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Lang Tech utility is unequally
distributed!




Lang Tech utility is unequally
distributed!

Compare:
- American English speaker
- Arabic speaker
- Tunisian vs Egyptian vs ...
- Bemba speaker
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Problem 1: how to measure utility of an NLP system?

— Very hard, use standard accuracy metrics as a proxy now (happy to discuss more!)

Problem 2: how to consider different utility provided to every person in the world?
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Zooming In (User-facing Tasks)
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SD-QA: Spoken Dialectal Question Answering for the Real World

Fahim Faisal, Sharlina Keshava, Md Mahfuz ibn Alam, Antonios Anastasopoulos

Department of Computer Science, George Mason University
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SD-QA: Spoken, Dialectal, Multilingual QA




10

SD-QA: Spoken, Dialectal, Multilingual QA

A W

lASR
Transcription: Teolojia ya dogma ni nini?
| QA
Minimal Answer: neno linalotumika hasa

kumaanisha fundisho la imani
lisiloweza kukanushwa na wafuasi
wa dini fulani.




SD-QA: Spoken, Dialectal, Multilingual QA

ada Hudlsn Bar
JB
S
NU ""- . I
M ke P =
L wl WMEN N3
| Nt
wh ; HY Me
hF
CH & ¥
v United Statas L. M3
co € W WV
C A N C
2 hM 4 =
= AL A
- N
. Cu | X
Mcxico Veaes
ity
, Paerts Wea
Cusherr sk
Lo A Lontboon $00
Neo'ono
! O Veneriels
Colomba |+ | Suiiniwe
Peuate N :
A
4 AN
ac
Peru ! T . no
* Bulivia
Chile

10

Argent na

Loarudar £co

Gupwrs

22

M2

" Paraguay
PR

’ <

Lvuguery

Narth
Stizntic
Ccean
Va T

) e

)
J -
B =

ac
wi

ronaas 3
Nurwa g
? |
. _United s 2 )T .
. Kirgdom - Delars . .
Irelanz ) . Polard . \*
. Germany v .
g (g Usraing L 3
L Rt S Kazakhstan
Flaiwe & 8055, ~Homania” Mogedta
T R ~ e U _
“7 5pan '8 ; ; Jzbakista e T
Greeze - ~ : :
Puilugal @ Lrkey 2] T'ﬁ.l‘!\tﬂl&lcn
(. i)’ B Sein ) ¢ Chine
‘ I -) e Aghanestan {
Mulooco (.) ) \v 4 Iran : ; y
2 @ G { Fadsand X
A’.}-&liﬂ = ; L Nepal- iy
I ubya Egyh ﬂ‘) i } e N
Weston ‘ y "
Schere Saud A sbia Wdia : -:-',«“‘"m_"' oy
' UL L s
i b (Burma);
Meuritaie MeE N S e
- e . v ) ng rhed Stden ch:n , T‘mlbnd 'J
‘:::" 2 8._1:::0/_ { ‘ y Ao’ ot Aden A-abian Sap R R LS
Gures.ni 150 ) Nighna /<t s e AN t Gulfo?
" I # 3! ( LA, s Bllopia Inaac
A 3hena - - - South sudar Bt G NOlCas :
GulfFor G xne:s _ \..—-,J" .‘ T Mg ' Bomaa Mclaysia
(e~ -4' ———————— ﬁ"," - "" .‘, ———————————————————————————————————————————— p—
DRC ¢ - K. )
- ‘anzawla‘
aaik B fie=
Zanibia | Mazamb que
Mamiba  ZImDaiwe

Butswana

S:XAH&:

Souh
Alantic
UDcean

\adagascar

rdlan
Ccean

o3 of

Oknhotck

aof Japar

Jazan

Soutk Kdrea

EastChina S

Philipzine $36

Saul
i Crira Ss6
Y Vistnam PhRzpines

Irdones a

Bands Sea Papua hew

Sunes

ACATLra 536

A
HEw
wrcat
Austrehar
3igh: ui=
TAS

A

Transcription:

Minimal Answer:

Cu ool S

ASR
Teolojia ya dogma ni nini?

