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Abstract. In recent years different classes of mildly context-sensitive
languages, which can handle complex structures beyond context-freeness,
have been discovered that can be identified in the limit from positive
examples efficiently in some sense. The goal of this paper is to convert
those existing learning algorithms into ones that work under a more
practical learning scheme, finite stochastic learning and to discuss the
efficiency of the proposed algorithms.

1 Introduction

Identification in the limit (iil) from text [8] is a classical paradigm that mod-
els language learning under an environment, where only positive examples are
available. In fact in many real situations like when a child learns his/her first
language, negative examples are hardly available. After Angluin [1] showed that
pattern languages can be learned in this model, the literature has been paying
much attention to iil from text and obtained many fruitful results. However,
this classical model is sometimes criticized for its inadequacy in practice. One
cannot know when the hypothesis output by the learner has converged. That is,
one cannot trust in the learner’s hypothesis regardless of the quantity of informa-
tion fed to the learner. Moreover, it is hard to define the efficiency of a learning
algorithm due to the “in the limit” nature [4, 12]. We have no established way
to analyze the efficiency of an iil algorithm.

Reischuk and Zeugmann [13] and Rossmanith and Zeugmann [14] have pro-
posed an alternative learning scheme, called stochastic finite ( sf) learning, to
overcome those difficulties of iil. In their scheme, positive examples are sequen-
tially given to a learner according to some probability distribution. Differently
from the iil model, an sf learner must eventually terminate and output a rep-
resentation. One can evaluate a learner’s efficiency by, say the expected number
of examples that the learner needs to terminate. The literature has achieved
positive results on the sf learning [13, 14, 3, 18], yet so far the learning target
languages were limited to (variants of) pattern languages. This paper is con-
cerned with the sf learning of the so-called mildly context-sensitive languages.
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A long-term goal of grammatical inference is to find a reasonable class of
formal languages that are powerful enough for expressing natural languages and
are efficiently learnable under a reasonable scheme. Context-free languages are
fairly expressive, yet natural languages are known to involve non-context-free
structures like multiple agreements, crossed agreements, and duplication struc-
tures [9, 7, 15]. Joshi [10] proposed the notion of mildly context-sensitive lan-
guages in order to define a class of formal languages for modeling natural lan-
guages. They, on the one hand, should be rich enough to model the natural
language phenomena mentioned above. On the other hand, its generative power
should be still simple enough to allow for polynomial time parsing algorithms.

In recent years, several interesting iil algorithms for different mildly context-
sensitive languages have been proposed. Among these algorithms are the one
discovered by Yoshinaka [16] that learns the class of qd-substitutable multiple
context-free languages, and Becerra-Bonache et al.’s [2] algorithms targeting sim-
ple external contextual languages.

In the present paper we shall focus on these algorithms and translate those
into sf learners. Section 3 shows how polynomial-time sf learning of qd-substi-
tutable multiple context-free languages is possible under certain assumptions. We
also prove that a subclass of simple external contextual languages is sf learnable
in Section 4. In particular, it is shown that the class in concern is efficiently sf
learnable under a certain condition — whether or not the condition holds true
in general is left as an open problem.

2 Preliminaries

For a finite alphabet Σ, let Σ∗ denote the set of strings over Σ. The empty
string is denoted by λ and Σ+ = Σ∗ \{λ}. For u ∈ Σ∗, let |u| denotes the length
of u. Any subset L ⊆ Σ∗ is called a language. For any set S, we use |S| to denote
its cardinality and ℘(S) to denote its power set. The empty set is denoted by ∅.
If L is a finite language over Σ, its size is defined as ‖L‖ = |L|+

∑
u∈L |u|.

We assume a countably infinite set Z of variables which is disjoint from Σ.
We use z1, z2, . . . , to denote variables. A pattern π is an element of (Z ∪ Σ)∗.
A substitution is a homomorphism on (Z ∪ Σ)∗ that maps every letter in Σ
to itself. A homomorphism that maps zi to ui for i = 1, . . . ,m is denoted as
a suffix operator [z1 := u1, . . . , zm := um]. When z and u represent sequences
of variables z1, . . . , zm and strings u1, . . . , um, respectively, the substitution is
often denoted as [z := u].

