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-rom standardized language...
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-Variety of genres
-Variety of domains
-Spectrum of formality

https://readandsurvive.com/2014/07/09/how-to-stop-evil-malchiks/
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|_Inguistic iInnovation: What

 Non-standard, novel linguistic items...

Lexical: new word forms (brony)
Morphological: new morphemes (-gate) or derivatives (prolifeness)

Orthographic: non-standard spellings (Znite)
e ... before they become attested (tweet)

 People can infer their meaning, but NLP systems largely treat them as
noise



|_Inguistic Innovation: How

Q1: How do people process non-standard items?

Shared knowledge or perception: 2 = ‘two’ = /tu/

Compositionality: Znite = ‘two’ + ‘nite’ = /tu/ + /natt/ = [tenart/
antivehicleness= ‘anti’ + ‘vehicle’ + ‘ness’

Q2: How can we get our NLP systems to that level?

Text normalization: Znite — tonight (Baldwin et al., 2015: W-NUT shared task)
Improving robustness to noise & ‘noise’ (Li et al., 2019: WMT shared task)

Maybe we can encode creative reasoning into them?



|_Inguistic iInnovation: Why

e Creativity: expressing
extralinguistic information

https://www.myfonts.com/fonts/vic-fieger/kremlin-pro-new/

 Necessity: bypassing

constraints or lack of tools
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Privet,
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*PSPIP». Unicode) eR" L
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https.//ktonanovenkogo.ru/image/krakozyabry-kodirovka.png
https://www.lovelylanguage.ru/for-kids/alphabet/499-english-transliteration
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INnformal romanization

e Romanization: rendering non-Latin-script languages in Latin alphabet

e [nformal: used online, arises out of Unicode/keyboard issues

Russian HEe/10BEK chelovek, 4elovek, cedloBexk, ...
Arabic Chw saba7, sba7, sabah, ...
Greek GEVOG xenos, ksenos, 3enos, ...



INnformal romanization

e |diosyncratic representation: character subsititutions up to the user

Substitution choices can convey social meaning (Nguen et al., 2021)

Russian HEe/10BEK chelovek, 4elovek, cedloBexk, ...
Arabic Chw saba7, sba7, sabah, ...
Greek GEVOG xenos, ksenos, 3enos, ...



INnformal romanization

e |diosyncratic representation: character subsititutions up to the user

Substitution choices can convey social meaning (Nguen et al., 2021)

 Most substitutions are based on phonetic or visual similarity
[but not all: b—’, 8—u (Chalamandaris et al., 20006)]

Russian Jes1oBeK chelovek, 4elovek, ceJloBex, ...
Arabic Lo saba’, sba7, sabah, ...
Greek EEVOC xenos, ksenos, 3enos, ...



Pnonetic romanization

e \What does it mean for two characters to be phonetically similar?

bag g/

cage /olg/kGg e T
genre  [z] 7
gnome |/

 Thisis justin one language each!

repou
KOYI
MSIFTKUU

CeroaHs



Pnonetic romanization

e \What does it mean for two characters to be phonetically similar?

e (Qut-of-context grapheme-phoneme association: r~/g/—g

Every letter makes a sound:
‘A’ says /e1/!I”

*and /a/

hitps://www.youtube.com/watch?v=FFhHG6576psw



https://www.youtube.com/watch?v=FFhH6576psw

Pnonetic romanization

e \What does it mean for two characters to be phonetically similar?
o (Qut-of-context grapheme-phoneme association: r~/g/—g

« Phoneme produced in context: il /enti/—=enty, ¢ buw /sabah/—saba7

11



Visual romanization

Broad similarity between glyph shapes a~/a/—>a, r~/g/—>r
Single characters can map to bi-/trigraphs bI— Dl >K—>}|{

