The Secret Life of Words: Exploring Regularity and Systematicity.
Part |: Morphological Inflection

Ekaterina Vylomova?® ; Ryan Cotterell®®
®University of Melbourne $University of Cambridge 3ETH Ziirich

ekaterina.vylomova@unimelb.edu.au ryan.cotterell@inf.ethz.ch

11 Hosbpsa 2020 r.

Ekaterina Vylomova, Ryan Cotterell The Secret Life of Words 11 Hosibps 2020 r. 1/80



Russian Morphology

F

o>
11 Hos16psi 2020 r.

2/80



Russian Morphology

Bcé cmewanock B gome O6AOHCKMX. ..

Analytic vs. Synthetic

Derivational vs. Inflectional Morphology
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Russian Morphology

Morphological Inflection

Can we train a system to learn the regularities from data?

Inflectional Morphology is Paradigmatic
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Inflectional Morphology: Paradigms (nouns)

Morphological Inflection
berney + pos=N,case=ACC,num=SG — berneya

Declension of Bernéy (anim masc-form u-stem accent-b)

singular
Gerné:
nominative =
berneua
genitive 3 .
Berneuy
dative : Hy
beglecy
Gerneua
accusative .
Berneuom
Instrumental

6 ,
prepositional R

ru-noun-table | b | 6erney | a=an

The Secret Life of Words

berneugds

Berneuam
beglecdm
Berneuos

Berneuammn
beglecam
Berneuax

beglecax

[hide &)
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Inflectional Morphology: Classes (nouns)

Morphological Inflection ;
berney + pos=N,case=ACC,num=SG — berneya J R

EN Wiktionary: ru-noun-table | b | berney | a=an
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Inflectional Morphology: Classes (nouns); Differs in En/Ru Wiktionaries

Morphological Inflection J (

berney + pos=N,case=ACC,num=SG — berneya ¥ 1!3(,_

EN Wiktionary: ru-noun-table | b | berney | a=an
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Inflectional Morphology: Wiktionary annotation is Not Cross-linguistically
Consistent

Other Languages

Hungarian

Inflection (stem in -e-, front unrounded harmony) [less 4l

singular plural
dative szkevénynek  szbkevényeknek
instrumental szokevénnyel  szokevényekkel
ig
formal é
essive-modal = =
inessive szbkevényben  szokevényekben
d
illative szbkevénybe szbkevényekbe
allative szokevényhez  szokevényekhez
elative szokevénybsl  szkevényekbdl
delative szokevényrél szbkevényekrdl
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UniMorph — Universal Annotation

[Sylak-Glassman, 2016]
Universal Annotation (by John Sylak-Glassman) (

1) 23 dimensions of meaning (TAM, case, number, animacy), 212 features » »/1_4,.
2) A-morphous morphology (Anderson, 1992) '
3) Paradigms extracted from English Wiktionary (Kirov et al., 2016)

UniMorph

Schema and datasets for universal morphological annotation

https://unimorph.github.io/
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UniMorph — Universal Annotation

Universal Annotation (by John Sylak-Glassman) (

1) 23 dimensions of meaning (TAM, case, number, animacy), 212 features

[Sylak-Glassman, 2016]

Y

2) A-morphous morphology (Anderson, 1992)
3) Paradigms extracted from English Wiktionary (Kirov et al., 2016)

Ekaterina Vylomova, Ryan Cotterell

ataxyp
abamyp
abakyp
abaxyp
abawyp
aGamkyp
abamyp
abawyp
abamyp
abawyp
aGamkyp

abakyp N;ACC;SG
abawyp N;NOM;SG
abaxypa N;GEN;SG

abakypam N;DAT; PL
abaxypaMu N; INS;PL
abakypax N;ESS;PL
abamype N;ES5;56

abaxypos N;GEN;PL
abamypom N; INS;SG
abakypy N;DAT;SG

aGakyps N;NOM;PL
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UniMorph — Universal Annotation

[Sylak-Glassman, 2016]

Universal Annotation (by John Sylak-Glassman)

1) 23 dimensions of meaning (TAM, case, number, animacy), 212 features

2) A-morphous morphology (Anderson, 1992)

3) Paradigms extracted from English Wiktionary (Kirov et al., 2016)

{

Ekaterina Vylomova, Ryan Cotterell

aba3uHCKMA
a0a3MHCKNi
ELEEPRI
abasuHcknit
aba3uHCKMA
a0a3MHCKNi
ELEEPRI
abasuHcknit
abasuHCKHit
a0a3MHCKNi
ELEEPRI
abasuHcknit
abasuHCKHit
a0a3MHCKNi
ELEEPRI
aba3uHCKMA
abasuHCKHit
a0a3MHCKNi
ELEEPRI
aba3uHCKMA
abasuHCKAit
aba3uHCKHi
aba3uHCKHit
aba3uHCKMA
abasuHCKAit
ELEEPRI

abasncKan AD3;NOM; FEM; 56
abasnHckne
abauuckue
abasuckmin
abasuHckuin
abaznHCKM
abazuuckim
abasuuckam
abasnHcKaMn
abaznHCKmx
abazuckix
abasuckmx
abasnHcKoro
abasuHcKoro
abazuuckoro
abasnckoe
abasnickoe
abaznHCKoi
aba3uuckoi
abasnHckon
abasnHcKoi
aba3uuckom
abazuckom
abasnnckoMy
aba3nHCKoMy
abaszuuckyn

The Secret Life of Words

SC;SG

SC;S6
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UniMorph — Universal Annotation

[Sylak-Glassman, 2016]
Universal Annotation (by John Sylak-Glassman) (

1) 23 dimensions of meaning (TAM, case, number, animacy), 212 features » a]_J(,.
2) A-morphous morphology (Anderson, 1992) '
3) Paradigms extracted from English Wiktionary (Kirov et al., 2016)

EBIHECTHUCE BeIHECEMCHA V;FUT;1;PL
BEIHECTHCL BLHECETECE V;FUT;2;PL
BEIHECTHCL BLIHECETCA V; FUT;3;5G
BEIHECTHCL BLIHECEWLCA V; FUT; 2;5G
BEIHECTHCL BLIHECUCH V;IMP;2;5G
BEIHECTHCL BLIHECUTECE V;IMP;2;PL
BEIHECTHCL BLIHECNACkE V; PST;SG; FEM
BBIHECTHCE BLIHECMUCE V;PST;PL
BEIHECTHCL BLIHECNOCE V; PST;SG;NEUT
BBIHECTHUCE BoiHeccA V;PST;SG; MASC
BEIHECTHCL BLIHECTUCE V;NFIN
BBIHECTHUCH BLIHECYCh V;FUT;1;5G
BEIHECTHCL BLIHECYTCA V;FUT;3;PL
BEIHECTHCL BhIHECWMWCA V.PTCP; ACT; PST
BEIHECTHCL BLIHECACH V.CVE;PST
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SIGMORPHON 2016 Shared Task

[Cotterell et al., 2016]