Definition 1. A grammar system on Σ is a pair 〈G, L〉 where G is a class of
representations called grammars and L is a function from G to ℘(Σ∗) such that
it is decidable whether w ∈ L(G) for any G ∈ G and w ∈ Σ∗. We assume that
every grammar G ∈ G is in some way assigned a positive integer called the size
of G, denoted by ‖G‖.

A probabilistic grammar system on Σ is a pair 〈H,Pr〉 where H is a class of
representations and Pr is a function from H× (Σ∗ ∪ {#}) to [0, 1] such that for
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every H ∈ H, we have ∑
w∈Σ∗∪{#}

Pr(H,w) = 1 ,

where # is a special symbol not in Σ. We call each element of H a probabilis-
tic grammar. The function PrH such that PrH(w) = Pr(H,w) is called the
probabilistic language of H. We define the (non-probabilistic) language of H by

LPr (H) = {w ∈ Σ∗ | PrH(w) > 0 } .

We often describe a probabilistic grammar system H based on a grammar
system G, where each H is defined on G such that LPr (H) = L(G). Such G is
called a underlying grammar of H and the size of each H is defined to be that
of G.

Definition 2. Let 〈H,Pr〉 be a probabilistic grammar system and 〈G, L〉 be
its underlying grammar system. A probabilistic text of H ∈ H is an infinite
sequence of elements of LPr (H)∪ {#} independently drawn with respect to the
distribution PrH . A stochastic finite learner (learner, in short) A is an algorithm
that takes strings from a probabilistic text of H one by one. Each time it gets
a string, it may either request a next string or terminate outputting a grammar
G ∈ G. We say that a learner stochastically finitely ( sf) learns 〈H,Pr〉 if for any
H ∈ H, it terminates in a finite number of steps and the output G satisfies that
L(G) = LPr (H) with probability at least 1− δ, where δ ∈ (0, 1) is the so-called
confidence parameter.

Moreover, we say that a learner polynomially stochastically finitely (psf)
learns 〈H,Pr〉 if the expected number of examples that it requests is polynomi-
ally bounded in ‖H‖δ−1 where H is the learning target and the total running
time is polynomially bounded in the total size of the given data.

We note that the above definition of sf learning differs from the original [13, 14]
slightly. Our definition of sf learning targets a probabilistic grammar system,
where we assume that a distribution of strings is in some way determined by part
of a probabilistic grammar H. The original definition [13, 14] does not involve
probabilistic grammars, but still they assume that a probabilistic text obeys an
admissible distribution which may be defined in terms of underlying grammars.

When Pr is understood from the context, we let L denote LPr and simply
say that A (p)sf-learns H by dropping Pr .

Example 1. A pattern can be seen as a grammar, whose language is defined
to be the set of strings of letters that are obtained by substituting arbitrary
nonempty strings for variables. That is, L(π) = {πθ | θ is a λ-free substitution }.
For example, π = az1bz2z1c is a pattern whose language is L(π) = { aubvuc |
u, v ∈ Σ+ }. Let D be a distribution of strings such that D(w) > 0 for all w ∈ Σ∗

and D(Σ∗) = 1, which represents the probability of the substitution of a string
for each variable that occurs in π. We extend the domain of D to tuples of
strings by D(〈u1, . . . , uk〉) =

∏
1≤i≤k D(ui). Then H = 〈π,D〉 is a probabilistic

grammar such that Pr(H,w) =
∑

u∈Sπ(w) D(u), where Sπ(w) = { 〈u1, . . . , uk〉 |
π[z1 := u1, . . . , zk := uk] = w } with the variables z1, . . . , zk in π.
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3 Learning multidimensionally substitutable MCFLs

3.1 Probabilistic multiple context-free grammars

A ranked alphabet is a pair of an alphabet V and a map r : Σ → N, where
N = {0, 1, 2, . . .} denotes the set of all natural numbers. Let x be any string
and m ∈ N, then x〈m〉 denotes the m-tuple containing x precisely m many
times, while xm denotes the usual concatenation of x, e.g., x〈3〉 = 〈x, x, x〉 and
x3 = xxx. Hence (Σ∗)〈m〉 is the set of m-tuples of strings over Σ, which are
called m-words. Similarly we define (·)〈∗〉 and (·)〈+〉, where, for instance, (Σ∗)〈+〉

denotes the set of all m-words for all m ≥ 1. For an m-word u = 〈u1, . . . , um〉,
we write |u| to denote its arity, i.e., |u| = m and we use ‖u‖ to denote its size
m +

∑
1≤i≤m |ui|.

