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Abstract

Pre-trained cross-lingual encoders such as
mBERT (Devlin et al., 2019) and XLM-R
(Conneau et al., 2020a) have proven impres-
sively effective at enabling transfer-learning of
NLP systems from high-resource languages to
low-resource languages. This success comes
despite the fact that there is no explicit ob-
jective to align the contextual embeddings of
words/sentences with similar meanings across
languages together in the same space. In this
paper, we present a new method for learn-
ing multilingual encoders, AMBER (Aligned
Multilingual Bidirectional EncodeR). AMBER
is trained on additional parallel data using
two explicit alignment objectives that align the
multilingual representations at different gran-
ularities. We conduct experiments on zero-
shot cross-lingual transfer learning for differ-
ent tasks including sequence tagging, sentence
retrieval and sentence classification. Experi-
mental results on the tasks in the XTREME
benchmark (Hu et al., 2020) show that AMBER
obtains gains of up to 1.1 average F1 score
on sequence tagging and up to 27.3 average
accuracy on retrieval over the XLM-R-large
model which has 3.2x the parameters of AM-
BER. Our code and models are available at
http://github.com/junjiehu/amber.

1 Introduction

Cross-lingual embeddings, both traditional non-
contextualized word embeddings (Faruqui and
Dyer, 2014) and the more recent contextualized
word embeddings (Devlin et al., 2019), are an es-
sential tool for cross-lingual transfer in downstream
applications. In particular, multilingual contextu-
alized word representations have proven effective
in reducing the amount of supervision needed in
a variety of cross-lingual NLP tasks such as se-
quence labeling (Pires et al., 2019), question an-
swering (Artetxe et al., 2020), parsing (Wang et al.,

*Work partially done at Google Research.

2019), sentence classification (Wu and Dredze,
2019) and retrieval (Yang et al., 2019a).

Some attempts at training multilingual represen-
tations (Devlin et al., 2019; Conneau et al., 2020a)
simply train a (masked) language model on mono-
lingual data from many languages. These methods
can only implicitly learn which words and struc-
tures correspond to each-other across languages in
an entirely unsupervised fashion, but are nonethe-
less quite effective empirically (Conneau et al.,
2020b; K et al., 2020). On the other hand, some
methods directly leverage multilingual parallel cor-
pora (McCann et al., 2017; Eriguchi et al., 2018;
Conneau and Lample, 2019; Huang et al., 2019;
Siddhant et al., 2020), which gives some degree
of supervision implicitly aligning the words in the
two languages. However, the pressure on the model
to learn clear correspondences between the con-
textualized representations in the two languages
is still implicit and somewhat weak. Because of
this, several follow-up works (Schuster et al., 2019;
Wang et al., 2020; Cao et al., 2020) have proposed
methods that use word alignments from parallel
corpora as the supervision signals to align multi-
lingual contextualized representations, albeit in a
post-hoc fashion.

In this work, we propose a training regimen
for learning contextualized word representations
that encourages symmetry at both the word and
sentence levels at training time. Our word-level
alignment objective is inspired by work in machine
translation that defines objectives encouraging con-
sistency between the source-to-target and target-
to-source attention matrices (Cohn et al., 2016).
Our sentence-level alignment objective encourages
prediction of the correct translations within a mini-
batch for a given source sentence, which is inspired
by work on learning multilingual sentence repre-
sentations (Yang et al., 2019a; Wieting et al., 2019).
In experiments, we evaluate the zero-shot cross-
lingual transfer performance of AMBER on four dif-
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Figure 1: (a-b) show the computation of the target-to-source attention matrix used for the word alignment objec-
tive: (a) Masked attention for source/target (blue/green) sentences on the [-th layer; (b) Attention from y to z on
the top layer. (c) shows the separate encoding of source/target sentences for the sentence alignment objective.

ferent NLP tasks in the XTREME benchmark (Hu
et al., 2020) including part-of-speech (POS) tag-
ging, paraphrase classification, and sentence re-
trieval. We show that AMBER obtains gains of
up to 1.1 average F1 score on cross-lingual POS
tagging, up to 27.3 average accuracy score on sen-
tence retrieval, and achieves competitive accuracy
in paraphrase classification when compared with
the XLLM-R-large model. This is despite the fact
that XLM-R-large is trained on data 23.8x as large!
and has 3.2x parameters of AMBER. This shows
that compared to large amounts of monolingual
data, even a small amount of parallel data leads to
significantly better cross-lingual transfer learning.

