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Abstract

In this work, we analyze a pre-trained mT5 to discover the attributes of cross-lingual
connections learned by this model. Through a statistical interpretation framework
over 90 language pairs across three tasks, we show that transfer performance can
be modeled by a few linguistic and data-derived features. These observations
enable us to interpret cross-lingual understanding of the mT5 model. Through
these observations, one can favorably choose the best source language for a task,
and can anticipate its training data demands. A key finding of this work is that
similarity of syntax, morphology and phonology are good predictors of cross-
lingual transfer, significantly more than just the lexical similarity of languages. For
a given language, we are able to predict zero-shot performance, that increases on a
logarithmic scale with the number of few-shot target language data points.

1 Introduction

Multi-lingual language models (LM), such as mBERT [DCLT19], XLM-R [CKG+20], mT5
[XCR+20], mBART [LGG+20], have been remarkably successful in enabling natural language
tasks in low-resource languages through cross-lingual transfer from high-resource languages. LM
based pre-training and fine-tuning, combined with transfer learning resulted in state-of-art perfor-
mance across various tasks [PSG19, LRF19].

In a typical cross-lingual transfer scenario, a single multi-lingual language model is pre-trained
with large quantities of (unannotated) text from multiple languages. It is then fine-tuned for a given
natural language understanding task using human-labeled examples of that task in a source language.
Cross-lingual transfer occurs when this fine-tuned model can effectively perform this task on another
language – the target language – without human-labeled data (called zero-shot transfer), or with only
a few human-labeled examples in the target language (called few-shot transfer).

Recently, a line of work by [HNA+17, KMH+20] has analyzed the scaling effects of parameters,
corpus size and number of training steps on pre-training loss in language models [DCLT19]. [Hut21]
extended this analysis to the out-of-distribution transfer setting and showed that the effective amount
of data transferred from the training distribution to the target distribution follows a power law of
the number of parameters and the amount of training data. Similarly, [XAX+20] showed that the
performance of a wide range of language tasks could be predicted with relatively good accuracy.
Their approach consists of parameterizing the experimental setting with both data-driven features,
and linguistic features fed to a gradient-boosting model [Fri01] to predict downstream performance.
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Probing studies from [PSG19] and [XCR+20] suggest that large multi-lingual language models
exhibit zero-shot transfer ability and can deliver state-of-art performance for low-resource languages.
[KWMR20] have suggested that “structural similarity” between the source and target languages is
one of the most important factors regardless of the lexical overlap or word frequency similarity. Along
similar lines, [LRVG20] introduce a meta-regression framework and use it to predict cross-lingual
task performance. [LCL+19] combined multiple features into a gradient-boosting model to predict
zero-shot cross-lingual transfer performance. Finally, [dVWN22] combined multiple typological
features in a single regression model to predict the cross-lingual transfer performance of XLM-R
[CKG+20] in POS tagging. Our work extends their findings by presenting an interpretable statistical
framework to explain zero-shot and few-shot cross-lingual transfer. We do it across three tasks and
90 language pairs. While language similarity is a critical factor in effective cross-lingual transfer,
we show that corpora size or language model performance in pre-trained models plays an equally
important role.

In our work, we try to better understand how multi-lingual pre-trained language models, such as
mT5 [XCR+20], transfer any linguistic and semantic knowledge across languages. There are no
explicit cross-lingual signals provided to the model during pre-training. Rather, unannotated texts
from each language are presented to the model separately and independently of one another, and the
model appears to implicitly learn cross-lingual connections. The fact that this model exhibits cross-
lingual transfer may suggest that it is somehow aligning its learned “semantic spaces” of different
languages [LRF19, MESS21]. But, are the cross-lingual connections between every language pair
equally strong? What properties of the source and the target language impact cross-lingual transfer
performance? Can we quantify the impact of those properties on the cross-lingual transfer? These
are some of the key questions regarding effectiveness of cross-lingual transfer that naturally follow,
and are the central theme of this work.

We posit that transfer between some languages is more dominant than others, based on the premise
that not all language pairs are born equal [WD20]. As highlighted by [Rud20], designing an NLP
system by mirroring what has been done on some high-resource languages (e.g., English) can lead
to poor assumptions (e.g., ignoring the rich morphological connections between certain languages).
This approach is sub-optimal as it ignores specific properties of, say, Swahili or Arabic that could
potentially see larger transfer benefits from “non-traditional” source languages.

Our contributions are three-fold: First, we establish an interpretable statistical framework to enable
introspection into cross-lingual transfer in mT5. Next, using the above framework, we assess the
impact of various factors on cross-lingual transfer. Finally, we derive linear connections between
language similarity features, language model performance and number of target training samples for
transfer learning. A key finding of this work is that syntactic similarity, morphological similarity and
phonological similarity are good predictors of cross-lingual transfer, significantly more so than just
lexical similarity of language pairs. For a given {source, target} language pair, we have the ability to
predict zero-shot performance on the target language (for a given task), that is shown to increase on a
logarithmic scale with the number of few-shot target language data points.

2 Analysis Framework

We start by first establishing an empirical framework to enable our analysis of cross-lingual transfer.
One of the things we want to understand is how the “strength” of cross-lingual transfer for a given
language pair can be linked to a characteristic (or combination of characteristics) of that language
pair. In other words, can we ascertain if certain language pair characteristics will lead to a better
cross-lingual transfer in mT5. There is no universally agreed upon methodology for such a study, and
a theoretical model of transfer learning across languages is not obvious.