QA

neno linalotumika hasa
kumaanisha fundisho la imani
lisiloweza kukanushwa na wafuasi
wa dini fulani.




SD-QA

Loorodar $co

MNearth

Stlzntic

ccean

DZA

rmdaa s
)
.

Nurwa g
Y | I
. Kl_m:isd - 2 )T . :
> ll'g o v Belnrus:'g . - - '_‘: Y
Irslnnz f " Poand . Y -
. Germany T 5
h SR Wy YO Usraing 8
L Restiah, T Kazakhstan
Flawe & e 05" ~Rimania”
4 oL, S e S . Y o
7 Span (P SO St Uzbekista Tyrey e iam
Greeze - : : R
Puilugal @ Lrkey (4] Trl..u‘l'.me'mslcn: FY4
. 2 7 Nyl - ’
? ‘ | 9 -) ) Agranestan . {
) . L hay )
Muloccu (.7 n \Y o Iran - ]
X : ar .o b Padista 1/ LA
Hepel -
Arabic Variety =

BHR EGY JOR MAR SAU

TUN liwdia

Avg.

Gold

513

' Jayof Dengsl

ara-vVAR

513

46.2 456 476 463

46.7

ada Huulsxn Baw
B
4 N
~—
M - S P -
1 L - »ME
v L
WY
~— .
CHI s oo
i+ United Statas L. M3
co <E ) WY :
JF.
K A3 ll‘, Ne
2 C M 4 -
. = s
Cul =l
Mox oo Veues
.y Transc.
, Paerts Wea
Custersta
e AL Lontbeon Scg
Neo'ono
Y Veneziwla
- g
Colomba = ¢ | SufiMiFe
__________________________ '-“'---..‘
hua‘i—;: : N
e i A
4 AN >
Y Bazll
Peru
“
* Bulivia

TNz

C vi!_e

’ <

L Lvugusy
~Argentna

10

" Paraguay
"N | PR

)

Laccadiva 5ea

‘anzale

~ Mazamb que

DR
a2~

Angck Z:s_n':bi;! ‘
Namibia = ZINUBJ\go

Butswana

s:!uﬁ:.’-.

Souh
Alantic
Ucean

rdlan
Ccean

\adagascar

Vioagola

Chine

v« S
e

1 l.‘-.f.o"ltllnlul,“fi'/ '
(Burma):

Thailend
'l
Gulf ot -’
Ihaax

Mcloysia

Sea of

Ukhotck

-'&a of Japar
Scuth Kirea 43730

EastChina S

Philipzine $36

Saul
v Crrasse
Viatnam Phizplines

A

Transcription:

Minimal Answer:

Irdones a

Bands Sea Papua hew

Sulnes

ATara 56

. Cu ol Sa
L - r’
Mudtralls

Wrcat
Austrehar
3ight ui=
TAS

: Spoken, Dialectal, Multilingual QA

| ASR
Teolojia ya dogma ni nini?

| QA
neno linalotumika hasa
kumaanisha fundisho la imani
lisiloweza kukanushwa na wafuasi
wa dini fulani.




SD-QA: Spoken, Dialectal, Multilingual QA

rmara - .
\lulwaf['
ada Hudson Bav / ;
Loarodar o ' ‘--|
ME Nerrerk O,
¢ x‘-’"ff" e -
= iL ~ Kirgdom : - Nelars o - by, A _
> Iredanz J . Poard e L g it 503 of
: ¢ ¢ = ‘ 2 ’ ; Ukhatok
e SR Wiy S Usraing v e - L e B
. — L Aestial A e Kazakhstan "t Ly ASR
g oRe o R e Ay 'Rk Vioagola -3 /
bl - e ol oy Faace PN T Romaonia 9

e e MR K~ | s o Transcription: Teolojia ya dogma ni nini?
= WY e C "N 5 ¢ . -

' . o . > 5pain ' SH ¢+ Jrbekista | ‘m)‘_ @ QA
T Ucr?:!tod sr.a_éas o - 2 Ml PU”“;d O Greeze Turkey At P Tukmenisten. ) g ! § a of Japar
- I l, - . V - e ¢

