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Introduction

Computational historical linguistics

@ massive progress within past
15 years

@ automated language
classification
@ inferring time depth and

homeland of language
families

(Grollemund et al, 2015)

@ automatic reconstruction of
proto-languages

@ discovery of statistical
patterns in language change

o

(Bouckaert et al, 2012)
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Introduction

Computational historical linguistics

0
@ most work depends on manually coded cognate judgments on
Swadesh lists
o labor intensive
o subjective
o not fully replicable
o induces bias in favor of well-studied language families
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Introduction

Cognate-coded word lists

@ typical data structure in CHL

language iso  gloss gloss_id  transcr. cogn._class
ELFDALIAN qov  woman 962 'kelmg woman:Ag
DUTCH nld  woman 962 vrau woman:B
GERMAN deu woman 962 frati woman:B
DANISH dan  woman 962 'g'vend woman:D
DANISH_FJOLDE woman 962 kvin? woman:D
GUTNISH_LAU woman 962 ‘kvin: folk  woman:D
LATIN lat  woman 962 ‘mulier ‘woman:E
LATIN lat  woman 962 'femina  woman:G
ENGLISH eng woman 962 ‘wumon woman:H
GERMAN deu woman 962 valp woman:H
DANISH dan  woman 962 'dexma woman:K

@ goal of this talk:

How to automatically infer cognate classification.
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Previous Work
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Previous Work

ID Taxa Word Gloss GlossID IPA

21 German Frau woman 20 frau

22 Dutch vrouw woman 20 vrau
23 English woman woman 20 woman
24 Danish kvinde woman 20 kvena
25 Swedish kvinna woman 20 kvi:na
26 Norwegian kvine woman 20 koina
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Previous Work

ID Taxa Word Gloss GlossID IPA CoglD
21 German Frau woman 20 frau 1
22 Dutch vrouw woman 20 vrau 1
23 English woman woman 20 woman 2
24 Danish kvinde woman 20 kvena 3
25 Swedish kvinna woman 20 kvi:na 3
26 Norwegian kvine woman 20 koina 3
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Previous Work

ID Taxa Word Gloss GlossID IPA CogID

23 English woman woman 20 woman 2
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Previous Work: Sound Classes

Sound Classes

A,
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Previous Work: Sound Classes

Sound Classes

Sounds which often occur in
correspondence relations in
genetically related languages can be
clustered into classes (types). It is
assumed “that phonetic
correspondences inside a ‘type’ are
more regular than those between
different ‘types’” (Dolgopolsky 1986:
35).

A,
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Previous Work: Sound Classes

Sound Classes
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Previous Work: Sound Classes

Sound Classes

Sounds which often o

different ‘t
35).

Jager, List & Sofroniev (Tiibingen/Jena) Automatic cognate detection EACL2017 6 /23



Previous
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Previous Work: Alighment-Based Approaches

ID Taxa Word Gloss GlossID IPA

21  German Frau woman 20 frau

22 Dutch vrouw woman 20 vrau

23 English woman woman 20 woman
24  Danish kvinde woman 20 kvens

25  swedish kvinna woman 20 kviina
26 Norwegian kvine woman 20 kvins

Jager, List & Sofroniev (Tiibingen/Jena) Automatic cognate detection EACL2017

7/23



Previous Work:

1D Taxa Word Gloss GlossID IPA

21 German Frau woman 20 frau

22 Dutch vrouw woman 20 vrau

23 English woman woman 20 woman

24 Danish kvinde woman 20 kvena

25 Swedish kvinna woman 20 kviina

26 Norwegian kvine woman 20 kvins
Swedish | English | Danish | Norwegian | Dutch | German
kvinna | woman | kvinde kvine wouw |  Frau

Swedish 000 | 069 | 007 012 | 071 | 078

kvina

English 0690 | 000 | 0.66 057 | 068 | 087

wumin

Danish 007 | 066 | 0.00 008 | 067 | 071

kveni

Norwegian 15 | 057 | 008 | 000 | 075 | 074

kwini

Dutch 071 | 068 | 067 075 0.00 | 0.17

frou

German 078 | 087 | 071 0.74 0.17 | 0.00

frau

Jager, List & Sofroniev (

bingen/Jena)
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Previous Work: Alighment-Based Approaches

