, W, more loosely "receptive fields", which attempt to invert the unknown mixing 

of unknown basis functions constituting image formation. 

demonstrated the ability of this nonlinear information 
maximization process (Bell & Sejnowski, 1995a) to find 
statistically independent components to solve the 
problem of separating mixed audio sources (Jutten & 
Hrrault, 1991). This "Independent Components Analy- 
sis" (ICA) problem (Comon, 1994) is equivalent to 
Barlow's redundancy reduction problem, therefore, if 
Barlow's reasoning is correct, we would expect the ICA 
solution to yield localized edge detectors. 

That it does so is the primary result of this paper. The 
secondary result is that the outputs of the resulting filters 
are indeed, more sparsely distributed than those of other 
decorrelating filters, thus supporting some of the argu- 
ments of Field (1994), and helping to explain the results 
of Olshausen's network from an information-theoretic 
point of view. 

We will return to the issues of sparseness, noise and 
higher-order statistics in the Discussion. First, we 
describe more concretely the filter-learning problem. 
An earlier account of  the application of these techniques 
to natural sounds appears in Bell & Sejnowski (1996). 

B L I N D  S E P A R A T I O N  O F  N A T U R A L  I M A G E S  

The starting point is that of Olshausen & Field (1996), 
depicted in Fig. 1. A perceptual system is exposed to a 
series of small image patches, drawn from one or more 
larger images. Imagine that each image patch, repre- 
sented by the vector x, has been formed by the linear 
combination of N basis functions. The basis functions 

form the columns of a fixed matrix, A. The weighting of 
this linear combination (which varies with each image) is 
given by a vector, s. Each component of this vector has its 
own associated basis function, and represents an under- 
lying "cause" of the image. The "linear image synthesis" 
model is therefore given by: 

x = As. ( l)  

which is the matrix version of the set of equations 
xi = ~N_ 1 aijsj, where each xi represents a pixel in an 
image, and contains contributions from each one of a set 
of N image "sources", s/, linearly weighted by a 
coefficient, aij. 

The goal of a perceptual system, in this simplified 
framework, is to linearly transform the images, x, with a 
matrix of filters, W, so that the resulting vector: 

u = W x  (2) 

recovers the underlying causes, s, possibly in a different 
order, and rescaled. Representing an arbitrary permuta- 
tion matrix (all zero except for a single "one" in each row 
and each column) by P, and an arbitrary scaling matrix 
(non-zero entries only on the diagonal) by S, such a 
system has converged when: 

u = WAs = PSs. (3) 

The scaling and permuting of the causes are arbitrary, 
unknowable factors, so we will consider the causes to be 
defined such that PS = I (the identity matrix). Then the 
basis functions (columns of A) and the filters which 



Mental Simulation
Brain’s process using 

an action-dependent state transition model 
s’=f(s,a) or P(s’|s,a)

Estimate the present from past state/action

perception under noise/delay/occlusion

Predicting the future
model-based decision, action planning

Imagining in a virtual world
thinking, language, science,…



Multiple Ways of Action Selection
Model-free

a = argmaxa Q(s,a)

Model-based

a = argmaxa [r+V(f(s,a))]
forward model: s’=f(s,a) 

Memory-based
a = g(s)
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Model-based action planning 
involves cortico-cerebellar and 
basal ganglia networks
Alan S. R. Fermin1,2,3, Takehiko Yoshida1,2, Junichiro Yoshimoto1,2, Makoto Ito2, 
Saori C. Tanaka4 & Kenji Doya1,2,3,4

Humans can select actions by learning, planning, or retrieving motor memories. Reinforcement 
Learning (RL) associates these processes with three major classes of strategies for action selection: 
exploratory RL learns state-action values by exploration, model-based RL uses internal models to 
simulate future states reached by hypothetical actions, and motor-memory RL selects past successful 
state-action mapping. In order to investigate the neural substrates that implement these strategies, 
we conducted a functional magnetic resonance imaging (fMRI) experiment while humans performed a 
sequential action selection task under conditions that promoted the use of a specific RL strategy. The 
ventromedial prefrontal cortex and ventral striatum increased activity in the exploratory condition; 
the dorsolateral prefrontal cortex, dorsomedial striatum, and lateral cerebellum in the model-based 
condition; and the supplementary motor area, putamen, and anterior cerebellum in the motor-memory 
condition. These findings suggest that a distinct prefrontal-basal ganglia and cerebellar network 
implements the model-based RL action selection strategy.

