
 
 

 

  

Abstract— Cross-situational learning is based on the idea 
that a learner can determine the meaning of a word by finding 
something in common across all observed uses of that word. 
Although cross-situational learning is usually modeled through 
stochastic guessing games in which the input data vary 
erratically with time (or rounds of the game), here we 
investigate the possibility of applying the deterministic Neural 
Modeling Fields (NMF) categorization mechanism to infer the 
correct object-word mapping. Two different representations of 
the input data were considered. The first is termed object-word 
representation because it takes as inputs all possible object-
word pairs and weighs them by their frequencies of occurrence 
in the stochastic guessing game. A re-interpretation of the 
problem within the perspective of learning with noise indicates 
that the cross-situational scenario produces a too low signal-to-
noise ratio, explaining thus the failure of NMF to infer the 
correct object-word mapping. The second representation, 
termed context-word, takes as inputs all the objects that are in 
the pupil’s visual field (context) when a word is uttered by the 
teacher. In this case we show that use of two levels of hierarchy 
of NMF allows the inference of the correct object-word 
mapping. 

 
 

I. INTRODUCTION  
The origin of human language is truly secret and marvelous, 
being probably the most fundamental unsolved problem of 
science and, perhaps, of the humanities as well. In fact, we 
often hear the claim that language is the very feature that 
distinguishes our species from the other animals. Sometimes 
language is even set above thought, the hallmark of human 
rationality, as this quote by Ferdinand de Saussure illustrates 
so vehemently “Without language, thought is a vague, 
uncharted nebula. There are no pre-existing ideas, and 
nothing is distinct before the appearance of language” [1]. 
Although nowadays few researchers subscribe to such a 
radical viewpoint, the more established stance has equally 
controversial claims such as the position that language 
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evolved from animal cognition, not from animal 
communication [2], to the despair of an entire generation of 
ethologists who sought for evidences of a continuous line of 
development between animal communication systems and 
language [3]. The current predominant view, at least among 
linguists, is that language and thought are distinct abilities of 
the mind [4] and a quick comparison between the cognitive 
and linguistic abilities of apes and parrots appears to be a 
convincing argument for many researchers.  
In this contribution we carry further the rather ambitious 
research program of integrating language and cognition 
within the Neural Modeling Fields Framework (NMF) [5]-
[8]. This is a task of enormous breadth that encompasses 
many unsolved (and, perhaps, unsolvable) problems such as 
object perception [9]-[11], symbol grounding which 
addresses the question of how physical signs can be given 
meaning [12]-[14], and the emergence of a common lexicon 
in a population of interacting agents [15]-[19]. As pointed 
out in [13], language is not an isolated capability of the 
individual and cannot be fully comprehended if one ignores 
its intrinsic relationships with the cognitive and social 
abilities.  
Here we assume that the first two problems, namely, object 
perception and symbol grounding, were solved so we 
address the issue of how agents can communicate with each 
other using the meanings they have constructed. Clearly, to 
achieve that the agents must be able to use some sort of 
signals, and so they must be endowed with the ability to 
create signals as well as to express and infer the meanings of 
those signals. In other words, it is necessary to assume the 
existence of a mapping between concepts or internal 
representations of the outside objects and signals – the 
meaning-signal mapping. Explaining how this mapping 
emerges from the agents’ interactions is an open problem 
[20]-[24].  
There are a few radically distinct approaches to studying the 
emergence of communication codes (or meaning-signal 
mappings). On the one hand, there is the approach based on 
a direct analogy with biological evolution [15],[16],[19] that 
makes use of the explicit assumption that the communication 
codes are transmitted from parents to children (vertical 
transmission in the population genetics jargon) and that 
possessing an efficient communication code confers a fitness 
advantage to the individual. On the other hand, there is the 
cultural-based approach, of which the so-called Iterated 
Learning Framework (ILF) is the most important 
representative [25],[26]. In the ILF there are (typically) only 
two agents involved – the teacher and an initially tabula 
rasa pupil. After learning, the pupil replaces the teacher and 
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a fresh pupil is introduced in the learning scenario. This 
procedure is repeated until the communication code 
becomes fixed. 
The cross-situational lexicon acquisition scenario we 
consider here differs from the biological and cultural 
approaches in the sense that the concept of evolution 
(variations passed from generation to generation) plays no 
role. In fact, a cross-situational algorithm to learn a 
communication code (lexicon) differs from the previous 
approaches in the sense that it involves the repeated 
interaction between the same two individuals. In that sense, 
these algorithms are also known as guessing or naming 
games [27]. Cross-situational learning is based on a very 
intuitive idea (which may actually bear no relevance at all on 
the way children learn a vocabulary [28]) that one way that a 
learner can determine the meaning of a word is to find 
something in common across all observed uses of that word 
[29]. Although, the general notion of cross-situational 
learning has been proposed by many authors (see, e.g., [30], 
[31]) the translation of those rather abstract theories into a 
mathematical or computational model is still subject of 
intense research in the literature [18],[20]-[24],[29]. 
The rest of this paper is organized as follows. In the next 
section, we describe the cross-situational learning scenario 
and introduce the necessary adjustments to apply the NMF 
framework. In section III we briefly review the NMF 
formalism within the context of the specific problem 
addressed in this paper. In section IV we present and discuss 
the results of the simulations of the NMF dynamics. Finally, 
section V summarizes the main conclusions 
 