Swedish | English | Danish | Norwegian | Dutch | German
kvinna | woman | kvinde kvine vrouw Frau
Swedish 000 | 069 = 007 012 | 071 | 078
kvina
English 069 | 000 | 0.66 057 068 | 087
wumin
Danish 007 | 066 | 000 008 | 067 | 071
kveni
Norwegian 515 | 057 | 0.08 000 | 075 | 074
kwini
Dutch 071 | 068 | 067 0.75 000 | 0.17
frou
German 078 | 087 | 071 0.74 0.17 | 0.00
frau
German Frau frau
\ [ Dutch wouw vrou

English woman wumin

Danish kvinde kveni

Swedish kvinna kvina

Norwegian kvine kwini
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Materials

Goldstandard data

@ various collections of phonetically
transcribed and cognate-coded
Swadesh lists from the literature

@ pre-processing

e correction of errata

o replacement of non-IPA symbols
by IPA counterparts

o removal of non-IPA symbols
conveying meta-information

o removal of morphological markers

e mapping of concepts to
standardized concept sets from
Concepticon (List et al., 2016)

Jager, List & Sofroniev (Tiibingen/Jena)

Dataset Words Conc. Lang. Families Cog. Div.
ABVD (Greenhill 12414 210 100  Austronesian 3558 0.27
et al. 2008)
Afrasian (Militarey 790 40 21 Afro-Asiatic 385 042
2000)
Bai (Wang 2006) 1028 110 Sino-Tibetan 25 019
Chinese ~ (Hou 2789 140 15  Sino-Tibetan 1189 0.40
2004)
Chinese  (Béjing 3632 179 18 Sino-Tibetan 1225 0.30
Daxué 1964)
Huon (McElhanon 1176 84 14  Trans-New Guinea 537 0.41
1967)
IELex  (Dunn 11479 208 52 Indo-European 2459 020
2012)
Japanese (Hattori 1983 199 10 Japonic 456 015
1973)
Kadai  (Peiros 400 40 12 Ta-Kadai 103 017
1998)
Kamasau (Sanders 271 36 8 Torricell 6 010
1980)
Lolo-Burmese 570 40 15 Sino-Tibetan 01 012
(Peiros 1998)
Central ~ Asian 15903 183 88  Altaic (Turkic), 895 0.05
(Manni et al. Indo-European
2016)
Mayan  (Brown 2841 100 30  Mayan 844 027
2008)
Miao-Yao (Peiros 208 36 6 Hmong-Mien 70 020
1998)
Mixe-Zoque 961 100 10 Mixe-Zoque 300 023
(Cysouw et al
2006)
Mon-Khmer T424 100 16 Austroasiatic 719 047
(Peiros 1998)
ObUgrian (Zhiviov 2006 110 21 Uralic 229 006
2011)
Tujia  (Starostin 498 107 5 Sino-Tibetan 164 0.15
2013)

EACL2017 8/23
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Materials

Dataset Words Conc. Lang. Families Cog. Div.
ABVD (Greenhill 12414 210 100  Austronesian 3558 0.27
Goldstandard data 2l 2009
Afrasian (Militarev 790 40 21 Afro-Asiatic 355 0.42
2000)
2 Bai (Wang2006) 1028 110 9 Sino-Tibetan 285 019
@ three largest datasets used for testing Ciinse " (Tov 2759 10015 SnoThemn 1189 040
2004)
” h d d .F . . Chinese  (B&ijing 3632 179 18 Sino-Tibetan 1225 0.30
Daxué 1964)
@ all other datasets used for training Huon (McElhanon 1176 84 14  Trans-New Guinea 537 041
1967)
TELex  (Dunn 11479 208 52 IndoEuropean 2450 020
2012)
Japanese (Hattori 1983 199 10 Japonic 456 0.15
1973)
Kadai (Peiros 400 40 12 Tai-Kadai 103 0.17
1998)
Kamasau (Sanders 271 36 8 Torricelli 60 0.10
1080)
Lolo-Burmese 570 40 15 Sino-Tibetan 101 0.12
(Peiros 1998)
Central  Asian 15003 183 88 Akaic (Turki) 895 0.05
(Manni et al. Indo-European
2016)
Mayan (Brown 2841 100 30 Mayan 844 027
2008)
Miao-Yao (Peiros 208 36 6 Hmong-Mien 70 0.20
1998)
Mixe-Zoque %1 100 10 MixeZoque 30 023
(Cysouw et al
2006)
Mon-Khmer 1424 100 16 Austroasiatic 719 0.47
(Peiros 1998)
ObUgrian (Zhivlov 2006 110 21 Uralic 229 0.06
2011)
Tuja (Starostin 498 107 5 Sino-Tibetan 164 0.5
2013)
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N .l Scauence Similarity
LexStat