Can be conditioned on a transformation ¢ =3, NV

¢

Can be applied to a part of a glyph | — D

12



Character alignment

 Monotonic alignment that depends on the writing system of the language

Abjac Abugida
Alphabet (consonantal) (alphasyllabary)
as S
XOPOLLO krym 23BN
X0orosho kareem belagitu

~ One-10-one ~ one-to-one + null ~ one-to-many

13



Task framing

e Convert romanized text to the conventional orthography of the language

Russlan

—gyptian
Arabic

Kannada

KOHIpecc He oaobpun brog)xeT

0 S 8 e 5,5 elle sacla L]

ST 2333

14

i kongress ne odobril biudjet |

lana h3dyy 3lek bokra 3la 8 kda

mana belagitu




Outline

e Part 2: Unsupervised WFEST (Ryskina et al., ACL 2020)

Proposed model and parameterization

Similarity-based inductive bias

e Part 3: Unsupervised seg2seq, error analysis (

Seg2seqg model and combining it with the WFEST

Data and experimental results

Comparative error analysis

15
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Task framing

e Convert romanized text to the conventional orthography of the language

Russian

—gyptian
Arabic

Kannada

KOHIpecc He oaobpun brog)xeT

0 S 8 e 5,5 elle sacla L]

ST 2333

atent
(what they meant)

16

i kongress ne odobril biudjet |

lana h3dyy 3lek bokra 3la 8 kda

mana belagitu

observed
(what they typed)



Task framing

o Parallel data does not occur naturally = unsupervised learning

e Perceptions of similarity are shared across users and even languages!

- But does it mean we can train language-independent models? x

Linguistically Naive != Language Independent:
Why NLP Needs Linguistic Typology

Emily M. Bender
University of Washington
Seattle, WA, USA
ebender@u.washington.edu

M Ryskina, MR Gormley, T Berg-Kirkpatrick. Phonetic and Visual Priors for
Decipherment of Informal Romanization. ACL 2020.
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Task framing

o Parallel data does not occur naturally = unsupervised learning

e Perceptions of similarity are shared across users and even languages!

But does it mean we can train language-independent models” x

 Hypothesis: inductive bias encoding these similarity notions provides signal
that can somewhat approximate human supervision

We rely on manually-curated resources to operationalize it

M Ryskina, MR Gormley, T Berg-Kirkpatrick. Phonetic and Visual Priors for
Decipherment of Informal Romanization. ACL 2020.

18



Decipherment

e Can be viewed as a decipherment task (Knight et al., 20006)

...When | look at an article in Russian, | say: "This is really written in English,
but It has been coded In some strange symbols. | will now proceed to decode.”

— Warren Weaver, 1947

19



Decipherment

e Can be viewed as a decipherment task (Knight et al., 20006)

..When | look at an article in romanized Russian, | say: "This is really written in
Cyrillic, but it has been coded in some strange symbols. | will now proceed to
decode.”

— Warren Weaver, 1947

atent observed
plaintext ciphertext
NnamATb - Noisy channel - |pamyat

“‘
~ .
~4 -
~ -
~ -
~o -
~ -
-~ -
~ -
-~ -
~ -
~ -
- -
- -
.......
- -
_____
- -
---------
-----
________
--------------------
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Noisy-channel model

1= (@) @ W @ @O 6
weered 1= B) @ @ @ @ @

transition probabilities prior on parameters
eeeeeeeee



Noisy-channel model

aon 1= () (@) () ) (@) &
alignment a =
wenes 7= (@) @ @ @

ZP aW 7“‘” a, ‘9) pprior(HSOé)

/ | \
all possible / emission probabilities

native script transition probabilities prior on parameters
sequences and

alignments
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Noisy-channel model

23



Phonetic plas

 Phonetic priors: mappings off phonetic keyboard layouts

e Sl el Syl el Coe| cel Ty
ackspace
RAREE PP AR
'\;5 ~d A £
g B E P T bl y M O n LU UI £3 o o° 3 3 od ) o9 0
A S D F G H J K L i e3 3 3| ow & &9 gqo » ¢
All cll all ol r|l 4yl a4l k|l 7 i o 3| gl e 8 B 8 8 o