A multiple context-free grammar (mcfg) is a tuple G = 〈Σ,Ndim , R, S〉,
where Σ is the alphabet of terminal symbols, Ndim = (N, dim) is the ranked
alphabet of nonterminal symbols, R is the finite set of rules and S ∈ N is the
start symbol. We call the value dim(A) the dimension of A ∈ N . Each rule in R
has the form

A0(α1, . . . , αr0)←A1(z1,1, . . . , z1,r1), . . . , An(zn,1, . . . , zn,rn
)

where Ai ∈ N and ri = dim(Ai) for i = 0, 1, . . . , n, zi,j ∈ Z for i = 1, . . . , n
and j = 1, . . . , ri and αk ∈ (Σ ∪ { zi,j | 1 ≤ i ≤ n, 1 ≤ j ≤ ri })∗ for each
k = 1, . . . , r0 for some n ∈ N. Furthermore, in this paper we require each zi,j

with i = 1, . . . , n and j = 1, . . . , ri to occur exactly once through α1, . . . , αr0 . A
rule of the above form is an A0-rule and RA0 denotes the set of A0-rules. The
size of the rule is defined to be |α1|+ · · ·+ |αr0 |+ n + 1. The size of a grammar
is defined to be the sum of the sizes of its rules.

We represent ordered rooted labeled trees as terms. An A-derivation tree for
A ∈ N is a tree whose nodes are labeled by rules. We inductively define them
as follows:

– the tree consisting of just one node labeled by a rule of the form
A(v1, . . . , vr)← is an A-derivation tree;

– if ti are Ai-derivation trees for all i = 1, . . . , n and a rule ρ has the form
A(α)←A1(z1), . . . , An(zn), then ρ(t1, . . . , tn) is an A-derivation tree;

– nothing else is an A-derivation tree.

A derivation tree means an S-derivation tree.
The yield YG(t) of an A-derivation tree t is a dim(A)-tuple of strings induc-

tively defined by the following: If t = ρ(t1, . . . , tn) and ρ is a rule of the form
A(α)←A1(z1), . . . , An(zn), then

YG(t) = α[z1 := YG(t1), . . . ,zn := YG(tn)] .

We set LG(A) = {YG(t) | t is an A-derivation tree }, and refer to it as the
language derived from a nonterminal A. The language of G is L(G) = LG(S).
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A probabilistic mcfg is a tuple H = 〈Σ, N,R, S, π〉, where GH = 〈Σ, N,R, S〉
is an mcfg and π : R→ (0, 1] gives a probability to each rule such that∑

ρ∈RA

π(ρ) = 1 , for all A ∈ N .

The mcfg GH is called the underlying grammar of H. The probability of an
A-derivation tree t is defined to be the product of the probabilities assigned to
rules that label nodes of t. That is, if t has the form t = ρ(t1, . . . , tn), then
the probability of t is defined by π̂(t) = π(ρ)

∏
1≤i≤n π̂(ti). The probability of a

string u ∈ Σ∗ assigned by a probabilistic grammar H is defined by

PrH(u) =
∑

t∈TS(u)

π̂(t) ,

where TA(u) is the set of A-derivation trees t such that YGH
(t) = u. Moreover,

for a language K ⊆ Σ∗, we let PrH(K) =
∑

u∈K PrH(u). Obviously PrH(u) > 0
if and only if u ∈ L(GH) for any u ∈ Σ∗. Note that we have π(ρ) > 0 for
all ρ ∈ R by definition.

Finally, we define PrH(#) = 1− PrH(Σ∗). Since H subsumes GH , we often
substitute H for G like YH or L(H) instead of YGH

or L(GH). The size ‖H‖ of
a probabilistic mcfg is defined to be the size of its underlying grammar.

3.2 IIL of multidimensionally substitutable MCFLs

Yoshinaka [16] has defined a subclass of mcfls that is interesting from its point
of view of learnability. Let � /∈ Σ be a new symbol, which represents a hole.
If w ∈ (Σ ∪ {�})∗ contains m occurrences of �, then w is called an m-context.
For an m-context w = u0�u1� . . .�um such that u0, . . . , um ∈ Σ∗ and an m-
word v = 〈v1, . . . , vm〉 ∈ (Σ∗)〈∗〉, we define an operation � by setting w � v =
u0v1u1 . . . vmum. Note that w � v is defined only when w contains exactly |v|
occurrences of �.