Morphological (Re-)Inflection (10 Languages) (_f

Taskl: 6erney + pos=N,case=ACC,num=SG — bersieua TSN
Task2: 6erneyamu + pos=N,case=INS, num=PL + i
pos=N,case=ACC,num=SG — bersieya

Task3: 6erneyamn + pos=N,case=ACC,num=SG — berseua

Standard Restricted
System Task | Task 2 Task 3 Task 1 Task 2 Task 3
LMU-1 1.0(95.56) | 1.0(96.35) | LO(95.83) | 1.0(95.56) | LO(95.34) | L.O(90.95)
LMU-2 2.0(95.56) | 2.0(96.23) | 2.0(95.83) | 2.0(95.56) | 2.0(95.27) | 2.0(90.95)
BIU/MIT-1 4.2(92.65) | 5.2(77.70) | 3.8 (76.39)
BIU/MIT-2 4.2093.00) | 4.2(81.29)
HEL 3.0(9289) | 3.5(86.30) | 3.2 (86.48)
MSU 3.8(84.06) | 3.6 (86.06) | 38 (84.87) | 6.2(84.06) | 6.0(79.68) | 6.2 (62.16)
cu 4.6(81.02) | 5.0(7298) | 5.0(7L.75) | 7.3(8L.02) | 6.9(69.89) | 5.5(67.91)
EHU 5.5(79.24) B.0(79.67)
COL/NYU || 6.5(67.86) | 4.7 (75.59) | 4.8 (67.61) || 9.2(67.86) | 7.2(77.34) | 6.3 (53.56)
osu 9.0(72.71)
UA 4.6 (81.83) | 4.7 (74.06) | 44(71.23)
ORACLEE 97.49 98.15 9797 98.32 97.84 95.80
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SIGMORPHON 2016 Shared Task

[Cotterell et al., 2016]

Morphological (Re-)Inflection (10 Languages) (,f

Taskl: 6erney + pos=N,case=ACC,num=SG — bersieua

Task2: 6erneyammn + pos=N,case=INS, num=PL +
pos=N,case=ACC,num=SG — bersieya
Task3: 6erneyamn + pos=N,case=ACC,num=SG — berseua

Standard Restricted
System Task | Task2 | Task3 ‘| Task 1 | Task2 Task 3 |
LMU-1 L0(95.56) | 1.0(96.35) | 1.0 (95.83) ‘ 1.0(95.56) | 1.0(95.34) | 1.0 (90.95)
LMU-2 2.0(95.56) | 2.0(96.23) | 2.0 (95.83) ‘ 2.0(95.56) | 2.0(95.27) | 2.0 (90.95)
BIU/MIT-1 ‘ 4.2(92.65) | 5.2(77.70) | 3.8 (76.39)
BIU/MIT-2 ‘ 4.2 (93.00) | 4.2 (81.29)
HEL
wsu | aseson |26 LMU+BIU+Helsinki: Neural (seq2seq) +/- aligner
cu 4.6(81.02) | 5.0(Tc vnr o our [T RTTE—
EHU 55(79.24)
g bicichoid B MSU+C0|/NYU rule—based/heu ristics
OsU Tt
uA 46618y | 470 Others external al|gner+WFST/CRF
ORACLEE || 9749 t .
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SIGMORPHON 2016 Shared Task

[Kann and Schuetze, 2016]

Morphological (Re-)Inflection (10 Languages): Neural &
encoder—decoders - 0
1) character-level input: <s>run OUT POS=V OUT NUM=SG -
OUT _TENSE=PRES </s> Output: <s>runs </s>

2) Ensembles of seq2seq (GRUs + soft attention (Bahdanau et al., 2015))
3) Enriching the data with combinations of other (non-lemma) forms

Ekaterina Vylomova, Ryan Cotterell The Secret Life of Words 11 Hosibpst 2020 . 15 /80




SIGMORPHON 2016 Shared Task

[Kann and Schuetze, 2016]

Morphological (Re-)Inflection (10 Languages): Neural (,ﬁ
encoder—decoders » ,,J(f.

1) character-level input: <s>run OUT POS=V OUT NUM=SG

OUT _TENSE=PRES </s> Output: <s>runs </s>

2) Ensembles of seq2seq (GRUs + soft attention (Bahdanau et al., 2015))
3) Enriching the data with combinations of other (non-lemma) forms

T2, given T2, restricted T2, standard
Dataset no. samples  no. samples  factor no. samples factor
Arabic 14,400 28,800 2 458 814 32
Finnish 14,400 28,800 2 116,206 8
Georgian 14,400 28,800 2 196,396 14
German 14,400 28,800 2 166,148 12
Hungarian 21.600 43.200 2 643.630 30
Maltese 21,600 43,200 2 1.629.446 75
Navajo 14,385 28,770 2 160,332 11
Russian 14,400 28,800 2 129,302 9
Spanish 14,400 28,800 2 211030 15
Turkish 14,400 28,800 2 392,136 27
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SIGMORPHON 2016 Shared Task

[Kann and Schuetze, 2016]

Morphological (Re-)Inflection (10 Languages): Neural (,f
encoder—decoders » ,,J(f.

1) character-level input: <s>run OUT POS=V OUT NUM=SG

OUT _TENSE=PRES </s> Output: <s>runs </s>

2) Ensembles of seq2seq (GRUs + soft attention (Bahdanau et al., 2015))
3) Enriching the data with combinations of other (non-lemma) forms

L Task 1 Task 2 Task 3
Arabic 9547%  9738%  96.52%
Finnish 96.80%  97.40%  96.56%

Georgian 98.50% 99.14% 98.87%
German 9580% 9745%  95.60%
Hungarian 9930% 99.67% 99.50%
Maltese 88.99% 88.17% R87.83%
Navajo 91.48%  96.64%  96.20%
Russian 91.46% 91.00% 89.91%
Spanish 98.84%  98.T4%  97.96%
Turkish 98.93% 97.94% 9931%

Table 2: Exact-match accuracy per language for the standard
track of the SIGMORPHON 2016 Shared Task.
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SIGMORPHON 2016 Shared Task

[Kann and Schuetze, 2016]

Morphological (Re-)Inflection (10 Languages): Neural (,f
encoder—decoders » ,,J(f.

1) character-level input: <s>run OUT POS=V OUT NUM=SG

OUT _TENSE=PRES </s> Output: <s>runs </s>

2) Ensembles of seq2seq (GRUs + soft attention (Bahdanau et al., 2015))
3) Enriching the data with combinations of other (non-lemma) forms

Language Task 1 Task2  Task3

Arabic 9547% 91.09% B1R0%
Finnish 96.80% 96.81%  93.18%
Georgian 98.50%  9850% 96.21%
German 95.80% 96.22% 9241%
Hungarian  9930% 99.42% 9837%
Maltese 88.999% B6.88%  B4.25%
Navajo 91.48% 9781% 83.50%

Russian 9146%  90.11%  87.13%
Spanish 98.84% 98.45% 96.69%
Turkish 98.93%  9838%  95.00%

Table 3: Exact-match accuracy per language for the restricted
track of the SIGMORPHON 2016 Shared Task.
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SIGMORPHON 2016 Shared Task

[Aharoni and Goldberg, 2017]
Morphological (Re-)Inflection (10 Languages): Neural /
encoder—decoders -

1) Extract input—output string alignments; 2) Train seq2seq (LSTM-based)
models to learn a sequence of operations (hard monotonic attention)

Tin e n e T b e

Figure 1: The hard attention network architecture.
A round tip expresses concatenation of the inputs
it receives. The attention is promoted to the next
input element once a step action is predicted.
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SIGMORPHON 2016 Shared Task

[Aharoni and Goldberg, 2017]

Morphological (Re-)Inflection (10 Languages): Neural (,ﬁ
encoder—decoders » ,,J(f.