3 e3 €9 23 o co %

e S

Esc
Tab

Caps

Shift . \ | / A shit Del

Fn  Ctrl am Alt atcr Ctrl < v D =

https://en.wikipedia.org/wiki/Phonetic _keyboard layout,
24 https://arabic.omaralzabir.com/, http://kaulonline.com/uninagari/kannada/
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Phonetic plas

 Phonetic priors: mappings off phonetic keyboard layouts

- One-to-one mapping constraints lead to spurious mappings

i S €9 Oyl | TOoe|l Ce

ca el
PP '

9

e

. QS
£

aa@'é’
4
at&ea’
€,

¢J €9 23 £ ole) A

Control

A shit Del

ater Ctrl € WV D> B

https://en.wikipedia.org/wiki/Phonetic _keyboard layout,
25  https://arabic.omaralzabir.com/, http://kaulonline.com/uninagari/kannada/
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Visual blas

e Visual priors: mappings off the Unicode Y ¥ Y Y YV VY y
COnfusableS I|St 0079 0263 028F 03B3 0443 04AF 10E7

LATIN LATIN LATIN GREEK CYRILLIC CYRILLIC GEORGIAN
SMALL SMALL LETTER SMALL SMALL SMALL LETTER QAR
LETTER LETTER SMALL LETTER LETTERU LETTER

. . Y GAMMA CAPITAL GAMMA STRAIGHT
- Designed to combat spoofing attacks - -
PP 2 P P P P
0070 03C1 03F1 0440 2374 2CA3 1D429
LATIN GREEK GREEK CYRILLIC APL COPTIC MATHEMATICAL

SMALL SMALL RHO SMALL FUNCTIONAL SMALL BOLD SMALLP
LETTER LETTER SYMBOL LETTER  SYMBOL LETTER
P RHO ER RHO RO

Sigtyp.Io Sigtyp.Io

26 https://util.unicode.org/Unicodedsps/confusables.|jsp



https://util.unicode.org/UnicodeJsps/confusables.jsp

Visual blas

* Visual priors: mappings off the Unicode .y ¥y Y Y .y Y y
COnfusableS I|St 0079 0263 028F  03B3 0443 04AF 10E7

LATIN LATIN LATIN GREEK / CYRILLIC CYRILLIC GEORGIAN
SMALL SMALL LETTER SMALL/ SMALL SMALL LETTER QAR
LETTER LETTER SMALL LETTER LETTERU LETTER

: _ Y GAMMA CAPITAL GAMMA STRAIGHT
- Designed to combat spoofing attacks 0
-"0070 03Cl1  03F1 0440 2374 2CA3 1D429
LATIN GREEK GREEK CYRILLIC APL COPTIC MATHEMATICAL

SMALL SMALL RHO  SMALL FUNCTIONAL SMALL BOLD SMALLP
LETTER LETTER SYMBOL LETTER  SYMBOL  LETTER
P RHO S . ER RHO RO

4 ¢'
L4 "
"O ”'ﬁ
4 ¢'
® ‘ - o o o

The site you just tried to visit looks fake. Attackers
e S T . sometimes mimic sites by making small, hard-to-see
? E“ . “-‘ ' changes to the URL.
SIGTYP

THIS IS THE WEBSITE OF THE ACL SPECIAL INTEREST GROUP ON TYPOLOGY (SIGTYP)

27 https://util.unicode.org/Unicodedsps/confusables.|jsp



http://xn--sigt-j6dr.io
https://util.unicode.org/UnicodeJsps/confusables.jsp

Visual blas

e Visual priors: mappings off the Unicode Y ¥ Y Y YV VY y
COnfusableS I|St 0079 0263 028F  03B3 0443 04AF 10E7

