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Abstract

In this paper, we derive the formalism of harmonic grammar, a conncctionist-based theory of linguistic well-
formedness. Harmonic grammar is a two-level theory, involving a low level connectionist network using a particular kind of
distributed representation, and a second, higher level nctwork that uses local representations and which approximately and
incompletely describes the aggregate computational behavior of the lower level network. The central hypothesis is that the
connectionist well-formedness measure harmonyl can be used to model linguistic well-formedness; what is crucial about the
relation between the lower and higher level networks is that there is a harmony-preserving mapping betwcen them: they are
isoharmonic (at least approximately). In a companion paper (Legendre, Miyata, & Smolensky, 1990; henceforth, "LMS;"),
we apply harmonic grammar to a syntactic problem, unaccusativity, and show that the resulting network is capable of a
degree of coverage of difficult data that is unparallelled by symbolic approaches of which we are aware: of the 760 sentence
types represented in our data, the network correctly predicts the acceptability in all but two cascs. In the present paper, we
describe the theoretical basis for the two level approach, illustrating the general theory through the derivation from first
principles of the unaccusativity network of LMS,.

Introduction

Our starting point is the approach to connectionist cognitive modeling called the subsymbolic paradigm (Smolensky,
1988):

1) Hypotheses of the subsymbolic approach to cognitive modeling

a. There are two important levels for cognitive modeling.

b. At the lower level, the natural description of the cognitive architccturc is as a massively interconnected
network of simple parallel numerical processing units: call this LNet (Lower level Network).

c. In LNet, elements of the problem domain (e.g., in syntax, words and phrascs) are represcnted not by
individual units, but as distributed patterns of activity; a given unit in LNct has no semantic interpretation
by itsclf: it plays a small part in the representation of many different clements.

d.  When the representations and computational processing of LNet arc described at the higher level of the
semantically meaningful activity patterns, we get descriptions of the cognitive architecture at the higher
level. Such descriptions will often be approximate, idealized, or incomplete.

e. Unlike the lower level, descriptions of the higher level are not computationally uniform. Some of these
descriptions involve symbolic computation with hard rules. Others involve local connectionist networks, in
which individual units have semantic interpretations corresponding to those of the patterns of LNet. Such
networks will be called HNets (Higher level Networks).

f.  The symbols and rules of symbolic accounts correspond in LNet to patterns of activity and to the aggregatc
effects of groups of connections on these patterns of activity.

g. An important goal of connectionist modeling is to devclop LNets supporting higher level descriptions that
are simultancously (i) sufficiently close to symbolic cognitive thcory to explain the successes of symbolic
accounts, yet (ii) sufficiently different to improve upon thesc successes.

The central idea of harmonic grammar is to start by partially specifying a LNet for a domain of linguistic intcrest, and
then, rather than fully specifying and simulating it, as is conventionally done in conncctionist modeling, to cmbody the most
important aspects of LNet in a higher-level net HNet. This model, or rather a notational variant of it, HNct’, is what gets
simulated. HNet’ (or, equivalently, HNet) is interpreted as grammar fragment expressing linguistic regularitics via soft rules.
Whereas symbolic rules of well-formedness have the form (2a), the soft rules of harmonic grammar have the form (2b).

(2) a. Condition X must never be violated in well-formed structures.

b. If Condition X is violated, then the well-formedness (harmony) of the structure is diminished by Cy.

The status of the two networks LNet and HNet are rather different. The level of LNet is presumably closer to the
ncural level, and therefore provides a more appropriate modcl for questions related to ncurolinguistics (although the
problematic relationship between connectionist and neural models, emphasized in Smolensky, 1988, suggests caution here).
For language acquisition and real-time language processing models, as well, LNct would presumably be the more appropriate
nctwork. But for grammar, it is HNet that is the focus of attention.
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This paper procedes as follows. We begin with a number of technical pretiminarics which, after bricf introduction of
the linguistic problem of unaccusativity, motivate LNet, a partially specified lower level model for the unaccusativity data.
We then derive a corresponding higher level model, HNet, and then its notational variant, HNet', which is thc model
discussed in LMS,;. HNet' allows standard connectionist lcarning to automatically extract from the data the constants Cy in
the soft rules (b) of harmonic grammar. We close by summarizing the methodology and identifying some of its novel
features.

