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Abstract

Machine learning has brought striking ad-
vances in multilingual natural language pro-
cessing capabilities over the past year. For ex-
ample, the latest techniques have improved the
state-of-the-art performance on the XTREME
multilingual benchmark by more than 13
points. While a sizeable gap to human-
level performance remains, improvements
have been easier to achieve in some tasks
than in others. This paper analyzes the cur-
rent state of cross-lingual transfer learning
and summarizes some lessons learned. In
order to catalyze meaningful progress, we
extend XTREME to XTREME-R, which con-
sists of an improved set of ten natural lan-
guage understanding tasks, including challeng-
ing language-agnostic retrieval tasks, and cov-
ers 50 typologically diverse languages. In ad-
dition, we provide a massively multilingual di-
agnostic suite (MULTICHECKLIST) and fine-
grained multi-dataset evaluation capabilities
through an interactive public leaderboard to
gain a better understanding of such models.

1 Introduction

Most research in natural language processing
(NLP) to date has focused on developing methods
that work well for English and a small set of other
high-resource languages (Joshi et al., 2020). In
contrast, methods for other languages can be vastly
more beneficial as they enable access to language
technology for more than three billion speakers of
low-resource languages and prevent the NLP com-
munity from overfitting to English. Motivated by
these benefits, the area of multilingual NLP has
attracted increasing interest recently.

However, evaluating multilingual models is chal-
lenging as it requires assessing performance on a
wide range of typologically distinct languages in
the face of limited heterogeneous data sources. Re-
cently large-scale benchmarks such as XTREME
(Hu et al., 2020) and XGLUE (Liang et al., 2020)

XTREME XTREME-R

# of languages 40 50

# of tasks 9 —-2+3=10

Task categories ~ Classification, structured +language-agnostic
prediction, QA, retrieval  retrieval

MULTICHECKLIST,
Explainaboard

Analysis tools ~—

Leaderboard Static Interactive, +metadata

Table 1: Overview of XTREME and XTREME-R.

have been introduced, consolidating existing mul-
tilingual tasks and covering tens of languages.
When XTREME was released, the gap between the
best-performing baseline, XLM-R Large (Conneau
et al., 2020), and human-level performance was
roughly 25. This has since shrunk to less than 12
points, a much smaller but still substantial gap com-
pared to the difference from human-level perfor-
mance observed in English transfer learning (Wang
et al., 2019a), which has recently been closed en-
tirely on some evaluation suites (He et al., 2021).

In order to examine the nature of this progress,
we first perform an analysis of state-of-the-art mul-
tilingual models on XTREME. We observe that
progress has not been uniform, but concentrated on
cross-lingual retrieval tasks where fine-tuning on
other tasks and pre-training with parallel data lead
to large gains. On other task categories improve-
ments are more modest. Models still generally
perform poorly on languages with limited data and
non-Latin scripts. Fine-tuning on additional trans-
lated data generally leads to the best performance.

Based on this analysis, we propose XTREME-R
(XTREME Revisited), a new benchmark with the
dual purpose of ensuring that research in multilin-
gual NLP focuses on the most challenging prob-
lems and equipping researchers with a broader set
of tools to better understand their models (see Ta-
ble 1 for a brief overview). XTREME-R follows
in its predecessor’s footsteps by being massively
multilingual, diverse, and accessible. It expands on
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XTREME by covering 50 typologically diverse lan-
guages and 10 challenging, diverse tasks. To make
retrieval more difficult, we introduce two new tasks
that focus on “language-agnostic” retrieval (Roy
et al., 2020), where targets must be retrieved from
a large multilingual candidate pool. We addition-
ally establish new state-of-the-art mT5 (Xue et al.,
2021) and translate-train baselines for our tasks.

XTREME-R aims to move away from a single
aggregate metric summarizing a model’s perfor-
mance and towards a more nuanced evaluation and
comparison of multilingual models (Ethayarajh and
Jurafsky, 2020; Linzen, 2020). To this end, we in-
troduce an extensible multilingual diagnostic and
evaluation suite that consists of two main compo-
nents: a) MULTICHECKLIST, a test suite (Ribeiro
et al., 2020) for probing question answering capa-
bilities in 50 languages. This test suite is the first
of its kind and enables direct evaluation of fine-
grained capabilities in a massively multilingual set-
ting. b) We extend the multi-dataset evaluation
framework EXPLAINABOARD (Fu et al., 2020; Liu
et al., 2021) to additional tasks and the multilingual
setting. This framework allows us to break down
performance based on language and task-specific
attributes, which enables a more nuanced diagnosis
of a model’s behaviour.

We also make several logistic improvements to
improve XTREME-R’s utility as a leaderboard. To
make it easier to choose the best model for a use
case, each submission is required to provide meta-
data such as the number of parameters and amount
of pre-training data, which we make available via
an interactive leaderboard. We also introduce task
and language-specific sub-leaderboards to invite
submissions of dedicated models.

In sum, we make the following contributions: a)
an analysis of progress in cross-lingual modeling;
b) an improved benchmark covering 50 languages,
including a newly created retrieval task (Mewsli-
X); ¢) a massively multilingual diagnostic suite; d)
fine-grained evaluation capabilities; e) experiments
and analyses of state-of-the-art models; and f) an
interactive metadata-rich leaderboard.

2 Examining the State of Multilingual
Benchmarking

2.1 Background

Benchmarking is critical to evaluate general-
purpose language understanding technologies. To
this end, benchmarks like GLUE (Wang et al.,

2019b) and SuperGLUE (Wang et al., 2019a) pro-
vide a way to assess the transfer learning capabili-
ties of various models. However, these benchmarks
focus only on English. On the other hand, cross-
lingual approaches have been evaluated on a wide
range of disparate tasks (Hu et al., 2020). XTREME
was proposed as a platform to unify this fragmented
evaluation landscape and to catalyze advances in
cross-lingual learning by including a diverse set of
tasks and languages. It consists of 9 tasks cover-
ing 40 diverse languages, which can be grouped
into 4 broad task types (see §3.1 for details): clas-
sification (XNLI, PAWS-X), structured prediction
(UD-POS, WikiANN-NER), question answering
(XQuAD, MLQA, TyDiQA-GoldP), and retrieval
(Tatoeba, BUCC). XTREME focuses on zero-shot
cross-lingual transfer, i.e. models can be pre-
trained on any multilingual data and are fine-tuned
only in English. Similarly, XGLUE (Liang et al.,
2020), another cross-lingual benchmark focuses
on a smaller number of less typologically diverse
languages, and includes generation tasks. Other
non-English benchmarks focus on specific linguis-
tic phenomena, e.g. code-switching (Khanuja et al.,
2020); languages, e.g. Indonesian (Willie et al.,
2020) and Persian (Khashabi et al., 2020); and lan-
guage families, e.g. Indian languages (Kakwani
et al., 2020).

2.2 An Analysis of XTREME

As of April 15, 2021, all submissions to the
XTREME leaderboard are large-scale Transform-
ers (Vaswani et al., 2017) trained with masked lan-
guage modeling (MLM; see Appendix A for fur-
ther details). We analyze the performance of these
models on the XTREME leaderboard in Figure 1.!
Overall, multilingual models have improved the av-
erage performance on XTREME from 55.8 to 81.4.
Much of this improvement is concentrated in the
retrieval-based tasks where performance increased
from 47.7 (mBERT) to 92.7 (VECO). In contrast,
performance on question answering and structured
prediction tasks has improved only slightly.
Breaking down performance by language family,
on Tatoeba (Figure 1c) recent models still struggle
with a few low-resource languages. Models per-
form well for most other languages and their scores
are concentrated in a relatively small range. On
MLQA (Figure 1b), scores have increased slightly
IThis evaluation compares “models + data” as models

employ different types of data during training. We document
this information in Appendix H.
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(d) Performance on UD-POS

Figure 1: Performance of models (a) on the XTREME leaderboard across all nine XTREME tasks, (b) on the MLQA
question answering dataset, (c) on the Tatoeba retrieval task, and (d) on Universal Dependencies POS tagging
across language families. Models are ordered based on their XTREME score (a). Results of models that do not
evaluate on a task category are omitted, i.e. RemBERT for retrieval and mT5 for retrieval and tagging.

but remain well below performance on English. On
POS tagging (Figure 1d), scores remain largely the
same; performance is lower for some languages
with non-Latin scripts and low-resource languages.
We show the scores for the remaining tasks in
Appendix B. The remaining gap to English per-
formance on these tasks is partially an artefact of
the evaluation setup: zero-shot cross-lingual trans-
fer from English favors English representations
whereas models fine-tuned on in-language monolin-
gual data perform more similarly across languages
(Clark et al., 2020; Hu et al., 2020).

Overall, representations from roken-level MLM
pre-training are of limited use for cross-lingual sen-
tence retrieval, as evidenced by the comparatively
poor performance of the mBERT and XLM-R mod-
els. Fine-tuning on sentence-level tasks (Phang
et al., 2020; Fang et al., 2021) can mitigate this.
The strong performance of recent models such as
VECO and ERNIE-M on the retrieval tasks can
be attributed to a combination of parallel data and
new pre-training objectives that make use of it. Pre-
training on parallel data improves performance on
retrieval by making the pre-training task more sim-

ilar to the downstream setting but does not signifi-
cantly improve performance on other tasks. Fine-
tuning on automatically translated task-specific
data yields strong gains and is used by most re-
cent models to achieve the best performance (Hu
et al., 2020; Ouyang et al., 2020; Luo et al., 2020).
Nevertheless, key challenges such as how to learn
robust cross-lingual syntactic and semantic process-
ing capabilities during pre-training remain.

