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Abstract

Existing zero-shot cross-lingual transfer meth-
ods rely on parallel corpora or bilingual dic-
tionaries, which are expensive and impractical
for low-resource languages. To disengage from
these dependencies, researchers have explored
training multilingual models on English-only
resources and transferring them to low-resource
languages. However, its effect is limited by the
gap between embedding clusters of different
languages. To address this issue, we propose
Embedding-Push, Attention-Pull, and Robust
targets to transfer English embeddings to vir-
tual multilingual embeddings without semantic
loss, thereby improving cross-lingual transfer-
ability. Experimental results on mBERT and
XLM-R demonstrate that our method signifi-
cantly outperforms previous works on the zero-
shot cross-lingual text classification task and
can obtain a better multilingual alignment.

1 Introduction

In recent years, advances in multilingual models
such as mBERT (Devlin et al., 2019), XLLM (Con-
neau and Lample, 2019), XLM-R (Conneau et al.,
2020), etc., after being fine-tuned with annotated
data, have enabled significant improvements in
many cross-lingual tasks. However, due to the
lack of annotated data, some tasks in low-resource
languages have not enjoyed this technological ad-
vancement. To solve this issue, the academic
and industrial community began to focus on zero-
shot cross-lingual transfer learning (Huang et al.,
2019; Artetxe et al., 2020), which aims to fine-tune
multilingual models with annotated data in high-
resource languages and obtain a nice performance
in low-resource language tasks.

Some works aligned word embeddings between
high- and low-resource languages through addi-
tional parallel sentence pairs (Artetxe and Schwenk,
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Figure 1: (a) Different languages clusters in mBERT.
(b) The relative positions of "nature", "language" and
"processing" are similar in English, Chinese and Irish
(Cao et al., 2020). (c) Using synonym augmentation to
train a robust region covering words in other languages.
(d) We align different languages and construct a suitable
robust region by pushing the embeddings away and
pulling the relative distance among words.

2019; Wei et al., 2021; Chi et al., 2021; Pan et al.,
2021) or bilingual dictionaries (Cao et al., 2020;
Qin et al., 2020; Liu et al., 2020), so that high-
resource fine-tuned models can be transferred to
low-resource languages. Although this approach
has achieved excellent results in many languages,
parallel corpora and bilingual dictionaries are still
prohibitively expensive, rendering it impracticable
in some minority languages.

To disengage from the dependence on parallel
corpora or bilingual dictionaries (Wu and Dredze,
2019; Hu et al., 2020), some studies have found
that syntactic features in high-resource languages
can improve zero-shot cross-lingual transfer learn-
ing (Meng et al., 2019; Subburathinam et al., 2019;
Ahmad et al., 2021a,b). Libovicky et al. (2020)
found that the embeddings of different languages
are clustered according to their language families,
as shown in Figure 1a and 1b, which demonstrated
that different languages are not aligned perfectly
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in mBERT (Deshpande et al., 2021). Huang et al.
(2021) tried adversarial training and randomized
smoothing with English synonym augmentation to
build robust regions for embeddings in the mul-
tilingual models, as illustrated in Figure 1c. In
this way, models can output similar predictions for
different language embeddings in the same robust
region even they are not well aligned. However, the
transferability of English synonym augmentation
is limited because its robust region remains close
to the English cluster, as shown in Figure 1c.

In this work, we select English as a high-
resource language and follow the studies that do not
require additional parallel corpora or bilingual dic-
tionaries to improve cross-lingual transfer learning
performance with minimal cost. For this purpose,
three strategies are proposed to enlarge the robust
region of English embeddings. The first strategy
is called Embedding-Push, which pushes the em-
bedding of English to other language clusters. The
second is Attention-Pull, which constrains the rela-
tive position of the word embeddings to prevent the
meaning from straying. The last strategy, named
Robust target, introduces a Virtual Multilingual
Embedding (VME) to help the model build a suit-
able robust region, as shown in Figure 1d.

