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Abstract

Prompting pre-trained language models has
achieved impressive performance on various
NLP tasks, especially in low data regimes. De-
spite the success of prompting in monolingual
settings, applying prompt-based methods in
multilingual scenarios has been limited to a
narrow set of tasks, due to the high cost of
handcrafting multilingual prompts. In this pa-
per, we present the first work on prompt-based
multilingual relation classification (RC), by in-
troducing an efficient and effective method that
constructs prompts from relation triples and in-
volves only minimal translation for the class
labels. We evaluate its performance in fully su-
pervised, few-shot and zero-shot scenarios, and
analyze its effectiveness across 14 languages,
prompt variants, and English-task training in
cross-lingual settings. We find that in both
fully supervised and few-shot scenarios, our
prompt method beats competitive baselines:
fine-tuning XLM-Rgy and null prompts. It
also outperforms the random baseline by a large
margin in zero-shot experiments. Our method
requires little in-language knowledge and can
be used as a strong baseline for similar multi-
lingual classification tasks.

1 Introduction

Relation classification (RC) is a crucial task in in-
formation extraction (IE), aiming to identify the
relation between entities in a text (Alt et al., 2019).
Extending RC to multilingual settings has recently
received increased interest (Zou et al., 2018; Kol-
luru et al., 2022), but the majority of prior work still
focuses on English (Baldini Soares et al., 2019; Lyu
and Chen, 2021). A main bottleneck for multilin-
gual RC is the lack of supervised resources, compa-
rable in size to large English datasets (Riedel et al.,
2010; Zhang et al., 2017). The SMiLER dataset
(Seganti et al., 2021) provides a starting point to
test fully supervised and more efficient approaches
due to different resource availability for different
languages.

Previous studies have shown the promising per-
formance of prompting PLMs compared to the data-
hungry fine-tuning, especially in low-resource sce-
narios (Gao et al., 2021; Le Scao and Rush, 2021;
Lu et al., 2022). Multilingual pre-trained language
models (Conneau et al., 2020; Xue et al., 2021)
further enable multiple languages to be represented
in a shared semantic space, thus making prompting
in multilingual scenarios feasible. However, the
study of prompting for multilingual tasks so far
remains limited to a small range of tasks such as
text classification (Winata et al., 2021) and natural
language inference (Lin et al., 2022). To our knowl-
edge, the effectiveness of prompt-based methods
for multilingual RC is still unexplored.

To analyse this gap, we pose two research ques-
tions for multilingual RC with prompts:
RQ1. What is the most effective way to prompt?
We investigate whether prompting should be done
in English or the target language and whether to
use soft prompt tokens.
RQ2. How well do prompts perform in different
data regimes and languages? We investigate the
effectiveness of our prompting approach in three
scenarios: fully supervised, few-shot and zero-shot.
We explore to what extent the results are related to
the available language resources.

We present an efficient and effective prompt
method for multilingual RC (see Figure 1) that
derives prompts from relation triplets (see Sec-
tion 3.1). The derived prompts include the original
sentence and entities and are supposed to be filled
with the relation label. We evaluate the prompts
with three variants, two of which require no transla-
tion, and one of which requires minimal translation,
i.e., of the relation labels only. We find that our
method outperforms fine-tuning and a strong task-
agnostic prompt baseline in fully supervised and
few-shot scenarios, especially for relatively low-
resource languages. Our method also improves
over the random baseline in zero-shot settings, and
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Figure 1: Overview of our approach. Given a plain text  containing head entity ej, and tail entity e; from language

L, we first apply the template T'(x) = “x. ey

e;” and yield the prompt input with a blank. Then the PLM

aims to fill in the relation at the blank. In code-switch prompting, the target sequence is the English relation
verbalization. In in-language prompting, the target is the relation name translated into L.

achieves promising cross-lingual performance. The
main contributions of this work hence are:

* We propose a simple but efficient prompt
method for multilingual RC, which is, to the
best of our knowledge, the first work to ap-
ply prompt-based methods to multilingual RC
(Section 3).

* We evaluate our method on the largest multi-
lingual RC dataset, SMiLER (Seganti et al.,
2021), and compare our method with strong
baselines in all three scenarios. We also inves-
tigate the effects of different prompt variants,
including insertion of soft tokens, prompt lan-
guage, and the word order of prompting (Sec-
tions 4 & 5).

2 Preliminaries

We first give a formal definition of the relation
classification task, and then introduce fine-tuning
and prompting paradigms to perform RC.

2.1 Relation Classification Task Definition

Relation classification is the task of classifying the
relationship such as date_of _birth, founded_by or
parents between pairs of entities in a given context.

Formally, given a relation set R and a text
x = [x1,29,...,2,] (Where z1,--- ,x, are to-
kens) with two disjoint spans e; and e; denot-
ing the head and tail entity, RC aims to predict
the relation » € R between ey, and ey, or give a
no_relation prediction if no relation in R holds.

RC is a multilingual task if the token sequences
come from different languages.

2.2 Fine-tuning for Relation Classification

In fine-tuning, a task-specific linear classifier is
added on top of the PLM. Fine-tuning hence intro-
duces a different scenario from pre-training, since
language model (LM) pre-training is usually for-
malized as a cloze-style task to predict target tokens
at [MASK] (Devlin et al., 2019; Liu et al., 2019) or
a corrupted span (Raffel et al., 2020; Lewis et al.,
2020). For the RC task, the classifier aims to pre-
dict the target class r at [CLS] or at the entity spans
denoted by MARKER (Baldini Soares et al., 2019).

2.3 Prompting for Relation Classification

Prompting is proposed to bridge the gap between
pre-training and fine-tuning (Liu et al., 2022; Gu
et al., 2022). The essence of prompting is, by ap-
pending extra text to the original text according
to a task-specific template 7'(-), to reformulate the
downstream task to an LM pre-training task such
as masked language modeling (MLM), and apply
the same training objective during the task-specific
training. For the RC task, to identify the relation
between “Angela Merkel” and “Joachim Sauer” in
the text “Angela Merkel’s current husband is quan-
tum chemist Joachim Sauer,” an intuitive template
for prompting can be “The relation between An-
gela Merkel and Joachim Sauer is [MASK],” and the
LM is supposed to assign a higher likelihood to the
term couple than to e.g. friends or colleagues at
[MASK]. This “fill-in the blank” paradigm is well
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Example

Prompt input Target
Input Target
null prompts . ¢"N(r)  Goethe schrieb Faust. has author
CS x.ep e ¢EN (1) Goethe schrieb Faust. Faust Goethe has author
SP x.[vilen [v2] [vile: ¢EN(7’) Goethe schrieb Faust. [vy1Faust [v,] [v3]1Goethe has author
IL xT.ep e &F(r) Goethe schrieb Faust. Faust Goethe hat Autor

Table 1: Overview of the prompts, including null prompts (baseline), and ours with its variants. For each prompt or
its variant, we list (1) the prompt input and the target; (2) an example based on the plain text in German “Goethe
schrieb Faust.” [v;]: learnable soft tokens. ¢Z™ (r): the original (English) relation verbalization. ¢*(r): the

translated relation verbalization into the target language L.

aligned with the pre-training scenario, and enables
prompting to better coax the PLMs for pre-trained
knowledge (Petroni et al., 2019).

