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Abstract

Most work on language acquisition treats
word segmentation—the identification of lin-

guistic segments from continuous speech—
and word learning—the mapping of those seg-

ments to meanings—as separate problems.

These two abilities develop in parallel, how-
ever, raising the question of whether they
might interact. To explore the question, we
present a new Bayesian segmentation model
that incorporates aspects of word learning and
compare it to a model that ignores word mean-
ings. The model that learns word meanings
proposes more adult-like segmentations for
the meaning-bearing words. This result sug-
gests that the non-linguistic context may sup-
ply important information for learning word
segmentations as well as word meanings.

Introduction
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To explore this question we present a joint model
that simultaneously identifies word boundaries and
attempts to associate meanings with words. In do-
ing so we make two contributions. First, by model-
ing the two levels of structure in parallel we simu-
late a more realistic situation. Second, a joint model
allows us to explore possible synergies and interac-
tions. We find evidence that our joint model per-
forms better on a segmentation task than an alterna-
tive model that does not learn word meanings.

The picture in Figure 1 depicts a language learn-
ing situation from our corpus (originally from Fer-
nald and Morikawa, 1993; recoded in Frank et al.,
2009) where a mother talks while playing with var-
ious toys. Setting down the dog and picking up the
hand puppet of a pig, she asks, “Is that the pig?”
Starting out, a young learner not only does not know
that the word “pig” refers to the puppet but does not
even know that “pig” is a word at all. Our model

Acquiring a language entails mastering many learriimulates the learning task, taking as input the un-
ing tasks simultaneously, including identifyingSegmented phonemic representation of the speech
where words begin and end in continuous speediong with the set of objects in the non-linguistic
and learning meanings for those words. It is comcontext as shown in Figure 1 (a), and infers both a
mon to treat these tasks as separate, sequential pf§gmentation and a word-object mapping as in Fig-
cesses, where segmentation is a prerequisite to watte 1 (0).

learning but otherwise there are few if any depen- One can formulate the word learning task as
dencies. The earliest evidence of segmentatiothat of finding a reasonably small set of reusable
however, is for words bordering a child’s own namevord-meaning pairs consistent with the underlying
(Bortfeld et al., 2005). In addition, infants begincommunicative intent. Infant directed speech often
learning their first words before they achieve adultrefers to objects in the immediate environment, and
level competence in segmentation. These two piecesarly word learning seems to involve associating fre-
of evidence raise the question of whether the tasks gfiently co-occurring word-object pairs (Akhtar and
meaning learning and segmentation might mutuallilontague, 1999; Markman, 1990). Several compu-
inform one another. tational models are based on this idea that a word
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different dependencies. The basic idea is that learn-
ing a vocabulary that both meets the constraints of
the word-learning task and is consistent with the ob-
jective of the segmentation task can yield a better
segmentation. That is, we hope to find a synergy in
the joint inference of meaning and segmentation.
Note that to the best of our knowledge there is
very little computational work that combines word
form and word meaning learning (Frank et al. 2006
takes a first step but their model is applicable only
: to small artificial languages). Frank et al. (2009a)
Iz D&t D6 _plg and Regier (2003) review pure word learning mod-

1zD&tDéplg |
: els and, in addition to the papers we have already
a) PIG DOG__ «b) (PI© DOG cited, Brent (1999) presents a fairly comprehensive

_ _ review of previous pure segmentation models. How-
Figure 1: (a) The input to our system for the utteranc%ver, none of the models reviewed make any attempt

‘Is that the pig?” consists of an unsegmented Sequenfgjointly address the two problems. Similarly, in the

of phonemes and the set of objects representing the n n—h ioral literat devel i
linguistic context. These objects were manually iden-= ehavioral literature on development, we are aware

tified by inspecting the associated video, a frame frorRf Only one segmentation study (Graf-Estes et al.,
which is shown above. (b) The gold-standard segment2007) that involves non-linguistic context, though
tion and word-object assignments of the same utteranddyis study treats the two tasks sequentially rather
against which the output of our system is evaluated (athan jointly.

words except “plg” are mapped to a special “null” object, \ve now describe our model and inference proce-
as explained in the text). dure and follow with evaluation and discussion.

that frequently occurs in the presence of an objeg[ Model Definition

and not so frequently in its absence is likely to ré o5 jtyational meaning learning in our joint word
fer to that object (Frank et al., 2009a; Siskind, 199%arning and segmenting model is inspired by the
Yu and Ballard, 2007). Importantly, all these mOdeI?nodeI of Frank et al. (2009a). Our model can
assume words are pre-segmented inthe input.  po \iewed as a variant of the Latent Dirichlet Al-

