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Acquisition of Language Il

Lecture 21
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Announcements

Review questions are available for structure

HW8 due 3/16/18

Online course evaluations are available for this class - please
fill them out if you haven’t already! :)



About linguistic parameters

What are linguistic parameters?
How do they work?
What exactly are they supposed to do?




About linguistic parameters

A parameter is meant to be something that can account
for multiple observations in some domain.

Parameter for a statistical model: determines what
the model predicts will be observed in the
world in a variety of situations

Parameter for our mental (and linguistic) model:
determines what we predict will be observed in
the world in a variety of situations




About linguistic parameters
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About linguistic parameters

Statistical parameter

u for the mean
o for the standard deviation

Suppose this is a model of how

many minutes late I'll be to
class.

Let’s use the model with u = ol \
0 and 0% =10.2. : e \ ~_ ]
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About linguistic parameters
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About linguistic parameters
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About linguistic parameters
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We can tell this just by knowing the values of the two statistical Not very probable!
parameters. These parameter values allow us to infer the
probability of the observable behavior.




About linguistic parameters

Statistical parameter Puo’(X) =

u for the mean
o for the standard deviation
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About linguistic parameters
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About linguistic parameters

Statistical parameter

u for the mean
o for the standard deviation

Let’s shift to the model with
u =-2 and o2 = 0.5.

5 minutes late? X

What about right on time?
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About linguistic parameters
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behavior we predict we’ll observe.



About linguistic parameters
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Observing data points distributed like the green curve tells us
that  is likely to be around -2 and o?is likely to be around 0.5.



About linguistic parameters

Statistical parameter

u for the mean
o for the standard deviation

Important similarity to linguistic
parameters:

We don’t see the process that
generates the data, but only the
data themselves. This means that in
order to form our expectations
about X, we are, in effect, reverse
engineering the observable data.
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About linguistic parameters
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Comparison: the equation’s form —

it’s the statistical “principle” that
explains the observed data.

Both linguistic principles and linguistic parameters are often thought
of as innate domain-specific abstractions that connect to many

structural properties about language.

Linguistic principles correspond to the properties that are invariant across

all human languages.



About linguistic parameters

Comparison: | and o” determine the
exact form of the curve that

" 1 Y
represents the probability of @X = ¢ %
observing certain data. While ) ’\/2]@
different values for these parameters

can produce many different curves,

these curves share their underlying

form due to the common invariant

function.

Both linguistic principles and linguistic parameters are often thought
of as innate domain-specific abstractions that connect to many
structural properties about language.

Linguistic parameters correspond to the properties that vary across human

languages



About linguistic parameters
for language acquisition

Parameters connecting to multiple structural properties is a
very good thing from the perspective of someone trying to
acquire language (like a child). This is because a child can learn

about a parameter’s value by observing many different kinds
of examples in the language.




About linguistic parameters
for language acquisition

“The richer the deductive structure associated
with a particular parameter, the greater the
range of potential ‘triggering” data which will
be available to the child for the ‘fixing” of the
particular parameter” — Hyams (1987)




About linguistic parameters
for language acquisition

Parameters can be especially useful when a child is trying to learn the
things about language structure that are otherwise hard to learn, perhaps
because they are very complex properties themselves or because they
appear very infrequently in the available data.




Parameters & overhypotheses

@mamnﬂné]

Remember:
We can think of language systems (grammars) as collections of
parameter values.
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Parameters & overhypotheses

grammar (‘ Y ¥ ‘)
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A parameter (and its specific value) determines what
we predict will be observed in the world in a variety
of situations.
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Parameters & overhypotheses

grammar (‘ ;A :‘D

A parameter determines what we ‘
predict will be observed.

Example: Head-directionality

Linguistic parameters correspond to the
properties that vary across human languages.



Parameters & overhypotheses

grammar (‘ ;A :.D

A parameter determines what we ‘

predict will be observed. Head-directionality

e

The fact that parameters connect to multiple structural properties is a very good thing for
acquisition. This is because a child can learn about that parameter’s value by observing
many different kinds of examples in the language.




Parameters & overhypotheses

grammar (‘ ;A :‘D

A parameter determines what we

predict will be observed. Head-directionality

good for acquisition

Let’s assume a number of properties are all connected to parameter P,
which can take one of two values: a or b.

