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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.
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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
579
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encoded one category of the fine information
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
Of the 86 face-responsive neurons,responses
11wasneurons
(13%)
did
not
in the receptive
opposing areas
established the neighbouring
field could only be demonstrated indirectly. Such an indirect method is
using a short
flanking areas
are indicated by
illustrated
in Fig. 3B, where two 43
encode significant information in any
category,
(50%)
coded
slit in various positions like the hand of a clock, always including the very
either global or fine category information, and 32 (37%) coded both
+7 both global
!and
categories. To clarify how single neurons encoded

Coevolution in Pattern Recognition
Brain Science
A

Feature detectors

mm

(Hubel & Wiesel 1959)
c

A

B

-I

m_

-

B

C

1
WALL

TT

87

Experience dependence
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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. 2 a). Stimulus and background intensities as in Fig. 1; stimulus

(Blakemore & Cooper 1970)

duration 1 sec.

findings thus agree qualitatively with those obtained
with a small spot (Fig. 2 a).
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
centre of the field. The
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distributed around the maze. The concentration
of fields from the
animals in arm B may have reflected the fact that many of the rats
their “free time” in this arm. The fact that the initial search for
was conducted there might also have introduced
a bias towards
active in that area. In any case, it was clear that the majority of
were not located in those places which contained the rewards
or
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ConvNet (Krizhevsky, Sutskever, Hinton, 2012)
GoogleBrain (2012)
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Co-Evolution: Reinforcement Learning
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Brain Science
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Artificial Intelligence
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Classic conditioning (Pavlov 1903)
Operant conditioning
(Thorndike 1898,
Skinner 1938)

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

Dopamine-dependent
synaptic plasticity
(Wickens et al. 2000)

TD learning (Barto et al. 1983)

fails to occur, even in the absence of an immediately preceding 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 contrast, 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 occurrence 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
an internal clock tracking the
V(s) on Q(s,a)
precise time of predicted reward.

Dopamine TD learning hypothesis
(Barto et al. 1995,
Montague et al. 1996)

RESEARCH LETTER
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Activation by conditioned,
reward-predicting stimuli
About 55–70% of dopamine neurons are activated by
conditioned visual and auditory stimuli in the various classically 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. Mirenowicz, and W. Schultz, unpublished data). The first dopamine 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 occurFigure
close
to illustration
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Convolution

Value coding in striatum (Samejima et al. 2005)
FIG . 2. Dopamine neurons report rewards according to an error in reward prediction. Top: drop of liquid occurs although no reward is predicted
at this time. Occurrence of reward thus constitutes a positive error in the
prediction of reward. Dopamine neuron is activated by the unpredicted
occurrence of the liquid. Middle: conditioned stimulus predicts a reward,
and the reward occurs according to the prediction, hence no error in the
prediction of reward. Dopamine neuron fails to be activated by the predicted
reward (right). It also shows an activation after the reward-predicting stim-

Convolution

Fully connected

Fully connected
No input

symbolizes sliding of each filter across input image) and two fully connec
layers with a single output for each valid action. Each hidden layer is follo
by a rectifier nonlinearity (that is, maxð0,xÞ).

Deep Q network (Mnih et al. 2015)

We compared DQN with the best performing methods from
reinforcement learning literature on the 49 games where results w
available12,15. In addition to the learned agents, we also report score
a professional human games tester playing under controlled condit
and a policy that selects actions uniformly at random (Extended D
Table 2 and Fig. 3, denoted by 100% (human) and 0% (random)
axis; see Methods). Our DQN method outperforms the best exis
reinforcement learning methods on 43 of the games without inco
rating any of the additional prior knowledge about Atari 2600 ga
used by other approaches (for example, refs 12, 15). Furthermore,
DQN agent performed at a level that was comparable to that of a

Brain Theory Meets Big Data
How the Brain Should Be Working
Topdown
abstract, functional

Computational Models
detailed, biophysical
Bottom
-up
What the Brain Really Is
Machine Learning is Essential for Both Directions

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
1
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Specialization by Learning Algorithms
(Doya, 1999)
Cerebral Cortex Unsupervised Learning

Basal Ganglia: Reinforcement Learning

Cerebellum: Supervised Learning

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)
reward r

Markov decision process
state s ∈ S
action a
action a ∈ A
agent
environment
policy p(a|s)
state 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→∞

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))

until S is terminal

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

SARSA
and
Q
Learning
(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.

