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(0) Some traditional questions.

• Is language acquisition more like learning or more like growth or triggering?

• Are specific properties of human syntax innately present in every human learner?

• Are properties of learnable languages determined by every learner that can learn them?

Questions like these generate heated disputes, but they are typically posed in these vague terms that obscure
the real issues. I think the questions are better formulated this way:

• How does our ability to learn languages shape the languages we speak?

We will introduce some ways of thinking about learning that will allow much clearer and more interesting
questions to be formulated and (some of them) answered.

(1) Example 1. Suppose we have heard these parts of a verbal paradigm [1, 4], affixes attached to the verb li-

male human female human non-human
1 li-w-da li-j-da li-b-da
2 li-w-de li-j-de
3 li-w li-j li-b

Do we expect li-b-de in the unfilled position?

• k-CNF (Valiant 1984). No. (no generalization)

• Support vector machine (Sadohara 2001). No

Maximum-margin hyperplane and margins for a
SVM trained with samples from two classes.
Samples on the margin are called the support vectors.

• Maximum entropy (Paris and Vencovská 1994). With 3×3 options, chances ≈11%

• Monomial-preference (Pertsova 2007). Yes.

(2) Example 2. Suppose we have heard the following stress patterns [7, §1.6]:

H́ Ĺ H́L H́H LH́

LĹ H́LL H́LH H́HL H́HH

LH́L LH́H LLĹ LLH́ LH́LL

LH́LH H́LLL H́LLH H́HLL H́HLH

LH́HL LH́HH H́LHL H́LHH H́HHL

H́HHH LLH́L LLH́H LLLĹ LLLH́

Do we expect LLH́LLL?

• Neighborhood distinct (Heinz 2007, 2008). Yes.

(3) Example 3. Suppose we hear the following syntactic expressions with the indicated headedness:

<

do di

>

da <

do di

Is da da do di (where these expressions have the same categories as in the examples) in the language?

• Rigid (Kanazawa 1996). Yes. (contrast [2, 3, 9])

(4) Data: exact and noisy. First, we will look at clean data from one source. Noise is added later.

Learners as functions φ. We will study two kinds of learning models too:
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φ:data → H, where H is the set of possible hypotheses about the data source
φ:data → P, where P is the set of probability distributions on H

(5) the plan:

exact noisy
discrete H 1 2

prob H 3 4

Why do ‘exact data, discrete H’ first? Because (i) it is easier, (ii) sometimes the language learner’s data
is quite clear and exact, and (iii) this part of learning theory has surprising, important lessons about how
generalization works.

example 1

example 2
example 3

human syntax, morphology

Reg CF CS RE non−REFin
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