Ling 251A/B, Variation in phonology Hayes/Zuraw, Spring 2013, UCLA

Class 3 (9 April 2013): Probability distributions over Classic OT grammars

To do
e Reading: Coetzee 2009
e Software exercise (see instructions on web page): Playing with the GLA

Overview: Variation can be conceptualized as vacillation between grammars. ‘“Partial
ranking” and Stochastic OT take this approach, but put restrictions on probability
distributions over Classic OT grammars.

1 What is a probability distribution?

It’s a function from possible outcomes (of some random variable) to probabilities.
¢ Some well-known examples
= Flipping a fair coin

which side lands up | probability
head | 0.5
tails | 0.5
= Rolling 2 fair dice and summing the numbers
sum of number of dots on top faces | probability
1 0.00
2| 1/36=0.03
3] 2/36=0.06
4| 3/36 =0.08
5| 4/36=0.11
6| 5/36=0.14
7| 6/36=0.17
8| 5/36=0.14
9| 4/36=0.11
10 | 3/36 =0.08
11| 2/36 =0.06
12 | 1/36 =0.03

2 Probability distributions over grammars

® One way to think about within-speaker variation is that, at each moment, the speaker has
multiple grammars to choose between.

set of phrase structure rules | probability
{S— NP VP, |04
VP — VNP }
{S— VPNP, | 0.6
VP — NP V}

= 40% John washed the dog, 60% John the dog washed

= This is sort of the view in Niyogi 2009—where the variation is mostly across speakers,
not within a speaker.
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e Typically, the probability distribution is constrained somehow, by attaching probabilities
not to whole grammars but to parameters of some kind

Putting a probabilistic spin on a proposal of Haegeman 1987:

settings of 2 binary parameters | impossible set possible set
of probabilities | of probabilities
determiner-head order, object drop | 0.4 0.04
determiner-head order, no object drop | 0.1 0.36
head-determiner order, object drop | 0.2 0.06
head-determiner order, no object drop | 0.3 0.54

3 Probability distributions over Classic OT grammars

Why is the possible set possible?

parameter

If determiner-
head, object drop
more probable;
if head-
determine, no
object drop more
probable.

\_/’//

= Because it can be derived by attaching one probability to each binary

= le., what speakers really represent is a probability distribution over each
parameter, which gives rise epiphenomenally to the overall probability

distribution:
settings of order parameter | probability
determiner-head order | 0.4
head-determiner order | 0.6
settings of object-drop parameter | probability | example (Haegeman 1987)
object drop | 0.1 Beat till elastic
no object drop | 0.9 Beat the mixture till elastic

Related proposal in Adger & Smith 2010: the grammar itself doesn’t vary, but
important lexical entries can:

lexical entry of T[past] | probability
T[tense:past, unum:, upers:] | 0.33
T2[tense:past, ucase:nom, upers:] | 0.67

= 33% we were, 67% we was (Buckie dialect of British English)

¢ In the general case, they might look like this:

ranking | probability | example output
MAX-C >> *0 >> IDENT(continuant) | 0.10 tin
MAX-C >> IDENT(continuant) >> *6 | 0.50 O
*0 >> MAX-C >> IDENT(continuant) | 0.05 tin
*@ >> IDENT(continuant)>> MAX-C | 0.20 n
IDENT(continuant) >> MAX-C >> *0 | 0.05 Omn
IDENT(continuant) >> *0 >> MAX-C | 0 n

But I haven’t seen any proposal along those lines
One possible challenge : does the child have to learn n!-1 probabilities, if n

constraints ?

Instead, the probability distributions are constrained
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Putting restrictions on probability distributions—let’s brainstorm

e Maybe instead the speaker learns a number for each constraint, and derives the
probability distribution from that
Or the speaker learns a number for each pair of constraints

or...

S Back to variable constraint ranking

e Recall that for Labov’s New York City (th) case, we could say this:

Jagged line: constraint
ranking varies.

/01k/ *0 IDENM
= aq [0k] &
= b [uk] .

e More of the ranking:

Dotted line: ranking
is unknown.

