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Google’s neural net learns just by watching youtube videos
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Place cells in the hippocampus




Object class

[O O O O O O Second hidden layer

State
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[Denil et al 2012]

Tracking region



Hierarchical reinforcement learning

oot

High-level model-based

learning for deciding when to @

navigate, park, pickup and P R ~

dropoff passengers. Pickup | | \ f=PassDest | D%poff

T'=PassLoc
\/ ¢ |

Mid-level active path learning
for navigating a topological vigate(\T )

map. |
WP ~ adjvw-r(npomfs Bark

Low-level active policy

) (s=0, 1=-1)

optimizer to learn control of Fotlow(
continuous non-linear vehicle | = o o

Drive( s, t)




Active Path Finding in Middle Level

Navigate policy generates sequence of waypoints on a topological
map to navigate from a location to a destination.
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Low-Level: Trajectory following

TORCS: 3D game
engine that
implements complex
vehicle dynamics

= complete with

manual and automatic
transmission, engine,
clutch, tire, and
suspension models.

trajectory
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Bayesian optimization was used to find the neural net low-
level policy and the value function for the upper levels




environment &, in this case the Atari emulator.
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Q*(S;a) = max, K [Rt|3t = S,Q = CL,T{']



Deepmind approach

Q*(s,a) = Eg g {7" +ymax Q*(s',a’) s?a}

L; (91) — Es,a,wp(-) {(yl/ - Q (S: a; 9?))2-|
Yi = Kerne [T + Y max Q(Sla (l,; 9@’—1)‘8: CL]

Vo, Li (0;) = Eg amp():sr e K?“ +ymax Q(s',a’;0;—1) — Q(s, a; O,L-)) Vo, Q(s,a; H,é)}



Deepmind approach

agent’s experiences Et = (Sta Aty T't, St—l—l)
D = oy [ L

256 number of
units actions

convolutions

— 4 Fremes



Deepmind approach

Algorithm 1 Deep Q-learning with Experience Replay

Initialize replay memory D to capacity N
Initialize action-value function ¢) with random weights
for episode = 1, M do
Initialise sequence s; = {x1} and preprocessed sequenced @1 = ¢(s1)
fort =1.7 do
With probability e select a random action a;
otherwise select a; = max, Q*(d(s¢), a; 0)
Execute action a; in emulator and observe reward r; and image x;+ 1
Set St+1 = St, (¢, T1+1 and preprocess @r1 = G(St+1)
Store transition (¢, a;, ¢, ¢p11) in D
Sample random minibatch of transitions (¢;., a;.r;, ¢j+1) from D

YI = rj+ymaxe Q(¢j41,a’;0)  for non-terminal ;1
Perform a gradient descent step on (y; — Q(¢;, a;: 6))2 according to equation 3
end for

end for




Imitation learning & mirror neurons




Imitation learning for Atari

256 number of
units actions
o - __
[ J O
o o
..—' .- -
convolutions
conv layer + pooling lconv layer + pooling : fully connected MLP :
16 8x8 filters 32 4x4 filters
4x4 max pooling 4x4 max pooling

[Dejan, Miroslav, 2014]



Imitation learning for Atari

[Dejan Markovikj, Miroslav Bogdanovic, Misha Denil, NdF 2014]



Inverse RL
...or teaching deepmind how to play Atari
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