




















































































































































































































e 73 are concrete phrasal or lexical constructions including argument structure
constructions, noun phrase constructions, modifier constructions and a few
sentential constructions.

e 283 are open class lexical items such as verbs and nouns (covering all dialogues)

e 135are closed class function words
Analyzing the corpus with the handwritten grammar

Without learning any additional statistical parameter except for the grammar writer’s
expected omission probabilities of arguments, the analyzer is used to analyze the 700 or so
utterances without using the robustness feature. About 136 utterances fail to be analyzed due
mostly to insufficient coverage of the grammar. Of the remaining 560 or so utterances in the
training and test sets, the analyzer achieves the results reported in Figure 2.17 using the automatic

scoring.

Core Argument  Core Argument  Core Argument  Resolution

Precision Recall F-score F-score
training set
(35 short + 2 long) 0.824 0.744 0.782 0.685
test set
(2 long dialogues) 0.819 0.724 0.768 0.785

Figure 2.17 Automatic scoring of the analyses of child-directed utterances. Core argument
scores are based on the type constraints given in the SemSpec, whereas resolution score are
based on the resolution results (entities in context) suggested by the analyzer.

The analyzer is expected produce a different number of semantic bindings than is given
in the gold standard annotation, so a modified precision/recall measure is used to score the
returned analyses, the details of which are given in Section 7.2. Core arguments are scored on the
basis of the type constraints given in the SemSpec, whereas resolution results are scored based on

the context elements suggested by the analyzer for each RD.
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As can be observed, the analyzer does a reasonably good job with the utterances. It is
difficult, however, to assess these scores without a standard benchmark. I have therefore
performed a detailed manual analysis of the first 150 utterances in the training set ignoring
repeats and this result is reported in (Bryant, 2008a) as well. The analyzer found an analysis for
125 of the 150 utterances; the remaining 25 required constructions that were not part of the
handwritten grammar. Of the 125 returned analysis, 76 of which were judged to be the correct
analysis in terms of both the SemSpec and the resolution results. Of the 49 incorrect analyses,

e 8 had the right constructional interpretation but the omitted arguments were

incorrectly resolved,

e 9 could not be properly analyzed because the necessary constructions were not in the
grammar. The analyzer instead creatively used a combination of other constructions
to interpret the utterance,

e 12 used an incorrect word sense or had an incorrectly attached modifier phrase,

e 3 had problems with topicalization,

e 12 had incorrect constituent omissions,

e 1 had a problem with reduplication, and

e 3 had trouble with a sentence final le marker, which sometimes act as an aspect

marker and sometimes a current relevant state marker and sometimes both.
Tuning the statistical parameters of the grammar

Finally, we describe a brief exercise in trying to learn from data more accurate locality
probabilities, constructional filler probabilities, and semantic role probabilities. Using the
supervised, iterative estimation techniques described in (Bryant, 2008a), the returned analyses of

the training set are automatically re-ranked using the gold standard and the probabilities are
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recalculated using the post-reranking top analyses. The learned parameters are then used in
analyzing the test set.

This exercise is a proof-of-concept in testing the learnability of the parameters. The
training data is very limited in view of the number of parameters that need to be estimated, and is
certain very small compared to most other machine learning applications in NLP systems.
Nonetheless, an encouraging improvement of parsing performance is observed, as shown in
Figure 2.18. These results are updated from the ones described in (Bryant, 2008a) due to slight
grammar and scoring changes but show the same trends. We take these results to be an indication

that this may be a fruitful direction for future research.

Training set Core Argument  Core Argument  Core Argument  Resolution
Precision Recall F-score F-score
0 0.824 0.744 0.782 0.685
1 0.843 0.798 0.820 0.747
2 0.843 0.798 0.820 0.745
3 0.844 0.798 0.820 0.741
4 0.844 0.798 0.820 0.742
5 0.845 0.798 0.821 0.745
Test set Core Argument  Core Argument  Core Argument  Resolution
Precision Recall F-score F-score
0 0.819 0.724 0.768 0.785
1 0.882 0.824 0.852 0.825
2 0.881 0.815 0.846 0.838
3 0.881 0.815 0.846 0.831
4 0.881 0.815 0.846 0.838
5 0.881 0.815 0.846 0.831

Figure 2.18 Iterative estimation of grammar parameters lead to improvements in both the
training and test set. Iteration 0 is the initial state without parameters as replicated from
Figure 2.17. The learned parameters surprisingly lead to greater improvements in the test set,
and could be due to the fact that the grammar was written with the training set closely in
mind.
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Chapter 3.