Technical preliminaries

The subsymbolic approach outlined in (1) and its application to the domain of language presents the following rescarch
challenges, among others?
(3) A. Representation:

1.  Develop a formalism for higher level description of distributed representations: a calculus of
patterns of activity (it is these patterns that correspond to symbols; (1f))

2. Apply this calculus to the representation of constituent structure

B. Processing:

1.  Develop a formalism for higher level description of connectionist processing: a calculus of the
aggregate effects of groups of connections on patterns of activity (it is these effects that
correspond to rules; (1f))

2. Apply this calculus to the processing of constituent structure

The next four subsections successively address these four problems: A.1, A.2, B.1, and B.2.

A calculus of patterns of activity

A natural "calculus of patterns of activity" is straightforward: vector calculus, where the vectors are the lists of
activation values for the units. The central idea of distributed representation (1c) can be stated very simply: it is activity
vectors (not, e.g., individual units) that have semantic interpretations, i.e., interpretations as elements of the problem domain
(the kind of information that is represented by symbols in the symbolic paradigm).

If different symbols are represented by different patterns of activity over the same set of units, as hypothesized in (1c),
how is it possible to represent several such symbols at once? Vector calculus suggests a simple answer: by superimposing,
i.e, adding together, the vectors representing the individual symbols. In the symbolic paradigm, structures are formed by
some kind of (e.g., string or tree) concatenation of their constituents; in the subsymbolic approach, patterns combine by
superposition rather than concatenation. This principle is discussed at some length in Smolensky (1986b), where an
important consequence is derived: to a given network using distributed superpositional representations, there corresponds
another network using local representations which provides a higher level description of the distributed network. The formal
relation between the lower and higher level models can be thought of as a "rotation of the coordinates" in the activation
space, so that the new coordinate axes lie along the directions of the distributed patterns with semantic interpretation;
alternatively, we can think of this relation as changing variables from the lower level variables — units’ activation values —
to higher level variables — the strength of semantically interpretable patterns.’

Vectorial representation of constituent structure

How can simple vector addition replace concatenation? One basic problem that immediately suggests itself is that the
former is a commutative operation, while the latter is not; e.g., concat(a,b) = ab = ba = concat(b,a), while
sum(a,b) = a+b = b+a = sum(b,a). A solution to this and related problems, called tensor product representations, is
formalized and analyzed in Smolensky (in press 1). The first step is to recognize that vector superposition really represents
conjunction rather than concatenation, and that concatenation, and other structure-building operations, can be achieved
through conjunction together with filler/role decompositions. In such decompositions, a structure, e.g. abec, is described as
the conjunction of an unordered set of propositions of the form, structural role r is filled by f, which are denoted by the
filler/role bindings f/r; thus, e.g., abc is identified with the conjunction of the filler-role bindings {a/r,, c/rs, b/r,}. The
vector representing abc, under this filler/role decomposition, is abe = a/rj+¢/r3+b/r, The vectors representing filler/role
bindings, e.g. b/r,, are constructed from vectors representing the unbound fillers and vectors representing unbound roles,
e.g., b and r,, by an operation from vector calculus called the tensor product: b/r, = b3 r,. The tensor product is similar to
the outer product of matrix algebra, e.g. (x, y, z2)3 (o, B)=(xa, xB, yo, yf, zo, zP) except that the result is
interpreted not as a matrix but as another vector; the resulting vector can in turn be used recursively in further products,
allowing recursive representations employing higher-order tensors. Smolensky (in press 1) analyzes these ideas —
decompositions of structures into conjunctions of filler/role bindings, the superpositional representation of conjunction, and
representation of filler/role variable bindings via the tensor product — and shows that together they formalize and generalize
a number of previous connectionist approaches to representing structure, and that they represent structured data in a way that
naturally permits the usual features of connectionist processing, ¢.g., massively parallel (and structure-sensitive) associative
processing, graceful degradation, and statistical learning.*
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Thus, for the purposes of this paper, we assume:

@) Tensor product representation of structure
At the lower level, in LNet, a structure s is represented by the activation vector s = 3 ¢, where each ¢,
represents a constituent of s, which is a filler/role binding fq/rq with respect to some filler/role
decomposition of s; the constituent vectors are ¢, = f,@ r, Where f, and r, are activity vectors
respectively representing f, and r, (possibly recursively defined as tensor product representations
themselves).

