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7 ’(Objectives

tand how brain solves the very difficult
of object recognition.

existing biological learning/processing
ns in Leabra

ad integration of different domains with
of neural/cognitive mechanisms

ercially (eCortex) and In
cognitive agent) to the the
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>0ggio et al Model

rersion of Neocognitron)

S2

gray-value Apply battery of Gabor Local maximum over Filter (L2 RBF) with N previously The C2 values
fikers. Here we see position and scale. seen patches [P | i=1.N]. These are computed by
filtration at 8 scales and patches are in C1 format. Each 1aking a max
4 orientations (color orientation in the patch is matched | over all 52
indicates orentation). to the corresponding orentation in | associated with
The full model uses 16 C1. The result is one image per (1 | a given patch.

band per patch




ber, Poggio et al Model

sful current version of Neocognitron)

acts large number (1000’s) of prototypes from sample
esponse is RBF dist from prototype (instance-
legorization model)

Ing classifier on top of C2 layer
State-of-the-art vs. other Al

ible
M only does binary classi

ation)
1S 1C i 0 C nti J



--!_eabra Algorithm

1. Biological realism

— ="\ ~—3. Inhibitory
[.ll.mm Competition

TS 4. Bidirectional
\_— Activation
h Propagation
-“'

6. Hebbian
Learning

Same algorithm (and mostly params) can simulate ~1OO differeht
cognitive phenomenal!



’Sf Leabra Vision Model

tely homogenous, more biological
arate S,C, SVM vs. RBF, etc
all levels of representation

learns more complex and invariant
lons building on prior layer

nal: top-down effects
targets, ambiguity resolution...
single model
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bra Vision Model
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group_name:
trial_name: veh3d_1r20_bgl0//car_wagon_00
output_name: suvanagon



actional Connectivity

« Constraint satisfaction:
higher-level
Interpretation feeds
back to constrain

lower-level feature



al Connectivity

« TOop-down goal-
~ directed processing:




Rendered Objects

1 Google Sketchup Warehouse

n ergent Virtual Environment using Coin3d

rt to systematically test object recognition
parameterized datasets and large quantities
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‘6ﬁer Detalls

I object rendered with different depth rotations and




tC J'; Confusion Matrix

airplane helicopter

helicopter - 0%
motorcycle
suvanagon

suvanagon sedan 4%







5 rendered against
ected background
2r In location)




s from Video, Background Removed

iple first-pass motion-based filtering of
1 subtraction of background to obtain

images and 113 “suvanagon”
2 defn as 3d rendered objects),
h, train on remainder
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tech 101: Results

5% correct generalization performance

r et al got ~65% too, best now Is




e Time and Network Size

‘_. 20k units, 2.5M connections

3 days to train on existing benchmarks,
des on 2002 era cluster (“dream”)

ated: 64k units, 6M connections




ture Directions

te 3D object dataset and tests (~100
ategories)

ound segregation for cluttered scenes
i motion train monocular depth cues??
top-down processing!!
egory-level tests (indiv. faces)
I-modal input/output
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Leabra Equations

\ 1euron integrate-and-fire unit:
=1[g (1) (E -Vm(Y)) +
g (t) (E - Vm()) +

- g(® (E - Vm())]
alpha function:




TA Inhibition

_ _ooled |nh|b|t|on very robust and fast --
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S 1\ "Kttractor Learning (CAL)

) y(+) - <x(t) y(H)>

0d” state of the system (e.g., when feedback
aled by dopamine, or just later in processing of a
after all sensory cues have been integrated)

average of all other states

in” around good attractors states (SVM

er and generalizes significantly better

ation by CU and eCortex.



eabra Architecture

ctve mantenace  Blologically-based

Frontal Cortex

oooo Cognitive Architecture
cooa defined by computational

OOOO

adeoffs In learning
Iled models of eac
oo<9

Basal Gangha 1 KV
( ctio

Posterlor Cortex Hlppocampus
(sensory representations) (episodic memory)



