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Are these language samples "typologically diverse"?
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Maybe, but at does
"typologically diverse” mean?




Multilingual NLP

Increased interest in generalization
across languages.

Loosely based on linguistic typology.

"We evaluate on a set of typologically
diverse languages."

What does this mean?
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Survey 25.

Introduces Dataset
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15
 ACL Anthology, NeurlPS, ICLR,
ICML, AAAI & IJCAI

Number of papers

e Two annotators:
o Claim?

o Dataset -

o Languages 8
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A brief look at language sampling in linguistic typology

* Create a sample that captures the diversity of the world's languages.
* Find generalizations across languages in the sample.

* Methods: random, probablity, variety, and convenience.

Rijkhoff, et al., 1993. A method of language sampling. Studies in Language.-- Velupillai. 2012. An Introduction to Linguistic Typology. -- Miestamo etal., 2016. Sampling for variety. Linguistic Typology. -- Rijkhoff & Bakker, 1998. Language sampling. Linguistic Typology.



A brief look at language sampling in linguistic typology

* Create a sample that captures the diversity of the world's languages.
* Find generalizations across languages in the sample.

* Methods: random, probablity, variety, and convenience.

Similar goals to multilingual NLP:
Generalization of models and datasets across languages

Rijkhoff, et al., 1993. A method of language sampling. Studies in Language.-- Velupillai. 2012. An Introduction to Linguistic Typology. -- Miestamo etal., 2016. Sampling for variety. Linguistic Typology. -- Rijkhoff & Bakker, 1998. Language sampling. Linguistic Typology.



A brief look at language sampling in linguistic typology

* Typology uses geography and phylogeny as priors for samples.
* NLP has access to the findings from typologists directly.

 Should we use the same priors...?

Rijkhoff, et al., 1993. A method of language sampling. Studies in Language.-- Velupillai. 2012. An Introduction to Linguistic Typology. -- Miestamo etal., 2016. Sampling for variety. Linguistic Typology. -- Rijkhoff & Bakker, 1998. Language sampling. Linguistic Typology.



A brief look at language sampling in linguistic typology

* Typology uses geography and phylogeny as priors for samples.
* NLP has access to the findings from typologists directly.

 Should we use the same priors...?

"The kind of variables that define genealogical groups
and tree shapes have a very different nature
from the kind of variables that define typological diversity."

- Stoll and Bickel (2013), based on Nichols (1996)

Stoll & Bickel, 2013. Capturing diversity in language acquisition research. Language Typology and Historical Contingency. -- Nichols, 1996. The comparative method as heuristic.



Collected Papers

194 total, 110 with claim
38 introduce datasets

Most at EMNLP, ACL, LREC, NAACL

Number of papers
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Languages

* 315 unique
* Range from 2 - 90 (median 11)

* 160 used just once

Number of papers

* 4 don't mention languages used

* Longtail of languages
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Justifications from the papers Number of languages used
"areasonable variety of language families" 24
"languages from 10 language families and 13 sub-families" 18

"the languages in our corpus cover five primary language families,

(. ..)and a range of morphological phenomena" 0
"languages that exhibit varying degrees of complexity for inflection. 30
We also consider morphological characteristics coded in WALS"

"genetically and geographically diverse" 5




Can we approximate "typological diversity"?

* Many papers use geography and phylogeny as a proxy...
* However, geography != phylogeny != typology

 Use language descriptions to approximate.

2013. Disentangling geography from genealogy. Space in Language and Linguistics.



Can we approximate "typological diversity"?

* Many papers use geography and phylogeny as a proxy...
* However, geography != phylogeny != typology

 Use language descriptions to approximate.