Experimental results on mBERT and XLM-R
demonstrate that our method effectively improves
the zero-shot cross-lingual transfer on classification
tasks and outperforms a series of previous works.
In addition, case studies show that our method im-
proves the model through multilingual word align-
ment. Compared with existing works, our method
has the following advantages. First, our method
only needs English resources, which is suitable for
low-resource languages. Second, our method can
induce alignments in many languages without spec-
ifying the target language. Finally, our method is
simple to implement and achieves effective experi-
mental results. Our code is publicly available'.

2 Method

Given an English training batch B, for a specific
x € B consisting of words (z1, z2, x3), we first fol-
low Huang et al. (2021) to generate an augmented
example ¢ = (z{, 2§, §) by randomly replacing
x; with z¢ from the pre-defined English synonym
set (Alzantot et al., 2018). Then, we introduce three
objective functions to get the Virtual Multilingual
Embedding (VME) that provides a suitable robust
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Figure 2: The two networks have tied weights. VMEs
expand robust regions (orange circle) by aligning
semantic-similar words in other languages. Note that
VME:s do not specify the target language but improve
multilingual performance, as shown in section 3.3.

region for zero-shot cross-lingual classification task
as shown in Figure 2. We describe the details in
the following subsections.

2.1 Embedding-push target

The Embedding-Push target aims to make English
embeddings leave their original cluster and robust
region by pushing away (x, £®) in the embedding
space. The pushed embedding can be viewed as
the VME. The loss function is (1).

lerr =~ 1 > (M(Ez) — M(Ega))® (1)

where F,, Eza denote the embedding output of =
and %, M is the mean-pooling method.

2.2 Attention-pull target

The self-attention matrices contain rich linguistic
information (Clark et al., 2019) and can be regarded
as a 1-hop graph attention between the hidden
states of words (Vaswani et al., 2017; Velickovic¢
et al., 2018). The attention matrix represents the
information transfer score between each pair of
words, we regard it as the pulling force, so the
attention matrix determines the relative linguistic
positions of words in a sentence. We introduce the
Attention-Pull target to encourage the relative lin-
guistic position among (x{, x5, %) to be similar to
(x1, x2, x3) by fitting the middle layer multi-head
attention matrices, as (2).

P > @

xeB 1
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Model en ar bg de el es fr hi ra  sw th tr ur vi zh avg.

mBERTT 80.8 643 68.0 70.0 653 73.5 734 589 678 49.7 541 609 572 693 67.8 654
+ADVT 819 649 683 717 665 744 745 59.6 688 48.8 50.6 61.7 59.2 70.0 694 66.0
+RS-RPT 826 654 687 705 672 750 741 59.8 69.5 484 505 597 579 705 69.7 66.0
+RS-DAT 810 664 699 718 68.0 747 742 627 70.6 51.1 557 629 609 718 714 67.6
+Syntaxt  81.6 654 693 707 665 741 732 60.5 688 - - 624 587 699 693 -
+ Ours 832 674 71.0 729 683 757 752 640 71.6 513 56.7 63.6 614 724 715 68.4

XLM-R* 84.0 726 789 770 765 786 782 703 764 650 724 734 676 755 750 748
+RS-DA* 835 732 782 77.1 769 792 79.0 723 769 665 732 73.1 682 764 75.1 753
+ Ours 84.6 745 788 715 710 794 79.5 726 768 66.7 739 747 68.7 764 758 75.8

Table 1: Zero-shot cross-lingual transfer results on the XNLI. We bold the highest accuracy scores (%). "{" and "1"

are taken from (Huang et al., 2021) and (Ahmad et al., 2021a), respectively. "x

Model en de es fr ja ko zh avg.
mBERT 94.0 857 874 87.0 73.0 69.6 77.0 82.0
+ADVT 937 86.5 885 87.8 76.1 753 804 84.0
+RS-RPT 945 874 900 895 779 77.5 820 855
+RS-DAT 935 878 888 888 793 783 815 854
+Syntaxt 940 859 89.1 882 758 763 80.7 843
+Ours 942 879 903 89.7 799 79.2 824 86.2
XLM-R* 944 889 89.8 89.2 782 784 814 857
+RS-DA™ 94.7 88.8 89.7 90.0 787 80.2 823 86.3
+Ours 951 89.0 903 90.1 80.5 81.7 83.1 87.1

Table 2: Experimental results on the PAWS-X across
7 languages. "{" and "{" are taken from (Huang et al.,
2021) and (Ahmad et al., 2021a), respectively. "x" is
the result of our reimplementation.

where H is the number of attention head. Let L
denote the sequence length, A® € RL*L is the at-
tention matrix corresponding to the i-th head. £ opr
alleviates the semantic loss of the VME.