2 Cross-lingual Alignment

This section describes three objectives for training
contextualized embeddings. We denote the mono-
lingual and parallel data as M and P respectively.

Masked Language Modeling (MLM) A masked
language modeling objective takes a pair of sen-
tences x,y, and optimizes the prediction of ran-
domly masked tokens in the concatenation of the
sentence pair as follows:

bam(z,y) = —Egor 2y log P(zs]2\s), (1)

where z is the concatenation of the sentence pair
z = [z;y], zs are the masked tokens randomly
sampled from z, and 2\ indicates all the other
tokens except the masked ones.

In the standard monolingual setting, x,y are
two contiguous sentences in a monolingual cor-
pus. In Conneau and Lample (2019), z, y are two
sentences in different languages from a parallel cor-

"AMBER is trained on 26GB parallel data and 80GB mono-
lingual Wikipedia data, while XLM-R-large is trained on
2.5TB monolingual CommonCrawl data.

pus, an objective we will refer to as Translation
Language Modeling (TLM).

Sentence Alignment Our first proposed objective
encourages cross-lingual alignment of sentence
representations. For a source-target sentence pair
(x,y) in the parallel corpus, we separately calculate
sentence embeddings denoted as c;, ¢, by averag-
ing the embeddings in the final layer as the sen-
tence embeddings.” We then encourage the model
to predict the correct translation y given a source
sentence . To do so, we model the conditional
probability of a candidate sentence y being the cor-
rect translation of a source sentence x as:

T
ecx Cy

P(ylz) =

()]

—.
2 yemup €Y

where 1/ can be any sentence in any language.
Since the normalization term in Eq. (2) is in-
tractable, we approximate P(y|x) by sampling
within a mini-batch B rather than M UP. We then
define the sentence alignment loss as the average
negative log-likelihood of the above probability:

3)

Bidirectional Word Alignment Our second pro-
posed objective encourages alignment of word em-
beddings by leveraging the attention mechanism in
the Transformer model. Motivated by the work on
encouraging the consistency between the source-
to-target and target-to-source translations (Cohn
et al., 2016; He et al., 2016), we create two differ-
ent attention masks as the inputs to the Transformer
model, and obtain two attention matrices in the top
layer of the Transformer model. We compute the
target-to-source attention matrix A, _,, as follows:

lsa(z,y) = —log P(y|x).

In comparison, mBERT encodes a sentence pair jointly,
then uses the CLS token embedding to perform its next sen-
tence prediction task.
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where gét is the embedding of the ¢-th word in y
on the I-th layer, A,,[i, j] is the (4, j)-th value
in the attention matrix from y to x, and W =
{W7 WF W} are the linear projection weights
for @, K,V respectively. We compute the source-
to-target matrix A,_,, by switching x and y.

To encourage the model to align source and tar-
get words in both directions, we aim to minimize
the distance between the forward and backward
attention matrices. Similarly to Cohn et al. (2016),
we aim to maximize the trace of two attention ma-
trices, i.e., tr (Ay_mTAgHy). Since the attention
scores are normalized in [0, 1], the trace of two at-
tention matrices is upper bounded by min(|z|, |y|),
and the maximum value is obtained when the two
matrices are identical. Since the Transformer gener-
ates multiple attention heads, we average the trace
of the bidirectional attention matrices generated by
all the heads denoted by the superscript h

H h T an
1 tr(Ap_, Al_,)
¢ —1- — e @
wa (z,y) HZ min(|z|, |y|) ®

h=1

Notably, in the target-to-source attention in
Eq (4), with attention masking we enforce a con-
straint that the ¢-th token in y can only perform
attention over its preceding tokens y.; and the
source tokens in z. This is particularly useful to
control the information access of the query token
Yt, in a manner similar to that of the decoding stage
of NMT. Without attention masking, the standard
Transformer performs self-attention over all tokens,
ie., Q = K = gl, and minimizing the distance be-
tween the two attention matrices by Eq. (8) might
lead to a trivial solution where W7 ~ W*,
Combined Objective Finally we combine the
masked language modeling objective with the align-
ment objectives and obtain the total loss in Eq. (9).
Notice that in each iteration, we sample a mini-
batch of sentence pairs from M U P.