II. THE  CROSS-SITUATIONAL LEARNING SCENARIO 
 

A minimal model of cross-situational lexicon learning 
involves two agents who take turns in the roles of “speaker” 
and “hearer” [20]-[24]. (Henceforth we will make no 
distinction between objects and meanings). The agent who 
plays the role of the “hearer” at a certain round of the game 
has access to a set of objects - the context – which is a 
random subset of the entire set of objects that make up the 
agents’ world. The hearer also has access to a single word 
emitted by the other agent who plays the role of the 
“speaker” in that round of the game. The hearer’s task is to 
guess to which object in the context the word refers to. In 
addition, we assume that there is a fixed number N of 
objects and that the agents have access to a fixed number H 
of words (the lexicon size).  
The NMF formulation capable of both creating meanings 
and evolving an organized structure (an object-word 
mapping) from scratch is given in [32]. In this paper, as a 
first step, we use NMF in its form described in [33]. This 
formulation) maximizes the similarity between input data 
and parametric models used to represent (and usually 
compress) that data. This is sufficient to demonstrate an 
ability for a cross-situational learning, however this 
framework is not appropriate for the typical guessing game 
settings [20]-[24]. Therefore a standard cross-situational 

setting has to be slightly modified to apply the NMF 
parametric model formulation [33]. We assume then that one 
of the agents – the teacher – has complete domain of the 
language which is described by a one-to-one object-word 
mapping ( HN = ). The tabula rasa pupil must then infer 
that mapping from the examples provided by the teacher. Let 
us again emphasize that the problem addressed here is that 
of acquiring or learning an existing Saussurean 
communication code [15], it is assumed that such a code 
already exists and is manifested in the examples provided by 
the teacher. In the terminology of  cross-situational learning 
of the beginning of this section,  the teacher always plays the 
speaker role whereas the pupil takes up the hearer role. 
Figure 1 illustrates the modified cross-situational lexicon 
acquisition scenario. 
 
 

 
 
 
Fig. 1.  Scheme of the cross-situational lexicon acquisition scenario. The 
pupil has access to a context comprised of two objects selected at random 
from the full set of N objects and to a word (represented by € in the figure) 
uttered by the teacher. The pupil’s task is to infer the word-object mapping 
from the co-occurrence of objects in the context and the accompanying 
words. 
 
The second change in the standard cross-situational scenario 
is that the deterministic nature of the NMF algorithm 
requires that all input data (e.g., all possible examples of 
object-word pairs) be presented at once to the pupil. This 
sort of batch-mode learning setting differs considerably from 
the on-line learning of the typical guessing game scenario. 
For the sake of concreteness, let us label objects and words 
by the integers N,,1K  and H,,1K , respectively, and 
assume without lack of generality that the correct one-to-one 
object-word mapping is such that object 1 corresponds to 
word 1, object 2 to word 2, and so on (recall that HN = ). In 
what follows we will introduce two different representations 
of the input data which, of course, lead to distinct 
implementations of the NMF algorithm.  
In the first representation, which we term object-word input 
representation, the input data to the pupil consists of the 

