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Yang (2000) Summary

ACQUISITION:
A anguage acquisition = Grammar competition between a population of N

grammars g, dr awn from the ohypothesis s

Aerobability distribution over those grammarg@), B(G), P(Gy) ---

Aat first: p(G,) = 100% / N

Arhen: if Grammaranalyses a sentences successfully, then:
Pi=p+r(lzp)
p; = (1-r)p; i j

If Grammay does not analyse a sentences successfully, then:

pi=(12r)p;
P, =9/ N-1+(1-r)p i

AChildren can acquire multiple grammars with different probabilities

(grammar competition)
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penalty probability ¢ = the probability of a Grammar to encounter a
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= the weight of a grammar p (q) times alpha(beta)
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calcul ation of grammar wei ghts péo

Introduction Variation as Probability | Context-Dependency | Conclusion




Yang (2000) Summary

Introduction

Variation as Probability

Context-Dependency

Conclusion




Yang (2000) Summary

p=0.3 qg=0.7

Introduction

Variation as Probability

Context-Dependency

Conclusion




Yang (2000) Summary

p=0.3 g=0.7
U=10% b=5%

Introduction

Variation as Probability

Context-Dependency

Conclusion




Yang (2000) Summary

p=0.3 g=0.7
U=10% b=5%

weight

Introduction

Variation as Probability

Context-Dependency

Conclusion




Yang (2000) Summary

p=0.3 g=0.7
U=10% b=5%

weight

Introduction

Variation as Probability

Context-Dependency

Conclusion




Yang (2000) Summary

p=0.3 g=0.7
U=10% b=5%

Or Ot

Up/
bey /

U‘_g(

O O
_E<U‘

weight

Introduction

Variation as Probability

Context-Dependency

Conclusion




Yang (2000) Summary

p=0.3 g=0.7
U=10% b=5%

p 6Us/ Up + bg = 0.3x0.1/0.3x0.1+0.7x0.05
q 6bg / bg + Up = 0.7x0.05/0.7x0.05+0.3x0.1

weight

Context-Dependency | Conclusion

Introduction Variation as Probability




Yang (2000) Summary

p=0.3 g=0.7
U=10% b=5%

po6=0gd60. 514

6Up / Upb + bg = 0.3x0.1/0.3x0.1+0.7x0.05
6bg / bg + Up = 0.7x0.05/0.7x0.05+0.3x0.1

N \
0.5 /
0.25

Introduction

Variation as Probability

Context-Dependency

Conclusion




Yang (2000) Summary

p=0.3 g=0.7
U=10% b=5%

/ Up + bg = 0.3x0.1/0.3x0.1+0.7x0.05

6Up
6bg / bg + Up = 0.7x0.05/0.7x0.05+0.3x0.1

P
q
p0=0gada60. 54

N \
0.5 /
0.25

Context-Dependency | Conclusion

Introduction Variation as Probability




Yang (2000) Summary

p=0.3 g=0.7
U=10% b=5%

p 6Us/ Up + bg = 0.3x0.1/0.3x0.1+0.7x0.05

q 6bg / bg + Up = 0.7x0.05/0.7x0.05+0.3x0.1

p0=0gada60. 54

POWEUD bgd = 0.46x0.1/0.46x0.1+0. 54x
qoOfigdbg b W& = 0.54x0.05/0.54x0.05+0. 41

weight
1 4

0.75 7

0.5 4

0.25 7

AN
v

" "
piq piq’ P lq” p"iq time

Introduction Variation as Probability | Context-Dependency | Conclusion




Yang (2000) Summary

p=0.3 g=0.7
U=10% b=5%

p 6Us/ Up + bg = 0.3x0.1/0.3x0.1+0.7x0.05

q 6bg / bg + Up = 0.7x0.05/0.7x0.05+0.3x0.1

p0=0gada60. 54

POWEUD bgd = 0.46x0.1/0.46x0.1+0. 54x
qoOfigdbg b W& = 0.54x0.05/0.54x0.05+0. 41

weight
1+

P66=05630. 37

0.75 7

0.5 A

0.25 7

" " "
plq Pl pig” Pl time

Introduction Variation as Probability | Context-Dependency | Conclusion




Yang (2000) Summary

p=0.3 g=0.7
U=10% b=5%

p 6Us/ Up + bg = 0.3x0.1/0.3x0.1+0.7x0.05

q 6bg / bg + Up = 0.7x0.05/0.7x0.05+0.3x0.1

p0=0gada60. 54

POWEUD bgd = 0.46x0.1/0.46x0.1+0. 54x
qofigdbg HUPpd = O0.54x0.05/0.54x0. 05+0. 41
p66=6630. 37