M
property 1 .‘ property 3
* property 2 .&...
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Parameters & overhypotheses

grammar (‘ ;A :‘D

A parameter determines what we

predict will be observed. Head-directionality

good for acquisition

Let’s assume a number of properties are all connected to parameter P,
which can take one of two values: a or b.

‘ P=aorbh?

property 1 .‘ property 3
* property 2 .&...

M

o .
- .
-



Parameters & overhypotheses

grammar (‘ Y ¥ ‘D

A parameter determines what we

predict will be observed. Head-directionality

good for acquisition

How do we learn whether property 3 shows behavior a or b?
One way is to observe instances of property 3 in the intake.

‘ i P=aorb?

property 1 .‘ property 3
P property 2 e
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Parameters & overhypotheses

grammar (‘ Y ¥ ‘)

A parameter determines what we

predict will be observed. Head-directionality

good for acquisition

But what if property 3 occurs very rarely? We might never see
any examples of property 3.

" i P=aorb?

property 1 .‘ property 3
o property 2 A
A V X —aa’

. ??

------




Parameters & overhypotheses

grammar (‘ ;A :‘D

A parameter determines what we

predict will be observed. Head-directionality

good for acquisition

Fortunately, because property 3 is connected to P, we can learn the value
for property 3 by learning the value of P.

‘ P=aorb?
property 1 .‘ property 3
* property 2 .&...

M

r .
- .
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Parameters & overhypotheses

grammar (‘ Y ¥ ‘D

A parameter determines what we

predict will be observed. Head-directionality

good for acquisition
Also fortunately, P is connected to properties 1 and 2.

‘ i P=aorb?

property 1 .‘ property 3
o property 2 A

------



Parameters & overhypotheses

grammar (‘ ;A :.D

A parameter determines what we

predict will be observed. Head-directionality

good for acquisition

This means we can learn the value of P from property 1 or property 2.

‘ P=aorbh?

“'0 1_ ....'

property 1 .‘ property 3
i property 2 A



Parameters & overhypotheses

grammar (‘ ;A :.D

A parameter determines what we

predict will be observed. Head-directionality

good for acquisition

Suppose we see an example of property 1 with value a.

‘,. i P=aorb?
property 1 .‘ property 3
property 2 A

e
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Parameters & overhypotheses

grammar (‘ Y ¥ ‘D

A parameter determines what we

predict will be observed. Head-directionality

good for acquisition

This means P also should have value a.

‘atp
'0 ;_ 0...."
property 1 .‘ property 3
property 2 A

------



Parameters & overhypotheses

grammar (‘ ;A :‘D

A parameter determines what we

predict will be observed. Head-directionality

good for acquisition

So, we can make predictions for all the other properties connected to
P, even if we’ve never seen examples of them.

This is great!

property 1 .‘ property 3

property 2 A




Parameters & overhypotheses

grammar (‘ ;A :‘D

A parameter determines what we

predict will be observed. Head-directionality

good for acquisition

Note: Property 1 has served as indirect positive evidence for properties 2 and 3. Data
about property 1 appearing in the child’s input have allowed her to infer things about
property 2 and property 3.

property 1 .‘ property 3

property 2 A




Parameters & overhypotheses

grammar (‘ ;A :‘D

A parameter determines what we

predict will be observed. Head-directionality

good for acquisition

This highlights another benefit - we don’t have to learn the behavior
of each structure individually.

property 1 .‘ property 3

property 2 A




Parameters & overhypotheses

grammar (‘ ;A ‘D

A parameter determines what we

predict will be observed. Head-directionality

good for acquisition

Instead, we can observe some properties (like property 1) and infer
the right behavior for the remaining properties (like property 2 and
property 3).

property 1 | property 3
La

property 2
(7

L ] .‘
. .



Parameters & overhypotheses

grammar (‘ ;A :‘D

A parameter determines what we

predict will be observed. Head-directionality

good for acquisition

That is, instead of having to make 3 decisions (one for properties 1, 2,
and 3), we actually only need to make one decision -is P a or b?

property 1 .‘ property 3

property 2 A




Parameters & overhypotheses

grammar (‘ ;A :.D

A parameter determines what we

predict will be observed. Head-directionality

good for acquisition

The intake is used to make this one decision, which generates useful
predictions for other properties of the language.

property 1 .‘ property 3

property 2 A




Parameters & overhypotheses linguistic parameter
P

Overhypotheses in hierarchical Bayesian learning are generalizations made at a
more abstract level, which cover many different data types.