3 Methods

We now present our method, as shown in Figure 1.
We introduce its template and verbalizer, and pro-
pose several variants of the prompt. Lastly, we
explain the training and inference process.

3.1 Template

For prompting (Liu et al., 2022), a prompt often
consists of a template 7'(-) and a verbalizer V.
Given a plain text x, the template T adds task-
related instruction to @ to yield the prompt input

Tprompt = T(CL‘) (1)

Following Chen et al. (2022) and Han et al.
(2021), we treat relations as predicates and use
the cloze “e;, {relation} e,;” for the LM to fill in.
Our template is formulated as

T(x) :=“x.ep e’ 2

In the template 7'(x¢), « is the original text and the
two entities e;, and e; come from x. Therefore,
our template does not introduce extra tokens, thus
involves no translation at all.

3.2 Verbalizer

After being prompted by T,,ompt, the PLM M
predicts the masked text y at the blank. To com-
plete an NLP classification task, a verbalizer ¢ is
required to bridge the set of labels ) and the set of
predicted texts (verbalizations V). For the simplic-
ity of our prompt, we use the one-to-one verbalizer:

¢: Y =V, 1= o(r), 3)

where r is a relation, and ¢(r) is the simple ver-
balization of 7. ¢(-) normally only involves split-
ting r by “-” or “_” and replacing abbreviations
such as org with organization. E.g., the relation
org-has-member corresponds to the verbalization
“organization has member”. Then the prediction is
formalized as

p(?’“a}) X p(y = d)(r”wp?"ompt; 0./\/[)7 “4)

where 6, denotes the parameters of model M.
p(r|x) is normalized by the likelihood sum over
all relations.

3.3 Variants

To find the optimal way to prompt, we investigate
three variants as follows.

Hard prompt vs soft prompt (SP) Hard
prompts (a.k.a. discrete prompts) (Liu et al., 2022)
are entirely formulated in natural language. Soft
prompts (a.k.a. continuous prompts) consist of
learnable tokens (Lester et al., 2021) that are not
contained in the PLM vocabulary. Following Han
et al. (2021), we insert soft tokens before entities
and blanks as shown for SP in Table 1.

Code-switch (CS) vs in-language (IL) Re-
lation labels are in English across almost all RC
datasets. Given a text from a non-English input £
with a blank, the recovered text is code-mixed after
being completed with an English verbalization, cor-
responding to code-switch prompting. It is proba-
bly more reasonable for the PLM to fill in the blank
in language £. Inspired by Lin et al. (2022) and
Zhao and Schiitze (2021), we machine-translate
the English verbalizers into the other languages.'

'See Appendix B for more examples of translated verbal-
izations. To translate the verbalizer of the SMiLER dataset,
we use DeepL by default and Google Translate when the target
language is not supported by DeepL (in case of AR, FA, KO
and UK).
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# Token in Verb.

Task Dataset #Class Verbalizations
Mean Std.
LA CoLA (Warstadt et al., 2019) 2 correct, incorrect. (Gao et al., 2021) 1 0
NER CoNLLO3 (Tjong Kim Sang and De Meulder, 2003) 5 location, person, not an, ... (Cuietal,2021) 1.2 0.4
NLI MNLI (Williams et al., 2018) 3 yes, no, maybe. (Fuetal., 2022) 1 0
NLI XNLI (Conneau et al., 2018) 3 yes, no, maybe; Evet, ... (Zhao and Schiitze, 2021) 1 0
PI PAWS-X (Yang et al., 2019) 2 yes, no. (Qietal., 2022) 1 0
TC MARC (Keung et al., 2020) 2 good, {average, bad}. (Huang et al., 2022) 1 0
TACRED (Zhang et al., 2017) 42 founded by, city of birth, country of death, ... 323 1.99
SemEval (Hendrickx et al., 2010) 10 cause effect, entity origin, product producer, ... 2.50 0.81
RC NYT (Riedel et al., 2010) 24 ethnicity, major shareholder of, religion, ... 2.10 1.01
SCIERC (Luan et al., 2018) 6 conjuction, feature of, part of, used for, ... 2.17 0.69
SMILER (EN) (Seganti et al., 2021) 36 birth place, starring, won award, ... 2.58 0.68
SMILER (ALL) (Seganti et al., 2021) 36 hat Genre, chef d’organisation, del pais, ... 3.66 1.44

Table 2: Statistics of the lengths of the verbalizations over several classification tasks. The lengths for non-RC tasks
depend on the tokenizers from the respective PLMs in the cited work. The lengths for RC tasks are based on the
mT5p,s: tokenizer. Mean and std. show that the label space of the RC task is more complex than most few-class
classification tasks. The verbalizations of RC datasets are listed in Appendix B. For SemEval, the two possible
directions of a relation are combined. For NYT, we use the version from Zeng et al. (2018). For SMiLER, "EN" is
the English split; "ALL" contains all data from 14 languages.

Table 1 visualizes both code-switch (CS) and in-
language (IL) prompting. For English, CS- and IL-
prompting are equivalent, since £ is English itself.

Word order of prompting For the RC task,
head-relation-tail triples involve three elements.
Therefore, deriving natural language prompts from
them requires handling where to put the predicate
(relation). In the case of SOV languages, filling
in a relation that occurs between e, and e; seems
less intuitive. Therefore, to investigate if the word
order of prompting affects prediction accuracy,
we swap the entities and the blank in the SVO-
template “x. e, ____ e;” and get “x. e, e; ”
as the SOV-template.

