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Abstract

In cross-lingual text classification, it is required
that fask-specific training data in high-resource
source languages are available, where the task
is identical to that of a low-resource target
language. However, collecting such training
data can be infeasible because of the label-
ing cost, task characteristics, and privacy con-
cerns. This paper proposes an alternative so-
lution that uses only fask-independent word
embeddings of high-resource languages and
bilingual dictionaries. First, we construct a
dictionary-based heterogeneous graph (DHG)
from bilingual dictionaries. This opens the pos-
sibility to use graph neural networks for cross-
lingual transfer. The remaining challenge is the
heterogeneity of DHG because multiple lan-
guages are considered. To address this chal-
lenge, we propose dictionary-based heteroge-
neous graph neural network (DHGNet) that
effectively handles the heterogeneity of DHG
by two-step aggregations, which are word-level
and language-level aggregations. Experimen-
tal results demonstrate that our method outper-
forms pretrained models even though it does
not access to large corpora. Furthermore, it can
perform well even though dictionaries contain
many incorrect translations. Its robustness al-
lows the usage of a wider range of dictionaries
such as an automatically constructed dictionary
and crowdsourced dictionary, which are conve-
nient for real-world applications.

1 Introduction

Modern machine learning methods typically re-
quire a large amount of data to achieve desirable
performance (LeCun et al., 2015; Schmidhuber,
2015; Deng and Liu, 2018). While such a require-
ment can be feasible for languages such as En-
glish (Singh, 2008) (i.e., high-resource language),
it is not the case for low-resource languages that
lack sufficiently large corpora to build reliable sta-
tistical models (Cieri et al., 2016; Haffari et al.,

2018). Because there are more than six thousand
languages in the world (Nettle, 1998), and only a few
of them are high-resource, it is important to enable
the use of machine learning in low-resource lan-
guages. Cross-lingual text classification (CLTC) is
a transfer learning paradigm that aims to incorporate
the training data in high-resource languages (i.e.,
source languages) to solve the classification task in
a low-resource language (i.e., target language) more
effectively (Karamanolakis et al., 2020; Xu et al.,
2016; Bel et al., 2003; Ruder, 2019).

In CLTC, it is common to assume that the source
and target tasks are identical, and training labeled
data in high-resource languages (i.e., source data)
are available. Such assumptions can be restrictive,
and we give the following four examples. First,
source data may not be allowed to use owing to
the data privacy, e.g., when customers disagree to
disclose their opinion to public (Chidlovskii et al.,
2016; Liang et al., 2020; Kundu et al., 2020). Sec-
ond, we may not be able to keep the source data,
which is also a motivation of sequential transfer
learning (Ruder, 2019). The colossal-size data that
are used to train BERT (Devlin et al., 2019) is a
good example. The data of this caliber hardly fit
in household PC storage. Third, it is possible that
the target task is quite specific to the target lan-
guage, which makes it difficult to find the source
data in high-resource languages. One example is
fake news classification. The news content is highly
specific to each region, which may not be reported in
a high-resource language. Fourth, collecting source
labeled data usually requires the prior knowledge of
that source language. For example, it is difficult for
people who cannot speak Chinese to reliably collect
data in Chinese language. For these reasons, it is
beneficial to consider cross-lingual transfer where
we do not require task-specific source data in high-
resource languages.
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Our goal is to overcome the unavailability of
task-specific source data by enabling any low-
resource languages to utilize high-quality and
widely-available resources from any high-resource
languages. To achieve this, we design a method
that requires only task-independent word embed-
dings of a source language (e.g. French) and a word-
level bilingual dictionary (e.g. French-Malayalam
dictionary) to solve a classification task in the tar-
get language. Word embeddings can be easily
obtained from many sources (Pennington et al.,
2014; Mikolov et al., 2013a; Bojanowski et al.,
2017). Likewise, bilingual dictionaries are avail-
able as man-made commercial products, free lexi-
cal database (Kamholz et al., 2014), or results from
dictionary induction algorithms (Choe et al., 2020;
Lample et al., 2018).

