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The problem of how young learners acquire the meaning of words is fundamental
to language development and cognition. A host of computational models exist which
demonstrate various mechanisms in which words and their meanings can be transferred
between a teacher and learner. However these models often assume that the learner can
easily distinguish between the referents of words, and do not show if the learning mechanisms still function when there is perceptual ambiguity about the referent of a word.
This paper presents two models that acquire meaning-word mappings in a continuous
semantic space. The ﬁrst model is a cross-situational learning model in which the learner
induces word-meaning mappings through statistical learning from repeated exposures.
The second model is a social model, in which the learner and teacher engage in a dyadic
learning interaction to transfer word-meaning mappings. We show how cross-situational
learning, despite there being no information to the learner as to the exact referent of a
word during learning, still can learn successfully. However, social learning outperforms
cross-situational strategies both in speed of acquisition and performance. The results
suggest that cross-situational learning is eﬃcient for situations where referential ambiguity is limited, but in more complex situations social learning is the more optimal
strategy.
Keywords: Cross-situational learning; category acquisition; concept; language acquisition; cultural acquisition; social learning; language games.

1. Introduction
Language serves several functions all branching from or relating to its open-ended
communicative function. It has for example been suggested that it plays a role in
social cohesion (e.g., [11, 12]) and as a transmission mechanism for acquiring knowledge (e.g., [33]). As language externalizes internal knowledge, anyone interpreting
a linguistic utterance has access to the internal state of the language user, albeit
ﬁltered through language. This process is central to cultural transfer of knowledge
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and to that of languages itself. One of the challenges in this respect has been to
explain how language users acquire a language, a sub-problem being the acquisition
of associations between words and their meanings. The problem of word-meaning
acquisition was starkly deﬁned by Quine [24], who argues that it is impossible from
a theoretical point of view for a language learner to know what a novel word refers
to, as there are an inﬁnite number of possible referents for a word. As such, constraints need to be in place to restrict the number of potential referents for a novel
word in order to solve the so called “indeterminacy of reference” problem. Obviously, children when acquiring a language seem to overcome this problem rather
eﬀectively, so the indeterminacy of reference is perhaps more of philosophical value.
However, a complete picture of how children acquire the meaning of words is still
lacking [7].
In developmental linguistics a range of possible mechanisms have been identiﬁed which language learners use to constrain the word-meaning acquisition process.
Infants display a number of predispositions, beliefs and social strategies, such as
the belief that object names are mutually exclusive [19] or that a novel name is
associated with a nameless category [16]. Biases have been identiﬁed which help
constrain the number of possible referents. The shape bias for example shows how
infants have a preference for associating a novel word with shape rather than with
other qualities [18]. Social strategies exist as well, such as joint attention [3, 32] and
inference of the speaker’s intent [1]. One strategy which could solve the indeterminacy problem and which has received considerable attention is cross-situational
learning [2, 22]. In this, learners statistically pair words with meanings through
repeated exposure to words and potential meanings: if a learner hears a novel word
and perceives a number of potential meanings, then it can only assume that the
word might be associated with any one of those meanings. However, if it hears the
same word again, and perceives a diﬀerent set of meanings, then it can assume
that the word is associated with the intersection of the ﬁrst set of meanings and
the second set. If the learner keeps track of all meanings that co-occurred with
a particular word, it is likely that there will be a moment where the referent of
each word can be uniquely identiﬁed. Cross-situational learning does not require
dyadic interaction: it is a passive learning strategy, whereby the learner inductively
acquires the correct word-meaning mappings through repeated exposures to word
and sets of meanings. The principle of cross-situational learning has been suggested
as a potential acquisition mechanism [13, 22] and has been demonstrated in simulation [8, 15, 26, 28, 34, 35]. Smith and Yu [29] show how a cross-situational learning
strategy is employed by 12 and 14-month old infants to learn the correct wordmeaning mapping when repeatedly exposed to two meanings — one target and one
distractor — and one word. Smith et al. [27] show how adults can employ crosssituational learning for complex exposures of up to 9 meanings and one word. All
in silico and psychological studies however make one important assumption: that
words and meanings are easily distinguishable. Either the meanings are discrete or
the visual stimuli are suﬃciently diﬀerent as to assume that subjects cannot confuse
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exposure 1
exposure 2

“star”

“red”