Learning a Construction Grammar

This chapter gives the first technical overview of how the learner creates new grammatical
structures that link form relations to meaning relations. A stable starting vocabulary is assumed
for the learner since it is outside the scope of the current thesis to address word learning directly,
but it will become clear as we go along that word learning is extremely compatible with the
current framework. We will revisit the topic of word learning in the final chapter; for now we will
turn our attention to how grammatical structures are learned by the model.

Readers who are familiar with chunk-and-merge style grammar induction in context free
grammars e.g. (Langley & Stromsten, 2000; Wolff, 1988) can relate easily to the basic operations
proposed here. Composition is the basic chunking mechanism that groups separate units into
one constituent structure, and generalization is the basic merging mechanism that replaces
multiple chunks with a generalization. This intuition runs into a limitation when both form and
meaning have to be considered. Induction in context free grammars are driven primarily by
statistical information (which can be extremely sophisticated), but in construction grammar
semantics play a much more foregrounded role. Not only are composition and generalization
driven by semantic similarity, but the internal semantic structure of each chunk has to be induced
as well. In describing how grammar induction works for a construction grammar, it is necessary

to first lay out the elements that the learner considers in its hypothesis space.
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e 11 structural schemas such as EVENT_DESCRIPTOR and RD

e 84 “closed-class” conceptual schemas that define the process lattice, image schemas,
speech acts, etc

e 205 “open-class” process schemas

Included in the set of constructions are:

e primary abstract constructions: CLAUSE, PHRASE, MORPHEME, WORD, NUMBER,

DIGIT, INTERJECTION, INTERJECTION_MORPHEME

e 81 closed class lexical constructions (with meaning), such as pronouns, negation
words, path particles, directional particles, and digits

e 252 open class verbs and 178 open class nouns **

e 89 function word forms (without meaning), such as coverbs, classifiers, locative
particles, adverbials and conjunctions

The ontology contains an additional 204 entity types and about 190 simulation scripts

corresponding to the annotated events are used to update the context model.

7.2 Experiment 1: Mandarin Chinese CHILDES corpus — basic experiment

Training procedure

The basic learning experiment was run with all the learning operations enabled except
decay. This is done to make tracing through the learning and generalization history easier. The
statistic update discount factor was set to 1, noncompositional meaning or maximally -
connected compositions were disabled and a uniform semantic model was used. The learning

model obtained up to 5 best analyses from the best-fit analyzer using a multi-root penalty of -10

2 Often the same word is pronounced in different tones in fluent speech and transcribed as such. Pronunciation
variants of a word are represented as subcases of an abstract construction.
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(in log probability scale). The learner then fits each analysis to context. The analysis with the best
contextual fit (using an internal metric based on number of referenced entities as a proxy for
coherence) is selected for learning.

The learner attempted to perform up to 4 learning iterations over the entire 150 short
dialogues (or over 2000 total utterances) in the training corpus, but without a decay mechanism,
the grammar quickly grew too large and the analyzer ran out of memory during one of its
validation sequences after 750 learning episodes™. The results reported here were thus based on
barely over one-third of the training data available. Regardless, some 18 categories and 515
concrete phrasal and clausal constructions were learned at the end of the experiment. The next
subsections describe these results in qualitative and quantitative terms.

There is considerable current work in the research group by John Bryant and others to
scale and optimize the analyzer for larger grammars. For the current work, a few other

combinations of learning operations were tested out and will be described in Section 7.3.
Qualitative results

To give a concrete sense of what the learning model does with the input data, the next
three figures show excerpts of the learning steps taken by the model at different stages of the
learning process. For brevity only the construction name and a summary is shown; the notation is
explained in the caption of Figure 7.4. With the belief that mistakes are often more informative
than the correct output, this section tries to give as much coverage about bad choices that the

model made as the good ones.