A calculus for connectionist processing

Viewed at the lowest level, connectionist processing is the spread of numerical activation by some set of numerical
equations in which the connection strengths enter as parameters. A calculus of the aggregate effects of connection strengths
on patterns of activity relies on the idea that these activation equations are trying to achieve some characterizable end
product: a pattern of activity that encodes a set of inferences which is justifiable from some notion of statistical inference.
Smolensky (1983, 1986a) developed such a higher level description, deriving from a well-defined statistical inference
problem a measure called the harmony function H whose global maximum constitutes the solution to the inference problem.
In a large variety of connectionist models, the activation functions turn out to be implementing local maximization of this
function, which can be written very simply:

) H(a) =3, a;w;a; =a'Wa
where a = (a,, a, ...) is the total activity vector of the network, and W = {w;; } is the matrix of connection weights. (The
negative of H is often referred to as "energy"; Hopfield, 1982; Hinton & Sejnowski, 1983, 1986.) In a variety of networks,
including both feed-back and feed-forward architectures, each update of the units’ activations will increase H (Cohen &
Grossberg, 1983, Golden, 1986, 1988, Hopfield 1982, 1984, 1987, Smolensky, 1983, 1986a, Hinton & Sejnowski, 1983,
1986.) Thus for a major subset of connectionist models, it is appropriate to regard the goal of the spread of processing to be
the creation of an activation vector that maximizes . For the purposes of formulating approximate higher level accounts of
connectionist processing, we will thus assume that such harmony maximization is what processing in LNet achieves, even
though a more detailed lower level account might well need to consider conditions under which the network fails to actually
find the global maximum of H. Thus for our purposes we assume that under suitable approximation or idealization, the
following holds:

(6) Principle of harmony maximization
Given an input vector i and connection weights W, processing in LNet establishes activity vectors h and o
over the hidden and output units, respectively, that maximize H(a), where a = (i, h, o) and the harmony
function H is defined in (5).

Given the connection between H and statistical inference, this principle can be interpreted as follows: the network draws a
set of inferences that provides a best fit to the input data and the statistical constraints embodied in W (e.g., the "Best Fit
Principle” of Smolensky, 1988;Golden 1988). The value of H that is achieved in this maximization process is a quantitative
measure of the degree to which it is possible to meet the statistical constraints in W by appropriately processing the given
input data. This motivates the following central assumption of harmonic grammar:

(7 The H value achieved in processing an input is a quantitative measure of that input’s well-formedness. An
informant’s judgements of acceptability of sentences can be modeled as a monotonic function f of the
harmony values achieved in processing those sentences (the higher the harmony, the more acceptable).

In this paper, we take f o be the particular monotonically increasing function f(x) = (1+e™*)™': a logistic; the same
methodology could be carried out for any other choice of (differentiable) f .

Connectionist processing of constituent structure

Now we bring together (4) and (5), assuming that the activity vector a in (5) is the structure representation s in (4).
Then (6) states that processing in LNet maximizes:

(8 H(s)=s"Ws=3.ca Wacs= T Ho+ T, pHop
Here, the sum 3 g is understood to include one term for each pair of distinct constituents ¢ ,=cg in s, and the first- and
second-order harmony terms are defined by:

(9) a Hg=c[Wcy= Ei_)‘(cu)iwl'j(cu)j

b, Hgp=cq Wegred Weg =l [WeWT e = 3, (cq); [wy; +w;i J(ca);

For example, if s = abc is decomposed as {a/r, c/ry bir,}, then H(abc)=H,, +Hy, +H o tH oy, wir,
+H ajr, eir*Huop, ey Hq is the intcrnal harmony associated with constituent ¢, and H g g is the pairwise harmony arising
from combining the constituents c, and cg in the same structure. Note that terms depending on more than two constitucnts
cannot arise because H is quadratic.