While the word segmentation task relates lesgcation (LDA) topic model of Blei et al. (2003),
clearly to the communicative content, it can be forwhere topics are drawn from the objects in the non-
mulated according to a similar objective, that of attinguistic context. The model associates each utter-
tempting to explain the sound sequences in the inpdhce with a single referent object, the topic, and ev-
in terms of some reasonably small set of reusablgry word in the utterance is either generated from a
units, or words. Computational models have suddistribution over words associated with that object
cessfully addressed the problem in much this wagr else from a distribution associated with a special
(Johnson and Goldwater, 2009; Goldwater et al“null” object shared by all utterances. Note that in
2009; Brent, 1999), and the general approach is cothis paper we use “topic” to denote the referent ob-
sistent with experimental observations that humar]éct of an utterance, otherwise we depart from topic
are sensitive to statistics of sound sequences (Saffrafbdeling convention and use the term “object” in-
et al., 1996; Frank et al., 2007). stead.

The two tasks can be integrated in a relatively Segmentation is based on the unigram model pro-
seamless way, since, as we have just formulatgmbsed by Brent (1999) and reformulated by Goldwa-
them, they have a common objective, that of findinger et al. (2009) in terms of a Dirichlet process. Since
a minimal, consistent set of reusable units. Howeveboth LDA and the unigram segmenter are based on
the two deal with different types of information with unigram distributions it is relatively straightforward
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details of how the multinomial parameters are gen-
erated, the generative story proceeds as follows:

1. For each utterance, indexed py

2. (a) Pick a single topie; uniformly from the set
of objects in the environmeid;
(b) For each wordy;; of the utterance
(c) i. Determine if it refers ta; or not by set-
ting «;; to 1 (referring) with probabilityr,
and to0 (non-referring) otherwise.
ii. if 5 is1, drawwjy; from the topic specific
distribution over words- . ..

iii. otherwise, draww;; from Gy, the distribu-
tion over words associated with the “null”

T X object.

i This generative story is a simplification since it
J does not describe how we model utterance bound-
aries. It is important for segmentation purposes
Figure 2: Topical Unigram Modeb; is the set of objects to explicitly model utterance boundaries since, un-
in the non-linguistic context of thg” utterancez; isthe |ike utterance-internal word boundaries, we as-
utterance topicy;; is thei*" word of the utterances;; is  sume utterance boundaries are observed. Thus,
the category.of the word.(re.ferr!ng or non-referring), angpo story is complicated by the fact that there is
the other variables are distribution parameters. a chance each time we generate a word that we
also generate an utterance boundary. The choice of
to integrate the two to simultaneously infer wordyhether to terminate the utterance or not is captured
boundaries and word-object associations. by a Bernoulli(y) random variable$;; indicating
Figure 2 illustrates a slightly simplified form of whether thei!” word was the last word of thﬁh
the model, and the the relevant distributions are agterance.
follows:

2|0~ Uniform(O) v ~ Beta(1,1)
DP(a1,Py) ifz#0 $|v ~ Bernoulli()
DP(ag, Py) otherwise
7w ~ Beta(1,1)

G:lz, 00,00, Py ~ {

The G, multinomial parameters are generated
from a Dirichlet process with base distribution over

alm ~  Bernoulli(r) words, Py, which describes how new word types
a G, ifz=1 are generated from their constituent phonemes.
wlG 2,z ~ Gy ifz=0 Phonemes are generated sequentially, i.i.d. uni-

formly from m phonemic types. In addition, there
Note that Uniform(O) denotes a discrete uniforms a probabilityp.. of generating a word boundary.
distribution over the elements of the €8t Py is
described later.
Briefly, each utterance has a single topicdrawn Py(w) = (1— p#)\w\—lp#i
from the objects in the non-linguistic conte&t;, mlvl

and then for each word;; we first flip a coinz; -
to determine if it refers to the topic or not. Then, de- The concentration parameterg anda; also play

pending onz ;; the word is either drawn from a dis- & critical role in the generation of words and word
Jt . . .
tribution specific to the topici(;; = 1) or from adis- tYPes. Any given word has a certain probability
tribution associated with the “null” object:{; = 0).  of either being produced from the set of previously
In slightly greater detail but still glossing over theseen word types, or from an entirely new one. The
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greater the concentration parameter, the more likefprm better if only one topic is assumed per sentence
the model is to appeal to the base distributigyto  (Gruber et al., 2007).
introduce a new word type.