2N object-word pairs (1,1), (1,2), (1,3),…, (N,N) that are 
weighed according to their frequencies of occurrence in the 
guessing game scenario. These frequencies (or weights) can 
be obtained by noting that a round of the guessing game 
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consists of the presentation of one of the following 
( )1−NN situations: ( ) ( ){ }1,2,1,1 , ( ) ( ){ }2,2,2,1 , ( ) ( ){ }1,3,1,1 ,K , 

( ) ( ){ }1,1,1, −−− NNNN . Here the first brace represents the 
situation where the context comprises objects 1 and 2 and 
the teacher utters the word that corresponds to object 1; the 
second brace represent the same context but now the 
accompanying word corresponds to object 2, etc. We have 
separated the input data by braces which represent different 
learning events for the sake of clarity only: because of the 
batch-mode of learning, the pupil has no access to that kind 
of information. Clearly, the pair (1,1) appears 1−N  times, 
whereas the pair ( ) 1,,1 ≠nn appears just once. A similar 
result holds for the other objects, so we can conclude that 
the weight of a correct object-word association is 1−N  
whereas the weight of any other object-word association is 
1. The pupil attempts to model the input data through object-
word mapping ( )kk SS 21 , , with Mk ,,1K= , where the 
components 2,1, =eSek - the so-called modeling fields – are 
real variables given by the NMF equations described in the 
next section. The question is whether the pupil can recover 
the correct object-word mapping (1,1) (2,2) … (N,N) having 
access only to the information available in the cross-
situational learning scenario summarized in Fig. 1, or more 
precisely, having access to the relative weights of each 
object-word example. There is a considerable loss of 
information involved in the procedure of replacing the actual 
presentations of contexts plus words by the weights of the 
object-word examples, since one can easily imagine 
different situations which result in the same weights.     
The second representation of the input data, which we term 
context-word input representation, is a more direct one, in 
which, for example, the situation where the context 
comprises objects 1 and 2 and the teacher utters the word 
that corresponds to object 1 is represented by a triplet 
(1,2,1). The first two components represent the object labels, 
whereas the third component, the word label. In this case the 
pupil models the input data using a context-word 
mapping ( )kkk SSS 321 ,, , Mk ,,1K= . In addition, because 
these components have a totally distinct nature we allow the 
NMF algorithm to give more importance to the linguistic 
component of the input when determining the assigning 
between input and models. 
 

III. THE NEURAL MODELING  FIELDS EQUATIONS 
 
Perlovsky’s Neural Modeling Fields (NMF) algorithm 

consists basically of an iterative, self-consistent, 
deterministic process designed to maximize the similarity 
between models and incoming signals [33]. In this sense it 
shares some elements with the Hopfield-Tank neural 
network [34] and the mean-field annealing [35]. In fact, 
these two deterministic heuristics have been extensively 
used to search for optimal or quasi-optimal solutions of a 
variety of optimization problems, whereas NMF searches for 
the maximum of a global similarity function. The main 

feature that sets NMF apart from these heuristics, as well as 
from many other neural networks, is the presence of the so-
called fuzzy association variables, which can be roughly 
thought of as weights of a neural network. These variables 
give a measure of the probability of association between 
input data and concept-models although, as already pointed 
out, NMF is a deterministic algorithm. 

 We refer the reader to [33] for the NMF formalism 
presentation; here we modify this general framework for the 
object-word representation of the input data produced by the 
guessing game introduced in the previous section. The 
equations for the context-word representation can be 
immediately derived from the equations presented here, as 
indicated in the end of this section.  