0.75 7

0.5 A

0.25 7

" " "
plq Pl pig” Pl time

Introduction Variation as Probability | Context-Dependency | Conclusion




Yang (2000) Summary

0.3 @=0.7

p= 0.
U=10% b=5%

P
g

O T O

O T O

6Up / Upb + bg = 0.3x0.1/0.3x0.1+0.7x0.05

6bg / bg + Up = 0.7x0.05/0.7x0.05+0.3x0.1

6=00d860. 54

GW&EUb bgd = 0.46x0.1/0.46x0.1+0. 54x
Ofigdbg 6Upd = 0.54x0.05/0.54x0.05+0. 4
66=006630. 37

6 Qo &@d 6g+0 6= 0. 63 x0. 1/ C X
6 6o®mHIPHG+d = 0. 37x0. 05/ o 6 3

0.25 7

" " "
plq Pl pig” Pl time

Introduction Variation as Probability | Context-Dependency | Conclusion




Yang (2000) Summary

0.3 @=0.7

p= 0.
U=10% b=5%

P
g

O T O

O T O

6Up / Upb + bg = 0.3x0.1/0.3x0.1+0.7x0.05

6bg / bg + Up = 0.7x0.05/0.7x0.05+0.3x0.1

6=00d860. 54

GW&EUb bgd = 0.46x0.1/0.46x0.1+0. 54x
Ofigdbg 6Upd = 0.54x0.05/0.54x0.05+0. 4
66=006630. 37 |

6 8po@d 6+ 6= 0. 63x0. 1/ C X
6 6abdepdp5+do = 0. 37x0. 05/ . 6 3
666g003Z0. 23

Pl plq plq” priq” time

Introduction Variation as Probability | Context-Dependency | Conclusion




Yang (2000) Summary

0.3 @=0.7

p= 0.
U=10% b=5%

P
g

O T O

O T O

6Up / Upb + bg = 0.3x0.1/0.3x0.1+0.7x0.05

6bg / bg + Up = 0.7x0.05/0.7x0.05+0.3x0.1

6=00d860. 54

GW&EUb bgd = 0.46x0.1/0.46x0.1+0. 54x
Ofigdbg 6Upd = 0.54x0.05/0.54x0.05+0. 4
66=006630. 37 |

6 8po@d 6+ 6= 0. 63x0. 1/ C X
6 6abdepdp5+do = 0. 37x0. 05/ . 6 3
666g003F0. 23

Pl plq plq” priq” time

Introduction Variation as Probability | Context-Dependency | Conclusion




Yang (2000) Summary

p=0.3 g=0.7
U=10% b=5%

p 6Us/ Up + bg = 0.3x0.1/0.3x0.1+0.7x0.05

q 6bg / bg + Up = 0.7x0.05/0.7x0.05+0.3x0.1
p0=0gada60. 54

PpOWEUD bgd = 0.46x0.1/0.46x0.
qofigdbg HUpd = 0. 54x0. 05/ 0.54x0.
p66=Q6630. 37 |

PO GBI BHOd= 0. 63x0. 1/ C"

q 6 B60dEpdpHo+d = 0. 37x0. 05/ .|

1+0. 54x
05+0. 41
X |
6 3

Y yields familiar Shaped curves observed in =~ * "

language change (Kroch 1989)

Introduction Variation as Probability | Context-Dependency

Conclusion




Yang (2000) Summary

CHANGE:

Introduction

Variation as Probability

Context-Dependency

Conclusion




Yang (2000) Summary

CHANGE:

The fundamental theorem of language change
G, overtakes G if b>U

(Yang 2000: 239)
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Change in headedness of Fihtzuk1999

conservativdihal structure: innovativeihitial structure:
IP IP
T~ T~
Spec /I{ Z 3 Spec /I{
VP 1° 1° VP
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Two Grammars in competition, Gand G
Conservative G headfinal IP, verb (projection) raising, XRtraposition

Innovative G: headinitial IP
Conservative G1: 1 6 Y VAP I

| P Y | P VP

P Y I P DP| PP| AP.
Innovative G2: | 6 AYP |
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particles
pronouns
negative objects
negative adverbs
stranded preps.