L =E(y yyemup bmm(r, y) )]
+ E(az,y)ep [ESA('I.7 y) + fwa (‘Ta y)]

Model Data Langs Vocab Layers Parameters Ratio

AMBER Wiki & MT 104 120K 12 172M 1.0
mBERT Wiki 104 120K 12 172M 1.0
XLM-15 Wiki & MT 15 95K 12 250M  1.5x
XLM-100 Wiki 100 200K 12 570M  3.3x
XLM-R-base CommonCrawl 100 250K 12 270M  1.6x
XLM-R-large ~ CommonCrawl 100 250K 24 550M  3.2x
Unicoder CommonCrawl & MT 100 250K 12 270M 1.6x

Table 1: Details of baseline and state-of-the-art models.

3 Experiments

3.1 Training setup

Following the setting of Hu et al. (2020), we focus
on zero-shot cross-lingual transfer where we fine-
tune models on English annotations and apply the
models to predict on non-English data.

Models: Table 1 shows details of models in com-
parison. We adopt the same architecture as mBERT
for AMBER. Notably, AMBER, XLM-15 and Uni-
coder are trained on the additional parallel data,
while the others are trained only on monolingual
data. Besides, XLLM-R-base/large models have
2.6x/4.8x the parameters of AMBER and are trained
on the larger CommonCrawl corpus. We use a sim-
ple setting for our AMBER variants in the ablation
study to show the effectiveness of our proposed
alignment objectives without other confounding
factors such as model sizes, hyper-parameters and
tokenizations in different existing studies.
Pre-training: We train AMBER on the Wikipedia
data for 1M steps first using the default hyper-
parameters as mBERT? except that we use a larger
batch of 8,192 sentence pairs, as this has proven
effective in Liu et al. (2019). We then continue
training the model by our objectives for another
1M steps with a batch of 2,048 sentence pairs from
Wikipedia corpus and parallel corpus which is used
to train XLM-15 (Conneau and Lample, 2019). We
use the same monolingual data as mBERT and fol-
low Conneau and Lample (2019) to prepare the
parallel data with one change to maintain truecas-
ing. We set the maximum number of subwords in
the concatenation of each sentence pair to 256 and
use 10k warmup steps with the peak learning rate
of le-4 and a linear decay of the learning rate. We
train AMBER on TPU v3 for about 1 week.

3.2 Datasets

Cross-lingual Part-Of-Speech (POS) contains
data in 13 languages from the Universal Depen-
dencies v2.3 (Nivre et al., 2018).

‘https://github.com/google-research/
bert
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PAWS-X (Yang et al., 2019b) is a paraphrase detec-
tion dataset. We train on the English data (Zhang
et al., 2019), and evaluate the prediction accuracy
on the test set translated into 4 other languages.

XNLI (Conneau et al., 2018) is a natural language
inference dataset in 15 languages. We train models
on the English MultiNLI training data (Williams
et al., 2018), and evaluate on the other 14.

Tatoeba (Artetxe and Schwenk, 2019) is a testbed
for parallel sentence identification. We select the 14
non-English languages covered by our parallel data,
and follow the setup in Hu et al. (2020) finding
the English translation for a given a non-English
sentence with maximum cosine similarity.

3.3 Result Analysis

In Table 2, we show the average results over all
languages in all the tasks, and show detailed re-
sults for each language in Appendix A.3. First,
we find that our re-trained mBERT (AMBER with
MLM) performs better than the publicly available
mBERT on all the tasks, confirming the utility
of pre-training BERT models with larger batches
for more steps (Liu et al., 2019). Second, AM-
BER trained by the word alignment objective ob-
tains a comparable average F1 score with respect
to the best performing model (Unicoder) in the
POS tagging task, which shows the effectiveness
of the word-level alignment in the syntactic struc-
ture prediction tasks at the token level. Besides, it
is worth noting that Unicoder is initialized from
the larger XLM-R-base model that is pre-trained
on a larger corpus than AMBER, and Unicoder im-
proves over XLM-R-base on all tasks. Third, for
the sentence classification tasks, AMBER trained
with our explicit alignment objectives obtain a
larger gain (up to 2.1 average accuracy score in
PAWS-X, and 3.9 average accuracy score in XNLI)
than AMBER with only the MLM objective. Al-
though we find that AMBER trained with only the
MLM objective falls behind existing XLM/XLM-
R/Unicoder models with many more parameters,
AMBER trained with our alignment objectives sig-
nificantly narrows the gap of classification accuracy
with respect to XLM/XLM-R/Unicoder. Finally,
for sentence retrieval tasks, we find that XLM-15
and Unicoder are both trained on additional paral-
lel data, outperforming the other existing models
trained only on monolingual data. Using additional
parallel data, AMBER with MLM and TLM ob-
jectives also significantly improves over AMBER

