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» Entrenchment

AUTOMATIZATION is the process observed in learning to tie a
shoe or recite the alphabet: through repetition or rehearsal, a
complex structure is thoroughly mastered to the point that using it
is virtually automatic and requires little conscious monitoring.

In CG parlance, a structure undergoes progressive
ENTRENCHMENT and eventually becomes established as a unit*

(Langacker 2008:106)



» Entrenchment and online processing

Hypothesis:
» Processing demand of a given construction C is a function

of C's degree of entrenchment

Task:
» Measure degrees of entrenchment of constructions



1. Query corpus for target patterns

- [ - 1000

ICE-GB:S1A-001 #030:1:B
ICE-GB:S1A-001 #032:1:B
ICE-GB:S1A-001 #038:1:B
ICE-GB:S1A-001 #039:1:B

This this is a dance group which doesnot exclude people

[ enjoyed the time that I was given to to study and [...]
and the the opportunity that has arisen through the [...]
Uhm the movement language that 's beingdeveloped is /...]

2. Describe data points

o~

add text.type

ICE.GB:S1A.014#129:1:C  DIRECT.CONV
ICE.GB:S1A.020#290:1:C  DIRECT.CONV
ICE.GB:S1A.037#139:1:B  DIRECT.CONV
ICE.GB:S1A.015#237:1:A  DIRECT.CONV

embedding head definiteness.head concreteness.head
CENTER ALL INDEFINITE.HEAD ABSTRACT.HEAD
CENTER ALL INDEFINITE.HEAD ABSTRACT.HEAD
CENTER ALL INDEFINITE.HEAD ABSTRACT.HEAD
CENTER ALL INDEFINITE.HEAD CONCRETE.HEAD

Address:  {FEATURE,, FEATURE,, FEATURE, ..., FEATURE}

3. Search for patterns in these descriptions



Address:  {FEATURE,, FEATURE,, FEATURE, ..., FEATURE}

n ~ 1000

Task 1: Detecting entrenched patterns

Methods
e association rule mining ...
»  hierarchical configural frequency analysis

Task 2: Structure detected patterns based on similarity
(constructional network)

Methods
»  hierarchical agglomerative clustering

Processing predictions can now be derived from
network position and degrees of entrenchment




Search for patterns in these data

Address:  {FEATURE,, FEATURE,, FEATURE, ..., FEATURE}
n ~ 1000

Hierarchical configural frequency analysis
e.g. hcfa(cta)

*evaluates complex contingency tables (usual caveats apply)

*searches for types, i.e. factor level combinations that occur
with above chance frequencies



Configural Frequency Analysis

#**% Analysis of configuration frequencies

label n
1 BCEOG 237
2 A CEG 3958
3 ADFG 33
4 BCFG 81
S ACEH 70
& A CFG 21e
7T L DEG &2
g8 ADEH 2
9 BCFH 6
10 B DE G 17
11 BECEH 23
12 2 CFH 24
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261908594
.08698550
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p.chi=g =ig.
L00233596850
LO07TTE45T4
L009233420
LO22218838
053271634
LOT461T7T34
094564240
L095988051
209657507
340732610
.281558224
.290349717

chi=g

TRUE
FLLSE
FALSE
FALSE
FLLSE
FRLSE
FALLSE
FALSE
FALSE
FALSE
FALSE
FLLSE

=

. 3388386
.4264875
6274520
L3T2EIT28
.9811500
952863386
. 7094549
0630626
2598753
9817123
L1505553
L1392820
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EB.Z

0004206471
.999p9427831
0043013454
9911628750
02378459861
0254315118
.0436796575
9524475160
8961608615
83189023208
.53898367513
4446136583
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Configural Frequency Analysis
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Example:
English Relative Clause Constructions

2 clausal constituents (1 MC, 1 RC)

Attribute Value
medium spoken written
head type lexical |pronominal
unique A present absent
content head high low
animacy head animate | inanimate
definiteness head | definite | indefinite
SRC type lexical |pronominal
relativizer present absent
embedding right center

e.g. ICE-GB:S1A-001 #039:1:B The only thing [ you could do | is |...]