(5) butanhi sungonponelofsangord on
but they sang the praisgong forth on
Obut that they continued to
(coaelive £LS_ $Hwithun:230.4371)

S
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(6) for dande hit nestod na ar purh hit sylf
for'that that it not stood notat-all earlier by itself
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(cocathoml, £/CHom I, 10:262.123.1914)
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Results:

early
Waulfstan
late
Aelfric

100%
90%
80%
70%
60%
50%
40%
30%
20%
10%

0%
early

g
1.12%
0.93%
1.89%
2.13%

Waulfstan

G1zG2
74.53%
74.88%
80.13%
82.45%

V%)
24.35%

24.18%
17.98%
15.43%

late

Aelfric

= 3q
)z

mip
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The fundamental theorem of language change
G, overtakes G if b>U
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ACalculationof maximumweights of the two grammarsfrom observed
penaltyprobabilites

early OEDg=1.12%

Up=24.35%
q<4% p>96%
ba 0. 3 U 8.25

0.04 x 0.3=0.012 0.96 x 0.25 =0.24

b>U
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ACalculationof maximumweights of the two grammarsfrom observed
penaltyprobabilites

early OEDQ=1.12% Up=24.35%
q<4% P>96%
ba 0. 3 U 8.25
0.04 x 0.3=0.012 0.96 x 0.25 =0.24
b>U

Alfric  bg=2.13% U=15.43%
0<12% p>88%
ba0. 177 U&.175
0.12 x 0.177=0.021 0.88 x 0.175 =0.154
b>U
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ACalculationof maximumweights of the two grammarsfrom observed
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50%
40%
30%
20%
10%

0%

-q

/

early Wulfstan late

Aelfric
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Example: headedness|of IP

AUnderY a nthedry, the rate of l-initial subordinateclausess very low.
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Example: headedness of |IP

AUnderY a n thedrs, the rate of I-initial subordinateclausess very low.
Aare there unambigouslisintial clausesot identifiedyet?
Aare we in factobservinghe earlystagef a changen this context?
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Example: headedness of |IP

AUnderY a n thedrs, the rate of I-initial subordinateclausess very low.
Aare there unambigouslisintial clausesot identifiedyet?
Aare we in factobservinghe earlystagef a changen this context?

AY a n thedry allowsfor empiricaltestingand makesmathematicallyigid

predictionsfor grammarof future generations
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Example: headedness of |IP

AUnderY a n thedrs, the rate of I-initial subordinateclausess very low.
Aare there unambigouslisintial clausesot identifiedyet?
Aare we in factobservinghe earlystagef a changen this context?

AY a n thedry allowsfor empiricaltestingand makesmathematicallyigid

predictionsfor grammarof future generations

AMayshedsomelight on the emergenceof new syntacticrules

Introduction

Variation as Probability

Context-Dependency

Conclusion
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Proposed-Maodifications

Aonceptof 0 t a g g @ mmanbedgnoredfor languagehange
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Proposed-Maodifications

Aonceptof 0 t a g g @ mmanbedgnoredfor languagehange
Avangviewsalphaandbetaasconstants
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Proposed-Maodifications

Aonceptof 0 t a g g @ mmanbedgnoredfor languagehange
Avangviewsalphaandbetaasconstants
Aidiosyncratideaturesof someauthors
Alimited corpussize
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Proposed-Maodifications

Aonceptof 0 t a g g @ mmanbedgnoredfor languagehange
Avangviewsalphaandbetaasconstants

Aidiosyncratideaturesof someauthors
Alimited corpussize
At is not differentgrammarghat are in competition but individualrules of
the samegrammar
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Proposed-Maodifications

From Grammars in competition to rules in competition:
Instead of G1 and G2:

Conservative G1:1 6
| P Y | P VP
| P Y | P

Innovative G2: | 6 AYP |

DP| PP| AP.
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Proposed-Maodifications

From Grammars in competition to rules in competition:
Set of grammatical rules in competiti®T

Old English G: Rc=
I
I

{

aviR VIR

I
Y I P
Y I P

o YAVP AWPW Y |

VP

DP| PP| AP.
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Proposed-Maodifications

From Grammars in competition to rules in competition:

Advantages:
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Proposed-Maodifications

From Grammars in competition to rules in competition:

Advantages:
ANangds mechanism of change can be
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Proposed-Maodifications

From Grammars in competition to rules in competition:

Advantages:

Aangds

mechanism of change

can be

weight: probability that speaker uses rule to analyze a sentence

or
speaker 6s |
grammar

evel of confili dence
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Proposed-Maodifications