@ algorithm first propose in List (2012) and then further enhanced in
List (2014), List et al. (2016) and List et al. (2017)
@ the algorithm is generally based on the alignment-based workflow for
cognate detections
@ implemented as part of LingPy (lingpy.org, List and Forkel 2016)
@ improvements include
e scoring functions for alignments are computed individually for each
language pair, modeling regular sound correspondences in classical
linguistics
e scores for both global and local alignment analyses are combined and
agglomerated
e alignment algorithm is sensitive for morpheme boundaries if they are
annotated (secondary alignment, List 2014)
@ sequences are represented as multi-tiered structures which allows to
handle prosodic context
o agglomerative clustering procedure has been replaced by a community
detection algorithm (Infomap, Rosvall and Bergstrom 2007)
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lingpy.org

N .l Scauence Similarity
LexStat

Jager, List & Sofroniev

(Ti

|

TOKENIZATION

!

PREPROCESSING

v 4

EXPECTED
DISTRIBUTION

e

‘CORRESPONDENCE
DETECTION USING
PHONETIC

ALIGNMENT

ATTESTED
DISTRIBUTION

N

LOG-ODDS

|

DISTANCE
CALCULATION

|

COGNATE
CLUSTERING

|

OUTPUT

bingen/Jena)

LexStat Algorithm (List 2014)

Automatic cognate detection

EACL2017

10 / 23



Sequence Similarity

LexStat: Prosodic Strings

Prosodic Strings

Sound change occurs more
frequently in weak phonotactic
positions (Geisler 1992). Based
on the sonority profile of a sound
sequence, we can determine
positions which differ with
respect to their prosodic
environment. Prosodic context
can be modeled as prosodic
string which distinguishes
different contexts, and added as
second tier to the sequence.
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LexStat: Prosodic Strings

Prosodic Strings
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second tier to the sequence.
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LexStat: Prosodic Strings
J a b k] 1

oA T A LT A

Prosodic Strings

Sound change occurs more
frequently in weak phonotactic
positions (Geisler 1992). Based
on the sonority profile of a sound
sequence, we can determine
positions which differ with
respect to their prosodic
environment. Prosodic context
can be modeled as prosodic
string which distinguishes
different contexts, and added as
second tier to the sequence.

1 ascending
A maximum
| descending
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LexStat: Language-specific scoring schemes

| English | German | Att. | Exp. | Score |
#[t,d] | #[td] [3.0 [124 [ 63
#[t,d] | #[ts] 30 [038 |6.0
#[t,d] | #[f,s,z] | 1.0 [ 199 |-15
#[0,0]1 | #[t,d] |[7.0 |[072 |63
#[0,0] | #I[ts] 00 |025 |-15
#[0,0] | #[s,z2]1 |00 |[133 |05
[t,d]$ | [td]$ |[21.0]8.86 |63
[t,d]$ | [ts]$ 30 [ 1.62 |39
[t,d]$ | [f,s]$ 6.0 |530 |15
[6,061$ | [td]$ 40 [1.14 | 48
[6,061$ | [1s]1$ 0.0 [ 020 |-15
[6,01$ | [f,s]$ 00 [080 |05

Jager, List & Sofroniev (Tiibingen/Jena)
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LexStat: Language-specific scoring schemes

| English | German | Att. | Exp

. | Score |

#[t,d]

#[t,d]

3.0

1.24

6.3

#[0,8] | #[t,d] [ 7.0 [0.72 [6.3
#[0,0] | #I[ts] 00 |025 |-15
#[0,8] | #[s,z2] |00 [ 133 |05
[t,d]$ | [td]$ 21.0 | 8.86 | 6.3
[6,01$ | [td]I$ 40 |1.14 | 48
[6,01$ | [ts]$ 0.0 |[020 |-15
(6,018 | [f,s]1$ 00 [0.80 [05
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LexStat:

Language-specific scoring schemes

Initial Final
English | town [taun] | hot [hot]
German | Zaun [tsaun] | heif [hais]
English | thorn [62:n] | mouth [mau8]
German | Dorn [dorn] | Mund [mount]
English | dale [deil] head [hed]
German | Tal [ta:l] Hut [hu:t]

