Is Cross-lingual Evaluation Only About Cross-lingual?

Anonymous ACL submission

Abstract

Multilingual pre-trained language models
(mPLMs) have achieved great success on vari-
ous cross-lingual tasks. However, we find that
the higher performance on these tasks cannot
be regarded as the better cross-lingual ability
because models’ task-specific abilities can also
influence the performance. In this work, we do
a comprehensive study on two representative
cross-lingual evaluation protocols: sentence re-
trieval and zero-shot transfer. We find that cur-
rent cross-lingual evaluation results strongly
depend on mPLMs’ task-specific abilities so
that the performance can be improved with-
out any improvement in models’ cross-lingual
ability. To have more accurate comparisons
of cross-lingual ability between mPLMs, we
propose two new indexes based on the two eval-
uation protocols: calibrated sentence retrieval
performance and transfer rate, and experimen-
tally show that our proposed indexes effectively
eliminate the effects of task-specific abilities
on the cross-lingual evaluation.

1 Introduction

Multilingual  pre-trained language models
(mPLMs) have obtained remarkable achievements
in the fields of multilingual and cross-lingual
NLP (Devlin et al., 2019; Conneau and Lample,
2019; Conneau et al., 2020; Ouyang et al., 2021).
Since mPLMs encode texts in different languages
into a unified representation space, the models can
generate powerful cross-lingual representations
and support NLP research and application beyond
English (Joshi et al., 2020), e.g., the transfer
learning from high-resource to low-resource
languages.

Researchers have constructed a variety of tasks
to evaluate the cross-lingual ability of mPLMs,
and the performance of mPLMs is increasing fast
with more pre-training data, larger model size, and
new pre-training objectives (Conneau and Lample,
2019; Chi et al., 2021b; Xue et al., 2021; Han et al.,
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Figure 1: A visualization of how task-specific abilities
influence cross-lingual evaluation.

2021). However, we find that higher-performing
models do not always possess better cross-lingual
ability because models’ task-specific abilities also
significantly contribute to the performance.

In this work, we analyze the effects of task-
specific abilities on two widely used evaluation
protocols. The first one is cross-lingual sentence
retrieval (Zweigenbaum et al., 2017; Artetxe and
Schwenk, 2019a), which evaluates mPLMs’ cross-
lingual alignment ability by comparing the similar-
ity between models’ cross-lingual representations
of sentences in different languages. The other is
zero-shot cross-lingual transfer, which evaluates
mPLMs’ cross-lingual transferability by testing
them on different languages with downstream tasks
such as natural language inference (Conneau et al.,
2018; Yang et al., 2019b) and question answer-
ing (Lewis et al., 2020b).

From the two protocols, researchers derive three
indexes of cross-lingual ability: sentence retrieval
performance, transfer gap, and zero-shot transfer
performance. However, we experimentally find
that all the three indexes are affected by models’
task-specific abilities, making their evaluation re-
sults not only about models’ cross-lingual ability.
Figure 1 is an overview of our observations from
experiments. It illustrates how these indexes assess
models with the same cross-lingual ability differ-
ently: (i) enhancing a models’ sentence embed-



dings makes higher sentence retrieval performance.
(i1) improving a model’s NLU ability results in a
better transfer gap and a higher zero-shot transfer
performance.

The differences in mPLMs’ task-specific abili-
ties hinder us to make fair comparisons between
their cross-lingual ability using existing indexes,
so we explore ways to eliminate the effects of task-
specific abilities in cross-lingual evaluations:

(i) We find that the quality of mPLMs’ monolin-
gual sentence embeddings significantly affects their
performance on cross-lingual sentence retrieval
while most mPLMs do not possess good pre-trained
sentence embedding. Thus, we propose to advance
models’ sentence embeddings on English data by
contrastive learning before evaluation. We refer
to the performance of models after fine-tuning as
calibrated sentence retrieval performance.

(i) We find that the monolingual NLU abilities
of mPLMs are also much different. Fortunately,
the translate-train performance can be used to mea-
sure these NLU abilities. Therefore, we propose
a new index of cross-lingual ability, namely trans-
fer rate, which is the ratio of the zero-shot transfer
performance to the translate-train performance.

We examine the validity and rationality of our
proposed indexes by experiments and show these
indexes better reflect the cross-lingual ability of
mPLMs than currently-used indexes. We hope
this study will help future work to better analyze
mPLMs’ cross-lingual ability.

2 Background

In this section, we introduce current evaluation pro-
tocols, setups, indexes of the cross-lingual ability,
and the mPLMs studied in this work.

2.1 Evaluation

A variety of tasks have been used to evaluate
mPLMs, such as dependency parsing (Schuster
et al., 2019), named entity recognition (Lin et al.,
2019), sentiment analysis (Barnes et al., 2018),
natural language inference (Conneau et al., 2018),
document classification (Schwenk and Li, 2018),
question answering (Liu et al., 2019; Lewis et al.,
2020b; Artetxe et al., 2020; Clark et al., 2020),
and cross-lingual sentence retrieval (Zweigenbaum
et al., 2017; Artetxe and Schwenk, 2019a). We
categorize these tasks into two evaluation proto-
cols, cross-lingual sentence retrieval and zero-shot
cross-lingual transfer.

Sentence Retrieval is to identify the transla-
tion of each sentence in a source language from
sentences in another language through the sen-
tence representations given by models. Pires et al.
(2019) first evaluate mBERT on sentence retrieval
to demonstrate its powerful cross-lingual alignment
ability. They feed each sentence to mBERT without
fine-tuning and use the average of all input tokens’
hidden states from a specific layer as its sentence
representation. Then, the sentence representations
are used to retrieve the translation of each sentence
by finding its nearest neighbor. Latter work (Hu
et al., 2020; Dufter and Schiitze, 2020; Lewis et al.,
2020a; Chi et al., 2021c) evaluates the cross-lingual
ability of mPLMs on sentence retrieval with the
same evaluation setup.