LATIN LATIN LATIN GREEK CYRILLIC CYRILLIC GEORGIAN
SMALL SMALL LETTER SMALL SMALL SMALL LETTER QAR
LETTER LETTER SMALL LETTER LETTERU LETTER

. . Y GAMMA CAPITAL GAMMA STRAIGHT
- Designed to combat spoofing attacks 4 -
PP € P P p P
- Hardly any mappings for Arabic and Kannadal LATN GREEK GREEK CYRILLIC  APL  COPTIC MATHEMATICAL

SMALL SMALL RHO SMALL FUNCTIONAL SMALL BOLD SMALLP
LETTER LETTER SYMBOL LETTER  SYMBOL LETTER

P RHO ER RHO RO
Fully visual Fully phonetic
O CTIUIIEEER LI AL | XITIEEEIIESE L SUITEELER .
Russian Arabic Kannada

28 https://util.unicode.org/Unicodedsps/confusables.|jsp



https://util.unicode.org/UnicodeJsps/confusables.jsp

Informative priors

e Use mappings of similar characters as priors on emission parameters

29

0 ~ Dir(«)

6—Db
6—6
B—B
0—0



Informative priors

e Use mappings of similar characters as priors on emission parameters

0 ~ Dir(«)
6 6—-b w0—I0O
B 6—/6 bI—Dbl
O D B—B

0—0
bl
10

30



Noisy-channel model

e Representing latent alignments via insertions and deletions

Natural match for null alignments, but will be used for character n-grams too!

Insertion deletion

latent = ( N d M H € T b

weres 1= () @ @ @ @ © @©

p(r) = ZP(”? ) - p(rn; 0) - pprior (05 @)

n / ' \
emission probabilities

transition probabilities prior on parameters

31



Proposed WFEST

e Transition WFSA T
- 6-gram LM built with OpenGrm (Roark et al., 2012)

32



Proposed WFEST

e Transition WFSA T
o6-gram LM built with OpenGrm (Roark et al., 2012)

e Emission WFST £

Needs to support insertions and deletions

33



Proposed WFEST

e Transition WFSA T
o6-gram LM built with OpenGrm (Roark et al., 2012)

e Emission WFST £

Needs to support insertions and deletions

* |nput/output acceptors A

34



Proposed WFEST

Transition WFSA T
o6-gram LM built with OpenGrm (Roark et al., 2012)

Emission WFEST £

Needs to support insertions and deletions
Input/output acceptors A

Training and inference via finite-state methods in T'o EZ o A(r)
OpenFst (Allauzen et al., 2007)

35



EMmission model

 Needs to support substitutions, insertions and deletions

any native any Latin
character character

{:kn,é} : {>l:r,e}

36



EMmission model

 Needs to support substitutions, insertions and deletions

E o A(*O’)

{1,¢}:{0,¢) Lo

37



EMmission model

 Needs to support substitutions, insertions and deletions

* Fixed limit on delay: |

of insertions -

33

of deletions]
Lk, Xy o K
gy o € X0,

televizor

@ d® 3 d -




EMmission model

 Needs to support substitutions, insertions and deletions

* Fixed limit on delay: |

of insertions -

39

of deletions]
Lk, Xy o K
gy o € X0,

televizor

@ d® 3 d -




EMmission model

 Needs to support substitutions, insertions and deletions
Eo A(*O’)

* Fixed limit on delay: |# of insertions - # of deletions|

Xy o € Xy o € Xy o € Xy, o €
€ . *, € . *, € 1 *,. € %,

40



EMmission model

 Needs to support substitutions, insertions and deletions
Eo A(*O’)

I:0

* Fixed limit on delay: |# of insertions - # of deletions|

*n « Fr *n « Xp [:0 *n « Xr *n « Xp
X9 o € X9 o € 49 o € X9 o €
€ . X, € . X, € . Xk, € . Xk,

41



EMmission model

 Needs to support substitutions, insertions and deletions
Eo A(*O’)

* Fixed limit on delay: |# of insertions - # of deletions|

Xy o € Xy o € Xy o € Xy, o €
€ . *, € . *, e € 1 *,.