Using exploration and reward feedback, humans and other animals have a remarkable capacity to learn new 
motor behaviors without explicit teaching1. Throughout most of our lives, however, we depend on explicit or 
implicit knowledge, based upon past experiences, such as a map of the area or properties of the musculoskeletal 
system, to enable focused exploration and efficient learning2,3. After repeated practice, a motor behavior becomes 
stereotyped and can be executed with little mental load4. What brain mechanisms enable animals to employ 
different learning strategies and to select or integrate them in a given situation? In this paper, we take a new 
behavioral paradigm that captures different stages of motor learning during a single experimental session5, and 
using fMRI we explore brain structures that are specifically involved in implementing different learning strategies.

The theory of reinforcement learning (RL)6 prescribes three major classes of algorithms for action selection 
and learning: motor-memory, exploratory, and model-based strategies. The motor-memory strategy reinforces 
the sequence of states and actions that led to successful results in past experiences, which is simple, but requires 
many trials before finding an optimal sequence, unless there are clues to minimize exploration. The exploratory 
strategy recursively updates values of states and actions to efficiently utilize experiences resulting from explora-
tory actions, acquired rewards, and state transitions. The model-based strategy employs an internal model that 
enables simulation of the future state reached by a hypothetical action, or multiple actions. Since these strategies 
require different degrees of pre-acquired knowledge and computational loads for real-time execution, it is reason-
able to speculate that humans may utilize them depending on their experience level with a certain context or task.

Computational models of RL and fMRI studies with humans have explored the neural substrates of 
model-based and motor-memory strategies, given their strong resemblance to classical, psychological, dichot-
omous behavior control employing deliberative and automatic processes, respectively. Activity in the dorsolat-
eral prefrontal cortex (DLPFC) has been associated with the use of model-based strategies when an internal 
model of environmental dynamics is available and can be used for forward planning and prediction of an action’s 
future outcomes7,8,9,10. Conversely, activation of the posterior dorsal striatum is observed when actions become 
automatic after extensive practice, and a motor-memory strategy is more likely to control behavior10,11. 
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How to Witness Mental Simulation
State transition model s’=f(s,a) or P(s’|s,a)
Action planning

predict action value

Q(s,a) = Ss’P(s'|s,a)[R(s,a)+gV(s')]

hard to tell when/which action is imagined

State estimation
dynamic Bayesian filter

P(st| at-1,ot) ∝ P(ot|st) Sst-1P(st|st-1,at-1) P(st-1)

can compare actual and predicted states



PPC two-photon imaging

Auditory virtual environment

intermittent sensory input

Probabilistic population decoding

predicting goal distance from action©
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A R T I C L E S

Animals have to act despite limited sensory information because of 
factors such as interfering background noise or occluded vision. Thus, 
the ability to estimate the current state of the outside world from a 
sequence of sensory observations and their own actions is essential. 
This process is optimally realized by dynamic Bayesian inference, 
such as a Kalman filter1, which predicts the state with an internal state 
transition model and updates the prediction with new sensory inputs. 
For example, when a mouse navigates in darkness, it must keep track 
of the location of its destination based on both its movement (predic-
tion) and sensory signals such as calls from its nest mate (updating). 
We hypothesized that dynamic Bayesian inference is implemented in 
cerebral neocortex and investigated the plausibility of this idea using 
two-photon microscopy2.