/01k/ Max-C IDENT(WMENT(COH'[) *DENTAL
= a [0k] e # #
& h [Ilk] * *
c [1k] *|
d [sik] *|

e This is like saying:
=  MaAX-C >> IDENT(place) >> *§ >> IDENT(continuant) >> *DENTAL: something >0 %

and/or IDENT(place) >> MAX-C >> *0 >> IDENT(cont) >> *DENTAL: something >0 %

=  MAX-C >> IDENT(place) >> IDENT(continuant) >> *6 >> *DENTAL: something >0 %
= and/or IDENT(place) >>MAX-C >> IDENT(cont) >> *6 >> *DENTAL: something >0 %
= all other rankings : 0%

6 Anttila’s proposal

stratum 1:

stratum 2:

stratum 3:

stratum 4 :

MaAXx-C

\

IDENT(place)

T T

IDENT(continuant)

\/

*0

*DENTAL

A speaker’s grammar is a ranking of constraints into strata:

can’t know

for convenience, I’1l assume that
MAaXx-C >> IDENT(place), although we

e If a stratum has more than one constraint in it, every time the speaker makes a tableau
she/he must arrange those constraints into a linear order

= each order of constraints within a stratum is equally probable

¢ In our example, this means we have the following probability distribution over rankings:

= 50% : MAX-C >> IDENT(place) >> *0 >> IDENT(continuant) >> *DENTAL

= 50% : MAX-C >> IDENT(place) >> IDENT(continuant) >> *0 >> *DENTAL
= (0% : all other rankings
o Let’s discuss the restrictions that this theory places on probability distributions: what are
some things that can’t happen?
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7  Finnish example

e Anttila proposes the following constraint ranking for Finnish genitives:

SEL L SR 2 5e 3 S 4| Bed S
XX | H/ L I H/A
H | 0l A

(Anttila 1997, p. 21)

e The predicted outcomes depend on the set of constraints
= This is true in any type of model
= But it’s even more true here because the theory puts such strong restrictions on the
probability distribution over rankings
= [In particular, you can never get, e.g., a 90%-10% distribution with just 2 constraints.

A THEORY THAT’S A BIT LESS RESTRICTIVE: STOCHASTIC OT

8 The basic idea

e Assign each constraint to a range on the number line.
= Early version of the idea from Hayes & MacEachern 1998. Each constraint is
associated with a range, and those ranges also have fringes, indicated by “?” or “??”

(59) Stricter < » TLaxer

PARALLELISM
]

STANZA CORRESPONDENCE —

FILL STRONG POSITIONS | |

PARTIAL LONG-LAST COHES. N

TOTAL LONG-LAST COHES. | ]

PREFER LONG-LAST | |
COUPLETS ARE SALIENT | |

MATCH STRESS [T ] |
AVOID LAPSE [ |

QUATRAINS ARE SALIENT | |

LINES ARE SALIENT | |

(Hayes & MacEachern 1998, p. 43)

e Each time you want to generate an output, choose one point from each constraint’s range,
then use a total ranking according to those points.

o Discuss this claim: This approach defines (though without precise quantification) a
probability distribution over constraint rankings.
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9 Stochastic OT (Boersma 1997; Boersma & Hayes 2001)

This was the first theory to quantify ranking preference.
“stochastic” just means “probabilistic”, so various theories could be described as
“stochastic OT”. With a capital S, though, I mean specifically this theory

¢ In the grammar, each constraint has a “ranking value”:
*0 101
IDENT(cont) 99
e Every time a person speaks, they add a little noise to each of these numbers, then rank the
constraints according to these numbers.

= Go to demo [03_StochOT_Materials.xIs]

o Discuss claim: once again, this defines a probability distribution over constraint rankings

o Discuss claim: an Anttilan grammar is a special case of a Stochastic OT grammar

o Researchers who use this model often acknowledge stylistic conditioning, but idealize
away from it. Ideas on how we could modify the model to add in the effect of style?

10 The Gradual Learning Algorithm (Boersma 1997; Boersma & Hayes 2001)

e This was a groundbreaking aspect of the proposal: it came with a procedure for learning
the values.
= Important theoretically: if this is a theory of what a person’s grammar looks like, we
need some theory of how the grammar gets that way, during childhood and beyond
= Important practically: it meant you could apply these models to your own data

Procedure:
1. Suppose you’re a child. You start out with both constraints’ ranking values at 100.