From Grammars in competition to rules in competition:

Advantages:
ANangds mechanism of change can be
ASimplicity
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Proposed-Maodifications

From Grammars in competition to rules in competition:

Advantages:

Aran

gb6bs mechani sm

ASimplicity
Yangos 4degraamapsiweich are
defined by 2 binary parameterg;h-Movement

and generalized V2
(1) [+wh] [+V2]
(2) [-wh] [+V2]
(3) [+vh] [-V2]
(4) [-wh] [-V2Z]

of change

alternative: 4 grammar rules in pairs of two in

competition
Rc1={+wh, -wh}
Rc2={+V2;V2}

C

an be
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Proposed-Maodifications

From Grammars in competition to rules in competition:

Advantages:

Aran

gb6bs mechani sm

ASimplicity
Yang : &rammars which are defined by 3 binary

parameters,wh-Movement, generalized V2, and a third

parameter X

of change

(1) [+wh] [+V2] [+X] (5)  [+wh] [+V2][-X]

(2) [-wh] [+V2] [+X]
(3) [+vh] [-V2] [+X]
(4) [-wh] [-V2] [+X]

(6) [-wh][+V2] [-X]
(7)  [+vhl[-V2][-X]
(8) [-wh][-V2][-X]

alternative: 6 grammar rules in pairs of two in

competition
Rc1={+wh, -wh}
Rc2={+V2;V2}
Rc3={+X,-X}

C

an be
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Proposed-Maodifications

From Grammars in competition to rules in competition:

Advantages:
ANangds mechanism of change can be

ASimplicity

Yang numberof grammars= 2 numberof binaryparameters
Alternative: numberof rules=1 values opparameters
(canalsohandlenon-binaryparameter$

e.g 5 binaryparameters
Yang: 2= 32 grammars
Alternative: 2+2+2+2+2 = 10@ules

Introduction Variation as Probability | Context-Dependency | Conclusion




Proposed-Maodifications

From Grammars in competition to rules in competition:

Advantages:
ANangds mechanism of change can be
ASimplicity
Avodelling interaction
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Proposed-Maodifications

From Grammars in competition to rules in competition:

Advantages:
ANangds mechani sm

ASimplicity
Avodelling

interaction

ACapturing context dependency

of change

C

an be
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ConditionalFunctional Description:
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ConditionalFunctional Description:

Format of Phrase Structure Rules in LFG:
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Format of Phrase Structure Rules in LFG:
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ConditionalFunctional Description:

Format of Phrase Structure Rules in LFG:

X

J

<
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ConditionalFunctional Description:

Format of Phrase Structure Rules in LFG:

any number of daughter

left-hand side:
nodes

mothernode

Introduction Variationas Probability Context -Dependency | Conclusion




Conditional ‘Functional Constraints

Format of Phrase Structure Rules in LFG:

X Y r ]
Y GF)=Z y=Z
(V Feaj=+
(Z Feaj=abc

list of functional constraints, daughter nodes
and in the lexicon, Oy © i) more,

introduce information on mothery) or
daughter nodeZ)
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Conditional ‘Functional Constraints

Examples:

P % DP | &
(§ SUBJZ =7
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Conditional ‘Functional Constraints

Examples:

CP Y AdvP Co
(JADJUNCT)'Z § 87
(ZTYPE)z op
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Conditional ‘Functional Constraints

Examples:

P Y P DP
y 9z (JOBJIP Z
(§ OBJ (PHON.WEIGHT))zheavy
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Conditional ‘Functional Constraints
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Conditional ‘Functional Constraints

Functi onal constrains have
whatever fstructure elements are identified by an equation
are made to exist in the-$tructure model. The equations of
the functional description define the model and so are

calleddefining [functional ] constraints . 6
(Bresnan 2001: 60)

oa O

I
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Conditional ‘Functional Constraints

context 1: context 2:

weight weight

1 ] p 1 1 o]

0.75 1 0.75

0.5 - 0.5 -

0.25 0.25 1

— " - q » 0 - - - q )
plq pla’ plq" prlq™ time plq pla’ plq” priq” time
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Conditional ‘Functional Constraints

Defining functional constraint:
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Conditional ‘Functional Constraints

Defining functional constraint:

X Y r p=1.0
(Za)=v
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Conditional ‘Functional Constraints

Defining functional constraint:

X Y r p=1.0
(Za)=v

OWhenever HwritenXeasrd aldornakaswethat (r a) = v. If Ire-
write X asr,but  a )  ljudgethe ekpression asngrammatical

ol dm 100% certain that this rule,
my grammar 0
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Conditional ‘Functional Constraints

Defining functional constraint:

X Y r p=1.0
(Za)=v

OWhenever HwritenXeasrd aldornakaswethat (r a) = v. If Ire-
write X asr,but  a )  ljudgethe ekpression asngrammatical

ol dm 100% certain that this rule,
my grammar 0

A functional constrain{f a) = vholdsiff f is a function from attributes to
values, a is an attribute symbol, and the paiys is an element of.
(Bresnan 2001: 49, 64)
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Conditional ‘Functional Constraints

Defining functional constraint:

X Y r p=1.0
(Za)=v

Conditionalfunctionalconstraint(for rulesin competition):
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Conditional ‘Functional Constraints

Defining functional constraint:

X

¥

i
(Za)=v

p=1.0

Conditionalfunctionalconstraint(for rulesin competition):

—

—_

X Y r p=X (x<1.0)
¢ 8)Z
if: Z a)=v, p=p+n,
Rc= 7 B

Y Y ] p=1-X

9.9
i i: 2 a)=v, p=pp; |
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Conditional ‘Functional Constraints

Defining functional constraint:

X Y r p=1.0
(Za)=v

Conditionalfunctionalconstraint(for rulesin competition):

— —_

X Y r p=X (x<1.0)
(v 8)Z
if: Z a)=v, p=p+p,
Rc= T -
Y Y ] p=1-X
(9 8)Z
i f: ¢ a)=v P=p-P_
oln x% of al | Rclaswie X ash. daweverl revaie Xs s
asr p% more/less frequently (f a) = v
ol dm X% certain that this rule 1is
v=a | s ppesente,/ llem certain that

Introduction Variationas Probability Context -Dependency | Conclusion




Conditional ‘Functional Constraints

context 1: context 2:
If: (Za)=v TRUE if: Za)=v FALSE

weight weight
1] P 1 P
0.75 7 0.75 7
0.5 - 0.5
0.25 1 0.25 1
— " - q » 0 - - - q )
plq pla’ p"lq” p™iq™ time plq plq’ p"lq” p"lq™ time
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Conditional ‘Functional Constraints

Conditionalfunctionalconstraint(for rulesin competition):

—

—_

X Y r pP=X (x<1.0)
(§ 8)Z
if: Z a)=v, p=p+n,
Rc = —
Y Y ] p=1-X
(9 9)2
] if: Z a)=v, p=p-p,
Introduction Variationas Probability Context -Dependency | Conclusion
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Example’\W. C / NegV1

Toy Grammar of the left periphery of Old English, G1:

CPY owh-el ement &b

CPYOoperator

Cad v e r Hedgba ponneny

CPYOtopicé Co (Topic= {DP,ARAdVP,PR/P....} )
(forV1 declaratives, yes/no questions)

CPY

Cw C°
cC&

IP

IPY Opronominall 3subjecto

1Y I°
| 6

VPY ...

C°Y VHEAD
I°Y VHEAD

VP

(to model head adjunction of negation, particles)

VHEADY (NEG)VFIN
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Example:\VW: C / NegV1

Toy Grammar of the left periphery of Old English, G1:

CPY owh-el ement &b

CPYOoperator

Cad v e r Hedgba ponneny

CPYOtopicé Co (Topic= {DP,ARAdVP,PR/P....} )

CPY (forV1 declaratives, yes/no questions)
C¥ cC° IP

Cw

IPY Opronominall 3subjecto

1Y I°
| 6

VPY ...

C°Y VHEAD
I°Y VHEAD

Vv

VHEADY (NEG)VFIN

two rules in competition

(to model head adjunction of negation, particles)
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Conclusion




Example:\W. C / NegV1

Conditionalfunctionalconstraint(for rulesin competition):

—

—_

Ce Y  VHEAD p= X (x<1.0)
\=)”4
Rc = —
1° Y VHEAD p=1-x
(y ©)2
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Example:\W. C / NegV1

Conditionalfunctionalconstraint(for rulesin competition):

—

Ce° Y VHEAD
(y 9)2
Rc =
|° Y VHEAD
(y 9)2

—_

p= X (x<1.0)

p=1-x

Estimation of the weight of the two rules (p, g, whareg=1):
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Example:\W. C / NegV1