Fig. 1. Learning the meaning of a novel word is easier when the stimuli are perceptually distinct
(left); when the stimuli have a graded membership, learning becomes more challenging (right).

the stimuli. In other words, there is no perceptual membership relation between the
meanings and as such there can be no perceptual confusion between meanings —
see Fig. 1 for an illustration.
In this study we wish to explore if cross-situational learning is still eﬀective when
the meaning space is continuous, i.e., perceptual stimuli have a membership relation
to each other. Most natural categories [25] and perceptual categories — for example
color, facial expressions — are continuous in nature and any two exemplars have
a graded membership to each other. The challenge which cross-situational learning
needs to solve is not only one of mapping a word to a meaning, but of distinguishing
that meaning from possible distractors.
Cross-situational learning is a statistical learning method needing repeated
exposures to learning experiences. As such it might be expected that it will not
handle a situation where the meaning of a word is less clear. This study contrasts
cross-situational learning with another, interactive, learning mechanism, in which
the target meaning is speciﬁcally pointed out from the distractors. As such, the
interactive learning is expected to perform better than cross-situational learning.a
The paper sets out to answer three questions:
(i) Is cross-situational learning still eﬀective in a continuous semantic space?
(ii) What is the synchronic behavior of cross-situational learning compared to
social acquisition?
(iii) What is the dynamic behavior (or diachronic) of cross-situational learning
compared to social acquisition?
In Sec. 2 we ﬁrst describe two implementations, one of a cross-situational learning model and one of a social learning model for continuous semantic domains. Next,
in Sec. 3 we show quantitative results of how cross-situational and social learning
cope with the task of word and meaning learning and simultaneously learning wordmeaning associations. Finallly, in Sec. 4 we speculate on what these results might
suggest for word-meaning acquisition in people.
a Cross-situational

can be seen as an unsupervised learning method, as the learner does not receive
feedback on its performance. Interactive learning, in contrast, is a supervised learning method, as
the learner receives feedback on its inferences during each interaction with the teacher [14].
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2. Simulation Models
This section describes the two models used in the study. The ﬁrst model implements
cross-situational learning for continuous semantic domains, as opposed to discrete
semantic domains of earlier cross-situational learning models [8, 26, 28, 34]. The
second model is of interactive, or social, learning for a continuous semantic domain,
and is based on the language game methodology of Steels [30, 31]. Both models are
multi-agent models, with N ≥ 2 agents interacting, and rely on iterative interactions
between the agents. Such models allow the study of diachronic evolution and the
dynamics of various measures under diﬀerent parameter settings. Models such as
these have been used to study a variety of problems in language and cognition,
such as the emergence of vowel systems [9, 21] or the acquisition of perceptual
categories [4–6, 23].
The models share a common set-up. In a model N agents interact with each other
(in the studies here N = 2). Each agent has a set of meanings M with individual
d
meanings mi ∈ M ∈ [0, 1] , with d being the dimensionality of the semantic space.
An agent also has a set of words W , with individual words denoted as wj ∈ W .
At each iteration of the simulation two agents are randomly selected to interact.
d
They both observe a context C of |C| stimuli selected randomly from [0, 1] . In
the most general case, one agent acts as a speaker, the other as a hearer. In the
implementation used here, one agent has a full set of meanings and words and will
act as teacher; the other agent starts with an empty set of meanings and words and
acts as learner.
We now describe two models, one model is used to study cross-situational learning (XSL) of meaning and words. The other model is used to study interactive
learning (IL). The models have diﬀerent methods of producing and interpreting
linguistic labels: XSL does not rely on interaction (i.e., feedback) between agents:
the learner passively absorbs learning experiences provided by the teacher. In contrast, in interactive learning there is a feedback loop between learner and teacher
through which the learner received information on its performance.
2.1. Cross-situational learning
The cross-situational learning model is implemented using an instance-based
approach, where the learner stores all instances of perceptual and linguistic input
and then uses all the stored instances to produce and interpret words. When a context C is presented with |C| stimuli ci , i = [1, |C|], the speaker produces a word w
to refer to one of the stimuli. As the learner has no way of knowing which stimulus
the speaker refers to, the learner stores all stimuli ci ∈ C and associates all with
word w. If N contexts are presented, with |C| stimuli in each context, then the
learner stores a total of N × |C| stimuli and N words.
To produce a word for a stimulus, an agent uses a k-nearest neighbor (kNN)
strategy, a simple nonparametric classiﬁcation technique [20]. The agent ﬁnds the
k nearest instances in its semantic space based on the Euclidean distance between
1250031-4
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the stimulus and each instance, and then uses the most frequent word among the
kNNs.b
To interpret a word w produced for an unknown stimulus in a context containing
|C| stimuli, the hearer uses kNN to produce |C| words for each stimulus in the context (as above). If one of the words produced by the hearer matches the word of the
speaker, the associated stimulus is deemed to be the referent of w. If there is more
than one match, then a stimulus is chosen at random from the matching stimuli.
2.2. Interactive learning
In interactive learning, we implement a variant of the guessing game [5]. In the
guessing game the agents have a dyadic interaction when acquiring words and
meanings. From a machine learning perspective, they engage in supervised learning.
The algorithm does not use an instance-based approach as in individual learning:
instead each agent stores a set of meanings M and a set of words W , words and
meanings are associated with each other with association strength aij ∈ A = C ×
L ∈ [0, 1]. Acquiring meanings, words and associations happens through an iterative
process of repeatedly playing guessing games. In such a game, both agents perceive
the same context C. The speaker chooses one stimulus at random, looks up a word
for it and communicates this to the hearer. The hearer attempts to “guess” which
stimulus the word refers to. If the guess is correct, the association between word
and meaning is strengthened. If the guess is wrong, the association is weakened and
the intended target is pointed out by the speaker — for further algorithmic details
see [5].
To produce a word for a stimulus ci in a context C, an agent ﬁnds the meaning
mj ∈ M nearest to the stimulus based on the Euclidean distance D between the
stimulus and categories: arg minj D(ci , mj ). Next, it looks up the word wk with the
highest association arg maxk ajk .
To interpret a word w, an agent ﬁnds the meaning mi with the highest association with w. Finally it ﬁnds the stimulus cj closest to mi according to Euclidean
distance: arg minj D(mi , cj ) and points out the stimulus cj to the speaker.
3. Results
The synchronic and diachronic performance of the models is described in the following section. Synchronic refers to the performance of the model after the learner
has acquired a full set of meanings and words, and no further improvement in
the learner’s performance is observed.c We can study the model for a number of
b In