3.4 Training and Inference

The training and inference setups depend on the em-
ployed model. Prompting autoencoding language
models requires the verbalizations to be of fixed
length, since the length of masks, which is identical
with verbalization length, is unknown during infer-
ence. Encoder-decoders can handle verbalizations
of varying length by nature (Han et al., 2022; Du
et al., 2022). Han et al. (2021) adjust all the ver-
balizations in TACRED to a length of 3, to enable
prompting with RoBERTa for RC. We argue that
for multilingual RC, this fix is largely infeasible,
because: (1) in case of in-language prompting on
SMIiLER, the variance of the length of the verbal-
izations increases from 0.68 to 1.44 after translation
(see Table 2), and surpasses most of listed mono-
lingual RC datasets (SemEval, NYT and SCIERC),
making it harder to unify the length; (2) manually
adjusting the translated prompts requires manual

effort per target language, making it much more
expensive than adjusting only English verbaliza-
tions. Therefore, we use an encoder-decoder PLM
for prompting (Han et al., 2022; Song et al., 2022).
Training objective For an encoder-decoder
PLM M, given the prompt input 7'(x) and the
target sequence ¢(r) (i.e. label verbalization), we
denote the output sequence as y. The probability of
an exact-match decoding is calculated as follows:

|(r)]
II 7o = &(Mly<e, T@)),  (5)
t=1

where yy, ¢¢(1) denote the ¢-th token of y and ¢(r),
respectively. y«; denotes the decoded sequence
on the left. 6 represents the set of all the learn-
able parameters, including those of the PLM 6,
and those of the soft tokens 6, in case of vari-
ant “soft prompt”. Hence, the final objective over
the training set X is to minimize the negative log-
likelihood:

1 [&(r)]
K] 3P (6)

xeX t=1
log Py (y+ = ¢1(r)|y<e, T(x)) .

Inference We collect the output logits of the
decoder, L € RIVI*L where |V is the vocabulary
size of M, and L is the maximum decode length.
For each relation r € R, its score is given by (Han
et al., 2022):

argmin —
0

Po(ye = ¢u(r)), (D)

scoreg(r) :
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—_

Fine-tuning data Pre-train tokens
Lang. ~ ecn
#Class #Train(K) Max. mT5(B) XLM-R(B) 1ol
AR 9 9.3 74 57 29 _ .
DE 2 515 84 347 103 zuf * &
EN 36 267.6 110 2733 55.6 g onl ®
ES 21 11.1 70 433 9.4 : 0L A i
FA 8 2.6 93 52 13.3 4 ® -
FR 22 60.9 83 318 9.8 - e e !
IT 22 74.0 86 162 5.0 5 .’
KO 28 18.7 95 26 5.6 o of
= 8 0
NL 22 38.9 76 73 5.0
PL 21 16.8 86 130 6.5 ;
PT 22 43.3 82 146 8.4 - ‘ | | | | |
RU 8 6.4 69 713 234 20 23 24 25 26 2
N\ 22 4.5 84 45 0.08 a erage 0 logs 0 re raining a ase sam les ( m 5)
UK 7 1.0 65 41 0.006

Table 3: Statistics of the 14 languages in the SMiLER
dataset, including the number of classes, the number
of training examples (in thousands), and the maximum
text length over train and test splits. Appended to the
table are the sizes (in billion tokens) of pre-training
corpora of the referred languages for mT5 and XLM-R,
respectively.

where we compute P by looking up in the ¢-th
column of L and applying softmax at each time
step t. We aggregate P by addition to encourage
partial matches as well, instead of enforcing exact
matches. The score is normalized by the length of
verbalization in order to avoid predictions favoring
longer relations. Finally, we select the relation with
the highest score as prediction.

4 Experiments

We implement our experiments using the Hug-
ging Face Transformers library (Wolf et al., 2020),
Hydra (Yadan, 2019) and PyTorch (Paszke et al.,
2019).> We use micro-F1 as the evaluation met-
ric, as the SMiILER paper (Seganti et al., 2021)
suggests. To measure the overall performance
over multiple languages, we report the macro aver-
age across languages, following Zhao and Schiitze
(2021) and Lin et al. (2022). We also group the
languages by their available resources in both pre-
training and fine-tuning datasets for additional ag-
gregate results. Details of the dataset, the models,
and the experimental setups are as follows. Further
experimental details are listed in Appendix A.

4.1 Dataset

We conduct an experimental evaluation of our mul-
tilingual prompt methods on the SMiLER (Seganti

2We make our code publicly available at https: //github.
com/DFKI-NLP/meffi-prompt for better reproducibility.

Figure 2: Pre-training and fine-tuning dataset size by
language. Four languages groups are distinguishable:
English (green) has by far the largest dataset, many other
European languages (orange) have large datasets for pre-
training and fine-tuning. The three non-European lan-
guages (blue) have either less pre-training or fine-tuning
data and lowest resource are Swedish and Ukrainian
(yellow).

et al., 2021) dataset, which contains 1.1M anno-
tated texts across 14 languages.® Table 3 lists the
main statistics of the different languages in the
SMiLER dataset. Note that languages have varying
number of relations, mostly related to how many
samples are present. We do not evaluate other
datasets because the only prior multilingual RC
dataset that fits our task, RELX (Kdksal and Ozgiir,
2020), contains only 502 parallel examples in 5
languages.

Grouping of the languages We visualize the
languages in Figure 2 based on the sizes of RC
training data, but include the pre-training data as
well, to give a more comprehensive overview of
the availability of resources for each language. We
divide the 14 languages into 4 groups, according
to the detectable clusters in Figure 2 and language
origins.

4.2 Model

For prompting, we use mTS5p,sg (Xue et al.,
2021), an encoder-decoder PLM that supports 101
languages, including all languages in SMiLLER.
mT5g sk (Xue et al., 2021) has 220M parameters.

4.3 Baselines

EN(B) (Seganti et al., 2021) EN(B) is the base-
line proposed together with the SMiLER dataset.

3Note that SMiLER contains 3 versions of the English
split: en (268K training examples), en-small (36K) and en-full
(744K). We use the en version by default, unless specified
otherwise.
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They fine-tune BERTg s on the English training
split and report the micro-F1 on the English test
split. BERTg 55 has 110M parameters.

XLM-Rgym To provide a fine-tuning baseline,
we re-implement BERTE)y (Baldini Soares et al.,
2019) with the ENTITY START variant.* In this
method, the top-layer representations at the starts
of the two entities are concatenated for linear clas-
sification. To adapt BERTEy to multilingual tasks,
we change the PLM from BERT to a multilingual
autoencoder, XLM-Rg,sz (Conneau et al., 2020),
and refer to this model as XLM-Rgp. XLM-Rgase
has 125M parameters.