Most areas of the cerebral neocortex receive ascending sensory 
inputs (feedforward streams) and descending inputs (feedback 
streams) from the thalamus and other cortical areas3. Previous stud-
ies have shown that feedback streams are essential for self-motion  
perception, consciousness and attention4,5, suggesting that the neo-
cortex integrates internal state prediction on the basis of its own 
actions and ascending sensory signals. In addition, there have been 
proposals of cortical implementation of Bayesian inference using 
probabilistic population code6. A recent proposal further advocated 
implementation of dynamic Bayesian inference by spiking population 
codes7. In the ‘canonical microcircuit’ of the neocortex3,8, feedforward 
signals project mainly to layer 4 and are then forwarded to layers 
2/3 and 5. Pyramidal neurons in layers 2/3 and 5 receive feedback  
signals from their apical dendrites in layer 1 and feedforward and 
feedback signals merge in these neurons. Feedback signals (for exam-
ple, motor activity) are stronger in deeper layers of sensory corti-
ces9,10. These anatomical connections and their activity lead to the  

hypothesis that dynamic Bayesian inference is implemented in pyram-
idal neurons of layers 2, 3 and 5, with increasing action dependence 
in deeper layers.

To test this hypothesis, we trained mice to perform an auditory 
virtual navigation task and imaged neuronal activity in layers 2, 3 
and 5 of the PPC and the PM located posterior to PPC11–13. The task 
required mice to approach a water reward site (goal) by estimating 
the distance on the basis of sound cues and their own locomotion. 
PPC is involved in spatial navigation by representing route maps, 
head directions, turning locations and locomotory accelerations with 
egocentric and allocentric representations14–17. PPC lesions disrupt 
navigation on the basis of self-motion information (path integra-
tion)18,19. PM also represents egocentric and allocentric reference 
frames20. Both PPC and PM receive inputs from auditory cortex 
and secondary motor cortex (M2)21,22, but PM receives fewer feed-
back projections from M2 than PPC13,23,24. If feedback signals are 
important for internal state prediction based on an animal’s own 
actions, association cortex (PPC) should show a more reliable neu-
ral implementation of dynamic Bayesian inference than the sensory 
cortex (PM).

We found that mice increased anticipatory licking as they 
approached the goal, even when sound cues were omitted, indicating 
that they were performing action-dependent state estimation, and that 
silencing of PPC by muscimol disturbed this behavior. Using proba-
bilistic population decoding, we observed that neurons in all layers 
in PPC, and slightly less in PM, implemented the two fundamental 
features of dynamic Bayesian inference: prediction and updating. 
Population activity predicted the goal distance even without sounds 
(prediction). The uncertainty of prediction decreased with sound 
inputs (updating).

1Neural Computation Unit, Okinawa Institute of Science and Technology Graduate University, Tancha, Onna-son, Kunigami, Okinawa, Japan. 2Optical  
Neuroimaging Unit, Okinawa Institute of Science and Technology Graduate University, Tancha, Onna-son, Kunigami, Okinawa, Japan. Correspondence should be 
addressed to K.D. (doya@oist.jp).

Received 18 March; accepted 8 August; published online 19 September 2016; doi:10.1038/nn.4390

Neural substrate of dynamic Bayesian inference in the 
cerebral cortex
Akihiro Funamizu1,2, Bernd Kuhn2 & Kenji Doya1

Dynamic Bayesian inference allows a system to infer the environmental state under conditions of limited sensory observation. 
Using a goal-reaching task, we found that posterior parietal cortex (PPC) and adjacent posteromedial cortex (PM) implemented 
the two fundamental features of dynamic Bayesian inference: prediction of hidden states using an internal state transition model 
and updating the prediction with new sensory evidence. We optically imaged the activity of neurons in mouse PPC and PM layers 
2, 3 and 5 in an acoustic virtual-reality system. As mice approached a reward site, anticipatory licking increased even when 
sound cues were intermittently presented; this was disturbed by PPC silencing. Probabilistic population decoding revealed that 
neurons in PPC and PM represented goal distances during sound omission (prediction), particularly in PPC layers 3 and 5, and 
prediction improved with the observation of cue sounds (updating). Our results illustrate how cerebral cortex realizes mental 
simulation using an action-dependent dynamic model. 