Zero-shot Cross-lingual Transfer usually uses
English as a source language for fine-tuning
and evaluates the fine-tuned models on multi-
lingual datasets. Based on this protocol, re-
searchers develop two indexes of cross-lingual abil-
ity: zero-shot transfer performance and transfer
gap. (i) Zero-shot transfer performance means
the performance of an mPLM on target languages
after fine-tuning on a source language. Multiple
works use it to evaluate the cross-lingual ability of
mPLMs. Pires et al. (2019); K et al. (2020); Ma
et al. (2021) do ablation studies on factors that con-
tribute to mPLMs’ cross-lingual ability using the
zero-shot transfer performance as an index. Huang
etal. (2019); Chi et al. (2021b); Ahmad et al. (2021)
compare the effectiveness of different cross-lingual
pre-training tasks based on the zero-shot transfer
performance on XNLI. (ii) Transfer gap is pro-
posed by XTREME (Hu et al., 2020) to further an-
alyze the cross-lingual transfer. When an mPLM is
fine-tuned on one language and evaluated on other
languages, there will be a gap between the perfor-
mance of the model on the source language and the
target languages. The transfer gap is the difference
between the performance on the test sets of English
and the average performance of other languages.
They suppose a lower cross-lingual transfer gap in-
dicates more task-related knowledge is transferred
from English to target languages, so an mPLM with
a perfect cross-lingual ability will have a transfer
gap of 0. The transfer gap has been adopted by
much recent work (Fang et al., 2021; Chi et al.,
2021b,a; Ahmad et al., 2021; Zheng et al., 2021;
Ouyang et al., 2021; Zhao et al., 2021) to measure
the cross-lingual transferability of mPLMs.



Other Protocols. Apart from the above-
mentioned protocols, there are other evaluation
protocols which are sometimes used, including
word retrieval (Dufter and Schiitze, 2020), word
alignment (Jalili Sabet et al., 2020), word transla-
tion (Gonen et al., 2020), machine translation (Con-
neau and Lample, 2019), and cross-lingual infor-
mation retrieval (Sun and Duh, 2020).

2.2 Models

Recently, various multilingual models pre-trained
on a wide range of languages have been pro-
posed (Devlin et al., 2019; Conneau and Lample,
2019; Huang et al., 2019; Conneau et al., 2020;
Siddhant et al., 2020; Chi et al., 2021b; Feng
et al., 2020; Xue et al., 2021; Ouyang et al., 2021).
From these models, we select three representative
mPLMs pre-trained with different objectives, train-
ing data, and task-specific abilities.

mBERT (Devlin et al.,, 2019) is the first
Transformer-based mPLM, which has achieved
great success on amounts of cross-lingual tasks
and has been widely used in cross-lingual re-
search. mBERT is a 12-layer Transformer pre-
trained on the Wikipedia dumps of 104 languages
using Masked Language Model (MLM) and Next
Sentence Prediction (NSP) objectives.

LaBSE (Feng et al., 2020) is a 12-layer Trans-
former using a dual-encoder architecture, which
has powerful sentence representation ability and es-
tablishes new state-of-the-art performance on cross-
lingual sentence retrieval. It is pre-trained on three
pre-training tasks together, MLLM, Translation Lan-
guage Model (Conneau and Lample, 2019), and
Translation Ranking (Yang et al., 2019a). Its train-
ing data consists of 17B monolingual sentences and
6B bilingual translation pairs over 109 languages.

XLM-Rg,s. and XLM-R (Conneau et al., 2020)
are 12-layer and 24-layer Transformers, which
have better NLU ability than mBERT. Compared to
mBERT, they are pre-trained on larger corpora, the
filtered CommonCrawl] data (Wenzek et al., 2020)
of 100 languages using the MLM objective.

3 Sentence Retrieval

In this section, we analyze the effect of the task-
specific ability on sentence retrieval performance,
i.e., the monolingual sentence embedding qual-
ity. Previous studies have two observations: (i)
PLMs pre-trained with only language modeling
objectives have poor sentence embedding quality

while PLMs with sentence-level pre-training tasks
have good embedding quality (Gao et al., 2021);
(i1) fine-tuning mPLMs on English intermediate-
tasks, such as question answering and natural lan-
guage inference, can significantly improve the per-
formance of cross-lingual sentence retrieval (Phang
et al., 2020; Ruder et al., 2021). Correspondingly,
there are two research questions: (i) does the dif-
ference in mPLMs’ sentence embedding quality
influence their comparisons on cross-lingual sen-
tence retrieval? (ii) does fine-tuning on English
intermediate-tasks improve cross-lingual ability or
sentence embedding quality? By answering these
two questions, we explore to find out a better way to
evaluate cross-lingual ability in sentence retrieval.

3.1 Datasets

We briefly introduce datasets we used for fine-
tuning (SQuAD vl.1, AIINLI+STSb), valida-
tion (WMT20), and testing (Tatoeba, STS-2017,
WikiANN-NER) in this experiment.

SQuADvl.1 (Rajpurkar et al., 2016) is a
question-answering dataset with passages ex-
tracted from Wikipedia articles and crowdsourced
question-answer pairs, where the answer to each
question is a text span from the corresponding pas-
sage. The evaluation setup proposed by Ruder et al.
(2021) involves the training set of SQuAD v1.1.

AININLI+STSb consists of two sentence-pair
datasets. AIINLI (Reimers and Gurevych, 2019) is
an English natural language inference corpus that
combines the training set of Stanford Natural Lan-
guage Inference (Bowman et al., 2015) and Multi-
Genre Natural Language Inference (Williams et al.,
2018). The Semantic Textual Similarity Bench-
mark (STSb) (Cer et al., 2017) is a dataset that con-
tains sentence pairs assigned with similarity scores.
We use the training sets of these two datasets to en-
hance mPLMs’ monolingual sentence embeddings.

Tatoeba (Artetxe and Schwenk, 2019b) com-
prises up to 1,000 English-aligned sentence pairs
for 112 languages and is widely used for current
sentence retrieval evaluation. We conduct sentence
retrieval evaluation on parallel sentences of 36 dif-
ferent language pairs from it.

