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At last — a computer program that
can beat a champion Go player Pace 484

ALL SYSTEMS GO
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Falta algo para atingir a
inteligéncia humana?
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O que falta?
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Membrane potential {mV)

Threshold of axon

Copyright & 2001 Bargamin Cummings,
an imprint of Addison Weslay Loangman, inc.

Modificado de: [12]



17 McCulloch, W. S., & Pitts, W. (1943).
A logical calculus of the ideas
immanent in nervous activity.

The bulletin of mathematical biophysics, 5(4), 115-133.



O objeto €
um circulo

O objeto €
vermelho

+1

XandyY
+1 @

O objeto € um
circulo vermelho

.5









Overview

e |ntroducado
[

= Neurodnio

e Reforco

» Condicionamento
= Replay

e Redes
= Back-propagation
m Cortex Visual

A



“ Neurons that fire together,

wire together
Donald Hebb, 1949







/7 Rosenblatt, F. (1958).
The perceptron: a probabilistic model for information
storage and organization in the brain.

Psychological review, 65(6), 386.









O objeto e

um circulo? ,
( X1 E uma

maca?
O objeto € /
vermelho?

XN

=3 oy,
5] - ﬁ
I B
o ‘r ‘ 2t ‘
o
w % ]

H




O objeto e

NeecPe

um circulo?<

O objeto €
vermelho?

X1

XN

Basze de

dados

N

L 4

Euma
maca?

.8



https://www.youtube.com/embed/xpJHhHWR4DQ?enablejsapi=1



https://www.youtube.com/embed/xpJHhHwR4DQ?enablejsapi=1

41 The Navy revealed the embryo of an
electronic computer today that it expects will
be able to walk, talk, see, write, reproduce
itself and be conscious of its existence.

The New York Times, 1958 [32]
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https://www.youtube.com/embed/3JjDmFV_YwQ?enablejsapi=1



https://www.youtube.com/embed/3JjDmFV_YwQ?enablejsapi=1
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https://www.youtube.com/embed/LeZZLdEJNxg?enablejsapi=1



https://www.youtube.com/embed/LeZZLdEJNxg?enablejsapi=1

“ The real question is not
whether machines think but

whether men do.
B.F. Skinner




Fonte: [29]
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https://www.youtube.com/embed/6LAWovT7FSI?enablejsapi=1



https://www.youtube.com/embed/6LAWovT7FSI?enablejsapi=1

https://www.youtube.com/embed/aNXhyPj-RsM?enablejsapi=1



https://www.youtube.com/embed/aNXhyPj-RsM?enablejsapi=1
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Dopamine responses
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ALPHA = 0.1

while not ended:

new_state, reward, ended, _ = env.step(action)
new_action = policy(Q, state)

value_of_state = Q[state, action]
value_of_next_state = Q[next_state, new_action]

Q[state, action] += ALPHA%(reward + value_of_next_state - value_of_state)
state, action = next_state, next_action

# Epsilon—-greedy policy
def policy(Q, state, eps=.01):
if np.random.rand() < eps:
return np.random.choice( len(Q[state]) )
else:
return np.argmax( Q[statel] )

.14
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https://s3.amazonaws.com/media-p.slid.es/videos/793676/21ZwwZjM/no_memory_cartpole.mp4
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class EpisodicMemory():
def _init (self, maxlen=500):
self.episodes = deque(maxlen=maxlen)
self.current = None

def start_new_episode(self):
self.current = deque()

def store_episode(self):
self.episodes.append(self.current)

def add_memory(self, state, action, reward, next_state, next_action):
self.current.append([state, action, reward, next_state, next_action])

def _remember(self, Q, episode, discount, state_rep, alpha=.1):
for state, action, reward, next_state, next_action in episode:
val_state, val_next = Q[state_rep(state)][action], Q[state_rep(next_state)] [next_action]
Q[state_rep(state)][action] += alphax(reward + discountxval_next - val_state)
return Q

def replay_random(self, Q, discount, state_rep, alpha=.1, weight=False):
episode = self.episodes[np.random.choice(len(self.episodes))]
return self._remember(Q, episode, discount, state_rep, alpha=alpha)





https://s3.amazonaws.com/media-p.slid.es/videos/793676/RG6XdgyL/replay_cartpole.mp4
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47 Rumelhart, D. E., McClelland, J. L., & PDP Research Group. (1986).
Parallel Distributed Processing (PDP):
Exploration in the Microstructure of Cognition (Vol. 1).
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https://www.youtube.com/embed/g0TaYhjpOfo?enablejsapi=1

We are not thinking machines
that feel; rather,we are feeling
machines that think

Antonio Damasio
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