Model POS PAWS-X XNLI Tatoeba
mBERT (public) 68.5 862 654 456
XLM-15 68.8 83.0 726 772
XLM-100 69.5 864 69.1 36.6
XLM-R-base 68.8 874 734 576
XLM-R-large 700 894 792 60.6
Unicoder 71.7 88.1 748 722
AMBER (MLM) 69.8 87.1 67.7 526
AMBER (MLM+TLM) 70.5 877 709 68.2
AMBER (MLM+TLM+WA) 711 89.0 71.3 68.8
AMBER (MLM+TLM+WA+SA)|70.5 89.2 71.6 87.9

Table 2: Overall results on POS, PAWS-X, XNLI,
Tatoeba tasks. Bold numbers highlight the highest
scores across languages on the existing models (upper
part) and AMBER variants (bottom part).

with the MLM objective by 15.6 average accuracy
score, while combining our word-level alignment
objective yields a marginal improvement over AM-
BER with MLM and TLM objectives. However,
adding the sentence-level alignment objective, AM-
BER trained by the combined objective can fur-
ther improve AMBER with the MLM and word-
level alignment objectives by 19.1 average accuracy
score. This confirms our intuition that the explicit
sentence-level objective can effectively leverage
the alignment supervision in the parallel corpus,
and encourage contextualized sentence representa-
tions of aligned pairs to be close according to the
cosine similarity metric.

3.4 How does alignment help by language?

In Figure 2, we investigate the improvement of
the alignment objectives over the MLM objective
on low-resourced and high-resourced languages,
by computing the performance difference between
AMBER trained with alignment objectives and AM-
BER (MLM). First, we find that AMBER trained
with alignment objectives significantly improves
the performance on languages with relatively small
amounts of parallel data, such as Turkish, Urdu,
Swabhili, while the improvement on high-resourced
languages is marginal. Through a further analysis
(Appendix A.3), we observe that AMBER (MLM)
performs worse on these low-resourced and mor-
phologically rich languages than on high-resourced
Indo-European languages, while AMBER trained
with alignment objectives can effectively bridge the
gap. Moreover, AMBER trained with our word-level
alignment objective yields the highest improvement
on these low-resourced languages on the POS task,
and AMBER trained with sentence-level alignment
performs the best on XNLI.
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Methods |en bg de el es fr |Avg.

Cao et al. (2020)(80.1 73.4 73.1 71.4 75.5 74.5|74.7
AMBER (full) |84.7 74.3 74.2 72.5 76.9 76.6|76.5

Table 3: F1 scores of AMBER trained with all objectives
and Cao et al. (2020) on 6 languages on XNLI.
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Figure 2: Performance difference between AMBER
trained with alignments on parallel data and AMBER
(MLM). Languages are sorted by no. of parallel data
(Million) used for training AMBER with alignments.

3.5 Alignment with Attention vs Dictionary

Recent studies (Cao et al., 2020; Wang et al., 2020)
have proposed to use a bilingual dictionary to align
cross-lingual word representations. Compared with
these methods, our word-level alignment objective
encourages the model to automatically discover
word alignment patterns from the parallel corpus
in an end-to-end training process, which avoids po-
tential errors accumulated in separate steps of the
pipeline. Furthermore, an existing dictionary may
not have all the translations for source words, espe-
cially for words with multiple senses. Even if the
dictionary is relatively complete, it also requires a
heuristic way to find the corresponding substrings
in the parallel sentences for alignment. If we use
a word alignment tool to extract a bilingual dictio-
nary in a pipeline, errors may accumulate, hurting
the accuracy of the model. Besides, Wang et al.
(2020) is limited in aligning only fixed contextual
embeddings from the model’s top layer. Finally,
we also compare AMBER trained with all the objec-
tives and Cao et al. (2020) on a subset of languages
on XNLI in Table 3. We find that our full model
obtains a gain of 1.8 average F1 score.