The main challenge of our problem is how to
utilize source word embeddings and bilingual dic-
tionaries, which is not straightforward for the fol-
lowing reasons. First, given a word, there are many
choices of translation. Even worse, dictionaries may
contain wrong translations, which is often the case
for automatically constructed dictionaries. More-
over, the compatibility of the source and target lan-
guages can be different depending on the context.
Finally, the quality of source embeddings and bilin-
gual dictionaries can be diverse. This paper aims to
design a machine learning method that effectively
transfers task-independent embeddings of source
languages to task-specific embeddings of the target
language. The method should be able to determine
the appropriate transfer for each word in the source
languages to the translated words in the target lan-
guage under such circumstances.

To solve this problem, we convert bilingual dic-
tionaries into a dictionary-based heterogeneous
graph (DHG) that represents words and transla-
tions as nodes and edges, respectively. This re-
duces the problem into graph representation learn-
ing, which allows us to use powerful methods, e.g.,
graph neural networks (GNNs), to solve. DHG is
heterogeneous because there are many node types
(languages) and edge types (language pairs), which
are often ignored by GNNs in general (Wang et al.,
2019; Hu et al., 2020; Chairatanakul et al., 2021).
Then, to effectively address the heterogeneity of
DHG, we propose dictionary-based heterogeneous
graph neural networks (DHGNets) that first aggre-
gate word translations for each language pair (word-
level aggregation), and then aggregate the results

from all languages (language-level aggregation).

Our contributions can be summarized as follows:
First, we propose an alternative solution that enables
cross-lingual transfer for text classification by using
only 1) task-independent word embeddings of high-
resource languages and 2) bilingual dictionaries.
Second, we propose DHG, which can be utilized
for cross-lingual transfer by any learning algorithms
operating on graphs, such as GNNs. Third, we
propose DHGNets, which effectively uses DHG to
solve text classification in a low-resource language.
Fourth, we provide experimental results to analyze
and show the usefulness of the proposed solution
and provide extensive analysis of the choice of dic-
tionary, high-resource language, word embeddings,
and GNNs. The code and resources are available at
https://github.com/nutcrtnk/DHGNet.

2 Related Work

Transfer learning — The goal of transfer learning
is to solve a target task with limited target data
by incorporating source knowledge from other do-
mains (Pan and Yang, 2009; Ruder, 2019). The chal-
lenge of this problem is how to make use of source
knowledge and avoid negative transfer, which is a
phenomenon where using source knowledge wors-
ens the performance (Rosenstein et al., 2005). Our
problem can be categorized as transfer learning
where source knowledge does not include source
labeled data but only bilingual dictionaries and task-
independent word embeddings of high-resource lan-
guages. Recently, the transfer learning problem
where no source labeled data are provided is called
source-free domain adaptation and has been stud-
ied extensively in computer vision because of its
practicality (Vongkulbhisal et al., 2019; Liang et al.,
2020; Kundu et al., 2020). However, the study of
this problem for cross-lingual transfer is limited to
the best of our knowledge.

Note that our problem is significantly different
from zero-shot cross-lingual transfer. In that prob-
lem, although target data are not available, it is often
assumed that source labeled data and the additional
target task information are available (Farhadi et al.,
2009; Romera-Paredes and Torr, 2015; Phang et al.,
2020). Furthermore, most work in NLP assumes
that source and target domains either share the same
task (Upadhyay et al., 2018; Liu et al., 2019, 2020)
or language (Veeranna et al., 2016; Zhang et al.,
2019).
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Cross-lingual text classification — According to
the transfer learning taxonomy proposed by Ruder
(2019), CLTC is the most related problem to ours.
However, CLTC assumes that source labeled data
are available, and the source and target tasks are
identical (Upadhyay et al., 2016; Conneau et al.,
2018; Ruder et al., 2019; Karamanolakis et al.,
2020; Xu et al., 2016; Bel et al., 2003). Since the
data requirement of CLTC can be restrictive, there
exist recent methods for weakly supervised CLTC
where target labels are not required (Karamanolakis
et al., 2020; Xu et al., 2016; Zhang et al., 2020a).
Note that source labeled data are still required for
such methods. To enable the use of cross-lingual
transfer for more applications, our work explores
a different direction where source labeled data are
unavailable.

