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Introduction

e Pre-trained language models (LMs) foundational for most NLP systems
o Learns things from unlabeled text that it wouldn’t have learned otherwise
e LMs unobtainable for many low-resource languages, but things are changing
o Gessler and Zeldes (2022): as little as 500K words
e Evaluations: scarce outside of English, critical for assessing LM capabilities,
supporting LM development



https://aclanthology.org/2022.mrl-1.9/

Example: MasakhaNER (Adelani et al., 2022)

Named entity recognition (NER): identify words which refer to named entities
such as people, organizations, or places

Mbiram ak Baraag Obamaa moo ko ubbil ay bunt .


https://aclanthology.org/2022.emnlp-main.298/

Example: MasakhaNER (Adelani et al., 2022)

Named entity recognition (NER): identify words which refer to named entities
such as people, organizations, or places

Mbiram ak Baraag Obamaa moo ko ubbil ay bunt .
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PERSON
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Example: AmericasNLI (Ebrahimi et al., 2021)

Natural language inference (NLI): given a premise, judge whether a hypothesis
is entailed, contradicted, or neutral


https://arxiv.org/abs/2104.08726

Example: AmericasNLI (Ebrahimi et al., 2021)

Natural language inference (NLI): given a premise, judge whether a hypothesis
is entailed, contradicted, or neutral

Language Premise Hypothesis
en And he said, Mama, I’'m home. He told his mom he had gotten home.
es Y él dijo: Mama, estoy en casa. Le dijo a su madre que habia llegado a casa.
aym  Jupax sanwa: Mamita, utankastwa. Utar purinxtwa sasaw mamaparux sanxa
bzd Ena ie’ iche: ami, ye’ tso’ u a. I am1 a iché irir t6 ye’ démine U a.
cni Iriori ikantiro: Ina, nosaiki pankotsiki. Ikantiro iriniro yaretaja pankotsiki.
gn Ha ha’e he’i: Mama, aime 6gape. He’ikuri isype oguahéhague hégape.
hch  metd mik+ petay+: ne mama kitd nepa yéka. yu mama m+pa+ p+ra h+awe kai kename yu kitd he nuakai.

nah  huan yehhua quiihtoh: Nonantzin, niyetoc nochan quiilih inantzin niehcoquia

oto xi nydi biéna: maMe dimi an ngii bimabi o ini maMe gué o ngli

quy  Hinaptinmi pay nirga: Mamay wasipim kachkani. Wasinman chayasqanmanta mamanta willarqa.

shp  Jara neskata iki: tita, xobonkoriki ea. Jawen tita yoiaia iki moa xobon nokota.

tar A’li je anili échiko: ku bitichi ne atiki Nana Iyéla ku ruyéli, mapu bitichi ku nawali.

Table 2: A parallel example in AmericasNLI with the entailment label.


https://arxiv.org/abs/2104.08726

Motivation

e Making evaluation datasets is expensive!
o AmericasNLI covers 10 American languages
o MasakhaNER covers 20 African languages
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Motivation

e Making evaluation datasets is expensive!

o AmericasNLI covers 10 American languages

o MasakhaNER covers 20 African languages
e How many people would be needed to cover more languages?
e Could we trade quality for quantity?



Approach

e Observation 1: New Testament (NT) translations extremely common
e Observation 2: OntoNotes (Weischedel et al., 2013) has a richly annotated
NT translation
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Approach

e Observation 1: New Testament (NT) translations extremely common

e Observation 2: OntoNotes (Weischedel et al., 2013) has a richly annotated
NT translation

e Idea: Could we automatically project (Yarowsky and Ngai, 2001) annotations
from OntoNotes’ NT onto others?
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Plain sentence:

Jesus cried. (TOP (S (NP-SBJ (NNP Jesus))

(VP (VBD cried))
Treebanked sentence: (2 )))

Jesus cried

Speaker information:
IDENT
name: John
start time: 11_35_0 prop: cry.02

stop time: 11_35_3 v x -> 1:0, cried
ARGO * => 0:1, Jesus

Figure 6.1: A sample verse, John 11:35, taken from OntoNotes. Note the annotations
for tokenization, part-of-speech, constituency syntax, coreference, and argument struc-
ture. This file is in “OntoNotes Normal Form” (ONF), a human-readable format which
OntoNotes provides its annotations in.
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Annotation Projection: Referential NP Counting

Then the high priest asked Stephen, “Are these charges true?”
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Annotation Projection: Referential NP Counting

3 Then [the high priest] asked [Stephen], “Are [these charges] true?”
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Annotation Projection: Referential NP Counting

3 Then [the high priest] asked [Stephen], “Are [these charges] true?”

?  HEISTh o 304 YO, “oHT Ig HARIT I §?”
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Annotation Projection: Referential NP Counting