3 XTREME-R

In order to encourage the NLP community to tackle
challenging research directions in pursuit of bet-
ter cross-lingual model generalization, we pro-
pose XTREME-R (XTREME Revisited). XTREME-R
shares its predecessor’s core design principles for
creating an accessible benchmark to evaluate cross-
lingual transfer but makes some key changes.
First, XTREME-R focuses on the tasks that have
proven to be hardest for current multilingual mod-
els. To this end, it drops XTREME’s PAWS-X and
BUCC tasks since recent advances have left less
room for further improvement, and they cover only
a small number of less diverse languages. They
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Task category Task |Train|  |Dev| | Test| Testsets  |Lang.| Task Metric Domain
Classification XNLI 392,702 2,490 5,010 translations 15 NLI Accuracy  Misc.
o XCOPA 33,410+400 100 500 translations 11 Reasoning Accuracy  Misc.
. UD-POS 21,253 3974 47-20,436  ind. annot. 37 (104) POS F1 Misc.
Struct. prediction o . .
WikiANN-NER 20,000 10,000 1,000-10,000 ind. annot. 47 (176) NER F1 Wikipedia
XQuAD 87599 10570 1,190 translations 11 Span extraction F1/EM  Wikipedia
QA MLQA ’ ’ 4,517-11,590 translations 7  Span extraction F1/EM Wikipedia
TyDiQA-GoldP 3,696 634 323-2,719  ind. annot. 9  Span extraction F1/EM Wikipedia
Tatoeba 87,599 10,570 1,000 translations 38 (122) Sentence retrieval Accuracy  Misc.
Retrieval Mewsli-X 116,903 10,252 428-1,482  ind. annot. 11(50) Lang. agn. retrieval mAP@20 News
LAReQA XQuAD-R 87,599 10,570 1,190 translations 11 Lang. agn. retriecval mAP@20 Wikipedia

Table 2: The tasks in XTREME-R. For tasks that have training and dev sets in other languages, we only report the
English numbers. We report the number of test examples per target language, the nature of the test sets (whether
they are translations of English data or independently annotated), and the size of the intersection with our selected
languages (the total number of languages is in brackets). For WikiANN-NER and UD-POS, sizes are in sentences.
XCOPA includes training data of SIQa (Sap et al., 2019) and Tatoeba uses SQuAD v1.1 data for fine-tuning.

are replaced instead by three new, more challeng-
ing tasks: one focusing on causal commonsense
reasoning (§3.2.1) and two focusing on harder re-
trieval scenarios (§3.2.2), as this has been the task
category where gains have been easiest to achieve.
We retain XTREME’s seven other tasks as each still
presents substantial challenges for state-of-the-art
cross-lingual models (§3.1). Overall, XTREME-R
includes 10 diverse tasks, summarized in Table 2.
We also make changes to the structured predic-
tion tasks, NER and POS. Instead of only provid-
ing examples as lists of tokens, XTREME-R always
provides the full text of an input sentence, thus
ensuring that the entire benchmark now supports
research on models that operate directly from the
raw input string (Clark et al., 2021). Furthermore,
XTREME-R adopts a more realistic version of the
NER task in which no gold tokenization is provided
at all, meaning that systems will either have to use
model-predicted tokens or embrace tokenization-
free approaches. Finally, XTREME-R provides a
multilingual diagnostic and evaluation suite (§3.4).

3.1 Retained Tasks

We retain the XNLI (Conneau et al., 2018), UD-
POS (Nivre et al., 2018), WikiANN-NER (Pan
et al., 2017), XQuAD (Artetxe et al., 2020a),
MLQA (Lewis et al., 2020), TyDiQA-GoldP (Clark
et al., 2020), and Tatoeba (Artetxe and Schwenk,
2019) tasks from XTREME (see Appendix C).

3.2 New Tasks

3.2.1 Multilingual Causal Reasoning
XCOPA The Cross-lingual Choice of Plausible

Alternatives (Ponti et al., 2020) dataset asks models
to decide which of two sentences causally follows

a premise sentence. The XCOPA authors translated
and re-annotated the validation and test sets of the
English COPA (Roemmele et al., 2011) dataset into
11 languages, which we use for evaluation. The
English COPA training set together with the Social
IQa (Sap et al., 2019) training data are used for
training. While accuracy on the English COPA
recently reached 94.8% (Raffel et al., 2020), the
state-of-the-art on XCOPA is only around 70%.

3.2.2 Retrieval from a Multilingual Pool

Many previous retrieval benchmarks assume that
the entire candidate pool is in a single language.
For instance, a French query will be used to search
over only English candidates. However, practical
settings often violate this assumption, e.g. the an-
swer to a question may be available in any number
of languages, possibly different from the query
language. Models that cannot compare the appro-
priateness of retrieval results across languages are
thus ineffective in such real-world scenarios.
XTREME-R includes two new related cross-
lingual retrieval tasks. The first seeks to measure
the extent to which cross-lingual representations
are “strongly aligned” (Roy et al., 2020), i.e. they
place the semantically most related text pairs (e.g. a
question and its answer) closest together in repre-
sentation space, regardless of their language iden-
tities. The second analogously frames entity link-
ing as retrieving from a multilingual pool of entity
descriptions, given an entity mention in context
(Botha et al., 2020). For both, we report perfor-
mance as mean average precision at 20 (mAP@20).
LAReQA Language Agnostic Retrieval Question
Answering (Roy et al., 2020) is a sentence retrieval
task. Each query has target answers in multiple lan-
guages, and models are expected to rank all correct
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Test Template

Generated test

{first_name} is {adj [0]} than {first_namel}.

Comparisons R
Whois less {adj [1]}?

C: Ben is smaller than Frank.
Q: Who is less small?

Intensifiers

.pMIdY WA {first_name} {state} {very} PR Wwpa {first_namel} {state}
20p0% WP {state} M DM

LOP1M5% WP NP2 MW PR BpMIoY TWpa inw YRy :C
0P 0% Wpa MW MRS 237 M :Q

.{attribute2}s {attributel} s {[obj[1} A,all & {[obj [0} s

e dina s ilall 5y Al A kila 5528 :C

Properties o N
¢{[obj[1} » {property2} ¢l thilall 3y s JSE 6l :Q

Job vs {first_name} 499G {profession} R {nationality}l C: TV qF&H TGS 932 B

Nationality  (first name} 99 SrOITo! I? Q: Ife ag SrShret 12

Table 3: CHECKLIST templates and generated tests for different capabilities in English, Hebrew, Arabic, and
Bengali. Words in curly brackets {. ..} are placeholders; see Ribeiro et al. (2020) for more information.

answers above all incorrect answers, regardless of
language. We use the LAReQA XQuAD-R dataset
which contains 13,090 questions each of which has
11 target answers (in 11 distinct languages) within
the pool of 13,014 candidate answer sentences. Fol-
lowing Roy et al. (2020), we fine-tune models on
the SQuUAD v1.1 train set. The fine-tuned model is
used to rank the 13K candidates for each question.
Mewsli-X Mewsli (Multilingual Entities in News,
linked) is an automatically extracted dataset that
requires linking a contextual entity mention to its
entry in a language-agnostic knowledge base by
retrieving the entity’s description from a multi-
lingual candidate pool (Botha et al., 2020). For
XTREME-R, we derive Mewsli-X as a new variant
of Mewsli-9, still linking against WikiData (Vran-
deci¢ and Krotzsch, 2014). Mewsli-X features 15K
mentions in 11 languages: given a mention in con-
text, the task is to retrieve the single correct tar-
get entity description from a candidate pool rang-
ing over 1M candidates across all 50 languages of
XTREME-R. Fine-tuning is done on a predefined
set of English-only mention-entity pairs randomly
sampled from English Wikipedia hyperlinks (see
Appendix E for further details).

For our baseline systems on both tasks, we fol-
low previous work (Roy et al., 2020; Botha et al.,
2020) and train a dual encoder initialized from the
pre-trained model weights, optimizing for an in-
batch sampled softmax loss (Gillick et al., 2018).

3.3 Languages

XTREME-R adds the following ten languages to
XTREME: Haitian Creole, Cusco Quechuan, Wolof,
Lithuanian, Punjabi, Gujarati, Polish, Ukrainian,
Azerbaijani, and Romanian. In total, XTREME-R
covers the following 50 languages (shown using
their ISO 639-1 codes for brevity; new languages
are bolded) belonging to 14 language families and
two isolates: af, ar, az, bg, bn, de, el, en, es, et, eu,
fa, fi, fr, gu, he, hi, ht, hu, id, it, ja, jv, ka, kk, ko,

It, ml, mr, ms, my, nl, pa, pl, pt, qu, ro, ru, sw, ta,
te, th, tl, tr, uk, ur, vi, wo, yo, zh.2 XTREME-R is
similarly typologically and genealogically diverse
as XTREME while covering a larger number of lan-
guages (see Appendix D).

3.4 Diagnostic and evaluation suite

To increase the language coverage of low-resource
languages in XTREME-R and to enable us to sys-
tematically evaluate a model’s cross-lingual gen-
eralization ability, we augment XTREME-R with a
massively multilingual diagnostic and evaluation
suite. Challenge sets and diagnostic suites in NLP
(Wang et al., 2019a,b; Belinkov and Glass, 2019)
are mostly limited to English, with a few excep-
tions (Gulordava et al., 2018). As challenge sets
are generally created with a human in the loop, the
main challenge for creating a large multilingual
diagnostic suite is to scale the annotation or transla-
tion effort to many languages and to deal with each
language’s idiosyncrasies.

MULTICHECKLIST To address this, we build
on the CHECKLIST (Ribeiro et al., 2020) frame-
work, which facilitates creating parameterized tests
for models. CHECKLIST enables the creation of
test cases using templates, which test for specific
behavioral capabilities of a model with regard to
a downstream task. Importantly, by relying on
template-based tests, we can efficiently generate
a large number of diverse multilingual test cases
by creating a relatively small number of templates
in 50 languages.®> We focus on translating English
tests, which consist of templates and their fill-in val-
ues.* To study the feasibility of creating multilin-
gual test cases at scale, we translate the minimum

’The new languages are covered in both the new tasks as
well as in UD-POS, WikiANN-NER, and Tatoeba.

3In contrast, translating an existing test suite or dataset or
annotating individual examples for 50 languages would be
prohibitively expensive

*Templates could alternatively be created by native speak-
ers in each language.
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functionality tests (MFT) of CHECKLIST, which
probe for general vocabulary and taxonomic knowl-
edge in question answering. We instruct translators
to create separate variants of a template to disam-
biguate linguistic phenomena, such as gender of fill-
in values, question type, semantics of properties,
etc. We automatically fill names in each language
based on data from Wikidata and programmatically
consolidate different templates in each language.
We show examples of templates and the tests that
they generate in different languages in Table 3.
We highlight statistics of the dataset and transla-
tion process, instructions to translators, and general
challenges of template translation in Appendix F.
We believe that parameterized tests are a powerful
tool to obtain diverse diagnostics data for otherwise
resource-starved languages. We view participatory
research (V et al., 2020) with native speakers to cre-
ate template-based test cases testing for language-
specific behaviour as particularly promising.
Multilingual EXPLAINABOARD The standard
practice in leaderboards is to average performance
across different settings (Wang et al., 2019b,a).
While this provides discriminative power, it has
limited utility for examining the relative advan-
tages of systems, the characteristics of different
datasets and languages, and how these factors relate
to each other. To provide more granular evaluation
capabilities, we extend Fu et al. (2020); Liu et al.
(2021)’s EXPLAINABOARD to the task categories
and languages in XTREME-R. EXPLAINABOARD
provides a more nuanced impression of a model’s
performance on a task by defining task-specific at-
tributes (e.g. entity length for NER). The test set
is partitioned into different buckets based on the
defined attributes and performance is broken down
over different attribute values. We define new task-
specific attributes for the four task types as well as
task-independent attributes (see Appendix K).
Metadata We additionally would like to enable
practitioners to rank submissions based on other
information. To this end, we ask each submission
to XTREME-R for relevant metadata such as the
number of parameters, the amount of pre-training
data, etc. We will show this information in an
interactive leaderboard (see Appendix H for the
metadata of current XTREME submissions).