1) Extract input—output string alignments; 2) Train seq2seq (LSTM-based)
models to learn a sequence of operations (hard monotonic attention)

suffixing+stem changes | circ. suffixing+agg.+v.h. c.h. templatic
RU DE ES GE FI TU HU | NA AR MA | Avg.
MED | 91.46 | 95.8 98.84 | 98.5 9547 | 98.93 | 96.8 91.48 | 99.3 88.99 | 95.56
Soft | 92.18 | 96.51 | 98.88 | 98.88 | 96.99 | 99.37 | 97.01 | 9541 | 99.3 | 88.80 | 96.34
Hard | 92.21 | 96.58 | 98.92 | 98.12 | 9591 | 97.99 | 96.25 | 93.01 | 98.77 | 88.32 | 95.61

Table 3: Results on the SIGMORPHON 2016 morphological inflection dataset. The text above each lan-
guage lists the morphological phenomena it includes: circ.=circumfixing, agg.=agglutinative, v.h.=vowel
harmony, c.h.=consonant harmony
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SIGMORPHON 2016 Shared Task

[Aharoni and Goldberg, 2017]

Morphological (Re-)Inflection (10 Languages): Neural &
encoder—decoders - 1,‘/(f.
1) Extract input—output string alignments; 2) Train seq2seq (LSTM-based) '
models to learn a sequence of operations (hard monotonic attention)

Errors

rnagets pos=V,tense=PRS,per=1,num=SG,aspect=IPFV gold: rnsxy predicted: rnsgeto
yBnekaTbcst pos=V,tense=PRS,per=1,num=SG,aspect=IPFV gold: ysnekatocb

predicted: yenekntock

3BaTb pos=V,tense=PRS,per=3,num=SG,aspect=IPFV gold: 308ét predicted: 3aer

Ekaterina Vylomova, Ryan Cotterell The Secret Life of Words 11 Hosibpst 2020 . 21 /80




SIGMORPHON 2016 Shared Task

[Aharoni and Goldberg, 2017]

Morphological (Re-)Inflection (10 Languages): Neural (,f
encoder—decoders - 1,‘/(f.
1) Extract input—output string alignments; 2) Train seq2seq (LSTM-based) '
models to learn a sequence of operations (hard monotonic attention)

Errors
3aTb pos=N,case=GEN,num=PL gold: 3atués predicted: 3qTeii
nepctenb pos=N,case=GEN,num=PL gold: nepctHeii predicted: nepcreee

Tenekamepa pos=N,case=GEN,num=PL gold: Tenekamep predicted: Tenekamopo

The Secret Life of Words 11 Hos6ps 2020 r. 22 /80
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SIGMORPHON 2016 Shared Task

[Aharoni and Goldberg, 2017]

Morphological (Re-)Inflection (10 Languages): Neural L
encoder—decoders - ",‘/(f.
1) Extract input—output string alignments; 2) Train seq2seq (LSTM-based) '
models to learn a sequence of operations (hard monotonic attention)

Errors

nobotpsic pos=N,case=ACC,num=PL gold: nobotpsicoe predicted: nobotpschbl

neBuua pos=N,case=ACC,num=PL gold: neeuy predicted: nsBuua

munuumonep pos=N,case=ACC,num=PL gold: munuymonepos predicted: MunuymoHepsi
csetnsyok pos=N,case=ACC,num=PL gold: ceetnsukos predicted: ceTnsiukm

ckoT pos=N,case=ACC,num=PL gold: ckotos predicted: ckoTbl

c4ét pos=N,case=ACC,num=PL gold: cuera predicted: cuersbl

4
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SIGMORPHON 2017 Shared Task

Universal Morphological Reinflection (52 Languages) (,f i

Taskl: Morphological Reinflection v 1’_«;
Task2: Paradigm Completion o

Sub-task 1 Sub-task 2

lemmasz
lemmay

form
f

lermmay

forms|guess:
orefam)
formalguess:

Train Test
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SIGMORPHON 2017 Shared Task
[Cotterell et al., 2017]

Universal Morphological Reinflection (52 Languages)

3 Settings: Low (100 samples), Medium (1000), High (10,000)
Sampled based on their token frequency in Wikipedia corpus (with

resampling for syncretic slots)

Sub-task 2

Sub-task 1

form ]guz
{gmssg\ﬁorms

[guesss|guess,|

Test

The Secret Life of Words 11 Hos6ps 2020 r.
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SIGMORPHON 2017 Shared Task

[Cotterell et al., 2017]
Universal Morphological Reinflection (52 Languages) L

3 Settings: Low (100 samples), Medium (1000), High (10,000) v
Sampled based on their token frequency in Wikipedia corpus (with
resampling for syncretic slots)

4B

Sub-task 1 Sub-task 2
High Medium Low High Medium Low

Albanian 99.00(UE-LMU)  89.40(CU-1) 3L.00(CU-1) 983S(LMU-2)  8S8I(LMU-1)  66.63(LMU-2)
Arabic 9450(CLUZH-T)  7970(LMU-2)  3700(CLUZH-7) 9548(LMU-2)  9021(LMU-2)  BO43LMU-2)
Armenian 97S0(UE-LMU)  9150(LMU-2)  S870(CLUZH.7) 98.78(LMU-2)  97.77(LMU-2) 93.92LMU-2)
Basque 100.00(UTNIL-I)  89.00(UE-LMU)  20.00(LMU-2) 94 14(LMU-2)  93.02(LMU-2)
Bengali 10000(UELMU)  9900(CLUZH-1) 6800(CLUZH-3) 92.61(LMU-1)  9L72LMU-2)  90.19(LMU-2)
Bulgarian 98.I0(UE-LMU)  8250(LMU-2)  S7.I0(CU-1) S5.93(LMU-2)  55.95(LMU-2)  49.58(LMU-2)
Catalan 98.40(CLUZH-1)  9260(CLUZH-T) 66.40(CU-1) 99.35(LMU-2)  97.06(LMU-2)  94.16(basclinc)
Crech 94.10(UE-LMU)  8630(CU-1) 4400(CLUZHT)  86.00(LMU-1)  S8.61(LMU-2)  34.96(LMU-2)
Danish 94 50(UE-LMU)  8360(LMU-2)  7550(CLUZH-7) 75.74(LMU-2) 71 I5(baseline) 53.11(CU-1)
Dutch 96.90(UE-LMU)  8650(LMU-2)  5360(bascline)  89.30(LMU-2)  86.53(LMU-2)  56.6HLMU-2)
English STAUE-LMU)  9470(LMU-2)  90.60(UA-1) 91.60(baseline) ~ 84.00(bascline) 84.40(CU-1)
Estonian 98.90(UE-LMU)  S240(UE-LMU)  3290(CLUZH.7) 97.90(LMU-2)  9243(LMU-2) 7742(LMU-2)
Faroese §780(CLUZH-7)  68.10(CLUZH.7) 4240(CLUZH-T) TLOOLMU-2) 6831LMU-2) S57.55(LMU-2)
Finnish 95.10(UE-LMU)  7840(UE-LMU)  1970(CLUZH.7)  93.67(LMU-2)  89.48(LMU-2)  76.30(LMU-2)
French 89SO(UE-LMU)  S030(CLUZH-7) 6600(CLUZH-7) 98.83(LMU-2)  9538(LMU-2) 8T45(LMU-2)
Georgian 99.40(LMU-2) 9340(CLUZH-7) 8560(LMU-2)  96.20(LMU-2)  89.67(LMU-2) 86.82(LMU-2)
German 93.00(UE-LMU)  S80.00(CLUZH-4) 68.10(CLUZH-4) §5.88(LMU-2)  77.56(LMU-2)  74.66(LMU-2)
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SIGMORPHON 2017 Shared Task