* Because of the many small construction fragments available, the analyzer sometimes get horrendously garden-pathed
and goes off on a memory-intensive search over all the possible ways to try and connect the words in the utterance
under the same root in the analysis.
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As expected, early constructions learned by the model are very lexically specific. Highly
retricted grammatical categories are first created and they got progressively bigger. The earliest
generalizations tend to have only one constituent that allows an abstract construction as its type
constraint (i.e. only one open “slot” such as e.g. ___eat). This comes about not by specific design
of the model but as a result of how the model incrementally creates generalizations as they
become available. The first construction with two open slots appear after 47 learning episodes and
is a limited construction that expresses {you, mother} - {apply, put}.’* These kinds of
constructions get more and more common as further generalizations are made, and constructions
with omissible and optional constituents were eventually learned as well.

In the earliest few episodes (a - c) of Figure 7.4, the learner composed lexically specific
constructions with very strict contextual restrictions on both the discourse role and the
ontological type of the semantic arguments, shown in angle brackets. After encountering a few
uses of mo3 (apply), some negated and some not, the learner decided that the negation particle

BIE2-F (don’t) is an optional constituent of the BIE2-M03-c005 construction (d).

** apply as in the applying lotion sense of the word, or moving some substance from a source to some surface.
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Operation
Resulting Construction Meaning Gloss + Contextual Restriction

a) Compose LIANG4-V (switch on) and DENG1-N (light)

LIANGA4-DENG1-¢c002 <addressee#child>- swITCH_ON - desklamp

b) Compose HAO3WANR2-V (amusing)

HAO3WANR2-c003 < attnFocus#desklamp> - AMUSING

c) Compose BIE2-F (don’t ) and MO3-V (apply)

BIE2-MO3-c005 <addressee#child > - NEG - APPLY - attnFocus#lotion>

d) Optionalize bo in BIE2-MO3-c005 (don’t apply)
[BIE2]-MO3-c005 [optional NEG] - APPLY

Figure 7.4 The earliest learning operations carried out by the model and the resulting
constructions. Glosses for lexical items are provided also in parenthesis when appropriate.

A guide to reading this short-hand: The names of lexical constructions end in -N (noun) / -V
(verb) / -F (function words). This notation is only to aid the reader and is not meaningful to
the model. The names of learned construction ends in -c followed by a 3-digit ID.

On the right, the meaning poles of the constructions are shown in ALL CAPS such as
SWITCH_ON. The arguments to the construction are shown in an English-centric order, so
that <addressee#child>- SWITCH_ON - desklamp denotes a SWITCH_ON event in which the
child is the agent and the desklamp is the patient. A contextual constraint on a core
argument that is not present constructionally is shown in angle brackets; the hash mark
separates the discourse role restriction from the contextual type constraint, as in
<addressee#child>. An empty angle bracket means that there are no restrictions. Omissible
constituents are denoted in square brackets and optional constituents are marked as such
inside square brackets.

Notations in the next diagrams: Members of constructional categories are put in curly

brackets, as in CAT021: {HAO3WANR2-V, HUAI4-V}. Speech act restrictions are notated in
parenthesis only if they make an important distinction in the example.
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As predicted, the increase in log probability is greater in magnitude in the seen data than
the unseen data. Crucially, the learning does lead the model to prefer the original corpus to the
scrambled corpus, as evident both by the total log probability of each corpus after learning as well

as the average increase in log probability per utterance before and after learning.

Total log probability of seen validation data (n=384)

pre-learning post-learning

-13000.00
-13587.31

-14000.00 .
-14597.04 w—original

-15000.00 —#—:scrambled

-16000.00 -1eg72.22

-1e903.00
-17000.00

Figure 7.11 The total log probability assigned to the original and scrambled seen validation
data.

Total log probability of unseen validation data (n=314)

pre-learning post-learning

-10000.00
-10244.41

~Logno.on —W—ariginal
-10e538.61

-10800.00 —#—scrambled

-11200.00 1137623

1160000 -11472.98

Figure 7.12 The total log probability assigned to the original and scrambled unseen
validation data.