Null prompts (Logan IV et al., 2022) To better
verify the effectiveness of our method, we imple-
ment null prompts as a strong task-agnostic prompt
baseline. Null prompts involve minimal prompt
engineering by directly asking the LM about the
relation, without giving any task instruction (see
Table 1). Logan IV et al. (2022) show that null
prompts surprisingly achieve on-par performance
with handcrafted prompts on many tasks. For best
comparability, we use the same PLM mT5g 5.

4.4 Fully Supervised Setup

We evaluate the performance of XLM-Rgy, null
prompts, and our method on each of the 14 lan-
guages, after training on the full train split from
that language. The prompt input and target of null
prompts and our prompts are listed in Table 1.

We employ the randomly generated seed 319
for all the evaluated methods. For XLM-Rgpm,
we follow Baldini Soares et al. (2019) and set the
batch size to be 64, the optimizer to be Adam
with the learning rate 3 x 10~° and the number
of epochs to be 5. For null prompts and ours, we
use AdamW as the optimizer with the learning rate
3 x 1075, as Zhang et al. (2022) suggest for most
of the sequence-to-sequence tasks, the number of
epochs to 5, and batch size to 16. The maximum
sequence length is 256 for all methods.

4.5 Few-shot Setup

Few-shot learning is normally cast as a K -shot
problem, where K labelled examples per class are
available. We follow Chen et al. (2022) and Han
et al. (2021), and evaluate on 8, 16 and 32 shots.
The few-shot training set Dyyq;y, 1 generated by
randomly sampling K instances per relation from

*We also open-source our implementation of XLM-Rgy
at https://github.com/DFKI-NLP/mtb-bert-em.

the training split. The test set Dy.g; is the original
test split from that language. We follow Gao et al.
(2021) and sample another K-shot set from the
English train split as validation set D,,,;. We tune
hyperparameters on D,,,; for the English task, and
apply these to all languages.

We evaluate the same methods as in the fully su-
pervised scenarios, but repeat 5 runs as suggested in
Gao et al. (2021), and report the mean and standard
deviation of micro-F1. We use a fixed set of ran-
dom seeds {13, 36, 121, 223, 319} for data genera-
tion and training across the 5 runs. For XLM-REgy,
we use the same hyperparameters as Baldini Soares
et al. (2019), a batch size of 256, and a learning
rate of 1 x 10~%. For null prompts and our prompts,
we set the learning rate to 3 x 10~*, batch size to
16, and the number of epochs to 20.

4.6 Zero-shot Setup

We consider two scenarios for zero-shot multilin-
gual relation classification.

Zero-shot in-context learning Following Ko-
jima et al. (2022), we investigate whether PLMs
are also decent zero-shot reasoners for RC. This
scenario does not require any samples or training.
We test the out-of-the-box performance of the PLM
by directly prompting it with Zompt. Zero-shot
in-context learning does not specify further hyper-
parameters since it is training-free.

Zero-shot cross-lingual transfer In this sce-
nario, following Krishnan et al. (2021), we fine-
tune the model with in-language prompting on the
English train split, and then conduct zero-shot in-
context tests with this fine-tuned model on other
languages using code-switch prompting. Through
this setting, we want to verify if task-specific pre-
training in a high-resource language such as En-
glish helps in other languages. In zero-shot cross-
lingual transfer, we use the same hyperparameters
and random seed to fine-tune on the English task.

5 Results and Discussion

We first present the results in fully supervised, few-
shot and zero-shot scenarios, and then discuss the
main findings for answering the research questions
in Section 1.

5.1 Fully Supervised Results

Table 4 presents the experimental results in the
fully supervised scenario, for different methods,
languages, and language groups. We see that all
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Method AR DE EN ES FA FR IT KO NL PL PT RU SV UK| EN H M L| X
EN(B) - - 949 - - - - - - - - - - - | 949 - - - -
XLM-Rgy 984 957 959 279 00 826 989 646 922 974 974 969 22 51 |959 861 543 3.7 | 682
null prompts 855 81.6 847 598 712 826 842 633 714 494 129 849 489 462 | 847 658 733 476 | 662
cs 951 954 960 747 692 972 983 821 969 948 953 87.6 489 462 | 960 925 821 476 | 84.1
SP 951 885 961 S8LI 654 970 97.1 831 599 956 969 873 630 513|961 879 812 572|827
IL 941 940 960 705 731 972 970 832 935 930 852 833 587 718 | 960 892 835 652 | 85.0

Table 4: Fully-supervised results in micro-F1 (%) on the SMiLER dataset. The evaluated methods are the proposed
baseline EN(B) (Seganti et al., 2021), XLM-Rgwm, null prompts, and ours. EN, H, M, L: macro average across
the languages within the respective group. X: macro average across all 14 languages. Our variants outperform
all baselines along all groups averages, XLM-Rgy has good results for many high-resource languages. Overall,
in-language prompting performs best, especially for lower-resource languages.

the three variants of our method beat the fine-
tuning baseline XLM-Rgy and the prompting
baseline null prompts, according to the macro-
averaged performance across 14 languages. In-
language prompting delivers the most promising
result, achieving an average F} of 85.0, which is
higher than XLM-Rgm (68.2) and null prompts
(66.2). The other two variants, code-switch prompt-
ing with and w/o soft tokens, achieve F scores of
84.1 and 82.7, respectively, only 0.9 and 2.3 lower
than in-language. All three prompt variants are
hence effective in fully supervised scenarios.

On a per-group basis, we find that the lower-
resourced a language is, the greater an advantage
prompting enjoys against fine-tuning. In particular,
in-language prompts shows better robustness com-
pared to XLM-REgy in low-resource languages.
They both yield 95.9-96.0 F} scores for English,
but XLM-RgMm decreases to 54.3 and 3.7 F} in
Group-M and -L, while in-language prompting still
delivers 83.5 and 65.2 F}.

5.2 Few-shot Results

Table 5 presents the per-group results in few-shot
experiments. All the methods benefit from larger
K. Similarly, in-language prompting still turns out
to be the best contender, performing 1st in 8- and
32-shot, and the 2nd in 16-shot. We see that in-
language outperforms XLM-Rgy in all K-shots,
while code-switch achieves comparable or even
lower F7 to XLM-Rgm for K = 8, suggesting
that the choice of prompt affects the few-shot per-
formance greatly, thus needs careful consideration.