4 [Experiments

Training and evaluation setup XTREME-R fo-
cuses on zero-shot cross-lingual transfer from En-

glish. While recent work (Hu et al., 2020; Lauscher
et al., 2020; Hedderich et al., 2020) demonstrates
the benefits of fine-tuning on in-language data, we
believe the zero-shot scenario remains the most
effective way to evaluate the amount of a priori
multilingual knowledge a pre-trained model cap-
tures. Due to variation in cross-lingual evaluation
(Keung et al., 2020), we recommend researchers
to use the validation set of a single target language
for development (Artetxe et al., 2020b).

4.1 Baselines

We employ established pre-trained multilingual and
models using translations as baselines.

mBERT Multilingual BERT (Devlin et al., 2019)
has been pretrained on the Wikipedias of 104 lan-
guages using MLM.

XLM-R XLM-R Large (Conneau et al., 2020)
uses the same MLM objective with a larger model,
and was trained on a magnitude more web data
from 100 languages.

mTS Multilingual T5 (Xue et al., 2021) is an
encoder-decoder transformer that frames NLP tasks
in a “text-to-text” format. It was pre-trained with
MLM on a large multilingual web corpus covering
101 languages. We employ the largest mT5-XXL
variant with 13B parameters.

Translate-train To evaluate the impact of MT,
we fine-tune mBERT on translations of English
training data from Hu et al. (2020). We create new
translations for the XCOPA and SIQa data using
an in-house MT system.’

Translate-train multilingual In addition, we fine-
tune both mBERT and mT5 on the combined trans-
lated training data of all languages (including the
original English data) jointly.

Human performance We use the human perfor-
mance estimates from XTREME for the retained
tasks. For XCOPA we average the proportion of
annotated labels disagreeing with the majority la-
bel across all languages (Ponti et al., 2020). We are
not able to obtain human performance estimates
for the new retrieval tasks as identifying a trans-
lation among a large number of candidates is too
time-consuming for a human to perform.

4.2 Results

We show the main results in Table 4. As in
prior work, XLM-R Large generally outperforms
mBERT. Fine-tuning helps significantly on Tatoeba

SWe are unable to produce translations for Quechua.
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Model Av Classification Structured prediction Question answering Lang.-agnostic retrieval  Retrieval
€ XNLI XCOPA UD-POS WikiANN-NER XQuAD MLQA  TyDiQA-GoldP Mewsli-X LAReQA  Tatoeba
Metrics Acc. Acc. F1 F1 F1/EM F1/EM F1/EM mAP@20 mAP@20 Acc.
Cross-lingual zero-shot transfer (models are trained on English data)
mBERT 54.1  66.5 56.1 70.9 62.7 65.1/50.4 61.3/44.1 58.4/43.7 38.6 21.6 433
XLM-R Large 653 79.2 69.2 75.0 64.4 77.2161.6 72.7/54.2 64.3/458 457 40.7 713
mT5-XXL 64.6 84.8 74.9 715 68.8 81.5/66.6 75.6/57.3 80.1/65.7 41.7* 24.7* 45.7
Translate-train (models are trained on English training data translated to the target language)
mBERT - 74.6 573 - - 70.0/56.0 65.6/48.0 52.4/39.5 - - -
mBERT, multilingual - 75.1 579 - - 7241583 67.6/49.8 59.5/45.8 - - -
mT5-XXL, multilingual - 87.5 77.8 - - 84.7/71.8 76.4/584 81.9/68.6 - - -
Human - 92.8 97.6 97.0 - 91.2/823 91.2/823 90.1/- - - -

Table 4: Overall results of baselines across all XTREME-R tasks. *:

Due to compute limitations, mT5-XXL

language-agnostic retrieval results are obtained with a frozen rather than a fine-tuned model.

Job vs
Nationality

Animal vs  Animal vs

Lang. Comparisons Intensifiers Properties Vehicles  Vehicles 2

hu 28.0
hi y . 28.0
ru 24.0
fa . 38.5
et 145 49.0
es 32.5
ms . 18.5
ml 32.5 l
It : 25 25 ]
el 45.0
af 56.0

Avg

Table 5: Error rate of XLM-R fine-tuned on English
SQuAD vl1.1 on 6 CHECKLIST QA tests.

compared to the zero-shot setting (Hu et al., 2020).
The new tasks are challenging for current mod-
els, which show relatively lower performance com-
pared to other tasks. XCOPA presents a challeng-
ing classification task that requires cross-lingual
common sense reasoning while the language-
agnostic nature of Mewsli-X and LAReQA puts the

cross-lingual alignment of multilingual representa-
tions to the test. Analysis of the language-agnostic
retrieval results show a large gap remains between
cross-lingual and same-language test cases. XLM-
R Large improves significantly over mBERT on
the cross-lingual case in exchange for a slight drop
for the same-language case. This points to XLM-
R Large inducing more “strongly-aligned” repre-
sentations (see Appendix I for details). The state-
of-the-art mT5 improves performance on classi-
fication and QA tasks but performs less well on
structured prediction and retrieval, highlighting set-
tings where advances beyond scale are needed.®
Training on task-specific translations is beneficial
in all cases and generally performs best, although
improvements on QA tasks are diminishing. To
obtain a more fine-grained understanding of the
performance of current models, we conduct several
analyses using our multilingual diagnostic suite.

5 Analyses

5.1 MULTICHECKLIST

We show the results of XLM-R fine-tuned on En-
glish SQuAD v1.1 on the 6 tests of MULTICHECK-
LiIST in Table 5 (see Appendix F for the full results,
example failure cases, and mBERT results). While
mBERT’s average error rate is greater than 85%
on 4/6 test categories, XLM-R demonstrates a sub-
stantially more robust cross-lingual understanding
ability. XLM-R performs worst on tests in low-
resource languages with limited or no pre-training
data such as gu, ha, ht, qu, sw, wo, and yo and
in languages with non-Latin scripts such as he, ja,

Due to compute limitations, we extract mT5 embeddings
by averaging the encoder outputs of a frozen mT5 model
fine-tuned on SQuUAD V1.1, as opposed to fine-tuning a dual
encoder. For this reason, the mT5 language-agnostic retrieval
scores are not directly comparable to those of mBERT and
XLM-R.
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90 90
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(Overall: 68.45) 20 10
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Table 6: Single and pairwise system diagnosis of ERNIE-M (M1) and XLM-R (M2) on XQuAD. “M1-M2”
represents the performance difference between M1 and M2. We average “F1” and “Exact Match” of QA systems.
We classify the attribute values into four categories: extra-small (XS), small (S), large (L) and extra-large (XL)
values (see the Appendix for detailed interval information). The top 5 most frequent question types (qType) are:
“what” (A), “how” (B), “who” (C), “when” (D) and “which” (E). In the single system diagnosis histogram, blue
(red) z ticklabels represent the bucket category (e.g., XS) of a specific attribute on which a system achieved the
best (worst) performance. In the pairwise system diagnosis histogram, blue (red) x ticklabels represent the bucket
value of a specific attribute where system M1 surpasses (under-performs) M2 by the largest margin illustrated by
a blue (red) bin. Blue-only « ticklabels (e.g., -D) indicate that M1 outperforms M2 in all categories of an attribute.

th, and zh. In addition, XLM-R displays interest-  swers is more than 40 absolute points. The influ-
ing variation across languages, for instance failing  ence of question and context length is language-
in modeling comparisons in some languages, like =~ dependent. For example, in zh the system favors
Basque (eu), where it otherwise succeeds. We re-  long questions and contexts while in hi, it is the
lease the tests and test outputs to encourage deeper  opposite. If the answer is lexically similar to the
analysis and extension to other tasks and languages.  question (larger BLEU-AQ), the system tends to
make more mistakes in all eight languages. How-
5.2 Nuanced Multilingual Evaluation ever, a higher lexical overlap between questions
and contexts (BLEU-QC) is helpful for some lan-
guages: el, ru, ar. Surprisingly, ERNIE-M strug-
gles to answer relatively frequent question types
(i.e., what, and how), while it performs better on
less frequent questions, indicating that although
questions about person, place and choice are less
frequent, they are easier than abstract questions.
Pairwise System Analysis Although ERNIE-M
outperforms XLM-R by a large margin, it is sur-

Attributes We. denote (X, X, Xq) as a tuple of passed by XLM-R on a few buckets. In en, XLM-
a context, question and answer, and refer to cLen,

We showcase how nuanced multilingual evaluation
enables us to perform single and pairwise system
diagnosis on XQuAD in Table 6 (see Appendix K
for analyses of the other tasks). We choose two
systems: ERNIE-M, one of the top systems on
XTREME, and XLM-R in eight languages: English,
Chinese, Hindi, Greek, Russian, Turkish, Arabic,
and Vietnamese (en, zh, hi, el, ru, tr, ar, vi).

) ) R is better at dealing with longer answers and ques-
gLen, aLen as their lengths (i.e., the number of ;- tr, XLM-R surpasses ERNIE-M on sam-
tokens). We use BLEU (Papineni et al., 2002) ples with shorter answers and contexts. In zh,

to measure lexical overlap between (X4, Xg) and MR performs better when dealing with ques-
(Xg, X,) as BLEU-AQ and BL‘EU_QC' We report 50 that are lexically similar to the answers.
the top 5 most frequent question types (gqType),

which cover 85% of questions in the training set. 6 Conclusions

Single System Analysis For almost all languages,

ERNIE-M achieves the highest performance on  Our analyses and experiments have shed light on

shorter answers (XS), but the worst performance  important directions where scale alone is not suffi-

on longer answers (XL). Especially in e1, the per-  cient such as “strong” alignment, syntactic transfer,

formance difference between long and short an-  fine-grained natural language understanding, and
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answering of abstract questions. We encourage the
development of better inductive biases, pre-training
objectives, and evaluation resources. We make our
data, translations, evaluation resources, and inter-
active leaderboard supporting detailed comparative
analyses available to help the community gain a
better understanding of multilingual models.