Like Frank et al. (2009a), we distinguish between
two coarse grammatical categories, referring and Inference
non-referring. Referring words are generated by the
topic, while non-referring words are drawn fraf,  \we use a collapsed Gibbs sampling procedure, in-
a distribution associated with the “null” object. Thetegrating over all possibl€,, 7, and~ values and
distinction ensures sparse word-object maps thg{en iteratively sample values for each variable con-
obey the principle of mutual exclusion. Otherwisgyitioned on the current state of all other variables.
all words in the utterance would be associated witl\e visit each utterance once per iteration, sample a
the topic object, resulting in a very large set of word%pic, and then visit each possible word boundary lo-
for each object that is very likely to overlap with theation to sample the boundary and word categories

words for other objects. As a further bias towardjmyltaneously according to their joint probability.
a small lexicon, we employ different concentration

parametersd, anda ) for the non-referring and re- A single topic is sampled for each utterance, con-

ferring words, using a much smaller value for theditioned on the words and their current determina-

referring words. Intuitively, there should be a relalions as referring or non-referring. Sincgis drawn

tively small prior probability of introducing a new [TOM @ uniform distribution, this probability is sim-
word-object pair, corresponding to a smallvalue. ply proporﬂ_onate to the condltl_onal probability of
On the other hand, most other words don'’t refer téhe words giverz; and ther;; variables.
the topic object (or any other object for that matter),
corresponding to a much largey value.

Note that this topical unigram model is a straight-

forward generalization of the unigram segmentatiO@)(ZWW. x5, h ) o P(ZZE/J ngfz]-) + a1 Py(w))
model (Goldwater et al., 2009) to the case of multi- S F(Zyj ”gqlg + a1 Py(w))
ple topics. In fact, if all words were assumed to refer : (h)

to the same object (or to no object at all) the models . H I(nw,z; + o1 Po(w))
would be identical. o D) + a1 Py(w))

Unlike LDA, each “document” has only one topic,
which is necessitated by the fact that in our model

documents correspond single utterances. The Ut-Here, P(z;|wj, x5, h ™) is the probability of topic

terances in our corpus of child directed speech are given the current hypothesisfor all variables ex-
often only four or five words long, whereas the

luding those for the curren rance. Alsd”,”)
general LDA model assumes documents are muc uding those for the current utterance 8&.,%
. 1S the count of occurrences of word typethat refer

larger. Thus, there may not be enough words to in- . ) :
e e 0 topic z; among the current variable assignments,
fer a useful utterance specific distribution over top- . LS
ndW; is the set of word types appearing in utter-

ics. n ntly, rather than inferrin r : .
€s. Cg seque ty, rather tha erring a sepa agence]. The vectors of word and category variables
topic distribution for each utterance, we simply as: .
) o : . in utterancej are represented ag; andx;, respec-

sume a uniform distribution over objects in the non-. .
L . tively. Note that only referring words have any bear-
linguistic context. In effect, we rely entirely on the. . .
o . ... _~ing on the appropriate selection of and so all fac-
non-linguistic context and word-object association . : )
ors involving only non-referring words are absorbed

y the constant of proportionality.

to infer topics. Though necessitated by data sparsi
issues, we also note that it is very rare in our cor-
pus for utterances to refer to more than one object in The word categories can be sampled conditioned
the non-linguistic context, so the choice of a singl@®n the current word boundary states according to the
topic may also be a more accurate model. In facfpllowing conditional probability, whereL:(f;;ﬂ) is

even with multi-sentence documents, LDA may perthe number of words categorized according to label
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xj; over the entire corpus excluding woud;.

(h™)

P(zji|wji, 25, h77") oc P(wjilzj, i, h7") P(wg, x2, w3, 32, h™) = nm’m(zhjr) 2o ()
P(l'ﬂ‘h_ﬂ) Te,zoz + Qg
i i 1) (h7) (h7) 4 g
_ ng;i,;j)izj + al’jiPO(wji> ) n:(vlglz ) +1 .n:(”li_) +1 . n%:()) h
D ran, a4 . w2
.nwzs,l’:sz + 5902 (x3)5w2 (wS) + ax3P0(w3)
In practice, however, we actually sample the word n o+ 6y (23) + g
category variables jointly with the boundary states, (h™) (h™)
_ . _ _ 1 ng ~ +0,(83) +1
using a scheme similar to that outlined in Gold- s J(rh(f‘rf (z3) & . s (hgf( )
water et al. (2009). We visit each possible word ne ~+3 ne = +3

boundary location (any point between two consec-
utive phonemes) and compute probabilities for the
hypotheses for which the phonemic environmen}i
makes up either one word or two. As illustrated be-
low there are two sets of cases: those where we tregy Corpus

the segment as a single word, and those where we o _
treat it as two words. Our training corpus (Fernald and Morikawa, 1993;

Frank et al., 2009b) consists of about 22,000 words

Hered, (y) is 1 if x = y and0 otherwise.