2.3 Robust target

The robust target aims to build a robust region with
the VME for the classification task. The hidden
state of [CLS] in the last layer is taken to classify,
as (3). The model is trained by (4).

P, = softmax(Wh%CLS] +b) 3)
1
top =~ > (ylog Pr +ylog Ppa)  (4)
xeB

where W and b are trainable parameters. P, is the
prediction for n. y denotes the gold label for each
x € B. The final training objective is to minimize

three targets as (5):
(5)

t={lcg + algpr + Blapr

where « and 3 are hyperparameters.

3 Experiment

3.1 Dataset and setup

We use mBERT},,5. and XLM-Rp,se to evaluate our
method on XNLI (Conneau et al., 2018) and PAWS-

non

is the result of our reimplementation.

X (Yang et al., 2019) tasks, covering 17 languages.
We consider English as the source language and
other languages in test sets as low-resource target
languages. More training details are in Appendix
A. We set a=1, $=0.1 and apply the Attention-Pull
target at the 6-th layer. The analysis of hyperparam-
eters is in Appendix B. We measure results with
accuracy.

3.2 Baseline methods

For XLLM-R, we consider RS-DA as a strong base-
line because it achieves the best performance. For
mBERT, we consider all the following baselines.

Adv: Huang et al. (2021) uses adversarial train-
ing to build a robust region for cross-lingual trans-
fer. They consider the most effective perturbation
in each iteration.

RS-RP: Huang et al. (2021) perturbs sentence
embeddings with randomly sampled 9 to smooth
the classifier and build robust regions.

RS-DA: Huang et al. (2021) augments training
data with English synonym replacement to train a
smooth classifier and build robust regions.

Syntax: Ahmad et al. (2021a) provides syntax
features to mBERT by graph attention networks,
which helps cross-lingual transfer.

3.3 Main results

As illustrated in Table 1 and Table 2. We can ob-
serve that: 1) Our method achieves up to 4.2%
and 1.4% improvement on mBERT and XIL.M-
R, respectively, outperforming existing works and
demonstrating the effectiveness of our method. 2)
Multiple low-resource languages benefit from our
method. Based on mBERT, our method improves
not only English-like languages such as es and de
but also English-dissimilar (Littell et al., 2017) lan-
guages such as tr and ko. This result indicates
that the VME we proposed helps align different
languages in semantic space. 3) We avoid training
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Model en ar bg de el es fr hi

Ours 832 674 71.0 729 683 757 752 64.0
w/o EPT 828 67.0 71.2 727 67.6 755 751 634
w/o APT 824 665 708 728 685 760 751 634
w/oboth 82.1 66.4 700 723 67.7 751 749 628

Model ru sw th tr ur vi zh avg.

Ours 716 513 567 63.6 614 724 715 684
w/o EPT 712 51.1 56.0 634 60.7 725 714 68.1
w/o APT 709 50.0 570 62.8 619 720 723 682
w/oboth 70.8 483 546 61.0 61.0 715 715 674

Table 3: Ablation experimental results of our method
on the XNLI task. Experiments are based on mBERT.

each target language separately and achieves the
best results in one epoch using the English-trained
VME.

3.4 Ablation study

As shown in Table 3, we perform ablation studies
on Embedding-Push Target (EPT) and Attention-
Pull Target (APT). We find that both EPT and APT
are effective, but they can not perform well alone.
Besides, removing the APT causes improvement
in some languages, such as zh and ur. We attribute
this to the fact that the EPT-guided VME is unstable
without the APT, which improves performance in
some languages but drops in more languages such
as en, ar, ru, etc., resulting in poor average perfor-
mance. Thus EPT and APT need to be combined
for better performance.