42



EMmission model

 Needs to support substitutions, insertions and deletions

* Fixed limit on delay: |# of insertions - # of deletions|

43



EMmission model

 Needs to support substitutions, insertions and deletions
Eo A(*O’)

* Fixed limit on delay: |# of insertions - # of deletions|

l:e 1:¢ ... €:
I:EI:G*TL:G
c: 0 € . X, € . *, € . X,

44



Training and Iinference

e Jraining with EM algorithm

—-step: shortest distance in expectation semiring (Eisner, 2002)

M-step: parameter reestimation

 Many tricks to speed up training!

Stepwise batched EM (Liang and Klein, 2009)
Curriculum learning: shortest sequences first
Increasing LM order as training progresses

Pruning emission arcs during training

e |Inference: shortest path in (max, +) semiring

45



atasets

e Arabic: LDC BOLT dataset (Bies et al., 2014)

Arabizi SMS/chat dialogs, converted to CODA (Habash et al., 2012)

Kannada: Dakshina dataset (Roark et al., 2020)

Kannada Wikipedia, romanizations elicited from native speakers

Russian:

Romanized: collected and partly annotated data from social media

Saba7 el 5eir!
Ezayeeky?

4 1 Ol
3. * W \Sg‘
Q) g

N =
S >

.

D8R0

20T X203 IB.5RCS
> S >

Native: Taiga corpus (Shavrina & Shapovalova, 2017), comments in political forums

46



Russlian data

* Romanizations of common words used as queries (Darwish, 2014)

yenosek — 4elovek, chelovec, 4edloBek, ...

k Russian Speaker 2
2 hours ago /

4elovek iks(nervy) Brus Li chelovec legends KAPTABDIU' 4eJloBek

Russian Speaker 3
2 hours ago

 Manually removed sentences in other languages (e.g. Polish)

e Annotated validation and test with minor error correction

Source: proishodit s prirodoy 4to to very very bad
Filtered: proishodit s prirodoy 4to to <...>

Target: npouncxoguT ¢ NPMPOOON YTO-TO <...>
47



Defining vocabulary

 Characters ~ Unicode codepoints? 5 = ka
Diacritics treated as separate characters 5 + ) = KU
Non-printing symbols (e.g. ZWNJ) treated as separate characters 5 R
092353)e3500°
rajlkumar

------

______

——————

______

48



Defining vocabulary

e Characters ~ Unicode codepoints?
Diacritics treated as separate characters
Non-printing symbols (e.g. ZWNJ) treated as separate characters

Combined characters may have multiple Unicode representations

For Use Do Not Use

0C8A <0C89, 0CBE>

0C94 <0C92, 0CCC>

5 g

O0CEO <0C8B, 0CBE>

49 https://www.unicode.org/versions/Unicodel2.0.0/UnicodeStandard-12.0.pdf
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WEST error analysis

e |ncorrect choice of plausible de-romanization (e.qg. visual instead of
ohonetic)




WEST error analysis

e [nability to handle digraphs like SH

52



WEST error analysis

e Distracted by spurious mappings in priors

53



Vlodel classes

WFSTs are structured Seq2seqs are powerful

v/ Easy to encode constraints v/ Strong language model

v/ Can learn from small data v/ Faster batch processing

X Slow exact maximization X Need large training data

X Weak n-gram language model X Hallucinations and search errors

In our case, both are trained unsupervised!

M Ryskina, E Hovy, T Berg-Kirkpatrick, MR Gormley. Comparative Error Analysis in Neural and
Finite-state Models for Unsupervised Character-level Transduction. SIGMORPHON 2021.

