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Neocognitron: rationale

)
Fig. 5. An example of the interconnections between cells and the
response of the cells after completion of self-organization
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Neocognitron: activation rule

convolution
_ Ki-1 ~
1+ Z Z aylk,_ 1, v, k) ue, (k_,m+v)
k;_1=l VED]
ug(ky, n)=r,- @ : o —1
i 1+ 1+Irl -b(k) v¢;— 1 (m) N
where \ divisive
x x=0 normalization
PLX1=10 x<o0
/ Ki-1
Vey— 1 ()= ) 2—1 ZSCz—1(")'”gz—1(k1~1an+")a

Relu



Neocognitron: learning rule

Let cell ug(k,, i) be selected as a representative.

Aafk,_ v, 121) =q; ¢ (V) Uy (k4 V),

From each S-column, every time when a stimulus
pattern is presented, the S-cell which is yielding the
largest output is chosen as a candidate for the repre-
sentatives. Hence, there is a possibility that a number
of candidates appear 1n a single S-plane. If two or more
candidates appear in a single S-plane, only the one
which is yielding the largest output among them is
selected as the representative from that S-plane. In
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Neocognitron: performance
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Fig. 6. Some examples of distorted stimulus patterns which the

neocognitron has correctly recognized, and the response of the final Fig. 7. A display of an example of the response of all the individual
layer of the network cells in the neocognitron



\

H
-y
/
[ 77
¥ {7 4
I//

Stride
24 of 4

3
A

Image

55

96

‘AlexNet’

(Krizhevsky, Sutskever & Hinton 2012)
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This isn't a good model of perception



The invariant representations produced by deep
convnets are...

easily fooled and brittle
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Images are not bags of features
(BagNet - Brendel & Bethge 2019)

original texturised images




Relative spatial relationships are important
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Pareidolia




Reference frame effects in perception

Diamond or square”

b.
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How to form invariant object representations?



Reference frames require structured representations

object-
based
units

The meaning of the triangular symbol in fig. 1 pes. 3
is quite complex. It stands for two rules: ori, 1‘
size
1. Multiply the ectivity level in the retina-
based unit by the activity level in the mapping
u.nn:t and send the product to the object-based pos. A mapping
unit. . .
ori. A units
. size O
2. Multiply the activity level in the retina-
based unit by the activity level in the object-
besed unit and send the product to the mappin
unit. P Ppine pos. B
1 Ori . @
size
~ .
(t:) retina-
based
units

Hinton (1981)



DJynamic routing
(Olshausen, Anderson, Van Essen 1993)

Analysis/
Recognition

High level
? / feature vector cortical areas
Object-centered reference frame
(position and scale invariant)
Early/intermediate

cortical areas (form processing)

Window of
Attention

Retina




Dynamic routing circuit
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Pattern matching via dynamic routing




Factorization of shape, color and position
(Paxon Frady)

u®* = horizontal position x;
vYi = vertical position y;
w,. = color channel c

(O 10 20 30 40 50

S = Z[(aji,yj, c)u” v¥ w,

2,],C
Given s, find x, y, ¢ and p via resonator:
Xii] = g(XXT (s ® Sft_l 0 (A:t_l R f)t_l)) horizontal position
( (s®%,'®¢; P @p; ) vertcal position
Cti1 = g(CCT (s ® )Act_l X }Aft_l 0% f)t_l)) color
( ! S@)A(;1®Sf;1®é;1)) pattern

VR



Visual scene analysis via factorization of HD vectors
(Paxon Frady)

Color Letter Vertical Horizontal

< A b

blue cyan red adg jmpsvy 0 1020304050 0 10 20 30 40 50




Extension to translation, rotation and scaling

_ B Pattern Rotation Scale Vertical Horizontal Color
translation rot/scale 300
| ||| g2
1 é 11 f‘ .% ﬁ
§ —ir
‘7 — ' nAl — S 90 270 -3 0 3 0 153045 0 15 30 45 red cyan white
Cyan
9
‘é
PN = 8
s p 1 £
S 90 270 -3 0 3 0 153045 0 15 30 45 red cyan white

s=) ¢, 0h" ov¥ oA (@ om™ ©dy,)

Renner, et al. (2024). Neuromorphic visual scene understanding with resonator networks.
Nature Machine Intelligence.



Factorization of Visual Scenes with Convolutional

Sparse Coding and Resonator Networks.
(Kymn, Mazelet, Kleyko & Olshausen. NICE 2024 Proceedings)

Horizontal Position (h)
< Vertical Position (v)

Object Identity (o)

[Clclelc]5]N)c)€]

Convolutional
Sparse Code

High-dimensional Resonator Network

N vector
b = g(HH!(z 0 9] © 6}))
Learned basis functions \Aft+1 — g(VVT(Z @ hl o (A)I))
') 6111 = 9(00!(z© hj © ¥))
I
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Performance
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Learning to separate shape and transformations via

Lie group operators and sparse coding
(Ho Yin Chau, Yubei Chen, Frank Qiu)
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Results
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