Conditionalfunctionalconstraint(for rulesin competition):

—

—_

Ce Y  VHEAD p= X (x<1.0)
¥ 8)Z

I° Y  VHEAD p=1-x
¥ 8)Z

Estimation of the weight of the two rules (p, g, whareg=1):

Afind spro  vs. sprodVfin

Ano initial constituent irSpec,CRadverbwh-item, topic)
Apreceding subordinate clauses, vocatives, interjections etc.)
Aonly main clauses, not conjoined main clauses

Ano negation

Introduction

Variationas Probability Context -Dependency | Conclusion




Example:\W. C / NegV1

(7)

(8)

CP CP
| |
IP C° P
T |
DP | & VHEAD DP | ©
A\ T | A\ |
bu |° VP VFIN heo VP
| | | |
VHEAD DP Frugnon DP
| AN
VFIN pa heofonan hine
|
sceawast
(coaelhom,/EHom_1:280.145) (cobede,Bede 2:2.100.21.942)
OYou | ook at the he@avVkeaeysdasked hi mo
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Example:\W. C / NegV1

Conditionalfunctionalconstraint(for rulesin competition):

~ C° Y VHEAD p=X 1 (x<1.0)
Y 9)2
Rc= — -
|° Y VHEAD g=1-p
(Y 9)2

Introduction Variationas Probability Context -Dependency | Conclusion




Example:\W. C / NegV1

Conditionalfunctionalconstraint(for rulesin competition):

—

Ce Y  VHEAD p=x T (x<1.0)
§ o)z
Rc=  — B
I° Y  VHEAD q=1-p
§ o)z
1 —
P q=1p 0.9 —_

Bede 0.74603175 0.25396825 g el
early OE  0.1507155¢€ 0.84928444 0.7 /
late OE  0.0821281 0.9178719 oo |\ /
Aelfric 0.0510672€ 0.94893272 . V
M1 0.0567164z0.9432835¢ A\ —p
M2 0.036846620.9631533¢ |/ \ —q
M3 0.0301857€0.96981424 | [\
M4 0.0098800 0.99011997 -2 _

0.1 ~——

0 . . . . . . —

Bede early late OE Aelfric M1 M2 M3 M4
OE
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Conditional ‘Functional Constraints

Conditionalfunctionalconstraint(for rulesin competition):

Y r p=X (x<1.0)
(y ©)Z
It: (Za)=v, P=p +pP.
Rc =
Y ] p=1-X
¥ 8)Z
if: Z a)=v, p=p-p,
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Conditional ‘Functional Constraints

Conditionalfunctionalconstraint(for rulesin competition):
probabilitesfor ZAlfric texts:

—

C° Y VHEAD p=0.051 (p<1.0)
(9 8)Z
if: INEG)=+ p=0.051+p,
Rc = -
|° Y VHEAD g=0.948
(9 8)Z
if: INEG)=+ g=0.948-p,
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Example:\W. C / NegV1

(9) (10)
CP CP
| |
P C° P
/\ |
DP VHEAD | O
A\ /\ T A |
Hi NEG VFIN pu VP
| | | | |
VHEAD DP Ne geherst DP
/\ (9NEG):+
NEG VFIN nangescead paswordframme
| |
n -abbad
(YNEG)=+

(cocathoml, ACHom |, 21:349.126.421Qqkoalcuin,Alc[Warn_35]:435.331)
0OThey dondt have andYodui fdfoenrdetn cheebar t
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Example:\W. C / NegV1

®) cp PRED <..5 ] (19

C
| SuBJ |
Co C

VP
|
DP Ne geherst DP
(YNEG)=+
VFIN nangescead paswordframme

|
n- -abbad
(YNEG)=+
(cocathoml, ACHom |, 21:349.126.421Qqkoalcuin,Alc[Warn_35]:435.331)
0OThey dondt have andYodui fdfoenrdetn cheebar t
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Example’\W. C / NegV1

Conditionalfunctionalconstraint(for rulesin competition):

probabilitesfor Zlfric texts:

—

c° Y  VHEAD p=0.051 (p<1.0)
§ 82
if: ZNEG)=+ p=0.051+p,

Rc= — —

I° Y VHEAP g=0.948
v &)z
if: ZNEG)=+ q=0.948-p,

Introduction Variationas Probability Context -Dependency | Conclusion




Example:\VW: C / NegV1

Conditionalfunctionalconstraint(for rulesin competition):
probabilitesfor Zlfric texts:

— —_—

c° Y VHEAD p=0.051 (p<1.0)
v 92
if: ZNEG)=+ p=0.051+p,
Rc= — —
I° Y VHEAD q=0.948
v 9z
if: ZNEG)=+ q=0.948-p,
1
PR, a-p 09 T T——--_ //
Bede 0.9166666 0.0833333: 0.8 AN 7
early OE 0.8864864' 0.1135135 0.7
late 0.8851851' 0.1148148 0.6 N/
Aelfric 0.7996183 0.2003816: 05
M1 0.630252. 0.369747! 04 prpc
M2 0.0085015 0.9014084 / \ —q-pc
M3 0.0287769: 0.9712230 / \
M4 0.0097087. 0.9902912 01 - 7’—/ \
0 : : : : : \
Bede early late Aelfric M1 M2 M3 M4
OE
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Example’\W. C / NegV1

Conditionalfunctionalconstraint(for rulesin competition):

probabilitesfor Zlfric texts:

—

c° Y  VHEAD p=0.051 (p<1.0)
§ 82
if: ZNEG)=+ p=0.051+p,

Rc=  — —

I° Y VHEAP g=0.948
v &)z
if: ZNEG)=+ g=0.948-p,

P = (P+R) - P
Introduction Variationas Probability Context -Dependency | Conclusion




Example:\VW: C / NegV1

Conditionalfunctionalconstraint(for rulesin competition):

probabilitesfor Zlfric texts:

—

ce Y  VHEAD p=0.051 (p<1.0)
v 92
if: ZNEG)=+ p=0.051+p,
Rc= — —
o Y  VHEAD q=0.948
v 9z
if: ZNEG)=+ g=0.948-p,
1
0.9
P, 0.8
early OE  0.7357709, 0.7 - \\
late OE 0.8030570! 0.6
Aelfric 0.7485510. 05 \
M1 0.5735356! 04 \ ——pcC
M2 0.0617449: \
M3 -0.0014087! 0.3 \
M4 -0.0001712! 0.2 \
0.1
0 : : : : \ :
early OE late OE Aelfric M1 M2 M3 M4
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Example:\VW: C / NegV1

Conditionalfunctionalconstraint(for rulesin competition):

probabilitesfor Zlfric texts:

—

ce° Y  VHEAD p=0.051 (p<1.0)
v 92
if: ZNEG)=+ p=0.051+p,
RC = —_ —
I° Y  VHEAD q=0.948
v 9z
if: ZNEG)=+ g=0.948-p,
1
0.9
P, 0.8
early OE  0.7357709 0.7 - \\
late OE 0.8030570' 0.6
Aelfric 0.7485510- 05 \
M1 0.5735356: 04 \ ——pC
M2 0.0617449: \
M3 -0.0014087: 0.3 \
M4 -0.0001712! 0.2 \
0.1
0 . . . . \ :
early OE late OE Aelfric M1 M2 M3 M4
Introduction Variationas Probability Context -Dependency | Conclusion




Example’\W. C / NegV1

Conditionalfunctionalconstraint(for rulesin competition):
probabilitesfor ZAlfric texts:

—

C° Y VHEAD p=0.051 (p<1.0)
(9 8)Z
if: INEG)=+ p=0.051+0.748
Rc = -
|° Y VHEAD g=0.948
(9 8)Z
if: INEG)=+ g=0.948- 0.748
Introduction Variationas Probability Context -Dependency | Conclusion




Example’\W. C / NegV1

Conditionalfunctionalconstraint(for rulesin competition):
probabilitesfor ZAlfric texts:

—

C° Y VHEAD p=0.051 (p<1.0)
(9 8)Z
if: INEG)=+ p=0.799
Rc = -
|° Y VHEAD g=0.948
(9 8)Z
if: INEG)=+ g=0.201
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Example’\W. C / NegV1

Conditionalfunctionalconstraint(for rulesin competition):
probabilitesfor ZAlfric texts:

—

C° Y VHEAD p=0.051 (p<1.0)
(y ©)Z
if: INEG)=+ p=0.799
Rc = -
|° Y VHEAD g=0.948
(y ©)2
if: INEG)=+ g=0.201
Y loss of heaehdjoined negation ne
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Example:\VW: C / NegV1

Conditionalfunctionalconstraint(for rulesin competition):
probabilitesfor ZAlfric texts:

—

C° Y VHEAD p=0.051 (p<1.0)
(y ©)2
if: INEG)=+ p=0.799
Rc = -
|° Y VHEAD g=0.948
(y ©)2
if: INEG)=+ g=0.201
Y loss of heaehdjoined negation ne
Y if-function will never be true
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Example:\VW: C / NegV1

Conditionalfunctionalconstraint(for rulesin competition):
probabilitesfor ZAlfric texts:

—

—

IO

C° Y VHEAD

¥ ©)Z

if: ZNEG)=+
Y  VHEAD
\S)4

if: ZNEG)=+

p=0.051
p=0.799
g=0.948

g=0.201

Y loss of heaehdjoined negation ne
Y if-function will never be true
Y high frequency of NegV1 reduced to base probability ®Y G/

(p<1.0)

Introduction
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Example:\VW: C / NegV1
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Example:\VW: C / NegV1

0.9 -

0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1

ﬂ
\ N\
\ N
\ \
\ \ = D0S V1
\ \ ——Neg V1
\ \
—_ \

Bede early late Aelfric M1 M2 M3 M4

OE
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Example:\VW: C / NegV1

0.9 -

0.8 S
07 L\ N /AN
06 L\ A\
05\ \
04 \ \ = D0S V1
. \ \ = Neg V1
0.3
02\ \
0.1 \ \ l

e —— \
0 ; ; : — :

Bede early late Aelfric M1 M2 M3 M4
OE
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Example:\VW: C / NegV1

0.9 -

0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1

—\
Ny
\
\
\\ ——Neg V1
ANZAN
\. .
N \\\ O o

\u/

ME verse, from:
Ingham(2005)
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Example:\VW: C / NegV1

(11) oc Crist it ne uuolde
but Christ it not wanted
Obut Christ wouldnot all ow 1t60
(CMPETERB,54.374)

(12) & swane don nohht alle pa patt foll"Hennrihhtwisnesse
and so not do not all those who follow righteousness
0and t hos egghaochsnesd mn dtowdo s o060
(CMORM,1,10.207)

VS.

(13)Tou schaltnot tempte God, py Lorde.
you shall not tempt God your Lord
O0You shall not tempt God, your
(CMMIRK,83.2232)
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Example:\VW: C / NegV1

% secondary

Neg V1 negation, no 'ne
Bede 0.9166666 0 1
early OE 0.8864864 0 (o =~ /
late 0.8851851 0 g N /
Aelfric 0.7996183, 0 o~ /
| 0.81¢ 0.01f g \q /
I 0.61°F 0.03: g5 \ / Neg V1
M1 0.630252.  0.1472708 o4 \ /
“IZ 0.008 8'22 03 052‘;6 0.3 }Y/ % secondary negation,
M .0985915! .345959I 0.2 no 'ne'
IV 0.19: 065 o1 / NN\
M3 0.0287769.  0.8620689 A ) o \ ,
N Lu -_ —_ =
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Example:\VW: C / NegV1

% secondary

Neg V1 negation, no 'ne
Bede 0.9166666 0 1
early OE 0.8864864 0 (g l= /
late 0.8851851 0 g N /
Aelfric 0.7996183, 0 o7 /
| 0.81¢ 0.01f g \ . /
[ 0.61¢ 0.03 ;5 \ / ——NegV1
M1 0.630252.  0.1472708 4 \ /
X
. : . { 0.2 no 'ne’
IV 0.19: 065 o1 / NN\
M3 00287769  0.8620689 o | ' N
M4 0.0097087. 0.995495! gege-~=g=g=22%
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0OThe increase Iin secondary negat.
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Example’\W. C / NegV1

Bede
early OE
late
Aelfric
I

Il

M1

1]

M2

v

M3
M4

% secondary

Neg V1 negation, no 'ne
0.9166666 0 1
0.8864864 0 09 =~ /
0.8851851 0 g N /
0.7996183 0 o~ /
0.81¢ 0.01f g \q /
0.61¢ 003 g \ / N
. = Neg V1
0.630252.  0.1472708 g4 \ /
0.008 8'22 03 0524;6 0.3 }Y/ % secondary negation,
.0985915! .345959I 0.2 no 'ne'
0.19: 065 o1 / NN\
00287769  0.8620689 o | ' N
0.0097087. 0.995495! % %)J % é - = g = g > “E" g
o > )
= <
()

The rise of secondary negation and loss of NegV1 are roughly inversely
proportional, as predicted by the probabilistic model.
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