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Abstract. A multidirectional associative memory (AM) is proposed. It
is constructed with three layer networks: an input layer, a memory layer,
and an associate layer. The proposed method is able to realize many-to-
many associations with no predefined conditions, and the association can
be incrementally added to the network without destruction of old associ-
ations. Experiments show that the proposed AM works well for real tasks.
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1 Introduction

An associative memory (AM) is a memory that stores data in a distributed
fashion and which is addressed through its contents. Traditional methods such
as the Hopfield network [I], the bidirectional associative memory (BAM) [2] and
their variants realize one-to-one association, i.e., according to one key vector,
only one stored vector is recalled. However, with a stimuli, we human beings
usually remember much things rather than one. We hope AM can simulate the
memory of human beings by realizing many-to-many association.

Another challenge is incremental learning of associations. We human beings
are capable of learning new knowledge without destruction of learned knowledge.
Therefore, AM should incrementally memorize new key-response information
without destroying stored key-response information.

Some neural models have been proposed for multidirectional AM or incremen-
tal learning. Recently published self-organizing incremental associative memory
(SOTAM) [3] incrementally stores new key-response pairs without destruction of
memorized information, however, to realize incremental learning, SOIAM spends
plenty of storage and computation cost. M. Hagiwara proposed a multidirectional
AM [] for many-to-many association, but the association was not flexible. It
was necessary to preset the number of layers with the predetermined number of
associations.
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In this paper, we propose a multidirectional AM to realize many-to-many
association and incremental learning. A three-layer network is adopted for our
targets (Fig.[). The input layer inputs key vector, response vector, and associa-
tion into the AM system. The memory layer stores information coming from the
input layer. The associate layer builds the associative relation between the key
vector and the response vector. In associate layer, we incrementally construct
many-to-many associations.

2 Learning Algorithms

2.1 Memory Layer

Herein, we adopt a self-organizing incremental neural network (SOINN) [5] to
build the memory layer. SOINN is based on competitive learning. Neural nodes
are used to represent the data distribution of input data. The weights of such
nodes are used to store the input patterns. The memory layer comprises some
sub-networks, and each sub-network is used to represent one class. For each
class we adopt one SOINN to represent the distribution of that class. Algorithm
[[ shows the learning algorithm of memory layer.

Algorithm 1. Learning of the memory layer
1: Initialize the memory layer network: node set A, sub-network set S, and connection
set C, C C A x A to the empty set: A=0,5 =0, C=0.

2: Input a pattern x € R™ to the memory layer, the class name of x is ¢,.

: if There is no sub-network with name ¢, then
Add a sub-network ¢, to memory layer. This sub-network has a node c., the
weight of ¢l is set as .
Add node ¢! to the node set 4, i.e., S=SU{c,}, A=AU{c}.

else
Update the sub-network ¢, with SOINN (Algorithm 2.1 in [5]).

: end if

= W

® N>
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According to [0], to build connections among neural nodes, SOINN adopts
the competitive Hebbian rule [7]: for each input signal, connect the two clos-
est nodes with an edge. This rule forms a network whose edges are in the
area suggested by input data distributions. The network represents a subgraph
of the Delaunay triangulation (Fig. Bla). Using the competitive Hebbian rule,
the resultant graph approximates the shape of the input data distributions
(Fig. @b). Hence, Algorithm [l is capable of representing the input data distri-
bution well. The nodes of sub-networks are the centers of Voronoi regions. Such
nodes serve as the attractors for future recalling phase, the Voronoi regions form
the basins of attraction.

In Algorithm [Il each class is allocated a sub-network. It shows that, for dif-
ferent classes, the dimension of vectors might be different. On other words, the
memory layer is capable of memorizing data of different types (patterns with
any different dimensions).

Algorithm 2. Learning of the associate layer
1: Initialize the associate layer network: node set B, arrow edge set D C B X B to

the empty set: B=0, D =

Input a key vector z € R", the class name of z is c,.

Use Algorithm [I] to memorize key vector z in the memory layer.

if No node b exists in the associate layer representing class ¢, then
Insert a new node b representing class ¢, into the associate layer:
B=BU{b}, co = o, mpy =0, W, = z.

else
Increment the associative index of b: my «— myp + 1;

Find node i that is most frequently being winner in sub-network c,.
9:  Update the weight of node b in associate layer: W, = Wi .

10: end if :

11: Input the response vector y € R™, the class name of y is ¢y.

12: Use Algorithm [Il to memorize the response vector y in the memory layer.
13: if No node d representing class ¢, in the associate layer then

14:  Insert a new node d representing class ¢, into the associate layer:

B=BU{d},ca=cy,ma=0, Wg=y.

15: else

16:  Find node 7 which is most frequently being winner in sub-network c,.
17:  Update the weight of node d in associate layer: Wy = WC%.

18: end if \

19: if There is no arrow between node b and d then

20:  Connect node b and d with an arrow edge.

21:  Add arrow (b,d) to connection set D: D = D U {(b,d)},

22:  Set the myth response class of b as ¢q: RCy[mp] = cq,

23:  Set the weight of arrow (b,d) as 1: W, q) = 1.