54



Unsupervised seqg’seo

e Unsupervised neural machine translation (UNMT; Lample et al., 2018)

Auto-encoding: reconstructing a sentence from its noisy version

Back-translation: round trip through the latent space

Adversarial: discriminating between sentences in two domains

source sentences

A

Mder
C(x)

Xe

5?\

>

- -~

latent space

Mz,

" decoder

A

target sentences

Wer
C(y)

55

latent space

source sentences

A

T
“‘-d

®* X

—" decoder




Unsupervised seqg’seo

e Probabilistic formulation of UNMT: deep latent sequence model (He et
al., 2020)

native-script text
Domain D,

LM Prior Transduction Model
pp, (7") p(y?|z9);0,,;)
Transduction Model M Prior
SEE) - @) ) - @)

Domain D,

romanized text

56



Model combinations

* Reranking

M1 generates top k candidate outputs

M2 selects the highest-scoring candidate

 Product of experts

Beam search on the WFEST lattice

WEST arcs reweighted with Seg2seq softmax at the corresponding timstep

Deletions of input characters are not reweighted

Candidates are grouped by consumed input length

 \We train the models separately and combine at test time

o57



CER (x100)

100

73

50

25

Results

Arabic Russian

are trained on different amounts of datal]

Kannada




Results

Russian Kannada

Arabic

o %
Y,
i
%,
)

.

100

LO
Ne

- LO o
LO A

(001X) 43D

O\
\

)
%

oy

Y

O

Y
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Results

Russian Kannada

Arabic

100

LO
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-
LO

(001X) HaM
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BLEU

60

45

30

15

Arabic

Results

Russian

Kannada




BLEU
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45
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Arabic

Results
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Crror analysis

Input

Ground truth

WEST

Reranked WEST

eq2Seq

Reranked Seq2Seq

Product of experts

kongress ne odobril biudjet dlya osuchestvleniye
"bor’bi s kommunizmom" v yuzhniy amerike.
KOHI'DEeCcC He OJ00puJI OI0MKET IJIs
OCyIIeCcTBJIeHUs "00pPLOLI ¢ KOMMYHU3MOM "
B IO;KHOU aMepPUKe.

KOHI'PECC He OHO0OpuJI BUY O €T IJIa
OCY CUEeCTBJICHULI € "Oop#HOU C
KOMMYHU3MOM' B YY3HAHU aMEPUKeE.
KOHI'DEeCC He O0J00puJa BU O ET AeIa
OCY/CYeCTBJIEHULI € "OOpHOU C
KOMMYHM3MOM' B YY3HaHU aMEpPUKe.
KOHI'PECC HE O400PUMJI

OBl YIANBUTEIBLHO C
KOMMYHU3MOM'" B IOKHBLIU aMepPUKE.
KOHI'DEeCcC He OI00puI OI0mMKET IJIs

ocymecTBJeHn e "00pLOLI ¢ KOMMYHU3MOM "

B IO;KHLIVN aMepPUKeE.

KOHI'PECC HE O400puJI OMmOoeT OJsd a
OCYIIECTBJIEHUELI € "OOPLOLI C
KOMMYHU3MOM' B YY3HHUK aMepu

kongress ne odobril bjudzet dlja osuSCestvlenija
"bor’by s kommunizmom" v juznoj amerike.

kongress ne odobril viud et dla osusCestvleniy e
"bor#b1 s kommunizmom" v uuznani amerike.

kongress ne odobril vid et dela osusCestvleniy e
"bor#b1 s kommunizmom" v uuznani amerike.

ongress ne odobril by udivitel’no
s kommunizmom" v juznyj amerike.

kongress ne odobril bjudzet dlja osusCestvlenie
"bor’by s kommunizmom" v juzny ) amerike.

kongress ne odobril bid et dlja a osuSCestvleniy e
"bor’by s kommunizmom" v uuznnik ameri

o4

=UNK



Crror analysis

Input

Ground truth

kongress ne odobril biudjet dlya osuchestvleniye
"bor’bi s kommunizmom" v yuzhniy amerike.
KOHI'DEeCcC He OJ00puJI OI0MKET IJIs
OCyIIeCcTBJIeHUs "00pPLOLI ¢ KOMMYHU3MOM "
B IO;KHOU aMepPUKe.

kongress ne odobril bjudzet dlja osuSCestvlenija
"bor’by s kommunizmom" v juznoj amerike.