Cliff walking task (Sutton & Barto, 1998)
safe path
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Figure 6.13: The cli↵-walking task. The results are from a single run, but

“Pain-Gain” Task
N states, 2 actions

if r2 >> r1 , then better take a2

• DQNは状態行動価値関数𝑄 𝜋 を深層畳み込み
ニューラルネットワークで近似

Deep Q-Network

• 入力は4枚の時間的に連続したサイズ84x84 の画像

(Mnih et al., 2015)
• 幾つかのゲームにおいてDQNはプロのゲーム
RESEARCH LETTER
Gameテスターよりもうまくゲームができた
screen as input
RESEARCH LETTER

Convolution

Convolution
V

Fully connected

𝑄(𝒙, 𝑎)

Fully connected
No input

𝒙

Experience replay
Fixing the target network
DNN captures important features
human level in 29/49 Atari games
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 full
layers with a single output for each valid action. Each hidden lay
by a rectifier nonlinearity (that is, maxð0,xÞ).

We compared DQN with the best performing metho
difficult and engaging for human players. We used the same network
architecture, hyperparameter values (see Extended Data Table 1) and reinforcement learning literature on the 49 games where
learning procedure throughout—taking high-dimensional data (210|160 available12,15. In addition to the learned agents, we also repo
colour video at 60 Hz) as input—to demonstrate that our approach a professional human games tester playing under controlled
robustly learns successful policies over a variety of games based solely and a policy that selects actions uniformly at random (Ext
on sensory inputs with only very minimal prior knowledge (that is, merely Table 2 and Fig. 3, denoted by 100% (human) and 0% (ra
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AlphaGo

(Silver et al., 2016)

Supervised learning from play data
Reinforcement learning by self-play
Representation learning by deep
neural networks
ARTICLE RESEARCH
Shallow, narrow tree search
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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.

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

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
How to implement these steps?
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))
How to tune these parameters?
DV(s(t)) = a d(t)
DQ(s(t),a(t)) = a d(t)

Basal Ganglia
Locus of Parkinson’s and Huntington’s diseases
Striatum
Globus Pallidus
Substantia Nigra
Thalamus

What is their normal function??

Dopamine Neurons Code TD Error
d(t) = r(t) + gV(s(t+1)) – V(s(t))
4

W. SCHULTZ

unpredicted

fails to occur, even in the absence of an immediately preceding 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 contrast, 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 occurrence 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.
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Activation by conditioned, reward-predicting stimuli
About 55–70% of dopamine neurons are activated by
conditioned visual and auditory stimuli in the various classically 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. Mirenowicz, and W. Schultz, unpublished data). The first dopamine 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 reactions (Nishino et al. 1987), they are unrelated to arm and
eye movements themselves, as they occur also ipsilateral to
the moving arm and in trials without arm or eye movements
(Schultz and Romo 1990). Conditioned stimuli are somewhat less effective than primary rewards in terms of response

rr

VV

(Schultz et al. 1997)
FIG .

d

2. Dopamine neurons report rewards according to an error in reward prediction. Top: drop of liquid occurs although no reward is predicted
at this time. Occurrence of reward thus constitutes a positive error in the
prediction of reward. Dopamine neuron is activated by the unpredicted
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two-photon uncaging. For optogenetic stimulation 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-Cre mice

expressing Cre specific to dopaminergic neurons
(Fig. 1A and fig. S1). The direct pathway–constituting
MSNs, which mainly express dopamine 1 receptors (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
recordings were obtained from the identified D1RMSNs. Dendritic spines were visualized by means
of two-photon microscopy (980 nm) detecting