390



Now if our specification of LNet were sufficiently complcte that we knew the weight matrix W and the activity
patterns representing the constituents ¢,, we could compute each of the terms in (8) through the cquations (9). This would
amount to computing at the lower level. Alternatively, we can operate with the harmony terms in (8) directly, trcating cach
H, and H, g as an independent variable; this is computing at the higher level. Exploitation of this alternative is a central
innovation of harmonic grammar.

The distinction between computing at the lower and higher levels can be viewed as follows. Equation (5) cxpresscs
the harmony as a function of the lower level variables: activitics of individual units and strengths of individual weights.
Equation (8), on the other hand, expresses the harmony as a function of the higher level variables: the constitucnts in the
structure. The derivation of (8) from (5) [and (4)] amounts to a change of variables from the lower level variables associated
with units and connections to the higher level variables associated with constituents. These higher level variables will shortly
be used to define HNet.

We conclude these preliminaries with a few remarks.

(10) a. Ina given problem, some of the constituents ¢, will be "inputs," others will be "outputs," and still others
will be "hidden" constituents. E.g., a sentence interpretation model might take as input constituents a string
of words, might produce as output constituents the elements of some meaning representation, and might fill
in as hidden constitents, say, non-terminal nodes in a parse tree. The "infcrred" constituents — the hidden
and output constituents — are determined through the principle of harmony maximization (6): they are the
choice of ¢ s that maximize H in (8).

b.  The higher level harmony values H, and H, g will later be interpreted as the constants in the soft rules of
(b). They will be computed by a numerical fit to data. When is this parameter fitting exercise appropriately
constrained? Note that, since H in (8) is quadratic in the constituents, the number of different terms that
may appear on the right-hand-side of (8) scales as (#fillers)?, while the number of possible structures on the
left-hand-side of (8) scales roughly as (#fillers)*°s. Thus, as the number of roles in the structure
increases, the formalism rapidly becomes more and more constrained, and the significance of good
parameter fit becomes increasingly more meaningful.

¢. Isitcorrect to treat the higher level harmony variables H; and H ; g as independent? This clearly depends
on the structure assumed in LNet. Crudely speaking, if there arc many more lower level variables than
higher level variables, it is likely that any set of values for the higher level variables H 4 and H g can be
achieved by some choice of the lower level variables, the representations ¢, and weights W. On the other
hand, if it is possible to identify some strong constraints on the lower level variables — e.g., if a large
number of different constituents were constrained to be represented as different activity patterns over a
much smaller number of units — then, effectively, there might be fewer lower level variables than higher
level ones, so that the space of possible values for the higher level variables might be genuinely constrained
by the fact that they are derived from the lower level.

A sample application: Unaccusativity in French

Unaccusativity

Since the problem of unaccusativity is discussed in some detail in LMS,, we are extremely brief here. In many
languages, in particular French, intransitive verbs divide into two classes: unergatives and wunaccusatives, which yield
different acceptability judgements in certain syntactic environments called diagnostic contexts (here, simply “contexts").
Consider, for example, the sentence La glace est facile a faire fondre "Ice is easy to make melt.” Here, the diagnostic context
is Object Raising or "OR," which is a sentence frame est facile a faire having two slots; the first, "argument,”
slot is filled by the NP La glace, and the second, "predicate,” slot is filled by the intransitive verb fondre. The data of LMS,
are 760 such French sentences, generated from four different diagnostic contexts, 143 different intransitive verbs, and
arguments with varying semantic features. The pattern of acceptability judgements for these 760 sentences is quite complex.
The acceptability patterns across different contexts of roughly half the verbs can be explained by a standard symbolic
syntactic account which postulates that all the diagnostic contexts have well-formedness conditions requiring the argument to
be a deep Direct Object of the predicate, and that each intransitive verb is marked in the lexicon as requiring its argument to
be either a deep Subject (unergative verbs) or a deep Direct Object (unaccusative verbs). The other half of the data can only
be explained by assuming that the acceptability reflects not only these "structural features" (deep Subject, Direct Object), but
also semantic features of the argument and predicate. At the same time, these semantic features alone do not seem to be
sufficient either; structural and semantic features are both required to explain these data.

