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Immersive VR 



Immersive VR 



Human representations of 3D scenes 

•  How does a human represent a 3D scene? 
–  make a 3D model OR store a graph of views? 

•  Luise 
–  experimental test of 3D reconstruction versus view-based 

approaches (mainly previous grant) 
•  Alex 

–  developing a navigation task to compare with CNN approaches 
(a task that requires spatial memory) 

•  Peter 
–  (not MURI), adding haptics to immersive VR 

•  Me 
–  draw links between our lab’s work and MURI aims/discussions 
–  how tasks interact with representations for vision 



COMPARING VIEW- AND 
RECONSTRUCTION-BASED MODELS OF 
HUMAN NAVIGATION 



THE MODELS 

¡  View-based model 

¡  Simple image based strategies 

¡  Angle/disparity between landmarks 

¡  Reconstruction-based model 

¡  Extraction of a coordinate system 



SCENE NAVIGATION 

Homing task in a very 
controlled virtual 
environment 



THE TASK 

¡  (a) Interval 1 (+) 

¡  View of 3 landmarks from 20x80cm 
viewing zone oriented towards the pole 
location 

¡  Button press sets “goal point” (GP) 

¡  (b) Interval 2 (+) 

¡  Teleported to new position  

¡  Task is to navigate back to GP 

¡  Button press sets “end point” (EP) 



THE TASK 

¡  Single condition, 7 repetitions 

¡  Black: Goal Points 

¡  Red: End points 



THE TASK 

¡  Single condition, 7 repetitions 

¡  Black: Goal Points 

¡  Red: End points 

¡  Green pole movement changes distribution 
of EPs – we can train our models on a 
dataset with a variety of pole configurations 



3D RECONSTRUCTION MODEL 

¡  Representation made up by the egocentric coordinates of our 3 landmarks, 
associated with a given uncertainty 

¡  Estimates are based on an algorithm that assumes two cameras with a given 
image error positioned along a viewing strip 

Estimated position of 
poles with a certain error 

Viewing strip 
Representation at GP 



3D RECONSTRUCTION MODEL 

Bhattacharyya distance 

GP EP? 

If EP? and GP are similar – assign 
high likelihood, if dissimilar, assign 
low likelihood 

At each room 
location (EP?) 



VIEW-BASED MODEL 

¡  Mental representation of position in a scene is determined by simple features 
that were extracted from views of our 3 landmarks 

¡  Feature selection on previous dataset 

¡  Feature A: Error on largest angle between poles (Monocular feature) 

¡  Feature B: Disparity gradient across poles spanning the smallest angle 
(Binocular feature) 

Left Eye Right Eye 



VIEW-BASED MODEL 

Feature A error 
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Pole locations + GP/EP pair 
defines a single point in 
feature error space 

We fit a 2D Gaussian to the point cloud of training 
data.  



VIEW-BASED MODEL 

GP 

EP? 

By extracting the feature error 
for all possible EPs in the 
room, we can read off the 
likelihood for that room 
location for the testing data 
set. 
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MODEL COMPARISON (SPARSE-CUE) 

x-axis: Likelihood under view-based model 

y-axis: Likelihood under 
reconstruction-based model 

Mean log likelihood - 
The closer to 0, the better the model 
is doing 



MODEL COMPARISON (SPARSE-CUE) 

Simulated 
reconstruction-
based data sets 

Simulated view-
based data sets 

Real data 

Sampling 



MODEL COMPARISON (SPARSE-CUE) 

Simulated 
reconstruction-
based data sets 

Simulated view-
based data sets 

Real data 

Sampling 



MODEL COMPARISON (SPARSE-CUE) 



MODEL COMPARISON (SPARSE-CUE) 



CONCLUSIONS 

¡  View-based model outperforms reconstruction-based model 

¡  Reconstruction-based model makes very broad predictions 

¡  Pickup, L. C., Fitzgibbon, A. W., & Glennerster, A. (2013). Modelling human visual 
navigation using multi-view scene reconstruction. Biological Cybernetics, 107(4), 
449-464. 

¡  Pickup, L., Fitzgibbon, A., Gilson, S., & Glennerster, A. (2011, June). View-based 
modelling of human visual navigation errors. In IVMSP Workshop, 2011 IEEE 10th 
(pp. 135-140). IEEE. 