Cross-lingual word embedding (CLWE) -
CLWEs are the representations of words that
are typically learned by identifying mappings to
map the monolingual word embeddings of each
language to a shared embedding representations
by utilizing resources such as aligned corpus
and dictionary (Zhang et al., 2020b).  Such
representations are highly useful for comparing
the meaning of words across languages (Xu et al.,
2018; Vuli¢ et al., 2019; Grave et al., 2019; Ruder
et al., 2019). Learning CLWEs can also improve
the performance of classification in a low-resource
language (Duong et al., 2016; Vuli¢ et al., 2019;
Ruder et al., 2019; Zhang et al., 2020b).

Pretrained model — Pretraining methods have
demonstrated their effectiveness in transfer learning
for many NLP tasks. Pretraining typically requires
a large amount of data, which can be unlabeled data,
to effectively learn a good pretrained model for a
general NLP task. Examples of methods in this fam-
ily are BERT (Devlin et al., 2019), CoVe (McCann
etal., 2017), ULMFIT (Howard and Ruder, 2018),
and USE (Yang et al., 2020).

Bilingual dictionary — A bilingual dictionary maps
words from a source to their translations in a target
language. Its usage is found across cross-lingual
tasks. Obviously in machine translation (Nief3en
and Ney, 2004; Duan et al., 2020; Zoph et al., 2016),
dictionaries are used to provide ground-truth for
word-level translation. Enhancing the quality of
word embedding of low-resource languages is also
possible with dictionary as a bridge to connect
two languages (Duong et al., 2016; Mikolov et al.,
2013b; Artetxe et al., 2018). Cross-lingual named-

entity recognition for low-resource languages can
also be ameliorated with the aid of dictionaries
(Mayhew et al., 2017; Xie et al., 2018).

Heterogeneous graph neural network — GNNs
encode each node in a graph to a vector by consider-
ing its attributes and the graph structure (Gori et al.,
2005; Kipf and Welling, 2016; Veli¢kovic et al.,
2017). They can be understood as message passing
between nodes guided by edges to update the states
of nodes (Gilmer et al., 2017; Hamilton et al., 2017).
GNNs have been applied to many real-world prob-
lems, e.g., knowledge graph (Schlichtkrull et al.,
2018), natural science (Sanchez-Gonzalez et al.,
2018), and NLP (Yao et al., 2019). Heterogeneous
GNN (HGNN) (Wang et al., 2019; Hu et al., 2020)
is a type of GNNs that considers the types of nodes
and edges in a heterogeneous graph that contains
multiple types of nodes or edges.

3 Problem Formulation

In this section, we define our problem formulation.
Let X be an input space and ¥ be an output space.
Without loss of generality, we consider a document
classification problem where I is a document space
and ¥ = {1,2,...,n.} is a set of classes, where n,
denotes the number of classes. In this problem,
we have languages £ = {{,{,,..., ¢, }, where
£, is the target language and ¢4, ..., £,, are source
languages.

n

To define a word embedding function, let V* be
a vocabulary space and d, be the dimensionality
of the word embeddings of a language /. Then,
E*f: ¢ — R% is a word embedding function for a
language ¢. Next, we define a bilingual dictionary
DYl Pl 5 92V asa mapping from a known
word in a language ¢; to a set of known words in a
language /.

The following data are provided in this problem
setting:

* Source word embeddings: E, ..., E'ns.

« Bilingual dictionaries: D% 7% ... Dfns%o
and Dot Db bns,

* Target labeled data: X' := {(x;,y,)}", ina
low-resource language /.

The goal of this problem is to learn a classifier
f+ X — Y that optimizes an evaluation metric of
interest such as the accuracy or F;-measure with
respect to the target distribution.
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Figure 1: Overview of DHGNet. DHGNet takes DHG and word embeddings E* of source language(s) as inputs to
produce word embeddings of the target language E‘0. Then E‘o are used by a prediction function fpe, to predict
labels and optimize the loss of a target task. The bold and dashed arrows indicate forward and backward passes,
respectively. F‘o, parameters of DHGNet, are trainable. fg¢, can be a neural network. Colors indicate languages.

4 Proposed Method

In this section, we propose a novel method for
cross-lingual transfer using source word embed-
dings and bilingual dictionaries. Figure 1 illustrates
an overview of our proposed method.