As mentioned before, each example (input signal) is 
described by the pair of integer variables ( )ii OO 21 ,  with 

2,,1 Ni K= . Let us assume that there are M concept-models 
described by the pairs ( )kk SS 21 ,  with Mk ,,1 L= that 
should “model” (i.e., create internal representation for) the 
original examples; hence the denomination “modeling 
fields” to the mathematical quantities ekS . We define the 
following partial similarity measure between example i and 
model k 
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where, at this stage, the fuzziness ekσ  are parameters given 
a priori (see [7] for another application of NMF to multi-
component inputs). Of course, in the object-word 
representation we must set 2=d . The goal is to find an 
assignment between models and examples such that the 
logarithmic global similarity 
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is maximized. Here the parameters ia  are new elements in 
the theory and give the weight (relative importance) of input 
i in the calculation of the global similarity. The 
maximization of L can be achieved using the NMF 
mechanism of model formation which is obtained through 
the direct maximization of (2) with respect to ekS . The aim 
here is to derive a dynamical equation for the modeling 
fields ekS such that 0≥dtdL for all time t. This condition 
can easily be met by choosing ekek SLdtdS ∂∂= since then 
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as required. The calculation of ekSL ∂∂ is straightforward 
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and leads to the following dynamics for the modeling fields  
 
 [ ]ek

i
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for de ,,1K=  and Mk ,,1 L=  and where we have used 
the identity xyyxy ∂∂=∂∂ log . The fuzzy association 
variables )|( ikf  defined by 
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play a fundamental role in the interpretation of the NMF 
dynamics by giving a measure of the correspondence 
between object i and model k relative to all other models 'k . 
We note that the term ( )ikf |  in Eq. (5) couples not only 

kS1  and kS2 , which is critical for producing a sensible 
object-word mapping, but also the components of different 
modeling fields. 
By construction the dynamics (5) always converges to a 
(possibly local) maximum of the similarity L for fixed ekσ  
[33]. A salient feature of the NMF is a match between 
parameter uncertainty and fuzziness of similarity. By 
properly decreasing the value of the fuzziness ekσ  a unique 
assignment between inputs and models is attained. In fact, 
for fixed 0>ekσ  we obtain the fuzzy logic limit, whereas 
for 0=ekσ  we obtain the usual crispy, Aristotelian logic 
limit. The basic idea of NMF is to reduce the fuzziness 
during the time evolution of the modeling fields and so, 
because of this interpolation, the algorithm is also referred 
as Dynamic Logic. Of course, this procedure is similar to the 
cooling schedule of simulated annealing [36], although, as 
pointed out before, a more appropriate comparison is with 
mean-field annealing [35] since both algorithms are 
deterministic.  
In what follows we decrease the fuzziness on the fly, i.e., 
simultaneously with the change of the modeling fields, 
according to the following prescription [37] 
 

 ( ) 222 exp)( beeaeek tt σασσ +−=   (7) 
 

with 2500=eα . As a guideline for setting the values of the 
parameters aeσ  and beσ , we note that aeσ must be chosen 
large enough such that, at the beginning, all examples are 
described by all fields, whereas the baseline resolution beσ  
must be small enough such that, at the end, a given modeling 
field will describe a single category. However, beσ should 
not be set to a too small value to avoid numerical 
instabilities in the calculation of the partial similarities (1). 
Finally, eα1 yields the relevant time-scale of the modeling 
fields dynamics. The results of the next section will illustrate 
the main ideas involved in the numerical evaluation of 
equations (5) and (7). 
To obtain the equations that describe the NMF algorithm for 
the context-word representation we simply have to define 
the input as triplets ( )iii OOO 321 ,,  with ( )12,,1 −= NNi K  

and set 1=ia  for all i. The modeling fields must be defined 
accordingly, ( )iii SSS 321 ,, . So, keeping these remarks in 
mind we can leave the basic equations (1), (5) and (7) 
unchanged by setting d = 3. 
In what follows we will set HNM ==  so Eq. (5) stands 
for a set of N2  (object-word representation) or 3N (context-
word representation) nonlinear coupled equations, which are 
solved with Euler’s method using the step-size 510−=h . In a 
previous contribution [14], we have combined the NMF 
approach with the Akaike Information Criterion [38] to 
design a system that infers automatically the optimum 
number of models. Since this paper reports a preliminary 
attempt to put together two well-established mathematical 
frameworks, namely, cross-situational learning and NMF, 
we opted to make the task as easy as possible for NMF, 
hence the choice of NM = , which should bias the 
categorization system to find the correct object-word 
mapping.  
 