In this way, they’re similar in spirit to linguistic parameters.




Parameters & overhypotheses linguistic parameter

-
Overhypotheses

( M ‘
Non-linguistic example L' A j

Suppose you’'re observing the contents of marble bags.




Parameters & overhypotheses linguistic parameter

M
Overhypotheses

Pt v i
Non-linguistic example L‘ A j

The first bag you look at has 20 black marbles.




Parameters & overhypotheses linguistic parameter

»
Overhypotheses R

Non-linguistic example L' A j

The second bag you look at has 20 white marbles.




Parameters & overhypotheses linguistic parameter

-
Overhypotheses

( M ‘
Non-linguistic example L' A j




Parameters & overhypotheses linguistic parameter

M
Overhypotheses

( M ‘
Non-linguistic example L‘ A ]

The third and fourth bags you look at have 20 black marbles.




Parameters & overhypotheses linguistic parameter

Overhypotheses

Non-linguistic example L‘ A ]

You get a fifth bag and pull out a single marble. It’s white.




Parameters & overhypotheses linguistic parameter

Overhypotheses

Non-linguistic example L‘ A ]

What do you predict about the color distribution of the
rest of the marbles in the bag? 1




Parameters & overhypotheses linguistic parameter

Overhypotheses

Non-linguistic example L‘ A ]

Probably that they’re all white!




Parameters & overhypotheses linguistic parameter

-~
Overhypotheses

Non-linguistic example L‘ A . j

What if you then get another bag and pull out a single purple
marble from it? What would you predict?




Parameters & overhypotheses linguistic parameter

Overhypotheses

Non-linguistic example L‘ A ‘]

Probably that all the rest of the marbles in
the bag are purple, too!




Parameters & overhypotheses linguistic parameter

Overhypotheses

Non-linguistic example L‘ A ‘]

Why does this happen?




Parameters & overhypotheses linguistic parameter

Overhypotheses R
D
Non-linguistic example L' A ‘j

It seems like you’re learning something about the color
distribution in general (not just for a particular bag): all
marbles in a bag have the same color.




Parameters & overhypotheses linguistic parameter

Overhypotheses

Non-linguistic example L‘ A ‘]

This allows you to make predictions when
you’ve only seen a single marble of
whatever color from a bag.




Parameters & overhypotheses linguistic parameter

Overhypotheses

Non-linguistic example L' A j

overhypothesis
all the same color

YA » v.




Parameters & overhypotheses linguistic parameter
»
Overhypotheses

Non-linguistic example L‘ A . ]

overhypothesis
all the same color

R » V., el

s

all something




Parameters & overhypotheses

Overhypotheses

Non-linguistic example

overhypothesis
all the same color

A » | SR

linguistic parameter
-~

s

all purple



Parameters & overhypotheses

Overhypotheses

Non-linguistic example

overhypothesis
all the same color

A » | SR

linguistic parameter
»

Seem familiar?

s

all purple



Parameters & overhypotheses

Overhypotheses

Non-linguistic example

3 L]
*

overhypothesis
all the same color

Y4 > v e

all white

all black all black all black

linguistic parameter

/‘ r : ' ‘ j
L v

Seem familiar?

TR

all purple




Parameters & overhypotheses linguistic parameter

overhypothesis

Bayesian learning models are able to learn overhypotheses,
provided they know what the parameters are and the range of
values those parameters can take.

(ex: Kemp, Perfors, & Tenenbaum 2007,
Perfors, Tenebaum, & Wonnacott 2010).

\
A Level 3: Over-overhypotheses Ap
o, B /\
4__,_,,-—-—""""’—4/ v \‘\> Level 2: Overhypotheses o, B o, p*
CON G 0" A\ A\
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yl y2 y3 4 e y" distribution { { { ‘ { ;
1 2 3 4 5 6
©]®) o0 010 o0 ] y oy ¥ y y y
O O . . O O . . ves (take) (say)  (send) (give) (throw) (bring)
pD PD| [PD PD| [ PD | [DOD PD | [DOD| [DOD PD
OO oo 00 oo Data PD PD | |PD PD pD DOD | | PD | [PD DOD
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Parameters & overhypotheses linguistic parameter
overhypothesis

Y

Bayesian learning models are able to learn overhypotheses,
provided they know what the parameters are and the range of
values those parameters can take.