For a positive integer q, a language L is said to be qd-substitutable if and
only if

w1 � v1, w1 � v2, w2 � v1 ∈ L implies w2 � v2 ∈ L

for any w1, w2 ∈ Σ∗(�Σ+)m−1�Σ∗, v1,v2 ∈ (Σ+)〈m〉 and m ≤ q. For nota-
tional convenience, we write Σ

[m]
� for Σ∗(�Σ+)m−1�Σ∗.

We denote by G(q, r) the collection of mcfgs G whose nonterminals are as-
signed a dimension at most q and whose rules have at most r nonterminals on the
right-hand side. Let SL(q, r) denote the set of languages that are qd-substitutable
and are generated by a grammar from G(q, r). The class SL(2, 1) contains non-
context-free languages like { anbcnden | n > 0 } and { ambcndemfgn | m,n > 0 },
which can be seen as models of multiple agreements and crossed agreements.

Yoshinaka’s [16] learning algorithm A(q, r) constructs a grammar GK from
a finite set K of positive examples of the target language L ∈ SL(q, r) in the
following manner. The set of nonterminals is defined as

VK = {v ∈ (Σ+)〈m〉 | w � v ∈ K for some w ∈ Σ
[m]
� and 1 ≤ m ≤ q } ∪ {S},
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where dim(v) = |v|. We shall write [[v]] instead of v for clarifying that it means
a nonterminal symbol (indexed with v). The set RK consists of rules of the
following three types:

I. [[v]](α)←[[v1]](z1), . . . , [[vn]](zn)
if n ≤ r and v = α[z1 := v1, . . . ,zn := vn], where [[v]], [[v1]], . . . , [[vn]] ∈
VK − {S};

II. [[v]](z)←[[v′]](z) if there is a w ∈ Σ
[m]
� such that w � v, w � v′ ∈ K;

III. S(z)←[[〈v〉]](z) if v ∈ K.

Since the set VK is finite, the set RK is also finite. The conjecture made by the
algorithm A(q, r) is then the mcfg Gq,r(K) = 〈Σ,VK , RK , S〉 ∈ G(q, r).

It is shown in [16] that for any qd-substitutable language L∗ and any K ⊆ L∗,
we have L(Gq,r(K)) ⊆ L∗. Furthermore, there exists also a set KG∗ such that
L∗ = L(Gq,r(K)) for any K ⊇ KG∗ , where G∗ is a grammar generating L∗.

Proposition 1 (Yoshinaka [16]). One can compute Gq,r(K) from a finite
language K ⊂ Σ∗ in polynomial time. Assume that K ⊇ KG∗ for an mcfg
G∗ ∈ G(q, r). Then we have L(G∗) ⊆ Gq,r(KG∗). In particular, if L(G∗) is qd-
substitutable, then L(Gq,r(K)) = L(G∗).

3.3 Polynomial stochastic finite learning of substitutable MCFLs

Based on Yoshinaka’s [16] iil algorithm, we shall investigate (p)sf-learning of
qd-substitutable mcfgs. Our learner outputs the grammar Gq,r(K) from a given
positive data set K when a sufficient number of examples is received. Let G =
〈Σ,N,R, S, π〉 be a probabilistic mcfg of our learning target. This paper gives a
definition of KG in a way different from the original one, but still Proposition 1
holds with our definition. For each rule ρ ∈ R, among derivation trees that have
a node labeled with ρ, let tρ be the one with the largest probability. We then
define KG = { vρ | ρ ∈ R } where vρ = YG(tρ). We estimate PrG(vρ) for each
ρ ∈ R in order to determine how many examples our learner should request.