4.1 Dictionary-based Heterogeneous Graph
(DHG)

First, we use bilingual dictionaries and words in
target labeled data to construct a heterogeneous
graph. Let V% be a vocabulary set of the target
language, V = U:: 0 V% be the vocabulary set of
all languages of interest, and ¢ : V — £ be the
word-to-language mapping'. DHG can be defined
as follows.

Definition 1 (Dictionary-based Heterogeneous
Graph). Dictionary-based heterogeneous graph G
is a directed graph G = (V,&,L,¢) where V
is the set of nodes (words), & is the set of edges:
E =, o p £ where £ = {(vy,v3) [, €

D57 (vy)

An example of DHG can be observed from Fig-
ure 1. It is straightforward to see that DHG can
be built by using words from target labeled data
and their translations. Common words in the target
language found in dictionaries can also be added.

'For notational simplicity, we assume words are non-
overlap among languages. In the implementation, same words
in different languages are treated as different nodes in DHG.

4.2 Dictionary-based Heterogeneous Graph
Neural Network (DHGNet)

We propose DHGNets to combine the different se-
mantic information of both word embeddings and
DHG to obtain d-dimensional target word embed-
dings E‘: V% — R,

Intuitively, DHGNet works by exploiting the com-
mon structure between languages encoded in word
embeddings. For example, a word “cat” in English
can link to many co-occurrence words that helps in
understanding the characteristics of real cats, and
that can be shared to a low-resource for the classifi-
cation task. The GNN in DHGNet (Figure 1) is vital
to allow words of different languages to share infor-
mation. That makes words from a low-resource in-
herits useful information from high-resources quan-
tified by an attention mechanism, which will be
introducted later.

Given the current target word embedding® E‘o,
DHG G, and source word embeddings E*, we up-
date the target word embedding with two steps:
cross-lingual transformation and propagation with
multi-source HGNN.

4.2.1 Cross-lingual Transformation

Pretrained word embeddings of different source lan-
guages are usually trained separately. Thus, we
should assume that they belong to different spaces
and can have different dimensionalities, namely, d,.
For the primary step, we must transform them to a

2 %o is randomly initialized at the first step of training.
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common space. To achieve that, we use the follow-
ing mapping E to map each word to the target word
embedding space:

B(v) = {w¢<v>E¢<v> (v) if $(v) # g

E(v) otherwise,

where W?(¥) ¢ R4*9e is a trainable cross-lingual
linear transformation.

4.2.2 Propagation with Multi-source HGNN

GNN:ss effectively learn node embedding via prop-
agating and aggregating the node features (embed-
dings) based on the graph structure. Therefore, we
can utilize a GNN to learn target word embeddings
by effectively aggregating and synthesizing the em-
beddings from semantically related source words
(neighboring nodes): F < GNN(E, G). One sim-
ple way is to use Graph Attention Networks (GATS)
(Velickovié et al., 2017) that can learn the important
of each node in a graph. Particularly, for a target
node t € V in any language, GAT performs the
following graph operation:

h, = WE(s),h, = WE(t)

— Soft (L kRLU( h))
@, = Softmax { LeakyRe "h|h,]

t—o( > asth) )
VseNg(

t)

where s € V and a € R denote source node and
the attention score, respectively; W € R%ut*4 and
a € R2dout are parameterized trainable weight ma-
trix and vector of the layer, respectively; N (%)
denotes all in-neighbors of a node t; o denotes
activation function; | is the concatenation oper-
ation. GATs usually use with multi-head atten-
tion by performing message passing on multiple
K independent heads, then concatenate the outputs:

by = [0 (Zy,en, o @b ebt). Finally, T, is
then used to update F(¢). In this paper, we use
GELU as the activation function and set the output
dimensions of each head d,,,, to d/K. The number
of GNN layers is set to 2.

Despite the ability of GAT to learn the saliency
of nodes, the model lacks the awareness of language
differences. This is because GAT is a homogeneous
GNN that treats all nodes and edges identically re-
gardless of their types, which may lead to subopti-
mal performance.