What about real learners (children)?




Parameters & overhypotheses linguistic parameter
overhypothesis

Dewar & Xu 2010 »

9-month-olds T
7 L3

When provided with partial evidence about a few objects in a few
categories, can infants form a more abstract generalization (an
overhypothesis) that then applies to a new category?




Parameters & overhypotheses linguistic parameter
overhypothesis

_ gt P
Dewar & Xu 2010

9-month-olds Li A ‘]

1.
Training trials:
Observe four different objects pulled
I I I L 0000

out by experimenter who had her eyes
closed - the objects are different

2. |
colors but always have the same
shape.

I I (Ommm

.
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Parameters & overhypotheses linguistic parameter
overhypothesis

Y

Dewar & Xu 2010
9-month-olds

3.

i

-
vy ml

Training: different colors but same shape

u Experimental condition

If infants create an overhypothesis that all objects
in a box have the same shape...



Parameters & overhypotheses linguistic parameter
overhypothesis

Y

Dewar & Xu 2010

9-month-olds 39
(aaal) (mmn) (esec

Training: different colors but same shape

u Experimental condition

If infants create an overhypothesis that all objects
in a box have the same shape...

4. Experimental Condition

_ Expected Outcome

they should expect the experimenter to pull out
all the same shape from a new box.

This shouldn’t be surprising, and so ‘
infants shouldn’t look as long at it.



Parameters & overhypotheses linguistic parameter
overhypothesis
W i .
Dewar & Xu 2010

9-month-olds 35 Li“j
(3002 (omma) (oswo

Training: different colors but same shape

ui Experimental condition

If infants create an overhypothesis that all objects
in a box have the same shape...

4. Experimental Condition

Expected Outcome
they shouldn’t expect the experimenter to pull

out different shapes from a new box, even if one Q gg
is a shape they’ve seen before.  Unexpected Outcome
This should be surprising, and so infants E 55
should look longer at it. AAAA]) [Cmmm o
SN A




Parameters & overhypotheses linguistic parameter
overhypothesis
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'Experimental condition

Dewar & Xu 2010
9-month-olds

Training: different colors but same shape

iControI condition

4, Experimental Condition
If infants create an overhypothesis that all objects ‘ QQ SS
in a box have the same shape...

they should expect the experimenter to pull out
different shapes from different boxes.

This shouldn’t be surprising, and so
infants shouldn’t look as long at it.

Note how this outcome looks identical to the
experimental condition outcome.



Parameters & overhypotheses linguistic parameter
overhypothesis
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k. Experimental condition

Dewar & Xu 2010

9-month-olds 39
(aaal) (mmn) (esec

Training: different colors but same shape

icontrOI condiﬁon 4, Experimental Condition [
If infants create an overhypothesis that all objects ‘ QS SS
in a box have the same shape... cmma (ees

they should expect the experimenter to pull out
different shapes from different boxes.

This shouldn’t be surprising, and so
infants shouldn’t look as long at it.

The only difference is how the outcome was generated (from the same box
or from different boxes — which is what the overhypothesis is about).



Parameters & overhypotheses linguistic parameter
overhypothesis

Training: Y

Dewar & Xu 2010 dlfferet colors but same shape LT ‘j

9-month-olds

If infants create an overhypothesis that all
objects in a box have the same shape

'Experimental condition This is what we expect.

4_\ Experimental Condition |

M;U ID---U (eeeo]/

Expected Outcome

E g Unexpected Outcome

i‘ Control condition

5 “Unexpected” Outcome

JTrry




Parameters & overhypotheses linguistic parameter
overhypothesis

Training: Y

Dewar & Xu 2010 dlfferet colors but same shape LT ‘j

9-month-olds

If infants create an overhypothesis that all
objects in a box have the same shape

ui Experimental condition

4_\ Experimental Condition |

Expected Outcome

~11.32 sec ‘ M LI g And this is exactly
Unexpacted Outoome what happened!