Jager, List & Sofroniev

(Tiibingen/Jena)

Automatic cognate detection

EACL2017
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N Ll 5o Similarity
LexStat: Cognate Set Partitioning

%%, &, 4 &
4] Oﬁ%\ %’7 /VOQ %, 2,

A %y %
GREEK  ceri 0.00 | 0.72 | 0.69 | 0.73 | 0.77
GERMAN hant | 0.72 | 0.00 | 0.03 | 0.91 | 0.70
ENGLISH hand | 0.69 | 0.03 | 0.00 | 0.91 | 0.68
RUSSIAN ruka | 0.72 | 0.91 | 0.91 | 0.00 | 0.20
POLISH régka| 0.77 | 0.70 | 0.68 | 0.20 | 0.00

List et al. 2017
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N Ll 5o Similarity
LexStat: Cognate Set Partitioning

@ O’f’@é\ OQP@ é}l)(){ (?({PJ» 'OO{ )

Yy My q, % ceri /7 N _.-ceri @
GREEK ceri [0.00 | 0.72 ] 0.69 | 0.73 | 0.77 hant -~ _hant
GERMAN hant | 0.72 | 0.00 | 0.03 | 0.91 | 0.70 heend .<haen d@
ENGLISH hand [ 0.69 | 0.03 | 0.00 | 0.91 | 0.68 &n
RUSSIAN ruka | 0.72 [ 0.91 | 0.91 | 0.00 | 0.20 ruka "‘~~.‘<ruka ©
POLISH répka | 0.77 [ 0.70 | 0.68 | 0.20 | 0.00 répka rénka

List et al. 2017
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N Ll 5o Similarity
LexStat: Cognate Set Partitioning

@ O’f’@é\ OQP@ Ql}(){ (?({PJ» 'OO{ )

Yy My q, % ceri /7 N _.-ceri @
GREEK  ceri [0.00 [ 0.72 ] 0.69 | 0.73 [ 0.77 hant . _hant
GERMAN hant | 0.72 | 0.00 | 0.03 | 0.91 | 0.70 .<h de
ENGLISH hand [ 0.69 | 0.03 | 0.00 | 0.91 | 0.68 hand &
RUSSIAN ruka | 0.72 [ 0.91 | 0.91 | 0.00 | 0.20 ruka "‘~~.‘<ruka ©
POLISH répka | 0.77 [ 0.70 | 0.68 | 0.20 | 0.00 répka rénka

7 0.10

0.2

0.23 0.31 0.30 0.97

3

List et al. 2017
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N Ll 5o Similarity
LexStat: Cognate Set Partitioning

(A] e, %y, Vo, sy, 0,

t 9, %
GREEK  ceri 0.00 | 0.72 | 0.69 | 0.73 | 0.77
GERMAN hant | 0.72 | 0.00 | 0.03 | 0.91 | 0.70
ENGLISH hand | 0.69 | 0.03 | 0.00 | 0.91 | 0.68
RUSSIAN ruka | 0.72 | 0.91 | 0.91 | 0.00 | 0.20
POLISH régka| 0.77 | 0.70 | 0.68 | 0.20 | 0.00

Ll
0.27 0.10 0.97 %

0.23 0.30 0.31 0.80

0.31 0.97

List et al. 2017
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PMI string similarity

@ Pointwise Mutual Information (PMI)

between two sound classes a and b:

P(a,b are homologous)
P(a)P(b)

PMI(a, b) = log

@ automatically trained from ASJP data
(Jager, 2013)

@ PMI similarity between two strings:
aggregate PMI score for optimal
pairwise alignment of those strings

Jager, List & Sofroniev (Tiibingen/Jena) Automatic cognate detection

EACL2017
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N Ll 5o Similarity
Calibrated PMI similarity

English / Swedish

Ei yu wi  w3n tu fisS
yog —T7.77 0.75 —-7.68 —-7.90 —-8.57 —10.50
dua -762 033 —-571 -—-741 266 —8.57
vi —2.72 —2.83 4.04 -1.34 -6.45 0.70
et —547 —7.87 —-547 —-6.43 —-1.83 —4.70
tvo 791 —427 -3.64 —4.57 039 —6.98
fisk —-7.45 —-11.2 -3.07 —-9.97 -8.66 7.58