Results & Model Comparisons

1 Ty T3 and 5,600 utterances. Video recordings consisting
cHwrdE. .. VS, L HweHwsH. .. of mother-child play over pairs of toys were ortho-
T 1 graphically transcribed, and each utterance was an-

notated with the set of objects present in the non-
The probabilities of the hypotheses can be deriveghguistic context. The object referred to by the ut-
by application of equation 1. Since tixevariables terance, if any, was noted, as described in Frank et al.
can each describe two possible events, there are a[9009b). We used the VoxForge dictionary to map
tal of six different cases to consider for each boundorthographic words to phoneme sequences in a pro-
ary assignment: two cases without and four with @ess similar to that described in Brent (1999).

word boundary. Figure 1 (a) presents an example of the coding
The probability of each of the two cases withoubf phonemic transcription and non-linguistic context
a word boundary can be computed as follows:  for a single utterance. The input to the system con-

sists solely of the phonemic transcription and the ob-

. ) ) e
nqg)l m)lz + g, Pol(wr) jects in the non-linguistic context.

P(wy,z1]z,h™) = )
Nezyz + Qay 4.2 Evaluation
- h- . . .
n;‘; )41 nél )41 We ran the sampler ten times for 100,000 iterations
) Lo ) g with parameter settings ef; = 0.01, ap = 20, and

p4+ = 0.5, keeping only the final sample for evalu-
o ) ation. We defined the word-object pairs for a sam-
Here h™ signifies the current hypothesis for allye a5 the words in the referring category that were
variables excluding those for the current segmenfyiraq at least once with a particular topic. These
andn;‘f ' is the count fol~ of either utterance fi- pairs were then compared against a gold standard
nal words ifw; is utterance final or non-utteranceset of Word_object pairsl while Segmentation perfor-

final words ifw is also not utterance final. mance was evaluated by comparing the final bound-
In the four cases with a word boundary, we havary assignments against the gold standard segmenta-
two words and two categories to sample. tion.
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4.2.1 Word Learning Object Words
To explore the contribution of word boundaries S(RJ’SSH tlﬁggﬁ box
to the joint word I_egrning and segmenting _task, We BUNNY rabbit | Rosie
compare our full joint model against a variant that gys bus
only infers topics, using the gold standard segmen- CAR car | thecar
tation as input. In this way we also reproduce the CHEESE| cheese
usual assumption of a sequential relationship be- DOG thedoggy| doggy _
tween segmentation and word learning and test the ng'éH . dO”h thedoll | yeah| benice
. . e . . _ oug
necessity of the simplifying assumption. The re ERNIE Ernie

sults are shown in Table 2. We compare them with
three different metric types: topic accuracy; precifable 1: Subset of an inferred word-object mapping. For
sion, recall, and F-score of the word-object pairs;larity, the proposed words have been converted to stan-
and Kullback-Liebler (KL) divergence. dard English orthography.

First, treating utterances with no referring words

_ | p| r f| KL | acc
as though they have no topic, we compute the ac- s 0211 045 0281 2781 081
curacy of the inferred topics. Note that we don't g Seg| 0.21| 0.60 | 0.31 | 1.82 | 0.79

report accuracy for the the variant with no non-

linguistic context, since in this case the objects ar&ble 2: Word Learning Performance. ~Comparing

interchangeable, and we have a problem identifyin recision, recall, and F-score of word-object pairs,

which cluster corresponds to which topic. Table gKL(P(w’Z)”Q_(w’Z))' and accuracy of utterance top-
. . ._Ics for the full joint model and a variant that only infers

shows that the Jomf[ sggmentatlon and word learnin eanings given a gold standard segmentation.

model gets the topic right for 81% of the utterances.