7 Ethical Considerations

7.1 Language representation

XTREME-R seeks to improve language representa-
tion and language diversity in NLP research, which
has been identified as a large challenge (Joshi et al.,
2020). We tried to cover a set of languages that
is as diverse as possible, while still providing ac-
cess to evaluation data in multiple tasks for each
language. Despite this, XTREME-R has little repre-
sentation of languages of the Americas and Africa
due to a lack of labeled datasets for these lan-
guages. In addition, some languages included in
XTREME-R with few data available online are only
covered in a small number of datasets (see Table
7). To ameliorate this, we release training data of
tasks translated into other languages, as well as
the new MULTICHECKLIST. We reiterate the on-
going need for creating labeled datasets for diverse
tasks in under-represented languages, to facilitate
the development and evaluation of NLP models for
such languages. We emphasize the importance of
participatory research (V et al., 2020) as a modus
operandi for such work in order to involve marginal-
ized communities in the research process.

7.2 Leaderboard chasing

New benchmarks incentivize researchers to hill-
climb on aggregate metrics (Ethayarajh and Juraf-
sky, 2020). In addition, new benchmarks create
new opportunities for models to reach “superhu-
man” performance, which may lead people outside
the field to erroneously conclude that some model
has “solved language”. We hope that our inclu-
sion of EXPLAINABOARD and MULTICHECKLIST
help to prevent such a fallacy, by enabling more
fine-grained evaluation that goes beyond a single
aggregate metric.

7.3 Biases in multilingual models

Multilingual models have been shown to reflect
biases similar to their monolingual counterparts
(Zhao et al., 2020). In addition, multilingual mod-
els are biased towards languages with more pre-

training data (Hu et al., 2020). Zero-shot cross-
lingual transfer additionally introduces a bias to-
wards the source language (Sggaard et al., 2018;
Anastasopoulos and Neubig, 2020). Due to the
paucity of training data in other languages, we nev-
ertheless focus on English-centric transfer and en-
courage future dataset creation efforts to include
training data in multiple languages.

7.4 Environmental concerns

XTREME-R aims to enable efficient evaluation of
multilingual models. To this end, we created a
new dataset, Mewsli-X, that captures the essence
of multilingual entity linking against a diverse
knowledge base but is computationally cheaper
to evaluate than the large-scale Mewsli-9 (Botha
et al., 2020). Nevertheless, the models that per-
form best on benchmarks like XTREME-R are gen-
erally large-scale Transformer models pre-trained
on large amounts of data, which comes at a high
cost (Strubell et al., 2019). We thus particularly
encourage the development of efficient methods
to adapt existing models to new languages (Pfeif-
fer et al., 2020) rather than training multilingual
models entirely from scratch.
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Appendix
A Details of XTREME models

All submissions to the XTREME leaderboard are
large-scale Transformers (Vaswani et al., 2017)
trained with masked language modeling (MLM),
many of which extend monolingual models. Multi-
lingual BERT (mBERT), XLM-RoBERTa (XLM-
R; Conneau et al., 2020) and multilingual T5 (mTS5;
Xue et al., 2021) extend BERT (Devlin et al., 2019),
RoBERTa (Liu et al., 2019), and T5 (Raffel et al.,
2020) respectively. Rebalanced mBERT (Rem-
BERT; Chung et al., 2021) is a more efficient,
scaled-up reparameterization of mBERT. These
models have been pre-trained on unlabeled data
in around 100 languages from Wikipedia (mBERT)
and CommonCrawl. XLM-R was the strongest
baseline in XTREME (Hu et al., 2020) and is the
foundation for some subsequent work. It has been
fine-tuned on English data of a related task prior
to task-specific fine-tuning (STILTSs; Phang et al.,
2020). The following models furthermore propose
new methods to leverage parallel data during pre-
training or fine-tuning. FILTER (Fang et al., 2021),
based on XLM-R, fuses representations in different
languages. VECO (Luo et al., 2020) is a 24-layer
encoder-decoder model that uses additional MLM
variants during pre-training. T-URLv2 and HiCTL
(Wei et al., 2021), based on InfoXLM (Chi et al.,
2021) and XLLM-R respectively, employ contrastive
losses. ERNIE-M (Ouyang et al., 2020) incorpo-
rates back-translation into language modeling.’

B Task scores on XTREME

We show the performance of the models on the
XTREME leaderboard broken down by language
family on the remaining XTREME tasks in Figure
2.

C XTREME tasks retained in XTREME-R

XNLI The Cross-lingual Natural Language In-
ference corpus (Conneau et al., 2018) requires a
model to determine whether a premise sentence
entails, contradicts, or is neutral with respect to a
hypothesis sentence. We use the crowd-sourced
English data that was professionally translated to
14 other languages for evaluation and the MultiNLI
(Williams et al., 2018) train set for training.

"We are not aware of the technical details of Polyglot and
the anonymous submission.

UD-POS We employ the part-of-speech tagging
data from the Universal Dependencies v2.7 tree-
banks (Nivre et al., 2018) covering 104 languages.
We use the English training data for training and
evaluate on the test sets of the target languages.
WikiANN-NER For named entity recognition,
we use the WikiANN dataset (Pan et al., 2017), in
which proper noun spans in Wikipedia text have
been automatically annotated as either location,
person, or organization. We use the balanced train,
dev, and test splits from Rahimi et al. (2019).
XQuAD The Cross-lingual Question Answering
Dataset (Artetxe et al., 2020a) requires identifying
the answer to a question as a span in the correspond-
ing paragraph. A subset of the English SQuAD v1.1
(Rajpurkar et al., 2016) dev set was professionally
translated into ten other languages for XQuAD.
MLQA Similarly to XQuAD, the Multilingual
Question Answering dataset (Lewis et al., 2020)
is another cross-lingual question answering task.
The evaluation data in seven languages was auto-
matically mined from Wikipedia, annotations were
crowd-sourced, and answer spans aligned. For both
XQuAD and MLQA, we use their respective data
for evaluation and train on SQuAD vl1.1.
TyDiQA-GoldP We use the gold passage (GoldP)
version of TyDiQA (Clark et al., 2020), a bench-
mark for information-seeking question answering,
which covers nine typologically diverse languages.
The GoldP version is a simplification of the pri-
mary task, using only the gold passage as context
and excluding unanswerable questions. We use the
English training data for training and evaluate on
the test sets of the target languages.

Tatoeba We evaluate on the Tatoeba dataset
(Artetxe and Schwenk, 2019), which consists of
up to 1,000 English-aligned sentence pairs cover-
ing 122 languages. We find the nearest neighbor
using cosine similarity. To make the setting more
realistic, we move away from zero-shot retrieval
and fine-tune models on SQuAD v1.1.

D Languages

Language characteristics We show a detailed
overview of languages in XTREME-R including
interesting typological differences in Table 7.
Wikipedia information is taken from Wikipedia®
and linguistic information from WALS Online’.

Shttps://meta.wikimedia.org/wiki/List_
of_Wikipedias
‘https://wals.info/languoid
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Figure 2: Performance of all models on the XTREME leaderboard on (a) XNLI, (b) PAWS-X, (c) WikiANN-NER,
(d) XQuAD, (e) TyDiQA-GoldP, and (f) BUCC across language families.

XTREME-R includes members of the Afro-Asiatic,
Austro-Asiatic, Austronesian, Dravidian, Indo-
European, Japonic, Kartvelian, Kra-Dai, Niger-
Congo, Sino-Tibetan, Turkic, Uralic, Creole!?, and
Quechuan language families as well as of two iso-
lates, Basque and Korean.

Language diversity indices We measure the lan-
guage diversity of XTREME-R according to the ty-
pology and language family indices of Ponti et al.
(2020), which we show in Table 8 for XTREME-R,
XTREME (Hu et al., 2020), and XGLUE (Liang et al.,
2020). The typology index is based on the mean
entropy of the distribution over 103 typological

OFor simplicity, we treat Creole as a distinct language
family (Bakker et al., 2011).

features from URIEL (Littell et al., 2017) across
the languages while the family index consists of
the number of distinct language families divided
by the total number of languages. XTREME-R is
similarly diverse while covering a larger number of
languages.

E Mewsli-X Dataset

Mewsli-X is constructed specifically for
XTREME-R and is a more carefully sampled
variant of the Mewsli-9 dataset (Botha et al.,
2020), derived from WikiNews in the same way.
Compared to Mewsli-9, Serbian is dropped and
Polish, Romanian and Ukrainian are added to
obtain 11 languages, while the entity descriptions
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1SO # Wikipedia Diacritics/  Extensive ~ Bound . # datasets
. . . Language . Inflec- Deriva- .
Language 639-1 articles (in ~ Script : special compound- words/ . . with
e family . .. tion tion
code  millions) characters  ing clitics language