24: else

25:  Set the myth response class of b as cq: RCy[mp] = cq,

26:  Increment the weight of arrow (b,d) with 1: W4, g+ W a) + 1.

27: end if
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2.2 Associate Layer

Associate layer is to build association between key vectors and response vectors.
We designate the class a “key class”, to which the key vector belongs, and call the
class the “response class”, to which the response vector belongs. In the associate
layer, nodes are connected with arrow edges. Each node represents one class:
the beginning of the arrow means the key class; the end of the arrow means the
response class.

For training of the associate layer, firstly, Algorithm [ is used to memorize
information of both the key vector and the response vector. Then, the class name
of the key class and response class are sent to the associate layer. In the associate
layer, if there already exist nodes representing the key class and response class,
we connect the nodes of the key class and response class with an arrow edge. If
no node represents the key class (or response class) within the associate layer,
we add a node to the associate layer and use that node to express the new class
and then we build an arrow edge between the key class and response class.

Algorithm [2] gives details of learning associate layer. The building of the as-
sociate layer with Algorithm [2] discloses that it can realize many-to-many as-
sociations. The third layer of Fig. [Il presents an example of a many-to-many
association network.

In the associate layer, weight vector of every node is selected from the cor-
responding sub-network of memory layer. Step 8, 9, 16, and 17 in Algorithm
show that the node that is most frequently being winner is chosen as the typical
node of the sub-network in memory layer, and the weight vector of the typical
node is set as the weight of that class node in associate layer.

Algorithm [2] is able to realize incremental learning. For example, we presume
that Algorithm [P has built the association of 1 — y;. We want to build zo — 2
association incrementally. If ¢;, and ¢, differ from class ¢, and cy,, we need
only build a new arrow edge from class c,, to class cy,. This new arrow edge
has no influence to the arrow edge (cz,, ¢y, ). If one of ¢z, and ¢, is the same as
Cz, OF Cy,, for example, ¢z, = ¢z, and ¢y, # ¢y, , then Algorithm [Il memorizes
the pattern x5 in sub-network c;, incrementally, and Algorithm 2] updates the
weight and associative index of node ¢, in the associate layer. Then Algorithm
finds or generates a node ¢y, in the associate layer and build an arrow edge
from ¢z, to ¢y,, which differs from arrow edge (cg,, ¢y, ). In this situation, the
pair x3 — y» is learned incrementally. For the situation c;, # ¢z, ¢y, = ¢y, We
can give a similar analysis.

3 Recall and Associate
3.1 Recall in Auto-associative Mode

Figure Bl shows the basic idea for auto-associative task. There exists some at-
tractor, and every attractor has an attraction basin. If the key vector is located
in an attraction basin, the corresponding attractor will be the associated result.

According to Fig. 2l the memory layer separates input patterns to different
Voronoi regions, every Voronoi region acts as attraction basin for associative



348 H. Yu, F. Shen, and O. Hasegawa

dary

attractor

attraction

Fig. 4. Humanoid robot HOAP-3. After
hearing the bell sound, HOAP-3 turns its
head to the bell and watches the bell; then
it points to the bell with its finger.

Fig. 3. Every attractor has an attraction
basin. If key vector is located in an attrac-
tion basin, the corresponding attractor is
the associated result.

process, and the node in the Voronoi region acts as attractor. For the associative
process, if an input key vector lies in one Voronoi region V;, we give the weight
vector W; of the corresponding node i as the associative result. Algorithm
gives the detail for auto-associative recalling process.

Algorithm 3. Auto-associative: recall the stored pattern with a key vector
1: Assume there are n nodes in the memory layer, input a key vector x.
2: fori=1,2,...,n do

3:  Calculate the weight sum of input vector, and }||W;||?

is a bias.
1
gi(z) =Wz — 2||VV¢||2 (1)

: end for

: Find the maximum gx(z) = max;=1,2,....n i ()
: Output Wy as the recalling pattern.

: Output the class of node k as the class of .

- o o

By step 2-5, Algorithm [B] judges to which Voronoi region the input z most
likely belongs. It is because

[l = Will* = (|2l |* — 2W;" + || W3 (2)
||| is the common item for all nodes, thus minimize ||x — W;||? is equivalent to
maximize Wz — 1||W;]|?, which is calculated in step 3 of Algorithm (3
3.2 Associate in Hetero-associative Mode

With Algorithm 2 the proposed AM memorizes the © — y pair. To associate y
from =z, firstly we use Algorithm [3] to recall the stored key class ¢, of key vector
x, the corresponding node for class ¢, in the associate layer is b,; then, we use



A Multidirectional AM Based on SOINN 349

Algorithm 4. Hetero-associative: associate stored patterns with a key vector
1: Input a key vector zx.

2: Using Algorithm [ to classify z to class c¢,.

3: In associate layer, find node b, corresponding to sub-network c;.

4: for k=1,2,...,mp, do

5:  Find the response classes cy[k]: ¢y[k] = RCy, [K].

