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ABSTRACT

Recursive Auto-Associative Memory (RAAM) structures show promise as a general representation vehicle
that uses distributed patterns. However training is often difficult, which explains, at least in part, why only relatively
small networks have been studied. We show a technique for transforming any collection of hierarchical structures
into a set of training patterns for a sequential RAAM which can be effectively trained using a simple (Elman-style)
recurrent network. Training produces a set of distributed patterns corresponding to the structures.

1. Introduction

Hierarchical structures have a variety of uses in symbolic computing as representations that can be composed,
modified, and otherwise manipulated. Connectionist models have considerable difficulty representing and manipu-
lating such structures within fixed-length vectors with limited computational power. For rapid progress to be made
in developing representation schemes for neural networks, combined symbolic and sub-symbolic approaches show
the most promise. Among sub-symbolic representation schemes, perhaps the most general is Pollack’s (Pollack,
1990) Recursive Auto-Associative Memory (RAAM), which develops distributed patterns over a fixed-size set of
units to represent symbolic structures of fixed valence. The symbolic structures must be known in advance, of
course, but the representation scheme develops through training.

RAAMs have been the focus of many studies. In his original studies, Pollack (1989; 1990), demonstrated fea-
sibility as well as limited generalization capabilities in representing a small collection of syntactic parse trees.
Chalmers (1990) demonstrated that RAAMs could be fruitfully viewed holistically. With a RAAM as input, he
trained a network to extract various pieces of the implicit structure. In a series of studies, Blank, et al (1992), inves-
tigated holistic properties of RAAMs and the use of sequential RAAMSs to process sequences of words as sentences.

Training, however, can be difficult. Consequently, the practicality of RAAMs is greatly limited. This fact
may explain why only moderate size networks have appeared in the literature. According to Pollack (personal com-
munication), progress is being made on the training issue. In this paper, we examine a simplified RAAM variant
capable of developing distributed representations for structures of arbitrary valence, but without some of the usual
training difficulties. The training problem is reduced to that required for a simple recurrent network (SRN) as
described by Elman (1990).

We argue that a method based on sequential RAAMs is preferable and present an effective method for training
sequential RAAMs which has been successfully applied to a large collection of tree structures of various sizes. Per-
formance is judged based on the ability of the RAAM network to encode and decode structures effectively for
increasingly large structures. We rate the sequential RAAM performance as remarkably good.

2. RAAM Architecture

The design of the General RAAM architecture is shown in Figure 1. Training is designed to approximate an
identity mapping from inputs to outputs and is hence auto-associative. Patterns that develop at the hidden layer
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Figure 1: General RAAM Architecture
(Based on similar figure in Blank, et al, 1992)
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represent a compression of the k branches that have been presented. By examining the network one weight-layer at
a time, the functionality can be better understood. The encoding part of the network is represented by the weights
connecting input layer to hidden layer. When these weights are applied, a compressed representation results at the
hidden layer which when acted upon by the weights connecting hidden to output layer produces the k branches once
more. Each branch may be a RAAM itself, the result of applying the encoding circuitry iteratively, thus allowing the
representation of nested structures. The decoding circuitry is applied iteratively to recover the structure.

Note that the valence of the structure must be known in advance when the network is constructed. Further
note that whether a branch is a RAAM or a terminal symbol with some chosen representation, it requires n units to
represent it.

3. Symbolic Mappings

Hierarchical structures, in our approach, are considered to be forests of ordered trees. The nodes of the trees
must contain symbols from a finite alphabet and each symbol is assigned a representation.

Each forest can be mapped to a binary tree, which in turn can be mapped to a simple sequence of symbols in
which empty subtrees are marked (Knuth, 1973). Such a mapping is invertible so that for every hierarchical struc-
ture there is an ordered sequence of symbols and vice versa. This reduces the general RAAM training problem for
arbitrary hierarchical structures to a sequential RAAM training problem, which is more manageable.

Figure 2 shows the series of steps involved for a sample tree. A general parse tree is transformed into a binary
tree which is rendered as an ordered list of symbols which, in turn, can be used to produce training sequences for the
SRN. Once training is complete, the RAAM encoding and decoding subnetworks can be used iteratively to produce
a representation for any sequence of symbols from the alphabet.