Afrikaans af 0.09 Latin IE: Germanic v 3
Arabic ar 1.02 Arabic Afro-Asiatic v v v 9
Azerbaijani* az 0.18 Latin Turkic v 2
Bulgarian bg 0.26 Cyrillic IE: Slavic v v v 4
Bengali bn 0.08 Brahmic IE: Indo-Aryan v v v v v 3
German de 2.37 Latin IE: Germanic v v 8
Greek el 0.17 Greek IE: Greek v v v 6
English en 5.98 Latin IE: Germanic 9
Spanish es 1.56 Latin IE: Romance v v 8
Estonian et 0.2 Latin Uralic v v v v 4
Basque eu 0.34 Latin Basque v v v v 3
Persian fa 0.7 Perso-Arabic IE: Iranian v 3
Finnish fi 0.47 Latin Uralic v v 4
French fr 2.16 Latin IE: Romance v v 4
Gujarati* gu 0.03 Brahmic IE: Indo-Aryan v 1
Hebrew he 0.25 Jewish Afro-Asiatic v 3
Hindi hi 0.13 Devanagari IE: Indo-Aryan v v v v v 7
Haitian Creole* ht 0.06 Latin Creole 1
Hungarian hu 0.46 Latin Uralic v v v v 3
Indonesian id 0.51 Latin Austronesian v v v 5
Ttalian it 1.57 Latin IE: Romance v v 4
Japanese ja 1.18 Ideograms Japonic v v 4
Javanese jv 0.06 Brahmic Austronesian v v 1
Georgian ka 0.13 Georgian Kartvelian v v 2
Kazakh kk 0.23 Arabic Turkic v v v 2
Korean ko 0.47 Hangul Koreanic v v v 4
Lithuanian* It 0.2 Latin IE: Baltic v v 3
Malayalam ml 0.07 Brahmic Dravidian v v v v 2
Marathi mr 0.06 Devanagari IE: Indo-Aryan v v 3
Malay ms 0.33 Latin Austronesian v v 2
Burmese my 0.05 Brahmic Sino-Tibetan v v 1
Dutch nl 1.99 Latin IE: Germanic v 3
Punjabi* pa 0.04 Brahmic IE: Indo-Aryan v v 1
Polish* pl 1.44 Latin IE: Slavic v v 4
Portuguese pt 1.02 Latin IE: Romance v v 3
Cusco Quechua* qu 0.02 Latin Quechuan v 2
Romanian* ro 0.42 Latin IE: Romance v v v 4
Russian ru 1.58 Cyrillic IE: Slavic v 7
Swahili SW 0.05 Latin Niger-Congo v v v 4
Tamil ta 0.12 Brahmic Dravidian v v v v v 5
Telugu te 0.07 Brahmic Dravidian v v v v v 4
Thai th 0.13 Brahmic Kra-Dai v 7
Tagalog tl 0.08 Brahmic Austronesian v v v 2
Turkish tr 0.34 Latin Turkic v v v v 7
Ukrainian* uk 1.06 Cyrillic IE: Slavic v 4
Urdu ur 0.15 Perso-Arabic IE: Indo-Aryan v v v v v 4
Vietnamese vi 1.24 Latin Austro-Asiatic v 8
Wolof* wo 0.002 Latin Niger-Congo v 1
Yoruba yo 0.03 Arabic Niger-Congo v 2
Mandarin zh 1.09 Chinese ideograms ~ Sino-Tibetan v 8

Table 7: Statistics about languages in XTREME-R. Languages belong to 14 language families and two isolates, with
Indo-European (IE) having the most members. * indicates newly added languages. Diacritics / special characters:
Language adds diacritics (additional symbols to letters). Compounding: Language makes extensive use of word
compounds. Bound words / clitics: Function words attach to other words. Inflection: Words are inflected to
represent grammatical meaning (e.g. case marking). Derivation: A single token can represent entire phrases or

sentences.

Range

Typology [0, 1]
Family [0, 1]

XTREME-R XTREME XGLUE

0.42
0.34

0.43
0.38

0.35
0.37

Table 8: Diversity indices with regard to typology and language family of XTREME-R, XTREME, and XGLUE.
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to be retrieved range over all 50 languages in
XTREME-R (Table 9). To broaden accessibility, the
mention queries, candidates and Wikipedia-based
training instances are all downsampled compared
to the previous work.

Mention Extraction Viable mentions were taken
as hyperlinks in the WikiNews articles pointing
to Wikipedia entity pages (in any language) that
could be mapped successfully to items in our base
WikiData entity vocabulary. V4,4 is defined as the
set of entities that have a Wikipedia page in any of
the 50 languages in XTREME-R (|Vhase| = 12M).
The latter condition ensures that entity descriptions
are available. We also extended the WikiData filter
used by Botha et al. (2020) to additionally exclude
entities that are instances of Wikipedia List Pages
(Q13406463) or Wikimedia (Human) Disambigua-
tion Pages (Q22808320, Q4167410), which are not
of large interest for entity linking.

The resolved, viable mentions were filtered
to drop duplicate surface mentions of an en-
tity in the same article, and mentions of years
(e.g. 2014), which are commonly linked in
WikiNews but not of great interest. We then
performed stratified sampling by both mention
language and entity frequency bins, seeking uni-
form sizes across strata. Entity frequency is es-
timated as the number of times an entity is ref-
erenced on pages in the 50-language Wikipedia
collection, and then binned into five intervals:
[0,1),[1,10),[10,100), [100, 1000), [1000, c0).

The resulting set of 15,000 test mentions covers
9,647 distinct gold entities (Vgo1q).

Candidate Set Doing vector encoding and near-
est neighbor search over a full knowledge base of
millions of entities is relatively time-consuming,
but searching only among Vj1q is also unrealistic.
We thus strike a balance by defining a candidate set
Veand D Vigold, by sampling additional items from
Vhase \ Veold, this time only stratified by entity fre-
quency, to obtain |V,nq| = 1,000, 000.

Each entity e € V.4 is assigned a single de-
scription: we randomly sample a language from
among the L, < 50 Wikipedia pages correspond-
ing to e, and take the page’s first sentence as entity
description.

Fine-tuning Data The fine-tuning data constitutes
115K English-only (mention, entity)-pairs, which
were sampled from English Wikipedia hyperlinks
that map to Vpase \ Veand. Sampling is according to
the natural distribution. The Mewsli-X evaluation

setting in XTREME-R is thus doubly zero-shot: no
candidate or test entities are observed during fine-
tuning, nor is non-English text.

F MULTICHECKLIST

General statistics Creating MULTICHECKLIST
involved translating around 550 words (templates
and fill-in values) into 49 languages. Some lan-
guages required a larger number of words due to
the creation of additional templates (Russian re-
quired translating 1043 words). In total, the trans-
lation effort cost $4,360. For each test category
and each language, we automatically generate 200
test cases. Depending on the number of possible
variations for each test, each test case can consist
of 2 (Comparisons) to 12 (Intensifiers) examples.!!
Instructions to translators We sent the following
guidelines to annotators for the translation:

1. We would like you to translate the following
templates and their corresponding fill-in val-
ues into other languages. Each template con-
tains some text enclosed in curly brackets { }.
These are the names of the fields that will be
substituted in the template. We ask you not to
translate the text within such curly brackets.

2. Have a look at the text in the other fields to
get a better sense what can be substituted in
the template. For instance, by referring to the
lines with “adj”, we can see that “{first_name}
is {adj[0]} than {first_namel}” is a compari-
son between two people.

3. If there is not a literal translation or the same
translation has already been used for another
word, feel free to use a translation that is simi-
lar in meaning.

4. If the translation of the template differs based
on the substituted words, please create multi-
ple translations for the template and indicate
which substituted words correspond to it. For
instance, if one translation of the template as-
sumes that some substituted words have male
gender but others have female gender, create
a separate translation of the template that con-
forms to the female gender.

5. In one template, {p.p1} and {p.p2} refer to

a property (either “shape”, “ size”,

LR INT

color”,

""Note that the number of variations does not correlate with
the test success rate, e.g. the “Job vs nationality” test has
8 variations for each test case and the highest success rate
overall.
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“age”, or “material”). {p.v1} and {p.v2} refer
to an attribute of each property such as “old”,

“new”, “red”, “blue”, etc.

Challenges of template translation We high-
light some of the challenges and linguistic phenom-
ena we encountered during the process of creating
MULTICHECKLIST in the following. Unless spec-
ified otherwise, we create separate templates to
disambiguate each phenomenon.

e Gender agreement: Adjectives and nationali-
ties need to be declined to match the gender of
their referring expression. To keep the trans-
lation effort manageable and avoid creating
separate templates for each gender, we control
for gender and restrict fill-in values to male
names for the affected tests (3/6). We sam-
ple genders equally for the other tests. We
welcome dedicated test suites analyzing mul-
tilingual gender bias as future extensions.

e Declination: In Russian, animal and vehicle
names require Accusative and Nominative in
different cases.

e Normalization: For appropriate substitution,
fill-in values often need to include articles.
We normalize answers and predictions by re-
moving language-specific articles in order to
ensure a consistent comparison.

e Names: Our use of names based on data
in Wikidata leads to certain biases. Names
that are more common in Wikidata are more
likely to be chosen. In some cases, names in
Wikidata are not written in the native script.
Japanese names from Wikidata are often writ-
ten in hiragana or katakana rather than kanji.
Our choice of using the first name is also not
applicable to all languages. In Japanese, peo-
ple are usually not referred to by their first
name, e.g. Masanori Suzuki would be called
Suzuki-san instead of Masanori.

e Declension of names: In some languages, a
suffix is appended to a name depending on
its spelling. For instance, in Turkish the suf-
fix changes based on the vowel of the last
syllable, e.g. Ahmet’in, Ali’nin, Umut’un,
Seyma’nin, Ozge’nin, etc., and Ahmet’ten,
Ali’den, Umut’tan, Seyma’dan, Ozge’den, etc.
In Finnish, names are appended with a varia-
tion of “lla”, e.g. Peterilld, Lisalla, Mattilla,
etc.

e Professions: Words for certain professions
are gendered (e.g. waiter/waitress), so they
only occur with male or female names.

e Question syntax: In some languages, the syn-
tax of the question changes depending on the
property or adjective one asks about.

e Syntax of adjectives: In some languages, the
syntax changes depending on what adjective is
used. In German, the translations of “happy”,
“excited”, and “passionate” require different
prepositions.

o Stilted language: Some text appears stilted
when values are filled into the translated tem-
plates. For instance, the question “ &5 5 D
Fh ARG C g b, 7 is an unusual
way to do negation in Japanese; if directly
translated to English, it would mean “Who is
more not calm?”.

We tried to address most of these challenges

by instructing translators to create additional tem-
plates to disambiguate linguistic phenomena and
by consolidating different templates programmati-
cally. However, as this process was relatively labor-
intensive, we recommend the usage of morphologi-
cally aware templates similar to Jiang et al. (2020)
for future work. Note that morphologically aware
templates may not be able to resolve some of the
finer linguistic differences. For this reason, we also
advise working closely with native speakers to de-
sign tests that reflect natural language as closely as
possible.
Full results We show the full results of XLM-R
and mBERT on the MULTICHECKLIST tests in Ta-
bles 10 and 11 respectively. mBERT only shows
limited amounts of cross-lingual taxonomic knowl-
edge. While it is able to distinguish between job
and nationality and animals and vehicles in some
languages, it fails to do this consistently across
all languages. In addition, it completely fails to
distinguish between different properties and inten-
sifiers and is not able to perform comparisons. In
contrast, while XLM-R struggles with intensifiers,
it demonstrates the other capabilities much more
consistently across languages.

Example failure cases We provide example fail-
ure cases of XLM-R on a subset of languages in
Table 12. We will publicly release a comprehen-
sive list of failure cases for XLM-R and mBERT,
the complete tests and model outputs for further
analysis.
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G Hyper-parameters

mMBERT We use the cased version, which cov-
ers 104 languages, has 12 layers, 768 hidden units
per layer, 12 attention heads, a 110k shared Word-
Piece vocabulary, and 110M parameters.'”> The
model was trained using Wikipedia data in all 104
languages, oversampling low-resource languages
with an exponential smoothing factor of 0.7. We
generally fine-tune mBERT for two epochs, with a
training batch size of 32 and a learning rate of 2e-5.
We build on the Transformers library (Wolf et al.,
2019) for training on each task.