[Makarov et al., 2017]

Universal Morphological Reinflection (52 Languages): Neural ‘,
encoder—decoders 7
1) (Align & Copy): Based on Aharoni and Goldberg, 2017 ,
2) Extract input—output string alignments (add COPY /edit operations) 2)
Train seq2seq (LSTM-based) models to learn a sequence of operations (hard
monotonic attention)

. ¢ J 1. Hx)—| LSTW
STEP P=i+1 copy L 2. Appendx to output
3= 3. =i+
' || WRITE o Append o to output
v
N e asd WRITEG { 1+ Ho) [ LSTM
P o X L 2. Append o to output
DELETE { 1. i=i+1

- w )
QoD sTOP
(e sigmoid —1Ea, )i fis] s

=ee
t p— .

sl
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SIGMORPHON 2017 Shared Task

[Makarov et al., 2017]
Universal Morphological Reinflection (52 Languages) (_f

3 Settings: Low (100 samples), Medium (1000), High (10,000) v o
Sampled based on their token frequency in Wikipedia corpus (with ‘
resampling for syncretic slots)

1 2 3 4 5 6 7 8 9|1t
1 2 3 4 5 6 7 8 9 10 11 12 13 14 |¢
1 £ 1 (s f 1 o g y
(s) 0 g sy || w P o
-9 -9 -9 B B - - T -} = & = &
m ] ] m o ST = = M m = M M o
. B . B = E E E = B ., O e J J 3
s ww f w1l w o ww g w w wu k| a C o W o W o E
——— S o = R " = =
(s) (sp £ £ 1 1 1 1 e g g e n (s T :
0 0 1 1 2233 4 5 5 6 7 8 |i e g g e n T W
1 2 3 4 5 5 6 7 7|i

Table 1: Examples of generating German “flog” from “fliegen™: HACM (left), HAEM (right). 7 1s the
attention pointer, x; the currently attended lemma character, a the sequence of actions, y the output, ¢ the

index over actions.
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SIGMORPHON 2017 Shared Task

[Gorman et al., 2019]
Error taxonomy

What are common errors that neural systems make?

TARGET = SILLY =+ ALLOMORPHY=® SPELLING

Free variation

Extraction

—  Wiktionary

Ekaterina Vylomova, Ryan Cotterell The Secret Life of Words
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SIGMORPHON 2017 Shared Task

[Gorman et al., 2019]
Error taxonomy J (

What are common errors that neural systems make?

Types of Errors

v Free variation error: more than one acceptable form exists

v Extraction errors: flaws in UniMorph'’s parsing of Wiktionary

v“Wiktionary errors: errors in the Wiktionary data itself

v Silly errors: “bizarre” errors which defy any purely linguistic characterization (“*membled”
instead of “mailed” or enters a loop such as “ynawemaylmyylmyylmyylmyylmyylmyym..." instead
of “ysnewem”)

v~ Allomorphy errors: misapplication of existing allomorphic patterns

v Spelling errors: forms that do not follow language-specific orthographic conventions
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SIGMORPHON 2017 Shared Task

[Gorman et al., 2019]
Error taxonomy (_f

What are common errors that neural systems make? » 12C
L —_— 1
Target Silly Allomorphy Spelling

Language UE-LMU-1 CLUZH-7 UE-LMU-1 CLUZH-7 UE-LMU-1 CLUZH-7
Dutch 8 1 1 19 16 5 7
English 3 0 0 18 18 7 11
Finnish 11 7 7 33 48 0 0
German 3 4 10 54 67 9 9
Hungarian 83 21 9 37 44 1 0
Italian 5 5 1 11 16 0 2
Latin 119 2 0 76 923 0 0
Polish 5 6 3 60 67 2 4
Portuguese 1 1 0 6 7 1 2
Romanian 54 3 5 61 69 1 2
Russia 7 7 0 48 45 23 28
Spanish 7 2 1 12 12 6 6
Total 306 59 37 435 502 55 71
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SIGMORPHON 2017 Shared Task

[Gorman et al., 2019]
Error taxonomy (

What are common errors that neural systems make? ¥ «J(,.

Allomorphy Errors

v Stem-final vowels in Finnish (*pohjanpystykorvojen); Consonant gradation in Finnish (*ei
kiemurda)

v/ Ablaut in Dutch and German (*pront; *saufte)

v“Umlaut (*Einwohnerzéhle, *Férmer), plural suffixes, Verbal prefixes in German (*umkehre)
v Linking vowels in Hungarian (¥*masszazsakbél instead of *masszazsokbdl)

v Yers (*klesek instead of klesk), Genitive singular suffixes in Polish (*izotopa)

v Animacy in Polish and Russian (rpysut vs. marasux in ACC.SG )

v Aspect in Russian (*6ygewb copsath)

v Internal inflection in Russian compounds (*rocymapcrsax-goHopax, *n€rkux npoMblLLIeHHOCTH
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CoNLL-SIGMORPHON 2018 Shared Task

[Cotterell et al., 2018]
Universal Morphological Reinflection (103 Languages) (_f

Taskl: Morphological Reinflection (Low, Medium, High) w2\
Task2: Inflection in Context ‘
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CoNLL-SIGMORPHON 2018 Shared Task

[Cotterell et al., 2018]
Universal Morphological Reinflection (103 Languages) ,

Taskl: Morphological Reinflection (Low, Medium, High) v l_ A\
Task2: Inflection in Context )

High  Medum  Low
96.00/0.08 8664/026 57157100
9507/0.08 $638/027 S7.21/102
966/0.11 6726/088 243/691