For our analysis framework we draw inspiration from transfer learning literature [MMR09, PY09,
DL13] as our starting point. We analyze a pre-trained mT5 for pairs of languages (source language
(S) and target language (T )) through observations of its performance (ST ) in the target language
on NLP tasks (e.g., NER, question answering, etc.), after fine-tuning it for the tasks using source
language training data (DS), optionally fine-tuning with target language training data (DT ), and
evaluating the task on target language test data. As such, cross lingual transfer can be captured
through the function f :

ST = f(nT , nS , SS , DS , DT ,A) (1)
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where, (SS) is the performance on the source distribution, (nS) is the number of samples used for
fine-tuning on the source distribution, (nT ) is the number of samples used for fine-tuning on the
target distribution, and (A) is the learning algorithm with specific hyperparameter choices. Note that
when nT = 0, it is zero-shot transfer, while 0 < nT � nS it is few-shot transfer.

Since the data distribution for NLP tasks along with algorithmic complexity is hard to measure and
observe, we make some reasonable simplifying assumptions to study cross-lingual transfer. We
assume nS to be constant and much larger than nT (i.e. nT � nS ), and we assume that we observe
the performance of the model on the source distribution SS so we discard nS from equation 1. We
utilize a measurable language similarity metric (LS(T ,S)) and a language model performance metric
(LM ) instead ofDS , DT andA respectively in equation 1. With this, we can update our cross-lingual
transfer equation 1 to:

ST = f(nT , SS , LS(T ,S), LM) (2)

where function f captures the relationship between various language features and target language
performance. If we are able to observe and measure the inputs and outputs of equation 2, then
this can provide us with insights into the factors that enable cross-lingual transfer in mT5. We
search for an optimal combination of linguistic and/or data-driven features (the inputs to f ) that can
accurately estimate target language performance (the output from f ) for any given language pair. The
implication is that features that are good predictors of target language performance are important for
cross-lingual transfer. In our experimentation framework, we consider several reasonable possibilities
for LS(T ,S) and modeling LM .

2.1 Language Similarity

Similarity of languages (LS(T ,S)) can be assessed in many different ways. A historical linguistic
approach [Hoc09] defines language relatedness through common parent or ancestor languages. In a
typological approach [DeL83], language similarity is viewed through similarities in phonological,
morphological and syntactic properties of languages. Additionally, similarity between languages can
be measured through statistical means, using large corpora via tokens and character sequence overlaps.
Here, we are able to use some aspects of all of these similarity measures for model introspection.
We model language similarity through their lexical, morphological, phonological, and syntactic
properties, which enables us to assess the impact of these on cross-lingual transfer.

Lexical: We define lexical language similarity by first computing the distribution of character
n-grams for each source and target languages1. To capture the similarities of the dataset that are
involved in each experiment, we compute those distributions using the training dataset of each task.
We then compute a normalized Jensen-Shanon divergence (JSD) of the source distribution against
the target distribution2.

LEX(T ,S) = 1− JSD(XS , XT )

maxT ,SJSD(XS , XT )

with XL defining the character 3-gram frequency distribution of the language L. We also define
the vocabulary size ratio (Vr) between the source and target languages by dividing the vocabulary
length of the target language by the vocabulary length of the source language. Finally, we measure
the SENTLEN ratio by dividing the average sentence length of the target language with the average
sentence length of the source language.

Morphological: Following [XAX+20], we use the Type-Token-Ratio (TTR) as a measure of how
morphologically-rich a language is. Based on this metric, we derive a Type-Token-Ratio similarity
with:

MORPH(T ,S) =
1

K

TTRT
TTRS

where K, a normalization constant, is defined as K = max(T ,S)
TTRT
TTRS

.

1We note that n-grams level lexical similarity is only a proxy of lexical similarity defined as the word-level
vocabulary overlap. To avoid relying on imperfect tokenization, we define it using character level 3-grams.

2Note that Jensen-Shanon divergence is a symmetric and smoothed version of the Kullback–Leibler diver-
gence.
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Phonological and Syntactic: We extract syntactic and phonological features from the World Atlas
of Language Structures (WALS) database3. For each type of property, we compute the intersection
over union of the list of properties of the source language with the list of properties of the target
language. We refer to those metrics as PHONO for phonological similarity and as SYNT for syntactic
similarity. For instance, for a given source language with the properties GENITIVE-NOUN-ORDER
and SUBJECT-OBJECT-VERB ORDER (e.g. Japanese) and a target language which has also the
property GENITIVE-NOUN-ORDER but a SUBJECT-VERB-OBJECT ORDER structure (e.g. French),
SYNT would equal 1

3 (1 shared property out of a union of 3 properties).

Embedding Driven: Multilingual language models capture rich information about language simi-
larities. [LRF19] showed that language families can be retrieved from embedding representations
computed with mBERT. [MESS21] showed that the centered kernel alignment (CKA) [KNLH19]
of the hidden representations across languages correlates strongly with downstream zero-shot cross-
lingual performance. Finally, [RBE20] showed that a cosine-based embedding driven metric based
on mBERT can be statistically explained by genetic and typological signals.

Using those insights, we define an embedding-based language similarity. (a) We compute a language
centroid vector by average-pooling the hidden states of the mT5 encoder across a large sample of
sentences in a given language. (b) Then, based on these language centroid vectors, we compute a
language similarity metric as:

EMB(T ,S) = cos(ēs, ēt)

with ēl = 1
k

∑
i ei,l and (ei,l)i, k sentence embedding vectors in the language l.