4 Related Work

While cross-lingual alignment is a long-standing
challenge dating back to the early stage of re-
search in word alignment (Brown et al., 1993),
cross-lingual embeddings (Faruqui and Dyer, 2014;

Xing et al., 2015; Devlin et al., 2019; Conneau
et al., 2020a) are highly promising in their easy
integration into neural network models for a vari-
ety of cross-lingual applications. Analysis studies
on recent cross-lingual contextualized representa-
tions (Pires et al., 2019; Wu and Dredze, 2019; Hu
et al., 2020; Siddhant et al., 2020) further demon-
strates this advantage for zero-shot cross-lingual
transfer in a representative set of languages and
tasks. In particular to improve cross-lingual trans-
fer, some attempts directly leverage multilingual
parallel corpus to train contextualized representa-
tions (McCann et al., 2017; Eriguchi et al., 2018;
Conneau and Lample, 2019; Huang et al., 2019)
with the hope of aligning words implicitly. The
other line of work uses word alignments from par-
allel corpora as the alignment supervision in a post-
hoc fashion (Cao et al., 2020; Wang et al., 2020).
Notably, AMBER does not rely on any word align-
ment tools, and explicitly encourage the correspon-
dence both on the word and sentence level.

5 Discussion and Future Work

In this paper, we demonstrate the effectiveness of
our proposed explicit alignment objectives in learn-
ing better cross-lingual representations for down-
stream tasks. Nonetheless, several challenging and
promising directions can be considered in the fu-
ture. First, most existing multilingual models tok-
enize words into subword units, which makes the
alignment less interpretable. How to align a span
of subword units with meaningful semantics at the
phrase level deserves further investigation. Second,
several studies (Ghader and Monz, 2017; Li et al.,
2019) have shown that attention may fail to capture
word alignment for some language pairs, and a few
works (Legrand et al., 2016; Alkhouli et al., 2018)
proposed neural word alignment to improve the
word alignment quality. Incorporating such recent
advances into the alignment objective is one future
direction. Third, how to fine-tune a well-aligned
multilingual model on English annotations without
catastrophic forgetting of the alignment informa-
tion is a potential way to improve cross-lingual
generalization on the downstream applications.
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A Appendices

A.1 Training Details for Reproducibility

Although English is not the best source language
for some target languages (Lin et al., 2019), this
zero-shot cross-lingual transfer setting is still prac-
tical useful as many NLP tasks only have English
annotations. In the following paragraphs, we show
details for reproducing our results on zero-shot
cross-lingual transfer setting.

Model: We use the same architecture as mBERT
for AMBER, and we build our AMBER trained
with the alignment objectives on top of the origi-

nal mBERT implementation at https://github.

com/google-research/bert, and are released at
http://github.com/junjiehu/amber.

Pre-training: We first train the model on the
Wikipedia data for 1M steps using the default
hyper-parameters in the original repository except
that we use a larger batch of 8,192 sentence pairs.
The max number of subwords in the concatenation
of each sentence pair is set to 256. To continue
training AMBER with additional objectives on
parallel data, we use 10K warmup steps with the
peak learning rate of 1le-4, and use a linear decay
of the learning rate. All models are pre-trained
with our proposed objectives on TPU v3, and
we use the same hyper-parameter setting for
our AMBER variants in the experiments. We

follow the practice of mBERT at https://github.

com/google—research/bert/blob/master/
multilingual.md#data-source—-and-sampling
to sample from mutlilingual data for training. We
select the checkpoint of all models at the 1M step
for a fair comparison. It takes about 1 week to
finish the pre-training.

Fine-tuning: For fine-tuning the models on the
downstream applications, we use the constant learn-
ing rate of 2e-5 as suggested in the original pa-
per (Devlin et al., 2019). We fine-tune all the mod-
els for 10 epochs on the cross-lingual POS tag
prediction task, and 5 epochs on the sentence clas-
sification task. We use the batch size of 32 for all
the models. All models are fine-tuned on 2080Ti
GPUs, and the training can be finished within 1
day.