Human	naviga*on	in	3D	
environments	

Alex	Muryy	
Andrew	Glennerster	



Goals	

•  Study	representa*on	of	spa*al	knowledge	of	the	3D	
environments	in	human	brain	

•  Facilitate	reinforced	neural	network	learning	with	
human	data	

	



Example	of	3D	scene:		labyrinth	with	4	target	objects	
Task:	find	all	targets	and	visit	them	twice		



Par*cipants’	performance	



Plans	
•  to	dis*nguish	between	poten*al	models	of	human	naviga*on	

and	spa*al	memory	(Warren	et	al.,	2016)	

•  provide	appren*ce	data	for	reinforcement	learning	
•  to	gain	inspira*on	about	human	representa*ons	from	the	

strategies	adopted	by	CNN	

metric	
reconstruc*on		

topological	
graphs	

labeled		
graphs	



3D Natural Object Database 

•  Real-world objects and 
tasks 

•  Statistics of the 
environment 



Intuitive Models of 
Physics 

Placing constraints on understanding 
incoming sensory data 
 
•  Calibration of existing cues 
•  Learning new cues 
•  Judging the reliability of cues 
•  Deciding when to combine cues 

Scarfe and Glennerster (2014). Humans use predictive kinematic 
models to calibrate sensory visual cues to 3D surface slant. Journal of 
Neuroscince, 34 (31). 10394-10401. 



Glitter 
Paper 

Flann
el 

Multisensory Perception:  Vision 
and Touch 

•  First thing you want to do in VR is reach out and touch 
what you see 

•  How sensory cues are combined? 
•  What is the relationship between “higher level” cue 

representations (e.g. “flannel”, ”glitter paper”) and 
“lower level” cue combination (e.g. slant, depth, size) 



Internal representations 
•  Luise’s experiment: 

–  people’s navigation 
behaviour is compatible 
with them returning to a 
‘view’ or sensory state. 

•  Alex’s experiment: 
–  we have yet to see. Here, the 

interest is in what 
reinforcement learning 
learns and whether that has 
any similarities to human 
learning or representation. 



Graphs of sensory states joined by actions 
•  e.g. Gupta’s group: 

–  learn which images or video 
sequences are likely to 
follow one another 



Graphs of sensory states joined by actions 
•  e.g. Gupta’s group: 

–  learn which images or video 
sequences are likely to 
follow one another 

–  learn which saccades 
(spatial relationships) 
connect different patches of 
an image 



A 6 week-old baby: 

https://www.youtube.com/watch?v=6qFj7Lh0Bbc 

•  Camera/eye can 
rotate easily but 
not much 
translation of the 
camera/head 

•  lots of practice at 
connecting 
images that are 
related by a pure 
rotation of the 
camera 

 



A stable coordinate frame for eye rotation 
 
  

Fixated point here 



Fixated point here 

A stable coordinate frame for eye rotation 
 
  



A stable coordinate frame for eye rotation 
    Fovea 

  After many eye movements 
Watt and Morgan (1985) 



A stable coordinate frame for eye rotation 
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Glennerster, Hansard and Fitzgibbon (2001) 



A graph of images in which  
edges are eye rotations (saccades) 
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Making saccades 

‘I am looking at A and I want to look at B’  
(sensory+motivational context) 

Consequence: saccade from A to B 



A graph of images in which  
edges are head movements 
 
  

Head movements 

‘I want to move my head while maintaining 
fixation on A’ (sensory+motivational context) 



A graph of images in which  
edges are head movements 
 
  

Head movements 
  Keeping all the nodes the same but changing    the edges to smaller movements would   result in the perception of a greater slant 



 
A graph of images in which  
edges are head movements  
and saccades 
 
  

  Recent review:   Glennerster (Phil Trans B, 2016)     Join in a discussion:   http://wiki.glennersterlab.com/index.php 



Plans 

•  Psychophysical tests of the predictions of different 
models of 3D vision in humans  

•  Investigation of ‘summaries’ of a 3D scene (which scenes 
differ but are perceptually indistinguishable) 

•  Collaboration with Philippe Schyns and Phil Torr groups 
on scene categorisation in immersive virtual reality 
(using eye tracking) 

•  Collaboration with Phil Torr group on spatial memory in 
humans and as built up by reinforcement learning  

•  Develop theoretical approaches to understanding 
human 3D vision 


