A common framework for distributed representation schemes for compositional Tony A. School of Mathematical and Computing Victoria University of Wellington, Wellington, New Tony.Plate@vuw.ac.nz

Abstract

Over the last few years a number of schemes for encoding compositional in distributed representations have been proposed, e.g., Smolensky’s tensor proPollack’s RAAMs, Plate’s HRRs, Halford et al’s STAR model, and Kanerva’s spatter codes. All of these schemes can placed in a general framework involving perposition and binding of patterns. Viewed in this way, it is often simple to whether what can be achieved within one scheme will be able to be achieved in Furthermore, placing these schemes in a general framework reveals unexplored in which other related representation schemes with interesting prop1 IntroDistributed representations are one of the most compelling ideas in connectionism. The of distributed representations has endowed many connectionist models with their inproperties: ability to learn, parallel processing, soft capacity limits, and fault However the diA20culty of representing compositional structure in a distributed fashion been a severe obstacle to constructing distributed connectionist models of higher-level soning. The basic problem is how to bind entities together. For example, in order to about a sentence (or concept) such as “John ate the A24sh”, the various entities involv(“John”, “the A24sh”, and the “ate” relation) must be bound together in such a way to preserve the role-A24ller relations. Merely superimposing the representations of the enties fails to distinguish between “John ate the A24sh” and “The A24sh ate John”. performing single-level binding is straightforward, the problem of representing nested positional structure is much more diA20cult. To represent nested compositional structure requires the ability to perform recursive bindings. For example, in “Peter knew that John

ate the A24sh”, “John ate the A24sh” must now be treated as an individual entity involved in “know” relation. Hinton [1990] discusses this problem and proposes the idea of a “reduced”

representation for a structure: a reduced representation is a pattern which (a) acts as a pointer to a structure, and which (b) expresses some information about the content of the structure, and which (c) is the same size as the pattern for a simple object and can bmanipulated in the same wayAppeared in Connectionist Systems for Knowledge Representation and Deduction, Frederic Ross Hayward and Joachim Diederich, eds, pp15–34, Queensland University of Technology, 1997.

A framework for distributed representation schemes

In the last few years people have proposed a number of schemes for distributed represention of nested compositional structure. Among these are Smolensky’s [1990] Tensor product representations, Pollack’s [1990] Recursive Auto-associative Memories (RAAMs), Tzky’s [1990] BoltzCONS, Murdock’s [1987, 1993] TODAM model, Plate’s [1991, 1994a] graphic Reduced Representations (HRRs), Sperduti’s [1994a] Labeling RAAMs and Kanerva’s [1996] binary spatter-codes. Although all of these schemes appear quite ferent on the surface, they can all be viewed in terms of a general framework invtwo fundamental operations on patterns. The A24rst is superposition: collections of enare represented by superpositions of patterns. The second is binding: bindings betwentities are represented by some sort of vector-space multiplication of patterns. In trast to conventional neural-network associative memories, associations between (i.e., bindings) have the same status to patterns; they are represented by activation vues over units rather than connection weights between units. This is necessary in to allow representations involving associations and to allow reasoning about assoVarious schemes also add further operations to these two basic ones, such as in RAAMs, and error-correcting auto-associative memory in HRRs, to achieve various ities. Viewed within this framework, it is often simple to decide whether what can bachieved within one scheme will be able to be achieved in another. Furthermore, these schemes in a general framework reveals unexplored regions which might contain related representation schemes with interesting and useful propThere are other methods for storing information about conceptual structure in netwe.g., the schemes described by Hummel and Biederman [1992] and Shastri and [1993] for representing bindings through temporal synchrony, However, storing structures

as distributed representations seems particularly promising because it allows one to exploit the ability of neural networks to manipulate and learn A25at vector representations, and to exploit the rich similarity structures which are possible with distributed represen[Plate Section 2 discusses the properties of distributed representations in more detail. Section lays out the general framework for viewing schemes for distributed representation of compositional structure. Section 4 explains how the various schemes A24t into this framewSection 5 discusses speciA24c and general properties of the schemes and whether or not properties transfer. Section 6 concludes this paper with a brief discussion of what schemes one might A24nd in this general framew2 Distributed represenConnectionist representations come in two A25avours – local and distributed. Each involvdiA23erent trade-oA23s of the properties of the representation space. For models involving only small number of features and simple items, local representations can be more Distributed representations come into their own for models in which items have features

from a very large pool or have complex structure.