Datasets: We use the same parallel data
that is used to train XLM-15. The par-
allel data can be processed by this script:
https://github.com/facebookresearch/

XLM/blob/master/get-data-para.sh. All
the datasets in the downstream applications
can be downloaded by the script at https:
//github.com/google-research/xtreme/
blob/master/scripts/download_data. sh.
Table 4 lists all the data statistic of parallel data by
languages.

A.2 Source-to-target attention matrix

We derive the source-to-target attention matrix as
follow:

g, =An(Q =g KV =g ' W) (10
g, = Aun(Q =g, KV =g/ W), (11)
Attn(QKV; W) = softmax(QW!(KW*)T) VW
(12)
Apsylivi] = g1, - 8y (13)

A.3 Detailed Results

We show the detailed results over all languages on
the cross-lingual POS task in Table 6, on the PAWS-
X task in Table 5, on the XNLI task in Table 7, and
on the Tatoeba retrieval task in Table 8.

A.4 Detailed Results on Performance
Difference by Languages

Figure 4 and Figure 3 show the performance defer-
ence between AMBER trained with alignment objec-
tives and AMBER trained with only MLM objective
on the POS and XNLI tasks over all languages.
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I1SO # Parallel # Wikipedia Diacritics / Extensive ~ Bound

Language 639-1 sentences (in articles (in  Script Language special compound-  words / I.nﬂec— I?erlva—

1 e family . .. tion tion
code  millions) millions) characters  ing clitics

Arabic ar 9.8 1.02 Arabic Afro-Asiatic X X X

Bulgarian bg 0.6 0.26 Cyrillic IE: Slavic X X X

English en 40.2 5.98 Latin IE: Germanic

French fr 132 2.16 Latin IE: Romance X X

German de 9.3 2.37 Latin IE: Germanic X X

Greek el 4.0 0.17 Greek IE: Greek X X X

Hindi hi 1.6 0.13 Devanagari IE: Indo-Aryan X X X X X

Mandarin zh 9.6 1.09 Chinese ideograms ~ Sino-Tibetan X

Russian u 11.7 1.58 Cyrillic IE: Slavic X

Spanish es 11.4 1.56 Latin IE: Romance X X

Swahili SW 0.2 0.05 Latin Niger-Congo X X X

Thai th 33 0.13 Brahmic Kra-Dai X

Turkish tr 0.5 0.34 Latin Turkic X X X X

Urdu ur 0.7 0.15 Perso-Arabic IE: Indo-Aryan X X X X X

Vietnamese vi 35 1.24 Latin Austro-Asiatic X

Table 4: Statistics about languages used for pre-training with our alignment objectives. Languages belong to 7
language families, with Indo-European (IE) having the most members. 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 grammat-
ical meaning (e.g. case marking). Derivation: A single token can represent entire phrases or sentences.

Model | de en es fr zh | Avg
mBERT (public) 857 940 874 87.0 77.0 | 86.2
XLM-15 885 947 893 89.6 78.1 | 88.0
XLM-100 859 94.0 883 874 765|864
XLM-R-base 87.0 942 88.6 887 785|874
XLM-R-large 89.7 947 90.1 904 823|894
AMBER (MLM, our mBERT) 873 939 875 878 788 | 87.1
AMBER (MLM+TLM) 87.6 958 874 889 787|877
AMBER (MLM+TLM+WA) 889 955 889 90.7 81.1 | 89.0
AMBER (MLM+TLM+WA+SA) | 894 956 89.2 90.7 80.9 | 89.2

Table 5: Accuracy of zero-shot cross-lingual classification on PAWS-X. Bold numbers highlight the highest scores
across languages on the existing models (upper part) and AMBER variants (bottom part).