To effectively utilize DHG, we propose a multi-
source HGNN consisting of two steps. The first step

L [ J

Word-level aggregation

Language-level aggregation

Figure 2: Example of aggregation by multi-source

(1AL

HGNN for the target node “2w” in Thai language.

is to aggregate the relevant translations for each
language pair (word-level aggregation), and then
aggregate the knowledge over all language pairs
(language-level aggregation). For example, a Thai
word “51u” can be translated to “shop” and “store”
in English, and “/5” (shop) and ““& /7"’ (restaurant)
in Chinese. If a task is sentiment analysis of restau-
rant reviews, word-level aggregation decides to put
more weight on “& /T than “J5”, while language-
level aggregation decides to put more weight on
Chinese-Thai than English-Thai language pair be-
cause ““& /T is the most relevant meaning to the
task.

Mathematically, a homogeneous bilingual sub-
graph is defined as G%% = (V&: U Véj,é’ei’ed),
where either ¢; or £ is the target language /.
Word-level aggregation: For any target node in
any language ¢ € V, bilingual-specific node fea-
tures Bf“gj is calculated based on Eq. (1) using
G*%; with trainable parameters W***; and a‘+%
Language-level aggregation: Given Taf“zj from
word-level aggregation and let £ = ¢(t) be the lan-
guage of t. With trainable parameters W, W, and
a,, the target output for ¢ can be calculated by

o; = W111§a Of ‘= W, E(t)
Softmax

L kRLU( Tror ”))
VT’:\NGT(t)|>o( eakyke a, [0f]o;"]

~ —_— T AT
Ot—U( g atot),
)|>0

V?”i‘NGr<t

T __
0y =

where r denotes a pair of languages including a pair
of the same language. Figure 2 illustrates an exam-
ple of aggregation by multi-source HGNN. Note
that W is the same across language pairs and W,
is the same for all languages. Finally, multi-head
attention mechanism can also be applied to the tar-
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get output o,. To avoid oversmoothing when train-
ing GNN (Li et al., 2018), we also add a residual
connection (Chen et al., 2020) before updating the
embedding: E(t) < o, + E(t) for each layer.

4.2.3 End-to-end Optimization

To simultaneously train our DHGNet and a predic-
tion function, we use the target word embedding
E*o as an input of the prediction function and back-
propagate a loss to update the trainable parameters
of DHGNet, as illustrated in Figure 1.

Let us define ff¢, a prediction function that uses
target word embeddings to extract features of the
input space XX'. Also, we define Opyg to be train-
able parameters for DHGNet and L to be a loss
function to train a classifier fe,. For example, L
can be the average cross-entropy loss over train-
ing data. Then, the gradient information for the
DHGNet can be obtained by the following simple
chain rule: 88DLHG = B%LZO 86(5;:0. Therefore, L is
used to simultaneously train the prediction function
frt and DHGNet to produce good task-specific
word embeddings E‘o for solving the target task.

It is worth pointing out that in the cross-lingual
transformation step, one can learn W#(*) to control
the behavior of an embedding function E. For ex-
ample, using contrastive learning (Lazaridou et al.,
2015; Joulin et al., 2018) can encourage E to pro-
duce similar outputs between a pair of nodes that
contain translation between each other.

S Experiments

In this section, we conducted experiments to com-
pare our method with baselines and analyze the
method under different conditions.

5.1 Experiment Setup

Setting £y Task #docs  # classes
Bengali bn Topic 14,126 6
Bosnian bs  Sentiment 7,241 2
Malayalam  ml Topic 6,000 4
Tamil ta Topic 11,700 3
Thai-T th Intent 16,175 7
Thai-W th Rating 39,995 5

Table 1: Details and statistics of each setting.

Dataset — We conducted experiments on four
datasets in five different languages. For Thai
language (th), we used Truevoice (Thai-T) and
Wongnai (Thai-W) datasets in PyThaiNLP library
(Phatthiyaphaibun et al., 2016). We used news ar-
ticles in Bengali (bn), Malayalam (ml), and Tamil

(ta) languages from IndicNLPSuite (Kakwani et al.,
2020). For European languages, we used Twitter
sentiment (MozetiC et al., 2016) in Bosnian (bs)
language. In total, we have six different settings.
We used the average accuracy and macro-average
F,-measure of five runs as evaluation metrics. We
provide the statistics of each setting in Table 1.
Dictionary — We used word2word (Choe et al.,
2020). The bilingual dictionaries were auto-
matically constructed from OpenSubtitles2018
dataset (Lison et al., 2018).