The average increase in log probability per utterance in the seen validation data is 8.55 for
the original corpus and 6.53 for the scrambled corpus. The average increase in log probability per

utterance in the unseen validation data is 3.91 for the original corpus and 2.29 for the scrambled
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corpus. Out of the 384 utterances in the original seen validation data, 76 of them are recognized as
more likely than their scrambled counterpart, 10 are recognized as less likely, and the rest make
no difference. Out of the 314 utterances in the original unseen validation data, 34 of them are
recognized as more likely than their scrambled counterpart, 10 are recognized as less likely, and
the rest make no difference. Again, though not a definitive measure of the quality of the learned
grammar by itself, this result suggests that the model is going in the right direction. We will next
look at the gold standard scoring of the analyses of the two validation sets.

Test 2: Gold standard scoring of returned analyses

As described in Section 7.2, both the seen and unseen validation sets have gold standard
annotations which represent the interpretation that the analyzer, using the grammar, minimally
needs to extract from the utterances. Each annotation contains constituent bracket and semantic

filler information for core verb arguments and core argument structure arguments.

Figure 7.13 (reproduced from Chapter 2) Gold standard annotation of the utterance mo3
waid+tou2 ke3 jiu4 bu4 hao3+kan4 le a (if you apply [the lotion] to your forehead then you
won’t be pretty). Both verb arguments and argument structure (phrasal) arguments are
annotated, as shown in the bottom four annotations for the two clauses. Bracketing
information is supplied (verb brackets shown in bolded lines, phrasal brackets in thin lines,
and any additional words or arguments in double lines) as well as any interesting sentential
constructions (e.g. conditionals).

160












four constructions are used in both analysis shown in Figure 7.12. However, the analysis on the
left has one root, X11X11-CHI1-YAO4-c040 whereas the one on the right has two roots, XI11XI-
CHI1-c028 and YAO4-N. We expect that prior to learning, the average number of roots in the
analyses is equal to the mean length of utterance in the corpus, and will slowly decrease as the
grammar gets more sophisticated. With an adult grammar we expect the average number of roots

to approach 1.

xil+xil chil yao4 xil+xil chil yao4
| | I | I I
XI1XI1 CHI1-V YAO4-N XI1XI1 CHI1-V YAO4-N
XI1XI1-CHI1-YAQ4-c040 XI1XI1-CHI1-c028

Figure 7.17 On the left, an analysis with one root. On the right, an analysis with two roots.
Tthe average number of roots per analysis in both validation sets is shown in Figure 7.18.
At the beginning of the learning experiments, the average number of roots is close to the parental
MLU ¥ and gradually decreases as learning progresses.

Average number of roots per analysis

3.3

' "“-0-—-..__. Seen data
3

25
Unseen data

Number of roots
o)

15

] 100 200 300 400 =00 &00 700

Figure 7.18 The average number of roots per analysis in the seen and unseen validation set
throughout the learning experiment.

71t is a little lower because of a construction in the initial grammar that allows the analyzer to chunk consecutive
interjections.
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7.3 Experiment 2: Model variations on the Mandarin CHILDES data

As is apparent from Experiment 1, the learned grammar quickly outgrew the capacity of
the analyzer. This section describes a series of model manipulations to examine the behavior of
the model at the macro level using quantitative measures such as grammar size and resolution
score as a funtion of learning episodes. The first manipulation attempts to control the size of the
grammar by enabling the decay operation. The second manipulation examines the effect that the
grammar statistics update has on the model’s ability to generalize to unseen data by changing the
statistics update discount factory to 0.2. The third manipulation looks at the contribution of a

good context-fitting mechanism by way of utilizing the gold standard annotation in learning.
Variation 1: enabling decay