In local representations each unit indicates the strength, or merely presence or absence, of

A framework for distributed representation schemes

a particular entity. In distributed representations entities are represented by patterns ovthe units rather than by single units [Hinton, McClelland, and Rumelhart 1986]. Each unit

participates in the representation of many entities, and each entity is represented collectivby many units.

In some local representations, individual units correspond to particular features of items.

Although these types of local representations can appear very similar to distributed sentations when features are numerous and A24ne-grained, and although local represencan be mapped to distributed ones by a simple linear map, and back by a thresholded map, there is still one diA23erence very pertinent to scaling and to the representation of ture. It is that in local representations the total number of possible features is limited to the

number of units. This is of vital importance when it comes to representing compstructure. As Wharton, Holyoak, Downing, Lange, Wickens, and Melz [1994] acknolocal representations could be augmented with combinatorial features to represent all psible bindings but note that this would result in a combinatorial explosion in the number units required when applied recursively to represent things such as the sour-grapes feature:

“thing that is desired but can’t be obtained and hence is Distributed representations can escape this limitation on the number of features by ing advantage of the property of high-dimensional vector spaces that there are exptially many more nearly-independent directions than dimensions. Each of these independent directions can represent a feature, and thus hundreds of thousands of features can be represented in a vector with far fewer elements. This involves twThe A24rst is that only relatively few features can be present at once. However, this is ally the case when there are large numbers of potential features. The second is that there

is a chance of interference (ghosting or cross-talk) when too many features are present at once. The probability of interference can be made arbitrarily low by limiting the number of features present at once and choosing a large enough dimension of the vIn summary, the useful and interesting properties of distributed representations include following:

A∈ Distributed representations oA23er an eA20cient use of representational resources (provided that one only wants to represent a small number of entities at any one time, and that some degree of overlap is permissible), because the number of possible patterns over a collection of units is far greater than the number of units in the collection.

A∈ Distributed representations are continuous, or at least A24ne-grained. This allows nuances of meaning to be expressed by small changes in patterns, and supports learning.

A∈ Distributed representations can be processed in A24ne-grained parallel networks of simple processing units (i.e., neural networks). Furthermore it is possible to learn or modify patterns by making small changes to them with gradient-based techniques for learning in neural networks.

A∈ Distributed representations can be noise tolerant, as patterns are still recognizable when slightly corrupted.

A framework for distributed representation schemes

A∈ Patterns can be superimposed, but still individually recognizable. As more patterns are superimposed, it becomes more diA20cult to determine which patterns are present. As a result, connectionist memories which use distributed representations tend to have soft capacity limits.

A∈ Using distributed representations it is possible to capture a rich similarity structure over entities, in which surface similarity of patterns is sensitive to both structure and non-structural features of entities (see Gentner and Markman [1993] and Plate [1994a] for further discussion).

A common framewAll the abovementioned schemes for representing compositional structure in a fashion can be viewed within a common framework involving two fundamental operations:

superposition of patterns and binding of patterns. DiA23erent schemes augment these various other operations in order to achieve particular In talking about representations, it is convenient to regard the activation values on a lection of units as a vector, and particular instantiations of those vector values as Activation values can be either binary, real, or complex. In the following A, B and C be used as examples of patterns

, where A

etc. are the individual values, and n is number of elements in the pattern. Similarity of patterns refers to either their overlap (in the case of binary patterns) or their inner (dot) product, i.e.,

nA′′i=0

i i The superposition operation is used to represent unstructured collections of entities. For

binary patterns, the elementwise or is generally used. F