2.2 Language Modeling

The LM term in equation (2) refers to performance of mT5 as a language model before any task-
specific fine-tuning is done. We define two metrics related to the pre-training mechanism and analyze
their relationship with downstream task-specific performance. First, we adapt the language model
score defined by [SLNK20] to the denoising objective used to pre-train T5. We compute the output
log-likelihood of the model on span-masked sentences. Formally, for a collection of sentences
X = x1, . . . , x|X| with xs = (x1, . . . , x|x|) in the language L, we define the language model
performance as:

LML(L) =
1

|X|
∑
x

∑
i∈s

log(p(xi|x \ xi))

For our second approach, we define an Exact-Match accuracy metric as follows:

LMEM(L) =
1

|X|
∑
x,s

∏
i∈s

1(x̂i = xi)

with x̂i is the greedy-decoded model prediction of a sequence x after masking spans indexed by s.
LMEM(L) simply captures how accurate the span predictions of the model are when feeding it
masked sentences. We follow strictly the pre-training span masking procedure defined in [XCR+20].
We estimate both these statistics on the training dataset of each task.

3 Experiments

Based our framework made of equation 2 and the features presented in the previous section, we
now present our experiments. We start by presenting a bi-variate analysis between each feature
and the cross-lingual transfer performance. Then, we present a meta-regression that combines the
multivariate effect of the features on the cross-lingual transfer performance.

As mentioned before, we focus on the mT5 framework, a multi-lingual adaptation of T5 [RSR+19].
T5, Text-To-Text Transfer Transformer, formulates any NLP tasks as sequence generation. If the task
is a classification or regression, we generate the label token by token as if it were natural language.

3The WALS is a database of linguistic properties collected for a large number of languages https:
//wals.info/. We extract them using the lang2vec python package from [LML+17]
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Task LML(S) LML(T ) LMEM(S) LMEM(T ) SYNTAX PHONO MORPH LEX EMB Vr SENTLEN

QA 6.6 7.3* -15.4* -18.1* 38.4* 29.6* -40.7* 19.3* 8.9* -40.7* 3.4
NER 22.1* 1.3 1.3 6.6 2.4 14.7* -2.4 23.6* 16.2* -2.4 -27.1*
XNLI 6.5 23.9* -26.5* 4.1 -0.1 0.1 10.8* -6.3 1.3 10.8* -12.4*

Table 1: Pearson correlation between the features introduced and the cross-lingual transfer perfor-
mance in the zero-shot setting - measured as ST − SS - for XNLI, QA and NER across source
languages (S) and target languages (T ) (* indicates statistical significance).

In a nutshell, the T5 framework abstracts away the output feature engineering from meaningless
indexes to meaningful language tokens. Its architecture is a Transformer [VSP+17] encoder-decoder,
pre-trained with a span-masking objective closely inspired by the BERT model [DCLT19]. We run
our cross-lingual analysis on the base version of mT5.

Our analysis is conducted on Arabic, Bengali, English, Finnish, Indonesian, Russian, Swahili,
Spanish, German, Hindi. Not all languages have training data for all the three tasks we work with
but each task gets at least 7 languages. We report the detailed list of the languages used for each
task in the Appendix in Table 4. Each language is used both as a source language (S) and as a target
language (T ) leading to up to 90 language pairs.4

Additionally, we focus on three tasks: Natural Language Inference (NLI), Name-Entity Recognition
(NER), and Question Answering (QA). For NLI, we use the XNLI dataset [CRL+18], for NER the
PANX dataset [GL17] and for QA the TyDiQA (for Typologically Diverse Question-Answering)
dataset [CCC+20].

We report the standard evaluation score for each task: for XNLI we report the accuracy, for NER
the F1 score and for QA the exact-match of the predicted answers with the gold answers. To allow
comparison across languages, for each task, we control for the number of training samples in the
source languages (100k samples for XNLI, 10k for NER, and 2.2k for QA for each source language).
For the target language, we run experiments with n ∈ {0, 10, 30, 50, 100, 250} for all three tasks and
include n ∈ {500, 750, 1000} for NER and XNLI.

3.1 Bivariate Correlation Analysis

We start this study with bi-variate correlation analysis over predictors introduced in section 2.1. We
report in Table 1 the Pearson correlation of each predictors with cross-lingual transfer performance
for each task. We indicate with ∗ statistically significant results.5 Among others, we find that LEX,
PHONO and EMB have significant correlation for QA and NER. For XNLI, we find that LML(T ) and
MORPH are correlated significantly with cross-lingual transfer. This suggests that those predictors
are good candidates to be used in a predictive regression model.

Overall, the correlations have similar trends across tasks (correlation signs are the same across tasks
in most cases) but with significant differences in strengths. We observe a few key differences for
some features. For instance, the syntactic similarity correlates strongly with cross-lingual transfer

4Having access to many more languages for XNLI than for the other tasks, we extend our zero-shot cross-
lingual transfer experiment to 7 extra languages, namely (Bulgarian, Greek, French, Turkish, Urdu, Vietnamese,
and Chinese).

5We run a two-tailed statistical significance test on the Pearson correlation and consider correlation to be
significant when the p-value ≤ 5%

Transformation of n QA NER XNLI

n 67.3 58.1 14.2
log(n) 83.9 69.0 14.8
log2(n) 76.9 67.8 18.0

Table 2: Pearson Correlation between ST and various transformation of the number of sam-
ples in the target language n used for fine-tuning mT5 for XNLI, QA and NER. (with n ∈
{0, 10, 30, 50, 100, 250, 500, 750, 1000}).
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Figure 1: Zero-shot vs. N-shot Cross-Lingual Transfer for QA when transferring to Finnish from
Russian, Indonesian, Bengali and English.

for Question Answering but does not with NER and XNLI. These results suggest that a multivariate
linear model should be task-specific6.