In this first variation, decay was enabled and set to purge any construction which is last
modified over 50 learning episodes ago and which has been used fewer than 3 times total. The rest
of the model remains unchanged and the same training procedure as the basic model was used.
Figure 7.19 shows the growth in size of the grammars in the “with-decay” model as compared to
the basic model. After 750 learning episodes, the basic model had 490 learned concrete
constructions and 18 learned abstract categories in its grammar. In contrast the grammar in the
“with-decay” model had 176 concrete constructions and 14 abstract categories at the same point
in time. The grammar in the “with decay” model continued to grow with training input, reaching
close to 410 concrete constructions by the time the model ran out of memory and had to be

aborted at episode 1700.
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probability threshold was set to 0.35, the learner began to chunk content morphemes with
collocated function morphemes, leading to the list of constructions learned in Figure 9.4. The
figure shows on the leftmost column the proto-constructions, their glosses in the middle, and
indicates whether each proto-construction forms a good unit (i.e. whether it is reasonable for the
protoconstruction to be a constituent of some other construction). While two protoconstructions
are questionable (in both cases the verb may be grouped prematurely with the sentence final
particle), 16 of the 21 protoconstructions found are reasonable combinations.

This pilot run is a small proof of concept that bigram statistics can help discover phrasal
units that may be helpful in anchoring the analysis of an utterance in the naturalistic Mandarin
Chinese data. The idea of using statistics in the input is certainly not new. Thompson and
Newport (2007) have conducted experiments where adults successfully learned artificial
languages where the difference in word class transitional probabilities provide the only cues to the
phrasal structure. Mintz (2003; 2006) has also demonstrated with CHILDES corpus data that
distributional cues in the form of frequent frames are powerful tools for creating word classes.
These and more sophisticated kinds of statistics are also the bread and butter of statistical NLP,
and one of the key insights in Klein’s constituent-context model (CCM) (2004) is the use of
distributional cues along with a non-crossing bracketing constraint. As reviewed in Chapter 3,
however, there is a disconnect between these kinds of statistically-derived phrase structures in
induced grammars and the semantically-rich grammatical structures found in natural languages.
This dissertation has focused on the formation of the latter using semantics as the primary source
of information as well as the target for learning; it remains to be worked out how best to integrate

statistically-derived structures such as these protoconstructions in the learning model.
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9.4 Looking at language learning as a whole

Taking a step back, this dissertation addresses but a very small piece of the puzzle called
language development. Many open questions remain; this section tackles some of the more
pressing ones related to word learning, concept learning, morphosyntactic development, and real

situational contexts.
Word learning

As alluded to many times throughout this dissertation, word learning is a process that is
very much tied up with grammar learning developmentally and this model has made the arbitrary
choice of starting with a set of known words and no knowledge of syntax. Undoubtedly, words are
not learned in isolation from the rest of language. Verbs, in particular, offer particular construals
of events and experience but the meaning of verbs, by their relational nature, are necessarily
conflated with the rest of the scene and the process of teasing out the verb meanings involves
generalizing cross-situationally over scene types as well as other the arguments they appear with.
Verbs are therefore difficult to learn, as Gleitman and colleagues have shown in the human
simulation experiments (Gillette et al., 1999; Gleitman, Cassidy, Nappa, Papafragou & Trueswell,
2005). The initial verbs in the models’ grammar can be thought of as codified associations
between linguistic forms, motor programs, and scenes, and can certainly be wrong in the
beginning. The pace and scope of generalization is expected to be affected by the schema
hierarchy in the following sense: for verbs that make fine-grain distinctions such as causality (e.g.
knock over versus fall) or agentivity e.g. (trip versus fall), the danger of attributing too much
knowledge to the initial learner lies in precluding generalizations that may otherwise be possible

given fuzzier semantic definitions.
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Undoubtedly, new words are constantly being learned throughout language development
as well. This is further supported by evidence that syntactic development aids vocabulary
development by allowing learners to infer the meaning of new verbs through the syntactic frame
in which they occur (Fisher, 2002; Gleitman, 1990; Naigles, 1996). Also referred to as syntactic
bootstrapping (Landau & Gleitman, 1985), this process can be a powerful mechanism in later
language development and is recently found to play a role in the acquisition of a “worst-case”
scenario language like Mandarin where argument omission is the norm (Lee & Naigles, 2008).

