
  

Modern Robotics: Evolutionary Robotics
COSC 4560 / COSC 5560

Professor Cheney
4/18/18



  

Tricks that make 
this work/scale!



  



  

Weight Sharing
(via convolution)
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Dropout



  



  

Batch Normalization



  

Internal Covariate Shift



  



  



  

Momentum



  



  

Big Data



  



  



  

20 classes. The train/val 
data has 11,530 images 
containing 27,450 ROI 
annotated objects and
6,929 segmentations.



  

Caltech 256

(256 object categories, 30607 images)



  



  



  



  



  

learning value networks



  



  

GOAL!

GOAL!

grid world:

each timestep has -1 reward

the game terminates when
you reach a goal state

actions: N, S, E, W

intuitive description: “get to the goal as soon as possible”
(but let's pretend we're a robot, who doesn't know this!)



  

each value function (V) is defined
with respect to some behavioral policy (π)

Vπ

 let's iteratively find Vπ for a random policy
in our mini grid world
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-1.0

N: V
s,N

  = -1 + 0 = -1
S:  V

s,S
  = -1 + 0 = -1

E:  V
s,E

  = -1 + 0 = -1
W: V

s,W
 = -1 + 0 = -1

with a random policy,
we are equally likely to take any move, 

so:

V
s 
= (-1 + -1 + -1 + -1)/4 = -1

immediate 
reward

current 
prediction 

for 
cumulative 
reward in 
new state
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  next iteration…
new value function

becomes
old value function

(“current prediction
for cumulative reward”)
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current value (V
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N: V
s,N
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S:  V

s,S
  = -1 + -1 = -2

E:  V
s,E

  = -1 +  0 = -1
W: V

s,W
 = -1 + -1 = -2

V
s 
= (-2 + -2 + -1 + -2)/4 = -1.75
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current value (V
k
) for a random policy
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current value (V
k
) for a random policy

k=∞
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converged to true 
value function 

(Vπ-random)
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