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A Very Small Conclusion

On two occasions I have been asked
[by members of Parliament], ‘Pray,
Mr.Babbage, if you put into the machine
wrong figures, will the right answers come
out?’ I am not able rightly to apprehend
the kind of confusion of ideas that could
provoke such a question.

Charles Babbage

“Was it all inevitable, John?” Reeve was
pushing his fingers across the floor of the
cell, seated on his haunches. I was lying
on the mattress.
“Yes,” I said. “I think it was. Cer-
tainly, it’s written that way. The end of
the book is there before the beginning’s
hardly started.”

Ian Rankin, Knots and Crosses

When ending this manuscript, the author decided that a certain number of

things had been left implicit in the text, and could perhaps be clearly written

out clearly in some place where this would not affect the mathematical

reading of the rest.

Let us discuss briefly these points here.

19.1 About convergence

Let us suppose, for the sake of argument, that the task we were developing

algorithms for was the construction of random number generators. Suppose
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now that we had constructed such a generator, that given a seed s would

return an endless series of numbers. Some of the questions we may be faced

with might be:

- Is 25 more or less random than 17?

- Is 23 random?

- If in a practical situation my generator gives me number 999999, should I

decide this number is not random at all and therefore re-run the generator

until a truly random number appears?

These questions are, of course, not the ones one should be considering when

working with random numbers (remember they play an important part in

encrypting those safe buys you make on the Internet!). No one would dream

of not establishing a mathematical proof of the generator.

Now let’s return to grammatical inference and accept that our goal is to

learn (or infer, or induce) a grammar from data about a language. Con-

cretely, we are often given some text and have to work from it. Then, what

is sometimes done is to extract some grammar from the text, say something

about the fact that it is small, that we have followed some sound principle

to extract this grammar, and that therefore we have learnt.

The point we make here is not that we haven’t learnt. We possibly have,

for the matter. The argument is that there is an alternative to looking at

the data and the result: looking at the learning algorithm per se, showing

some general property about it, the conditions needed for it to work, the

biases we are using. This is all done a priori. Then one has to consider if

what one knows about the data fits with this, and one can then hope to use

the algorithm in these conditions.

One of the key ideas defended in this manuscript has been that this is

precisely what grammatical inference is about: without being able to say

something precise about the convergence of the algorithm, we are not learn-

ing.

19.2 About complexity

We have developed here many ideas concerning the complexity of language

and grammar learning. As can be seen throughout the pages, there still is

a lot of work to be done.

A partial conclusion we have reached during the writing of the manuscript,

but also through discussion with many experts from very different fields,

is that there is no unique definition of what is a reasonable definition of

complexity and what is not. Several definitions exist and don’t coincide.
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What we still believe in is that we should know how to count, in different

ways, in order to better match the problems that we can be facing.

There may be another issue with the questions regarding complexity for

learning problems. Traditional complexity theory has been used for classical

problems, where the data is given all at once and some function has to be

optimised or some criterion has to be met. Yet there are many applications,

today, where the data is obtained little by little and the algorithms are

supposed to both optimise some immediate criterion and some long term

one. This is clearly the case of machine learning but appears also in a number

of fields: in networks, in video streaming, in all adaptative interfaces...

The feeling we have is that the ides studied in grammatical inference and

summarised in this text can perhaps be used to participate in the building

of a new complexity theory, able to take into account these issues.

19.3 About trees and graphs and more structure

We have left untouched (or nearly) the question of learning from data that

would be more structured than strings. There are many researchers working

on learning tree grammars and tree automata. In some cases the work

consist in adapting a string language inference algorithm to suit the tree

case, but in many others the problems are new and novel algorithms are

needed. Furthermore, in practice, in many cases the tree structures allow to

model the data in a much more accurate fashion.

The graph extension is more troublesome. If clearly graphs are used in

modelling tasks, and it is therefore of interest to be able to have graph

generators and recognisers, the amount of basic graph problems that are

immediately intractable is fearsome: graph isomorphism, graph matching or

alignment, finding the common subgraph, checking if one graph is a subgraph

of another. But despite these difficulties, moving from strings to both trees

and graphs is undoubtedly the path to be followed.

19.4 About applications

We have presented far too few applications in this manuscript. One reason

for this is that the point of view one may have is going to become outdated

most rapidly if using too closely the applications. The fact that new tools ex-

ist to manipulate automata with (today) a few millions of states means that

problems that seemed yesterday unreachable have now become interesting.

A final word consists in saying that the algorithm that may be bad for

application one may be well suited for application two. This of course is
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true not only for grammatical inference. One encouraging characteristic of

grammatical inference is that these two applications can be set in so differ-

ent fields, ranging from reverse engineering to linguistics, from automatic

translation to computational biology or from robotics to ethology.

19.5 About learning itself

A view defended by some is that learning is about compressing. A compres-

sion with loss, where the loss itself corresponds to the gain in learning.

Throughout the book we have viewed algorithms whose chief goal was to

get hold of enormous amounts of data and somehow digest it into a simple

set of rules which in turn allowed us to somehow replace the data by the

grammar. In other words, the feeling we have reached is that learning is all

about forgetting.