On a per-group basis, we find that in-language
prompting outperforms other methods for middle-
and low-resourced languages. Similar observations
can also be drawn from fully supervised results.
We conclude that, with sufficient supervision, in-
language is the optimal variant to prompt rather

Shots  Method EN H M L X
XLM-Rem 31.8 43.0 275 6.6 33.7
null prompts 374 27.6 266 374 295
8 CS 422 306 278 384 320
Sp 454 278 179 336 274
IL 422 405 383 434 40.6
XLM-Rem 564 569 341 104 453
null prompts  42.1 31.6 343 49.7 355
16 CS 50.5 50.1 419 539 489
SP 537 467 384 490 458
IL 50.5 452 421 54.6 463
XLM-Rgm 732 624 444 65 513
null prompts  56.0 364 477 539 427
327 cs 809 570 651 594 608
SP 61.2 535 463 63.1 539
IL 809 63.6 0642 674 655

Table 5: Few-shot results by group in micro-F1 (%) on
the SMIiLER (Seganti et al., 2021) dataset averaged over
five runs. We macro-average results for each language
group (see Figure 2) and over all languages (X). In-
language prompting performs best in most settings and
language groups. Our variants are especially strong
for medium- and lower-resource language groups. See
Table 7 in Appendix C for detailed results with mean
and std. for each language.

than code-switch. We hypothesize it is due to the
pre-training scenario, where the PLM rarely sees
code-mixed text (Santy et al., 2021).

5.3 Zero-shot Results

Table 6 presents the per-language results in zero-
shot scenarios. We consider the random baseline
for comparison (Zhao and Schiitze, 2021; Winata
et al., 2021). We notice that performance of the
random baseline varies a lot across languages, since
the languages have different number of classes in
the dataset (cf. Table 3), with English being the
hardest task.

For zero-shot in-context, code-switch prompting
always outperforms the random baseline by a large
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EN AR DE ES FA FR

IT KO NL PL PT RU SV UK

Random 28 111 4.6 4.8 125 4.6

4.6 3.6 4.6 4.8 4.6 125 46 143

Zero-Shot In-Context Learning

SVO CS 55 699 104 127 385 133 112 100 124 14.0 81 523 272 513

IL : 22 52 1.8 53 9.2 1.3 3.6 7.6 9.0 1.7 7.1 54 25.6

SOV CS 48 684 100 132 369 123 12.6 50 11.8 134 103 526 294 513

IL ’ 3.8 5.0 36 59.8 7.7 1.3 3.1 10.0 7.9 14 6.0 4.5 256
Zero-Shot Cross-Lingual Transfer

EN (268K) - 940 949 917 O91.1 960 975 782 975 933 952 938 97.8 947

EN-small (36K) - 459 647 731 703 822 775 308 799 590 673 76.1 772 541

Table 6: Zero-shot results in micro-F1 (%) on the SMILER dataset. "SVO" and "SOV": word order of prompting.
Overall, Code-switch prompting performs the best in the zero-shot in-context scenario. In cross-lingual transfer
experiments, English-task training greatly improves the performance on all the other 13 languages.

margin, in both word orders, while in-language
prompting performs worse than the random base-
line in 6 languages. Code-switch prompting out-
performs in-language prompting across all the 13
non-English languages, using SVO-template. We
assume that, without in-language training, the PLM
understands the task best when prompted in En-
glish. The impressive performance of code-switch
shows the PLM is able to transfer its pre-trained
knowledge in English to other languages. We also
find that the performance is also highly indicated
by the number of classes, with worst F} scores
achieved in EN, KO and PT (36, 28 and 22 classes),
and best scores in AR, RU and UK (9, 8 and 7
classes). In addition, we observe that word order
does not play a significant role for most languages,
except for FA, which is an SOV-language and has
54.5 Fi gain from in-language prompting with an
SOV-template.

For zero-shot cross-lingual transfer, we see that
non-English tasks benefit from English in-domain
prompt-based fine-tuning, and the F) gain im-
proves with the English data size. For 5 languages
(ES, FA, NL, SV, and UK), zero-shot transfer af-
ter training on 268k English examples delivers
even better results than in-language fully super-
vised training (cf. Table 4). Sanh et al. (2022) show
that including RC-specific prompt input in English
during pre-training can help in other languages.

5.4 Discussion

Based on the results above, we answer the research
questions from Section 1.

RQ1. Which is the most effective way to
prompt? In the fully-supervised and few-shot sce-
nario, in-language prompting displays the best re-

sults. This appears to stem from a solid perfor-
mance across all languages in both settings. Its
worst performance is 31.8 F} for Polish 8-shot (see
Table 7 in Appendix C). All other methods have
results lower than 15.0 F for some language. This
indicates that with little supervision mT5 is able to
perform the task when prompted in the language
of the original text. However, zero-shot results
strongly prefer code-switch prompting. It could
follow that, without fine-tuning, the model’s under-
standing of this task is much better in English.
RQ2. How well does our method perform in dif-
ferent data regimes and languages? Averaged over
all languages, all our variants outperform the base-
lines, except for 8-shot. For some high-resource
languages, XLLM-Rgy is able to outperform our
method. On the other hand, for low-resource lan-
guages null prompts are a better baseline which
we consistently outperform. This could indicate
that prompting the underlying mT5 model is better
suited for multilingual RC on SMiLER. Overall,
the results suggest that minimal translation can be
very helpful for multilingual relation classification.

6 Related Work

Multilingual relation classification Previous
work in multilingual RC has primarily focused on
traditional methods rather than prompting PLMs.
Faruqui and Kumar (2015) machine-translate non-
English full text to English to deal with multilin-
guality. Akbik et al. (2016) employ a shared seman-
tic role labeler to get language-agnostic abstraction
and apply rule-based methods to classify the uni-
fied abstractions. Lin et al. (2017) employ convolu-
tional networks to extract relation embeddings from
texts, and propose cross-lingual attention between
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relation embeddings to model cross-lingual infor-
mation consistency. Sanh et al. (2019) leverage the
embeddings from BiLSTM, which is trained with a
set of selected semantic tasks to help (multilingual)
relation extraction. Koksal and Ozgiir (2020) fine-
tune (multilingual) BERT, classifying the embed-
ding at [CLS]. To take entity-related embeddings
into consideration as well, Nag et al. (2021) add an
extra summarization layer on top of a multilingual
BERT to collect and pool the embeddings at both
[CLS] and entity starts.