3 40797118
2 52600110
3637675
37476,

91§7/023 7640/055 31401216
9LTII016 T0.17/066 23331240
9LI2/0.19 TI38/067 44097168
9052/025 7574/055 25.36/238

0 s 7200109
5268/0.41 6945/079 41617156

77537044

74037054 40287145
60007103 1459/359

1397570
433/500

1 2
tebingen-oslo-01 49.52/167 2097 /281

7242/051 6353/090 3859188

w057/ 9827/ 2
9800/ 0374/ 7488/
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CoNLL-SIGMORPHON 2018 Shared Task

[Cotterell et al., 2018]
Universal Morphological Reinflection (103 Languages)

Taskl: Morphological Reinflection (Low, Medium, High)
Task2: Inflection in Context

C

ol

Pashto

Persian

Polish
Portuguese
Quechua
Romanian
Russian
Sanskrit
Scottish-gaelic
Serbo-croatian
Slovak
Slovene

ina Vylomova, Ryan Co

100.00(waseda-1)
99.90(bme-2)
93.40(uzh-2)
98.60(uzh-2)
99.90(uzh-2)
89.00(uzh-2)
94.40(uzh-2)
96.50(uzh-1)
92.40(uzh-2)
97.10(uzh-1)
97.40(uzh-1)

85.00(uzh-1)
93.40(uzh-2)
82.40(uzh-2)
94.80(uzh-2)
98.90(uzh-1)
77.60(uzh-1)
86.90(uzh-1)
85.90(uzh-2)
94.00(iitbhu-iiith-1)
86.10(uzh-1)
78.60(uzh-1)
86.20(uzh-1)

The Secret Life of Words

48.00(uzh-2)
67.60(uzh-2)
49.40(ua-6)
75.80(uzh-2)
70.20(uzh-2)
46.20(uzh-1)
53.50(uzh-1)
58.00(uzh-1)
74.00(iitbhu-iiith-2)
44.80(ua-3)
51.80(uzh-2)
58.00(uzh-2)
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SIGMORPHON 2019 Shared Task

[McCarthy et al., 2019]
Morphological Analysis in Context and Cross-Lingual Transfer for (_f
Inflection (100 Language Pairs)

Taskl: Cross-lingual Transfer for Morphological Inflection (10k HR +100 LR)
Task2: Inflection in Context

g S/ 2N

Low-resource target training data (Asturian)
facer “fechu™ V;V.PTCP:PST
aguar “agua”™ V:PRS:2:PL:IND

High-resource source language training data
(Spanish)

tocar “tocando™  V;V.PTCP;PRS

bailar “bailaba™  ViPST:IPFV:3:5G:IND
mentir “mintié” V;PST;PFV;3;8G;IND

Test input (Asturian)
baxar V:V.PTCP;PRS
Test output (Asturian)

“baxando”
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SIGMORPHON 2019 Shared Task

[McCarthy et al., 2019]

Morphological Analysis in Context and Cross-Lingual Transfer for (_f
Inflection (100 Language Pairs)

Taskl: Cross-lingual Transfer for Morphological Inflection (10k HR +100 LR)
Task2: Inflection in Context

ol

Team Avg. Accuracy  Avg. Levenshtein
AX-01 18.54 3.62
AX-02 24.99 272
CMU-03 58.79 1.52
IT-IST-01 49.00 1.29
IT-IST-02 50.18 1.32
Tuebingen-017 34.49 1.88
Tuebingen-02f 20.86 236
UAlberta-01% 48.33 1.23
UAlberta-02% 54.75 1.03
UAlberta-03* 8.45 4.06
UAlberta-04+t 11.00 3.86
UAlberta-05* 4.10 3.08
UAlberta-06%{ 26.85 2.65
Baseline 48.55 1.33
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SIGMORPHON 2019 Shared Task

[McCarthy et al., 2019]
Morphological Analysis in Context and Cross-Lingual Transfer for ('f 2
Inflection (100 Language Pairs) wd”0

Taskl: Cross-lingual Transfer for Morphological Inflection (10k HR +100 LR) o
Task2: Inflection in Context

czech-kashubian 5200 TR0 CMU-03 polish—kashubian 740 TR0 CMU-03
czech-latin 84 420 CMU-03 polish—old-church-slavonic 400 380 CMU-03
danish-middle-high-german 72.0 820 it-ist-02 portuguese—russian 275 763 CMU-03
danish-middle-low-german 360 440 ivist-01 romanian—latin 67 413 CMU-03
danish—north-frisian 280 460 CMU-03 russian—old-church-slavonic 340 640 CMU-03
danish-west-frisian 4200 430 CMU-03 russian—portuguese 505 884 CMU-03
danish—yiddish 76.0 670 itist-01 sanskrit-bengali 330 650 CMU-03
dutch-middle-high-german 7600 TEO it-ist-01 fit-ist-02 | sanskrit-pashto 340 430 CMU-03
dutch-middle-low-german 42,00 520 i-ist-02 slovak—kashubian 540 760 CMU-03
dutch—north-frisian 320 460 CMU-03 slovene—old-saxon 106 532 CMU-03
dutch—west-frisian 380 510 i

it-ist-02 sorani-irish 276 663 CMU-03

dutch-yiddish 78.0 640 t-01 spanish—friulian 530 BLO CMU-03
english-murrinhpatha 2200 420 iist-02 spanish—occitan 57.0 7RO CMU-03
english-north-frisian L0 420 CMU-03 swahili—quechua 139 021 CMU-03
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SIGMORPHON 2019 Shared Task

[Anastasopoulos and Neubig, 2019]

Morphological Analysis in Context and Cross-Lingual Transfer for (_f
Inflection (100 Language Pairs)

Taskl: Cross-lingual Transfer for Morphological Inflection (10k HR +100 LR)
Task2: Inflection in Context

g S/ 2N

Model Accuracy Median
Wu and Cotterell (2019) 48.5 45.5
this work 48.8 67.0
+H 60.1 66.6
+H+ L 60.8 66.0
+multi-language transfer 63.8 64.0
oracle 68.2 74.0

Table 1: Macro-averaged accuracy over 100 language
test pairs. Our best model outperforms the baseline by
15 percentage points.
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SIGMORPHON 2019 Shared Task

[Anastasopoulos and Neubig, 2019]

Morphological Analysis in Context and Cross-Lingual Transfer for (_f
Inflection (100 Language Pairs) PO
Taskl: Cross-lingual Transfer for Morphological Inflection (10k HR +100 LR) o
Task2: Inflection in Context

agua
Ply;---ve)
Tsoftrnax

S1°:-8k  —— 5|8
T decoder T

¢ el oy
attention ‘[ Taucmion
hi .- b, hi---hy
T encoder Tcncodcr
LI I¥] Xy Xy
V PRS 2 PL IND aguar

The Secret Life of Words 11 Hos6ps 2020 r. 40 /80

Ekaterina Vylomova, Ryan Cotterell



SIGMORPHON 2019 Shared Task

Morphological Analysis in Context and Cross-Lingual Transfer for

Inflection (100 Language Pairs)
Taskl: Cross-lingual Transfer for Morphological Inflection (10k HR +100 LR)
Task2: Inflection in Context

[Anastasopoulos and Neubig, 2019]

(@

ol

rina Vylomova, Ryan Cot

Original triple
lemma

+V;2;5G; IPFV;PST

stem stem

e, —

TepaKkdpTTo
| | :|: H"
Vo i\
N "

MupéRaumTES

Hallucinated
lemma
4+V;2;SG; IPFV;PST

nEpakdpotw
TEpEKUPNOTES

Figure 2: Example of our hallucination process
(Greek). The lemma and inflected forms are aligned at
the character level. The inside of stem-considered parts
(highlighted) are substituted with random characters,
creating hallucinated triples (bottom).