STS-2017 (Cer et al., 2017) is a multilingual
Semantic Textual Similarity (STS) task with mono-
lingual test data for en, ar, es, and cross-lingual test
data for en-de, fr-en, it-en, and nl-en. We evaluate
mPLMs’ sentence embeddings on the monolingual
test data for the three languages.



|  NoFine-tuning |

Question Answering Fine-tuning \

Sentence Embedding Fine-tuning

Task | CLSR STS NER | CLSR STS NER | CLSR STS NER

mBERT 375 507 624 | 408 ( +3.3) 57.7( +7.0) 61.1(-1.3) | 43.1( +5.6) 70.9 (+20.2) 61.7 (-0.7)
XLM-Rpuse 534 537 61.0 | 66.7(+13.3) 564 ( +2.7) 59.6(-1.4) | 747 (+21.3) 64.8 (+11.1) 58.5(-2.5)
XLM-R 35,6 526 662 | 777 (+42.1) 658 (+13.2) 64.7(-1.5) | 83.0 (+47.7) 71.7(+19.1) 65.7 (-0.5)
LaBSE 954 776 640 | 949( -05) 693( -83) 64.0(-0.0) | 952( -0.2) 83.8( +6.2) 63.2(-0.8)

Table 1: Average scores of four models on cross-lingual sentence retrieval (CLSR), STS, and cross-lingual NER
(NER). We report the results of the models without fine-tuning, and changes in the results after fine-tuning with the
two different methods respectively. By convention, sentence retrieval, NER results are reported in accuracy, and STS
results are reported in Spearman’s correlation coefficient x 100. The full results can be found in the appendix A.

WikiANN-NER (Pan et al., 2017) is a cross-
lingual named entity recognition dataset generated
from Wikipedia covering 282 languages. As most
mPLMs do not support all of these languages, our
evaluations are restricted to 40 languages from
XTREME. We use this dataset for cross-lingual
transfer evaluation at word-level.

WMT20 (Barrault et al., 2020) is used as the
validation set for sentence retrieval because the
Tatoeba dataset has no validation data. Specifi-
cally, we use the test sets of 7 language pairs from
WMT?20 as our validation sets, from en to cs, de,
ja, pl, ru, ta, zh.

3.2 Experiment with Evaluation Setups

To investigate the effect of fine-tuning, we im-
plement three variants: no fine-tuning, question
answering fine-tuning, sentence embedding fine-
tuning. Among them, sentence embedding fine-
tuning is the first time to be used in cross-lingual
sentence retrieval. The details are as follows:

No Fine-tuning. We directly use the mPLMs
to encode each sentence and take the hidden states
from the best-scoring layer of each model on the
validation set for Tatoeba and STS evaluations.
Specifically, we use the hidden states from the 8th
layer for mBERT, the 7th layer for XLM-Rpys., the
13th layer for XLLM-R, and the last layer for LaBSE.
For NER evaluation, we fine-tune the models on
the NER English training set and evaluate on the
test sets of 40 languages from XTREME.

Question Answering Fine-tuning. We fine-
tune the models on the training set of SQUAD v1.1
following (Ruder et al., 2021). We save and val-
idate the training checkpoints every 500 training
steps and pick the one with the highest sentence
retrieval accuracy on our validation set (WMT20).
For Tatoeba and STS evaluations, we extract the
sentence representations from the same layer as we
mentioned above for each model. For NER evalu-
ation, we continue training the selected model on

the NER training set.

Sentence Embedding Fine-tuning. To directly
optimize sentence embeddings, we fine-tune the
models with the siamese network structure pro-
posed by Reimers and Gurevych (2019) on AIINLI
and STS benchmark datasets, which are both En-
glish datasets. When fine-tuning on the NLI data,
we use the Multiple Negatives Ranking Loss pro-
posed by Henderson et al. (2017), which produces
better sentence representations than the original
softmax loss in (Reimers and Gurevych, 2020).
When fine-tuning on the STS data, we use the
cosine similarity loss. We save the training check-
points when every 10% of training data is processed
and pick the one with the highest sentence retrieval
accuracy on the validation set. We evaluate the
selected checkpoints on STS, Tatoeba, and NER
with the identical evaluation setups as we described
above (question answering fine-tuning).

To track the changes in monolingual sentence
embedding quality and cross-lingual ability, we
evaluate models on STS-2017 and WikiANN-NER,
respectively.

3.3 Results and Discussions

We show the experimental results in Table 1. The
followings are our observations from the results.
1. The huge differences in sentence em-
bedding quality influence the comparisons of
the performance of different mPLMs. mPLMs
produce better sentence embeddings after adding
sentence-level pre-training objectives and achieve
better performance of cross-lingual sentence re-
trieval. For example, LaBSE is better than XLM-R
on both CLSR and STS. However, LaBSE doesn’t
achieve better performance than XLM-R on NER.
Hence, based on the result of CLSR, we cannot
conclude that LaBSE has better cross-lingual abil-
ity than XLM-R. Furthermore, even if two mPLMs
are pre-trained with the same objective on the same
data, their evaluation results without fine-tuning



can still be inconsistent between CLSR and NER.
In our experiment, XLM-R gets worse results on
both STS and sentence retrieval than XLM-Rpge,
but it outperforms XLLM-Rp,s. on NER. Besides,
the performance of CLSR is highly related to the
performance of STS, which only measures the
monolingual sentence embedding quality. In sum-
mary, sentence embedding quality significantly in-
fluences the performance of cross-lingual sentence
retrieval. To make sentence retrieval results re-
flect the cross-lingual ability of mPLMs, we have
to ensure the models can generate good sentence
embeddings.

