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Some exercises for X9IT050: Grammatical Inference

1 About the general perspective

1. What is wrong with the argument: a human’s life is finite, and there are only a finite number
of humans. Therefore, studying infinite languages is nonsense?

2. If we add the argument: the life being finite, there is a natural bound over the length of the
sentences which may be spoken, so there is no need to consider infinite languages?

2 About the size of encodings

Let us suppose in the sequel that the size of the alphabet is 2.

1. Show that you can encode any n-state Dfa with at most O(n log n) bits

2. Show that you can encode any n-state Nfa with at most O(n2) bits

3. Show that you can encode any Context-Free grammar in Chomsky normal form having n
rules with O(n log n) bits

4. Can you do something similar if the grammar is not in Chomsky normal form?

5. In what precedes, we have |Σ| = 2. Is this a necessary condition?

3 About identification in the limit

1. Let FIN(N) be the class consisting of all finite sets of N. Is FIN(N) identifiable in the limit
from text? Suggest an algorithm which performs this task and prove that your algorithm
identifies the class in the limit.

2. Let CO-FIN(N) be the class consisting of all cofinite-sets of N: a set is cofinite if its comple-
ment is finite. Is CO-FIN(N) identifiable in the limit?

3. Give an algorithm (not necessarily polynomial) for learning Dfa in the limit from an infor-
mant?

4 About PAC learning

1. Consider the following distribution. What is the probability of an infinitely long string?
∀n ∈ N, P r(an) = 1

2n+1

2. Let us suppose that we have a target grammar GT and a hypothesis grammar GH . Suppose
we have an unknown distribution D. Let us suppose that GH is an ε-good hypothesis for D.

(a) What is the probability that we draw a random example and that GH misclassifies it?

(b) What is the probability that we draw n random examples and that GH misclassifies at
least one of them? Give an upper bound. You may want to use the following inequality

(1− x) ≤ e−x
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(c) How many examples should we draw so that if GH and GT agree on each, we can say
that with high probability (at least 1-δ) GH is an ε-good hypothesis?

The main definitions

Identification in the limit. In this learning setting the learner is given one piece of information
at the time and returns a hypothesis depending on the sequence he has seen so far. For a class
of grammars to be identifiable in the limit it is required that given any grammar G in the class,
any complete presentation of information for that grammar, the learner reaches at some point a
hypothesis grammar G′ which is then output systematically. By a complete presentation we mean
that each admissible information is presented at least once. Of course G′ should be equivalent to
G.

Let GT be the target grammar and GH a hypothesis grammar. Let ε > 0. We say that GH is
an ε-good hypothesis w.r.t. G ifdef d(GT , GH) < ε.

A learning algorithm is now asked to learn a grammar given a confidence parameter δ and an
error parameter ε. The algorithm must also be given an upper bound n on the size of the target
grammar and (sometimes) an upper bound m on the length of the examples it is going to get.
The algorithm can query an Oracle for an example randomly drawn according to the distribution
D. The query of an example or a counter-example will be denoted Ex(). When the Oracle is only
queried for a positive example, we will write Pos-Ex(). And when the Oracle is only queried for
string of length ≤ m, we will write Ex(m) and Pos-Ex(m) respectively. Formally, the oracle will
then return a string drawn from D, or D(L(G)), or D(Σ≤m), or D(L(G) ∩ Σ≤m), respectively,
where D(L) is the restriction of D to the strings of L: PrD(L)(x) = PrD(x)/PrD(L) if x ∈ L, 0
otherwise. PrD(L)(x) is not defined if L = ∅.

Polynomial Pac-learnability. Let G be a class of grammars. G is Pac-learnable ifdef
there exists an algorithm A s.t. ∀ε, δ > 0, for any distribution D over Σ?, ∀n ∈ N, ∀G ∈ G of size
≤ n, for any upper bound m ∈ N on the size of the examples, if A has access to Ex(), ε, δ, n
and m, then with probability > 1− δ, A returns an ε-good hypothesis w.r.t. G. If A runs in time
polynomial in 1

ε , 1
δ , n and m, we say that G is polynomially (or efficiently) Pac-learnable.
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