4 Analysis

4.1 Case study

To study the effects of VME, we do the T-SNE
visualization for the word embeddings of paral-
lel sentences, as shown in Figure 3. Compared
with the RS-DA, our fine-tuned model aligns bet-
ter across languages, and words are closer to their
translations, leading to correct predictions. This
observation shows that the VME can effectively
help cross-lingual word alignment and improve the
performance of the model. We choose Arabic for
the case study because it can represent a class of
languages far apart from English.

4.2 Effect of EPT

To study the impact of EPT, we do the T-SNE visu-
alization using the embedding layer of mBERT. As
shown in Figure 4, some synonyms such as "cou-
pled / pair" and "energy / electricity" are pushed
away in the embedding layer trained with EPT,
and some synonyms are still close to their origi-
nal words. It indicates that the EPT push away
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Figure 3: T-SNE visualization for word embeddings
of English and Arabic translated sentences in XNLI
test sets. Blue dots are Arabic words. Red dots are
English words. (A) mBERT trained with our method.
(B) mBERT trained with RS-DA.
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Figure 4: Visualization for English synonyms in the
XNLI dataset using the embedding layer of mBERT.
(A) Untrained. (B) Trained with our method.

Model en es de fr bg ru el th

EPT+APT 832 757 729 752 710 71.6 683 56.7
NT + APT 827 756 725 752 70.6 71.0 679 559
EPT + SRPT 83.1 76.0 732 749 70.7 714 689 56.5

Model sW vi ar zh hi ur tr avg.

EPT+ APT 513 724 674 715 640 614 63.6 684
NT + APT 506 723 669 718 634 61.0 629 68.0
EPT + SRPT 50.5 723 67.0 71.8 633 609 63.1 682

Table 4: Results on the XNLI task when replacing some
targets, based on the mBERT. We sort languages ac-
cording to their differences from English (Littell et al.,
2017), from top left (small) to bottom right (big).

synonyms selectively. We also try to replace the
EPT in (5) with the Noise Target (NT), which per-
turbs word embeddings with Gaussian noise (Co-
hen et al., 2019). As shown in Table 4, we find
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Source Language en ar bg de el es

fr

hi ra sw th tr ur vi zh avg.

en
de
ru

83.2 674 71.0 729 683 757 752 640 71.6 513 567 63.6 614 724 715
796 68.7 719 77.7 688 762 749 642 724 50.1 552 64.0 628 73.0 72.6
785 682 733 73.1 68.8 748 739 658 757 493 572 64.0 624 734 73.7

68.4
68.8
68.8

Table 5: Results of our method on the XNLI task when training mBERT with three source languages.
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Figure 5: T-SNE visualization on the outputs of the
mBERT trained with our method. The original words
(x) and synonyms (x®) are from the XNLI training sets.

that the EPT setting outperforms NT. One possible
explanation could be that the noise in NT affects
all English tokens and thus may hurt performance.

4.3 Effect of APT

To investigate the effects of APT, we replace
the APT in (5) with the Sentence Representa-
tion Pull Target (SRPT). SRPT uses the mean
squared error between sentence embeddings of
x and x?® as the objective. Formally, {grpr =
ﬁ ZL&(Sent(m) — Sent(x%))2, where Sent(x)
represents the mean-pooled sentence embeddings
(Reimers and Gurevych, 2019) obtained by the mid-
dle layer of the model. Results in Table 4 show
that: 1) The average performance of SPRT is lower
than that of APT. 2) The SRPT mainly improves
performance on English-like languages, such as
es, de, and el, while drops that of most English-
dissimilar languages, such as tr, hi, sw, ur, etc.
This phenomenon shows that SRPT suffers heavily
from English training resources, biasing the VME
towards English-like languages, which hurts the
overall zero-shot cross-lingual transferability.

We perform T-SNE visualization on the outputs
of the mBERT trained with our method. As shown
in Figure 5, the synonym is still in the same relative
position as the original word, which proves the
effectiveness of APT.