2. Fine-tuning improves models’ sentence em-
beddings instead of cross-lingual ability. As
shown in the table, both question answering fine-
tuning and sentence embedding fine-tuning signifi-
cantly improve the sentence retrieval performance
on Tatoeba for all models except LaBSE, which is
itself a good sentence embedding model. XLM-R
benefits most from fine-tuning, where both fine-
tuning methods lead to improvements of over 40
points on sentence retrieval. However, contrary
to what Phang et al. (2020) might suggest, we ar-
gue that the huge improvement of mPLMs in sen-
tence retrieval possibly comes from better monolin-
gual sentence embeddings generated by the models
rather than the higher cross-lingual ability. When
looking at the NER results, we can only observe
a slight decrease, indicating that fine-tuning does
not actually improve the cross-lingual ability of the
models. Meanwhile, we can see that the average
STS performance across three languages is largely
improved by fine-tuning. These results demonstrate
that fine-tuning on English data enhances the sen-
tence embeddings of mPLMs over all languages,
which induces boosts in sentence retrieval perfor-
mance. Hence, we can use fine-tuning to improve
the sentence embeddings quality without influenc-
ing cross-lingual ability for fair evaluation.

3. Sentence embedding fine-tuning leads to
larger improvements than question answering
fine-tuning. Compared with Question Answering
fine-tuning, the sentence embedding fine-tuning
approach provides better sentence representations
for all models. For mBERT and LaBSE, the STS
results of the sentence embedding fine-tuning are
more than 10 points higher than that of question
answering fine-tuning. Similarly, we can see the
same thing happens on the sentence retrieval perfor-
mance, especially for XLM-Rg,, where the aver-
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Figure 2: A visualization of the performance change of
the two models on sentence retrieval and STS when fine-
tuning them on different amounts of data. The x-axis is
the percentage of training data used, and the y-axis is
the difference in performance.

age sentence retrieval performance of sentence em-
bedding fine-tuning is 8 points higher than that of
question answering fine-tuning. These results sug-
gest that models fine-tuned on SQuAD can not pro-
vide sentence representations that are good enough
for sentence retrieval evaluation, so we propose
to fine-tune models that generate poor sentence
representations using the sentence embedding fine-
tuning approach on AIINLI+STSb data.

4. Sentence embedding fine-tuning provides
good enough sentence representations for CLSR.
According to the table, the STS results of mBERT
and LaBSE increase a lot, but this does not lead to a
significant change in their sentence retrieval results.
We suppose that when a model is able to generate
semantically meaningful sentence representations
for each language, a further improvement on its sen-
tence embeddings has little impact on its sentence
retrieval results. To further validate our hypoth-
esis, we divide the training data (AlINLI+STSb)
into ten pieces and record the STS and sentence
retrieval performance of the two models fine-tuned
on 10% to 100% of the training data. We visual-
ize the difference between the results of models
fine-tuned on 10% of the training data and those
more than 10% data in Figure 2. We can observe
that the sentence retrieval performance of the two
models stabilizes, whereas their STS results show
a rising trend with more training data. It indicates
that the sentence embedding fine-tuning approach
can help mPLMs generate sentence embeddings
that are good enough for sentence retrieval evalu-
ation so the evaluation results can fully reflect the
cross-lingual ability of models. We refer to the
performance with sentence embedding fine-tuning



as calibrated sentence retrieval performance.

4 Zero-shot Cross-lingual Transfer

In this section, we examine the rationality of two
evaluation indexes of cross-lingual ability, transfer
gap and zero-shot transfer performance, and ana-
lyze the effect of task-specific abilities in zero-shot
cross-lingual transfer.

4.1 Experiment with Transfer Gap

The basis of the transfer gap is that target languages
must not outperform source languages in the cross-
lingual transfer, so the difference between mod-
els’ performance on English and other languages
can measure the amount of knowledge transferred.
Most mPLMs are pre-trained with the highest En-
glish resource, so it is not surprising that the mod-
els always perform higher on English than other
languages. Nevertheless, it is worth studying that
whether the transfer gap is still valid when En-
glish is a low-resource language in a model, that
is the scenario of transferring knowledge from a
low-resource language to high-resource languages.
Hence, we choose a low-resource language, Urdu,
as the source language in our experiment.

As stated in Hu et al. (2020), the transfer gap
only applies to multilingual datasets with the same
test sets across all languages (translated from En-
glish annotated data) because the zero-shot trans-
fer performance can not be comparable across lan-
guages if test sets differ. Hence, we experiment
with the transfer gap on XNLI, where the test sets
for 14 languages are human-translated from its
English test set. The XNLI training sets for 14
languages are machine translated from its English
training set; meanwhile, the machine translation
system adopted by Conneau et al. (2018) generates
poor translations (low BLEU scores) from English
to low-resource languages like Urdu. To exclude
the potential effects of the translation quality, we
additionally create a smaller version of XNLI by
concatenating its human-translated validation sets
and test sets of each language together and splitting
them into frain, validation, test sets, with a ratio of
8:1:1. We refer to this dataset as XNLI Manual
and report the results of on both datasets.

4.2 Issues of Transfer Gap

Our experimental results are shown in Table 2. We
have the following observations from the results.

1. Performance on the source language can-
not be an upper bound for target languages. We
can observe that most target languages in the cross-
lingual transfer have better accuracy than the source
language for all models, especially for LaBSE fine-
tuned on XNLI, where no target language under-
performs the source language. In more detail, the
extremely low-resource language sw always under-
performs ur, whereas high-resource languages such
as en, es, fr, de significantly outperform the source
language by approximately 10% on XNLI and 5%
on the XNLI Manual. These results reveal two
things about the cross-lingual transfer: (i) The per-
formance of a model on a source language should
not be an upper bound of its target languages’ per-
formance. (ii) The zero-shot transfer performance
on a target language might relate to its pre-training
resource. Hence, a transfer gap of zero does not
amount to a perfect cross-lingual transfer.

2. Transfer gap can be negative. As shown
in Table 2, mBERT fine-tuned on XNLI is the only
model with a positive and transfer gap between
the source and target languages, while all other
models yield a negative transfer gap. These results
show the possibility of obtaining a negative trans-
fer gap is possible when transferring knowledge
from low-resource to high-resource languages. We
suppose that if an mPLM is pre-trained with the
lowest English resources among all languages, it
will also give a negative or close to zero transfer
gap when fine-tuning on English training sets. A
small transfer gap might come from bad source lan-
guage performance rather than good cross-lingual
transferability. Hence, the transfer gap cannot be a
suitable index of mPLMs’ cross-lingual ability.