Multilingual prompting Multilingual prompt-
ing is a new yet fast-growing topic. Winata et al.
(2021) reduce handcrafting efforts by reformulat-
ing general classification tasks into binary classi-
fication with answers restricted to true or false for
all languages. Huang et al. (2022) propose a uni-
fied multilingual prompt by introducing a so-called
“two-tower” encoder, with the template tower pro-
ducing language-agnostic prompt representation,
and the context tower encoding text information.
Fu et al. (2022) manually translate prompts and
suggest multilingual multitask training to boost the
performance for a target downstream task.

7 Conclusion

In this paper, we present a first, simple yet effi-
cient and effective prompt method for multilingual
relation classification, by translating only the rela-
tion labels. Our prompting outperforms fine-tuning
and null prompts in fully supervised and few-shot
experiments. With supervised data, in-language
prompting enjoys the best performance, while in
the zero-shot scenarios prompting in English is
preferable. We attribute the good performance of
our method to its well-suitedness for RC, with the
derivation of entity;-relation-entity, prompts from
relation triples. We would like to see our method
extended to similar tasks, such as semantic role la-
beling, with a structure between concepts that can
be described in natural language.

Limitations

We acknowledge the main limitation of this work is
that we only experiment on one dataset with 14 lan-
guages. Multilingual RC datasets prior to SMiLER
are limited in the coverage of languages or in the
size of unique training examples. It would be in-
teresting to see how our method performs on other
multilingual RC datasets, especially for underrep-
resented languages (Winata et al., 2022).

We restrict the target language to be supported
by the underlying PLM. The popular multilingual
PLMs, mT5 and mBART, include 101 and 25 lan-
guages during pre-training. We rely on these PLMs
and fail to study true low-resource languages that
are not represented in such PLMs (Aji et al., 2022).

It is noticeable that in the fully supervised sce-
nario, for 7 out of the 14 languages, at least one
method achieves over 0.95 micro-Fj score. We
hypothesize that is due to high homogeneity in and
between the train and test split. If so, the dataset
itself might not be challenging, which could indi-
cate that the results are mostly measuring how well
the model is able to fit a few indicators (quickly).

Like most other prompt methods, ours requires
the label names to be natural language which are in-
dicative of the class. Therefore, our method would
suffer from labels being non-descriptive.

Ethics Statement

We use automated machine translation by Google
Translate and DeepL for our method. These MT
systems contain biases regarding, e.g., gender
(“has-author”: “hat Autor”’) where gender-neutral
English nouns are translated to gendered nouns in
target languages.

In this work we evaluate SMiIiLER (Seganti et al.,
2021), which is crawled from Wikipedia. In the
paper, they have not stated measures that prevent
collecting sensitive text. Therefore, we do not rule
out the possible risk of sensitive content in the data.

The PLMs involved in this paper are BERTp,sg
for EN(B), XLM-Rg,sz for XLM-Rgy, and
mTS5gsg for null prompts and ours. BERTg,sg
is pre-trained on the BooksCorpus (Zhu et al.,
2015) and English Wikipedia. XLM-Rgy is pre-
trained on a CommonCrawl corpus. mT5g,sg is
pre-trained on mC4, a filtered CommonCrawl cor-
pus. All our published models may have inherited
biases from these corpora.
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A Experimental Details

A.1 Hyperparameter Search

We investigated the following possible hyperparam-
eters for few-shot settings. For fully-supervised,
we take hyperparameters from literature (see Sec-
tion 4.4).

Number of epochs: [10,20]; Learning rate:
[1x107°,3 x 107°,1 x 107%,3 x 10~%]. Batch
size: [16, 64, 256], not tuned but selected based on
available GPU VRAM.

We manually tune these hyperparameters, based
on the micro-F} score on the validation set.

A.2 Computing Infrastructure

Fully supervised experiments are conducted on a
single A100-80GB GPU. Few-shot and zero-shot
experiments are conducted on a single A100 GPU.

A.3 Average Running Time

Fully supervised It takes 5 hours to train for 1 run
with mT5gasg and a prompt method (null prompts,
CS, SP and IL) on either English, or all other lan-
guages in total. With XLLM-REgy the running time
is 3 hours.

Few-shot It takes 20 (8-shot), 26 (16-shot), and
36 minutes (32-shot) for 1 run with mT5gasg and
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a prompt method over all languages. With XLM-
Rgwm the running time is 8 minutes.

Zero-shot  For zero-shot in-context experi-
ments, it takes 6 minutes with mT5gasg and a
prompt method over all languages. For zero-shot
cross-lingual transfer, the running time equals En-
glish training time (5 hours) plus inference-only
time (6 minutes).

B Verbalizers for SMiLER

* EN "birth-place": "birth place", "eats":

"eats", "event-year": "event year", "first-
product”: "first product”, "from-country":
"from country", "has-author": "has au-

thor", "has-child": "has child", "has-edu":
"has education”, "has-genre": "has genre",
"has-height": "has height", "has-highest-
mountain": "has highest mountain", "has-
length": "has length", "has-lifespan": "has
lifespan", "has-nationality": "has national-
ity", "has-occupation": "has occupation",
"has-parent": "has parent”, "has-population":
"has population”, "has-sibling": "has sib-
ling", "has-spouse": "has spouse", "has-
tourist-attraction": "has tourist attraction",
"has-type": "has type", "has-weight": "has

weight", "headquarters": "headquarters",
"invented-by": "invented by", "invented-
when": "invented when", "is-member-of":

"is member of", "is-where": "located in",
"loc-leader": "location leader", "movie-has-

"non

director": "movie has director”", "no_relation":

non

"no relation", "org-has-founder": "organiza-

nn

tion has founder", "org-has-member": "orga-

non

nization has member", "org-leader": "organi-

non n,on non

zation leader", "post-code": "post code", "star-

ring": "starring", "won-award": "won award";

* AR event-year": "&asIl 4", "has-
edu": "p.:.\.ﬁ 4aad", "has-genre": "4
¢ s31", "has-occupation”: "M 4zl
"has-population”: "HlSwd! e ", "has-type":
"¢ 33 4xd”, "is-member-of": " guac”,
"no_relation": "43Me ¥", "won-award": " jla
BTN

* DE "birth-place": "Geburtsort", "event-
year": "Veranstaltungsjahr", "from-country":
"vom Land", "has-author": "hat Autor", "has-
child": "hat Kind", "has-edu": "hat Bildung",
"has-genre": "hat Genre", "has-occupation":
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"hat Beruf", "has-parent": "hat Eltern-
teil", "has-population": "hat Bevolkerung",
"has-spouse”: "hat Ehepartner”, "has-type":
"hat Typ", "headquarters": "Hauptsitz", "is-
member-of": "ist Mitglied von", "is-where":
"gelegen in", "loc-leader": "Standortleiter”,
"movie-has-director": "Film hat Regisseur”,

n "