k nearest neighbour, the algorithm is sensitive to the order k [17]. Relatively large values of
k give good performance under noisy training data. When k is too large it can aﬀect classiﬁcation performance by taking into account instances of other classes. We empirically swept k from
[10, 20, . . . , 100], which showed that kNN is not particularly sensitive in this context to the value
of k. In our models we opted for a value of k = 30.
c “No further improvement” is implemented in the model as a change of 5% or less in performance
measures over the last 100 interactions.
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parameter settings, such as the complexity of the context and the number of meaning and word pairs that are being taught. Diachronic performance refers to the
evolution of the learner’s performance during learning.
We look at two performance metrics: interpretation performance and production
performance. The interpretation performance measures how successful the learner
is at correctly guessing the referent of a word of the teacher in a context. When calculating the interpretation performance of the learner, 100 contexts of |C| stimuli
are created, the teacher names a random stimulus in each context and the interpretation performance reports the ratio of correctly guessed stimuli by the learner.
The production performance is calculated by letting both teacher and learner produce a word for a stimulus in 100 contexts of |C| stimuli. The production performance is the ratio of identical named stimuli over the total number of named
stimuli.
In the simulations described here, we use a special case of the models described
in Sec. 2, with the number of agents N = 2. One agent will act as teacher and
have a full set of meanings Mt and words Wt , with |Mt | = |Wt | and each word
uniquely associated with a meaning, i.e., the association matrix A = I|M| . The
second agent acts as learner, and has at the start of the simulation run an empty
word and meaning set, and an empty association matrix, Ml = Wl = Al = ∅.
The dimensionality of the semantic space is set at d = 2: all stimuli and meanings
are points in the two-dimensional [0, 1] × [0, 1] space. In the following section, all
reported mean and standard deviations are calculated over 100 pseudorandomized
simulation runs.
3.1. Synchronic performance
Figures 2 and 3 show the synchronic performance of respectively cross-situational
learning and interactive learning, the size of the context |C| is swept from 2 to 5
and the number of word-meaning pairs of the teacher is swept from 2 to 10. Oneway ANOVA tests between diﬀerent context sizes at Ml = 10 indicate that the
diﬀerences between the means of the performance metrics are highly signiﬁcant (all
p < 0.001).
A number of observations can be made. First, in all instances, the performance
of the learner is above chance. For the interpretation of words, chance-level performance is 1/|C|, with |C| being the context size. For production, in which both the
teacher and learner produce a word for a stimulus and see if they agree, chance-level
performance is given in Eq. (1), with |Lt | and |Ll | being the number of words of
the teacher and learner.
min(|Lt |, |Ll |)/(|Lt ||Ll |)