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 Cre specific to dopaminergic neurons
two-photon uncaging.
For optogenetic
stimu-® expressing
lation of dopaminergic fibers, a Cre-dependent
(Fig. 1A and fig. S1). The direct pathway–constituting
adeno-associated
virus (AAV)+vector
expressing+ dopamine
MSNs, which mainly express
dopamine
1 recepcortical
input
spike
®
LTP
channelrhodopsin-2 (ChR2) was injected into
tors (D1Rs) (13), were labeled by an AAV vector
the ventral tegmental area (VTA) of DAT-Cre mice
input
x output x reward with a specific promoter for D1R-MSNs (Fig. 1A
Time window
of plasticity

and fig. S1).
the nucleus
recordings w
MSNs. Dendr
of two-photo

(Yagishita et al., 2014)
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

dopamine [(G), 58 spines, 14 dendrites]. (H) Amplitudes of spine enlargements with or without dopamine. **P = 0.0041 by Mann-Whitney U test. (I)
STDP with repetitive activation of dopaminergic fibers containing ChR2 (blue

Basal Ganglia for Reinforcement Learning?
(Doya 2000, 2007)
state

action

Cerebral cortex
state/action coding
Striatum
reward prediction
Pallidum
action selection
Dopamine neurons
TD signal
Thalamus

V(s)
d

Q(s,a)

Fixed and Free Choice Task
(Ito & Doya, 2015, J Neuroscience)
0.5-1s

Left
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Right
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1-2s
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Right
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Reward prob. (L, R)

Left tone
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(50%,0%)

Right tone
(6500Hz)

Fixed
(0%, 50%)

Free-choice tone
(White noise)

Varied
(90%, 50%)
(50%, 90%)
(50%, 10%)
(10%, 50%)

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

Model Fitting by Particle Filter
(90 50)

(50 90)

(50 10)

Left, reward
Left, no-reward
Right, no-reward
Right, reward

QL
QR

a1
a2
Trials

Action/State Values in Striatum
Action value
DLS
DMS

cue
phase 1 2

(Ito & Doya, 2015)
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Hierarchy in Cortico-Striatal Network
TRENDS in Neurosciences Vol.27 No.8 August 2004
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Dorsolateral striatum: motor
early action coding
what motor action?
Dorsomedial striatum: cognitive
choice action value
which goal?
Ventral striatum: motivational?
state value
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(Voorn et al., 2004)
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Neural Activities in Striatal
Striosome
Compartments
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Abstract
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Imaging striosome neuron activity by endoscope
Striosome Compartments

DOI:http://dx.doi.org/10.1523/ENEURO.0367-17.2018
1

Neural Computation Unit, Okinawa Institute of Science and Technology Graduate University, Onna-son, Kunigamigun, Okinawa 904-0412, Japan and 2Development Department, Progress Technologies Inc, Koto-ku, Tokyo 135-0064,
Japan
1
1,2
1

Tomohiko Yoshizawa, Makoto Ito,

and

Kenji Doya

Visual Abstract

DOI:http://dx.doi.org/10.1523/ENEURO.0367-17.2018
1

Neural Computation Unit, Okinawa Institute of Science and Technology Graduate University, Onna-son, Kunigamigun, Okinawa 904-0412, Japan and 2Development Department, Progress Technologies Inc, Koto-ku, Tokyo 135-0064,
Japan

Visual Abstract
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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

2

(b)

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
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Mixtures of Gaussians
p(x)

Gaussian mixture distribution
p(x) = ∑k pkN(x|µk,Sk)
x
Latent variable z=(z1,…,zK): zk∈{1,0}, ∑kzk=1
marginal distribution p(z)=∏kpkzk
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
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Self-Organizing Map
One needs extra kinds of control factors that mediate information 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.