Still, we note that despite the observed correlations, each of these metrics provides an incomplete
view of the relationship between language distance and cross-lingual transfer. Indeed, the correlation
is never close to 1 which means that none of these features alone is informative enough to predict
cross-lingual transfer performance.

For instance, character level 3-grams is only limited to languages that share the same script. Languages
with different script have very high lexical divergence. We note that the divergence is never undefined
(infinite) even between languages written in different scripts. This is due to the numbers and residual
Latin tokens used in the Arabic, Russian and Korean datasets.

For instance, the divergence between Swahili and Arabic is very close to the one from Swahili to
Hindi but Arabic leads to a much better transfer. Additionally, in some cases our language similarity
metrics fail to explain cross-lingual transfer. For instance, for QA, the embedding-based similarity
between Indonesian and Swahili is significantly higher than the one between Finnish and Swahili.
Still, the transfer to Swahili is better when the source is Finnish.

We run the same analysis with language model performance measured with log-likelihood and
exact-match accuracy (cf. Section 2.2). Language model performance exhibits strong correlation, but
surprisingly, the correlation is counter-intuitive. For instance, for QA, the higher the language model
accuracy on the target language the lower the cross-lingual transfer.

To gain more insights into f , from Equation (2) in Section 2, we analyze the bivariate relationship
between the target performance ST and the number of samples n in the target language. As illustrated
in Figure 1 with the n-shot cross-lingual performance from various languages to Finnish for Question
Answering, there is a strong linear relationship between the log of the number of samples in the
target language and downstream accuracy. We report in Table 2, the Pearson correlation between
transformation of the number of samples with downstream performance in the target language for the
three tasks. We find that downstream n-shot cross-lingual transfer performance correlates strongly
with log(n) and the most for two of the three tasks. However, for XNLI, we note that log2(n) is
a stronger predictor and that the absolute correlation is weaker than for the two other tasks. We
explain this by the fact that the absolute performance of XNLI in the few-shot setting increases only
moderately compared to the zero-shot setting.

In summary, we introduced several predictors that, overall, correlate linearly and strongly with
cross-lingual performance. In the following sections, we show that these predictors can be combined
linearly to predict cross-lingual transfer reasonably well.

6We note that our results extend previous findings from [PSG19].
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3.2 Meta-Regression of Cross-Lingual Performance

The bivariate analysis in the prior section principally motivates us to hypothesize that cross-lingual
transfer has two components to itself. A source-target similarity component that dominates the
zero-shot learning of a target language. While the logarithmic relation in number of target samples
governs n-shot learning.

In consequence, we simplify f as follows:

ST = ST (0) + α log(n+ 1)

with:
ST (0) = f0(SS , T, S, LM, T )

α = f1(SS , T, S, LM, T )

Note that ST (0) corresponds to the performance of the model in the zero-shot setting. While α
is a function of source-target language, algorithm and task difficulty that governs the slope of the
performance curve. As such, we will break our analysis into two separate components and study
them as such.

Feature Selection: While we study an array of diverse feature transformation and combination,
however, we do filter out most of them. To keep only the most simple and relevant features, we
use a Lasso Regression [Tib96]. We run feature selection with recursive feature elimination using
the absolute value of each coefficient. We start with all the features, we fit the regression and we
iteratively remove the feature with the smallest coefficient.

Evaluation: Following [XAX+20] we fit our meta-regression model with l-folds cross-validation
and define each fold so that they include only the observations for a single target language. We
fit the model on the concatenation of l − 1 language-folds and we evaluate on the lth fold. We
report the average l-cross-validation score, which corresponds to the average computed on all the
target languages. We evaluate the performance of the regression using the Root Mean Squared Error
(RMSE), a standard metric to evaluate a regression model.

Additionally, for a given language and a number of annotated samples, we predict which source
language leads to the best performance according to our regression. We do by solving argmax over
all possible language pair for the Equation 2. We then measure the accuracy of the prediction by
comparing it to the actual best source language. We denote this accuracy metric Asrc.

3.2.1 Zero-Shot Transfer Meta-Regression

We find that for the three tasks, the zero-shot cross-lingual transfer can be effectively modeled with a
linear combination of afore mentioned features. We summarize in Table 3a the performance of the
regression. Note, a simple model with most relevant features is able to explain a lot of the variance in
the QA performance for zero-shot transfer with RMSE as low as 5.48. Additionally, our model can
be used to predict the best source language with a relatively good accuracy. For instance, on QA, the
model can predict the correct source language in 64% of the cases.

We present in Figure 2 the final linear relationships between the cross-lingual performance and the
selected predictors after recursive feature elimination for the three tasks. For interpretation purposes,
we report the coefficients of the regression fitted on all the language-folds. We find that few features
such as syntactic, morphological and lexical similarity are strong predictors of transfer learning
performance. Surprisingly, despite the strong bivariate relationship, the language centroid similarity
does not offer helpful signals in the presence of other features. Additionally, we find that language
model performance as measured with the exact match accuracy is a useful predictor of task-specific
performance.

For all the three tasks, the language model performance on the target language has a significant and
positive coefficient. This suggests that a better language modeling of the target language leads to
better task-specific prediction.