(1)

Second, the performance of the learner, both in interpreting and producing
words, increases with the number of meaning-word pairs of the teacher and the
size of the context. This seems counterintuitive, but can be understood when one
1250031-6

May 18, 2012 8:32 WSPC/S0219-5259 169-ACS 1250031

1

1

0.9

0.9

0.8

0.8

0.7
0.6
0.5
0.4
0.3
0.2

Context size
2
3
4
5

0.1
0
2

3

4
5
6
7
8
9
Number of teacher categories

Production performance

Interpretation performance

Word and Category Learning in a Continuous Semantic Domain

0.7
0.6
0.5
0.4
0.3
Context size
2
3
4
5
Baseline

0.2
0.1
0

10

2

3

(a)

4
5
6
7
8
9
Number of teacher categories

10

(b)

1

1

0.9

0.9

0.8

0.8

0.7
0.6
0.5
0.4
0.3
Context size
2
3
4
5

0.2
0.1
0
2

3

4
5
6
7
8
9
Number of teacher categories

Production performance

Interpretation performance

Fig. 2. Interpretation (a) and production (b) performance of cross-situational learning for four
diﬀerent context sizes of |C| = [2, 5]. Error bars show standard deviation, the dashed line in
(b) shows the chance-level production performance.
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Fig. 3. Interpretation (a) and production (b) performance of interactive learning for four diﬀerent
context sizes of |C| = [2, 5]. Error bars show standard deviation, the dashed line in (b) shows the
chance-level production performance.

considers that a context is created randomly and might contain more than one
exemplar categorized as the same meaning and thus being named with the same
word. For a small context and small number of meanings of the teacher, it is more
likely that the context will contain exemplars that will be named with the same
word. This creates ambiguity which makes it hard for the learner to point out the
correct target.
Finally, cross-situational learning seems to be more sensitive to the context size
than interactive learning, see Figs. 2(b) and 3(b). As the context size increases, the
performance drops. Indeed, more stimuli will make it harder for XSL to learn the
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Fig. 4. Performance of cross-situational learning and interactive learning for various context sizes,
with the number of meanings of the teacher kept constant at |Mt | = 10. The plot also shows the
chance-level performance for both interpretation and production performance.

associations between words and meanings. This is further explored in Fig. 4 which
shows the performance of both learning methods for diﬀerent context sizes |C| =
[2, 20], with the number of word-meaning pairs for the teacher ﬁxed at |Mt | = |Wt | =
10. Note that both learning methods perform above chance level, even for complex
contexts of sizes of up to 20. The performance of cross-situational learning for small
context sizes |C| ≤ 4 matches or even outperforms that of interactive learning, but
decreases fast with increasing context size. The performance of interactive learning
is signiﬁcantly less sensitive to increasing complexity of the context.
3.2. Diachronic performance
The diachronic characterization shows how a learner’s performance evolves as it is
exposed to an increasing number of learning experiences. At the start of a simulation
run, the learner’s performance — both for interpretation and production — will
be at chance level. However, both for cross-situational learning and interactive
learning, both performance metrics rise fast. Figure 5 show the interpretation and
production performance of a learner employing cross-situational learning, again for
diﬀerent context sizes |C| = [2, 5]. The plots show the mean and standard deviation
of 100 runs, whereby the learner is exposed to 500 learning exposures. The number
of meanings (and associated words) of the teacher has been ﬁxed at 10, all other
parameters are identical as in Sec. 3.1. Both performance measures increase rapidly,
but the increase slows down with increasing learning exposures. Increasing context
sizes results in a decreasing performance (as per Fig. 4).
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Fig. 5. Diachronic interpretation (a) and production (b) performance of agents using crosssituational learning for diﬀerent contex sizes |C| = [2, 5].
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Fig. 6. Diachronic interpretation (a) and production (b) performance of agents using interactive
learning for diﬀerent contex sizes |C| = [2, 5].