4.3 Experiment with Zero-shot Transfer
Performance

From the previous experiment, we observe that
high-resource languages can always succeed in
zero-shot transfer performance, no matter what the
source language is. Hence, we suppose that the
zero-shot transfer performance depends not only
on mPLMs’ cross-lingual representations but also
on their NLU ability. To validate our supposition,
we calculate the Pearson’s correlation coefficients
between the zero-shot transfer performance and
the translate-train-all performance, the calibrated
sentence retrieval performance.

The translate-train-all performance of a model is
obtained by fine-tuning it on the concatenation of



Model ur en fr es de el bg

tr ar vi th zh hi SW avg  gap

Zero-shot Cross-lingual Transfer (Fine-tuned on XNLI Urdu training data)

mBERT 61.8 68.1 647 651 640 614 632 6438
XLM-Rpyse 669 758 721 736 718 715 730 720
XLM-R 735 88.6 832 841 828 826 833 80.7
LaBSE 67.8 783 751 755 742 742 753 742

579 597 63.1 483 652 606 465 610 +09
69.0 685 715 698 71.0 687 632 705 -39
792 792 797 772 80.0 766 71.8 80.1 -7.1
73.1 715 741 684 729 705 697 729 -55

Zero-shot Cross-lingual Transfer (Fine-tuned on XNLI Manual Urdu training data)

mBERT 545 598 576 594 594 567 59.0 595
XLM-Rpse 603 679 647 644 627 635 658 634
XLM-R 672 756 73.1 725 739 726 736 712
LaBSE 622 66.6 656 678 657 645 664 643

537 553 580 499 570 574 448 561 -1.7
609 599 640 616 621 620 553 625 -24
69.5 704 709 694 71.1 696 640 709 -40
65.1 626 649 574 629 640 603 640 -19

Table 2: The zero-shot transfer results of four models on XNLI and XNLI Manual. We report the accuracy on each
of the 15 XNLI languages, the average accuracy, and the transfer gap. Note that target languages underperform the

source language (Urdu) are underlined for each model.

Model fr de ar zh SW avg
Calibrated Sentence Retrieval (Tatoeba)

mBERT 709 829 332 79.1 149 50.0
XLM-Rgase 87.0 96.6 62.6 87.1 349 794
XLM-R 91.8 974 777 93.0 354 86.5
LaBSE 96.0 99.2 90.1 96.6 882 958
Zero-shot Cross-lingual Transfer (XNLI)

mBERT' 734 700 643 678 497 643
XLM-Rpae * 79.7 787 738 7677 665 755
XLM-R* 84.1 839 79.8 80.2 739 80.3
LaBSE 81.0 793 754 77.0 71.8 76.5
Translate-Train-All (XNLI)

mBERT? 778 776 738 776 705 74.6
XLM-Rpase 814 803 77.3 80.2 73.1 78.7
XLM-R* 85.1 85.7 83.1 837 78.0 832
LaBSE 81.9 819 78.1 802 747 79.1

Correlation with Zero-shot Transfer Performance

Sent Retrieval. 904 900 874 853 63.6 91.0
Translate-Train. 985 944 942 914 895 95.1

Table 3: The sentence retrieval results on Taoteba, zero-
shot transfer, translate-train-all results on XNLI, and
Pearson’s correlation coefficients between the zero-shot
transfer results and the translate-train-all, the sentence
retrieval results. We report the results on five lan-
guages and the average results of the 14 XNLI languages
(source language English is excluded). Results with tx
are from Hu et al. (2020); Conneau et al. (2020). We
boldface the best score of each column on each task.
The full results can be found in the appendix A.

training sets from all languages and then evaluating
on multilingual test sets. This evaluation setup
does not examine the cross-lingual transferability
of models, so we use models’ translate-train-all
performance to measure their NLU ability.

The calibrated sentence retrieval performance
well reflects the cross-lingual ability of a model as
we have shown in Sec. 3, so we use mPLMs’ cali-
brated sentence retrieval performance to measure
their cross-lingual representation quality.

4.4 Issues of Zero-shot Transfer Performance

We show the experimental results in Table 3. Based
on these results, we analyze what affects the zero-
shot performance and the potential dangers of using
it as an index of cross-lingual ability.

1. NLU ability significantly affects the zero-
shot transfer performance. According to the
correlation coefficients, we can clearly see the cor-
relation between the zero-shot transfer performance
and translate-train-all performance is stronger than
that of the calibrated sentence retrieval, whereas the
translate-train results are not related to the cross-
lingual ability of mPLMs. Moreover, there are two
main inconsistencies between the zero-shot transfer
performance and the cross-lingual alignment abil-
ity of the models. (i) LaBSE outperforms all other
models on sentence retrieval, while XLM-R outper-
forms all other models on both zero-shot transfer
and translate-train-all. (i1) LaBSE obtains more
than 50 points than the other models on the en-sw
sentence retrieval, but its zero-shot transfer perfor-
mance on sw is lower than that of XLM-R. The
strong correlation between the zero-shot transfer
and translate-train results reveals that the zero-shot
transfer performance is strongly affected by the
NLU ability of models. This means a large model
pre-trained on a huge amount of monolingual data
can easily succeed at the zero-shot setting without
an outstanding cross-lingual ability.

