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@ Associative memories and error correcting codes
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Two operations:

» Store a message,

» Retrieve a previously stored message from part of its content.

Example:

» Store binary message -11-111-1-11
* Retrieve it from -11-111-1-11
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‘Bample: the thrifty code
[]

L » Code containing only binary words with a single “1":
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‘Bample: the thrifty code
[]

» Code containing only binary words with a single “1":

A
S
N O ___O0_
l » Drawback: dmin =2 :
0 MO
Ao __ 0O
AR e But easy to decode and minimise the energy:
O+
dmin |:| Dnﬂcjﬂur_‘l_ RO O___
1 winner-take-all
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‘Bample: the thrifty code
[]

» Code containing only binary words with a single “1":

{
O 0O_____
N O ___O0_
l * Drawback: dmin = 2 :
O
Ao __ 0O
AR e But easy to decode and minimise the energy:
O
min [] Dﬂﬂcﬁﬂﬂﬂm_” _____ O___
l winner-take-all
|:| e These codes can be associated like the distributed

codes. . .
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® Sparse networks, principles and performance



Example:
Message to store: 1000001100101001

Gripon, Berrou, Alisbadi, Jiong RN SIS



Example:

Message to store: 1000001100101001
» For example: a network of ¢ = 4 clusters made of / = 16 neurons each,
L]

Gripon, Berrou, Aliabadi, Jiang



Example:

Message to store: 1000001100101001
» For example: a network of ¢ = 4 clusters made of / = 16 neurons each,
« 1000 0011 0010 1001,

R N =~

Jiinci jainca jzincs jaincy

Gripon, Berrou, Aliabadi, Jiang



Example:

Message to store: 1000001100101001
» For example: a network of ¢ = 4 clusters made of / = 16 neurons each,
« 1000 0011 0010 1001,

R N =~

Jiinci jainca jzincs jaincy

Gripon, Berrou, Aliabadi, Jiang



Example:

Message to store: 1000001100101001
» For example: a network of ¢ = 4 clusters made of / = 16 neurons each,
« 1000 0011 0010 1001,

R N =~

Jiinci jainca jzincs jaincy
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# Local connection,




# Local connection,







1000 0011 0010 1001 ,
S = = =

Jiinci j2incCz j3inCz jainCq

# Local connection,
» Global decoding: sum,

» Local decoding:
winner-take-all,

Gripon, Berrou, Aliabadi, Jiang



1000 0011 0010 1001 ,
S = = =

Jiinci j2incCz j3inCz jainCq

# Local connection,
» Global decoding: sum,

» Local decoding:
winner-take-all,

» Possibly iterate the two
decodings.
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» Clusters must be large and few,

» Stored messages are all of the same length.
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® Shorter messages,
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» Clusters must be large and few,

» Stored messages are all of the same length.

00100101 ddea
e

® Shorter messages,
® Clusters and thrifty codes,

® Sparse network,
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» Clusters must be large and few,

» Stored messages are all of the same length.

Allustration
~10-01 ddea
@, ® Shorter messages,
® Clusters and thrifty codes,
® Sparse network,
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» Clusters must be large and few,

» Stored messages are all of the same length.

® Shorter messages,

® Clusters and thrifty codes,

® Sparse network,

® Sparse messages.

» Global winner-take-all.
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o B SR I » After global message

- l . o . passing. . .

l . » After local maximum
B - — — — selections. . .
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» After global message
passing. . .

» After local maximum
selections. . .

# Global maximum selection.

« Diversity o< ¢?,

» Stored messages length may
vary.
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Designing an associative memory
\

T T

sparsity

7

distributed codes

e Nearly optimal capacities, substantial diversities,

e Massively parallel architecture,
e Analogies with neurobiological architecture and functioning,

e Robustness, resiliency. . .,

Degrees of freedom: inhibitions, time, weights,

No trade off required between performance and plausibility.
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