From the equations in Figure 2, we discover the following relationships between predictors and
performance on the target language.
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Task RMSE Top-1 Source
Prediction Accuracy

QA 5.48 64.3%
NER 9.80 50.0%
XNLI 4.26 16.4%.

(a) Zero-shot meta-regression fit measured with RMSE
and Asrc top-1 source language prediction accuracy.

Task RMSE

SQUAD 5.69
NER 7.60
XNLI 8.13

(b) n-shot meta-regression RMSE
of f1 for each task.

Table 3: Meta-regression results in zero-shot and n-shot settings. The Root Mean-Square-Error
(RMSE) corresponds to an average error of our regression in absolute points.

(QA) ST (0) = −65.38+0.62 SS+56.49 Syn+156.4Phono−29.73Morph+129.3LMEM(T )

(NER) ST (0) = −42.8 + 1.07 SS + 14.63 Syn + 68.22 LMEM(T ) + 4.09 Lex

(XNLI) ST (0) = 27.62+0.64 SS+10.12 Phono−1.2Morph+46.87 LMEM(T ) +1.2 Lex

Figure 2: Regression models after feature selection for the three tasks to predict zero-shot cross-
lingual transfer. All the coefficients are non-null (with a p-value ≤ 0.05). All the variables are scaled
between 0 and 1, allowing comparison across coefficients.

• For every 1% improvement in language modeling accuracy on the target language, we can
expect about 1.3% improvement in target language performance for QA, 0.7% for NER and
0.5% for XNLI.

• Every 10 points increase in syntactic similarity leads to a corresponding increase of around
5 points in downstream accuracy for QA, 1.4 for NER.

• For QA and XNLI, we find that downstream cross-lingual performance is strongly related to
phonological similarity: 10 points increase in language similarity can result in up to 15.6
points increase in cross-lingual performance in QA and 10 points in XNLI.

• Surprisingly, morphology has large negative effect on cross-lingual transfer for QA and
more moderate one for XNLI.

3.2.2 N-Shot Cross-Lingual Meta-Regression

For n-shot cross-lingual transfer performance prediction, we run the same feature selection for f1.
We found that the two main factors that are reliable predictors for each QA, NER and XNLI task
performance: (i) number of samples available for training target language and the (ii) the zero-shot
performance. We notice that the influence of the language similarity metrics and language model
performance usually dies out once more target language samples are available for training. These
results are consistent over all language pairs and tasks. We report the performance of the regression
for the n-shot setting in Figure 3b.

We enumerate here several observations from our experiments. For QA, we notice that an increase
in the number of data samples in the target language by a factor of 10 has a corresponding increase
in target language performance by an average of over 5%. The slope of this increase, however,
also depends on the zero-shot performance and language similarity. Observe that higher language
similarity equates to an increase in zero-shot performance, which in turn reduces the influence of
target language annotated data. For XNLI, we learn that the slope due to number of samples is pretty
low and consistent over languages. The slope is very highly dependent on the few shot accuracy For
NER, we find that a 10x increase in target training data has on average a 7% increase in the task
performance. The broad takeaway from these observations is that target language performance is
heavily predictable by training samples for all tasks.
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4 Conclusion and Future Work

In this work, we analyze a pre-trained mT5 to study the nature of cross-lingual transfer. Through
model interpretation experiments over multiple language pairs and tasks, we show that transfer
can be modeled statistically by a few linguistic and data-derived features. We show that syntax,
morphology, and phonology of languages are good predictors of cross-lingual transfer (significantly
better than lexical similarity of languages). We also demonstrate that language model performance is
an informative predictor of cross-lingual performance, providing an off-the-shelf metric to inform
cross-lingual transfer.

Since, reproducing these relations for all language pairs and all tasks is a huge drain of resources, a
natural future work for this line of research is to generalize these findings and relations over all tasks
instead of the 3 that we did. Similarly, we focused on mT5 only due to its simplicity of architecture,
an interesting follow-up would be to derive more general relations for other architectures like mBART,
mBERT etc. Additionally, we would like to better understand influence of multiple source languages
on each target language – i.e., is there a combination of several source languages that could enable
better cross-lingual transfer? Finally, we would like to leverage this knowledge to influence the mT5
pre-training methodology to better facilitate few and zero-shot transfer across tasks.
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A Reproducibility

A.1 Fine-tuning and Evaluation Data

For NER, we use the data from [GL17], for XNLI we use the data from [CRL+18] and for Question
Answering (QA), we use the TyDiQA dataset from [CCC+20]. All those datasets are downloaded
and pre-processed using the scripts from the XTREME benchmark [HRS+20] available at https:
//github.com/google-research/xtreme. We work with the languages listed in Table 4.

Available Data Train/Test
Languages (iso) XNLI TyDiQA NER

Arabic (AR) 1/1 1/1 1/1
Bengali (BN) ∅ 1/1 ∅
English (EN) 1/1 1/1 1/1
Finnish (FI) ∅ 1/1 1/1
Indonesian (ID) ∅ 1/1 1/1
Russian (RU) 1/1 1/1 1/1
Swahili (SW) 1/1 1/1 ∅/1
Spanish (ES) 1/1 ∅ 1/1
German (DE) 1/1 ∅ 1/1
Hindi (HI) 1/1 ∅ 1/1

Table 4: Annotated Data available per studied tasks for languages included in mT5 pretraining. The
selection was done starting on the TyDiQA languages and extended to have a better coverage across
all tasks. 1/1 means that data is available for both training and evaluation. ∅/1 means it is only
available for evaluation.

Each language is used both as a source language (fine-tuning) and as a target language (evaluation).