6:  Sort cy[k] with the order of W(c, c, ix))-

7: end for

8 for k=1,2,...,my, do
9:  Find node by[k] in the associate layer corresponding to sub-network c, [k].
10 Output weight Wy, 1) as the associated result of key vector z.
11: end for
RCy, k], k = 1,...,my, to obtain the response class ¢, and corresponding node
by. Finally, we output all W, as the hetero-associative results for key vector .
Algorithm M shows details of associating y from key vector z.

4 Experiment
4.1 Binary (Bipolar) Data

Here we use a binary text character dataset taken from the IBM PC CGA
character font. This dataset is adopted by some methods such as SOIAM [3],
BAM with PRLAB [8], Kohonen feature map associative memory (KFMAM)
[9], and KFMAM-FW [10] to test their performance. There are 26 capital letters
and 26 small letters. Each letter is a 7 x 7 pixel image, and every pixel has only
-1 (black) or 1 (white) value. During memorization, capital letters are used as
the key vectors, and small letters are used as the response vectors, i.e., A — a,
B—b, .., 72—z

Firstly, we consider incremental learning. The patterns of A — a, B — b, ...,
Z — z are input into the system sequentially. At the first stage, only A — a
are memorized, then B — b are input into the system and memorized, and
so on. This environment is non-stationary, new patterns and new classes are
incrementally input to the system. Table [l shows comparison results between
the proposed AM and other methods. For the proposed AM, 94 nodes in all
are needed for memorization. The correct recall rate is 100%. It is difficult for
BAM and KFMAM to realize incremental learning. Later input patterns will
destroy the memorized patterns. For SOIAM, it needs 99 nodes to represent the
association pairs; it recalls the associated patterns with a 100% correct recall
rate. For KFMAM-FW, if we adopt sufficient nodes (more than 36), it can
achieve perfect recalling results. We must mention that if the maximum number
of patterns to be learned is not revealed in advance, we do not know how to give
the total number of nodes for KFMAM-FW [3].

Then, we consider the many-to-many association. The BAM based and KF-
MAM based methods are unsuitable for this task. In fact, SOIAM can realize
many-to-many association. However, for SOTAM, if it incrementally learns a new
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Table 1. Comparison: recalling results of the proposed AM and other methods under
an incremental environment

Method Number of nodes Recall rate
Proposed AM 94 100%
SOIAM 99 100%
BAM with PRLAB - 3.8%
KFMAM 64 31%

81 38%

100 42%
KFMAM-FW 16 infinite loop

25 infinite loop

36 100%

64 100%

association pair, SOIAM will put together the key vector and response vector of
new pair to one combination vector and send it to SOIAM for clustering. In [3],
pairs such as (A, a), (A, b), (C, ¢), (C, d) (C, e), (F, {), (F, g), (F, h), and (F,
i) are used to test the one-to-many association. To realize this target, SOTAM
puts together A and b to produce vector A+b, C and d to produce vector C' +d,
and so on, then clusters such combination vectors with new nodes: new nodes
different from A 4 a, C + ¢, and F + f are added into the system to represent
the associative relation between A — b, C' — d, etc. With the proposed AM, we
need only add new associative relation (arrow edge) between nodes in the asso-
ciate layer without adding new nodes in both the memory layer and associate
layer. For example, to realize A — b association, we need only add an arrow
edge from node A to node b in the associate layer: no new nodes are generated.
Both the proposed AM and SOIAM can recall old associated patterns and new
added response vectors well (100% correct recall rate). However, SOIAM spends
new storage and computation time to cluster new association pairs and adds 81
new nodes. The proposed AM requires no new storage and nearly no additional
computation for building new associations, and it saves much more storage and
computation time than SOIAM.

4.2 Real Task for Robot with GAM

This experiment uses a humanoid robot with an image sensor and sound sensor
to test whether the proposed AM is applicable to real tasks. A humanoid robot
HOAP-3 (as depicted in Fig. H) (Fujitsu Ltd.) is adopted for this experiment.
We show a bell to HOAP-3 and then push the button of the bell to present
the bell sound to HOAP-3. Sounds of the bell are served as key vectors and
images of the bell are served as response vectors. The associative action is set as
the instruction for HOAP-3 to point to the bell with its finger. The association
pairs are presented to the proposed AM, which is built in the brain of HOAP-3,
to build association between key-response pair vectors. For features of images
collected by the image sensor of HOAP-3, we do grayscale transformation and
adopt 36-dimension low-frequency DCT coefficients as the feature vector. For
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features of the sounds collected by sound sensor of HOAP-3, we extract the
15-dimensional spectrum feature on the 20 kHz — 50 ms sampling rate.

After the AM is trained, we show HOAP-3 the sound of the bell, and the
sound of the bell serves as the key vector. HOAP-3 recalls the image of the bell,
turns its head to the bell and watches the bell, then it points to the bell with
its finger, as depicted in Fig. [

This experiment demonstrates that the proposed AM is able to realize real
tasks with good performance. It is also noteworthy that, in this experiment, the
dimensions of image and sound are different and the proposed AM builds an
association between vectors with different dimensions quite well.
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