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An object can cast an infinite number of
projections on the retina




A flower, as seen by a computer
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Two simple and useless solutions
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A brute force approach to object recognition
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A “brute force” solution:

- Use templates for each letter

- Use multiple scales per template

- Use multiple positions per template
- Use multiple rotations per template
- Etc.

Problems with this approach:

- Large amount of storage for each
object

- No extrapolation, no intelligent
learning

- Need to learn about each object
under each condition




Recognizing objects by part decomposition
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Figure 4.8
(Left) Five geons. (Right) Only two or three geons are required Lo uniquely specify an
object. The relations among the geons matter, as illustrated by the pail and the cup.

Biederman (1987) Psychological Review
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Common themes across multiple object
recognition models

*Hierarchical structure
“Divide and conquer” strategy

*Increased receptive field size along the hierarchy
*Increased complexity in shape preferences along the hierarchy

*Increased tolerance to (affine) feature transformations along the hierarchy



Neocognitron
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A hierarchical feed-forward model of visual recognition
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The CBCL model: A biologically-inspired, bottom-up,
nierarchical model of object recognition
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A biologically-inspired, bottom-up, hierarchical
model of object recognition
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Biophysical implementation of cortical nonlinear operations

Neural Computation 2008

Inhibition

Canonical

Energy model

Sigmoid-like

Gaussian-like

Max-like



Example: responses of the top-level units
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We can decode object information from the model units
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Correlation between model performance and IT
variance explained
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Neural-like models via performance
optimization
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Example IT neural predictions
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Population-level similarity

Population similaritty to IT
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V4 neural predictions
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Object recognition by alignment to prototypes

Prototype

Alignment of 3 points to the prototype (black arrows)
Note: some points may not align (red ellipses)

Uliman (1996) High-level vision



Some ideas about viewpoint invariance:
learning from examples

FIG. 1 a Network representation of approximation
by GRBFs. In a special simple case, there are as
many basis functions (K) as views in the training
set (M; in general, K <M). The centres of the
radial functions are then fixed and are identical
with the training views. Each basis unit in the
‘hidden’ layer computes the distance of the new
view from its centre and applies to it the radial
function. The resulting value G(||x -t |} can be
regarded as the ‘activity’ of the unit. If the function
G is gaussian, a basis unit will attain maximum
activity when the input exactly matches its centre.
The output of the network is the linear superposi-
tion of the activities of all the basis units in the
network. b, An equivalent interpretation of a for
the case of gaussian radial basis functions. A
multidimensional gaussian function can be synthe-
sized as the product of 2-D gaussian receptive

fields operating on retinotopic maps of features. The solid circles in the
image plane represent the 2-D gaussian functions associated with the first
radial basis function, which corresponds to the first view of the object. The
dotted circles represent the 2-D receptive fields that synthesize the gaussian

FIG. 2 Application of a general module for multi-
variate function approximation to the problem of
recognizing a 3-D object from any of its perspec-
tive views. a, Module is trained to produce the
vector representing the standard view of the
object, given a set of examples of random perspec-
tive views of the same object. The module is also
capable of recovering the viewpoint coordinates
0, ¢ (the latitude and the longitude of the camera

on an imaginary sphere centred at the object) that correspond to the training
views. When given a new random view of the same object (b), the module
recognizes it by producing the standard view. Other objects are rejected by
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transduce positions of features represented implicitly as activity in a
retinotopic array, and their product ‘computes’ the radial function without
the need of calculating norms and exponentials explicitly.
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thresholding the euclidean distance between the actual output of the model
and the standard view (this step corresponds to the action of a single radial
function with a sharp cut-off centred on the standard view).

Poggio and Edelman, Nature 1990



Learning about object transformations by
exploiting slowness
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Bottom-up versus Top-down approaches

Bottom-up, horizontal and top-down connections intermixed throughout neocortex

The speed of visual recognition places a strong constraint on computational models:
- Scalp EEG: complex categorization by ~150 ms (Thorpe et al 1996)
- ITC responses show latencies of ~100 ms (e.g. Richmond et al 1983)
- Visual recognition in RSVP sequences (e.g. Potter et al 1969)

“Long” versus “short” loops in neuronal circuits underlying recognition
- “Short” loops: Horizontal connections; V1 - V2 = V1
- “Long” loops: ITC > V1 > ITC

There is more to life than vision... Memory, attention, emotions, planning,
consciousness, etc. Top-down connections are likely to play key roles in this and
other aspects of visual recognition.



Bottom-up saliency models
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Spatial and feature attention through feedback

B Feature attention
B Feed forward

B Saliency

Fig. 2. Left: Proposed Bayesian model. Right: A model illustrating the interaction
between the parietal and ventral streams mediated by feedforward and feedback
connections. The main additions to the original feedforward model (Serre, Kouh,
et al., 2005) (see also Supplementary Online Information) are (i) the cortical
feedback within the ventral stream (providing feature-based attention); (ii) the
cortical feedback from areas of the parietal cortex onto areas of the ventral stream
(providing spatial attention); and (iii) feedforward connections to the parietal
cortex that serves as a ‘saliency map’ encoding the visual relevance of image
locations (Koch & Ullman, 1985).

Chikkerur and Poggio 2010



op-down signals in visual search
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The model can search for objects in cluttered

Images
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The model’s performance is comparable to human
performance in the same visual search task
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