The Secret Life of Words
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SIGMORPHON 2020 Shared Task

SIGMORPHON Shared Task 2016-2019

PLAY + PRESENT PARTICIPLE — playing ¥ ‘I_J(,.
played + PRESENT PARTICIPLE — playing o
Lemma Tag Form
RUN PAST ran
RUN PRES;1SG  run
RUN PRES;25G run
RUN PRES;35G  runs
But much less well gU% EEFE_SI_;PL run 2018 :~ 96% accuracy on avg.
in low-resource setting v TUNNINE S high-resource setting
The Secret Life of Words 11 Hosbps 2020 r. 42 /80



Increasing Multilinguality

THE BABEL FISH

',’“-".r.( Feiart
P

e

o pe¥lies

i
X! fnk 'y

PR T L

o d e oy

-
F I |
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Languages differ in many ways!

£ -

Some exhibit rich grammatical case systems (e.g., 12 in Erzya and 24 in Veps)

KLY s Fs &
. & Q&% w . SESFF e
4(;4 PN \\ Z thf'é‘“ &
1 % = of & o :
. A% \\\ . (7866 &
O o

A

e AN Some mark possessiveness '«
.r,;%‘m ¥ a®
ol 4 W \‘“'3'-4;‘53\,
g FaN gat™ an
T ) Lt 11‘"'6\
.-.,(,:"'f , '“;;._,sga:' b

Others might have complex verbal morphology (e.g., Oto-Manguean languages)

MO oilgy R Y Vi L polish
Buryal __._‘—_jj—_"————._f-' "_,l'. Vol L Macsdonan
Mari f o " _ Bugaran
emi - I e 1 [ [ i O Chueeh Siavonic

Even “decline” nouns for tense (e.g., Tupi—-Guarani languages)

Ekaterina Vylomova, Ryan Cotterell The Secret Life of Words
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Languages differ in many ways!

Let's Discuss The Following Dimensions: ] (,f

Fusion

Inflectional Synthesis

Position of Case Affixes
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Fusion (WALS 20A)

Ekaterina Vylomova, Ryan Cotterell

*o 0

o

[ ]
® ®
[ ]
® LN
©
19} ) Y
o
@
® o

Exclusively concatenative
Exclusively isolating
Exclusively tonal
Tonalisolating
Tonal/concatenative
Ablauticoncatenative

Isolating/concatenative

The Secret Life of Words
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Fusion (WALS 20A)

L ]
From isolating to concatenative - e o
Concatenative morphology is the most common system
- L ] L ry
L P e a . e a ‘ -O- N .
Non-linearities such as ablaut or tonal morphology can also be present
4 2 2GS ey,
\ o \l- n‘.o. ] ;
Isolating languages: the Sahel Belt in West Africa, Southeast Asia and the Pacific
T . : -
4
@ L]

Tonal—-concatenative morphology can be found in Mesoamerican languages
° Exclusively concatenative 125

Exclusively tonal 3

LK 2

Tonallsolating 1
* Tonal/concatenative 2
Ablauticoncatenative 5

Isolating/concatenative 13
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Inflectional Synthesis of the Verb (WALS 22A)

() 0-1 category per word 5
) 2:3 categorles per word 2
o 4-5 categorles per word 52
) 6-7 categories per word 31
) 8.9 categories per word 2
[} 10-11 categories per word 7
) 12-13 categories per word 2

«4O>» «Fr «=)r» «E)>»

DAy
11 Hosbps 2020 r. 48 /80



Inflectional Synthesis of the Verb (WALS 22A)

-

Analytic expressions are common in Eurasia

@

Synthetic expressions are used to a high degree in the Americas

>

{ &)

Ekaterina Vylomova, Ryan Cotterell

e

@

0-1 category per word
2.3 categories per word
4-5 categorles per word
6-7 categories per word
8-9 categorles per word
10-11 categories per word

12-13 categories per word

The Secret Life of Words

,\'.(,"..'

e
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Position of Case Affixes (WALS 51A)

Ekaterina Vylomova, Ryan Cotterell

*o 0

Case suffixes

Case prefixes

Case tone

Case stem change

Mixed morphological case
Postpositional clitics
Prepositional cltics
Inpositional cliics

The Secret Life of Words
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Position of Case Affixes (WALS 51A)

L ]
b R a L] L a
Can variably surface as prefixes, suffixes, infixes, or circumfixes .
a & . aF a . v

Yy
Sufﬁxatlon Most Eura5|an and Australian languages

o®
a Yila e oo Woip.
to a lesser extent in South American and New Guinean languages
T g " I =0 ~
e LT g
Prefixation:Mesoamerican languages and African languages spoken below the Sahara

4 [} ".' \ X

-

@  Casesufiies 452

Case prefixes 38
® Casetone 5
Case stem change 1
Mixed morphological case 9
Postpositional clitics 123

Prepositional cltics 17

*o 0

Inpositional clitics g
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Language-Specific Biases

As Bender(2009, 2016) notes architectures and training and tuning (,f
algorithms still present language-specific biases
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SIGMORPHON 2020 SHARED TASK 0

As Bender(2009, 2016) notes architectures and training and tuning (,f
algorithms still present language-specific biases v ,(J(f.

Let's focus on typological diversity and aim to investigate systems’ ability to
generalize across typologically distinct languages!

Ekaterina Vylomova, Ryan Cotterell

The Secret Life of Words 11 Hosbps 2020 r. 53 /80



SIGMORPHON 2020 SHARED TASK 0

As Bender(2009, 2016) notes architectures and training and tuning (,f
algorithms still present language-specific biases v ,(J(f.

Let's focus on typological diversity and aim to investigate systems’ ability to
generalize across typologically distinct languages!