2. Measuring cross-lingual ability by the zero-
shot transfer performance is problematic.
Using the zero-shot transfer performance as an
index of the cross-lingual ability not only com-
promises fair comparisons between models but
also potentially leads to inadequate conclusions.
(i) Many pre-training tasks like SOP and pre-
training strategies such as n-gram masking (Raf-



Model fr de ar zh SW avg
Transfer Rate (XNLI)

mBERT 943 902 87.1 874 705 86.0
XLM-Rpase 979 98.0 955 956 91.0 96.0
XLM-R 98.8 979 96.0 958 947 96.5
LaBSE 989 96.8 96.5 96.0 96.1 96.7

Correlation with Calibrated Sentence Retrieval

Zero-shot. 904 90.0 874 853 636 910
Transfer Rate. 98.6 958 927 87.8 69.8 957

Table 4: The transfer results on XNLI, and Pearson’s
correlation coefficients between the calibrated sentence
retrieval results and the zero-shot transfer, the transfer
rate results. We report the results on five languages
and the average results of the 14 XNLI languages. We
boldfact the best score of each column on each task. The
full results can be found in the appendix A.

fel et al., 2020), DeBERTa (He et al., 2021) have
been shown to enhance monolingual language mod-
els’ NLU ability effectively and improve the mod-
els’ performance on downstream tasks including
MNLI, SQuAD, so implementing the tasks and
strategies on mPLMs possibly improve the zero-
shot transfer performance on multilingual NLI and
QA tasks. However, the improvement induced by
better task-specific abilities will be regarded as an
improvement in the cross-lingual ability of mPLMs
when using the zero-shot performance as an index.
(i) Almost all mPLMs are pre-trained with dif-
ferent amounts of data and vocabulary sizes on
each language, resulting in a large difference be-
tween their NLU abilities, which is ignored by ex-
isting studies (Pires et al., 2019; K et al., 2020)
on the effect of language similarity in cross-lingual
transfer. We notice that languages in the same lan-
guage family as English, such as de, es, fr, ru, are
four target languages with the highest resource in
Wikipedia (Wu and Dredze, 2020). Thus, even if
an equal amount of task knowledge is transferred
from English to all other languages, the above-
mentioned languages can still outperform others
in terms of the zero-shot transfer. In other words,
the effect of language similarity might be overesti-
mated.

4.5 Transfer Rate

To eliminate the effect of NLU ability, we propose
to use the translate-train-all performance as the
estimation of NLU ability for each language, so
the cross-lingual ability can be measured by the
ratio of the zero-shot transfer performance to the
translate-train performance. We refer to this index

as “transfer rate”, which measures the percentage
of knowledge transferred from a source language
to target languages.

We show the transfer rate of five languages of
the models and Pearson’s correlation coefficients
between the transfer rate and sentence retrieval re-
sults in Table 4. The detailed results containing all
languages can be found in the appendix. We can
see the transfer rate scores better demonstrate the
cross-lingual ability of models than the zero-shot
scores by showing a stronger correlation with the
sentence alignment ability of the models. LaBSE
gets a higher average transfer rate than XLM-R,
which suggests the cross-lingual pre-training ob-
jective could be an important step for mPLMs to
obtain good cross-lingual ability.

Additionally, we notice that some multilingual
datasets do not contain any training set for lan-
guages other than English, while an estimation of
mPLMs’ NLU ability on other languages is needed
in the calculation of transfer rate. We hope that
the research community can see the necessity of
providing training sets for all languages when cre-
ating new multilingual datasets for cross-lingual
evaluations.

5 Conclusion

In this work, we revisit two widely-used evaluation
protocols of the cross-lingual ability of mPLMs,
cross-lingual sentence retrieval and zero-shot cross-
lingual transfer and find that the evaluations are not
only about cross-lingual. Specifically, we observe
that (i) better monolingual sentence embeddings
can substantially boost the performance of mod-
els on sentence retrieval, which the current evalua-
tion setups have ignored. (ii) the zero-shot transfer
performance largely depends on the task-specific
abilities of mPLMs, so the larger model with better
NLU ability (XLM-R) can significantly outperform
the model with better ability of cross-lingual align-
ment (LaBSE) on XNLI. Towards a better eval-
uation in the cross-lingual research, we propose
two new indexes of cross-lingual ability: (i) Cal-
ibrated sentence retrieval performance, which is
the performance of models after fine-tuning on the
sentence embeddings objective. (ii) Transfer rate,
which measures the percentage of task knowledge
transferred from a source to target languages. We
hope this study will enlighten future analyses on
the cross-lingual ability and help the development
of new mPLMs with better cross-lingual ability.
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A Appendix

A.1 All Language Results

Sentence Retrieval The full results of mBERT,
XLM-Rpase, XLM-R, LaBSE under three different
evaluation setups on CLSR, STS, and NER are
shown in Table 5, Table 6, and Table 7 respectively.

Zero-shot Cross-lingual Transfer The 14 lan-
guages’ results of calibrated sentence retrieval on
Taoteba, zero-shot transfer, translate-train-all, trans-
fer rate on XNLI can be found in Table 8. The Pear-
son’s correlation coefficients between the zero-shot
transfer performance and the translate-train-all, the
calibrated sentence retrieval performance, and the
Pearson’s correlation coefficients between the trans-
fer rate and the calibrated sentence retrieval perfor-
mance can be seen at the bottom of the table. Ad-
ditionally, the zero-shot transfer and translate-train-
all performance of LaBSE of 15 XNLI languages
on XNLI is shown in Table 9.

A.2 Hyperparameters

Question Answering Fine-tuning We fine-tune
all models with a learning rate of 3e-5 and a batch
size of 12 for 2 epochs.

Sentence Embedding Fine-tuning The hyperpa-
rameters for sentence embedding fine-tuning can
be found in Table 10.

NER We search for the best learning rate out
of [Se-6, le-5, 2e-5] and batch size out of [32,
128]. We train all models for 10 epochs and run
validation on the English validation set every 300
training steps.