For each nonterminal A ∈ N , the most probable A-derivation tree has at
most (r|V | − 1)/(r − 1) nodes where r is the maximum number of nonterminals
that appear on the right-hand side of a rule. Obviously every subtree of tρ is the
most probable A-derivation tree except the ones rooted by nodes on the path
from the root to a node labeled by ρ, whose length is at most |V |. Every node
on the path has at most r−1 siblings and the node labeled with ρ has at most r
children, all of which are a root node of the most probable A-derivation tree for
some A ∈ N . Therefore, we have

|tρ| ≤ |V | − 1 + ((r − 1)|V |+ 1)(r|V | − 1)/(r − 1) ≤ (|V |+ 1)r|V |

and hence
PrG(vρ) ≥ π̂(tρ) ≥ p(|V |+1)r|V |

,

where p is the least probability assigned to a rule in R. Let s = p(|V |+1)r|V |
. Let

Zm
ρ denote the event that one does not observe vρ among randomly drawn m
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examples. We have P(Zm
ρ ) ≤ (1− s)m ≤ e−ms and thus the probability that we

miss vρ for some ρ ∈ R can be bounded as follows

P
( ⋃

ρ∈R

Zm
ρ

)
≤

∑
ρ∈R

P(Zm
ρ ) ≤ |R|e−ms ,

where e is Napier’s constant. Thus if we draw more than s−1 ln |R|δ−1 examples,
with probability at least 1− δ we obtain vρ for all ρ ∈ R.

This number of required examples is not polynomially bounded in the de-
scription size of the target grammar because of s = p(|V |+1)r|V |

. That is, even
the most probable derivation tree of a grammar appear exponentially rarely.
This is closely related to the well-known problem in the efficient learning of
cfgs and richer formalisms: even the simplest derivation trees of a grammar
may be exponentially large in the size of the grammar itself. Here we assume
the µ-observability saying that we have a reasonably enough chance µ to ob-
serve the most probable string vρ for each ρ: PrG(vρ) ≥ µ. This can be seen
as an analogous property to the µ1-distinguishability and µ2-reachability that
Clark [5] has assumed to achieve a pac-type learnability of a subclass of cfgs.
The µ1-distinguishability and µ2-reachability entails that every nonterminal A
has a string vA derived by using A whose probability is at least µ1µ2. We assume
the similar property for each rule. If a rule is hardly used, we have little chance
to learn it. Moreover, this assumption entails that |R| is also bounded by µ−1.
Hence, if we draw more than

1
µ

ln
1
µδ

examples, our grammar constructed on those examples generates the target lan-
guage exactly with probability at least 1− δ.

Theorem 1. Let G(q, r, µ) be the class of probabilistic mcfgs in G(q, r) whose
languages are qd-substitutable and µ-observable. The class G(q, r, µ) is psf-
learnable.

We remark that the above discussion on the psf-learning of qd-substitutable
mcfgs apply to other formalisms for which substitutability is accordingly defined
and shown to be learnable: like cfgs [6], simple context-free tree grammars [11]
and abstract categorial grammars [17].

4 Stochastic finite learning of simple external contextual
grammars with one context

Becerra-Bonache et al. [2] have discussed the learnability of subclasses of simple
external contextual grammars ( secgs). A (q, s)-secg is a pair G = (v, C) where
|v| = q, |C| ≤ s and C ⊆ (Σ∗�Σ∗)〈q〉. We call v and elements of C the base
and contexts of G, respectively. The language of G, which we call a (q, s)-secl,
is given by

L(G) = {�q � w1 � · · · � wn � v | w1, . . . , wn ∈ C }



8 J. Case, R. Yoshinaka and T. Zeugmann

(note that � is associative). An secg can be seen as a special case of an mcfg.
Becerra-Bonache et al. [2] give an iterative learning algorithm for (q, 1)-secgs.
This section translates their algorithm into an sf learner. Following them, for
ease of notation, when we say that a language equals {u0, u1, . . . }4, we assume
that the ui are listed in length increasing order, that is, |u0| < |u1| < |u2| < . . . .
For a (q, 1)-sec language {u0, u1, . . . }, it would be a natural idea to define a
probabilistic distribution of strings by Pr(ui) = pi(1− p) where 0 < p < 1.

The following theorem is a key ingredient that establishes the result obtained
by Becerra-Bonache et al. [2].

Theorem 2 (Becerra-Bonache et al. [2], Theorem 22).
Let V = {v0, v1, v2, . . . } and W = {w0, w1, w2, . . . } be (q, 1)-secls. If v0 = w0,
v1 = w1 and there are m,n with vn = wm ∧ |vn| > (|v1|+ 2)3 then V = W .