* Approximate the proxies using:
o Geographic and genetic URIEL vectors
o Calculate Mean Pairwise Distance (MPD) per sample

* Approximate typological diversity using:
o Typological features from Grambank, calculate Feature Value Inclusion (FVI)
o Syntactic URIEL vectors (using MPD, in graphs MPSD)

Miestamo et al., 2016. Sampling for variety. Linguistic Typology. -- Littell etal., 2017. URIEL and lang2vec. EACL. -- Wichmann & Holman, 2010. Pairwise comparisons of typological profiles. Rethinking Universals. -- Skirgard et al., 2023. Grambank



Approximations
RUTRIT [T | | T A1 1
| | | | | | | | | | | | |
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MPD: Genetic FVI




Approximations

| | |
00 01 02 03 04 05 06 07 08 09 1.0 0.0 01 02 03 04 05 06 07 0.8 09 1.0

MPD: Geographic MPD: Syntactic
NI | .. | T TOMMAR O AT
| | | | | | | | | | | | | | | | | | | | | |
00 04 02 03 04 05 06 07 08 09 1.0 00 04 02 03 04 05 06 07 08 09 10
MPD: Genetic FVI

* Ahigh genetic distance is achieved relatively quickly
* Feature Value Inclusion is very spread out
* What about the number of languages?



Approximations
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Another view
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XTREME-R (0.92) Paper with highest FVI (0.95)

Ruder et al., 2021. XTREME-R: Towards More Challenging and Nuanced Multilingual Evaluation. EMNLP. -- Gutierrez-Vasques et al., 2021. From characters to words: the turning point of BPE merges. EACL.
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Are these language samples "typologically diverse"?
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Why does this matter?

* Datasets that claim to be typologically diverse spread.

* These claims set expectations regarding generalization.

* Downstream evaluations can be skewed:




Why does this matter?

* Datasets that claim to be typologically diverse spread.
* These claims set expectations regarding generalization.

* Downstream evaluations can be skewed:

"Be careful when reporting averages for multilingual benchmarks,
especially if making claims about multilinguality."
- Anastasopoulos (2019)

"Using simple statistics, such as average language performance, might inject linguistic
biases in favor of dominant language families into evaluation methodology."
- Pikuliak & Simko (2022)

Anastasopoulos. 2019. Anote on evaluating multilingual benchmarks. Blog post.-- Pikuliak & Simko, 2022. Average Is Not Enough: Caveats of Multilingual Evaluation. MRL.
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Case study: XTREME-R

"In order to catalyze meaningful progress, we extend XTREME to XTREME-R,
which consists of an improved set of ten natural language understanding
tasks, including challenging language-agnostic retrieval tasks, and covers

50 typologically diverse languages."

- Ruder et al. (2021)

Ruder et al., 2021. XTREME-R: Towards More Challenging and Nuanced Multilingual Evaluation. EMNLP.



L
Case study: XTREME-R

"In order to catalyze meaningful progress, we extend XTREME to XTREME-R,
which consists of an improved set of ten natural language understanding
tasks, including challenging language-agnostic retrieval tasks, and covers

50 typologically diverse languages."

- Ruder et al. (2021)

* Notall languages are available for all tasks.
* Performance is reported on as average per task.

* What about grouping by typological properties?

Ruder et al., 2021. XTREME-R: Towards More Challenging and Nuanced Multilingual Evaluation. EMNLP.