Ongoing word learning is theoretically compatible with the current framework. In
addition to manual experiments with a gradually expanding vocabulary, new verbs are in theory
learnable using the current model with a slight modification to the mechanism that learns non-
compositional meaning. Specifically, if a novel action involving two entities is demonstrated in a
sentence using a novel verb, say blick, the learner is left with multiple meaning components in the
analysis (i.e. the mentioned entities) that it needs to relate with each other. Instead of trying to
find some contextually-appropriate temporal or causal relations to explain the relations between
events like in the non-compositional meaning case, here the learner can look to the situational
context for events that involve the mentioned entities. Recognizing that the novel action not only
relates the mentioned entities but also has an associated (novel) motor program, the learner can
posit the motor program as the meaning poles of new compositions, leading to concrete
constructions such as YOU-BLICK-IT, I-BLICK-THIS. Overtime, the learner will have a number of
these contextually bound, lexically specific constructions, at which point the learner may
generalize over them. The resulting general construction will have as constituents the novel verb
and placeholders for its verb arguments and the associated motor program as its meaning. In the

example, the resulting general construction, CATO01-BLICK-CAT002, contains all the lexical
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semantics of the novel verb blick plus semantic restrictions on its arguments, such as Human for
the word preceding blick and Physical_Object for the word following blick. At this point the
learner will have essentially learned the meaning of the new verb, though it will take another new
operation to sub-analyze the CATO01-BLICK-CAT002 construction in order to attribute lexical

meaning to the verb directly.
Concept learning

Concepts are another domain that rapidly changes throughout development. Conceptual
development is an issue that at first glance seems orthogonal to grammar development, but is
upon closer examination intricately linked. There is a wealth of foundational work in the area of
linguistic relativity that examines how language structures concepts, in particular in the domains
of spatial concepts (Bowerman, 1996; Choi & Bowerman, 1991; Landau & Gleitman, 1985;
Munnich, Landau & Dosher, 2001; Tversky & Lee, 1998) and color (Kay, Berlin, Maffi &
Merrifield, 1997; Kay & Regier, 2006). This leads to another field of research on the Whorfian
hypothesis (Whorf, 1956) which looks at how language influence thought. Specifically,
linguistically structured concepts are found to influence thoughts even in non-linguistic tasks in
various domains (Boroditsky, 2001; Drivonikou, Kay, Regier, Ivry, Gilbert, Franklin & Davies,
2007; Gilbert, Regier, Kay & Ivry, 2006; Winawer, Witthoft, Frank, Wu, Wade & Boroditsky,
2007).

Whorfian effects notwithstanding, a language learner must still learn the conceptual
category distinctions dictated by the language. Luc Steels and colleagues have a series of models
based on Fluid Construction Grammar (FCG) that model how language and concepts develop
from a communication system and language evolution point of view (Steels, 2003; Steels, 2006;

Steels & Version, 2004), but there is little computational work that focuses directly on how
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language and concepts co-develop in ontogeny. This is a challenging area of research, not least
because the co-learning of the two domains is non-monotonic: changes in the conceptual system
may inform the grammar that render existing constructions incorrect, and all the grammatical

knowledge derived from those incorrect constructions now need to be revised.
Morphosyntactic development

This dissertation has focused primarily on the use word order and free function
morphemes as indicators of semantic relations, ignoring inflectional morphology as a syntactic
element. This was done partly out of convenience since Mandarin Chinese does not use
inflectional morphology but also largely out of necessity since the available constructional
analyzer system has no provision for morphology. However, current work is being done in the
research group to interface the constructional analyzer with a morphological analyzer (see Section
9.1.6 of (Bryant, 2008a)). This has the added benefit of turning the current lexicalized analyzer
into an unlexicalized one, which will greatly reduce the memory requirements of the analyzer and
may even lead to some amounts of speed up.

Once the morphological capability of the analyzer is in place, the learner can be extended
to use morphology as a form cue in the following way. The morphological analyzer decomposes

the morphology into a constructional schema *

containing features representing the
morphological structure of each word, which in the beginning of learning may be as rudimentary
as the form of the morpheme. With some amount of hand waving, we can imagine that these

morphological features are stored as constructional features in concrete constructions created

through the composition operation and are generalized just like meaning schemas through the