LNet
Applying (1g) and (4) to the case at hand, we assume:
(11) a. Symbolic structural descriptions of sentences are approximate higher level descriptions of the patterns of
activity in a lower level model LNet representing those sentences. In particular, the argument of an
intransitive verb fills, among other roles, either the structural role of deep Subject or that of deep Direct
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Object.

b. In particular, these patterns of activity can be approximated as tensor product representations based on a
role filler/role decomposition exemplified as follows for the vector representing the Object Raising (OR)
sentence La glace est facile a faire fondre:

La_glace_est_facile_a_faire_fondre =
La_glace/ARG + OR/CONTEXT + fondre/PRED + DIRECT_OBJECT/STRUCTURE =
A+C+P+S
That is, the vector representing a sentence can be approximated as the sum of four vectors, each of which represents a kind of
constituent that is specially designed for the particular data under study: an argument A, a context C, a predicate P, and a
"structure” (deep grammatical function) S (either Subject or Direct Object).

We will not further specify this partial description of LNet; in particular, we will not specify vectors representing the
individual fillers and roles. In the most general case, these vectors may be presumed to be fully distributed, giving rise to a
representation of sentences in which every unit is part of the representation of each constituent; it will not matter to our
analysis whether this fully distributed case or a more localized special case obtains, e.g., one in which the four roles of (11b)
are localized to disjoint regions of the network.

There is no particular point in drawing a picture of LNet; we need only imagine a large network holding a
representation of the sentence as a pattern of activity which is the sum of four constituent patterns (each of which may well
involve activation over the entire network), according to (11b). Three constituents of this vector — the argument, context,
and predicate — are specified in the input: the surface word string of a given sentence. The fourth constituent — the
structure feature — is not given in the input; it is "hidden" (10a), and must be inferred by the network through activation
spread to maximize harmony. Following (7), the degree of acceptability of the sentence to the network is taken to be f (H),
where H is the harmony of this activation pattern, and f is the logistic function. In LNet, acceptability is a distributed
property; there is no "output unit" giving the network’s acceptability judgement.

Why do we assume the filler/role decomposition of (11b)? Because it is the simplest imaginable one with which to
start. The remarkable success of the consequent model provides some evidence in favor of this very simple assumption. [t
should be made clear, however, that the methodology permits assuming a different filler/role decomposition of the sentences,
and following it through to a corresponding higher level model HNet operating in terms of the different constituent filler/role
pairs, just as we now do for the filler/role decomposition assumed in (11).