A.2 Implementation

Our experiments are based on the pre-trained Multilingual T5 models released by [XCR+20] and
available in the Transformers library [WDS+20] based on which the fine-tuning experiments have
been performed.

A.3 Sequence Prediction

With (m)T5, every NLP tasks is framed as a text generation task. For QA and XNLI, we follow
closely what has been introduced by [RSR+19]. For NER, we use the gold tokenization provided
in the dataset from [GL17] and we perform sequence labeling by generating the sequence of labels
along with the original input tokens as follows:

Input It was named for Williams College in Williamstown.
Output It : O | was : O | named : O | for : O | Williams : B-ORG | College : I-ORG

in : O | Williamstown : B-LOC | . : O

A.4 Hyperparameters

Params. QA Bounds
batch size 128 [1, 8192]
Optimizer Adam -
learning rate 3e-4 [1e-6,1e-3]
gradient clipping value 1.0 -
Max Sequence Length (token) 512 [1, 1024]

Table 5: Fine-tuning best hyper-parameters. Reported best epoch indicates the best selected epoch
when English is the source language in the zero-shot cross-lingual setting.
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We fine-tune mT5 using the same set of hyperparameters for each task. In contrast with the original
implementation from [RSR+19], we use the Adam Optimizer [KB14]. We report in Table 5 the set
of hyperparameters used.

As highlighted by [KLSB20], cross-lingual performance can be unstable from one run to another. To
tackle this instability, each experiment is ran on at least 4 different random seeds. Our analysis is
computed on the average of the successful runs.

B Absolute Performance and Prediction of mT5 in the Cross-Lingual
Setting

We report in Table 3-7 the zero-shot and few-shot (using n = 100 as number of samples in the target
language), for QA, NER and XNLI.

en ar ben fi id ru sw

en 60.8 44.2 18.1 48.2 55.4 31.2 43.8

ar 50.8 67.2 28.3 43.8 55.6 38.1 41.2

ben 36.3 31.2 66.8 33.1 32.0 28.2 36.6

fi 44.5 46.2 25.2 61.9 50.1 30.1 46.7

id 54.1 53.9 28.1 49.4 70.7 35.7 46.7

ru 49.7 40.5 28.6 43.8 45.6 58.0 39.5

sw 42.5 38.5 27.1 40.1 45.0 31.9 70.7

0.0 0.2 0.4 0.6 0.8 1.0
Target Language

0.0

0.2

0.4

0.6

0.8

1.0

So
ur

ce
 L

an
gu

ag
e

(a) Observed Performance: Coloring computed based
on the Cross-Lingual Gap which is equal to the
Cross-Lingual Performance on the target language
subtracted from the performance on the source language.
≥ 0 ≥ -5 ≥ -10 ≥ -15 ≥ -20 ≥ -25 ≤ -25

en ar ben fi id ru sw

en 38.5 37.4 41.2 39.9 40.1 39.5

ar 37.9 45.3 39.8 40.8 44.3 46.5

ben 26.0 27.0 26.8 27.7 27.1 27.8

fi 40.3 39.6 40.7 39.2 40.8 37.0

id 44.5 44.5 43.1 45.4 42.9 47.6

ru 33.2 37.6 38.5 34.7 32.6 32.7

sw 41.1 35.8 31.1 36.7 42.2 33.5

(b) Predicted Performance: Coloring computed based on
the Absolute Prediction Error (Absolute difference be-
tween prediction and observed performance) 0 ≤ 5

≤ 10 ≤ 15

≤ 20 ≤ 25 ≥ 25

Figure 3: Question Answering (QA) Zero-Shot (0 annotated samples from the target language
(n = 0)) Exact-Match Accuracy of mT5 base in the Cross-Lingual Setting.

en ar ben fi id ru sw

en 60.8 57.6 52.4 50.4 60.2 49.0 52.4

ar 54.0 67.2 52.2 49.3 61.6 50.9 53.5

ben 49.8 53.4 66.8 50.5 54.5 45.2 50.8

fi 51.9 57.2 52.2 61.8 57.7 50.8 51.4

id 55.0 60.1 54.2 50.9 70.7 52.0 56.4

ru 53.3 56.2 57.1 55.6 61.8 58.0 54.8

sw 48.9 47.9 49.8 43.4 57.5 46.4 70.7
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(a) Observed Performance: Coloring computed based
on the Cross-Lingual Gap which is equal to the
Cross-Lingual Performance on the target language
subtracted from the performance on the source language.
≥ 0 ≥ -5 ≥ -10 ≥ -15 ≥ -20 ≥ -25 ≤ -25

en ar ben fi id ru sw

en 55.2 28.4 59.8 66.4 41.5 54.9

ar 62.9 38.5 55.5 66.6 47.9 52.4

ben 48.4 42.5 45.0 43.6 38.7 48.0

fi 56.6 57.1 35.5 61.3 40.5 57.7

id 66.2 64.6 38.3 61.0 45.6 57.7

ru 61.8 51.6 38.8 55.5 56.8 50.8

sw 54.6 49.7 37.4 51.9 56.3 42.2
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(b) Predicted Performance: Coloring computed based
on the Absolute Prediction Error (Absolute difference
between prediction and observed performance)
≤ 5 ≤ 10 ≤ 15 ≤ 20 ≤ 25 ≥ 25