It is easily seen that there is a polynomial-time algorithm (q is fixed) that
for input strings u0, u1, u with |u0| < |u1| < |u| decides whether there is an
(q, 1)-secl {u0, u1, . . . , u, . . . , }, and moreover if it is the case it outputs a (q, 1)-
secg Hq(u0, u1, u) generating the language. If there is no such a grammar then
Hq(u0, u1, u) is undefined.

Therefore what is important is to identify the two shortest strings in the
learning target. Our sf learner assumes that the two shortest strings u0, u1

amongst examples are indeed the two shortest in the target language when both
strings have been drawn at least n times where n is determined by the confidence
parameter δ. When in addition it observes a string u such that |u| > (|u1|+ 2)3,
it outputs Hq(u0, u1, u) as its conjecture.

Suppose that the target language is L∗ = {v0, v1, . . . , }. We bound the prob-
ability that the output of our learner is wrong, which happen only when u0

is not the shortest or u1 is not the second shortest in L∗. Let Zj denote the
event that vj is drawn n times before none of vi with i < j is drawn. Note
that Pr(vj+1) ≤ Pr(vj) for all j ≥ 0. Hence Pr(Zj) < (j + 1)−n. Thus, the
probability that u0 is not the shortest is bounded from above by⋃

j≥1

Pr(Zj) <
∑
j≥1

1
(j + 1)n

<
1
2n

+
∫ ∞

2

1
xn

dx <
3
2n

for n ≥ 2. The probability that u1 is not the second shortest is similarly bounded
from above by 3

2n . Therefore, the failure probability is at most 3
2n−1 , which should

be bounded by 1− δ. In other words, for n ≥ 1+ log2
3
δ , our learner’s conjecture

is exactly correct with probability at least 1− δ.

Theorem 3. The class of (q, 1)-secgs is sf learnable.

Note that this theorem holds true as long as Pr(vi) ≥ Pr(vj) whenever i ≤ j.
Next we estimate the expected number of examples that the learner requests.

As in the previous section, we assume that the probabilities (p and 1−p) assigned

4 We assume that every (q, 1)-secg in this paper generates an infinite language; oth-
erwise, its language is only a singleton.
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to rules are bounded from below by a constant. The probability that we draw
vj for some j ≥ k is pk. Taking into account that |vk| = |v0|+ k(|v1| − |v0|), for
k > ((|v1|+ 2)3− |v0|)/(|v1| − |v0|), we have |vk| > (|v1|+ 2)3. Thus the number
of expected times that we draw positive examples until we find a long enough
one is at most p−k where k = d((|v1| + 2)3 − |v0|)/(|v1| − |v0|)e + 1, which is
not polynomially bounded by the size of the target grammar if we define the
size of an secg G = 〈v, C〉 to be ‖C‖+ ‖v‖, which is equivalent to |w1| modulo
a constant term. On the other hand, it is open whether one can strengthen
Theorem 2 so that w0, w1, wn with n ≥ 2 suffices for ensuring the uniqueness.
If one can answer the open problem in the affirmative, it is not hard to see that
the class of (q, 1)-secgs becomes psf-learnable.

At least it is the case when q = 1, where (q, 1)-secgs generate only linear
context-free languages.

Lemma 1. Let Pk be the equation ukvwk = (u′)kv(w′)k. P1∧P2 implies ∀k.Pk.

Corollary 1. The class of (1, 1)-secgs is psf-learnable under the assumption
that the probability of drawing each of the shortest three positive example is
bounded from below.

5 Discussion

While language classes targeted by finite stochastic learning have so far been
limited to pattern languages in the literature, this paper has discussed how ex-
isting learning algorithms for mildly context-sensitive languages working under
the identification in the limit paradigm can be translated into finite stochastic
learners. The positive result on qd-substitutable substitutable mcfls can eas-
ily be applied to the “substitutable” subclasses of other formalisms including
context-free string/tree languages [6, 11] and abstract categorial grammars [17]
as well.

On the other hand, while we have established a positive result on the sf
learning of (q, 1)-secgs, it remains open whether (q, 1)-secls are psf learnable
for q ≥ 2. At last, we remark another open problem related to the learning
algorithm for (q, r)-secls from Becerra-Bonache et al.’s paper [2, Theorem 8].
Translating their algorithm into one for sf learning does not seem easy, since
their learnability proof does not constructively describe a set of positive examples
on which their learner converges to a correct grammar for the learning target.
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