2. You hear an adult say something—suppose /01k/ — [tik]
3. You use your current ranking values to produce an output. Suppose it’s /01k/ — [01k].
4. Your grammar produced the wrong result! (If the result was right, repeat from Step 2)
5. Constraints that [tik] violates are ranked too low; constraints that [01k] violates are too
high.
6. So, promote and demote them, by some fixed amount (say 0.33 points)
/01k/ *0 IDENT(cont)
the adult said this [01k] * <
demote to 99.67 -
our grammar produced this [tik < ¥
youre P [tk] < promote to 100.33

7. Repeat.

= Go to demo (same Excel file, different worksheet)

o Suppose, as in our demo, that adults produce [tik] 90% of the time. Will your grammar
ever stop making errors?

o What’s the effect of the column (in Excel file) labeled ‘plasticity’?

o What if the adults actually don’t vary, and the outcome is always [01k]. What will happen
to the ranking values? (After discussing, let’s try it in the spreadsheet.)

o In that case, will your grammar ever stop making errors?
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11 Software

® See this week’s software exercise (on web page)

e OTSoft (Hayes & al. 2003, available from Bruce’s web page)
= user-friendly
=  Windows only
= allows you to run GLA on a dataset, or test the behavior of a StOT grammar
(including an Anttilan one)

e Praat (Boersma & Weenink 2006, available from www.praat.org)
= harder to learn
= platform-general

SOME STOCHASTIC OT/GLA CASE STUDIES

12 Albright & Hayes 2006: “Junk” constraints

e Albright & Hayes 2006 is one of a series of papers developing a model for learning
constraints from morphological mappings.

Navajo sibilant harmony:

(3) a. [ba:?] [si-ba:?]
b. [¢’id] [si-¢’11]
¢Poyin]  [8i-¢Poyin]
gan | [si-gan]
k’az| [si-k’az]
késga]  [si-késgar], [si-késgar]
[si-si:?]
[3i-tas), [si-tas]
[si-ti]
é:7] [si-tié:z], [si-tié:z]
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(Albright & Hayes 2006, p. 3)

e The Albright/Hayes learner (which we won’t get into) learns some sensible constraints
like these:

=  USESI /__[-anterior] local harmony: should be high-ranked
= USESI /__X][-anterior] distal harmony: should be mid-ranked
= USESI default is [+ant] should be lower-ranked

® but also some “junk” constraints like these:
= USESI/__([-round])* [+ant, +cont] ([-cons])* # happens to be true in training data
but probably not high-ranked in real
grammar

==> Demo: let’s see what happens if we apply GLA to a schematic case like this
[03_Navajo_for_GLA_revised.xls]
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Albright & Hayes’s solution:
= constraints’ initial ranking values reflect their generality
generality of USE SI/__[-anterior] = (# of __[-anterior] words) / (# of words that use 1) = 19/56 = 0.34
= generality of junk constraint = 37/181 = 0.20
= These numbers are then scaled so that they range from 0 to 500 (see paper for details):

(20)
USE [5i-] /X [—ant]

Usg [si-]/ X

USE [8i-] / _ [-ant]

“Junk” constraint (15)

Why does it work?

Initial Ranking

» 500, 500 4

Generality
L1

9

3

&

5

A
3395
20442

1

1o
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Final Ranking
350§
- ——2 99
I
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- f 450
3 400 ."lll -
!
| 350
.,l'l 100’000
30;.5 training )
1 240 cycles 209
a Hayes & Albright
150 1501 2006 p. 11
100 o
i a ____________________ 50
T 19.2
D 0

= USE SIranks high enough from the beginning to avoid errors like /si+tala/ — [Sitala]
= So, the junk constraint never gets promoted
Albright and Hayes would probably both favor a MaxEnt approach now

=  But this is a nice demonstration of how to introduce bias into a learner

= Purpose in this case: prevent “overfitting” to arbitrary details of learning data
= In this case, the desired bias is not to put too much trust into constraints that cover

only few cases

13 Boersma & Levelt 2000: predicting acquisition order

The G in GLA stands for “gradual”

= The algorithm doesn’t just return its final grammar
= Instead, it gradually updates the initial grammar

= Atevery step, it’s possible to “pause” the grammar and ask what its current output is
= This provides a concrete analogy to child language acquisition

Levelt had previously done work on the order in which different syllable types are
produced by children.
= Data for 12 children acquiring Dutch:

CVCC - VCC —» CCV—» CCVC

27

V= CVC—=V—=VC

Figure 1. Acquisition erder for syllable types in Dutch

N

CCVCC

CCV— CCVC - CVCC—VCC

(Boersma & Levelt, p.1)
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e Boersma & Levelt fed the GLA the frequencies of the faithful syllables in Dutch
= They also, importantly, set markedness constraints’ initial ranking value to 100, and

faithfulness constraints’ to 50

= This means that initially, all outputs will be [CV], regardless of input
= QGradually, FAITH climbs, markedness constraints fall, and other syllable shapes get

produced

Boersma & Levelt’s resulting ranking values over time

1004 _*COMPLEXONsET
~.__COMPLEX G ——
O-’»‘.s-é:‘f“_‘a._ _—

u T

= 80 ~ ONSET

Es ' *CODA

2 | &

] 5

& AiH <§‘?'