The variant that assumes pre-segmented input does

comparably well with an accuracy of 79%. SurprisOver gold topicsP(z), we use the standard formula

ingly, it seems that knowing the gold segmentatiofor KL divergence to compare the gold standard dis-

doesn’t add very much, at least for the topic infertribution P against the inferred dlStrIbUtl@ l.e.,

ence task. we computeD k1, (P(w, 2)||Q(w, 2)).

To evaluate how well we discovered the word- The model learns fairly meaningful word-object
object map, we manually compiled a list of all theassociations; results are shown in Table 2. As in the
nouns in the corpus that named one of the 30 ol§ase of topic accuracy, the joint and word learning
jects. We used this set of nouns, cross-referenc@fly variants perform similarly, this time with some-
with their topic objects, as a gold standard set ofhat better performance for the easier task with an
Word-object pairs_ By Counting the Co-occurrencef-score and KL divergence of 0.31 and 1.82 vs. 0.28
we also compute a gold standard probability distriand 2.78 for the joint task.
bution for the words given the topi&(w|z, z = 1). Table 1 illustrates the sort of word-object pairs

Precision, recall and F-score are computed as péle model discovers. As can be seen, many of the
Frank et al. (2009a). In particular, precision is thefrors are due to the segmentation, usually under-
fraction of gold pairs among the sampled set and r&éegmentation errors where it segments two words as

call is the fraction of sampled pairs among the gol@ne. This is a general problem with the unigram seg-
standard pairs. menter on which our model is based (Goldwater et

al., 2009). Yet, even though these segmentation er-
rors are also counted as word learning errors, they
are often still meaningful in the sense that the true
referring word is a subsequence.

KL divergence is a way of measuring the differ- So, word segmentation has an impact on word
ence between distributions. Small numbers genedearning. Yet, the joint model still tends to uncover
ally indicate a close match and is zero only whemeasonable meanings. The next question is whether
the two are equal. Using the empirical distributiorthese meanings have an impact on the segmentation.

_ |Sampled Gold| . |Sampled Gold|
~ |Sampled ’ B |Gold|
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NoCon | Random| Joint word.
Referring Nouns|  0.36 0.35| 0.50 The model performs exceptionally well on utter-

Neighbors 0.33 0.33| 0.37 . . : o :
UttFinalNouns | 0.36| 0.36| 0.52 ance f'naTIhr.efemng ”OIUPS’ W;th a 24/;]’ rlfad”(ft'tc.’n
Entire Corpus 053 053 052 in error. This may explain certain psycholinguistic

observations. Frank et al. (2006) performed an ar-
Table 3: Segmentation performance. F-score for thretficial language experiment with humans subjects
subsets and the full corpus for three variants: the mOdGbmonstrating that adults were able to learn words
without non-linguistic context, the model with randomg; the same time as they learned to segment the lan-
topics, and the full joint model. guage. However, subjects did much better on a word
learning task when the meaning bearing words were
4.2.2 Word Segmentation consistently placed at the end of utterances. There

are several possible reasons why this might have

To measure the impact of word learning on segyeen the case. For instance, it is common in English
mentation, we again compare the model on the fuby the object noun to occur at the end of the sen-
joint task against two other variants: one where tofance, and since the subjects were all English speak-
ics are randomly selected, and one that ignores thgs, they may have found it easier to learn an artifi-
non-linguistic context. For the random topics varitig| Janguage with a similar pattern. However, our
ant, we choose each topic during initialization acmogel predicts another simple possibility: the seg-
cording to the empirical distribution over gold topicsyentation task is easier at the end because one of

and treat these topic assignments as observed Vafia two word boundaries is already known (the ut-
ables for subsequent iterations. The variant that igsrance boundary itself).

nores non-linguistic context draws topics uniformly
from the entire set of objects ever discussed in thé3 Discussion