Figure 6 shows the diachronic performance for interactive learning for diﬀerent
context sizes |C| = [2, 5]. Again, both performance measures rise fast. As observed
before, the production performance is not signiﬁcantly sensitive to context size
[Fig. 6(b)].
Figure 7 shows the diﬀerence between diachronic performance for crosssituational learning and interactive learning. Figure 7(a) shows the diﬀerence
between the interpretation performance of the two learning methods, IP IL −IP XSL .
The peak around interaction 50 shows how interactive learning initially performs
faster and still outperforms cross-situational learning as the number of interactions
increase. Figure 7(b) shows PP IL − PP XSL . Here interactive learning is faster than
cross-situational learning, but for a small context |C| ≤ 3 cross-situational learning
after about 100 interactions outperforms interactive learning.
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Fig. 7. Diﬀerence between diachronic interpretation (a) and production (b) performance of interactive learning (IL) cross-situational learning (XSL) and for diﬀerent contex sizes |C| = [2, 5]. IL
outperforms XSL for producing words, but XSL performs better for interpreting words in small
contexts.

4. Discussion and Conclusion
Both models presented are simpliﬁcations of the processes of cross-situational
learning and interactive learning, as such there is the possibility that the resulting
behavior and the conclusions based on these are either too harsh or too forgiving. Interactive learning implements a feedback loop between the learner and the
teacher, resulting in interactive learning being faster than alternatives where there
is no feedback. If diﬀerent methods for acquiring language and concepts would
be pitted against each other, for example in evolutionary selection, then interactive
learning mechanism would be favored when speed of acquisition is of importance. As
such it is not unreasonable to suggest that interactive learning would be evolutionarily favored over other forms of non-interactive learning, such as cross-situational
learning. However, cross-situational learning strategies can and are employed by
infant and adult learners [27, 29]. Although cross-situational strategies are slower
than dyadic strategies it has been observed that some acquisition processes, such
as that of color categories, are also relatively slow; Vogt and Smith [34] suggested
that cross-situational learning might be responsible.
The models used in this study do not use any biases or constraints to optimize
learning. A number of constraints and biases exist [10], some of which have been
identiﬁed in human learners, which help infants and adults disambiguate the referent of a word. For example, the novel name-nameless category (N3C) bias associates
a novel label with the most unfamiliar stimulus [1] and could be used to speed up
both learning approaches (see [27] for additional suggestions).
Note that a pure instance-based approach to individual learning, whereby all
stimuli and words perceived by the learner are stored, is cognitively implausible:
there is no neural correlate for KNN. As such, this study shows the ideal theoretical
1250031-10
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performance of a learner employing an instance-based learning strategy. Young
children might employ a learning strategy whereby a number of contexts are stored
and associated with words that is more parsimonious on memory, for alternatives
see [8, 10].
Another unrealistic assumption in the model is the lack of noise. Noise would
be introduced as soon as two or more teachers provide input to the learner, as it is
unlikely that teachers have identical conceptual structures. The variation in their
conceptual structures will result in noise on the input to the learner. Noisy input
yet remains to be studied.
In this work we compared cross-situational learning and interactive learning for
continuous, or graded membership, meanings. Fontanari and Cangelosi [14] compared both methods for discrete meanings. In their simulations, agents have to
reach a consensus on how to name N object using H words. They show that while
interactive learning outperforms cross-situational learning, the performance of both
algorithms becomes identical in the asymptotical limit when both N and H go to
inﬁnity, but the ratio H/N remains ﬁnite. The performance of cross-situational
learning and interactive learning for a large number of words and meanings in
continuous semantic spaces remains to be studied.
Revisiting the questions set out in the introduction, we can conﬁrm that crosssituational learning can deal with continuous semantic domains. However, the model
suggests that performance for larger, and therefore more complex, contexts is signiﬁcantly lower than for an interactive, or social, learning strategy. This comes as
no surprise, as in interactive strategies referential ambiguity is greatly reduced by
the teacher pointing out the referent of a novel word to the learner. This social
strategy is used by young language learners and their parents as well, as exempliﬁed by joint attention learning [32, 33]. However, as young and adult learners also
employ cross-situational strategies, it seems plausible that humans use a variety of
strategies for acquiring the meaning of words, with cross-situational learning strategies performing as well as social learning strategies when there is limited referential
ambiguity.
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