0 400 800 1200 1600 2000 2400

Time (# mput data)
Figure 2. Constraint rankings as functions of time.

2800

(Boersma & Levelt p. 5)

Here are the rates of correct (faithful) production for each syllable type over time

100 —
g g0 a / __———|cvCC
z / _~_—{CCVC
3 -' / — _—_—"|CCvCC
Y 6 | T - -
E\n C-Ii'-'rc IIl ';.'Irclll; / _ -_,.-'//_
£ 40
= | /

5 20 o/ //
L {} III -//I -I _’/rf:-f T T T
0 400 800 1200 1600 2000 2400 2800

Time (# mput data)

Figure 3. Five leamning curves for our simulated leamer.

(Boersma & Levelt p. 7)

e Jarosz 2010 shows how the frequencies of the different syllable types in the language

matter

= if a syllable type is rare, then errors on it are always rare
= _..even if the accuracy of the current grammar on these syllable types is low
= A markedness constraint’s demotion rate depends on how many word tokens violate it

e Jarosz’s results (following the Boersma & Levelt procedure) for Dutch, English, and

Polish

= Same constraints, faithful candidate is always the winner—but the input frequencies

differ.

(results on next page)
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TARLE 1. Relative frequencies of svllable tvpes in Dutch

CV CVC CVCC ¥ VC VOO CCv CCvC COVOC
44 8% 32 1% 3" 3% 39% 1z-a% o 4% 4% zo% o3 %
100 r e
-
’
&l 4
L
I { / cve
& } _————
I " / B e WA
AD 1 oCw
— VO
= m s e -mwmrE 2538 5585 B %
Iterations in hundreds
TARLE 5. Relative frequencies of svllable tvpes in English
Cv CVC CVCC v VC VO CCw CCvVCE CCVOC
24°4%  gogth 1o 1t 477 % 130% 5% o gt 2-2% o6%
100

]
il .
,

40

moow = O — Mmoo - - - " o -

lterations in hundreds

TARLE 6. Relative frequencies of syllable tvpes in Polish

CV CVC CVCC v Ve VCC CCV CCVC CCVCC

503 % 209 % 33% 85t 35 % ot g6 40% o-6%

= 2 8 b = oo @mou B OA = B 4

Iterations in hundreds

Jarosz p. 573

Dutch, Jarosz p. 594

Jarosz p. 598

Jarosz p. 600
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14 Escudero & Boersma 2001: learning to weight perceptual cues

e English /i/ (“peach”) and /1/ (“pitch”) are differentiated by two main cues

= F1 (= tongue/jaw lowering) and duration

e Different dialects use the cues differently in production:

“Elspeth”: a Scottish English speaker
“Liz”: a Southern British English speaker

Escudero & Boersma slide 6

280 _
/1/
3201 Wz
QQ ()
~ 3 [
N
=
=~ 400 §
&
440/
480\ T m T T
60 72 4 9 108 120

Duration (ms)

= So the boundary between the two categories in this 2-dimensional space is something
that must be learned

e Boersma has been a proponent of using OT tableaux for perception. Example:

[350 Hz, 80 ms]

350 Hz # /v/

350 Hz # /i/

80 ms #/1/

80 ms # /i/

perceive as /i/

%

*

perceive as /1/

*

*

This is too low to be [1] in Southern dialect, too short (and high) to be [i] in Scottish dialect

15

==> Let’s step through Escudero & Boersma’s results graphs on screen

= training data for each dialect: typical realizations of [i] and [1]

= [Iflearner’s current grammar miscategorizes this item, ranking values are adjusted

= At the end, one can test how often each Hz-msec combination is categorized as each
vowel

Coming up

Computational problems with GLA were probably a big factor in pushing phonologists

towards other models
Noisy Harmonic Grammar and MaxEnt OT: abandon strict constraint ranking for other

ways of resolving constraint conflicts (weighting)

10
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