0.12 

N
or

m
al

iz
ed

 m
ea

n 
∆R

/R
 

0 

1 

PPC: N = 43 

N
or

m
al

iz
ed

 
m

ea
n 
∆

R
/R

 
N

or
m

al
iz

ed
 

lik
el

ih
oo

d 

-10 

15 

P
os

te
rio

r 

Goal distance (cm) 
67 33 0 

33 0 33 0 

0.04 

0 

0 

Goal distance (cm) 
67 33 0 67 33 0 67 67 

Sound 
zone 

a 

figure4 

Hypothetical cortical algorithm of model-based state prediction 
with Bayesian inference 

Probabilistic population code in PPC 

0327-mouse23: PPC Layer2 0416-mouse23: PM Layer2 

Decoding_Bayes_160324_17_detail 

0327-mouse23: State2(17),71 trial, --300, 200, -100, 0  
0416-mouse23: State2(16), 
132 trial, -200, -100, 0  

Probability 

E
st

im
at

ed
 d

is
ta

nc
e 

(c
m

) 

Layer2 

PM 

PPC 
Continuous Intermittent1 Intermittent2 

b 

67 

33 

0 

67 

33 

0 
Sound zone Sound zone 

0 0.078 

Goal distance (cm) 
67 33 0 67 33 0 67 33 0 

Decoding_Bayes…150227_17_kaiseki_all_all 

[0 0.078] 

Rank_sum_test 
*: p < 0.01 

Flat prior 
Moving 
average  
3 frames 

Decoding_Bayes_160324_17_A22 

Decoding_Bayes…150227_17_kaiseki_all4_all2 

Using Bayes603: MAP, STD 

Bayes160324 / Cor_newを使う。 

Decoding_Bayes_160120_17_kaiseki_all7 

Decoding_Bayes…150227_17_kaiseki_correct 

Decoding_Bayes…150227_17_kaiseki_map 

  
           
                  
                  
                  
                  
             
             
             
             
             
             
             
             
                  
                  
                  
                            

  
          
         
         
         
          
          
          
          
            
            
           
          
          
         
         
         
         

  
                
                  
                  
                  
                  
                  
                  
                  
                  
                  
                  
                  
                  
                  
                  
                  
                  

  
                  

          
             
             
             
             
             
             
             
             
             
             
             
             
             
             
             
             

 
                 

                 
                            
                            
                            
                            
                            
                            
                   
                            
                            
                            
                            
                                     
                                     
                            
                                     
                                     

  
          
          
          
           
           
           
           
           
           
           
            
            
             
             
             
             
             

  
        
          
             
             
             
             
             
             
             
             
             
             
             
             
             
             
             
             

  
         
         
         
         
         
         
         
         
         
         
         
         
         
         
         
         
        

  
               
                  
                  
                  
                  
                  
                  
                  
                  
                  
                  
                  
                  
                  
                  
                  
                   

  
                  

        
          
          
          
          
          
          
          
          
          
          
          
          
          
          
          
          

 
                 

   
                       
                       
                       
                       
                       
                       
                       
                  
                       
                       
                       
                       
                            
                            
                       
                            
                            

      
                                              

   
         
                   
                   
                   
                   
          
          
          
          
          
          
          
          
                   
                   
                   
                                     

R
oo

t m
ea

n 
sq

ua
re

d 
er

ro
r 

(c
m

) 

4 

36 

Layer2 c 
Continuous Intermittent1 Intermittent2 

Goal distance (cm) 
67 33 0 

M
A

P
 (

cm
) 

67 33 0 67 33 0 

67 

33 

0 

S
ta

nd
ar

d 
de

vi
at

io
n 

of
 

po
st

er
io

r 
(c

m
) 