For our purposes, we use hierarchical structures that arise as intermediate and final results during parsing and
intend to use the RAAM representations as targets for a parser under development (see, Kwasny & Faisal, 1992;
Kwasny & Kalman, 1992).

4. Recurrent Training

Only a slight variation of the training methods used for the SRN is required. In preparing the input data, the
beginning of each new sequence is marked. This tells training that the activation pattern from the hidden layer in the
previous step is not to be copied to that part of the input layer, but that the activation of those input units is the empty
pattern. For sequential RAAMs, we additionally need to specify that training is auto-associative and to omit the tar-
get portion of each pattern.

11-199



Figure 2: Transformation from Hierarchical Structure
to Binary Tree to Sequential List to RAAM
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Figure 3 shows how training proceeds. On each SeépIBOL;_, receives its value from the next symbol in
the sequential list. ThRAAM_, portion is initially empty (a chosen pattern representing the empty structure) and
on each subsequent step in the sequence its value is the pattern present on the hidden layer of the previous step. The
output layer is likewise divided into two segments and values approximating the corresponding input values appear
as a result of the mapping. Training of the network reinforces its ability to compress the previous distributed RAAM
representation and the current symbol. The two weight layers are trained to work in unison with the decoding part
of the network approximating the inverse of the encoding part.

Contrary to RAAM training described in the literature, stratified or staged training schedules become unneces-
sary with this type of training. The architecture of the network does not reflect in any way the structure of the partic-
ular hierarchical structure being encoded. Structures are encoded from the sequence left-to-right (analogous to top-
down in the tree) and decoding produces structures right-to-left (analogous to bottom-up in the tree).

Training sequential RAAMs differs from training ordinary SRNs. From Figure 3, we see that for each unit
associated with the RAAM portion of the outp(RAAM'r_;) - RAAM 1_yy) is contributed to the error function.
Since the activations of these units depends on network parameters, a correction term must be added to the gradient
computation associated with the connection fRAAM_; to RAAM+. In our experience, without this correction
term, calculations during training contain sufficient error to adversely affect its success.

Figure 3: Sequential RAAM Training
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5. Results

For this experiment, we examined a grammar containing 23 rules and derived 25 different syntactic parse trees
that the grammar was capable of producing on steps leading to a parse. These served as training examples for the
sequential RAAM which contained 21 units. The symbol portion of the network also required 21 units. One of
these trees is shown in the example in Figure 2. Following training, we tested the performance of the iterated encod-
ing and decoding process by testing with these same structures. While training and testing with identical data is not
a valid evaluation of the training, in this case it does show the effectiveness of the encoding/decoding subnetworks
when iteratively applied. Training only attempts to perfect the individual single-step operation. The real effec-
tiveness of the method lies in its ability to repeatedly and consistently operate on the representation.

In the course of developing representations for the 25 unique sequences of symbols, a total of 75 unique
RAAMs were developed, including the empty RAAM. These included representations for sequences of lengths 0
through 15. Training produced only one small structural error in one of the 25 sentences, which led to redundancy
in one part of the sequence. There also were 4 symbolic errors out of a possible 222 symbols tested for decoding,
but these were uniformly minor, differing in one unit position.

Hierarchical clustering analysis was used to determine general strategies used in the representation for both
the 75 RAAMs and the 25 unique sequences. In studying these results, two strategies seem to be predominant.
First, clustering was based on length. In part, this may relate to the training strategy we used which trained shorter
segments first, adding the longer ones later. Second, clustering was based on the most recently added symbols. This
is easy to see since the decoding subnetwork must be able to reliably extract the most recent symbols, leaving a
RAAM to be further decoded.

6. Summary and Conclusions

While RAAMSs look very promising as fixed-size representations of hierarchical structures, training is difficult
and the network architecture demands that the valence of the hierarchy be known when the network is created.
Using sequential RAAMs and our slightly modified SRN training algorithm, unlimited structures may be attained.
While training is still difficult, there are good strategies for training with one-dimensional input data. For example,
short sequences can be used to train the network prior to training longer sequences. In practice, this strategy pro-
duced weights with the best overall performance in this study.
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