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A central tenet of generative linguistics is that extensive innate knowledge of grammar is essential to
explain the acquisition of language from positive-only data (Chomsky, 1986). We explore an alternative
hypothesis, according to which syntax is an abstraction that emerges from exposure to language (Hopper,
1998), coexisting with the corpus data within the same representational mechanism. Far from parsimonious,
the representation we introduce allows partial overlap of linguistic patterns or constructions (Croft, 2001).
The incremental process of acquisition of patterns is driven both by structural similarities and by statistical
information inherent in the data, so that frequent strings of similar composition come to be represented by
the same pattern. The degree of abstraction of a pattern varies: it may be high, as in the case of a frame with
several slots, each occupied by a member of an equivalence class associated with it, or low, as in the extreme
case of idioms or formulaic language snippets, where there is no abstraction at all (Langacker, 1987; Wray,
2002). The acquired patterns represent fully the original data, and, crucially, enable structure-sensitive
generalization in the production and the assimilation of unseen examples.

The ADIOS (Automatic DIstillation Of Structure) model has two components: (1) a representational
data structure, which is a directed multi-graph, and (2) a Pattern Acquisition (PA) algorithm that progres-
sively refines the graph in an unsupervised fashion. The PA algorithm aims to detectsignificant patterns
(SPs): similarly structured sequences of primitives that recur in the corpus. Each SP has an associated
equivalence class(EC), which is a set of alternative primitives that may fit into the slot in the SP to construct
a given path through the graph (see Figure 1a). The manner whereby the model supports generalization is
exemplified in Figure 1c. The algorithm requires neither prior classification of the primitives into syntactic
categories, nor even a pre-setting of their scope: it can bootstrap itself from a corpus in which all the words
have been broken down into their constituent characters.

The algorithm repeatedly scans the graph for significant patterns (SPs), which are then used to modify it.
Each SP consists of a non-empty prefix (a sequence of graph edges), an equivalence class of vertices, and a
non-empty suffix (another sequence of edges; cf. Figure 1(a)). For each pathpathi, the algorithm constructs
a setsj = {p1, . . . , pm} of paths of the same length aspathi that together could form a pattern. The most
significant set of candidate paths is tagged as an SP and is added as a new vertex to the graph, replacing the
constituents and edges it subsumes (Figure 1(b)). Note that only those edges of the multi-graph that belong
to the detected pattern are rewired; edges that belong to sequences not subsumed by the pattern are left intact.
This highly context-sensitive approach to pattern abstraction, which is unique to our model, allows ADIOS
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Figure 1: (a) A small portion of the initial directed multi-graph for a simple corpus containing sentences
#101 (is that a cat?) #102 (is that a dog?) #103 (and is that a horse?) #104 (where is the dog?).
Each sentence is depicted by a solid colored line; edge direction is marked by arrows and is labeled by the
sentence number and within-sentence index. The sentences in this example join a patternis that a {dog,
cat, horse} ?. (b) The abstracted pattern and the equivalence class associated with it are highlighted (edges
that belong to sequences not subsumed by this pattern, e.g., #104, are untouched).(c) The identification
of new significant patterns is done using the acquired equivalence classes (e.g., #200). In this manner, the
system “bootstraps” itself, recursively distilling more and more complex patterns. This kind of abstraction
also supports generalization: the original three sentences (shaded paths) form a pattern with two equivalence
classes, which can then potentially generate six new sentences (e.g.,the cat is play-ing andthe horse is
eat-ing).

to achieve a high degree of representational parsimony without sacrificing its generalization power. During
the pass over the corpus, the list of equivalence sets is updated continuously, and new significant patterns are
found using thecurrentequivalence classes (Figure 1(c)). Thus, as the algorithm processes more and more
text, it “bootstraps” itself and enriches the graph structure with new SPs and their accompanying equivalence
sets. The recursive nature of this process enables the algorithm to form more and more complex patterns, in
a hierarchical manner.



To illustrate the scalability of our method, we mention briefly the outcome of applying the PA algorithm
to a subset of the CHILDES collection (MacWhinney and Snow, 1985), which consists of transcribed speech
produced by, or directed at, children. The corpus we selected contained 300,000 sentences (1.3 million
tokens) produced by parents. The following results were derived from a snapshot of the algorithm’s state
after 14 real-time days. Working at a rate of 250 patterns per day, the algorithm identified 3400 patterns and
3200 equivalence classes, representing the corpus in terms of these elements. The outcome was encouraging:
the algorithm found intuitively relevant SPs and produced semantically adequate corresponding equivalence
sets. The algorithm’s considerable ability to recombine and reuse constructions it learns is illustrated by
the following examples, in which a few of the sentences generated by ADIOS (left) are shown alongside
sentences from CHILDES described by the same compositions of patterns:

ADIOS CHILDES

what doe s Spot say ? where doe s it go ?
I don ’t think it ’ s good ! that ’ s good !
it ’ s gon ta go first . dog ’ s gon ta eat first .
there ’ s a cup and there ’ s some lamb s . there ’ s a table and there ’ s some chair s .

We assess the ability of the trained model to deal with novel inputs by subjecting it to various tests, such
as the multiple-choice grammaticality judgments used in English as Second Language (ESL) classes. In one
particular test, we compared the performance of ADIOS with that of a word bi-gram model on an exam that
has been administered to more than10, 000 people in the G̈oteborg (Sweden) education system. ADIOS
outperformed the bi-gram benchmark by answering60% of the questions with60% hits, compared to20%
of the questions with only45% hits for the latter (note that chance performance in this test is33%).

The ADIOS model incrementally learns the (morpho)syntax of English from “raw” input by distilling
structural regularities (which can be thought of as constructions (Croft, 2001; Goldberg, 2003)) from the
accrued statistical co-occurrence and contextual cues. The resulting pattern-based representations are more
powerful than finite automata because of their potential for recursion. Their depth, however, is not un-
bounded (rather, it is driven by the demands of the training data), a limitation that actually makes ADIOS a
better candidate model for psycholinguistics (cf. the human limitations on processing recursion (MacDonald
and Christiansen, 2002)). The patterns learned by ADIOS are also more powerful than context-free rewrit-
ing rules, because of their conservative nature: members of an equivalence class are only ever considered
as interchangeable in a specific context. This characteristic, which distinguishes ADIOS from some related
approaches (Clark, 2001; van Zaanen and Adriaans, 2001; Klein and Manning, 2002), suggests some paral-
lels to Lexicalized Tree-Adjoining Grammars (Joshi and Schabes, 1997), which we are exploring at present.
The conservative approach we adopt results, on the one hand, in larger – but not unmanageable – demands
on memory (more patterns need to be stored); on the other hand, crucially, it leads to efficient unsupervised
probabilistic learning, and subsequent judicious use, of linguistic knowledge.
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