& AMBER (MLM+TLM) ® AMBER (MLM+TLM+WA) A AMBER (+TLM+WA+SA)

12.0
-

10.0

'

8.0

on )

6.0
4.0 -

3 ’ t
2.0 ‘lg 8 " .‘A‘

0.0 ®
-2.0

AAccuracy

sw tr bg ur hi th vi el de zh ar es ru fr en

Languages (sorted by no. of parallel data)

Figure 3: Performance difference between AMBER trained with alignments on parallel data and AMBER (MLM)
on XNLI task. Languages are sorted by no. of parallel data used for training AMBER with alignments.
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models ar bg de el en es fr hi ru tr ur vi zh Avg

mBERT (public) 149 852 893 828 953 857 841 651 86.0 675 574 185 589 | 68.5
XLM-15 17.5 86.1 893 854 957 859 849 639 86.8 693 551 18.0 572 | 68.8
XLM-100 17.1 85.8 893 857 954 853 843 670 87.1 650 620 192 60.2 | 69.5
XLM-R-base 176 885 91.1 882 958 872 857 701 889 727 61.6 192 279 | 68.8
XLM-R-large 18.1 874 919 879 963 878 873 761 899 743 67.6 195 265 | 70.0
AMBER (MLM, our mBERT) 154 86.6 90.1 843 955 865 846 682 86.8 69.0 592 187 62.1 | 69.8
AMBER (MLM+TLM) 16.0 87.2 915 864 957 869 852 677 879 729 579 191 62.7 | 70.5
AMBER (MLM+TLM+WA) 148 869 904 849 956 86.7 848 725 878 739 638 195 623|711
AMBER (MLM+TLM+WA+SA) | 146 87.1 906 859 955 87.0 86.0 68.6 874 734 602 18.8 618|705

Table 6: F1 scores of part-of-speech tag predictions from the Universal Dependency v2.3. Bold numbers highlight
the highest scores across languages on the existing models (upper part) and AMBER variants (bottom part).

Models | en zh es de ar ur ru bg el fr hi sw th tr vi | avg
mBERT (public) 80.8 67.8 735 70.0 643 572 678 680 653 734 589 49.7 541 609 693|654
XLM-15 84.1 688 778 757 704 622 750 757 733 780 673 675 705 700 730|726
XLM-100 828 702 755 727 660 598 699 719 704 743 625 581 655 664 70.7|69.1
XLM-R-base 839 736 783 752 719 654 751 767 754 714 69.1 622 720 709 740|734
XLM-R-large 887 782 837 825 772 717 791 830 808 822 756 712 774 78.0 793|792
AMBER (MLM, our mBERT) 82.1 710 753 727 662 60.1 704 713 679 744 636 50.1 550 642 71.6|67.7
AMBER (MLM+TLM) 843 716 772 739 69.1 59.6 725 736 709 780 647 574 650 722 73.1|709
AMBER (MLM+TLM+WA) 84.1 721 76.6 747 693 615 729 739 71.6 7777 657 586 653 727 734|713
AMBER (MLM+TLM+WA+SA) | 84.7 71.6 769 742 702 610 733 743 725 766 662 599 657 732 734|716

Table 7: Accuracy of zero-shot crosslingual classification on the XNLI dataset. Bold numbers highlight the highest
scores across languages on the existing models (upper part) and AMBER variants (bottom part).

Method | ar bg de el es fr hi ru sw th tr ur vi zh | Avg
mBERT (public) 258 493 772 298 687 663 348 612 115 137 348 31.6 620 716|456
XLM-15 63.5 715 92.6 731 855 825 81.0 82.0 479 903 67.6 684 91.1 84.1|77.2
XLM-100 182 400 662 256 584 545 265 448 126 31.8 262 18.1 47.1 422 36.6
XLM-R-base 36.8 67.6 899 537 740 741 542 725 190 383 61.1 366 684 608 |57.6
XLM-R-large 475 71.6 888 61.8 757 737 722 741 203 294 657 243 747 683 | 60.6
AMBER (MLM, our mBERT) 30.7 549 814 377 727 727 475 675 151 257 483 426 64.6 751|526
AMBER (MLM+TLM) 47.1 61.8 89.0 538 763 779 723 698 205 834 881 500 869 78.0 |68.2
AMBER (MLM+TLM+WA) 46.8 633 888 522 783 795 669 71.6 274 772 869 565 865 81.6| 688
AMBER (MLM+TLM+WA+SA) | 785 87.1 955 753 933 922 950 915 528 945 984 845 974 943|879

Table 8: Sentence retrieval accuracy on the Tatoeba dataset. Bold numbers highlight the highest scores across
languages on the existing models (upper part) and AMBER variants (bottom part).
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Figure 4: Performance difference between AMBER trained with alignments on parallel data and AMBER (MLM)
on POS task. Languages are sorted by no. of parallel data used for training AMBER with alignments.
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