0 

25 

PPC PM 

* * * * * 

* * * 

* 

Sound 
zone 

No-sound 
zone 

* * 

* * * * * 

* * 

* * * 
* * 

* 
* * * * * 

* * * * 
* 

* 

* 

* 

* * 
* * 

* 
* 

* * * 

* * * 

 

 

d 

e 



Reinforcement Learning
Predict reward: value function

V(s) = E[ r(t) + gr(t+1) + g2r(t+2)…| s(t)=s]
Q(s,a) = E[ r(t) + gr(t+1) + g2r(t+2)…| s(t)=s, a(t)=a]

Select action
greedy: a = argmax Q(s,a)
Boltzmann: P(a|s) µ exp[ b Q(s,a)]

Update prediction: TD error
d(t) = r(t) + gV(s(t+1)) - V(s(t))
DV(s(t)) = a d(t)
DQ(s(t),a(t)) = a d(t)

How to implement these steps?

How to tune these parameters?



Temporal Discount Factor g
Large g
reach for far reward

Small g
only to near reward



Temporal Discount Factor g
V(t) = E[ r(t) + gr(t+1) + g2r(t+2) + g3r(t+3) +…]

controls the ‘character’ of an agent
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can’t resist temptation

no pain, no gain!

stay away from danger

better stay idle

V =18.7 

V = -22.9

V =-25.1 

V = 47.3

Depression?

Impulsivity?

Serotonin?



Optogenetic Stimulation of 
Dorsal Raphe Serotonin Neurons

(Miyazaki et al., 2014, Current Biology)

Reward Delay Task (3, 6, 9, ∞ sec)

3 sec: success
omission: 12.1 s
omission: 20.8 s



respectively). The remainder of differences were not significant
(Supplementary Table 2). Subsequently, we tested variability of
waiting time ratio among mice. We compared the obtained mixed
model with the model including a fixed effect of reward-delay
condition, but not a random effect of MI. To evaluate likelihood
ratio of two models, we generated 1000 new samples of waiting
time ratios by means of a parametric bootstrap method. The
variability of waiting time ratio among mice was not significant
(P= 0.602).

The waiting time ratio in the D6 test was not significantly
different from the waiting time ratio in the 75% one-pellet test
with a 3 s delay in experiment 1 (D3 test) (P= 1.00, post hoc
Bonferroni correction) (Fig. 6e). The waiting time ratio in the
D10 test (1.11 ± 0.01, n= 34 tests) was not significantly different
from the waiting time ratios in the D6 test of experiment 2 (P=
1.00, post hoc Bonferroni correction) and in the D3 test of
experiment 1 (P= 1.00, post hoc Bonferroni correction) (Fig. 6e).
These results show that timing uncertainty, but not the longest
waiting time for future rewards, is critical for enhancing
serotonin’s effect at increasing waiting times.

Bayesian decision model of waiting. Can these effects of ser-
otonin on waiting, depending on the RP and timing uncertainty,
be explained in a coherent way? Here we consider the possibility
that serotonin signals the prior probability of reward delivery in a
Bayesian model of repeated decisions to wait or to quit. In this
model, the subject has an internal model of the timing of reward
delivery and infers whether the current trial is a reward trial or a
no-reward trial. As time goes by without a reward delivery, the
likelihood of its being a reward trial diminishes (Fig. 7a, top
panel). The posterior probability of a reward follows the same
time course scaled by the prior probability for a reward trial
(Fig. 7a, middle panel). The expected reward for waiting goes
down accordingly and the subject quits waiting as the expected
reward for waiting becomes close to that for quitting (zero). The
distribution of the time of quitting shifts later as the prior
probability of a reward trial increases (Fig. 7a, bottom panel).