3 Then [the high priest] asked [Stephen], “Are [these charges] true?”

3 [FERIS®] & [39] I, “FT Ig [3RY] T &2
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Methods

e We frame 5 sequence classification tasks and produce data for them via
annotation projection
e Use all CC Bibles at ebible.org: 1051 translations in 859 languages
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Projection is Not Perfect

Plain sentence:

e How likely is it that one of these

Jesus cried. (TOP (S (NP-SBJ (NNI? Jesus))
annotations would also be E W ke
appropriate for a translation of Jesus cried . Leaves:

JOhn 11 35? Speaker +information: Jests
. coref: IDENT
o Would sentential mood name: John cried

start time: 11_35_0 prop: cry.02
stop time: 11_35_3

always be declarative?

o Would an NP and a VP
. Figure 6.1: A sample verse, John 11:35, taken from OntoNotes. Note the annotations
a|wayS be tOp-|eve| SISteI’ for tokenization, part-of-speech, constituency syntax, coreference, and argument struc-

ture. This file is in “OntoNotes Normal Form” (ONF), a human-readable format which

con St|tu en tS ? OntoNotes provides its annotations in.
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Projection is Not Perfect

How likely is it that one of these
annotations would also be
appropriate for a translation of
John 11:357

Projection is imperfect
because of translation and
grammatical differences

But if some of the annotations
are correct, the dataset might
still be useful

Plain sentence:

Jesus cried. (TOP (S (NP-SBJ (NNP Jesus))

(VP (VBD cried))
Treebanked sentence: (e )))

Jesus cried . Leaves:

Speaker information: Jesus
coref: IDENT
name: John cried
start time: 11_35_0 prop: cry.02
stop time: 11_35_3

Figure 6.1: A sample verse, John 11:35, taken from OntoNotes. Note the annotations
for tokenization, part-of-speech, constituency syntax, coreference, and argument struc-
ture. This file is in “OntoNotes Normal Form” (ONF), a human-readable format which
OntoNotes provides its annotations in.
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Tasks (3 out of 5)

e Non-pronominal Mention Counting (NMC): how many non-pronominal
referential NPs in a verse?
o Non-pronominal. because pronoun usage famously varies much between
languages

Then [the high priest] asked [Stephen], “Are [these charges] true?”
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Tasks (3 out of 5)

e Non-pronominal Mention Counting (NMC): how many non-pronominal
referential NPs in a verse?

e Proper Noun in Subject (PNS): is the subject of the first sentence a proper
noun?

Then the high priest){ asked Stephen, “Are these charges true?”
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Tasks (3 out of 5)

e Non-pronominal Mention Counting (NMC): how many non-pronominal
referential NPs in a verse?
e Proper Noun in Subject (PNS): is the subject of the first sentence a proper

noun?
e Sentence Mood (SM): mood of the first sentence declarative, interrogative,

imperative, or other?

Then the high priest asked Stephen, “Are these charges true?”
DECL
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Tasks (3 out of 5)

e Non-pronominal Mention Counting (NMC): how many non-pronominal
referential NPs in a verse?

e Proper Noun in Subject (PNS): is the subject of the first sentence a proper
noun?

e Sentence Mood (SM): mood of the first sentence declarative, interrogative,
imperative, or other?

e All available verses in each translation are used, and some data is held out
e Model to be evaluated is trained on each task, tested on the held-out data

23



Evaluation

e Run tasks with a wide variety of pretrained models and Bibles
o Some models are monolingual, others are multilingual

e Assess accuracy

e Compare to a “guess the most common answer” baseline
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Hypotheses

e \What are we hoping to see?
e |f models reproduce other findings about their relative qualities, we have
reason to believe the projected annotations are partially correct
o Monolingual LMs tend to outperform multilingual ones (e.g. Angerri et al., 2020)

o In“low-data” scenarios (between 0.5M and 10M words), much smaller LMs tend to
match or exceed “normal-size” LMs (Gessler and Zeldes, 2022)
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Example: Indonesian

100 Task accuracy vs. model for Indonesian New Testament (IND)

e Monolingual LM (BERT) always —

outperforms one or both of the =
% = XLM-R
multilingual LMs (mBERT, o m—BERT
mmm pBERT-M
XLM-R) = LBERTMX

e Smaller monolingual LMs 7
(UBERT-M, uBERT-MX) match "
or exceed larger LM (BERT)

60

55 1

45 |

Non-pronominal Mention  Proper Noun Subject
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Conclusion

e Evidence that projections are at least partially
sound

e Method for creating LM evaluations that only
requires a NT translation

e Pre-applied to 859 languages

e Aim: support LM work on “low-resource”
languages

Is Your Language Included?
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