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Abstract: Kernel method is an effective and popular trick in machine learning, and small world network is a
common phenomenon which exists widely in social fields. In this paper, by introducing them into Hattori et al’s
multi-module associative memory for many-to-many associations (MMA)?), a unified framework of small world
structure inspired many-to-many kernel associative memory models (SWSI-M?KAMs) is proposed. The
SWSI-M2KAMs not only can store patterns online without more iteration steps, but also extend the range of the
processed intelligent information. More importantly, the SWSI-M?KAMs framework can develop more new
many-to-many associative memory models by selecting different kernel functions and reduce models' configuration
complexity by using the sparse small world architecture. Finally, computer simulations demonstrate that the
constructed models have good performance on many-to-many associative memory.
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Tablel The three-tuple sample setsfor training and the corresponding numbers and codes

1
Pattern number Module 1 Module 2 Module 3 Pseudo-Noise code
| #
1 ] iy 100010011010111
| g
. g
2 r 1 000100110101111
4 m . ‘ 010011010111100
CE [
T hal #
5 K 100110101111000
¥ -
6 ‘] n ‘ 001101011110001
L
7 - ] 011010111100010
S ]
8 r 1 110101111000100
i - i
[T
T hal #
9 . N1 101011110001001
S
,SWSI-M2KAMs 1 , ,
, 3
) 25 ,SWSI-M2KAMs

12,6

EE a0

(a) Theinitial input image with 25% salt & pepper noise (b) The first recalling sample

(@ 25% by 1
-
SCE BNOWA
(c) The second recalling sample (d) The third recalling sample
( 2 (d 3
Fig.4 Routine association of single-input sample with salt & pepper noise
4
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Fig.5 Intersection association of multi-input samples with Gaussian and salt & pepper noise
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Fig.6 Union association of multi-input samples with gaussian noise and partly upper occlusion
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