* 1t has not been mentioned in earlier chapters since it was not necessary, but the constructional pole as well as the
form pole of a construction can be typed just in the same way as the meaning pole. Form schemas and constructional
schemas can be defined and they are treated with the same exact unification semantics as meaning schemas.
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generalization operation. At this point, the same sort of sub-analyzing operation as mentioned in
the word learning section will be able to split the general construction and attribute functions to

individual morphemes.
Real situational contexts

This section is titled “real situational contexts” because the situational context that the
current model relies on is not only symbolically represented but also drastically simplified. The
problem of scaling a language learning model to the real kind of messy situational contexts that a
child learns in is essentially AI-complete and requires computational sophistications with vision
systems, speech recognition systems. Roy and colleagues are tackling some of these challenges
with vision-enabled robots with some success on word learning and very elementary syntax
(Gorniak & Roy, 2007; Roy, 2002; Roy, 2003).

Vision and speech recognition systems not withstanding, there are still some grand
challenges in modeling contexts in any real sense. Here are some observations about the difficulty
of the task from working on this particular learning model and child language data:

e Metonymy and construal is everywhere in child language interaction. Consider
scenarios where parent and child are engaged in story time. Picture books
showing pictures of cars are present in the same scene as toy cars and real cars.
The same words can refer to the pictures of the cars, the toy cars in the room, the
real cars sitting in the driveway, or even in some cases, the physical sheet of paper
on which the pictures are printed. It is no easy task for a computational system to
see a word car and try to resolve its intended referent.

e Scenes are always perspectivized and so is the language describing the scenes.

Verbs like give and receive impose perspectives on the scene, but so do locative
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words with a reference object such as inside, outside, here, or there. Properly
representing the meaning of these locative words requires even richer semantics
and a context model that is capable of representing the physical properties of
entities.

As it turned out, figuring out whether an utterance describes a past, future or
irrealis event without having any knowledge of tense aspect marking was very
difficult for the learning model. The annotated speech-acts, which were inferred
from intonation, were not an entirely reliable indicator of when (if at all) in the
situational context a mentioned event takes place: A requesting-action utterance
can be a pre-emptive request for a child to not do something, or for the child to
stop doing something she’s doing. An explaining utterance can be a declaration of
an intention to do something or a description of what the speaker has just done.
Even in an admonishment, parents often threaten the child with some future
action if the child continues to do something she has been doing. This difficulty
with resolving events to context led to a sizable amount of noise in the current
model and is a difficulty that a truly situated model of language learning and use

must overcome.

9.5 Summary

The model of early grammar learning presented in this dissertation benefits from

bootstrapping from situational context as well as the richness of semantic knowledge available to

the learner. It represents a first step in setting up a precise computational experiment framework

with explicit operational definitions of learning processes and clearly defined sources of
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knowledge. Model parameters are easily adjustable for computational experiments, as
demonstrated, and we believe that a combination of learning experiments with real and artificial

language will prove fruitful for understanding the process of language learning.
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Appendix A.

A context-free representation of the ECG syntax

(reproduced from Bryant (2008))

ECGL
CxnKind
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BlockType
CBlockOpt,
FBlockOpt
MBlockOpt
SchemaKinds
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ParentL.Opt
SubcaseOf
Parentl.
Typespec
EvokedElement,
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ChainOperator
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Appendix B.

An annotated CHILDES transcript sample in XML

<?xml version="1_.0" encoding="UTF-8"7?>

<CHAT xmlIns:xsi="http://www.w3.0rg/2001/XMLSchema-instance"
xmIns="http://www.talkbank.org/ns/talkbank"
Xxsi:schemaLocation="http://www.talkbank.org/ns/talkbank talkbank.xsd"
Version="1_.1_.3" Lang="zh" Corpus="beijing"” ld="cx2" Date="1984-01-01">

<Participants>

<participant id="MOT" role="Mother"™ language="zh" />

<participant id="CHI" role="Target_Child" language="zh" />

<participant id="FAT" role="Father"™ language='"zh" />

<participant id="INV" role="Investigator" language="zh" />

<participant id="UNC" name="Unclear' role="Unidentified" language="zh" />
</Participants>

<Setting>
<entity cat="Livingroom" id="livingroom'/>
<entity cat="Peach" id="peach"/>
</Setting>