XLM-R We use the XLM-R Large version that
covers 100 languages, uses a 200k shared BPE
vocabulary, and has been trained with masked lan-
guage modelling.!> We fine-tune XLM-R generally
for two epochs with a learning rate of 3e-5 and an
effective batch size of 16. We use the Transformers
library for training XLM-R on all tasks.

mT5 We use the publicly released mT5-XXL
version that has nearly 13 billion parameters with a
vocabulary size 250k (Xue et al., 2021). It has been
trained on multilingual C4 (mC4) corpus which
has 6.3 trillion tokens spanning 101 languages'*.
For all downstream tasks, we fine-tune mT5-XXL
for 10k steps with a constant learning rate of 0.001,
dropout rate of 0.1 and a batch size of 2!7 tokens.
For early stopping, we save checkpoints every 200
steps and choose the checkpoint with the highest
performance on the validation set.

H Metadata

We intend to ask each submission to XTREME-R
for relevant metadata. Such metadata includes the
number of parameters, amount of pre-training data,
amount of fine-tuning data, etc. We are doing this
to enhance transparency and to increase utility of
our benchmark for practitioners with varying needs.
As a first step in this direction, we provide infor-
mation about the number of parameters and the
amount of monolingual and parallel pre-training
data used by all submissions to XTREME in Ta-
ble 13. Note that the different systems report their
training data in different ways (e.g. number of to-
kens, number of examples, size of the data). We
plan to standardize this by asking submissions to

Phttps://github.com/google-research/
bert/blob/master/multilingual .md

Bhttps://github.com/facebookresearch/
XLM

Yhttps://www.tensorflow.org/datasets/
catalog/c4#cdmultilingual

XTREME-R to report training data in terms of num-
ber of tokens seen.

I Language-agnostic Retrieval Results

The multiway cross-language nature of Mewsli-
X and LAReQA enables closer analysis of model
performance by input and target language pairs.
Mewsli-X can directly be split by language pair
as it has a single correct target per input mention.
For LAReQA, we follow the “Limit to One Target”
strategy of Roy et al. (2020): instead of asking the
model to retrieve all correct answers in one pass,
we evaluate on each target separately, with all the
other correct answers removed from the candidate
pool, allowing us to report splits by language pair.
Table 14 summarizes these pairwise mAP@20
scores (here, micro-averaged), showing that XLM-
R Large improves substantially over mBERT on the
cross-lingual case (+38% on Mewsli-X and +137%
for LAReQA) in exchange for a slight drop for the
same-language case. Even so, performance on the
cross-lingual case is still low at 29-36 mAP @20,
and remains a challenging area for future work.
Figures 3 and 4 show the detailed breakdowns.

J Detailed results

We show the detailed results for each task and
language in Tables 15 (XNLI), 16 (XCOPA), 17
(UD-POS), 18 (WikiANN-NER), 19 (XQuAD), 20
(MLQA), 21 (TyDiQA-GoldP), 22 (Tatoeba), 23
(Mewsli-X), and 24 (LAReQA).

K Nuanced Multilingual Evaluation

We perform nuanced multilingual evaluations by
categorizing testing examples into different at-
tribute buckets and measuring the system perfor-
mance on each attribute bucket. In the following,
we describe the available attributes for tasks in
XTREME-R and provide additional analysis on dif-
ferent attributes.

K.1 Attribute Definition

QA  We denote (X, X,,X,) as a tuple of the
corresponding context, question and answer, and
refer to cLen, gLen, aLen as their lengths (i.e.,
the number of tokens). We use BLEU (Papineni
et al.,, 2002) to measure the lexical overlap be-
tween (X,,X,) and (X4, X,) as BLEU-AQ and
BLEU-QC. We classify questions based on their
first tokens and report the top 5 most frequent ques-
tion types as gType (i.e., what, how, when, where,
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Figure 3: Mewsli-X results broken down by mention language (columns) and entity description language (rows),

only showing combinations with at least 10 test items.
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Figure 4: LAReQA results broken down by question language (rows) and answer language (columns) for “Limit

to One Target” inference.

which), which cover 85% of questions in the train-
ing set. We list the six attributes as follows.

* ¢aten(Xa) = len(X,),
* dqLen(Xq) = len(Xy),
dcLen(Xe) = len(Xc),
$BLEU,, (X4, Xq) = BLEU(Xq, Xy),

¢BLEU,. (Xq, Xc) = BLEU(X¢, X,),

brype(Xq) = type(Xy), question type.

Structured Prediction Given a sentence X, we
define the i-th word token as x; and a span of words
in the range of [i, j) as X;.; in the sentence. We
then define five attributes including the label of a
span (t ag), the token length of a sentence (sLen),
the token length of an entity span (eLen), the char-
acter length of an entity span (t Len) and the rela-
tive token position of an entity (rPos) in the sen-
tence as follows.

L ¢tag(Xz’:j) = labEI(Xi:j)

* ¢sLen(X) = len(X)

b ¢eLen(Xi:j) = len(Xi:j)

b ¢tLen(Xi:j) = ‘Xz‘:jl

. ér_Pos(Xi:j) =i/dsLen(x), relative po-
sition

where |x| represents the number of characters.

K.2 Attribute Buckets

We bucket all test examples into different attribute
buckets for a given attribute. Specifically, for an at-
tribute defined for a task, we measure the attribute
value of the test examples (see Section K.1), then
determine NV attribute buckets for all test examples
(N = 4 by default), and finally we measure the
system performance on the test examples falling in
each attribute interval to observe the performance
change over different attribute buckets. Since the
attribute values can be either continuous (e.g., an-
swer length aLen) or discrete (e.g., question type
qType), we perform different strategies for creat-
ing attribute buckets for them.

Continuous Attribute Values For the attributes
with continuous attribute values (e.g., ¢51.ens
¢qLens PcLen: PBLEU,,» PBLEU,.)> We divide
the test examples into different intervals where the
numbers of the test samples in all attribute intervals
are equal.

Discrete Attribute Values For the attribute with
discrete attribute values (e.g., ¢t ype), test sam-
ples with the same type are put into the same at-
tribute bucket.

Table 25 and 26 show the detailed attribute in-
tervals for each category on the XQuAD task and
WikiANN-NER task, respectively.
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K.3 Additional Nuanced Analysis
K.3.1 WikiANN-NER

Table 27 and 28 illustrate the single system diagno-
sis of ERNIE-M and XLM-R respectively on the
WikiANN-NER task in three languages (i.e., en,
es, fr). We make the following observations.
ERNIE-M In Table 27, first, we observe that
the effects of some attributes for ERNIE-M are
language-independent. For example, based on the
attribute rPos, the system is good at predicting en-
tities located within the first 1/3 part of the English
sentences, while it is relatively bad at predicting
entities within the first 1/3 part of the sentences for
other languages. Second, the system favors long
sentences based on the attribute sLen. We even
observe that performance increases as the sentence
length increases on es and fr. Third, across all
languages, the system performs relatively bad at
predicting long entities (e Len) and entities belong-
ing to the organization class (tag). Finally, the
system is good at predicting sentences with fewer
entities based on the attribute for entity density
(eDen).

XLM-R In Table 28, we observe that the influence
of some attributes such as sLen,elLen, eDen with
respect to the system performance are similar be-
tween ERNIE-M and XLM-R, although ERNIE-M
performs significantly better than XLM-R at gener-
alizing its predictions on es, fr.

K32 QA

Table 29 shows the pairwise system analysis of
ERNIE-M and T-URLV2 for the XQuAD task. We
find that although the overall performance of T-
URLvV2 outperforms ERNIE-M, it is surpassed by
ERNIE-M on a few buckets. For example, in zh,
ERNIE-M is better at dealing with samples that
have long answers, long questions, and a high lexi-
cal overlap between questions and answers. In ru,
ERNIE-M is better at dealing with samples with
long answers, long questions, and lower lexical
overlap between questions and answers, questions
and contexts.

K.4 EXPLAINABOARD Demonstration

Figure 5 shows the interface of EXPLAINABOARD
containing possible selection options to observe
the fine-grained analysis for submitted systems on
XTREME. We also demonstrate how to perform Sin-
gle System and Pair Systems analysis on Figure 6
and 7 respectively.

Specifically, to generate a fine-grained overview,
we first select models in the table, then click one
of the three Analysis Buttons, which generates a
fine-grained analysis such as in Figure 6 (single
system analysis) and Figure 7 (pair-wise system
analysis).
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ExplainaBoard for XTreme

Year Task-Dataset Metric

lang
Choose Year v XQuAD

v Choose Metric v en

Analysis Button: (i) Selecting models in the table (ii) Click the Button

pataseTeias ) ( SINGLEANALYSIS ) [ PAIRANALYSIS )

Date, Language Dataset Model, Score Rank Title

Bib
[u]
2020 e xquad Xtune 83425 | 2 MSRA; Affiiation: MSRA Bio
a
2020 e xquad | X-STLTs | 82835 5
[u]
2020 en xquad VECO 83 4

MO NLP Team; Affliation

SData %"System Analysis Available

Figure 5: Overall user interface. Four top-down lists at the top are used to filter the entries in the table by the

publication year, task, metric and languages. Three analysis buttons (e.g., DATASET BIAS, SINGLE ANALYSIS,
PAIRWISE ANALYSIS) are used to perform three different fine-grained evaluations. Each row in the table represents

the performance of a system on a specific dataset and a specific language. Relevant pieces of information such as
the paper title also are provided.

Single diagnosis for task: xquad
1. dataset: xquad

(1) model: Xtune

answer length question length context length answer pasition alen/clen alen/alen aLen/oLen BLEVIAG) BLEVIG.C)

100 100 100
B 8 &0
80 80 60
a0 40 0

100
&
&0
a0

P 20
2 20 20

(2) model: X-STILTs

answer length question length <ontext length answer pesition aLen/cLen aLen/alen BLEVIAQ) BLEV(G,C)

100

100
8
&
a
20

Figure 6: Single system analysis. Each histogram represents the fine-grained evaluation results of a given system,
which are broken down based on a pre-defined attribute (e.g., answer length).

