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‘Could	be	a	predator:	prepare’	

‘More	detail	but	
can’t	rule	out	
predator:	stay	
prepared’	

‘Predator!’:	
run!	

‘Safe,	not	a	
predator:	
relax’	

‘Could	be	a	predator:		
prepare’	

‘Stay	prepared’	



‘A	is	in	front	of	B’	

‘The	surface	is	
ellip@cal	(elongated,	
circular	or	squashed)’	

‘elongated’	

‘squashed’	

i.e. perception as well as action 



‘Could	be	lots	of	things,	
including	a	school	bus’	

‘Yes,	this	part	fits	
with	it	being	a		
school	bus’	

‘and	this		
mirror’	

‘and	this		
grille’	



‘Could	be	lots	of	things,	
including	a	school	bus’	

‘Yes,	this	sign	fits	
with	it	being	a		
school	bus’	

‘and	this		
mirror’	

‘and	this		
grille’	

Q: Is this a good way  
to think about 3D vision 
(slowly build up to something 
approximating geometry)? 



‘A	set	of	spheres		
at	different	depths’	

Some	type	of	more		
precise	descrip@on	

‘exactly	this	
posi@on’	

or	‘exactly	
that	
posi@on’	

Left eye Right eye 



Topological	layout	

…	plus		
probabilis@c	
descrip@on	of	
number	of	turns	

‘exactly	this	
layout’	

or		
‘exactly	
that	layout’	



Non-metric representations of 3D scenes 

•  Coarse-to-fine descriptions 
–  object location 
–  navigation and pointing 

•  Luise 
–  more detail on detecting change in object location 

•  Alex’s experiment 
–  navigation and pointing tasks 
–  gradual evolution of metric abilities from topological base 

•  Feature vectors that are naturally hierarchical 
–  some elements determine the approximate location 
–  others refine the location estimate 



CHANGE BLINDNESS IN 3D 
SCENES 
Luise Gootjes-Dreesbach, Peter Scarfe & Andrew 
Glennerster 



Representations of 3D space 

¨  Navigation in 3D scenes 
¤ Detailed 3D model of the world 
¤ View-based representation 

¨  Internal representations could be sparse or detailed  
¨  Change blindness suggests sparse representations 

Gootjes-Dreesbach, Pickup, Fitzgibbon & Glennerster (2017). Comparison of 
view-based and reconstruction-based models of human navigational strategy. 
Journal of Vision (In press) 



Representations of 3D space 

¨  Change localization for moving 
spheres in a VR scene 

¨  mAFC change localization: 2m 
movement towards the cyclopean 
point 

Interval 1 

Interval 2 



Spheres Task 



Results: Unknown target experiment 

¨  Change localization in VR (N=13): 



Change blindness for location changes 

¨  Open questions: 
¤  Is the signal actually available in our setup? 
¤ Can we model the data using signal detection theory? 

¨  Performance when the target is known 

Unknown Target: 
Which sphere moved? 

Known Target: 
Did the target sphere move? 



Results: Known target experiment 



Results: Modelling 

SDT model based on Verghese (2001) 



Results: Modelling 

SDT model based on Verghese (2001) 



Conclusions 

¨  Poor sensitivity to large changes to the scene 
structure 

¨  Performance when the target is known is similar to 
literature for detecting disparity changes 

¨  Low performance not accounted for by signal 
detection theory 



Non-metric representations of 3D scenes 

•  Coarse-to-fine descriptions 
–  object location 
–  navigation and pointing 

•  Luise 
–  SLAM would not predict these results. 3D Gist. 

 



Non-metric representations of 3D scenes 

•  Coarse-to-fine descriptions 
–  object location 
–  navigation and pointing 

•  Luise 
–  SLAM would not predict these results. 3D Gist. 

 •  Alex’s experiments  
–  navigation and pointing tasks 
–  gradual evolution of metric abilities from 

topological base 
 



Learning to point to targets in a maze 

Tasks:  
(i)  find targets 

in specified 
order and  

(ii)  point to 
them… 



Learning to point to targets in a maze 

Life gets 
harder… 

Learning phase (repeat x5): 
a) Navigation: go Start-R-G-B-Y 
b) Pointing: from Y point to S, R, G, B 
 
Test phase (x3): 
a)  Random sequences 
b)  Point to all targets 
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Learning to point to targets in a maze 



Learning to point to targets in a maze 

Forget one turn 



Learning to point to targets in a maze 

Many candidate directions if participant forgets one turn 

1-turn forgetting, examples of some paths
forgotten nodes are marked

Hand 



Learning to point to targets in a maze 

Many candidate directions if participant forgets one turn 

Hand 



Learning to point to targets in a maze 

σ - standard deviation of pointing
θ - angular coordinates of N alternative locations
w - weights (optimized per scene condition)