<Setup>

<binding field="location" source_ref="MOT" ref="livingroom"/>

<binding field="location" source_ref="CHI" ref="livingroom"/>

<binding field="location" source_ref="INV" ref="livingroom"/>

<binding field="location" source_ref="peach” ref="coffeetable(livingroom)"/>
</Setup>

<event cat="Fetch" id="fetch01">
<binding field="fetcher" ref="CHI"/>
<binding field="fetched" ref="peach"/>
</event>

<u who="MOT" id=""149">
<clause>
<w>ni3</w><w>rang4</w><wn><w>al</w><wk type="‘cmp" /><w>yi2</w></wn>
<w>chil</w><t type="p" />
<a type=''speech act''>
<sa cat="requesting-action" id="ul49sal">
<binding field="speaker" ref="MOT"/>
<binding field="addressee" ref="CHI"/>
<binding field="forcefulness" value="Normal'/>
</sa>
</a>
<a type="vernacular">"E[r Hijz</a>
<a type="'gold standard'>
<semantic>
<temporal_element left="1" right="2" cat="Permit" id="ul49tel">
<binding field="permiter” left="0" right="1" ref="CHI"/>
<binding field="permitee" left=""2" right="4" ref="INV"'/>
<binding field="permitted” left="4" right="5" ref="ul49ts2"/>

235



</temporal_element>
<temporal_structure left="0" right="5" cat="Ditransitive_Action"
profiled="ul49tel™ id="ul49tsl">
<binding field="giver" left="0" right="1" ref="CHI"/>
<binding field="recipient” left="2" right="4" ref="INV"/>
<binding field="theme" left="4" right="5" ref="ul49ts2"/>
</temporal_structure>

<temporal_element left="4" right="5" cat="Eat" id="ul49te2">
<binding field="eater" left="2" right="4" ref="INV"/>
<binding field="food" ref="peach"/>

</temporal_element>

<temporal_structure left="2" right="5" cat="Transitive_ Action"

profiled="ul49te2" i1d="'ul49ts2">
<binding field="agent" left=""2" right="4" ref="INV"/>
<binding field="patient" ref="peach"/>

</temporal_structure>

</semantic>
</a>
</clause>
</u>

<event cat="Offer" id="offer02">
<binding field="offerer” ref="CHI"/>
<binding field="offeree" ref="INV'/>
<binding field="offered" ref="peach"/>
</event>

<u who="MOT" 1d="150">
<clause>

<w>ni3</w><w>gei3</w><w>yi2</w><t type="'p" />

<a type="vernacular'>35ll</a>

<a type=''speech act''>

<sa cat="'requesting-action" id="ul50sal">

<binding field="speaker" ref="MOT"/>
<binding field="addressee" ref="CHI"/>
<binding field=""forcefulness" value="Normal'/>

</sa>

</a>

<a type="'gold standard'>
<semantic>

<temporal_element left="1" right="2" cat="Give" id="ul50tel">
<binding field="giver" left="0" right="1" ref="CHI"/>
<binding field="recipient” left="2" right="3" ref="INV"/>
<binding field="theme" ref="peach"/>

</temporal_element>

<temporal_structure left="0" right="3" cat="Ditransitive_Action"

profiled="ul50tel">
<binding field="giver"” left="0" right="1" ref="CHI"/>
<binding field="recipient” left="2" right="3" ref="INV'/>
<binding field="theme" ref="peach"/>

</temporal_structure>

</semantic>
</a>
</clause>
</u>

<event cat="Give" id="give03">
<binding field="giver" ref="CHI"/>
<binding field="recipient” ref="INV"/>
<binding field="theme" ref="peach'/>
</event>
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<u who="INV" id="153">
<clause>
<wn><w>xied</w><wk type="‘cmp" /><w>xied</w></wn><t type="p" />
<a type=''speech act''>
<sa cat="answering" id="ul53sal'>
<binding field="speaker" ref="INV'/>
<binding field="addressee" ref="CHI"/>
<binding field=""forcefulness" value="Normal'/>
</sa>
</a>
<a type="vernacular">3f#{</a>
<a type="'gold standard'>
<semantic>
<temporal_structure cat="None"/>
</semantic>
</a>
</clause>
</u>

</CHAT>
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