Pair diagnosis (Modell - Model2) for task: xquad
1. dataset: xquad, model1: Xtune, model2: X-STILTs

answer length question length context length answer position aLenfeLen atenfaten alen/clen BLEUIAG) BLEU(G.C)

0 0 n 1 1 1
s . 5 s s
s & B
6 6 4 a 4
it a 5 2 z
2 2 o - 0 o
o 0 -2 Ll 2l
- - E &
& g

e

S
5

o

Figure 7: Pairwise system analysis. Each histogram illustrates the fine-grained performance gap between system 1
and system 2, which has been broken down by different pre-defined attributes (e.g., answer length).

10237



ar de en es fa ja pl ro ta tr uk Total

Bei=10 1,440 1,450 1,420 1,446 1,449 1,481 1,482 1,469 1,474 1,461 15,000

Table 9: Composition of Mewsli-X test set by mention language (columns) and entity description language (rows).
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Job vs Animal vs ~ Animal vs Job vs Animal vs  Animal vs

Lang.  Comparisons Intensifiers Properties Nationality ~ Vehicles  Vehicles 2 Lang. Comparisons Intensifiers Properties Nationality ~ Vehicles  Vehicles 2
af 47.0 g 56.0 30.0 52.0
ar

az

bg

bn

de

el
en
es
et
eu
fa
fi
fr
gu
ha
he
hi
ht

£ 22588

ur
vi

wo
yo
zh 71.2

Avg 473 909 6438 267 516 328

Table 10: Error rate of XLM-R fine-tuned on English ~ Table 11: Error rate of mBERT fine-tuned on English
SQUAD v1.1 on 6 CHECKLIST QA tests across all 50 ~ SQUAD v1.1 on 6 CHECKLIST QA tests across all 50
languages. languages.
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Lang Comparisons Intensifiers Properties Job vs Nationality ~ Animal vs Vehicles Animal vs Vehicles 2

C: Daar is "n kers in die C: Keith het 'n C: Steven het 'n akkedis
C: Don is kleiner as  C: Tim is optimisties oor die projek kamer. Die kers is blou en brandweerwa en 'n  gekoop. Carl het 'n
William. John is nogal optimisties oor die projek.  ysteragtig. konyn. paneelwa gekoop.
Q: Wie is die mins optimisties oor die Q: Watter materiaal is die Q: Watter dier het ~ Q: Wie het "n voertuig
af Q: Wie is kleiner?  projek? kers? Keith? gekoop?
A: Don A: Tim A ysteragtig Az 'n konyn Az Carl
P: brandweerwa en
P: William. P: John P: blou en ysteragtig. 'n konyn. P: Steven
o el s :C Okl g il i il Bl e 'C Ra gl &R by s e g 0C 5 s g Al sl ana oC Lotfi el s 221 s -C
il i ol e REEYRTE IS el i A i dad 3 gl
53 gm 1 8 ol a2 Q
ar flima B Q 5 all gl el B 520 Fia gl a ol gl :Q fauna g2 95l o 81 5 Q)
FRVETY ol skl A diem A b i bt A A Lotfi
(s P fae iy 3, P = P e
C: Oleg C: Yuri laviha ila bagh olaraq haddan C: Tofiq
Narimandan daha  gox cosquludur. Vasif layiha ila bagh C: Otaqda saat var. Saat amerikahdir. Tofiq C: Samadin dovsam  C: Vitali kartankalasi aldi.
tiinddiir olaraq cosquludur. mavidir va damir. inzibatcidir. va yilk magini var.  Emil kartankalasi ald:
Q: Samadin hansi
az Q: Kim daha az Q: Layiha ila bagl olaraq an az kim nagliyyat vasitasi  Q: Nagliyyat vasitosini kim
tiinddir? cosquludur? Q: material saat necadir? Q: Tofiqun isi nadir?  var? aldi?
A: Narimandan A: Vasif A domir A inzibatgudir A yitk magim A Vitali
P: Oleg P: amerikalidir. Tofig P: dovsam va yik
Narimandan P: Yuri P: mavidir va damir. inzibatcidir. magini P: Emil kartankalasi
C: Gosn e no- C: Ljubomir ¢ nonsxse entycuasupan  C: Hma kanane B crasTa. C: Mladen nma
CTpaHeH oT 3a npoekTa. Jlazap e entycuasnpan 3a Kananeto e uepHo 1 xameTep u noxapen  C: JTioGomup kynu Guk.
Becennux NpoeKTa. CTEKIIEHO KAMHOH. AHTOH KYITH KOO0,
Q: Kakeo npeeozso
beg Q: Koit e no-manko  Q: Koil ¢ Hafl-manko enTvenasupad 3a (Q: Kakss marepnan e CPECTBO HMa : Kofi kynu npeso3Ho
cTpaHeH? npoekTa? KaHaneTo? Miladen? cpencteo?
Al noxapex
A: Becenun A: Ljubomir Al CTBRICHO KAMHOH A AHTOH
P: Bosau P: Jlazap P: 4epHo M cTBKIEHO. P: xamcrep P: Iwobomup
C: FEE MG 4506 e C 7 aFee C: ar¥eTa A3 TEEtE
C: I ATETw 98 C: CTIE 9% 5979 S He T3t | M=l ARG T AW & 9FET SEEH AT C:EFaF Ff T FEr aEE Fea
GE@Ef@Rl A 0% gew e s wAEEnl ST Stam s sFfGemmar 937 a1 e
N Q: (F 22 999 & TaEE FH Q: = aF STetmeT Q: B 97 (F W e
n Q@TH@AD  TEEE? Q: T B T ey F? @ Q: (F 236 =1t
A AT A: oI AT A Bt A: 23(6 BT A AETA
P 3% 5T 8 596
P IR AT P S P: AT 8 FE| P: TGN o BTl = P: IR T
C: Helmut ist etwas beunruhigt iber das  C: Es gibt eine Kamera in C: Hugo 1st ein C: Joachim hat C: Markus hat einen
C: Heinrich ist Projekt. Alfred ist hischst beunruhigt dem Raum. Die Kamera ist ~ Vertreter und einen Leguanund  Leguan gekauft. Oliver hat
dunkler als Harald.  iber das Projekt. violett und winzig. nigerianisch. ein SUV. einen Minivan gekauft
Q: Was fiir ein
de Q: Wer ist weniger (: Wer ist am wenigsten beunruhigt (): Welche Farbe hat die Q: Was ist Hugos Fahrzeug hat ©): Wer hat ein Fahrzeug
dunkel? tber das Projekt? Kamera? Beruf? Joachim? gekauft?
A Harald A Helmut A violett A: ein Vertreter A ein SUV A: Oliver
P: Heinrich ist P: Vertreter und
dunkler als Harald.  P: Alfred P: violett und winzig. nigerianisch. P: Leguan P: Markus
C: O Mavkog eiven  C: O Mapog eiven evlovaaopévog yie  C: Yrdpyer évag toiyogc oto C: O Basihewog eivier  C: O Mapng &xet e C: O Edlog aydpace éva
o rapitevos amd o £pyo. O Avedvng efval vrepfolikd dopdrio. O tolyoc sival EPEVVITIS KL Yl Ko éva pivipay. O Koo
1ov Evdyyehog. evilouslacpévos o 1o £pyo. MEYEAT KOL TPIPOVIKT. Mraykhaviecwvos.  piviPav. ayopace Evay Taipo.
Q: Mowog eivin
Jryodtepo Q: Motog eivan Aydtepo evbovalaopévog Q: Tudovked kaver o Q: Todymupa xero  Q: Howog aydpuss éva
el TapaLEVos; ¥t TO EpYO; Q: Tu péyeloc éxer 0 10ixoc;  Booiheiog; [apnc; Gy
A: Evdryyshog A Mipiog A peydin Al gpeovnTig Az éva pivifoy Az Ediag
P: Ilapng £xe1 pua
P: gpevvnmig kan YT Ko éva P: O Ehog aydpase éva
P: [abiog P: O Avtavng P: peydin kon Tprymvik. Muroykdoaviecovog.  pivifav. pivifay. O Kibotag

Table 12: Example failure cases of XLM-R on a subset of languages. Each failure case consists of a context (C), a
question (Q), an answer (A), and XLM-R’s prediction (P).
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Number of parameters Pre-training data

Model (in millions) Monolingual data  Parallel data
mBERT 178 85 GB N/A
XLM-R (large) 559 6.3T tokens N/A
MMTE 190 N/A 25B pairs
mT5 13,000 IT tokens N/A
RemBERT 575 1.8T tokens N/A
X-STILTS 559 6.3T tokens N/A
FILTER 559 6.3T tokens N/A
VECO 559 1.3TB 6.4M pairs
T-URLv2 + StableTune 559 2.1 TB 42 GB
ERNIE-M 559 1.5TB 69 GB

Table 13: Metadata for the current submissions to XTREME. Note that monolingual pre-training data is reported
in either number of tokens or size of the data (in GB/TB). The amount of parallel data is reported in either number
of pairs or size of the data (in GB/TB).

Mewsli-X LAReQA
Subset \ Model mBERT XLM-R Large mBERT XLM-R Large
All 40.2 47.1 16.3 31.3
Same language 85.7 83.6 58.2 57.1
Different languages 25.8 35.5 12.1 28.7

Table 14: Language-agnostic retrieval results (mAP @20) broken down by whether the query and answer languages
are the same or different.