IV. SIMULATION RESULTS  

A. Object-word input representation 
 

To apply the NMF formalism described above to the cross-
situational learning scenario of Fig. 1 we have to set the 
weights ia  appropriately. In particular, if the input i 
represents a correct object-word association ( )nn,  then we 
set 1−= Nai , otherwise we set 1=ia . In addition, in the 
simulations reported here we set 1=aeσ  and 1.0=beσ  for 

2,1=e .  
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Fig. 2.  Time evolution of the two components of the modeling fields in the 
case of N = 5 objects. The weights ia  are chosen so as to mimic the co-
occurrence frequency of objects and words in the cross situational learning 
scenario of Fig. 1. The second component, associated to the label of the 
word, is represented by a solid line and the first component, associated to 
the object, is represented by a dashed line. The M = 5 different modeling 
fields are represented by different colors. The initial condition is a small 
perturbation of the correct object-word mapping. 
 
 



 
 

 

In Fig. 2 we show the results of a typical run in which the 
initial condition (i.e., the values of the modeling fields 
at 0=t ) are set very close to the correct object-word 
mapping ( ) ( )5,5,,1,1 K . We have verified that in the case the 
initial condition is identical to the correct mapping then the 
two components kS1  and kS2  remain equal to each other 
( kk SS 21 = ) at all times, although they drift slightly from 
their correct value ( kSS kk ≈= 21 ), as seen in the evolution 
of the modeling field associated to the input ( )5,5  in Fig. 2. 
The important point illustrated in this figure is that the 
correct object-word mapping is not an attracting fixed point 
of the dynamics and, more importantly, the two components 
of a same model split up in 4 out of 5 cases producing a 
object-word mapping quite different from the correct one. 
To understand the mapping produced by the NMF 
mechanism we have to look at the fuzzy association 
variables ( )ikf |  with Mk ,,1 L=  and 2,,1 Ni K= . We 
find that after convergence ( )ikf |  takes on the values 1 and 
0 only. So we can say that the input or example i (actually 
an object-word pair) is represented by model k if 

( ) 1| =ikf . For instance, for the run illustrated in Fig. 2 we 
found that model k = 1 describes the examples (1,1) (1,2); 
model k = 2, the examples (2,1) (2,2) (3,1) (3,2) (4,1); model 
k = 3, the examples (1,3) (1,4) (1,5) (2,3) (2,4) (2,5) (3,3) 
(3,4) (3,5); model k = 4, the examples (4,2) (4,3) (4,4) (5,1) 
(5,2) (5,3); and finally model k = 5, the examples (4,5) (5,4) 
(5,5). Note that each example is described by a single model 
but a given model can represent several different examples. 
Thus, for example, the NMF mechanism interprets both 
examples (1,1) (1,2) as instances of the same situation which 
is labeled 0.111 =S and is associated to the word 

2.112 =S (see red curves in Fig. 2).  
The criterion the NMF mechanism uses to lump together 
examples in a same class (model) is the similarity between 
the integers that label the objects and the words. In principle, 
those labels were intended to be used solely to identify the 
objects and words (i.e., as labels), and not to produce a 
metric in the object and word spaces (see, however, 
[39],[40] for a model where the metric in those spaces is 
exactly the difference between the labeling integers). If we 
recall that we are not making any distinction between the 
concepts of object and meaning (we have skipped the 
object-meaning mapping by identifying meaning and object 
so the usual meaning-word mapping turned into an object-
word mapping) then we can realize that this difficulty is a 
reflex of a much deeper philosophical problem. In fact, the 
very notion of the similarity of meanings as compared to the 
identity of meanings is a highly controversial issue in 
cognitive science (see, e.g., [41]-[43]). However, within a 
connectionist perspective in which meanings are neural 
activation patterns, the concept of meaning similarity 
follows naturally and the NMF theory systematically 
exploits this similarity [33]. More precisely, a necessary 
condition for applying the NMF mechanism to a 
categorization problem is the definition of a metric in the 