HNet
Combining (6), (7), (8), and (11b), we have:
(12) The acceptability of a sentence s consisting of the argument A, the context C, and the predicate P is:
acceptability(s) = f [maxg H (A+C+P+8S)]
where S ranges over the two possible structures, Subject and Direct Object, and
H(A+C+P+S) = Hy+H c+Hp +Hs+H, +Hp +H s +H cp +H 5 +Hps
This equation for H involves a prohibitively large number of higher-level parameters H, and H 3. We eliminate a great
many of these parameters by appealing to a number of linguistically motivated constraints:
(13) a. H,:assume all arguments in the sentences used are equally well-formed internally
b.  Hp: assume all predicates in the sentences used are equally well-formed internally
c. Hg: assume the grammar has no intrinsic preference between deep Subjects and deep Direct Objects
d. H,: assume the grammatical restrictions on the diagnostic context can refer only to general semantic
features of the argument (not, e.g., to specific NPs); we take these features to be VO (volitionality) and AN
(animacy)
e. H,p:assume the lexical entry for the predicate can only express preference for general semantic features of
the argument (again, VO and AN)
f. H,s:assume the grammatical preferences for semantic/structural correspondences of the argument can only
depend on its general semantic features (VO, AN)
g. Hp: assume the grammatical restrictions on the diagnostic context can refer only to general semantic
features of the predicate (not, e.g., to specific verbs); we take these features to be TE (telicity) and PR
(progressivityf
h. H¢g: assume the grammatical restrictions on the diagnostic context can refer to the structure (Subject vs.
Direct Object) of the argument
i.  Hpg: assume the lexical entry for a predicate can include a structural preference, but not an absolute bias on
grammaticality
Assuming these constraints to hold, and dropping H,, Hp and Hg because they do not vary across sentences (13a-c), we can
rewrite the harmony function:
(14) H(A+C+P+S) = H+Hyg, c+Hpn, c+Hyo, p+Huy p+Hyo, s tHuy, s+H e +H ¢ pr+H ¢ s+Hp s
Now we recognize this as the harmony function of another network, HNet, illustrated in Figure 1. HNet uses a local
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representation, with a single unit for each each context, argument feature, predicate feature, structural feature, and individual
predicate. The units in HNet correspond to patterns in LNet; HNet is a higher level network that is isoharmonic to LNet: the
harmony of corresponding states in the two models are the same.

This network can be used to compute acceptability as follows. A given sentence is represented over the input units.
We activate which ever of the hidden units gives the greatest harmony; this can be achieved by having the two units compete
so that the unit with the greater net input wins: the net input to each hidden unit is precisely the contribution to the total
harmony that that hidden unit would make if it were to have activity value 1. The hidden units thus are a little "winner-take-
all" group in which the winning unit gets activity value 1, and the other, 0. Now we compute the harmony A of the network
as a whole using (5) (with the variables H, and H ;3 now playing the roles in (5) of the weights W). Putting this value H
into f, we get the acceptability f (H), following (7).

The weights in this network are the harmony values H, and H 44 of (10); from the point of view of the original lower
level model, each of these weights represents the aggregate harmony of a set of weights and activity vectors, as indicated in
(9). We’d like to work backwards from the data to infer what these aggregate values must be in order to produce the
observed well-formedness pattern, but training the harmony values that are distributed throughout this network is not
straightforward. A few simple modifications in the network, though, will fix this.

HNet”

In order to perform standard supervised learning from the data, we now create a network HNet’ that is precisely
equivalent to HNet, but which possesses a single output O unit which explicitly computes acceptability. The main trick,
illustrated in Figure 2, is simple: replace the connection between input units « and 3 of HNet, carrying weight H 4, by a
conjunction unit ¢ ,g whose activity is the product a,ag, and connect ¢ 4g to O with a connection of strength H 5. Then the
contribution to O’s net input coming from c g is a ;agH g, Which is just the amount of harmony in HNet contributed by the
original connection between a and B. Thus the total net input to O is the total harmony A . If O uses f to transform its net
input to its activation value, then its value is exactly the acceptability judgement of Figure 1.

The only remaining step concerns the hidden units. In defining HNet', the trick of replacing HNet connections with
conjunction units should not be applied to the connections to the hidden units; these connections just stay as in HNet. As
noted above, the net input to each hidden unit is precisely the contribution to the total harmony that that hidden unit would
make if it were to win the competition. Suppose we define the activation functions of HNet’s hidden units so that their
activity values prior to competition are just equal to their net inputs; this is also their contribution to H. To maximize H, we
let these two units compete so that the one with the higher activity value retains its value, while the other has its value set to
zero. Now, the hidden units send their activation values to O (along connections with strength 1); the hidden unit capable of
contributing the greatest harmony sends that harmony value up O, whose net input now includes the correct contribution
from the hidden units, namely, the harmony arising from picking the structural feature that maximizes harmony.