Model en ar bg de el es fr hi ru sW th tr ur vi zh | avg
mBERT 81.7 66.0 692 71.1 66.8 749 742 60.7 702 493 547 612 582 70.5 69.0 | 654
XLM-R 88.7 772 83.0 825 80.8 837 8.2 756 79.1 712 774 780 71.7 793 782 |79.2
mT5 92.6 845 870 873 869 884 874 823 843 80.6 81.2 834 79.8 84.0 83.0 | 84.8
mBERT translate-train 80.8 73.6 766 774 757 781 774 719 752 694 709 753 672 750 74.1 |74.6
mBERT translate-train-all 819 73.8 77.6 77.6 759 79.1 77.8 70.7 754 705 700 743 674 77.0 77.6 |75.1
Table 15: XNLI results (accuracy) across languages.
Model et ht id it qu SW ta th tr vi zh | Avg
mBERT 54.6 518 554 576 540 522 556 520 554 604 676 |56.1
XLM-R 68.2 526 80.6 71.0 528 61.8 738 744 720 762 780 | 69.2
mT5 775 72.1 81.1 759 544 741 759 783 781 769 795|749
mBERT translate-train 574 556 606 634 478 51.6 548 564 588 59.6 64.0 |57.3
mBERT translate-train-all  56.0 54.4 59.0 604 510 56.8 554 582 56.8 63.6 654|579
Table 16: XCOPA results (accuracy) across languages.
Model af ar bg de el en es et eu fa fi fr he hi hu id it ja kk ko
mBERT 86.1 540 852 856 804 954 858 795 593 662 78.0 834 553 67.1 783 80.6 882 497 69.8 492
XLM-R Large 89.7 68.1 886 885 865 96.1 89.1 872 743 739 863 884 682 744 834 829 898 294 793 540
mr nl pt ru ta te th tl tr ur vi yo zh It pl uk wo ro  Avg
mBERT 66.6 88.6 868 851 686 752 39.1 685 683 580 534 534 612 779 799 804 289 773 709
XLM-R Large 85.3 89.5 893 89.7 773 853 477 750 754 672 568 228 408 845 848 858 27.6 855 750

Table 17: UD-POS results (F1 score) across languages.
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Model ar he vi id jv ms tl eu ml ta te af nl en de el bn hi mr ur fa fr it pt es

mBERT 439 566 721 629 646 709 73.7 650 535 530 474 760 819 845 780 688 703 66.7 573 356 50.1 79.1 813 798 72.2
XLM-R large 43.7 54.1 772 523 587 698 722 62.1 658 569 523 777 843 846 780 772 763 71.0 642 541 o61.1 79.1 8.1 79.6 688

bg ru ja ka ko th sW yo my zh kk tr et fi hu qu pl uk az It pa gu o Avg

mBERT 772 635 284 650 59.1 23 727 494 49.1 433 49.0 721 770 774 750 574 799 693 656 743 370 473 721 627
XLM-R large 812 71.5 183 689 580 1.5 699 418 509 258 499 789 780 786 793 504 813 731 692 769 46.8 60.7 79.6 644

Table 18: WikiANN-NER results (F1 score) across languages.

Model en es de el ru tr ar vi th zh hi avg
mBERT 845 751 732 629 713 537 622 70.1 435 59.6 59.5 | 65.1
XLM-R Large 874 827 809 80.7 805 76.1 744 792 754 550 77.0|77.2
mT5 90.2 84.6 823 828 78.8 765 803 833 747 81.7 81.7]| 815

mBERT translate-train 835 802 756 70.0 750 689 680 756 369 662 69.6 | 70.0
mBERT translate-train-all 86.0 82.4 78.8 742 78.1 706 710 785 381 67.7 713|724

Table 19: XQuAD results (F1) across languages.

Model en es de ar hi vi zh | avg
mBERT 80.7 66.2 60.2 51.6 499 602 603 | 61.3
XLM-R Large 839 744 703 67.0 70.8 742 684|727
mT5 86.4 762 73.1 702 753 765 714|756

mBERT translate-train 80.2 70.0 644 550 60.1 657 639 | 65.6
mBERT translate-train-all 80.7 71.3 66.0 589 624 679 66.0| 67.6

Table 20: MLQA results (F1) across languages.

Model en ar bn fi id ko ru SW te avg
mBERT 694 61.7 535 574 632 57.6 565 59.7 46.2 | 584
XLM-R Large 69.2 66.1 59.1 647 73.8 58.0 622 664 59.1 | 64.3
mT5 83.1 824 836 812 845 732 787 872 836|819

mBERT translate-train 753 615 319 62.6 686 532 531 619 274|551
mBERT translate-train-all 73.2 71.8 4977 68.1 723 586 643 668 533 | 64.2

Table 21: TyDiQA-GoldP results (F1) across different languages.

Model ar he vi id jv tl eu ml ta te af nl de el bn hi mr ur fa fr it

mBERT 327 468 662 57.7 185 175 31.0 192 235 261 49.6 66.1 797 29.1 20.7 38.6 237 384 499 67.1 656
XLM-R 683 77.6 91.0 884 288 60.8 586 83.6 658 80.8 749 900 966 766 676 889 704 765 853 875 824

pt es bg ru ja ka ko th SW zh kk tr et fi hu az It pl uk o Avg

mBERT 744 718 528 65.1 508 21.1 439 150 12.1 749 304 384 340 427 442 372 354 541 558 548 413
XLM-R 898 895 844 86.1 755 662 819 805 313 795 638 845 734 865 831 747 715 880 826 89.6 762

Table 22: Tatoeba results (accuracy) across different languages.

Model ar de en es fa ja pl ro ta tr uk ‘ avg

mBERT 153 61.0 548 594 135 442 577 2715 41 499 37.0 ] 38.6
XLM-R Large 28.7 64.8 59.7 62.0 246 45.0 62.1 30.8 149 594 512|457

Table 23: Mewsli-X results (mean average precision@20) across different input languages.
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Model ar de el en es hi ru th tr vi zh ‘ avg

mBERT 170 293 163 313 308 123 272 58 179 253 242|216
XILM-R Large 34.6 428 38.8 462 437 382 425 395 413 409 39.8 | 40.7

Table 24: LAReQA results (mean average precision@20) across different question languages.

alen qLen cLen BLEU_AQ BLEU_QC alen qLen cLen BLEU_AQ BLEU_QC

Bucket en zh
XS [1,2] [3,8] [25,91] 0 [0, 1.64e-08] 1 [1,13] [3, 8] 0 [0, .0075]
S (2,51 (8,111 (91,1111  (0,.016]  (1.64e-08, 2.8e-06] (1,6] (13,17] (8, 11] (0,.0118] (.0075, .01]

L (5,13] (11,16] (111,156] (.016,.128] (2.8e-06,7.92e-05] (6,15] (17,22] (11,17] (.0118,.0542] (.01, .013]
XL (13,25] (16,29] (156,509] (.128,.146] (7.92e-05,.0589] (15,72] (22,52] (17,144] (.0542,.328] (.013,.097

hi el

XS [L2] [3,8] [28,104] 0 [0, 2.02¢-08] (1,21 [3.8] [29,97] 0 [4.99¢-39, 9.58¢-09]
S (2,5] (8, 11] (104,131] (0,.015] (2.02¢-08,2.91e-06] (2,5] (8,11] (97,120]  (0,.014]  (9.58e-09, 1.32¢-06]
L (5, 13] (11,15] (131,171] (015,.19] (2.91e-06,7.29¢-05] (5, 11] (11, 16] (120,162] (.014,.019] (1.32e-06, 4.37e-05]
XL (13,29] (15,53] (171,575] (.019,.24]  (7.29¢-05,.0628] (11,26] (16,30] (162,554] (.019,.12]  (4.37e-05, .033]

ru tr

XS  [L2] [3.6] [25,86] 0 [1.34e-39,3.24e-09] [1,2] [2.6] [18,75] 0 [0, 6.37¢-09]

S (2,5 (6,8] (86,104] (0,.017] (3.24e-09,62¢-07] (2.5] (6,8] (75.94]  (0,.016]  (6.37e-09,9.33¢-07]
L (512] (8 11] (104,140] (.017,.023] (6.2¢-07,2.07¢-05] (5,111 (8,11] (94,130] (.016,.057] (9.33e-07,2.67¢-05]
XL (12,23] (11,26] (140,470] (.023,.287] (2.07e-05,.0294] (11,20] (11,20] (130,414] (.057,.143]  (2.67e-05, .0408]

ar vi

XS (1,21 271 [24,83] 0 [0, 4.72¢-09] (1,21 [3,10] [39,127] 0 [0, 1.47¢-08]

S (2,4] (7,91 (83,104] (0,.0243] (4.72¢-09,8.51e-07] (2,4] (10,13] (127,160] (0,.0139]  (1.47e-08, 2.43¢-06]
L (4,9] (9,12] (104,138] (.0243,.293] (8.51e-07,3.39¢-05] (4,8] (13,17] (160,213] (.0139,.135] (2.43e-06,7.76e-05]
XL (9,22] (12,38] (138,432] (293,.246] (3.39e-05,.0266] (8,34] (17,40] (213,763] (.135,.189]  (7.76e-05, .0546]

Table 25: Detailed attribute intervals for each category on the XQuAD task.

en es fr
Bucket
sLen elLen rPos eDen sLen elLen rPos eDen sLen elLen rPos eDen
XS [3,5] 1 0 [0,0.33] [3,5] 1 0 [0,0.33] [1,5] 1 0 [0.027,0.33]
N (5.8] 2 (0,0.33]  (0.33,0.56] (5,71 2 (0,0.25] (0.33,0.67] (5,71 2 (0,0.331  (0.33,0.64]
L (8,16] (2,41  (0.33,0.62] (0.56,1] (7,18] (2,41  (0.25,0.6] (0.67,0.86]  (7,16] (2,4]  (0.33,0.67] (0.64,1]
XL (16,1e+03) (4,1e+03] (0.62,1] - (18,1e+03] (4,1e+03] (0.6,1] (0.86,1] (16,1e+03] (4,1e+03] (0.67,1] -

Table 26: Detailed attribute intervals for each category on WikiANN-NER task in en, es, and fr.

10243



Lang. sLen elLen rPos eDen tag
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Table 27: The single system diagnosis of ERNIE-M on WikiANN-NER task in en, es and fr. The first row
shows the fine-grained performance on English test data, and the second and third rows show the zero-shot transfer
fine-grained performance on languages in the IE: Romance language family.
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Table 28: The single system diagnosis of XLM-R on WikiANN-NER task in en, es and fr. The first row shows
the fine-grained performance on English test data, and the second and third rows show the zero-shot transfer fine-
grained performance on languages in the IE: Romance language family.
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aLen gLen cLen BLEU-AQ BLEu-QC qType

en zh hi el ru trar vi en zh hi el ru trar vi en zh hi el ru trar vi en zh hiel ru trar vi en zh hi el ru trar vi en zh hi el ru trar vi

MI: ERNIE-M
(Overall: 75.46) 15

e NI %ﬂﬂﬁﬂﬁﬂﬂﬂ ZDHHHHHHD Jfufsats EHUWHHHU EHHHHWDH

Pairwise Sys. 5
(M1—M2)

i

Table 29: Pairwise system diagnosis of ERNIE-M and T-URLv2 for XQuAD task. “M1—M2” represents the
performance difference between M1 and M2. We classify the attribute values into four categories: extra-small
(XS), small (S), large (L) and extra-large (XL) values. The top 5 most frequent question types (qType) include
what (A), how (B), who (C), when (D) and which (E), ranked by their frequencies in training set. In the pairwise
system diagnosis histogram, blue (red) z ticklabels represents the bucket value of a specific attribute on which
system M1 surpasses (under-performs) M2 by the largest margin that is illustrated by a blue (red) bin. The blue-
only z ticklabels (e.g., -D) indicate that M1 outperforms M2 in all categories of an attribute.
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