WEST

Reranked WEST

eq2Seq

Reranked Seq2Seq

Croduct or experts

KOHI'PECC He OHO0OpuJI BUY O €T IJIa
OCY CUEeCTBJICHULI € "Oop#HOU C
KOMMYHU3MOM' B YY3HAHU aMEPUKeE.
KOHI'DEeCC He O0J00puJa BU O ET AeIa
OCY/CYeCTBJIEHULI € "OOpHOU C
KOMMYHM3MOM' B YY3HaHU aMEpPUKe.
KOHI'PECC HE OM00PUII

OBl YIANBUTEIBLHO C
KOMMYHU3MOM'" B IOKHBLIU aMepPUKE.
KOHI'DEeCcC He OI00puI OI0mMKET IJIs

ocymecTBJeHn e "00pLOLI ¢ KOMMYHU3MOM "

B IO;KHLIVN aMepPUKeE.

KOHI'PECC HE O400PUJ OM O EeT IO a
OCYIIECTBJIEHUELI € "OOPLOLI C
KOMMYHU3MOM' B YY3HHUK aMepu

kongress ne odobril viud et dla osusCestvleniy e
"bor#b1 s kommunizmom" v uuznani amerike.

kongress ne odobril vid et dela osusCestvleniy e
"bor#b1 s kommunizmom" v uuznani amerike.

ongress ne odobril by udivitel no
s kommunizmom" v juznyj amerike.

kongress ne odobril bjudzet dlja osusCestvlenie
"bor’by s kommunizmom" v juzny ) amerike.

ongress ne odobril bid et dlja a osuscestvieniy €
"bor’by s kommunizmom" v uuznnik ameri
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HIgh-level takeaways

e Model combinations still suffer from search issues

Source: eto uzhe (strashno skazat') stariy rolik.

arget: 9To y)e (CTpallHO cKa3aTb) CTapbl POSNK

Gloss: ‘By now this is (I’'m almost afraid to say it) an old video’

Final beam hypotheses and reranker scores:

456.7, epunHaAA POCCUA YXXe #CTpallHO cKasaTb) cTapbIU
502.0, eaAnHOPOCHI yXXe #CTpallHO cka3aTb) CTapbIn POJ
482.0, egMHOPOCCHI y>Ke #CTpallHO cKa3aTb) cTapbin po
456.8, eOuHYIO POCCUIO Yy>Ke #CTpallHO cka3aTb) cTapbin
449.8, eanHOU poccUn yXe #CTpallHO cKa3aThb) CTapbIn
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HIgh-level takeaways

e Model combinations still suffer from search issues

Source: eto uzhe (strashno skazat') stariy rolik.

arget: 310 yXe (CTpalHo cKkasaTb) CTapbl POINK
Gloss{ ‘This’ )w this is (I’'m almost afraid to say it) an old video’

Final beam hypotheses and reranker scores:

456.7, eanHaA poccuAa y>kKe #CTpallHO cKa3aTb) CTapbin
502.0, egmnHoOpOChHI y>XKe #CTpalHO cka3aTb) CTapbiv PO
482.0, egmnHOpOCCHI y>Ke #CTpalHO ckasaTb) cTapbin po
456.8, eOViHYO POCCUIO Y>Ke #CTpallHO cka3aTb) cTapbin
449.8, egmMHON poccumn yXKe #CTpallHO cka3aTb) CTapbin
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HIgh-level takeaways

e Model combinations still suffer from search issues

Source: eto uzhe (strashno skazat') stariy rolik.

arget. aTo yXe (CTpawHO cka3aTb) CTapbiv POSINK
Gloss: ‘By now this is (I'm almost afraid to say it) an old video’

