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Collaboration is good
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Previous MURI talks – policy networks 

• bacterium • plants • humans • higher 
intelligence

?

• RL
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Previous MURI talks – the wrong basis set 
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Previous MURI talks – growing dimensions 
when required

different 
contexts, 
different 
actionsHypothesis: only 

add a dimension 
when it is 
evolutionarily 
advantageous to 
split an existing 
context into two.
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Summary

• More collaboration would be good

• P(a|s,g) for neuroscience

• RL/DNN use the wrong basis vectors to represent images 
(wrong in the DoD sense, i.e. not ‘human-like’).

• Learn basis vectors gradually, in tandem with gradual 
development of task complexity

• RL for navigation could be improved by learning which features 
are likely to persist over longer translations of the camera



LIMITLESS POTENTIAL | LIMITLESS OPPORTUNITIES | LIMITLESS IMPACT

Zhu et al (2016)
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Zhu et al, 2016  https://youtu.be/SmBxMDiOrvs. 
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Zhu et al – tSNE (coded by target)
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Target image 
dominates the 
clustering of stored 
feature vectors
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Zhu et al – tSNE (coded by orientn)
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Zhu et al – tSNE (coded by distance)
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Zhu et al – geometric consistency?
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Zhu et al – geometric consistency?
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• build decoder for location
• use to calculate midpoint
• with Torr group (Siddharth Narayanaswamy, Nantas Nardelli)

Alex Muryy
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Zhu et al – geometric consistency?

normalized distance 
-1 -0.5

-0.5

0.5

0 0.5 1
-1

0

1 first point
second point
predicted mid-points, n = 16110

• Geometric consistency?
• Could do better….
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Relative visual direction – geometric consistency by design

Glennerster, Hansard and Fitzgibbon (2001, 2009)
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Relative visual direction – geometric consistency by design
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Relative visual direction – geometric consistency by design
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• e.g. find all pairs with low parallax and use 
this subset of elements to form a 
relatively stable feature vector (stable 
with translation of the camera)

• calculate a parallax measure for each pair

• generate a vector listing all the angles 
between each pair of N points as viewed 
from the camera, C

• find indices into e using this parallax 
measure

• in general, use the most relevant features for 
the task at hand



LIMITLESS POTENTIAL | LIMITLESS OPPORTUNITIES | LIMITLESS IMPACT

0 0.2 0.4 0.6 0.8 1
normalized distance to the central camera

di
st

an
ce

 in
 e

m
be

dd
in

g 
sp

ac
e

RVD method, n=2500

200

400

600

800

Relative visual direction – geometric consistency by design

-250 0 250
-250

0

250
scene points
reference camera

grid of cameras

0 20 40

distance from central camera

60

Distance in embedding space
0 0.2 0.4 0.6 0.8 1
normalized distance between camera locations

di
st

an
ce

 in
 e

m
be

dd
in

g 
sp

ac
e

TEST, n=16110
mean

0

0.4

0.8

1.2

Zhu et al
feature vectors



LIMITLESS POTENTIAL | LIMITLESS OPPORTUNITIES | LIMITLESS IMPACT

Relative visual direction – geometric consistency by design
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Relative visual direction – geometric consistency by design
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Zhu et al mid-point interpolation compared with RVD method
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• Of course, the hand-built 
feature vector method does a 
better job (by design)

• … but this demo emphasizes 
that some aspects of the 
hand-built version may be 
useful to learn
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Plans

• Compare 
predictions of 
view-based 
and 3D 
reconstruction 
models for 
very different 
‘learning 
views’
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Plans

• Building on 
recent 
publication, 
explore 
predictions of 
neural net 
models of 
extrapolating 
to unseen 
targets, eg
Eslami et al 
(2018).
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Plans

• Explore 
compositional 
representations 
of views as a 
camera 
translates and 
the implications 
for RL 
representations 
for navigation
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Summary

• More collaboration would be good

• P(a|s,g) for neuroscience

• RL/DNN use the wrong basis vectors to represent images 
(wrong in the DoD sense, i.e. not ‘human-like’).

• Learn basis vectors gradually, in tandem with gradual 
development of task complexity

• RL for navigation could be improved by learning which features 
are likely to persist over longer translations of the camera
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