If we assume that dorsal raphe serotonin neuron stimulation
causes an increase in the estimate of the prior probability when
the RP is high, the effect on the waiting time distribution with
different RPs (Fig. 2) can be reproduced (Fig. 7b). As the
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Fig. 5 Optogenetic activation of DRN serotonin neurons enhances waiting for temporally uncertain rewards. a Distribution of waiting time during omission
trials in the D6 test. b Distribution of waiting time during omission trials in the D4-6-8 test. c Distribution of waiting time during omission trials in the D2-
6-10 test. d Distribution of waiting time during omission trials in the D10 test. Orange circles illustrate the timing and number of food pellets presented in
rewarded trials. White circles denote omission trials
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depending on the RP and timing uncertainty are difficult to
explain in terms of a simple temporal discounting paradigm.

Thus, we considered a Bayesian model in which serotonin
neuron stimulation affects the prior probability for the present
trial to be a reward trial. Our simulation results (Fig. 7) repro-
duced the critical features of the shifts in waiting time distribution

depending on RP and timing uncertainty. The present model is
based on several arbitrary assumptions, namely, the internal
model of reward timing distribution is Gaussian while the
experimental setting is multi-modal, serotonin neuron stimula-
tion causes overestimation of RP especially when the RP is high,
and the choice of some free parameters. Nevertheless, this model
is consistent with the effect of serotonin on emotional bias toward
positive outcomes33 and a recent report that serotonergic neuron
activity keeps track of average reward rate26, and further points to
the possibility of a generalized role of serotonin in arbitrating the
trade-off between (negative) sensory evidence and (positive)
subjective belief.

Selective serotonin reuptake inhibitors (SSRIs) are widely used
to treat psychiatric disorders, especially depression, by increasing
the serotonergic tone in the whole brain34,35. However, remission
rate is 36.8% for citalopram treatment alone36. Psychological
treatment, such as cognitive behavioral therapy combined with
antidepressant therapy, is associated with a higher improvement
rate than drug treatment alone37. Our finding that activation of
serotonin neurons alone is not enough and that it requires a
subject’s confidence in a positive outcome (i.e., high probability
for a future reward) to promote a goal-directed behavior, may
explain the combined effect of SSRI treatment and cognitive
therapies, which often removes patients’ negative biases in future
outcomes. The effect of cognitive behavioral therapy is gradual,
such that subjects cannot predict a specific time till recovery. Our
results in experiment 2 suggest that augmentation of serotonergic
tone by SSRI treatment is most effective for enhancing patience
for a gradual recovery, and could prevent patients from dropping
out. Therefore, SSRI treatment and cognitive behavioral therapy
may produce mutually positive effects to realize synergistic
therapy.

A recent study showed that inactivation of the orbitofrontal
cortex (OFC) disrupts waiting-based confidence reports without
affecting decision accuracy38. Previous recording studies have
also revealed that OFC neurons encode predictions of reward
outcomes39,40. Optogenetic serotonin activation modulates
reward anticipatory responses of OFC neurons41. These results
suggest that the OFC may produce causal signals for waiting with
serotonin neural activation42. Optogenetic stimulation of the
terminal sites to which DRN serotonin neurons project will
clarify the sites where serotonin contributes to enhance
patience43. Recent rabies virus tracing strategies have yielded a

Fig. 7 A Bayesian decision making model for waiting reproduces features of
effects of reward probability and timing uncertainty on promotion of
patience by serotonin. a Top panel: the model assumes that the subject has
a probabilistic model of reward delivery timing (magenta line), which is
assumed to be Gaussian with μ= 3 s and σ= 2 s in this example. As the
time passes without reward delivery, the likelihood of a reward trial
diminishes according to the cumulative density function (green line). Middle
panel: the posterior probability for a reward trial goes down along with the
likelihood, but persists longer if the prior probability for a reward trial is
higher. Bottom panel: the timing of quitting is shifted later with a higher prior
probability (Methods). b We assume that dorsal raphe serotonin neuron
stimulation causes an overestimation of the prior probability when the
reward probability is higher (p′= p+ p2− p3 in this example). The yellow
and blue lines show the time of quitting without and with increased prior
probability, respectively. The effect of serotonin neuron stimulation is largest
with a reward probability p= 0.75 (top panel; μ= 3 s and σ= 2 s). c With a
larger uncertainty σ of reward timing, the waiting time distribution shifts
later and the effect of serotonin neuron stimulation (increase of prior
probability from 0.75 to 0.95 in this example) increases. A shift in the
average reward timing (bottom panel; μ= 10 s and σ= 3 s) does not cause a
large increase in waiting time with serotonin neuron stimulation
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Serotonin stimulation facilitates waiting when...
reward probability is high

reward timing is uncertain

Prior for reward?