XNLI We search for the best learning rate out
of [Se-6, 1e-5, 2e-5] and batch size out of [16, 32,
128]. We run validation when every 5% of training
data is processed and pick the checkpoint with the
best average performance across all languages on
validation sets. We fine-tune each model for 10
epochs with five different seeds and report the mean
performance on test sets across the five seeds.
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No Fine-tuning

Lang. af ar bg bn de el es et eu fa fi fr he hi hu id it ja

mBERT 389 245 488 17.0 754 298 64.1 28.1 255 412 390 643 40.1 348 369 535 573 409
XLM-Rpgse | 552 36.8 67.6 293 899 537 740 493 335 680 667 741 539 542 616 708 682 572
XLM-R 385 248 37.1 221 725 351 534 251 194 482 466 57.6 303 337 505 49.6 49.6 45.1
LaBSE 970 893 956 913 992 968 981 979 959 964 969 959 923 976 969 955 951 964

Lang. jv ka kk ko ml mr nl pt ru SW ta te th tl tr ur vi zh

mBERT 176 196 27.1 360 179 20.1 637 684 594 108 134 14.1 137 160 329 30.8 61.0 68.6
XLM-Rpase | 15.1 414 403 51.6 566 46.0 795 80.6 725 187 257 325 383 312 61.1 366 684 60.7
XLM-R 112 11.1 259 421 224 274 66.1 594 514 108 114 269 250 9.7 457 18.1 39.7 388
LaBSE 873 954 90.1 942 99.0 954 97.1 956 950 90.8 902 98.7 973 97.8 98.0 959 972 96.6

Question Answering Fine-tuning

Lang. af ar bg bn de el es et eu fa fi fr he hi hu id it ja

mBERT 494 332 573 207 829 294 737 322 308 493 417 709 455 374 462 548 672 49.0
XLM-Rpgse | 74.8 626 83.1 59.0 96.6 76.6 90.0 679 53.1 86.1 852 87.0 755 847 823 89.0 80.8 80.3
XLM-R 80.0 77.7 89.6 76.1 974 848 949 721 595 923 900 918 847 940 87.8 92.8 875 899
LaBSE 96.8 90.1 951 912 992 964 979 969 947 96.1 96.6 960 920 981 963 959 953 965

Lang. jv ka kk ko ml mr nl pt ru SW ta te th tl tr ur vi zh

mBERT 16.6 22.1 31.7 448 215 216 702 76.1 664 149 205 244 146 165 378 372 657 79.1
XLM-Rpgse | 29.8 654 58.6 769 795 751 90.7 905 879 349 534 70.1 799 537 81.6 705 89.7 8.1
XLM-R 341 794 699 86.1 927 842 950 933 909 354 805 885 91.8 619 912 843 940 93.0
LaBSE 839 953 894 938 985 952 974 963 948 882 915 974 965 969 98.0 958 98.0 96.6

Sentence Embedding Fine-tuning

Lang. af ar bg bn de el es et eu fa fi fr he hi hu id it ja

mBERT 412 31.1 507 204 76.8 315 669 325 310 456 426 66.0 422 408 422 559 632 446
XLM-Rpyse | 63.9 532 77.1 46.8 91.7 693 81.1 574 463 795 774 802 692 743 727 827 76.0 68.7
XLM-R 778 692 852 658 96.6 785 90.7 729 574 88.6 88.0 889 795 91.0 856 90.6 829 863
LaBSE 97.0 894 91.1 90.8 994 964 98.1 982 950 958 974 951 926 977 964 955 952 957

Lang. jv ka kk ko ml mr nl pt ru SW ta te th tl tr ur vi zh

mBERT 17.6 228 30.8 380 23.0 268 645 708 600 133 212 226 151 187 347 341 613 70.0
XLM-Rpyse | 26.8 564 523 672 753 653 855 845 805 272 505 632 688 467 708 567 812 747
XLM-R 288 737 659 81.6 885 780 920 908 885 303 580 722 772 59.6 895 622 925 910
LaBSE 854 946 91.0 927 988 950 974 959 953 882 90.6 97.0 965 97.1 975 958 97.7 96.0

Table 5: Full CLSR results of all models on 36 language-pairs under three evaluation setups.

\ No Fine-tuning \ Question Answering Fine-tuning \ Sentence Embedding Fine-tuning
Model | AR-AR EN-EN ES-ES | AR-AR EN-EN ES-ES | AR-AR EN-EN ES-ES
mBERT 49.28 49.44 53.53 49.85 57.24 66.05 58.23 76.28 78.28
XLM-Rgyse 40.14 58.10 62.86 41.94 60.66 66.62 53.37 68.48 72.47
XLM-R 49.57 57.23 50.99 53.33 71.30 72.76 61.47 77.34 80.47
LaBSE 72.62 77.68 82.54 62.34 70.13 75.46 78.70 87.37 85.45

Table 6: The STS-2017 results of four models under three evaluation setups. All results are reported in Spearman’s
correlation coefficient x 100.
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No Fine-tuning

Lang. ar he vi id jv ms tl eu ml ta te af nl en de el bn hi mr ur

mBERT 452 553 68.1 585 623 679 71.1 599 572 529 506 775 826 834 79.0 721 685 650 564 31.0
XLM-Rpyse | 47.0 532 673 49.0 595 557 724 589 62.1 562 483 758 809 827 746 748 704 69.1 626 56.8
XLM-R 53.0 568 79.1 543 619 69.0 743 68.6 64.1 618 547 786 844 841 800 794 799 734 652 558
LaBSE 446 567 685 49.1 66.7 699 751 636 669 564 534 767 814 833 768 71.8 736 685 547 549
Lang. fa fr it pt es bg ru ja ka ko th SW yo  my zh kk tr et fi hu

mBERT 438 81.0 80.7 79.1 733 77.6 653 29.0 678 612 06 70.8 492 505 454 49.1 744 774 782 76.0
XLM-Rpyse | 51.1 77.0 78.6 78.0 735 775 648 205 668 515 39 693 33.8 498 284 40.8 742 721 760 76.8
XLM-R 673 80.8 81.8 829 763 827 719 185 710 59.6 23 692 43.0 533 288 548 825 812 810 819
LaBSE 482 779 79.7 781 709 788 658 247 686 568 23 756 753 61.1 278 500 76.7 748 77.0 773