Pretrained word embedding of DHGNet — We
used publicly available word vectors from Fast-
Text® (Bojanowski et al., 2017). For source lan-
guages, we used English (en), Arabic (ar), Chinese
(zh), French (fr), Persian (fa), and Spanish (es).

5.2 Comparison with baselines

We conducted experiments using multiple baseline
methods that can potentially apply to our settings, in-
cluding a statistical method, task-independent word
embeddings, and pretrained models. The list is as
follows:

* SVM: a Support Vector Machine classifier that
takes Term Frequency-Inverse Document Fre-
quency features as an input.

 FastText (Bojanowski et al., 2017): a task-
independent word embedding trained on
Wikipedia and Common Crawl only of a target
language.

¢ RCSLS (Joulin et al., 2018): a CLWE trained on
Wikipedia. We used public FastText* version.

e USE (Yang et al., 2020): a multilingual model
pretrained by solving multiple tasks, including
question answer, natural language inference, and
translation ranking in 16 languages. USE is avail-
able only for Thai language in our experiments.
Data sources include online forums, QA websites,
and public datasets.

* ULMFT (Howard and Ruder, 2018): a pretrained
language model pretrained on Wikipedia articles.
We used a publicly available pretrained model of
a target language.

* mBERT (Devlin et al., 2019): a multilingual pre-
trained BERT model trained on 104 languages.
The model is trained on machine-translated ver-
sions of BookCorpus (Zhu et al., 2015) and
Wikipedia articles.

Shttps://fasttext.cc/docs/en/
pretrained-vectors.html

“nttps://fasttext.cc/docs/en/
aligned-vectors.html
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Bengali Bosnian Malayalam Tamil Thai-T Thai-W
Acc F, Acc F, Acc F, Acc F, Acc F, Acc F,
SVM 84.05 7229 6273 6642 89.17 8940 96.75 96.78 30.93 827 46.41 18.94
FastText 83.27 80.57 6894 7134 90.67 90.85 96.67 96.69 75.00 78.62 48.17 16.13
FastText-LSTM  94.26 91.05 74.40 75.67 92.83 93.09 98.03 98.05 8443 86.83 59.02 45.16
RCSLS 83.70 78.57 70.05 72.14 - - 96.32 9636 30.81 876 48.17 16.13
RCSLS-LSTM 9376  90.30 70.53 73.30 - - 98.03 98.04 84.61 86.82 59.78 46.72
USE - - - - - - - - 84.77 8745 50.83 21.01
ULMFiT 93.62 91.10 - - 91.50 91.74 98.03 98.04 84.61 8549 59.18 46.71
mBERT 83.40 7652 7576 7721 91.60 91.80 97.01 97.02 8736 88.67 4620 21.76
mBERT-LSTM  89.23 8491 77.16 7852 91.17 9144 9650 96.52 87.05 88.08 46.37 12.67
XLM-R 9454 9244 53.07 6934 95.00 95.14 9744 9745 8996 91.63 4637 12.67
no-DHGNet 93.05 89.16 69.15 70.83 91.17 9144 9778 97.80 85.64 8734 59.24 46.04
DHGNet,,, 9426 91.08 7452 7635 9243 92,67 98.12 98.13 89.54 91.28 60.42 49.13
DHGNet 95.18 92.67 78.05 7837 93.50 93.67 98.29 9830 88.74 90.34 60.10 51.29

maulti

Table 2: Text classification results (mean accuracy and macro-average F;-measure). The bolded numbers indicate
the best performance in each case. The underlined numbers indicate the second best performances. The hyphen
indicates the unavailability of a pretrained model in a target language.

* XLM-R (Conneau et al., 2020): a large multilin-
gual model pretrained on colossal-scale corpus
with multi-objective pretraining (Conneau and
Lample, 2019).