�
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Reward probability and timing uncertainty alter the
effect of dorsal raphe serotonin neurons on
patience
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& Kenji Doya1

Recent experiments have shown that optogenetic activation of serotonin neurons in the

dorsal raphe nucleus (DRN) in mice enhances patience in waiting for future rewards. Here,

we show that serotonin effect in promoting waiting is maximized by both high probability and

high timing uncertainty of reward. Optogenetic activation of serotonergic neurons prolongs

waiting time in no-reward trials in a task with 75% food reward probability, but not with 50 or

25% reward probabilities. Serotonin effect in promoting waiting increases when the timing of

reward presentation becomes unpredictable. To coherently explain the experimental data, we

propose a Bayesian decision model of waiting that assumes that serotonin neuron activation

increases the prior probability or subjective confidence of reward delivery. The present data

and modeling point to the possibility of a generalized role of serotonin in resolving trade-offs,

not only between immediate and delayed rewards, but also between sensory evidence and

subjective confidence.
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Bayesian decision model
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Initiative for Synthetic 
Studies of Awareness (ISSA): 

Introduction

2017 May 22
AProf Nao Tsuchiya 

 Monash University, Australia

Integrated information theory 
of consciousness 

• Starts from phenomenology, identifies five 
axioms (1. existence, 2. composition, 3. 
information, 4. integration, 5. exclusion)  

• Tries to seek for potential physical 
mechanisms that can support the axioms

Tononi 2004, 2008, Oizumi et al 2014 PLoS Comp Bio

 Consciousness is composed of various aspects 
Consciousness is integrated 

Consciousness is excluded outside of the certain boundary



Integrated information
= 

loss of predictability of past states 
based on current states, 

when system is cut 

(Oizumi et al 2016 PLoS Comp)

Intuitive explanation 1

(Oizumi et al 2016 PLoS Comp)



Integrated information
= 

a distance between the actual and 
disconnected model

Oizumi, Tsuchiya, Amari 2016 PNAS

Intuitive explanation 2

x1�

x2�

y1�

y2�

Difference�
x1�

x2�

y1�

y2�

!me� !me�

Constraints�

Integrated	informa!on�

Generaliza!on	of	the	original	measure	proposed	by	Tononi	in	his	
Integrated	Informa!on	Theory	(Tononi,	2008).�

Distance 

Full model Disconnected model



Tinbergen’s Four Questions
How?

proximate view

Mechanism

How does it work?

Ontogeny

How does it develop?

Why?
ultimate/evolutionary view

Function

What is it for?

Phylogeny

How did it evolve?



Consciousness as Data Assimilation?

Generative model
dynamics xt = f(xt-1) + es atmosphere, ocean,...
observation yt = g(xt) + eo temperature, wind,...

State estimation by real-time simulation
utilizing sparse, multi-modal data

Prediction of future states
Postdiction of past history

Characteristics akin to consciousness
reason for the emergence of conscious 

phenomenology?

Simulation Bayesian Inference Data

(Komaki Lab. U Tokyo)



Tinbergen’s Four Questions
How?

proximate view

Mechanism

How does it work?

dynamic Bayesian inference

Ontogeny

How does it develop?

learn internal models

Why?
ultimate/evolutionary view

Function

What is it for?

estimate the past and present

predict the future

Phylogeny

How did it evolve?

mammalian neocortex



Universe, Life, and Intelligence

To explain the universe, 
people called for the god(s).

To explain life,
people called for soul.

To explain human intelligence, 
people now call for consciousness.
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