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Attentional modulation 
of feature representations



  

A hierarchical parallel network for vision

Felleman and Van Essen, Cerebral Cortex, 1992

● Dozens of anatomical and 
functional areas arranged in a 
hierarchical, parallel network 
with recurrent feedback.

● Transformations between 
areas are nonlinear.

● Each area represents a 
different high-dimensional 
feature space.

● Each feature space is 
projected/distributed across 
the cortical surface.

● Each area is differentially 
affected by bottom-up and 
top-down information.



  

s(x,y,t) r
v
(t)H

v
(x,y,t,a)

Visual neuroscience as system identification

The amount of data required to fit the model
Is proportional to the degree of nonlinearity.

State variables (e.g. Attention) multiply
The dimensionality of the problem.



  

A unique feature space for each visual area

Mid-level



  

A unique feature space for each visual area
448 Objects in 8 Categories Variation in background, lighting & Shadow

Rendered movies with
3D camera motion

Mark
Lescroart



  

Feature spaces from rendered images

Lescroart, Nishimoto & Gallant, in preparation



  
Lescroart, Nishimoto & Gallant, in preparation

The “receptive field” of a single V1 voxel

Gabor pyramid Boundary contours WordNet



  

Predictions of 9
different feature
space models

Lescroart, Nishimoto & Gallant, in preparation



  

We have little signal
in face-selective areas
probably due to the
stimuli used here

Lescroart, Nishimoto & Gallant, in preparation



  

Area V1 represents
motion energy

Lescroart, Nishimoto & Gallant, in preparation



  

Intermediate areas
represent boundary
contours

Lescroart, Nishimoto & Gallant, in preparation



  

Scene-selective areas
represent 3D surface
contour boundaries

Lescroart, Nishimoto & Gallant, in preparation



  

Plans and future directions

● Explore many additional feature spaces.
● Disentangle correlations between various feature 

spaces.
● Examine effects of attention to foreground, background, 

features, surfaces and objects.
● Create more complicated rendered stimuli that include 

object motion, flexible objects and so on.



  

Convolutional Networks can provide useful
features for modeling neurons

Yamins, Hong, Cadieu, Solomon, Seibert & DiCarlo, PNAS, 2014



  

Using ConvNet layers as feature spaces

Agrawal, Stansbury, Malik & Gallant,  in preparation

Pulkit
AgrawalNote: The CNN used here

contained 5 convolutional
layers and 2 classifier layers.



  
Agrawal, Stansbury, Malik & Gallant,  in preparation

Predictions of Deep ConvNet layers match
the visual hierarchy



  

Complexity across the cortical hierarchy

Agrawal, Stansbury, Malik & Gallant,  in preparation



  

Deep ConvNet predict all areas well

Agrawal, Stansbury, Malik & Gallant,  in preparation



  

V1 voxels are selective for fine texture

Agrawal, Stansbury, Malik & Gallant,  in preparation



  

V4 voxels are selective for curvature & texture

Agrawal, Stansbury, Malik & Gallant,  in preparation



  

V4 voxels are selective for curvature & texture

Agrawal, Stansbury, Malik & Gallant,  in preparation



  

FFA voxels are selective for faces

Agrawal, Stansbury, Malik & Gallant,  in preparation



  

PPA voxels are selective for places

Agrawal, Stansbury, Malik & Gallant,  in preparation



  

Plans and future directions

● Examine other artificial neural network architectures that 
might produce better voxel-wise models than we get from 
Caffe/AlexNet.

● Perform spatial clustering on the fit models to verify 
existing functional parcellations and to discover new 
ones.

● Use the fit models to better understand what information 
is represented in each visual area.

● Use this modeling network to analyze data obtained in 
attention experiments.



  

Changes in attentional gain will change tuning



  

Top-down influence and the matched filter

Cukur, Nishimoto, Huth & Gallant, Nature Neuroscience, 2013



  

Fitting the category attention model

Cukur, Nishimoto, Huth & Gallant, Nature Neuroscience, 2013

Tolga
Cukur



  

Attentional tuning shifts in a single FFA voxel

Cukur, Nishimoto, Huth & Gallant, Nature Neuroscience, 2013



  

Attention shifts category tuning in single voxels

Cukur, Nishimoto, Huth & Gallant, Nature Neuroscience, 2013



  

Attention to object categories changes maps

Cukur, Nishimoto, Huth & Gallant, Nature Neuroscience, 2013



  

Plans and future directions

● Use good and bad images from the VGG set.
● Evaluate several different semantic hierarchies from different 

regions of wordnet.

● Explore fine-grained discriminations (“Is there a person wearing 
glasses?” “Is there a person who looks angry?”)

● Use image sets where the distractors are relatively homogeneous 
and highly similar to the target (e.g., horses in other large four 
legged mammals).

● Examine attention to pose.

Vertebrates
Mammals

Primates
Carnivores

Birds
Reptiles

Snakes
Lizards

Bugs
Butterflies
Worms
Spiders



  

We can use a scene model to decode objects

Image
Likely
Scene

Likely
Objects Image

Likely
Scene

Likely
Objects

Stansbury, Naselaris & Gallant, Neuron, 2013
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