4.4 Effect of source language

In addition to en, both de and ru show preference
as source languages in cross-lingual learning (Turc
et al., 2021). We translate the training set into de
and ru using OPUS-MT (Tiedemann and Thottin-

scale size of dictionary XNLI result
1.0 49975 68.424
0.75 37481 68.392
0.5 24987 68.218
0.25 12493 68.080

Table 6: Results on the XNLI task when using the scaled
English synonym dictionaries for data augmentation.

en

de

tr

ur

Figure 6: Results on XNLI test sets of four languages
when using scaled synonym dictionaries in our method.

gal, 2020) models, as shown in Table 5, the perfor-
mance of our method can be further improved.

4.5 Effect of dictionary size

The data augmentation in our method relies on
the size of pre-defined synonym dictionary. As
shown in Table 6 and Figure 6, we can observe
that: 1) The overall performance decreases as the
dictionary size decreases. 2) Some languages are
not sensitive to the dictionary size, such as tr and
ur. 3) The performance of en, de, and tr degrades
significantly when the dictionary size is scaled from
0.5 to 0.25. This phenomenon may be related to
some important synonyms in the dictionary, which
are effective for cross-lingual transfer learning.

5 Conclusion

To get rid of the dependence on parallel corpora,
enable cross-lingual transfer to low-resource lan-
guages, we propose Embedding-Push, Attention-
Pull, and Robust targets to combat the influence of
language clusters in multilingual models. Experi-
mental results demonstrate that our method outper-
forms previous works and obtains better-aligned
embeddings when trained with only English.
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Layer | en ar bg de el es fr hi ru SW th tr ur vi zh avg.
3 83.23 67.17 7144 7333 68.06 7599 74.89 6327 70.94 51.00 56.61 63.23 61.04 7230 71.66 | 68.28
6 83.05 67.01 70.88 72.63 67.98 76.05 7491 6299 71.82 51.28 56.81 63.53 6144 72.48 71.48 | 68.29
9 82.87 67.56 71.22 73.05 6836 7581 74.63 63.65 71.14 5096 56.75 6297 61.00 72.55 71.68 | 68.28
12 83.05 67.05 70.56 72.81 68.22 7555 7535 6335 7148 50.82 56.71 63.11 60.30 72.48 71.68 | 68.17

Table A.1: Results of the XNLI task when we apply the Attention-Pull target at different layers of mBERT.

B ‘ en ar bg de el es fr hi

ru sW th tr ur vi zh ‘ avg.

0.1
0.2
0.3
0.5
0.7
0.9

83.23
83.15
83.09
83.01
82.69
82.51

67.41
67.05
67.47
67.15
66.83
66.83

71.04
71.38
71.52
70.58
71.08
71.00

72.93
73.79
72.99
72.95
72.87
72.87

68.28
68.34
68.44
68.10
68.14
68.50

75.75
75.99
75.65
75.87
75.89
75.65

75.19
75.01
75.03
74.99
74.43
75.01

63.99
63.53
63.57
62.99
63.15
62.99

71.64
71.58
71.42
71.64
71.00
71.30

51.28
50
50.76
50.34
51.60
50.68

56.73
56.41
55.87
56.37
56.57
55.77

63.59
63.21
63.29
63.61
63.15
63.29

61.38
60.52
61.26
60.82
60.88
61.38

72.44
72.40
72.63
72.57
72.16
72.42

71.50
71.88
71.58
72.18
71.82
71.54

68.42
68.32
68.30
6821
68.15
68.12

Table A.2: The experimental results of the XNLI task based on mBERT when [ takes different values, where a=1.

a ‘ en ar bg de el es fr hi

ru SW th tr ur vi zh ‘ avg.