Question Answering Fine-tuning

Lang. ar he vi id jv ms tl eu ml ta te af nl en de el bn hi mr ur

mBERT 494 553 712 61.7 568 682 726 619 557 500 492 77.1 821 836 780 662 68.1 656 545 36.0
XLM-Rpase | 53.5 49.7 693 46.0 578 63.1 700 534 580 547 457 755 78.6 808 726 727 685 655 59.7 612
XLM-R 531 567 774 534 610 688 758 579 636 607 538 765 848 847 785 787 723 705 635 54.6
LaBSE 472 573 717 512 646 702 739 644 679 550 517 763 814 828 77.1 701 745 69.0 53.6 522
Lang. fa fr it pt es bg ru ja ka ko th sW yo my zh kk tr et fi hu

mBERT 427 717 80.6 77.0 668 763 644 293 638 576 0.1 67.1 47.1 432 43.1 442 697 771 774 743
XLM-Rpase | 49.0 749 768 76.1 700 753 58.6 169 632 484 10 676 498 513 216 381 715 68.8 742 752
XLM-R 634 80.1 815 821 769 812 713 212 69.1 588 44 670 349 538 303 503 787 777 785 804
LaBSE 51.0 782 79.0 774 70.1 787 67.6 292 676 542 33 741 742 589 344 468 755 749 765 774

Sentence Embedding Fine-tuning

Lang. ar he vi id jv ms tl eu ml ta te af nl en de el bn hi mr ur

mBERT 473 555 694 589 649 676 730 575 56.1 509 503 752 81.8 838 781 69.6 69.7 653 56.7 334
XLM-Rpyse | 55.7 499 67.8 472 524 51.1 69.8 536 60.7 537 469 748 79.2 818 716 70.5 652 644 559 55.1
XLM-R 536 59.6 770 540 60.6 70.7 76.0 63.7 641 600 514 765 836 848 795 79.0 79.8 723 663 69.8
LaBSE 46.1 564 70.8 469 656 657 740 586 645 548 507 752 80.1 81.8 759 728 70.0 66.1 532 64.6
Lang. fa fr it pt es bg ru ja ka ko th sW yo my zh kk tr et fi hu

mBERT 404 792 809 783 703 781 655 276 663 591 04 675 49.6 494 423 46.6 736 759 763 748
XLM-Rpyse | 443 760 755 774 730 767 602 138 615 471 34 655 432 484 189 387 744 69.1 737 739
XLM-R 66.0 80.6 812 805 70.7 8.0 707 213 69.8 604 25 682 473 508 259 53.6 793 780 788 799
LaBSE 51.0 786 79.1 785 722 717 648 258 683 563 24 736 678 565 31.7 47.7 755 731 760 773

Table 7: Full NER results of all models on 40 languages under three evaluation setups.
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Model fr es de el bg ru tr ar vi th zh hi SW ur avg
Zero-shot Cross-lingual Transfer

mBERT 734 735 700 653 68.0 678 609 643 693 541 678 589 497 572 643
XLM-Rpase 79.7 80.7 787 775 79.6 78.1 742 738 765 746 7677 724 665 683 755
XLM-R 84.1 851 839 829 840 812 796 798 80.8 781 802 769 739 738 803
LaBSE 81.0 812 793 793 807 786 764 754 773 704 77.0 732 718 69.6 765
Calibrated Sentence Retrieval

mBERT 709 737 829 294 573 664 378 332 657 146 79.1 374 149 372 500
XLM-Rpase 87.0 900 96.6 766 831 879 8l1.6 626 897 799 87.1 847 349 705 794
XLM-R 91.8 949 974 848 89.6 909 912 777 940 918 93.0 940 354 843 865
LaBSE 96.0 979 99.2 964 951 948 980 90.1 980 965 96.6 98.1 882 958 958
Translate-Train-All

mBERT' 778 79.1 776 759 776 754 743 738 77.0 700 776 70.7 705 674 746
XLM-Rpase 814 822 803 804 813 797 786 773 797 779 80.2 76.1 73.1 73.0 787
XLM-R 85.1 86.6 857 853 859 835 832 831 837 815 837 816 780 781 832
LaBSE 819 829 819 815 824 80.8 785 781 80.8 751 802 763 747 721 79.1
Transfer Rate

mBERT 943 929 902 860 876 899 8.0 871 900 773 874 833 705 849 86.0
XLM-Rpase 979 982 98.0 964 979 980 944 955 960 958 956 951 91.0 93.6 96.0
XLM-R 98.8 983 979 972 978 972 957 960 965 958 958 942 947 945 965
LaBSE 989 979 968 973 979 973 973 965 957 937 960 959 96.1 96.5 96.7
Pearson’s Correlation Coefficient with the Zero-shot Transfer Performance

Calibrated Sentence Retrieval. 90.4 90.0 90.0 938 944 953 96.6 874 914 921 853 968 63.6 899
Translate-Train-All. 985 967 944 96.1 943 965 916 942 96.6 963 914 935 895 939
Pearson’s Correlation Coefficient with the Calibrated Sentence Retrieval Performance

Transfer Rate. 98.6 939 958 976 956 955 99.6 927 958 962 878 979 698 98.0 957

Table 8: The calibrated sentence retrieval results on Taoteba and zero-shot transfer, translate-train-all results on

XNLI, and Pearson’s correlation coefficients on 14 XNLI languages.

Task en fr es de el bg ru tr ar vi th zh hi sW ur avg
Zero-shot. 86.0 81.0 812 793 793 807 786 764 754 773 704 770 732 71.8 69.6 772
Translate-train-all.  86.1 819 829 819 815 824 808 785 781 80.8 751 802 763 747 72.1 1795
Table 9: Full zero-shot transfer and translate-train-all results of LaBSE.

Model \ Learning Rate  Batch Size  Warmup Proportion ~ #Epochs (AIINLI)  #Epochs (STSb)

mBERT 2e-5 128 0.1 1 10

XLM-Rgase 2e-5 128 0.1 1 5

XLM-R Se-6 64 0.1 1 5

LaBSE 2e-5 128 0.1 1 10

Table 10: Hyperparameters for the Sentence-BERT fine-tuning approach.
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