Fr
eq

ue
nc

y 

0 1
No of turns 
forgotten 

0 1
No of turns 
forgotten 

Fr
eq
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•  Pointing prediction based on true target location  
      does best for a consistent environment but … 

Not good model 
for normal scene 



Learning to point to targets in a maze 

σ - standard deviation of pointing
θ - angular coordinates of N alternative locations
w - weights (optimized per scene condition)

•  Pointing prediction based on true target location  
      does best for a consistent environment but … 

Fr
eq

ue
nc

y 

0 1
No of turns 
forgotten 

Fr
eq

ue
nc

y 

0 1
No of turns 
forgotten 

Now this is a  
good model 

•  … for wormholes (WH1 and WH3) 
       adding ‘forgetting’ explains the data better 
 



Learning to get from A to B in a maze 

Task: go from blue to yellow 

•  A different task, one that 
does not require a fully 
‘metric’ representation (or 
equivalent) to perform 
correctly  w
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In WH3, this means travelling a long way 



Learning to get from A to B in a maze 

Task: Find targets in specified order 
Learn: rewarded routes given current goal 
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Learning to get from A to B in a maze 

Task: Find targets in specified order 
Learn: rewarded routes given current goal 
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Learning to get from A to B in a maze 

Task: Find targets in specified order 
Learn: rewarded routes given current goal 
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Participant has chosen the route that is optimal according to the 
topological learning model (not shortest metric or topological) 
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v13

v14

v15

v16

v12

v5

state: find Red path actions 

example of data test path: G-B-N1-R 

× = 0.619 

likelihood of participant’s path: 

All possible solutions G to R: 
1) G-B-N1-R           p = 0.619              
2) G-S-R                 p = 0.187 
3) G-B-N1-N2-S-R  p = 0.0129   
4) G-S-N2-N1-R      p = 0.000006 

Learning to get from A to B in a maze 
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Alternative representation: view graph 

N2
N1

S
v2

v1
v4

v3

v6
v8 v7 v9

v10

v11

v13

v14

v15

v16

v12

v5

place graph view graph 

Instead of place graph we can also use graph of views for 
topological learning (and we think this will model the data better) 
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•  Luise 
–  SLAM would not predict these results. 3D Gist. 

 •  Alex’s experiments  
–  navigation and pointing tasks 
–  gradual evolution of metric abilities from 

topological base 
 •  Feature vectors that are naturally hierarchical 

–  some elements determine the approximate location 
–  others refine the location estimate 

 



Hierarchical encoding of location 

•  We want a coarse-to-
fine description of 
location (without any 
3D coordinates) 

•  Zhu et al (2016) relate 
embedding vectors to 
scene coordinates but 
we want something 
more principled and 
easy to comprehend 
geometrically 

Zhu et al, 2016  



Hierarchical encoding of location 
viewing locations environment (random)  

Task: Order the viewing locations in terms of distance from 
reference location (red circle).  Some head-wobble or binocular viewing 

allowed at each viewing location 



Hierarchical encoding of location 
viewing locations points ordered by distance  

from centre 

Task: Order the distance of points from the reference  
viewing location.  Some head-wobble or binocular viewing 

allowed at each viewing location 



Hierarchical encoding of location 
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Hierarchical encoding of location 

smallest 10% largest 10% 

Δρ / ρ0 

Fr
eq
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  Angle between two feature vectors, εCAM1 and εCAMN, both 6n2 



Non-metric representations of 3D scenes 

•  Coarse-to-fine descriptions 
–  object location 
–  navigation and pointing 

•  Luise 
–  SLAM would not predict these results. 3D Gist. 

 •  Alex’s experiments  
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 •  Feature vectors that are naturally hierarchical 

–  some elements determine the approximate location 
–  others refine the location estimate 
–  a stepping stone to a non-3D representation of 3D 
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Collaborations 
•  Phil Torr et al – exploring RL for navigation without maps 

(to write EPSRC application following ‘Human-like’ call) 
•  Ales Leonardis and Hector – recording eye movements in 

VR for participants viewing complex scenes 
•  Abhinav Gupta – using AI2 THOR scenes in Unity to record 

human search behaviour 



Non-metric representations  
of 3D scenes 

Alex Muryy 

•  Coarse-to-fine descriptions 
–  object location 
–  navigation and pointing 

•  Luise 
–  SLAM would not predict these results. 3D Gist. 

 •  Alex’s experiments  
–  navigation and pointing tasks 
–  gradual evolution of metric abilities from 

topological base 
 •  Feature vectors that are naturally hierarchical 

–  some elements determine the approximate location 
–  others refine the location estimate 
–  a stepping stone to a non-3D representation of 3D 

scenes 
 