0.6 | 82.85
0.8 | 82.87
1 83.23
1.2 | 83.19
1.4 | 83.09
1.6 | 83.19
1.8 | 83.29

67.35
67.23
67.41
67.03
67.03
67.05
67.09

71.64
70.96
71.04
71.08
71.44
71.50
71.44

73.03
73.17
72.93
72.97
73.35
73.23
73.51

68.32
68.68
68.28
67.86
68.78
68.18
68.54

75.65
75.23
75.75
75.87
75.79
76.25
75.85

74.57
74.87
75.19
74.75
74.51
74.77
74.79

63.37
63.53
63.99
63.49
63.23
63.43
63.83

72.44
72.55
72.44
72.59
72.75
72.38
72.59

71.56
71.26
71.64
71.50
71.50
71.06
71.36

50.56
50.86
51.28
51.60
51.14
51.10
50.78

56.39
56.45
56.73
56.37
56.35
56.43
56.47

63.67
63.21
63.59
63.21
63.45
62.95
63.23

61.16
61.30
61.38
60.88
60.72
60.52
60.86

72.02
72.02
71.50
71.28
71.60
71.98
71.98

68.30
68.28
68.42
68.24
68.32
68.27
68.37

Table A.3: The experimental results of the XNLI task based on mBERT when « takes different values, where 5=0.1.

Setup The mBERT},. and XLM-Ry,s are ob-
tained from Huggingface’s transformers package
(Wolf et al., 2020). The maximum sequence length
is set as 128. The learning rate is set as 2e-5. Our
method is trained for one epoch with the batch size
of 32. other models are trained following Hu et al.
(2020) and Huang et al. (2021).

Input construction Both XNLI and PAWS-
X are sentence pair classification tasks. Tak-
ing mBERT as an example, for each s;, so
and augmented sj, sj in the training data,
we set x as [CLS]s1[SEP]sso[SEP], x® as
[CLS]s{[SEP]s5[SEP]. Then, we take  and ¢
as the input of our method in Figure 2, [CLS] token
is used for classification.

B Hyperparameter analysis

There are three main hyperparameters in our
method that need to be adjusted. 1) We need to
determine which layer is most effective for apply-
ing Attention-Pull target. 2) We need to determine
the weight of /3 in the final loss. 3) We need to
determine the weight of « in the final loss. We con-
duct experiments on XNLI task based on mBERT.

For 1), we first set a=1 and =1, then apply the
Attention-Pull target on the {3, 6, 9, 12} layers

respectively, and the results are shown in Table A.1.
We find that applying the Attention-Pull target to all
layers works well. The most significant improve-
ment is achieved at the 6-th layer and the minimal
improvement is achieved at the last layer, which
may be related to the quality of sentence represen-
tation at different layers of the model (Carlsson
et al., 2021; Merchant et al., 2020).

For 2), we apply the Attention-Pull target at the
6-th layer and set =1, then select 3 from {0.1, 0.2,
0.3, 0.5, 0.7, 0.9}. The experimental results are
shown in Table A.2. First, we find that model per-
formance improved when using any of the above /3
values. Second, we also find that the improvement
becomes significant as S decreases, we attribute
this phenomenon to the fact that the Attention-Pull
target should not over-focus on features of the En-
glish corpus but should help the VME capture fea-
tures in other language clusters. Note that this
result does not mean that the Attention-Pull target
is unnecessary, as ablation experiments in section
3.4 show that the Attention-Pull target can improve
the model. Finally, the best experimental result is
obtained when (5=0.1.

For 3), we apply the Attention-Pull target at the
6-th layer and set $=0.1, then select o from {0.6,
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Model en es de fr bg ru el th

EPT+ APT 846 794 775 795 788 768 770 739
NT + APT 844 794 772 79.0 788 767 764 734
EPT + SRPT 844 80.0 778 792 785 768 77.1 742

Model SW vi ar zh hi ur tr avg.

EPT + APT  66.7 764 745 758 726 68.7 74.7 5.8
NT + APT 673 763 73.6 752 722 677 741 755
EPT + SRPT 652 766 735 758 725 687 744 75.

Table A.4: Results on the XNLI task when replacing
some targets, based on the XLM-R.

0.8, 1.0, 1.2, 1.4, 1.6, 1.8}. Results are shown
as Table A.3. We find that the best performance
is achieved when « is 1.0. The performance is
also improved when using other « values, which
shows that the Embedding-Push target can robustly
improve the cross-lingual transferability of models.
Therefore, in our main experiments, we set a=1.0,
£=0.1 and apply the Attention-Pull target at the
6-th layer.

C Analysis on XLM-R

We perform analysis based on XLLM-R, the results
are shown in Table A.4.
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