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Abstract

This paper describes our submission to Se-
mEval 2021 Task 2. We compare XLM-
RoBERTa Base and Large in the few-shot
and zero-shot settings and additionally test the
effectiveness of using a k-nearest neighbors
classifier in the few-shot setting instead of
the more traditional multi-layered perceptron.
Our experiments on both the multi-lingual and
cross-lingual data show that XLM-RoBERTa
Large, unlike the Base version, seems to be
able to more effectively transfer learning in a
few-shot setting and that the k-nearest neigh-
bors classifier is indeed a more powerful classi-
fier than a multi-layered perceptron when used
in few-shot learning.

1 Introduction and Motivation

Word Sense Disambiguation (WSD) is the task of
disambiguating semantic meaning at the word level
and is an important part of Natural Language Pro-
cessing (NLP) with applications in several down-
stream tasks (Wang et al., 2020b). In recent years,
Few Shot Learning (FSL) has been successful in
several domains (Wang et al., 2020a) including in
NLP (Yan et al., 2018). Modern deep neural net-
works require a significant amount of training data
that might not always be available. FSL is a solu-
tion to this problem, wherein training data from a
related domain or language can be used to augment
training on the target domain/language with signifi-
cantly less data. FSL can be characterised as n-way
k-shot classification.

We participate in SemEval Task 2 Multilingual
and Cross-lingual Word in Context Disambigua-
tion (Martelli et al., 2021), which provides 8,000
training examples in English but only 32 in the
other target languages. In addition the tasks re-
quires disambiguation of word pairs in the cross
lingual setting between EN-AR, EN-FR, EN-RU,

and EN-ZH, where only 8 examples each are avail-
able. This sparsity in training data led us to explore
the use of FSL for this task.

We hypothesise that:

1. “Large” models, which have been shown to
have a lot more linguistic information and
high-level generalisability, are more likely to
be able to generalise their learning in the few-
shot setting, and

2. that the use of a k-nearest neighbors (KNN)
classifier is likely to be more effective in the
few-shot setting. This hypothesis is based on
our exploration of related work (Section 2).

Our experiments on both the multi-lingual and
cross-lingual data show that these hypotheses are in
fact correct. We show that XLM-RoBERTa Large,
unlike the Base version, seems to be able to more
effectively transfer knowledge in a few-shot set-
ting, and that the KNN classifier is indeed a more
powerful classifier than a multi-layered perceptron
(MLP) when used in few-shot learning. To ensure
reproducibility and so other researchers can build
on this work, we release the program code, hyper-
parameters and experiments associated with this
work1.

2 Related work

The first effective method that implemented Few
Shot Learning in NLP was that by Koch et al.
(2015), who introduced the application of the
siamese network in one-shot learning. The siamese
network is typically used to calculate semantic sim-
ilarity between sentences and was shown to be pow-
erful in the FSL setting.

A recent use of zero-shot learning in WSD was
work by Kumar et al. (2019), who proposed the

1https://github.com/weilk/
SemEval-2021-Task-2

https://github.com/weilk/SemEval-2021-Task-2
https://github.com/weilk/SemEval-2021-Task-2
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extension of WSD systems by incorporating Sense
embeddings (EWISE). These sense embeddings
are derived from a knowledge graph, namely Word-
Net (Miller, 1998), and graph embeddings. EWISE
predicts over an embedding space instead of the dis-
crete label space and allow generalized zero-shot
learning capability. Instead of using annotated data,
it uses definitions from WordNet.

Pelevina et al. (2017) proposed a simple and
effective method which uses clustering in ego-
networks. Egocentric networks are local networks
with one central node, known as the “ego”. This
method allows labeling of words in the context
with learned sense vectors thus providing a new
approach to unsupervised WSD.

Our use of the K Nearest Neighbours (KNN)
classifier is motivated by the work by Snell et al.
(2017), who proposed a very straightforward
network, similar to the nearest class mean ap-
proach (Mensink et al., 2013), that makes use of the
classes of “prototypical” examples to classify new
examples based on their distances. We extend this
method by use of pre-trained models and a KNN
classifier (Section 3).

3 Methodology

In this section, we describe the different models
used for the task. Our models are built on top of
XLM-RoBERTa, but because cross-lingual data is
limited, we used FSL during training. We also per-
form data preprocessing, especially in the case of
Chinese and Arabic where tokenisation is inexact.

3.1 Data Preprocessing

We only use data available from the official data set
provided2 for all our experiments. We performed
additional preprocessing in the case of Chinese and
Arabic as it is often difficult to locate the target
word in these cases. This is because Conneau et al.
(2020) use the SentencePiece algorithm as the basis
of XLMRobertaTokenizer, which tends to output
the largest granularity words by meaning in both
Chinese and Arabic. Due to this, it is possible
that the target word may either be included in the
hypernym’s word-piece or be cut and included in a
different hypernym’s word-piece.