input as well as in model spaces so that the similarity 
measure, Eq. (1), becomes a well-defined physical quantity. 
Therefore by using the similarity measure (1) we were 
actually assuming that the relevant distance (metric) in both 
object and word space is the result of the usual subtraction 
between the integers that label the objects and the words 
[39],[40]. Once this metric is taken into account, the 
mapping produced by the NMF mechanism makes perfect 
sense.  
Alternatively, we may interpret the input set as a realization 
of the problem of learning the mapping ( ) ( ) ( )NN ,,,2,2,1,1 K  
from noisy examples. In this sense, the examples (1,2) (1,3) 
(1,4) and (1,5) may be viewed as noisy versions of the signal 
(1,1). Accordingly, we interpret the weights ia as the 
strength of example i. The problem is that using the 
frequency of occurrence of the examples in the cross-
situational scenario we find that the signal to noise ratio 
equals 1, which explains the instability of the correct object-
word mapping observed in Fig. 2. 
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Fig. 3.  Time evolution of the two components of the modeling fields in the 
case of N = 5 objects. The weights ia  are chosen so as to model the learning 

with noise situation.  We set 100=ia for the N examples of the form ( )nn,  

and  1=ia  for the other ( )1−NN  examples. The conventions for  line 
color and  style are the same as in Fig. 2.  The initial condition for each 
component was chosen randomly in the range [ ]N,0 .  
 
In fact, if we set the strengths of the correct object-word 
associations to a much larger value such that the signal to 
noise ratio moves up to 25, we get a very different scenario 
(see Fig. 3) where now the modeling fields reproduce the 
correct object-word mapping. As before, to understand the 
mapping produced by the NMF mechanism we need to 
inspect the fuzzy associations ( )ikf | . For the run shown in 
Fig. 3 we find that model k = 1 describes the examples (1,1) 
(1,2); model k = 2 the examples (1,3) (2,1) (2,2) (3,1) (3,2) 
(4,1); model k = 3 the examples (1,4) (1,5) (2,3) (2,4) (2,5) 
(3,3) (3,4) (4,2) (5,1); model k = 4 the examples (3,5) (4,3) 
(4,4) (5,2) (5,3) (5,4); and model k = 5 the examples (4,5) 
(5,5). The assignment of the model labels is arbitrary so we 
have chosen the convention to label k the model that 
describes the examples (k,k). Again, the similarity between 



 
 

 

the integers that represent the objects and words is the key to 
understand the assignment of the 25 distinct examples to the 
5 categories. Unfortunately, we cannot devise a cross-
situational learning scenario that yields the weights values 

ia  such as those necessary to produce the results of Fig. 3, 
unless we allow the possibility that, say, object 1 and word 1 
are presented repeatedly to the pupil in a completely 
unambiguous situation. Of course, this possibility trivializes 
the lexicon acquisition scenario. 
 

B. Context-word input representation 
 
Since our attempt to model the inherently stochastic cross-
situational learning scenario by using the frequency of 
occurrence of the object-word examples did not produce the 
intended results (see Fig.2) due essentially to the low signal 
to noise ratio, now we try a different representation of the 
input data, the context-word mapping mentioned before. In 
this case the ( ) 4012 =−NN  different situations: (1,2,1) 
(2,1,1) (1,3,1) (3,1,1) (1,4,1) (4,1,1)… (4,5,5) (5,4,5) are 
presented just once to the pupil (i.e., 1=ia  for all i). The 
first two components of these triplets label the objects that 
comprise the context, and the third component labels the 
word associated to the object corresponding to the first 
entry. In addition, to bias the NMF system so it gives more 
importance to the linguistic entry we set the fuzziness 
parameters in Eq. (7) to 1=aeσ , 101=beσ  for 2,1=e (as 
before) and 413 =aσ , 4013 =bσ for the linguistic entry. 
This choice means that a small discrepancy regarding the 
third component of the input and model triplets produces an 
enormous effect on the partial similarity, see Eq. (1). In this 
way we can assign different weights to the components of 
the inputs. 
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Fig. 4.  Time evolution of the first (dashed line) and third (solid lines) 
entries of the modeling fields in the context-word input representation. The 
second entry (not shown in the figure) becomes identical to the first entry 
for t > 0.0012. The initial condition for each component was chosen 
randomly in the range [ ]N,0 . 