4

If a model works well for a sample of IE languages, should the same model
also work well for Tupi—Guarani languages?
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2020 Shared Task on Reinflection

90 Languages from 13 languages families

11 Hosibps 2020 r.
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Three Phases

Development

2 months; train & dev: 45 languages from 5 families (Austronesian, Niger-Congo, Oto-Manguean,
Uralic, IE)

v

Generalization

1 week; train & dev: 45 languages from 10 families ( Afro-Asiatic, Algic, Dravidian,
Indo-European, Niger-Congo, Sino-Tibetan, Siouan, Songhay, Southern Daly, Tungusic, Turkic,
Uralic, and Uto-Aztecan)

Evaluation

1 week; test: all 90 languages
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Data

Preparation

v“Manually converted their features (tags) into the UniMorph format
v Canonicalized (https://github.com/unimorph/um-canonicalize) the converted language
data

Splitting

v Used only noun, verb, and adjective forms to construct training, development, and evaluation
sets.

v“Randomly sampled 70%, 10%, and 20% for train, development, and test, respectively.

v“Zarma, Tajik, Lingala, Ludian, Maori, Sotho, Véro, Anglo-Norman, and Zulu contain less than
400 training samples
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https://github.com/unimorph/um-canonicalize

Systems: Baselines

Non-neural
Simple alignment-based as in previous years (Cotterell et al., 2017;2018) J
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Systems: Baselines

Neural

v"Neural transducer (Wu et al, 2019), which is essentially a hard monotonic attention model
(mono-*)

v Transformer adopted for character-level tasks Wu et al, (2020; trm-*), SoTA on ST 2017
+ data augmentation technique used by Anastasopoulos et al. (2019;-aug-)

+ family-wise shared parameters (*-shared)

Team Description System Model Features
Neural ‘ Ensemble ‘ Multilingual ‘ Hallucination
mono-single v’
. mono-aug-single v’ v’
Baseline | wu2019exact mono-shared v v
mono-aug-shared v’ v’ v’
trm-single v’
. trm-aug-single v’ v’
wu20202pplying trm-shared v’ v’
trm-aug-shared v’ v’ v’
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Systems: Teams

10 teams submitted 22 systems in total, out of which 19 were neural

Team Description System Model Features
Neural ‘ Ensemble ‘ Multilingual ‘ Hallucination
cmu_tartan_00-0 v’ v
CMU Tartan Jayarao et al.(2020) 223_5211:::_82:(1) 5 v 5
cmu_tartan_01-1 Vv v’ v
cmu_tartan_02-1 v v’ v’
CU7565-01-0
CU7565 ‘ Beemer et al. (2020) ‘ CUTE65-02-0 ‘ ‘ ‘ ‘
CULing | Liu et al. (2020) | CULing-01-0 | v | |
. deepspin-01-1 v’ v’
DeepSpin ‘ Peterset al. (2020) ‘ deepspin-02-1 ‘ v v
. ETHZ00-1 v’ v’
ETH Zurich ‘ Forster et al. (2020) ‘ ETHZ02-1 ‘ v ‘ ‘ v ‘
Flexica Scherbakov (2020) EZEZZ:E;:? v v
flexica-03-1 v’ v’ v’
IMS | Yu et al. (2020) | IMS-00-0 | v | | v
LTI | Murikinati et al. (2020) | LTI-00-1 | v | v | v
NYU-CUBoulder-01-0 v’ v’
. NYU-CUBoulder-02-0 v’ v
NYU-CUBoulder | Singer et al. (2020) NYU-CUBoulder-03-0 v v
NYU-CUBoulder-04-0 v’ v’
uluc | Canby et al. (2020) | wiuc-01-0 | v |

Ekaterina Vylomova n Cotterell
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Systems: Description (* — winning system)

Improving neural baselines

v *UIUC: transformers with synchronous bidirectional decoding technique (Zhou et al.,2019)
and family-wise fine-tuning

v ETH Zurich: exact decoding strategy that uses Dijkstra's search algorithm

Improving previous years’ models: Hard Monotonic Attention

v'IMS: L2R+R2L models with a genetic algorithm for ensemble search and data hallucination
v Flexica:multilingual (family-wise) model with improved alignment strategy
+ new data hallucination technique based on phonotactic modelling
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Systems: Description (* — winning system)

Improving their 2019 models

v LTI: multi-source encoder—decoder with two-step attention architecture + cross-lingual
transfer+ data hallucination 4+ romanization of scripts

v *DeepSpin: massively multilingual (all languages) gated sparse two-headed attention model
with sparsemax

+ 1.5-entmax

Transformer vs. LSTMs

v'CMU Tartan: compared trasformer- and LSTM-based encoder—decoders trained mono- and
multilingually with data hallucination
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Systems: Description (* — winning system)

Ensembles of Transformers

v'NYU-CUBoulder: compared vanilla and pointer-generator (monolingual) transformers

+ ensembles of three and five pointer-generator transformers + data hallucination (less than
1,000 samples)

v *CULing: ensemble of three (monolingual) transformers + augmented the initial input (that
only used the lemma as a source form) with entries corresponding to other (non-lemma) slots
(reinflection) to improve learning of principal parts of paradigm
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Systems: Description (* — winning system)

Non-neural systems

v CU7565: manually developed finite-state grammars for 25 languages

+ hierarchical paradigm clustering (based on similarity of string transformation rules)

v Flexica: a method similar to Hulden (2014) but with transformation rules treated
independently and assigned a score based on their frequency, specificity and diversity of
surrounding characters
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Evaluation

v Per-language accuracy
v Per-language Levenstein distance
v Takes into account the statistical significance of differences between systems

Ranking

Any system which is the same (as assessed via statistical significance) as the best performing one
is also ranked 15t for that language.

For genus/family:

We aggregate the systems’ ranks and re-rank them based on the amount of times they ranked
15t 2nd etc.

Ekaterina Vylomova, Ryan Cotterell The Secret Life of Words
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Results: 4 winning systems (outperform

Ekaterina Vylomova, R

baselines)

uiuc-01-0 | 24 | 905
deepspin-02-1 2.9 | 90.9
BASE: trm-single | 2.8 | 90.1
CULing-01-0 32 |91.2
deepspin-01-1 | 38 | 905
BASE: trm-aug-single 3.7 | 90.3
NYU-CUBoulder-04-0 | 7.1 | 88.8
NYU-CUBoulder-03-0 8.9 | 88.8
NYU-CUBoulder-02-0 | 8.9 | 88.7
IMS-00-0 10.6 | 89.2
NYU-CUBoulder-01-0 | 9.6 | 88.6
BASE: trm-shared 103 | 85.9
BASE: mono-aug-single | 7.5 | 88.8
cmu_tartan_00-0 8.7 | 871
BASE: mono-single ‘ 7.9 | 85.8
cmu_tartan_01-1 9.0 | 87.1
BASE: trm-aug-shared | 12.5 | 86.5
BASE: mono-shared ~ 10.8 | 86.0
cmu_tartan_00-1 | 9.4 | 865
LTI-00-1 12.0 | 86.6
BASE: mono-aug-shared ‘ 12.8 | 86.8
cmu_tartan_ 02-1 10.6 | 86.1
cmu_tartan_01-0 | 10.9 | 86.6
flexica-03-1 16.7 | 79.6
ETHZ-00-1 | 201 | 756
*CU7565-01-0 24.1 | 90.7
flexica-02-1 | 171 | 785
*CU7565-02-0 19.2 | 836
ETHZ-02-1 | 17.0 | 80.9
flexica-01-0 24.4 | 70.8
Oracle (Baselines) 96.1
Oracle (Submissions) 97.7
Oracle (All) 97.9
The Secret Life of Words
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Results: 4 winning systems (outperform baselines)

uiuc-01-0 | 2.4 ‘90,5

The baselines and the submissions are complementary

dAeancnin-N1-1 | 22 lans

adding them together increases the oracle scored

NYU-CUBoulder-03-0 89 | 88.8
NYU-CUBoulder-02-0 | 8.9 | 88.7
IMS-00-0 106 | 89.2
NYU-CUBoulder-01-0 | 9.6 | 88.6
BASE: trm-shared 10.3 | 85.9
BASE: mono-aug-single | 7.5 | 88.8

cmu_tartan_00-0 87 | 871
The largest gaps in oracle systems are observed in Algic, Oto-Manguean
DACE: wmann chaend 100 | 0an