For example, XLM-RoBERTa tokeniser was
used to tokenise a Chinese sentence, and the output
is shown in Figure 1. The target word is “事情”.

2https://github.com/SapienzaNLP/
mcl-wic

However, the tokeniser includes the target word
in the larger word “这件事情”. To get around
this and to ensure correct word tokenisation, we
add a comma (“,”) around the target word in both
Chinese and Arabic sentences as in: “中国报告
这件,事情,”.

Figure 1: Tokenise Chinense sentence

3.2 System Architecture

In order to find the most effective model architec-
ture, we experiment with different variations: The
cosine similarity between contextual word repre-
sentations obtained from XLM-RoBERTa (Con-
neau et al., 2020) using multiple thresholds, classi-
fication of pre-generated XLM-RoBERTa embed-
dings using a multi-layer perceptron, and finally an
end to end model with a softmax layer for classi-
fication. Our experiments showed the end to end
model to be most effective, which we use for all
downstream experimentation.

3.2.1 The Base End-to-end Model

Models used in this work are variations of the base
end-to-end model detailed in Figure 2. The model
takes as input the two sentences and the positions
of the target words. Each of the input sentences
are transformed into the contextual word embed-
dings using XML-RoBERTa and from the resul-
tant embeddings the contextual embeddings asso-
ciated with the target word are selected. These
vectors, v1 and v2 are further augmented with their
difference and concatenated into a single vector
v1, v2, v1 − v2, v2 − v1. We note that although
adding the vectors v1 − v2 and v2 − v1 does not
provide the model with any additional information,
our initial experiments showed that this boosted
performance.

This combined vector is then passed through a
transformer layer and a mean pool layer splits the
output of the transformer layer into two different
vectors which are compared using cosine similarity.
The cosine similarity of these vectors is used to
build a vector (cos, 1− cos) which is then passed
through either an MLP or a KNN classifier. This
output is finally passed through a softmax layer to
classify the word in the two sentences as belonging
to the same meaning or not.

https://github.com/SapienzaNLP/mcl-wic
https://github.com/SapienzaNLP/mcl-wic
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Figure 2: The architecture of the model used for sense disambiguation.

3.2.2 Zero-Shot Models

The zero-shot methods we use are variations of
the base model, one which uses the Base version
of XLM-RoBERTa, and the other which uses the
Large version of XLM-RoBERTa. In this setting
we use an MLP classifier instead of the KNN clas-
sifier. These models are trained on the English
training data and tested on the multi-lingual and
cross-lingual settings.

3.2.3 Few-Shot Models

The models that we use in the few-shot setting are
modifications of the zero-shot model and we use
the zero-shot model as a baseline. In all cases we
start with the model trained on the English training
data. The first variation replaces the multi-layered
perceptron with a KNN classifier (with k = 2), and
the second variation replaces XLM-RoBERTa Base
with XLM-RoBERTa Large. These variations are
further detailed in Section 4 and are trained on the
minimal data available in the target language pairs.

4 Experiments Design

We design several experiments to find the best per-
forming model. All the experiments are performed

on the same platform3. We also use warmup in all
the experiments and further hyperparameters are
detailed in the documentation associated with the
program code released with this work. For each
experiment, five different random seed are tested
and we choose the best performing model.

We use the English training data to train our
baseline and zero-shot models. The development
data provided consisted of 1000 examples for each
language in the multi-lingual setting (en-en, ar-ar,
zh-zh, fr-fr, and ru-ru). We divide this into a Dev-
Train subset consisting of 600 examples, a Dev-
Validation and Dev-Test subsets consisting of 200
examples each. In the cross-lingual setting, where
we have only 8 examples from each language pair,
we use the trial data for few shot training and do not
use a validation or test set due to data sparsity. Fi-
nally, due to data sparsity in the target languages we
freeze the transformer layers of XLM-RoBERTa
during the few shot training phase.

Based on the results of these experiments, we
select the best five models to submit to the official
websites. These models were:

3System: Ubuntu 16.04.6 LTS. CPU:Intel(R) Xeon(R)
CPU E5-2680 v3 @ 2.50GHz. 4 cores,8 threads.
GPU:GeForce RTX 3090 24GB. Pytorch+cuda:1.7.1+cu110.
Python 3.7.4
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EN-AR EN-FR EN-RU EN-ZH
XLM-RoBERTa Base + MLP, Zero-Shot 74.30 (46) 80.00 (39) 81.60 (35) 76.30 (43)
XLM-RoBERTa Large + MLP, Zero-Shot 76.70 (41) 84.00 (19) 82.90 (28) 81.00 (37)
XLM-RoBERTa Base + MLP, Few-shot 73.00 (49) 76.50 (50) 80.10 (40) 75.50 (44)
XLM-RoBERTa Large + MLP, Few-shot 80.40 (34) 81.40 (34) 80.70 (38) 81.80 (33)
XLM-RoBERTa Large + KNN, Few-shot 81.90 (30) 83.90 (20) 83.30 (24) 83.60 (29)

Table 1: Accuracy on the final cross-lingual test set with the rank achieved by that submission in brackets. The
highest score for each language pair is highlighted in bold. Rows 1, 3 and 2, 4 are comparable results between
zero-shot and few-shot settings.