Y TTT

i‘ Control condition

5 “Unexpected” Outcome




Parameters & overhypotheses linguistic parameter
overhypothesis
Y il Training: -~
Dewar & Xu 2010 different colors but same shape

TTL Lyl

If infants create an overhypothesis that all
objects in a box have the same shape

9-month-olds

:‘i Experimental condition

4. \ Experimental Condition

~11.32 sec Q ég 9-month-olds appear able to
MU Lm_QU

form overhypotheses from very

Unexpected Outcome

~14.928 sec @ .-. limited data sets.

i‘ Control condition

> “Unexpected” Outcome
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overhypothesis
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, : Training:
Dewar & Xu 2010 different colors but same shape

9-month-olds S Li “]

If infants create an overhypothesis that all
objects in a box have the same shape

:‘i Experimental condition

4. I Experimental Condition .
Expectad Outcome Hopefully, this means they can
~11.32 sec Q ég also use linguistic parameters to
M L"&” learn, since parameters are
Unexpected Outcome

~14.28 sec @ similar to overhypotheses about
QS A8 ngusge!

i‘ Control condition

= “Unexpected” Outcome

~10.3-11.0 sec ‘m
(AnAA




Parameters & overhypotheses

Structure dependence




Structure dependence

Idea: Rules for word order depend on linguistic structure

CpP
Can 1P
NP VP
someone who can solve the Labyrinth V/’\WH
NP
| |
show how

someone who can’t



Structure dependence
Rules for word order depend on linguistic structure

Yes/No question formation in English

By three years old, children have some very
specific constraints on hypotheses about word
order.

How could they learn this?




Structure dependence
Rules for word order depend on linguistic structure

Yes/No question formation in English

By three years old, children have some very
specific constraints on hypotheses about word
order.

A potential input issue

Most of the yes/no question data children encounter (particularly
before the age of 3) consists of simple yes/no questions

compatible with many different rules.
Jareth can alter time.

v
Rule? Swap the order of the first two words Can Jareth alter time?
Rule? Swap the order of the subject and the auxiliary
Rule? Move the first noun to the second position
Rule? Move the auxiliary to the first position

Rule? Move the main clause auxiliary to the first position



Structure dependence
Rules for word order depend on linguistic structure

Yes/No question formation in English

By three years old, children have some very
specific constraints on hypotheses about word
order.

A potential input issue

Most of the yes/no question data children encounter (particularly
before the age of 3) consists of simple yes/no questions

compatible with many different rules.
Jareth can alter time.

v
Can Jareth alter time?

But structure-dependence is a very general property about
language...



Structure dependence
Rules for word order depend on linguistic structure

Yes/No question formation in English

By three years old, children have some very
specific constraints on hypotheses about word
order.

A potential input issue

Most of the yes/no question data children encounter (particularly
before the age of 3) consists of simple yes/no questions

compatible with many different rules.
Jareth can alter time.

v
Can Jareth alter time?

. ']
.
Cas

It could be an overhypothesis about language.



Structure dependence

Rules for word order depend on linguistic structure
Yes/No question formation in English

By three years old, children have some very
specific constraints on hypotheses about word
order.

A potential input issue

Most of the yes/no question data children encounter (particularly
before the age of 3) consists of simple yes/no questions
compatible with many different rules.

. ~
. s
AR N

_ -; ”.."‘il And this overhypothesis
Jareth can alter time. 8 & = would connect to many other
; :

;;;;;;

Can Jareth alter time? - structures besides yes/no
" Thegirlin the _
Labyrinth thought questions.
something.
v

What did the girl in
the Labyrinth think?



Structure dependence

Rules for word order depend on linguistic structure
Yes/No question formation in English

By three years old, children have some very
specific constraints on hypotheses about word
order.

A potential input issue

Most of the yes/no question data children encounter (particularly
before the age of 3) consists of simple yes/no questions
compatible with many different rules.

” Y

P And this overhypothesis

Jareth can alter time., % K A P
: — A Ty’ PP would connect to many other
. ? H

Can Jareth alter time? girlinthe  The girl in the Labyrinth struct.ures besides yes/no
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Summary: Linguistic parameters

Parameters make acquisition easier because hard-to-learn
structures can be learned by observing easy-to-learn structures that
are connected to the same parameters.

Linguistic parameters are similar to statistical parameters in that
they are abstractions about the observable data. For linguistic
parameters, the observable data are language data.

Parameters may be similar to overhypotheses, which Bayesian
learners and 9-month-olds are capable of learning.

An overhypothesis about structure-dependence may not be so hard
to learn from the available data for a child using Bayesian inference.



Questions?

You should be able to do up through question 12 on
the structure review questions
and up through 3 on HWS.