@ values along diagonal give similarity between candidates for cognacy
(possibility of meaning change is disregarded)

@ values off diagonal provide sample of similarity distribution between
non-cognates

Jager, List & Sofroniev (Tiibingen/Jena) Automatic cognate detection EACL2017 15 / 23



Calibrated string similarity and language similarity

@ let s be the PMI-similarity between the
English and Swedish word for concept ¢

@ calibrated string similarity:
— log(probability that random word
pairs are more similar than s)

@ language similarity: average word
similarity for all concepts

Jager, List & Sofroniev (Tiibingen/Jena) Automatic cognate detection

English vs. Swedish

PMI

02-

5 10 15 20
geographic distance (in 1,000 km)
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N L Scconce Similarity
Comparing string similarity measures

@ even though PMI similarity and LexStat similarity are based on
different training methods, they capture a similar signal

@ correlation: 0.727
@ average precision LexStat: 0.893, PMI: 0.880

30-

20~

s method
s B o8- -
z 2 o8 LexStat
0+ e
5 -- PMI
-10- 07
cognate
status
* o
-20- . 4 yes
. . 06
0.00 025 050 0.75 100 0.00 025 050 075 100
LexStat recall
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Workflow

Workflow

word -> cognate set label

logarithmic
transformation

threshold
training

word pair -> distance

threshold

infomap clustering

word -> inferred class label

evaluation

Jager, List & Sofroniev (Tiibi Automatic cognate detection EACL2017 18 / 23



 Methoss ITEEH
Workflow

word -> cognate set label

word pair -> cognate? (yes/no)

training

training
set

logarithmic
transformation

threshold
training.

T T
threshold woid pair -> distance

infomap cluste ring

word -> inferred class label

evaluation
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 Methoss ITEEH
Workflow

word -> cognate set label

logarithmic

threshold transformation

training

training

set| i .
ot word pair -> distance
set

infomap clustering

1
logarithmic
thresI?oId transformation N
S word -> inferred class label
EFTEERold word pair -> distance /

infomap cliictering

word -> inferred class label
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SVM Training

SVM training

Model selection

050

@ each synonymous word pair is a data point

@ cognate (yes/no) as dependent variable
@ Feature selection

o seven features from (Jager and Sofroniev, ii3
2016) + LexStat similarity as candidate |

features ! ‘
o feature selection via cross-validation on -

training data =

v o) ‘
3

075~
050
025
000-

0-
28
0-
o-
10~
0-
0-
8-

doculect simiarly

value

cognate

Jager, List & Sofroniev (Tiibingen/Jena)
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SVM Training

SVM training

Model selection

o five informative features

LexStat similarity
PMI similarity
doculect similarity
measures of concept stability
@ mean word length
o correlation between string similarity and
doculect similarity

@ linear kernel

Jager, List & Sofroniev (Tiibingen/Jena) Automatic cognate detection

value

Lexstat

av
-

-4

mean word length

4

¢
-b

cognate
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Evaluation

@ two evaluation measures:
o B-Cubed scores (Bagga and Baldwin, 1998)
o Adjusted Rand Index (ARI, Hubert and Arabie 1985)

@ LexStat clustering as benchmark

data set Adjusted Rand Index B-Cubed Precision B-Cubed Recall ~ B-Cubed F-Score
LexStat SVM LexStat SVM LexStat SVM  LexStat SVM

aggregated 0.676 0.683 0.868  0.847 0.838 0.869 0.850 0.855
Austronesian 0.545 0.588 0.791 0.781 0.801 0.855 0.796 0.817
Central Asian  0.866 0.843 0.916 0.883 0.962 0.981 0.938 0.929
Indo-European  0.618 0.619 0.896 0.877 0.750 0.770 0.817 0.820

aggregated

AR precision recall F-score
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Central-Asian
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Automatic cognate detection

EACL2017

21 /23



N L) oluation

Evaluation

@ overall, incremental improvement over LexStat
@ however, massive improvement for short and low-quality word lists
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Outlook

Outlook

@ current methods for automatic
cognate detection are
sufficiently accurate to serve as
a starting point for manual
cognate annotation

@ they are objective and replicable

@ they make it much easier to
obtain large datasets for
cross-linguistic historical
language comparison

@ deep cognates, like English cow
and Latin bos, remain a problem
for automatic approaches which
are based on surface similarity
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