SRR :Efce;l: (f ‘_ ; 9 R ghies SouthKfrea 780 Minimal Answer: neno linalotumika hasa
e O IS " \1 g N ,,N‘,,,,,:, = : East China 5% kumaanisha fundisho la imani
R Arabic Variety e lisiloweza kukanushwa na wafuasi
Moo Transc. | DZA BHR EGY JOR MAR SAU TUN | Avg. ek 2

| MPaerts i&:a

Cusherrata Gold 51.3
AT L<ntboon Sco

li_eo_'o:.o

e ol ara-VAR | 513 462 448 456 476 463 467 | 469

- Veneziels

Philipcine $36

' Thailend, s Sl
Tay of Dengal s - (’rras*Ph ToINe

n Sap . % Vistnam
Gulfo? - '
Ihaane

- ‘twl" Laccadiva 5ea o
Colomba =+ | Mclaysia bt i
. e W a \
—————————————————————— ;'- -f;"---6_‘-----——————————-—-—-—-—-—-—-—-—-—--------------——————-—-—-—-—-—-—-—-—-—-—-—-—-—-—-—a- o - - . .( o - - - - -
uatke ry ay
~ % DRE K'/' indones a
s AN -~ Va or.nN - {

st ey gl Kiswabhili Variety s Sies
Ry 05T T SESR weh 1oy, Tramse. | KEN  TZA | Avg.

“ Mazar

* Bulivia

—J - e Nemib a 'V""'Zli;\.os:\éo. Gold 56.8

Cu ool S
v‘ .|.Gfﬂdﬁi)' K i = Bul‘sw:n.mf'- !ﬁ I
Chile ",—.”p-- Souh y ‘ | SW-XX 43.8 41.9 42.9 Audtralls
seulk Arics

LY
v Azlantic
[, Ucean '
A L'wm HEw
' 2 . Creat
. Argeantna Austrehiar
. 3ight ' '
] Tayw=n Sey
‘J TAS New
L]

10




NLP beyond
the top-100
languages

Let's make a plan

Z

mESOR GE

UNIVERSITY




Gomg beyond the top 100 languages

12

Make MLMs &

highly

multilingual §

Apply them I
on the other |
6400

languages

Train them |
on 100
languages §

on the *other
6400 ‘
languages




Going beyond the top 100 languages

e

12

S

A

1k
l".

. |
' N

Make MLMs
highly
multilingual

Apply them I
on the other |

6400
languages

Train them
on 100
languages

on the *other

6400
languages

Dominant
Written (Latin)

Standardized
high(ish)-resource

/

D1 GEORGE




Gomg beyond the top 100 languages

( » T’.-’, ' - i =)
| . . | ;
| Make MLMs & , Train them § Dominant

highly on 100 W  Written (Latin)
multilingual | languages B  Standardized
high(ish)-resource

Local
Apply them .- | Oral
on the other | on the *other*l§ non-Standardized
6400 ‘ 6400 Very low-resource
languages languages
/

D1 GEOR(ﬁ

12



13

When Being Unseen from mBERT is just the Beginning:
Handling New Languages With Multilingual Language Models

Benjamin Muller’  Antonis Anastasopoulos’ Benoit Sagot” Djamé Seddah’
"Inria, Paris, France
‘Department of Computer Science, George Mason University, USA
firstname.lastnamef@inria.fr antonis@gmu.edu

(NAACL 2021)

https://github.com/benjamin-mlr/mbert-unseen-languages.git
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Some are "easy”
Some seem “hard”

Similar languages in pre-training +

. Hard == Static monolingual embeddings >>
same script

mBERT adaptation

.g. F , Swiss G . - .
S.9. Maroese, oWiss aerman Similar languages in pre-training BUT different

