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   Abstract 

We apply salient feature detection and tracking in videos to simulate fixations and smooth pursuit in human vision. With 
tracked sequences as input, a hierarchical network of modules learns invariant features using a temporal slowness 
constraint. The network encodes invariance which are increasingly complex with hierarchy. Although learned from 
videos, our features are spatial instead of spatial-temporal, and well suited for extracting features from still images.  We 
applied our features to four datasets (COIL-100, Caltech 101, STL-10, PubFig), and observe a consistent improvement 
of 4% to 5% in classification accuracy. With this approach, we achieve state-of-the-art recognition accuracy 61% on 
STL-10 dataset.  

1    Motivation u Hand-‐designed	  features	  encode	  
many	  type	  of	  invariances,	  and	  
each	  invariance	  adds	  engineering	  
complexity	  

u Simulated	  fixa;ons	  make	  it	  
possible	  to	  extract	  non-‐trivial	  
transforma;ons	  

u We	  find	  a	  natural	  set	  of	  
invariances	  by	  learning	  from	  
natural	  videos	  
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  Learn hierarchically invariant features, unsupervised 

Group	  size	  2	  sub-‐space	  
pooling	  gives	  efficient	  
quadrature	  pair	  
representa;on	  

1st	  layer	  learning	  module	   Learning	  high-‐level	  features	  

Place	  temporal	  coherence	  cost	  	  
across	  frames	  on	  pooling	  units	  

Reconstruc;on	  cost	   Sparsity	  cost	   Temporal	  slowness	  cost	  

The	  sub-‐space	  structure	  
decomposes	  
representa;on	  into	  
‘norm’	  and	  ‘angle’,	  which	  
gives	  a	  ‘what’	  and	  
‘where’	  interpreta4on	  [2]	  
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Norm	  of	  (a,	  b):	  	  
Slow	  changing;	  
Invariant	  feature	  

Angle	  formed	  by	  arctan(a/b):	  	  
Quickly	  changing;	  
Mo4on	  representa4on	  

Increment	  in	  
interpola;on	  angle	  
correspond	  to	  
transla4ons	  in	  the	  local	  
feature	  

The	  second	  layer	  learns	  complex	  invariances.	  
Visualiza;on	  of	  second	  layer	  invariances	  	  
by	  incremen;ng	  subspace	  pooling	  angle	  
Second	  layer	  features	  are	  roughly	  invariant	  to	  
these	  shown	  transforma;ons	  

‘rota;on’	  like	  

Large-‐scale	  
transla;on	  

Out-‐of-‐plane	  
changes	  

Connec4ons	  with	  models	  for	  MT	  [5]	  
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   Results 
The	  features	  are	  trained	  once	  on	  
the	   van	   Hataren	   video	   dataset,	  
and	   transferred	   to	   mul4ple	  
object	   recogni4on	   datasets:	  
COIL-‐100	   (87%),	   Caltech-‐101	  
(74.6%),	   STL-‐10	   (61%),	   PubFig	  
(90%[our	  split])	  
Our	   approach	   brings	   results	   to	  
compe44ve	   or	   state-‐of-‐the-‐art	  
levels	  
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   Invariance 
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