EN-EN AR-AR FR-FR RU-RU ZH-ZH
XLM-RoBERTa Base + MLP, Zero-Shot 84.50 (50) 78.20 (40) 78.60 (44) 78.10 (34) 81.40 (32)
XLM-RoBERTa Large + MLP, Zero-Shot 87.30 (37) 77.30 (43) 84.20 (18) 82.30 (23) 80.80 (35)
XLM-RoBERTa Base + MLP, Few-shot 84.40 (51) 78.90 (36) 79.20 (41) 78.10 (34) 80.60 (36)
XLM-RoBERTa Large + MLP, Few-shot 87.10 (38) 81.00 (27) 83.40 (22) 82.00 (24) 82.00 (28)
XLM-RoBERTa Large + KNN, Few-shot 88.50 (33) 78.40 (38) 83.60 (21) 81.90 (25) 82.10 (27)

Table 2: Accuracy on the final multi-lingual test set with the rank achieved by that submission in brackets. The
highest score for each language pair is highlighted in bold. Rows 1, 3 and 2, 4 are comparable results between
Zero-Shot and few shot settings. The variation in en-en is a result of random initialisation.

1. XLM-RoBERTa Base with a multi-layered
perceptron as the baseline zero-shot model.

2. XLM-RoBERTa Large with a multi-layered
perceptron as a second zero-shot model.

3. XLM-RoBERTa Base with a multi-layered
perceptron, additionally trained on available
target language data as a few-shot model.

4. XLM-RoBERTa Large with a multi-layered
perceptron, additionally trained on available
target language data as a second few-shot
model.

5. XLM-RoBERTa Large with a K-Nearest
Neighbour classifier, additionally trained on
available target language data as a third few-
shot model.

5 Results and Analysis

The final results in the cross-lingual and multi-
lingual settings are displayed in Tables 1 and 2
respectively. Each table displays the accuracy on
the corresponding test set with the rank achieved
by that submission in brackets (out of a total of 87
teams).

In each of the two tables, rows 1, 3 and 2, 4
provide a comparison between the zero-shot and
few shot settings. It is interesting to note that few
shot learning is not effective when using the base

version of XLM-RoBERTa. Across both the cross-
lingual and multi-lingual settings, the minimal ad-
ditional data does little to boost performance and
in some cases actually reduces performance.

XLM-RoBERTa Large on the other hand, seems
to be able to transfer knowledge extracted from
training in English to the other languages and gains
the most when those languages are significantly
different from English, the language in which the
majority of the training data is available in. The
impact of few shot learning is the largest when the
difference between the original training data (in this
case English) and the target languages is largest.
As can be seen from Table 1, the increase on the
English-Arabic test set between the zero-shot and
few shot settings is nearly 5 percentage points de-
spite the few-shot model having been trained on
only 8 examples. This same trend can be observed
on the English-Chinese dataset albeit to a smaller
extent.

The use of a KNN classifier, in place of an MLP,
improves performance across the board providing
the best results in a lot of the cases and comparable
results in the rest. These results seem to validate the
results obtained by Snell et al. (2017), who show
that the use of a KNN to classify examples related
to prototypical examples is an effective method in
few-shot learning (Section 2).
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6 Conclusions and Future work

This paper described our submission to SemEval
2021 Task2, multi-lingual and cross-lingual word
in context disambiguation. Given the nature of the
task, wherein we are provided with training data in
English and very limited training data in the other
target languages, we use zero-shot and few-shot
learning.

We hypothesised (Section 1) that two methods
will significantly boost performance in the few-
shot learning setting: a) The use of “Large” pre-
trained models which have been shown to have
access to a lot more linguistic information and so
generalisability, and b) the use of a KNN classifier
instead of a multi-layered perceptron.

Our experiments, described in Section 5, con-
firm that this is indeed the case. We find that
XML-RoBERTa Large is able to significantly in-
crease performance in the few-shot setting, espe-
cially when the target languages are dissimilar to
English, which is the language the majority of the
training data is available in. We additionally find
that the use of a KNN classifier boosts performance
in the few-shot setting.

We additionally show that when using pre-
trained models, tokenisers might split words in
ways that are not conducive to the task at hand, es-
pecially in languages such as Chinese, where word
delimitation is inexact. We handle this limitation
by using a comma to delimit words in ways that
are specific to the problem, which is both effective
and easy to implement.

In future, we intend to explore the use of these
methods on other datasets and problems beyond
word sense disambiguation.
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