= CFA detects a total of 7 types(Freq,,, >, Freq.,) in the
data (n = 1000)




Stats for Pattern

Pattern
medium spoken
head type lexical
unique A present
content head low
animacy head | inanimate
definiteness head | definite
SRC type pronominal
relativizer absent
embedding center

Name c.s3
Observed Freq 15
Expected Freq 1.1079

Contribution to Chisq|174.1948
Obs-exp >
P.adj.bin 4.89E-10

DeC kkk
Q 0.042




Deriving processing predictions from
a similarity-based constructional network

Task 2: Build Constructional Network
- Relate all detected types based on similarity

Method: hierarchical agglomerative clustering

esimilarity: Euclidean distance in n7-dimensional space
eamalgamation: nearest neighbor (single linkage)

eoutput as unrooted tree (e.g. nj (ape) )



Similarity-based constructional network

:Fa':hs =15
(25 % token of tvpes ,pu)
(14% of all tvpe,,.a)

Combined F_,.: 46
(73% token of tvpes .popen)
(43% of all tvpe,,.q)

something for money here ...

c.52

c.54

c.s7

Combined F_..: 45
(100 % token of tvpes .ypen)
(42% of all tvpe,m)
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Similarity-based constructional network

F obr

=13

(25 % token of tvpes ,pu)
(14% of all tvpe,..q)

- A8

something for money here ...

Combined F.,: 45
(100 % token of tvpes ,.gua)
(42% of all tvpe,.y)

| Processing predictions can now be derived from

network position and degrees of entrenchment
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(Hierarchical) Configural Frequency Analysis

Attribute Value

medium spoken
head type lexical
unique A present

contenthead | unspecified| \\e can look for higher level configurations (

animacy head | inanimate | | . more schematic constructions) as well..
definiteness head | unspecified

SRC type pronominal
relativizer absent
embedding center




Hierarchical Configural Frequency Analysis

#&% Hierarchical CFL
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squared df
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.174446e2-09
.244970e-05
.607730e-05
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Hierarchical Configural Frequency Analysis

order

chisq. V2 V4
chisq. V2 V4
chisq V2 V3
chisq.V2 V3
chisq.V1 V4
chisq.V1 V4
chisq_\% V2
chisq Vi V2
chisq Vg V3
chisq_\g V3
chisq.V3 V4
chisq.V3 V4

chisq.V1 V2 V4
chisq.V1 V2 V3
chisq.V2 V3 V4
chisqg.V1 V3 V4

10 15 20 25 30

item




Similarity-based constructional network w/ higher level types

Combined F,,: 147
(36 % token of tVPES i)
(15% of all tvpe,.)

Combined Fy,: 144
(35% token of types yua)
(14% of all tvpe,.q)
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CwS3 CwS ' Combined F.,,- 115
J (25% token of tvpes .pm)
(12% of all tvpe,..u)
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Combined F,,: 164

(27% token of tvpes e

(16% of all typey)

Combined F .- 19

(3% token of tvpes .ppw)
(2% of all typew)

e

SSTC.8827
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Combined F,.: 129
22% token of types ..
(13% of all tvpe,w)

Combined F,,: 116 C.s576

(15% token of types ) |
D £ T

(11% of all typescu) Combined F,,- 171

(25% token of types )
(17% of all tvpe.q)




Similarity-based constructional network w/ higher level types

Combined F,.: 147
(36 % token of tVpes e
(13% of all tvpe,)
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Combined F,,: 144
(359 token of tvpes yue)
(14% of all tvpe,.q)

g

Combined F,,: 119
(29% token of tVPes e
(12% of all tvpe,a)

Processing predictions can now be derived from
network position and degrees of entrenchment
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Combined F,.: 129

(22% token of types o)
(13% of all tvpe,w)

Combined F_,,- 116
(15% token of types )
(11% of all tvpe,.q)

3% toKen o TWPES ;popen)
(2% of all tvpe,..y)
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Combined F ;- 171
(25% token of types )
(17% of all tvpe.q)



LThank you for your attention!

Presentation available from
www.daniel-wiechmann.net