"no_relation": "keine Beziehung", "org-has-
founder": "Organisation hat Griinder", "org-
has-member": "Organisation hat Mitglied",
"org-leader": "Organisationsleiter”, "won-

award": "gewann eine Auszeichnung";

ES  '"birth-place": "lugar de nacimiento",

"event-year": "afio del evento", "from-
country": "del pais", "has-author": "tiene
autor”", "has-child": "tiene hijo", "has-

edu": "tiene educacién”, "has-genre": "tiene
", n

género", "has-occupation”: "tiene ocupacién”,
"has-parent": "tiene padre", "has-population”:

"tiene poblacion"”, "has-spouse": "tiene
cényuge", "has-type": "tiene tipo", "head-
quarters": "sede central", "is-member-of":

"es miembro de", "is-where": "situado en",
"loc-leader": "lider de ubicacién", "movie-
has-director": "pelicula cuenta con el di-
rector”, "no_relation": "sin relacién", "org-
has-founder": "organizacion cuenta con el

non

fundador”, "org-has-member": "organizacién

non

tiene miembro", "won-award": "gané el pre-

"

mio";

FA 'event-year": "slayg, JlL.", "has-edu":
"5 ,ls &Mleaxs”, "has-genre": "s,ls 15", "has-
occupation": "s,ls  Jx&", "has-population":
", "has-type": "s,lo g4, "is-

member-of": " Cewl gac”, "no_relation”: "o
Lg‘ 4.]4;‘ ";

"0)‘0 Coxo>>

FR "birth-place": "lieu de naissance",
"event-year": "année de 1’événement"”, "from-
country": "du pays", "has-author": "a un au-
teur", "has-child": "a un enfant", "has-edu":
"a une éducation”, "has-genre": "a un genre",
"has-occupation": "a une profession", "has-
parent": "a un parent”, "has-population": "a
de la population”, "has-spouse": "a un con-
joint", "has-type": "a le type", "headquar-
ters": "siege social”, "is-member-of": "est
membre de", "is-where": "situé a", "loc-
leader": "guide d’emplacement”, "movie-

has-director": "le film a un réalisateur”,



"no_relation": "aucune relation", "org-has-
founder": "lI’organisation a un fondateur",
"org-has-member": "’organisation a un mem-
bre", "org-leader": "chef d’organisation”,
"won-award": "a remporté le prix";

IT "birth-place”: "luogo di nascita",
"event-year": "anno dell’evento”, "from-
country": "dal paese", "has-author": "ha au-
tore", "has-child": "ha un figlio", "has-edu":
"ha un’educazione", "has-genre": "ha genere",
"has-occupation": "ha occupazione", "has-
parent": "ha un genitore", "has-population":
"ha una popolazione", "has-spouse": "ha
un coniuge", "has-type": "ha il tipo",
"headquarters": "sede centrale", "is-member-
of": "& membro di", "is-where": "situato
in", "loc-leader": "leader della posizione",
"movie-has-director": "il film ha direttore",
"no_relation": "nessuna relazione", "org-
has-founder": "I’organizzazione ha fonda-
tore", "org-has-member": "I’organizzazione
ha un membro"”, "org-leader": "leader
"o

ell’organizzazione", "won-award": "ha vinto
dell’org d": "h t
un premio";

KO "birth-place": "ZXYA]", "event-
year": "O|HIE A", "first-product": "
A WA AE=", "from-country": "2}
A", "has-author": "ZZ}7} Qt}", "has-
child": "o}o|7} T}, "has-edu": "Il

o] Slt}", "has-genre": "HE27} SlH,
"has-highest-mountain": "7} =2 Ato]
Qitt', "has-nationality": "=+Zo] It}
"has-occupation": "Z1¢jo] <QIt}", "has-

parent": "YR7} I}, "has-population":
"o]27} QIt}", "has-sibling": "FA|7}
t}", "has-spouse": "HJ-2-Z}7} QITH, "has-
tourist-attraction": "W33H A7} I}, "has-
type": "§do] AHF5YH", "headquarters":
"HHE" “invented-by": "of 9Jsf ",
"invented-when": "S1A] 2" "is-member-
of': "9 YUY}, "is-where": "o]r]
o|", "movie-has-director": "&JS}of 7H=0]
tt", "no_relation": "WA 7} Qich", "org-
has-founder": "ZZloj|= AH2}7}F Ql5Y
T}, "org-has-member": "ZFZ o] JLAJ Q10|
5 YTH, "org-leader": "Z 2] 2]H", "won-
award": "$A";

NL "birth-place": "geboorteplaats”, "event-
year": "evenementenjaar", "from-country":
"van het land", "has-author": "heeft auteur”,
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"has-child": "heeft kind", "has-edu": "heeft
onderwijs", "has-genre": "heeft genre", "has-
occupation": "heeft beroep”, "has-parent":
"heeft ouder", "has-population": "heeft
bevolking", "has-spouse": "heeft echtgenoot",
"has-type": "heeft type", "headquarters":
"hoofdkantoor", "is-member-of": "is lid van",

"is-where": "gevestigd in", "loc-leader":
"locatieleider"”, "movie-has-director": "film
had regisseur”, "no_relation": '"geen re-

non

latie", "org-has-founder": "organisatie heeft
oprichter”, "org-has-member": "organisatie
heeft lid", "org-leader": "organisatieleider",
"won-award": "won prijs";

PL "birth-place": "miejsce urodzenia",
"event-year": "rok imprezy", "from-country":
"z kraju", "has-author": "ma autor”, "has-
child": "ma dziecko", "has-edu": "ma wyk-
sztalcenie", "has-genre": "ma gatunek", "has-
occupation": "ma zawdd", "has-parent": "ma
rodzica", "has-population": "ma ludno$¢",
"has-spouse”: "ma wspdtmatzonka", "has-
type": "ma typ", "headquarters": "siedziba

gtéwna", "is-member-of": "jest cztonkiem",

"is-where":  "mieszczacy si¢ w", "loc-
leader": "lider lokalizacji", "movie-has-
director": "film ma rezysera", "org-has-

"non

founder": "organizacja ma zatozyciela", "org-
has-member": "organizacja ma cztonkéw",
"org-leader":  "lider organizacji", "won-
award": "otrzymat nagrodg";