Figure 4: Question Answering (QA) Few-shot (100 annotated samples from the target language
(n = 100)) Exact-Match Accuracy of mT5 base in the Cross-Lingual Setting.
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en ar hi fi id ru es de sw

en 80.6 48.4 67.6 69.5 49.7 61.0 71.2 72.8 63.3

ar 55.7 86.2 66.2 69.7 46.4 44.2 70.2 67.0 55.5

hi 41.3 44.6 82.5 52.2 33.3 37.6 48.4 43.6 47.6

fi 56.9 40.8 62.9 87.2 54.8 49.8 78.0 72.2 63.3

id 60.2 45.7 62.0 72.8 90.3 54.0 77.8 70.1 65.4

ru 51.6 49.3 61.3 70.2 39.8 87.0 70.4 69.9 56.1

es 63.2 55.6 66.0 73.8 50.0 61.7 89.2 72.3 63.5

de 56.4 55.0 61.4 69.0 45.6 48.2 77.4 85.8 56.6
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(a) Observed Performance: Coloring computed based
on the Cross-Lingual Gap which is equal to the
Cross-Lingual Performance on the target language
subtracted from the performance on the source language.
≥ 0 ≥ -5 ≥ -10 ≥ -15 ≥ -20 ≥ -25 ≤ -25

en ar hi fi id ru es de sw

en 53.9 51.1 52.3 54.3 57.1 53.1 51.9 53.9

ar 58.6 57.6 57.3 60.0 61.6 58.0 57.0 63.3

hi 54.8 54.8 54.0 56.2 58.6 54.7 53.6 55.6

fi 59.6 60.7 58.6 60.9 62.3 58.8 57.8 59.8

id 62.9 63.2 62.1 61.0 64.9 61.6 60.7 63.4

ru 59.5 61.0 58.6 58.1 60.8 58.7 57.7 60.4

es 61.8 65.0 61.0 60.1 63.0 64.0 59.7 63.5

de 58.1 56.9 57.1 57.0 59.5 61.3 57.6 58.6

(b) Predicted Performance:Coloring computed based on
the Absolute Prediction Error (Absolute difference be-
tween prediction and observed performance)
≤ 5 ≤ 10 ≤ 15 ≤ 20 ≤ 25 ≥ 25

Figure 5: NER Zero-shot (0 annotated samples from the target language (n = 0)) F1 score of mT5
base in the Cross-Lingual Setting.

en ar hi fi id ru es de sw

en 80.6 69.9 69.8 75.6 82.1 71.8 81.3 78.8 81.6

ar 63.2 86.2 70.0 72.9 78.2 71.3 79.9 75.4 76.5

hi 59.4 67.1 82.5 62.4 70.2 60.0 71.1 67.8 64.6

fi 62.6 71.1 69.9 87.2 81.7 75.7 81.5 77.7 77.1

id 68.4 70.8 68.9 76.5 90.3 71.4 82.0 75.8 77.6

ru 59.6 72.0 68.4 74.8 75.0 87.1 78.6 73.9 75.3

es 66.9 74.7 71.2 78.4 83.4 74.6 89.2 77.4 80.4

de 64.5 70.8 66.5 75.6 77.3 71.5 79.7 85.8 72.4
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(a) Observed Performance: Coloring computed based
on the Cross-Lingual Gap which is equal to the
Cross-Lingual Performance on the target language
subtracted from the performance on the source language.
≥ 0 ≥ -5 ≥ -10 ≥ -15 ≥ -20 ≥ -25 ≤ -25

en ar hi fi id ru es de sw

en 57.5 72.7 79.7 55.7 64.9 81.0 80.9 69.4

ar 65.7 72.9 79.8 54.3 57.7 80.4 77.5 67.8

hi 62.2 55.8 71.3 48.7 54.8 67.6 63.8 66.2

fi 66.0 53.9 73.3 58.0 60.1 85.0 80.5 69.4

id 66.8 56.3 73.5 81.3 61.9 84.9 79.3 69.8

ru 64.7 58.0 73.5 80.1 51.5 80.6 79.2 67.9

es 67.5 61.0 72.9 81.8 55.9 65.2 80.6 69.4

de 65.8 60.7 73.5 79.5 54.0 59.4 84.7 68.1

Target Language
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(b) Predicted Performance: Coloring computed based
on the
Absolute Prediction Error (Absolute difference between
prediction and observed performance)
≤ 5 ≤ 10 ≤ 15 ≤ 20 ≤ 25 ≥ 25

Figure 6: NER Few-shot (100 annotated samples from the target language (n = 100)) F1 score of
mT5 base in the Cross-Lingual Setting.
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en ar hi ru sw es de

en 69.4 60.8 58.9 64.4 56.1 67.8 64.8

ar 58.1 58.7 53.4 59.6 58.4 61.5 59.7

hi 49.2 49.1 54.2 61.2 46.4 53.0 52.9

ru 55.5 59.6 51.0 61.6 49.0 50.1 60.5

sw 58.8 57.2 54.1 58.6 55.8 57.1 57.2

es 70.1 62.9 56.2 65.8 59.1 66.9 66.8

de 51.5 60.3 47.0 60.6 32.9 49.8 66.4
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(a) Observed Performance: Coloring computed based
on the Cross-Lingual Gap which is equal to the
Cross-Lingual Performance on the target language
subtracted from the performance on the source language.
≥ 0 ≥ -5 ≥ -10 ≥ -15 ≥ -20