L
Case study: XTREME-R

. Strong Weak Equal Strong Weak Little
G ro u p I n g la n g u a ges p e r Subtask Model Overall By F A | Pre Pre Pre & Suf Suf Suf Aff NA
. . Mewslix* XLM-R-L || 4575(11) 3623 (1) | -(0) -(0) -(0) 47.86 (10) -0 N0)
ta S k by I nflectlo n type . ewars mBERT 3858 (11)  27.29 (1) -(0) -(0) ) 41.09 (10) -(0) - (0)
XLM-R 7924 (15)  76.54(15) 230 | -(0) -(0) 80.06(12) - (0) 7835(2) - (0)
XNLI* mBERT 66.51(15)  60.17(15) | =635 | -(0) -(0) 68.60(12) - (0) 62602  -(0)
mTS5 84.85(15)  8292(15)  -1.92 | -0 | | -(0) 85.57(12) - (0) 8260(2)  -(0)
H . h t b f % XLM-R-L || 4075(11) 4054(11) 022 | -(0) -(0) -(0) 40889 -0 -(0)
|g est numper o LAReQA mBERT 2058 (11) 192411 235 | - -(0) -(0) 29209  -(0) -(0)
. XLM_R-L || 77211) 77241  +0.04 | -(0) -(0) -(0) 77199 -(0) -(0)
la N g ua geS IN Oora nge ’ XQuAD* mBERT 65.05(11) 61.84(11) =~ 321 | -(0) -(0) -(0) 66.89(9)  -(0) -(0)
mTS 81.54(11)  80.55(11)  -0.99 | -(0) - (0) -(0) 821009  -(0) -(0)
lo We St | n p u rp le . XLM-R-L 7271 (7) 73.33(7) +0.62 | -(0) -(0) -(0) 72.47 (6) -(0) -(0)
MLQA* mBERT 61.30(7)  60.84(7) 046 | -0 -(0) -(0) 6148(6)  -(0) -(0)
mTS5 7559(7) 7597 (7) +0.38 | -(0) ) -(0) 7543 (6) - (0) -(0)
" XLM-R 7729 41)  64.92 (36) -(0) | 8210@28) 7637(3) 77433  63.74(5)
L arge saps | n e I‘f or ance Tatoeba mBERT 4333 (41)  32.03 (36) -0 | 4924 (28) 3927(3)  3290(3)  27.68(5)
g g p p m . XLM_R-L || 749638  71.12(36) 384 -(0) 797528) 71.05(2)  4598(5)  84.50(2)
d g mBERT 7090 (38) 6443 (36) | 647 | -(0) 75.51(28) 60.75(2)  48.66(5)  77.95(2)
ana covera ge . XLM-R 6922 (11)  65.93(9) 328 | -(0) 73.93(6) - (0) 7530(2)  52.70(2)
XCOPA* mBERT 56.05(11)  54.75(9) 130 | -(0) 57.706) - (0) 5620(2)  52.90(2)
mTS 7489 (1) 7324 (9) 165 | -0 78006  -(0) 7760(2)  63.25(2)
» s XLM-R-L || 6443(48) 6202(40) = 241 | -(0) | 66921 61.37(3)  48.17(4)  63.66(8)
Argu a b ly N Ot th at d |Ve rse WIikiANN-NER® | ppRT 62.68(48)  61.73(40)  -095 | -(©) | 64.93(31) 5723(3) 4938(4)  6L.12(8)
XLM-R-L || 6429(9)  62.57(8) s -0 | 65.67(6) - (0)
TyDiQA* mBERT 5836(9)  55.09(8) 326 | -0 | 6097 (6) - (0)
mTS 81.94(9)  8373(8) B -0 | 80.52(6) - (0)

Ruder et al., 2021. XTREME-R: Towards More Challenging and Nuanced Multilingual Evaluation. EMNLP. -- Dryer, 2013. Prefixing vs.suffixing in inflectional morphology. WALS (v2020.3).