PT "birth-place”: "local de nasci-
mento", "event-year": "ano do evento", "from-
country": "do pais", "has-author": "tem au-
tor", "has-child": "tem filho", "has-edu": "tem
educacdo”, "has-genre": "tem género", "has-
occupation”: "tem ocupagdo”, "has-parent":
"tem pai", "has-population”: "tem populagio”,
"has-spouse”: "tem cOnjuge”, "has-type":

"tem tipo", "headquarters": ‘"sede", "is-
member-of": "€ membro de", "is-where":
"localizado em", "loc-leader": "loc leader",
"movie-has-director": "filme tem realizador",
"no_relation": "sem relacdo"”, "org-has-
founder": "organizacgado tem fundador”, "org-
has-member": "organizacdo tem membro",
"org-leader": "lider da organizacdo", "won-

award": "ganhou prémio";

RU ‘"event-year": "rom cobbrtus”, "has-

edu": "umeer obpazoBanme", "has-genre":



"umeer xaHp", "has-occupation": "mmeer

npodeccuro”, "has-population": "umeer
nacesieame”, "has-type": "mmeer THm'",
"is-member-of™: "gaBJisieTcst  dJIeHoM",

"no_relation": "6e3 cBazn';

SV "birth-place": "fodelseort”, "event-year":
"Ar for evenemanget", "from-country": "fran
ett land", "has-author": "har en forfattare”,
"has-child": "har chili", "has-edu": "har ut-
bildning", "has-genre": "har en genre", "has-
occupation": "har ockuperat”, "has-parent":
"har en forilder", "has-population”: "har en
befolkning", "has-spouse": "har make eller
maka", "has-type": "har typ", "headquarters":
"huvudkontor"”, "is-member-of": "4r medlem
i", "is-where": "som ligger i", "loc-leader":
"platsansvarig", "movie-has-director": "fil-
men har regissor”, "no_relation": "ingen rela-
tion", "org-has-founder": "organisationen har
en grundare”, "org-has-member": "organisa-
tionen har en medlem", "org-leader": "ledare
for organisationen”, "won-award": "vann ett
pris";

UK "event-year": "pik momii", "has-
edu": "mae ocsiTy", "has-genre": "mae
kaHp", "has-occupation": "mae 3aHATTA",
"has-population": "mae nacesenns”, "has-
type": "mae Tun", "no_relation": "misikoro

BijiHOIIIEHHST".
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C Detailed Few-shot Results

Shots Method AR DE EN ES FA FR 1T
XLM-Regm 58.8+202  49.2+472  31.8+113  12.8464  7.3+46 30.6+40 52.3+50
null prompts  17.2+106  28.1+166 37.4+101  10.4+79 25.8+1010 14.6+104 28.0+223
8 CS 19.6+102 11.1+172 4224175 2624215 45.0+120 36.3+174  42.3+49
SP 142455  29.1+186 45.4+79 32.5+121 18.8+120 20.1+110 26.8+19.1
IL 3344254 39.0+193 42.2+175 37.9+153 46.0+285 39.1+159 35.1+190
XLM-Rgm  67.7+175 4431231 56.4+t42  19.6165 7.84+904 475484  76.1+43
null prompts  34.5+184 18.1+204 42.1+155 20.5+120 43.2+149 28.7+220 38.0+189
16 CS 36.6+181  62.5+110 50.5+323 26.1+215 49.7+111 4731303 53.5+277
SP 38.6+176 40.24294 53.7+252 52.0+138 37.9+140 51.3+273 46.6+243
IL 47.0+323 62.5+110 505+323 31.1+i22 456221 21.7+x175 32.8+181
XLM-Rgem 81.6494 5991208 732444 214431 127163 58.8+101  81.0126
null prompts 454420 26.0+243 56.0+134 1431151  67.4+63 48.6+168 42.8+210
32 CS 62.0+267 72.1+150 80.9+43 40.6+303 61.0x282 5S51.4+221 50.4+379
SP 50.3+197 35.5+338 61.2+293 60.8+267 59.0+271 T74.2+125 34.7+362
IL 65.5£20 61.9+205 80.9+43 53.1x285 T76.4+t09 62.0+201 T1.7+266
KO NL PL PT RU SV UK X
XLM-Rgm 16.5+79 38.1+103 46.6+£100 53.8+t38 60.7+72 1.310s 12.0x70 | 33.7
null prompts  36.9+141  44.4+85 29.7+152  26.1+170 39.2+123 4744145 2744156 | 29.5
8 CS 18.7+174 28.0+156 26.7+166 27.0+141 47.5+154 48.9+166 28.0+175 | 32.0
SP 20.6+194 31.8+147 26.3+162 26.0+152 29.6+166 36.4+253 30.8+288 | 27.4
IL 35.5+199  52.5+42 31.8+129 32.8+193 55.9+147 34.1+269 52.8+142 | 40.6
XLM-Rgm 26. 7450 64.7+28 62.8+56 69.1:t28 709136 13104  19.5+122 | 45.3
null prompts  25.3+190 37.5+143 37.8488 17.8+161 5434203 56.6+235 42.8+206 | 35.5
16 CS 393194 712490 3351250 45.3+190 61.2+201 4941247 58.41204 | 48.9
SP 38.6+176 40.24294 53.7+252 52.0+138 3794140 51.3+273 46.6+243 | 45.8
IL 3374202 3924114 58.5+189 50.2+194 654165 Sl.1i229 58.2+209 | 46.3
XLM-Rgm 38.8433 745128 T77.7+16 6324202 62.5+128 13113 11.7459 | 51.3
null prompts  30.2+208 5494256 40.7+217 15.1+169 4844337 49.7+307 5814274 | 42.7
32 CS 722169 T71.4+235 39.0+300 733180 57.7+203 67.6+£120 51.31237 | 60.8
SP 29.64347 42.7+335 67.4+123 4741280 65.1+190 69.2+201 57.0+321 | 53.9
IL 50.84249 T1.3+125 6524258 5951285 63.8+4274 63.6x261 T1.1+174 | 65.5

Table 7: Few-shot results in micro-F1 (%) on the SMiLER dataset. We evaluate XLM-Rgy, null prompts, and our
prompt variants. For each result, the mean and standard deviation of 5 runs are reported. X: macro average across
14 languages. The standard deviations are quite large which indicates that multiple runs are needed and results are
seed dependent. In-language prompting provides the most consistent results, with Polish 8-shot as lowest score
(31.8 Fy). Other methods all have results below 15.0 F;.
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