Some are “intermediate” script

Simple approach (continued fine- e.g. Uyghur, Sorani, Sindhi

tuning) leads to good results | |
) J Transliteration helps

e.g. Maltese, Bambara, Wolof
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Phylogeny-Inspired Adaptation of Multilingual Models to New Languages

Fahim Faisal, Antonios Anastasopoulos
Department of Computer Science, George Mason University
{ffaisal,antonis}@gmu.edu

(AACL 2022)
https://github.com/ffaisal?3/adapt_lang_phylogeny
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Revisiting Adapters

Easy zero-shot adaptation to new languages at a
E low cost (additional parameters)
Avoids catastrophic forgetting
@ Performance comparable to full-model fine-tuning

ENGLISH BENGALI

LAYER 1 Can we do better?
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Few-Shot is the way

Let's leave script issues aside for a minute

—sInce we Can fl n d SOI Utl ons ) e. g " MAD-X: An Adapter-Based Framework for
Multi-Task Cross-Lingual Transfer

CANINE: Pre-training an Efficient Tokenization-Free Encoder Jonas Pfeiffer', Ivan Vuli¢’, Iryna Gurevych', Sebastian Ruder”
for Language Representation 'Ubiquitous Knowledge Processing Lab, Technical University of Darmstadt

“Language Technology Lab, University of Cambridge
*DeepMind

Jonathan H. Clark, Dan Garrette, Iulia Turc, John Wieting
Google Research

When Being Unseen from mBERT is just the Beginning:

Handling New Languages With Multilingual Language Models
Parsing with Multilingual BERT, a Small Corpus, and a Small Treebank

Benjamin Muller’  Antonis Anastasopoulos’ Benoit Sagot’ Djamé Seddah’
"Inria, Paris, France
‘Department of Computer Science, George Mason University, USA
firstname.lastnamef@inria.fr antonisfgmu.edu

Ethan C. Chau’® Lucy H. LinT Noah A. Smith*

"Paul G. Allen School of Computer Science & Engineering, University of Washington
“Department of Linguistics, University of Washington

*Allen Institute for Artificial Intelligence

It seems that we can do great-well with just a few in-domain in-language task data + data
augmentation!
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Towards More Equitable Question Answering Systems:
How Much More Data Do you Need?

Arnab Debnath, Navid Rajabi, Fardina Fathmiul Alam, Antonios Anastasopoulos
Department of Computer Science, George Mason University
{adebnath,nrajzki, falam5, antonis}@gmu.edu

(ACL 2021)
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Towards More Equitable Question Answering Systems:
How Much More Data Do you Need?

Arnab Debnath, Navid Rajabi, Fardina Fathmiul Alam, Antonios Anastasopoulos
Department of Computer Science, George Mason University
{adebnath,nrajzki, falam5, antonis}@gmu.edu

(ACL 2021)

How much data?

Dataset Geography: Mapping Language Data to Language Users

Fahim Faisal, Yinkai Wang, Antonios Anastasopoulos
Department of Computer Science, George Mason University, USA
{ffaisal, ywang88, antonis}@gmu.edu

(ACL 2022)

What data?
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Towards More Equitable Question Answering Systems:
How Much More Data Do you Need?

Arnab Debnath, Navid Rajabi, Fardina Fathmiul Alam, Antonios Anastasopoulos
Department of Computer Science, George Mason University
{adebnath,nrajzki, falam5, antonis}@gmu.edu

(ACL 2021)

We have a lot of English-only datasets
for QA (e.g. SQUAD)

Can we leverage them, and investigate
few-shot approaches in new languages?

Study on TyDi-QA dataset (7 languages)
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My view:
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S0 how should we spend our annotation budget?

My view:

Focus on building high-quality evaluation sets

Spend only a fraction of your budget on training data — combine with stronger baselines

**Terms and Conditions apply

32

4500 training examples in 1 language
<

1500 training examples in 3 languages
<

500 training examples in 6 languages
<

250 training examples in 12 languages

Avg F-score on
6 other languages:

72.3
74.5

78.7
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Where does your data come from?
Which speakers are modeled?