The network HNet’ we have just defined, shown in Figure 3, is precisely the network used in LMS;; and we have
completed its derivation from basic principles. This network can now be trained using the appropriate form of standard back
propagation (Rumelhart, Hinton, & Williams, 1986), as described in LMS,. Note that the assumption of independence of the
higher level variables, discussed in (10c), is relevant here, if the training procedure incorporates no constraints between
weights. Note also that the "learning” in HNet’ is not a plausible model of language acquisition (for one thing, positive and
negative data are crucial); "learning" in HNet' is purely a computational procedure for parameter fitting, a formal trick for
automating (a particularly nasty) part of the job of the harmonic grammarian: determining the numerical constants Cy in the
soft rules (b). Presumably, a plausible model of real language acquisition would operate at the lower level, in LNet, rather
than in HNet'.

Summary of the methodology

The methodoloy of harmonic grammar exemplified above can be summarized as the following series of steps.
(15) a. Choose a filler/role decomposition for the structures whose well-formedness is to be accounted for.
b. Postulate a lower level model LNet using a tensor product representation with this filler/role decomposition.
c. Take the formula (5) for the harmony of LNet in terms of its weights and activities, and change variables ...
d. ... to get a formula (8) for the harmony as function of the constituents of the structure being represented;
this function involves aggregated harmony values indexed by pairs of constituents; treat these values as
independent high level variables.
e. Prune the number of these variables by appealing to linguistic constraints (at least) until the number of
variables is considerably fewer than the number of data points to be accounted for.
f.  Embody the resulting harmony function as a local connectionist network HNet whose connection strengths
are the high level harmony variables.
g. Create HNet' by adding to HNet an output unit that explicitly computes the harmony and corresponding
acceptability value by means of additional conjunctive units and winner-take-all linear hidden units.
h. Train HNet' using more-or-less standard connectionist supervised learning.
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i. Interpret HNet' as embodying soft grammatical and lexical rules.
J-  Analyze these rules for new linguistic insight into the original linguistic problem.
Step (15)) is the subject of current research.
The method exhibits the following novel features:
(16) a. Itis founded on a distributed lower level connectionist model that is only partially specified.

b. It operates primarily through a higher level formalism that approximately describes certain aspects of the
aggregate behavior of the lower level network in terms of another, local, connectionist network.

c. The grammatical and lexical rules of the formalism are soft, and represent a set of quantified tendencies;
but the model is fully formal, in that it makes precise predictions (even graded ones) of acceptability or
well-formedness.

d. The strength of the soft rules is determined automatically from the data.

e. Existing linguistic knowledge plays the important role of constraining the form of the grammar.
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Footnotes

1. Other conncctionist approaches to linguistics appealing to the notion of harmony include John Goldsmith’s "harmonic phonology" (Goldsmith, to
appear) and George Lakoff’s "cognitive phonology" (Lakoff, 1988).

2. In addition, there are corresponding problerms related to learning, but these are not yet relevant to this research.

3. In Smolensky (1986b), the dynamical question is also considered: do the lower and higher level models evolve isomorphically in time? In this
paper, we do an end run around the dynamics, working directly with the optimal equilibrium states the (incompletely specified) dynamics is trying to find.

4. Smolensky (in press 2) uses this technique as the technical basis for a reply to the putative dilemma of Fodor & Pylyshyn (1988): connectionism
must choose between associationist and structure-sensitive processing.

5. This simple form for H arises from treating biases as weights to an extra unit with constant value 1, and treating input lines as though they
originated in units interior to the network. In this form, H in the text is maximized when each unit achieves its maximum or minimum activation values.
Networks whose units are not driven to their limits — e.g., quasi-linear units with sigmoid non-linearities, discussed in Smolensky (1986b) and very popular
since Rumelhart, Hinton, & Williams (1986) in "back-propagation networks" — can be analyzed by adding to H a term -3, 4 (a;) which does not introduce
further interactions among the units, but is designed to penalize units with extreme values. E.g., for the popular logistic non-linearity a; = (1+e = 41 we
seth(a) = alna+(1-a)ln(1-a). This function A, like the other terms in 4, has an interpretation in terms of statistical inference and information theory.

6. This constraint is particularly important since without it, every pair of context and individual predicate would have its own free parameter, giving
rise to 572 parameters of this type alone — with only 760 data points to fix the parameters.
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