corpus, another test of the contribution of the nonrhe word learning model generally prefers a very
linguistic context to segmentation. We report tokelggparSe word-to-object map. This is enforced by us-
F-score, computed as per Goldwater et al. (2009hq g concentration parameter that is quite small
where any segment proposed by the model is a tryg|ative to then, parameter, and it biases the model
positive only if it matches the gold segmentation andy that the distributions over referring words are
is a false positive otherwise. Any segment in thgey different from that over non-referring words. A
gold data not found by the model is a false negativesma|| concentration parameter biases the estimator
Table 3 shows the segmentation performance feg prefer a small set of word types. In contrast, the
various subsets as well as for the entire corpus. Beelatively large concentration parameter for the non-
cause we are primarily interested in synergies beeferring words tends to result in most of the words
tween word learning and segmentation, we focus afceiving highest probability as non-referring words.
the words most directly impacted by the meaningsrhe model thus categorizes words accordingly. It is
gold standard referring nouns and their neighboring part due to this tendency towards sparse word-
words. object maps that the model enforces mutual exclu-
The model behaves the same with randomizesivity, a phenomenon well documented among natu-
topics as without context; it learns none of the goldal word learners (Markman, 1990).
standard pairs (no matter how we identify clusters Aside from contributing to mutual exclusivity
with topics for the contextless case). On all subsetand specialization among the topical word distri-
the full joint model outperforms the other two vari-butions, the small concentration parameter also has
ants. In particular, the greatest gain is for the refeimportant implications for the segmentation task.
ring nouns, with a 21% reduction in error. Also, sim-A very small value fora; discourages the learner
ilar to the findings of Bortfeld et al. (2005) regardingfrom acquiring more word types for each mean-
6 month olds’ abilities to segment words adjoining ang than absolutely necessary, thereby forcing the
familiar name, we also find that neighboring wordsegmenter to use fewer types to explain the se-
benefit from sharing a word boundary with a learneduence of phonemes. A model without any notion
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of meaning cannot maintain separate distributionsay and (2) that doing so improves the segmenta-
for different topics, and must in some sense treat dilon performance of our model. In particular, we
words as non-referring. A segmenting model withfound that although the word learning side suffered
out meanings cannot share the word learner’s relufrom segmentation errors, and performed worse than
tance to propose new meaning-bearing word typesmodel that learned from a gold standard segmen-
and might propose three separate types for “youation, the loss was only slight. On the other hand,
book”, “a book”, and “the book”. However, with segmentation performance for the meaning bearing
a small enough prior on new referring word typesywords improved a great deal. The first result sug-
the word learner that discovers a common refegests thatis not necessary to assume fully segmented
ent for all three sequences and, preferring fewer réaput in order to learn word meanings, and that the
ferring word types, is more likely to discover thesegmentation and word learning tasks can be effec-
common subsequence “book”. With a single wordtively modeled in parallel, allowing us to explore po-
object pair (“book”, BOOK), the word learner couldtential developmental interactions. The second re-
explain reference for all three sequences instead sfilt suggests that synergies do actually exist and ar-
using the three separate pairs (“yourbook”, BOOK)gue not only that we can model the two as parallel
(“abook”, BOOK), and (“thebook”, BOOK). processes, but that doing so could prove fruitful.

While relying on non-linguistic context helps seg- Our model is relatively simple both in terms of
ment the meaning-bearing words, the overall imword learning and in terms of word segmentation.
provement is small in our current corpus. One red-or instance, social cues and shared attention, or dis-
son for this small improvement was that only 9%course effects, might all play a role (Frank et al.,
of the tokens in the corpus were referring words2009b). Shared features or other relationships can
In corpora containing a larger variety of objects -also potentially impact how quickly one might gen-
and in cases where sub- and super-ordinate labelgalize a label to multiple instances (Tenenbaum and
like “eyes” and “ears” are coded — this percentage iXu, 2000). There are many ways to elaborate on the
likely to be much higher, leading to a greater boosword learning task, with additional potential syner-
in overall segmentation performance. gistic implications.

We should acknowledge that the decisions en- We might also elaborate the linguistic structures
tailed in enriching the annotations are neither trivwve incorporate into the word learning model. For
ial nor without theoretic implication, however. It is instance, Johnson (2008) explores synergies in syl-
not immediately obvious how to represent the nonlable and morphological structures in word segmen-
linguistic correlates of verbs, for instance. Develtation. Aspects of linguistic structure, such as mor-
opmentally, verbs are typically acquired much latephology, may contribute to word meaning learning
than nouns, and it has been argued that this may beyond its contribution to word segmentation per-
due to the difficulty of producing a cognitive rep-formance.
resentation of the associated meaning (Gentner and
Boroditsky, 2001). Even among concrete nouns, ndicknowledgments

all are equal. Children tend to have a bias toward
whole objects when mapping novel words to theif his research was funded by NSF awards 0544127
non-linguistic counterparts (Markman, 1990). De&nd 0631667 to Mark Johnson and by NSF DDRIG

cisions about more sophisticated encoding of nor/46251 to Michael C. Frank. We would also like
linguistic information may thus require more knowl-t0 thank Anne Fernald for providing the corpus and
edge about children’s representations of the worllfla€ve Cullinane for help in coding it.
around them
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