Study for country-level
representation

Dataset Geography: Mapping Language Data to Language Users

Fahim Faisal, Yinkai Wang, Antonios Anastasopoulos
Department of Computer Science, George Mason University, USA
{ffaisal, ywang88, antonis}@gmu.edu
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(ACL 2022)
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Named Entities can reveal the information we need!

For a given dataset RUI COSTA FROM AMADORA PLAYED FOR FIORENTINA

[ |dentify named entities \ ) )
. . . WIKIDATA ID: Q11571 WIKIDATA ID: Q1422
[ Link entities to countries COUNTRY: PORTUGAL COUNTRY: ITALY

through wikidata
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Named Entities can reveal the information we need!

For a given dataset RUI COSTA FROM AMADORA PLAYED FOR FIORENTINA

[ |dentify named entities

[ Link entities to countries
through wikidata

M Aggregate through dataset

country
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. ;o Ly e { Ny N @ \ ® Italy
| Yorrm, NS &
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\ '\. ), ) ‘. ’ S _ B My
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[ Fairness measures . |
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[ Visualizations o o
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Dataset Geography
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https://github.com/ffaisal93/dataset_geography
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Dataset Map: Masakhaner kinyarwanda

Dataset Entities Map
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Dataset Geography

Dataset Map: Masakhaner wolof

Dataset Entities Map
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Dataset Geography

Dataset Entities Map
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What do
communities
need/want?
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Work with the communities for the communities

Educational Tools for Mapuzugun

Cristian Ahumada' Claudio Gutierrez' Antonios Anastasopoulos®
"Department of Computer Science, Universidad de Chile
*Computer Science Department, George Mason University
ahumada.8608@gmail.com cgutierr@dcc.uchile.cl antonis@gmu.edu
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Work with the communities for the communities

BembaSpeech: A Speech Recognition Corpus for the Bemba Language BT e
Claytone Sikasote® Antonios Anastasopoulos
Department of Computer Science Department of Computer Science
University of Zambia George Mason University Y 4
Zambia USA U A
claytone.sikasotef@cs.unza.zm antonis@gmu.edu :'

B1G-C: Multimodal Dataset for the Bemba Language

Claytone Sikasote*, Eunice MuKkonde', and Antonios Anastasopoulos® | —
'Department of Computer Science, University of Zambia, Zambia
“Department of Computer Science, George Mason University, USA
claytone.sikasote@cs.unza.zm, antonis@gmu. edu
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BembaSpeech: A Speech Recognition Corpus for the Bemba Language BT e
Claytone Sikasote® Antonios Anastasopoulos
Department of Computer Science Department of Computer Science
University of Zambia George Mason University 7
Zambia USA U A
claytone.sikasotef@cs.unza.zm antonis@gmu.edu :'

A

B1G-C: Multimodal Dataset for the Bemba Language

Claytone Sikasote', Eunice Mukonde', and Antonios Anastasopoulos® | - —— —
*Department of Computer Science, University of Zambia, Zambia
“Department of Computer Science, George Mason University, USA
claytone.sikasote@cs.unza.zm, antonis@gmu. edu
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Other things I'm working on:

- NLP for endangered languages (e.g. OCR

for scanned

Shoutout to collaborators: documents from Latin America, building basic tools for
Graham Neubig, Damian Blasi, Griko, Mapudungun, Pomak)
Benjamin Muller, Benoit Sagot, - NLP for linguists (Machine-aided annotation)
Djamé Seddah _ _ . .
- Machine Translation from/into dialects
And students: - Cross-Lingual and Cross-Cultural Fairness
Fahim Faisal, Sharlina Keshava, - Geospatial Language Understanding and Navigation

Mahtuz ibn Alam, Yinkai Wang - SLT for Crisis Response

GMU and GMNLP is hiring!
Faculty/postdocs/PhD students

/GEORGE
MASON



Lo, The amount of data, labeled
o 103 AR | or unlabeled, varies wildly
S / ‘, across languages!
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Image from Joshi et al 2020