Final beam hypotheses and reranker sScores:

456.7, eanHaA poccuAa y>ke #CTpallHO cKa3aTb) CTapbin
502.0, eanHOPOCHI yXXe #CTpallHO cka3aTb) CTapbIn PO
482.0, egmnHOpPOCCHI y>Ke #CTpallHO cKka3aTb) cTapbin po
456.8, eOuHYIO POCCUIO y>Ke #CTpallHO cka3aTb) cTapbin
449.8, eanHOU poccun yXe #CTpallHO cKa3aThb) CTapbIn
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HIgh-level takeaways

e Seg2seq is more sensitive to distributional shifts

Remember that our Cyrillic data comes from political discussion groups

 Edinaja Rossija |

' EavnHana PocemA |

| ‘United Russia’ |
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HIgh-level takeaways

e Seg2seq is more sensitive to distributional shifts

Remember that our Cyrillic data comes from political discussion groups

25% of most frequent substitions under the seg2seq are caused by domain
mismatch, compared to 3% for WFST!

Zjuganov
3HoraHoB

‘Zjuganov (po\itician)’
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HIgh-level takeaways

e WFEST makes more repetitive errors

Suggests that WEST outputs might be easier to correct with rule-based postprocessing

WEST seQ2seq

ja

ja

?erLlLLl,bl'Iy,ﬂUJB,IJ,)KX‘-I3I/H06I71ébI|ﬂ

, -(rxes>3Bb alslonanNypTCYHMNME

Q

MNeBYSIHTIrX?bMnw38ey#cpnwo . O eyXs3ypnaBrHauwnonmw3 unblM# 8CcC

Q
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Future work

Combining unsupervised finite-state and neural models

Our decoding-time combinations didn't help much, but | still believe in
combining the two model classes!

't could be joint training...

...Or holistic structural combinations...

—ncoding WEST-like constraints into the attention mechanism (Aharoni & Goldberg,
2017; Makarov et al., 2017; Wu et al., 2018; Wu & Cotterell, 2019)

Neural reweighting of WESTs (Rastogi et al., 2016; Lin et al., 2019)

...0Or ‘softer’ biasing of one model towards another model’s behavior

(2



Future work

Combining unsupervised finite-state and neural models

e Can enough ‘power’ replace ‘structure’

Transtormer can learn character-level transduction without structural constraints (Wu
et al., 2021)

But less likely to be sufficient in unsupervised or low-data settings!
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Future work

Making sense of user preferences

e Users tend to have consistent substitution preferences

 These preterences can be correlated with the author’'s background

Where does the author live?

English: B—2v German: B—w

4



Future work

Making sense of user preferences

e Users tend to have consistent substitution preferences

 These preterences can be correlated with the author’'s background
Where does the author live”?

What are other dominant languages in that area”

Former British colonies Former French colonies
(English) (French)

Lo —Sh Lo —ch

lgs



Future work

Making sense of user preferences

e Users tend to have consistent substitution preferences

 These preterences can be correlated with the author’'s background
Where does the author live”?
What are other dominant languages in that area”

How old might the author be”

Older standard Newer standard
(~German) (~English)

L—C, I0—|u L—1s, o—yu

/0



Future work

Making sense of user preferences

Users tend to have consistent substitution preferences

These preferences can be correlated with the author’s background
Where does the author live”?
What are other dominant languages in that area”

How old might the author be”
Could be used to study creative language variation and change

But also might be a privacy risk!

’r’



-inal thougnhts

* Typology is important!
One needs to carefully account for differences between languages

These differences extend to seemingly ‘technical’ side as well

e Rules can be better than data

Handcrafted converters, even simple ones, outperformed the supervised WEST

 Normalization of creative phenomena is lossy

|[deally, annotation should be performed with feedback from the author

Developing non-destructive normalization methods to preserve social meaning

/3
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