Sino-Tibetan, Southern Daly, Tungusic, and Uto-Aztecan families

BASE: mono-aug-shared | 12.8 | 86.8
cmu_tartan_02-1 10.6 | 86.1
cmu_tartan_01-0 | 10.9 | 86.6

flexica-03-1 167 | 79.6
ETHZ-00-1 | 201 | 756
*CU7565-01-0 241 90.7
flexica-02-1 | 171 | 785
*CU7565-02-0 19.2 | 836
ETHZ-02-1 | 17.0 | 80.9
flexica-01-0 24.4 | 70.8
Oracle (Baselines) 96.1
Oracle (Submissions) 97.7

Oracle (All) 97.9
S
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Accuracy by language averaged across all submissions

Accuracy on D L
100
80
= IndoEuropean
g = NigerCongo
5 = OtoManguean
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100
= IndoEuropean
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m SinoTibetan
g Algic
5 60 W Siouan
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- Altaic
- AfoAsiatic
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Accuracy by language averaged across all submissions

Accuracy on D L

A significant effect of dataset size was observed

Al TRV | TR FLTIL O AR |

Relatively easy: Austronesian and Niger-Congo ‘
| .

Accuracy on Generalization (Surprise) Languages

Difficult: some Uralic and Oto-Manguean languages

aka ang azg ceb cly cpa cl.p con dan deu eng est fin frr gaa gmh Wl sl Gh kon K lin v g mao mal mhr mig myv nob nya ofe otm pei sme sob swa swe tgl vep vor xiy zpv zul

= IndoEuropean

= NigerCongo

= OtoManguean

e Austronesian
Uralic

= indoEuropean

= NigerCongo

= Dravidian

m SinoTibetan
Algic

= Siouan

== Songhay

- Altaic

- AfroAsiatic

= SouthernDaly

Uralic

ast aze bak ben bod cat cre crh dak dje evn fas frm fur glg gml gsw hin kan kaz kir kih kpv Ild lud mit mwf nld nno olo ood orm pus san sna syc tel tgk tuk udm uig urd uzb vec vro xno
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Questions Addressed in Papers

Is developing morphological grammars manually worthwhile? J | .
i

CU7565 manually designed finite-state grammars for 25 languages

v Paradigms of some languages were relatively easy to describe but neural networks also
performed quite well

v For Ingrian and Tagalog (LRL) grammars demonstrate superior performance but this comes at
the expense of a significant amount of person-hours
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Questions Addressed in Papers

—~—

w2
v“Hallucinated data highlighted its utility for LRLs.
v~ Augmenting the data with tuples where lemmas are replaced with non-lemma forms and their
tags
v Multilingual training
v Ensembles

What is the best training strategy for low-resource languages? J ‘
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Error Analysis

Systematic Errors: ) Lf

ik,

Data Inconsistency

The train, development and test sets contain 2%, 0.3%, and 0.6% inconsistent entries

Highest rates: Azerbaijani, Old English, Cree, Danish, Middle Low German , Kannada,
Norwegian Bokmal, Chichimec, and Veps
Dialectal variations in Finno-Ugric and Tungusic
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Language-Specific Errors

Algic (Cree) ] {

i,

Mean accuracy across systems was 65.1% (41.5% to 73%)

v Struggled with the choice of preverbal auxiliary ( ‘kitta’ could refer to future, imperfective, or
imperative)

v The paradigms were very large, there were very few lemmas (28 impersonal verbs and 14

transitive verbs

Shre Lb Pode ar 4-rdt: ol
Aed PP PPt Vb, PC ballose P awad P DU-
adnd PC DNAPSSe. VUALY PC a- dPbUe DC 7P%, b
a¢ 4o PP Prdt. Ve dom b PPt 9 DR ALNYSS
Bl >onladd o Lredliscda b OF S>oe(Ldbe
b Leadidor.  ®vhaL barav-Ae* N AXAEY, Lb
CANPea? Lisaw DM Po P/ DUaAA?, Ta JbNCas,
Fe PUA(IFA2, bPa. VP,
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Language-Specific Errors

Niger-Congo ) Lf
X

Mean accuracy across systems was very good at 96.4 (62.8% to 100%)
v“Most languages in this family are considered low resource, and the resources used for data
gathering may have been biased towards the languages’ regular forms
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Language-Specific Errors

Sino—Tibetan (Tibetan) J L )

v“Majority errors are related to allomoprhy
v“Nonce words and impossible combinations of component units (Di et al., 2019)

Top Com nt :Va“’el

Prefix —:l

—— | Second suffix
Base Componen \

Down /

Component

First suffix
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Language-Specific Errors

Tungusic (Evenki) | {

Mean accuracy across systems was average at 53.8% (43.5% to 59.0%)
v The dataset was created from oral speech samples in various dialects of the language; there
was little attempt at any standardization in the oral speech transcription

v Annotation: various past tense forms are all annotated as PST, or there are several comitative
suffixes all annotated as COM

v Annotation: some features are present in the word form but they receive no annotation at all
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Conclusion

AND.... TO CONCLUDE: J (

v Submissions were able to make productive use of multilingual training

v“Data augmentation techniques such as hallucination helped

v~ Combined with architecture tweaks like sparsemax, it resulted in excellent overall performance
on many languages

v Some morphology types and language families (Tungusic, Oto-Manguean, Southern Daly) are
still challenging

v“In some languages (Ingrian, Tajik, Tagalog, Zarma, and Lingala) hand-encoding linguist
knowledge in finite state grammars resulted in best performance
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Conclusion

AN Some Linguistic Analysis: [
v \l4,

-

" Modeling morphological learning, typology, and change:
+ Submi What can the neural sequence-to-sequence framework contribute?

v“Data i (Elsner, Sims et al, 2019) ch as hallucination helped
v~ Combined with architecture tweaks like sparsemax, it resulted in excellent overall performance
on many languages

v Semn marnhalams funne and |anguage families (Tungusic, Oto-Manguean, Southern Daly) are
till Some Linguistic Analysis:

+ In Lexical databases for computational analyses: 3, and Lingala) hand-encoding linguist
knov A linguistic perspective mmars resulted in best performance

(Malouf, Ackerman, Semenuks, 2020)
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Conclusion

SIGMORPHON-UNIMORPH 2021 Shared Task! Please Join!

| -
w2
v’ Part 1: Generalization Across Languages (focusing on under-resourced languages; extracting

data fom FSTs (e.g., Apertium) and grammar books)
v/ Part 2 (with Ben Ambridge): Human-like Generalization: “wug” tests across languages
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Thank you! Questions?
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