≥ -25 ≤ -25

en ar hi ru sw es de

en 56.4 58.0 57.1 58.9 58.9 58.7

ar 55.4 56.7 55.8 57.0 57.5 55.3

hi 53.2 54.2 53.2 54.1 54.3 55.2

ru 57.1 56.9 58.0 56.6 57.0 58.0

sw 51.9 55.4 52.2 51.0 53.3 51.7

es 59.1 59.4 53.2 56.6 59.1 58.0

de 57.7 54.0 57.6 56.6 56.7 56.7
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(b) Predicted Performance: Coloring computed based
on the
Absolute Prediction Error (Absolute difference between
prediction and observed performance)
≤ 5 ≤ 10 ≤ 15 ≤ 20 ≤ 25 ≥ 25

Figure 7: XNLI Zero-shot (0 annotated samples from the target language (n = 0)) F1 score of mT5
base in the Cross-Lingual Setting.

en ar bg de el es fr hi ru sw tr ur vi zh
en 82.2 70.2 74.5 76.1 75.3 77.9 76.9 68.3 72.9 65.2 70.3 65.9 69.3 72.0
ar 72.8 67.3 67.8 70.0 69.5 70.5 70.4 64.5 68.8 63.1 62.2 61.3 66.1 65.9
bg 80.4 71.8 78.0 77.0 76.0 79.3 79.0 70.9 75.1 67.7 72.7 67.3 72.8 73.7
de 80.9 70.7 74.5 76.9 75.6 77.7 77.4 68.8 73.4 66.5 71.1 66.8 70.9 71.5
el 77.6 68.9 73.0 73.3 75.6 74.7 75.0 66.7 71.4 63.5 68.5 65.7 68.9 69.4
es 80.2 70.0 74.5 75.2 75.0 77.8 77.2 67.3 73.2 65.4 71.6 65.2 69.4 71.4
fr 79.6 68.8 73.8 74.2 74.5 77.2 77.6 68.6 72.7 65.3 70.6 66.1 70.1 71.2
hi 66.4 59.3 63.8 67.9 64.3 64.4 62.3 67.9 62.4 58.5 65.8 65.1 64.4 64.0
ru 79.8 72.9 75.8 76.0 75.6 77.5 77.3 70.8 75.7 67.8 71.8 68.0 72.2 73.3
sw 76.4 68.1 72.4 72.7 72.0 75.0 72.3 67.9 71.0 69.1 68.2 65.6 69.3 70.1
tr 78.8 67.7 73.8 75.4 74.0 76.5 75.9 69.7 72.4 65.1 75.3 68.2 68.7 71.4
ur 65.3 62.0 63.9 65.3 65.3 64.7 65.4 64.4 64.9 59.4 62.6 64.3 63.1 63.9
vi 74.4 68.2 72.1 71.6 72.4 73.6 73.7 67.7 70.3 64.9 66.6 66.1 72.4 69.0
zh 73.6 65.6 68.5 69.9 68.7 68.9 68.2 65.5 67.8 60.8 65.7 63.7 65.7 70.0
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(a) Observed Performance: Coloring computed based
on the Cross-Lingual Gap which is equal to the
Cross-Lingual Performance on the target language
subtracted from the performance on the source language.
≥ 0 ≥ -2 ≥ -5 ≥ -10 ≥ -20

≥ -25 ≤ -25

en ar bg de el es fr hi ru sw tr ur vi zh
en 69.9 71.3 71.9 72.1 72.2 71.9 72.3 72.5 71.1 70.2 69.2 74.3 64.4
ar 70.7 70.5 71.1 71.0 71.2 72.0 71.0 71.5 68.9 69.0 67.5 72.8 62.8
bg 71.5 69.6 71.1 71.5 71.7 71.7 71.9 72.4 69.4 69.6 68.6 73.5 63.6
de 71.7 70.3 71.0 71.5 71.6 72.7 71.8 72.1 70.3 70.2 68.5 73.9 64.2
el 71.6 69.5 70.9 70.9 71.9 71.6 71.7 72.0 69.7 69.5 68.3 73.4 63.5
es 71.5 69.2 70.7 70.8 71.5 71.3 71.5 71.8 70.1 69.5 68.7 73.6 63.7
fr 71.4 70.4 71.0 72.2 71.5 71.7 72.3 72.2 69.9 70.2 68.6 73.6 64.0
hi 70.8 69.1 70.5 70.4 71.0 71.2 71.6 71.6 69.0 69.1 67.5 72.8 63.0
ru 71.3 69.4 71.5 70.9 71.3 71.6 71.6 71.7 69.3 69.4 68.3 73.4 63.3

sw 71.2 68.7 70.2 70.5 71.1 71.3 70.9 70.7 71.2 69.0 67.6 73.3 63.3
tr 71.3 69.4 70.9 71.3 71.4 71.6 71.9 71.7 72.0 70.0 68.3 73.4 63.7

ur 67.8 65.7 67.1 67.0 67.6 68.1 67.8 67.3 68.0 65.7 65.5 69.5 60.2
vi 71.2 69.1 70.5 70.8 71.0 71.4 71.2 71.1 71.7 69.8 69.2 68.1 64.5

zh 70.9 68.7 70.2 70.9 70.8 71.3 71.3 70.8 71.2 69.4 69.1 67.6 74.1

Target Language

S
ou

rc
e 

La
ng

ua
ge

(b) Predicted Performance: Coloring computed based
on the
Absolute Prediction Error (Absolute difference between
prediction and observed performance)
≤ 2 ≤ 5 ≤ 10 ≤ 20 ≤ 25 ≥ 25

Figure 8: XNLI NEW Zero-shot (0 annotated samples from the target language (n = 0)) F1 score
of mT5 base in the Cross-Lingual Setting.
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