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Following the research line of lexico-semantic relation induction based on Lan-
guage Models (LM) [4, 1, 5], this work analyses how the multilingual fine-tuning of
a LM might improve its performance on a relation classification task. The model is
trained on a set of word pairs which share a known relation (e.g., Big-small, antonymy).
Then, it is used to classify the relation between an unseen word pair. Our hypothesis is
that enriching this training with multilingual information benefits the classification of
lexico-semantic relations that are common in several languages.

Two different experiments were conducted, based on: (i) crosslingual transfer
and (ii) multilingual verbalisation. Both consist of fine-tuning the multilingual BERT
(mBERT) pre-trained model [2] with multilingual data. LMs in general need a verbal-
ised input [1], and although different verbalisations of the lexico- semantic relations
are possible, analysing them is out of our scope. We focus on two simple verbalisations:
vI for one relation pair (e.g., ‘big’ is related to small’) and v2 for two relation pairs (e.g.,
‘big’ is related to ‘small’ as grande’ is related to pequeiio’, in this case for two English
words and its Spanish translations). The considered relations in the classification task
are: hypernymy, antonymy, synonymy, meronymy. In total, 50 word pairs were extracted
from the BATS data set [3] in English and Japanese, per each relation category, and
manually translated to Spanish. We also created an others category for cases in which
none of the four relations are present, extracting 50 pairs of words not explicitly related
in BATS, thus finally having five possible categories of relations and 250 word pairs per
language. We performed 5 runs of each experiment. We report the median and a 95%
confidence interval. We chose the median since it is more informative than the average
for non-symmetric distributions, as in our case.

In the first experiment, crosslingual transfer [6] is explored by fine-tuning the
model with one (English) and two (English and Spanish) languages and then testing the
results on English, Spanish and Japanese. Verbalisation vI is used. The results are sum-
marized in Table 1. Crosslingual transfer to Japanese improves when training the model
with both English and Spanish. The median of the accuracy was 0.42 when the model
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was just only on English data, and improves up to 0.52 when the fine-tuning is multilin-
gual. This technique led to an improvement of the results, in line with our hypothesis.

Table 1. Crosslingual transfer experiment: accuracy results

Training language EN; training size: 125

Test lan- Medi- | CI95% Test size
guage an
EN 0.64 0.6, 100

.79]
ES 0.58 0.52, 250

.74]
JP 0.42 0.3, 250

48]
Training language EN + ES; Training size: 450
Test lan- Medi- | CI195% Test size
guage an
JP 0.52 0.51, 250

.52]

The second experiment consisted of testing a multilingual verbalisation. Both v1
(one word pair either in Spanish or English) and v2 (two word pairs, one in English and
the other in Spanish) were tested. The results are summarized in Table 2. Monolingual

training and shorter verbalisations seem to perform better in this case.

In conclusion, while crosslingual transfer seems to improve the results, multi-
lingual verbalisation is not as promising. However, results are inconclusive due to the
small amount of data, leading high variability in accuracy results. In future research we
plan to extend the dataset to include more languages and examples.

Table 2. Multilingual phrasing experiment: accuracy (training size: 125, test size:

125)
Training languages EN + ES | Training language EN | Training language ES
verbalisa- Medi- | CI95% Medi- | CI195% Medi- | CI95%
tion an an an
vl 0.36 [0.28, 0.53] 0.64 [0.56, 0.65] 0.55 [0.49, 0.57]
v2 0.20 [0.00, 0.21] 0.6 [0.57, 0.63] 0.45 [0.31,0.71]
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