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In a child’s early language learning, the correspondence between utterances and the situations in
which they are made seems to be a very important source of information for both the child trying
to figure out how to use the language and the adult trying to make sense of the child’s often im-
perfect utterances. We propose a simple computational model of language learning that takes into
account aspects of this correspondence. Our model has a teacher and a learner who interact in a
sequence of shared situations by producing utterances intended to denote a unique object in each sit-
uation. There is no explicit semantic annotation of the utterances; the learner uses cross-situational
correspondences to learn to comprehend the teacher’s utterances and produce its own appropriate
utterances. In each randomly generated situation in the sequence, the learner and the teacher in-
teract as follows: (1) The learner attempts to produce an utterance appropriate to the situation; (2)
The teacher produces a random utterance appropriate to the situation; (3) The learner analyzes the
teacher’s utterance and updates its current grammar1. The eventual goal of the learner is, in any
possible situation, to produce only correct denoting utterances and to be able to produce all of them.
Our model is probabilistic, and what we require is that the probability of learner errors be reduced
to very low levels.

This setting allows us to study several interesting questions including whether the presence of se-
mantics (in the form of situations) facilitates the learning process. We tested our model with limited
sublanguages of ten different natural languages exhibiting a variety of linguistic phenomena. In our
experiments, each situation has two objects, each with three attributes (shape, color and size), and
one binary relation between the two objects (to the left of, above). The attributes of shape and color
each have six possible values and the attribute of size has three possible values. Situations are de-
scribed by logical ground atoms giving the properties of each object and the relation between them;
there is a conceptual hierarchy that groups the predicates for shapes, colors and sizes respectively.
As an example, given a situation consisting of a big blue triangle to the left of a medium green star,
there are forty possible denoting utterances. In our limited sublanguage of English, two of these
denoting utterances are the blue triangle and the green star to the right of the triangle.

The level of performance of a learner is measured using two quantities: (i) correctness: the sum of
the probabilities of the learner’s utterances that are in the correct denoting set; (ii) completeness:
the fraction of the correct denoting utterances that are in the set of possible learner utterances. A
learner reaches a level p of performance if both correctness and completeness are at least p. In our
experiments, the learner and the teacher engage in a sequence of interactions until the learner first
reaches a level of performance of p = 0.99. Table 1 shows the number of teacher utterances needed
to reach the given levels of performance for each natural language. Each entry is the median of
10 trials in which the learner’s performance was tested after every 100 teacher utterances. In these
results, there are two clear groups: (i) Greek and Russian, each with at least 3400 teacher utterances;
(ii) the other languages, each with at most 1000 teacher utterances. The results show that learning to
a high level of performance occurs after a reasonable number of teacher utterances. Even in the case

1In a different version of our model, the teacher is also able to analyze the correctness of the learner’s
utterance and produce a correction that preserves the meaning of the learner’s utterance. For more information,
see [1].
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of Russian, 3700 teacher utterances involve at most 3.5% of all possible utterances by the teacher
and at most 16.5% of all possible situations.

Level p 0.60 0.70 0.80 0.90 0.95 0.99
English 200 200 300 400 500 700
German 200 300 300 400 550 800
Greek 400 500 700 1500 2200 3400
Hebrew 200 300 400 500 650 900
Hungarian 200 300 350 450 550 750
Mandarin 200 200 300 400 500 700
Russian 450 500 850 1750 2350 3700
Spanish 200 300 350 500 600 1000
Swedish 200 300 300 400 600 1000
Turkish 200 200 300 400 550 800

Table 1: Number of teacher utterances to reach the specified levels of performance p.

To test the benefit of semantics to the learner, we compare the number of teacher utterances to
reach a high level of performance in our system with the number of similarly generated utterances
(with no semantics) required by the ALERGIA algorithm to achieve the same level of performance.
ALERGIA [2] is one of the most well known algorithms in the field of Grammatical Inference for
learning a purely syntactic representation from probabilistically generated data.

Our experiments with ALERGIA are focused only on Spanish and English. Figure 1 shows the
results. In the case of Spanish, instead of 1000 teacher utterances, ALERGIA needs 6000 utter-
ances. For English, the difference is still larger; instead of 700 teacher utterances, ALERGIA needs
15000 utterances. These results show that the number of teacher utterances may be drastically re-
duced when semantics is taken into account, suggesting that the presence of semantic information
significantly facilitates the learning process.

Figure 1: Number of utterances needed to reach the 0.99 level of performance learning the limited
sublanguages of Spanish and English, by the ALERGIA algorithm and our system.

Our model and results allow us to show that using semantic information can significantly reduce the
number of examples needed to acquire limited sublanguages of natural languages. Future directions
of research include improving our model to handle more complex linguistic phenomena and extend-
ing the approach to other areas, for example, image processing, data mining, information retrieval
or machine translation.
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