Mc

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
X

Mi

2. The classical vector quantization (VQ)

The implementation of optimally tuned feature-sensitive filters by competitive learning was actually demonstrated in abstract form much earlier in signals processing. I mean the classical vector quantization (VQ), the basic idea of which was introduced (in scalar form) by Lloyd (1957), and (in vector form)
by Forgy (1965). Actually the optimal quantization of a vector space dates back to 1850, called the Dirichlet tessellation
in two- and three-dimensional spaces and the Voronoi tessellation 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 transmission, 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 distances 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 vector mc , called the winner,
namely, the one that has the smallest Euclidean distance from

Figure 1: Illustration of a self-organizing map. An input data item X is broadcast 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), Kohonen (1982b), Kohonen (1990) and Kohonen (2001)).
The SOM models are associated with the nodes of a regular, 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 models will be situated gradually farther away in the grid.
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It may be easier to understand the rather involved learning
principles and mathematics of the SOM, if the central idea is

SOM Examples
Animals (Ito et al. 2006)

nocturnal

Faces (Yuriy 2007)

vegetarian
39
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579
RECEPTIVE FIELDS IN CAT STRIATE CORTEX
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

Visual Cortical Columns

Cat visual Acortex (Hubel & Wiesel)
B

SOM model (Obermayer et al.)
Neurobiology: Obermayer et al.

!

+7

mm

-I
CAT VISUAL CORTEX
Apical

131

segment

m_

-

E

._

'a

4-Wt

aS~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~T
I-

TT

1yi

Electrolytic lesion I

Text-fig. 13. Reconstruction of micro-electrode penetration through the lateral
(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 crossbar at right-hand end of line. Field-axis orientation is shown by the direction of
each line; lines perpendicular to track represent vertical orientation. Bracebrackets show simultaneously recorded units. Complex receptive fields are indicated 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.
gyrus

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. 2 a). Stimulus and background intensities as in Fig. 1; stimulus
duration 1 sec.
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Principal Component Analysis
X={x1,…,xN}T

u1

x2

D-dim data
(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 xnxnT/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)
xn

en
x

x1

39
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PCA by Autoencoder

Independent Component Analysis
Latent variable with independent components
Information-Maximization
p(z) = ∏jp(zj) … usually non-Gaussian
Observed data: x = Az
blind source separation: y = Wx
Information-Maximization

S

1145
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X

BLIND

z

x
unknown
mixing
process

y
BLIND
SEPARATION
(learnt weights)

I

1139
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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 further 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.
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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
II / / / / /l // / / /
|
/ / / / / / / / /
filters
/
/
/
image patch, X
image
/ /
J ensemble
/
/ l // / / | / / II
/ / / // I II
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FIGURE 1. The Blind Linear h n a g e 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.

monstrated the ability of this nonlinear information
ximization process (Bell & Sejnowski, 1995a) to find

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.

form the columns of a fixed matrix,
weighting
The A.
fullThe
ICA
transformoffrom the raw image was
as each
the product
this linear combination (which calculated
varies with
image)ofisthe sphering (ZCA) matrix
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displays example filters and basis functions of each
3 type.
The PCA filters, Fig. 3(a), are spatially global and

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
a = g(s)
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Alan S. R. Fermin1,2,3, Takehiko Yoshida1,2, Junichiro Yoshimoto1,2, Makoto Ito2,
Saori C. Tanaka4 & Kenji Doya1,2,3,4
D
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;
C striatum, and lateral cerebellum in the model-based
D
the dorsolateral prefrontal cortex, dorsomedial
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.

1

3

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

1

2

2

3

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

Hypothetical
cortical algorithm
of model-based
Neural substrate of dynamic
Bayesian
inference
in the state predic
with Bayesian inference
cerebral cortex
Probabilistic population code in PPC

