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Introduction

How do children learn the meanings of
words like verbs, which make reference to
abstract relations?

Any observation of the use of such words largely
underdetermines their meaning [2].

Syntactic bootstrapping solution:
the syntactic frame(s) in which a word
appears hint at the word’s meaning.

Are existing computational frameworks set up to test this

idea?
Cognitive models Complex meanings

(aimed to explain developmental (easily scalable to things like verb
phenomena) meanings)
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learning s, 4, 5

Semantic parsing s x

We design a computational word learning model
which deals in abstract, LoT-like representations. It
replicates the phenomenon of syntactic bootstrapping
after unsupervised learning from scratch on a
dataset of utterances paired with their contexts.

Syntactic bootstrapping

“Causal” scene

Experimental result [1]
Positive transitive query:
“Point where the girl wugged the toy.”
Negative transitive query:
“Point where the girl didn’t wug the toy.”
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Step 1: commit to representations which can (1) distinguish
complex meanings and (2) support bootstrapping inferences.

Syntactic types: {S, N}
Semantic predicates: {BECOME(-,-), CAUSE(-,-), CONTACT(-, -), MOVE(:), ...}
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Lexicon A
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Formw | Syntax s,, Meaning my,
push | S\N/N Ay . CAUSE(xz, MOVE(y))
activate | S\N/N Ay z. CAUSE(z, BECOME(y, ACTIVE))
touch | S\N/N Ay x. CONTACT (x, y)
go S\N Ax.MOVE (x)
sneeze | S\N Ax.SNEEZE ()
the N/N Ax.(x)
girl N Ax.FEMALE(x)
toy N Ax. TOY(x)
toy N Ax.DOG(x)
\_ J
Forward application Backward application CCG
X/Y : mY:mg Y :meX\Y :m1 |Ruleset
X :mi(msg) X : myi(ma) R
o J
Analysis A |
g the girl pushes  the toy A
Sw = N/N N S\N/N  N/N N
i My =t : Ax. FEMALE(x) : Ayz. F(z,y) :¢ : Ax.TOY(x)
N : v(Ax. FEMALE(x)) g N : L(Aa:.TOY(:cﬁ
S\N : \z. F(z, ((\z. TOY (2 )))>
S : F(«(Ax. FEMALE(x)), t(Az. TOY(x)))
\_ /

Step 2: design a probabilistic model which can power inference
over these representations.

The model
incorporates a
crucial link
between a
word’s syntactic
type s, and its
meaning m_.

g \ w | Wordform
@ Sw | Syntactic type of w
m. | Meaning of w
‘ Scene /context
@ @ ° Utterance
U| (word sequence)

(syntactic analysis)

I
U
T Derivation
L

Logical form
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Bootstrapping simulation
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Utterance u- Scene | Events The model explains
_ ] I CAUSE(girl, BECOME(toy, active . ) IF
“the 9"" gorps the tOY” CONTAc(Dg'I'(gzrl toy); I\ﬁogE(gzrl) . Chlldrens ablllty tO
Novel word w: gorps I 32%‘;“(”;%9 active); make zero-shot
syntactic
bootstrapping
Meaning of gorps given _erdmeaning m. Mass inferences.
i . _ Ay.A\z. BECOME(z, ) 0.0091
ransitive SyntaX Ay.Ax. CONTACT (x,y) 0.0091
P(mw ‘ Sw = S\N/N) .)\.y../\:E.CAUSE(a:,MOVE(y)) 0.0079 2AFC ChOice P(F | L)
v = \
Full sentence Logical form L Mass E 0.5
- CONTACT (girl, toy) 0869 P = l ]
meanings P(L ‘ mw) CAUSE(girgl?EEgCy)ME(toy,a,ctive)) 0.131 A, 058 (P

Entities Events

We presented a learner with " Entity Properties ”g'gx;@ﬂs ) A
utterances in noisy contexts:  ° \GENT, FEMALE CAUSE (s, BECOME(t,
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Online accuracy

Task: acquire a lexicon and

Utterance
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accurately predict sentence meanings.
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Unsupervised learning:
Utterance—meaning / word—meaning
relations are never directly observed.
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Evaluation: (1) held-out parsing test set; N Online bootstrapping accuracy

(2) syntactic bootstrapping test 2 05
The model learns syntax-semantics f
biases without direct word-level or 5 0 3
sentence-level supervision. Wiee—sc S —————

Training step

Conclusion

We provide a formal account of syntactic bootstrapping,

Our framework promises to

1. Scale to naturalistic corpora
2. Make predictions about novel bootstrapping phenomena

capturing qualitative experimental results, and unifying research in
computational models of word learning and semantic parsing.