 

The results of a typical run are summarized in Fig. 4. As 
expected the entry associated to the linguistic feature of the 
input quickly reaches the correct value, whereas the entries 
associated to the other two features which are basically 
irrelevant to determine the assignment of model k to input i, 
cluster around the value of the center of mass of the input 
labels, namely, ( ) 3551 =++K . It is interesting, however, 
that the dashed lines do not collapse into the single line 
given by 3=ekS  2,1=e  and all k. This is the same effect 
reported in [44] in which once the inputs are classified into 
different categories (because of the linguistic component) 
small differences in the other entries are enhanced, 
producing a better discrimination of the non-linguistic 
features. Of course, since there is really no ambiguity in the 
triplet representation of the inputs, the word-biased NMF 
mechanism lumps into a single model (say k = 1) all triplets 
whose third component takes on the value 1, into model k = 
2 the triplets whose third component is 2, and so on.  
In order to extract the object-word mapping given the 
context-word output of the NMF we must figure out how to 
extract the common object label from the subset of inputs 
(1,2,1) (2,1,1) (1,3,1) (3,1,1) (1,4,1) (4,1,1) (1,5,1) (5,1,1) 
associated to model k = 1. (Of course, an entirely similar 
procedure holds for the other models as well.) This can be 
easily achieved by introducing a single modeling field S the 
task of which is to extract the common label that appears in 
the first two entries of the 5 triplets listed above. In fact, 
introducing the similarity 
 
              ( ) ( ) ( )[ ]2

2
2

1exp nn OSOSnl −−−=                        (8) 
 
with 5,,1K=n  and minimizing the global similarity 

( )[ ]∑=
n

nlL ln  with respect to S  yields the following NMF 

dynamic equation 
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Recalling that for each n  we have either 11 =nO  or 

12 =nO the stationary solution of Eq. (9), i.e. 0=dtdS , is 
clearly 1=S , as desired. In that way we can recover the 
correct object-word mapping by implementing two NMF 
hierarchies.  
 

V. CONCLUSION  
 
There are some inherent difficulties to apply the NMF 
formalism to the cross-situational learning scenario. First, 
that scenario is based on labels (integers or symbols) that 
represent different objects and words, and so there is no 
notion of distance or similarity between different objects or 
different words. In fact, as pointed out by Pinker [4], “babies 
should not, and apparently do not, expect cattle to mean 



 
 

 

something similar to battle, or singing to be like stinging, or 
coats to resemble goats”. (This point is reminiscent of 
Fodor’s notion of meaning identity in contradistinction to 
meaning similarity [41].) The NMF mechanism, on the other 
hand, builds heavily on the notion of similarity between 
concept-model and input data. Hence, in a problem where 
the input space has no metric the use of NMF can be 
somewhat problematic. Second, the input data (context plus 
accompanying word; see Fig. 1) changes erratically in time 
whereas the NMF equations (see Eq. (5) for example) are 
applied to the case where the inputs are time-independent, 
otherwise the very notion of maximizing the global 
similarity would be meaningless.  
In this paper we have tried to circumvent those obstacles by 
modifying some aspects of the cross-situational learning 
scenario while maintaining the NMF mathematical 
formulation intact. In particular, we assume that the 
numerical differences between the objects and words labels 
are in fact bona fide measures of similarities, which have 
already been used in the study of compositional and 
structured meaning-word mappings [39], [40]. As for the 
random dependence of the input data on time, we choose to 
average over infinitely many turns of the guessing game and 
keep only the relative frequencies of occurrence of the 
object-word pairs. These frequencies are then used to weigh 
the importance of the object-word pairs in the NMF 
categorization mechanism (see section III). The loss of 
temporal correlations involved in this averaging procedure, 
however, resulted in a low signal-to-noise ratio which 
prevented the NMF algorithm to find and stabilize the 
correct object-word mapping. A more successful approach 
was based on a divide-and-conquer strategy in which we 
first use the NMF mechanism to classify the different 
situations (context plus accompanying word) and then use a 
second NMF system to extract the common object label in 
the contexts that belong to the same concept-model of the 
first NMF hierarchy. 
A more promising approach to apply NMF to cross-
situational learning, however, may be to modify the NMF 
formalism so as to handle more naturally situations where 
the notion of similarity is extraneous and the input time 
dependence is stochastic. Interestingly, in the learning 
algorithms for cross-situational learning the measure of 
similarity is a self-organized quantity, similarly to ( )ikf | , 
that emerges from the repeated interactions between the 
agents (see [21]-[24]). Work in this line is in progress. 
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