L
Case study: XTREME-R

G rou p | N g l. an g ua g es p er Subtask Model || Overall By F A | OSV OVS VOS  SVO sov VSO NDO NA
XLM-R-L 7271 (7) 70.83 (7) 188 | -0 -0 -0 75.22 (4) - (0)
ta S k b Wo rd o rd e r MLQA* mBERT 61.30 (7) 57.14 (7) 416 | -(0) -(0) -(0) 66.85 (4) -(0)
y . mT5 75.59 (7) 74.06 (7) 153 | -0 -0 -0 77.62 (4) -(0)
% XLM-R-L || 4075(11) 3931(11) -144 | -(0) -0  -(0) 42.10 (6) 39.75 (2) 40802  -(0)
LAReQA mBERT 2058 (1) 1975(11)  -1.83 | -(0) -© -0 = 241006)  15.10(2) 2802 -0
. XLM-R-L 64.29 (9) 62.80 (9) 149 | -0 -0 -0 67.26 (5) -(0) - (0)
H | g h eSt num b er Of TyDiQA* mBERT 5836(9)  56.91(9) 144 | -0 -0 -0 = 6124(5) 2) -(0) -(0)
mT5 81.94 (9) 81.45 (9) 050 | -0 -0 -0 82.94 (5) 78.40 (2) -(0) -(0)
la n g u a ges | n O ra nge XLM-R-L 7721 (11) 7711 (1) 0.10 | -(0) -(0) -(0) 76.70 (6) 76.55 (2) 80.80 (2) -(0)
’ XQuAD* mBERT 65.05(11)  63.55(11)  -150 | -0 -0 -0 67.35 (6) 56.60 (2) 68.05(2)  -(0)
. mT5 81.54(11)  8L.04(II)  -049 | -0 -0 -0 82.22 (6) 79.10 (2) 82552  -(0)
lowest in purple. v || %@ E0) BEEE -0 0 -0 B 0 r—E——
XNLI* mBERT 66.51(15) 6579(15) 072 | - -0 -0 68.19 (9) 60.03 (3) 68.95(2)  -(0)
mT5 84.85(15)  8471(15 014 | -0 -0 -0 85.39 (9) 81.83 (3) 87.102)  -(0)
o XLM-R-L || 4575(11)  4566(11)  -0.09 | -(0) -0  -(0) 53.16 (5) 35.98 (4) -(0)
L ar g e g 3 p S | n p e I‘f ormance Mewsli-X mBERT 3858 (11) 3788(11) 071 | - -© -0 = 4712805) 27934 -(0)
n XLM-R 7729 (41)  72.82(38) | 446 | -©) -0  -(0) 81.42(18)  75.74 (14) 86.57(4)  55.83(3)
an d covera ge Tatocha mBERT 4333 (41)  39.66(38) 367 | -0) -0  -(0) 5257 (18)  33.04 (14) 5478 (4) 32833
: XLM-R 6922 (1)  66.16 (9) 306 | -0 -0 -0 72.89 (7) 72.90 (2) -(0)
XCOPA* mBERT 56.05(11)  55.17(9) 08 | -0 -0 -0 57.11 (7) ) -(0)
mT5 74.89 (1) 72.62(9) 227 | -0 -0 -0 77.61 (7) 00 (2) -(0)
. ik MR 6443 (48)  65.10(43) 4067 | -0 -0 - 66.80 (20)  59.74 (17) 7970 4)  61.30 (5)
Argu a b ly n Ot th at d |Ve rS e. ! ; mBERT 62.68 (48)  63.98(43) = +130 | -(0) -(0) -(0) 6734 (20)  54.26 (17) 75.92 (4) 63.58 (5)
& XLM-R-L 7496 (38)  7745(36) 2500 -0) -0  -(0) 7459 (20)  69.65 (10) 86.97 (4)
UD-POS MBERT 7090 (38)  71.60(36) 4069 | -(0) -0 -0 = T274Q20) 62.82(i0) 83.22 (4)

Ruder et al., 2021. XTREME-R: Towards More Challenging and Nuanced Multilingual Evaluation. EMNLP. -- Dryer, 2013. Order of subject, object and verb. WALS (v2020.3).



Limitations

* Coverage: no typological database covers every aspect of
every language.

* Survey is based on abstracts and titles, papers may contain
claims in other sections.

* Phylogeny and geography are useful for NLP, but arguably not for
making claims about typological diversity.




Limitations

* Coverage: no typological database covers every aspect of
every language.

* Survey is based on abstracts and titles, papers may contain
claims in other sections.

* Phylogeny and geography are useful for NLP, but arguably not for
making claims about typological diversity.

We believe that the reporting of typological diversity can be more
principled than it currently is, despite incomplete resources!



Summary

1. Thereis no consistent definition or methodology
when making ‘typological diversity’ claims.

2. Our approximations of typological diversity exhibit
considerable variation across papers.

3. Averages and aggregated results can give distorted
views of multilingual performance estimates.




Recommendations

1. Include an operationalization of 'typological diversity'

2. Possibly add some empirical justification.

3. Including these has the potential to benefit multilingual
NLP by allowing more fine-grained insights.
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