Akihiro Funamizu1,2, Bernd Kuhn2 & Kenji Doya1

0327-mouse23: PPC Layer2

Dynamic Bayesian inference allows a system to infer the environmental state under conditions of limited sensory observation. 0416-mouse23: PM
Using a goal-reaching task, we found that posterior parietal cortex (PPC) and adjacent posteromedial cortex (PM) implemented
Decoding_Bayes_160324_17_detail
the two fundamental features of dynamic Bayesian inference: prediction of hidden states using an internal state transition model
0416-mouse23: Sta
and updating the prediction with new sensory evidence. We optically imaged the activity of neurons in mouse PPC and PM layers
State2(17),71
trial,
--300,
200,even
-100,
0 132 trial, -200, -10
2, 3 and 5 in an acoustic virtual-reality system. As mice0327-mouse23:
approached a reward
site, anticipatory
licking
increased
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.
15
a

PPC two-photon imaging

Auditory virtual environment
intermittent sensory input

PPC: N = 43

Normalized
likelihood

hypothesis that dynamic Bayesian inference is implemented in pyramidal1neurons of layers 2, 3 and 5, with increasing action dependence
-10
in deeper layers.
0.04
To test this hypothesis, we trained mice to perform an auditory
virtual navigation task and imaged neuronal activity in layers 2, 3
11–13. The task
and 5 of the PPC and the PM located
0 posterior to PPC
0.12 reward site (goal) by estimating
required mice to approach a water
the distance on the basis of sound cues and their own locomotion.
PPC0 is involved in spatial navigation by representing route maps, Sound
zone
33turning locations
0
head67directions,
and
locomotory accelerations with
0
67
33 14–17
0 67
33
0 67
33
0 67
33
Goal and
distance
(cm) representations
egocentric
allocentric
. PPC
lesions
Goal
distancedisrupt
(cm)
on the basis of self-motion information (path integrabnavigation
Layer2
18,19
Continuous
Intermittent1
Intermittent2
tion)
. PM
also represents egocentric
and allocentric reference
PPC
20
frames . Both PPC and PM receive inputs from auditory cortex
0
and secondary motor cortex (M2)21,22, but PM receives fewer feedback projections from M2 than PPC 13,23,24. If feedback signals are
Posterior

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 (prediction) 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-

Normalized
mean ∆R/R

Probabilistic population decoding

Normalized mean ∆R/R
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figure4

0

predicting goal distance from action

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
How to implement these steps?
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))
How to tune these parameters?
DV(s(t)) = a d(t)
DQ(s(t),a(t)) = a d(t)

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
g large
+100

1
no pain, no gain!

g small

0

1

1

2

3

-20 -20 -20
4 step

1

1

1

stay away from danger 0

0

V = -22.9

+50
1

2

-100
3 4 step

Depression?
better stay idle

0
-20 -20 -20

V =18.7

+100

2

3

V =-25.1
4 step

Impulsivity?
can’t resist temptation

+50
1

2

-100
3 4 step

V = 47.3

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
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respectively). The remainder of differences were not signiﬁcant
(Supplementary Table 2). Subsequently, we tested variability of
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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,
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Consciousness is composed of various aspects
Consciousness is integrated
Consciousness is excluded outside of the certain boundary

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

Intuitive explanation 1

Integrated information
=
loss of predictability of past states
based on current states,
when system is cut
(Oizumi et al 2016 PLoS Comp)

(Oizumi et al 2016 PLoS Comp)

Intuitive explanation 2

Integrated information
=
a distance between the actual and
disconnected model
Oizumi, Tsuchiya, Amari 2016 PNAS

Full model

Disconnected model

x1

y1

x2

y2

Distance
Diﬀerence

!me

x1

y1

x2

y2
!me

Constraints
Integrated informa!on

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

Tinbergen’s Four Questions
How?

Why?

proximate view
Mechanism
How does it work?

ultimate/evolutionary view
Function
What is it for?

Ontogeny
How does it develop?

Phylogeny
How did it evolve?

Consciousness as Data Assimilation?
Simulation

Bayesian Inference

Data

(Komaki Lab. U Tokyo)
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?

Tinbergen’s Four Questions
How?

Why?

proximate view
Mechanism
How does it work?
dynamic Bayesian inference

ultimate/evolutionary view
Function
What is it for?
estimate the past and present
predict the future

Ontogeny
How does it develop?
learn internal models

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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