* DHGNet: We used an AWD-LSTM (Merity et al.,
2018) as the prediction function. DHGNet,,, and
DHGNet,,, ,,;;; denote DHGNet with English and
multiple source languages (ar,en,es,fa,fr,zh), re-
spectively. We also included no-DHGNet that is
an AWD-LSTM without DHGNet for a compari-
son.

For FastText, RCSLS, and USE, we used SVM, ran-
dom forest, and logistic regression as classification
methods, and reported the result only of the one
with the best validation performance to save space.
For a better comparison, we also used the AWD-
LSTM as the classifier for FastText, RCSLS, and
mBERT named FastText-LSTM, RCSLS-LSTM,
and mBERT-LSTM. All pretrained models are fine-
tuned on a target data. For implementation de-
tails and hyperparameter settings, please see Ap-
pendix A.

The results are listed in Table 2. We observe that
DHGNet outperformed no-DHGNet in most set-
tings from 1.18% in Thai-W to significantly 8.90%
in Bosnian in absolute accuracy.

Furthermore, apart from XLM-R, DHGNet also
achieved higher performance than other pretrained
baselines, even though it did not access to any
large corpus of those target languages, such as
Wikipedia data. Note that XLM-R requires much
higher computational cost® and has different input

SXML-R required 40GB of GPU memory in our experi-
ments to finetune compared to maximally 16GB used by others.

source (Wikipedia data in 100 languages and more)
compared with DHGNet (source word embeddings,
bilingual dictionaries).

Figure 3 shows the results with varying training
size. It can be observed that DHGNet can still
perform relatively well under high data scarcity.
The gap between DHGNet and no-DHGNet is
larger as the training size decreases. Moreover, in
Bosnian, DHGNet,,, ,;;; consistently outperformed
DHGNet,,, and other methods.

The performance of all methods also depends on
the data provided for them. To the best of our knowl-
edge, there does not exist any methods that use the
same input source as our proposed DHGNets. As
a result, it is difficult to provide a fairness compar-
ison for all methods due to different data accessi-
bility. For example, Wikipedia data of the target
language were used by all baselines for pretraining
or producing word embeddings. On the other hand,
DHGNets never observe such data but use bilin-
gual dictionaries to construct DHG. Nevertheless,
our experiment shows that using bilingual dictio-
naries and source word embeddings can construct
a classifier that is competitive to baselines access-
ing to extremely large corpora. Thus, we believe
that DHGNet is the current best solution if paral-
lel corpora cannot be obtained but only bi-lingual
dictionary.

5.3 Analysis

We conducted further experiments to analyze the
effect of (1) quality of dictionary, (2) source lan-
guage, (3) source word embeddings, and (4) choice
of graph neural networks to the classification per-
formance of DHGNet.
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Figure 4: Classification results on each data with varying degree of noise (added incorrect translation) in dictionary.
Both DHGNets could maintain their performances and beat baselines even the dictionary were heavily tampered.

5.3.1 Quality of Dictionary

In practice, auto-generated dictionaries have cer-
tain noises for high co-occurrence words and wrong
word-segmentation as we found from word2word.
However, such noises are difficult to synthesize. To
analyze the effect of the quality of dictionaries, we
injected noise by randomly adding incorrect transla-
tion to worsen the quality of dictionary. For exam-
ple, “J” (cat) might have been added to the trans-
lation of “dog”. Random noise should worsen the
quality of dictionaries than practical noises because
the added words are likely to be highly dissimilar
to the correct translation.

Figure 4 shows the effect of dictionary qualities.
Both DHGNets could maintain performance even in
high noise presence and surpassed mBERT. Given
50% noise rate, DHGNets did not suffer from nega-
tive transfer because they achieved superior perfor-
mance than that of no-DHGNet.

DHGNets achieved high level of dictionary ro-
bustness owing to being able to identify the suitable
translations of each target word. Translations that
benefit the task were given more attention, while re-
ducing neutral and harmful ones. Knyazev et al.

14 Bengali Bosnian  Malayalam  Thai-T

ar  9355(6) 74854) 9290(2) 87.68(4)
en 9426 3) 7452(5) 9243(5) 89.54(1)
es 9398(5) 75.60(1) 92.67(4) 88.86 (3)
fa 94.68(1) 7420(6) 92.17(6) 89.02(2)
fr 94054) 7503(3) 9293(1) 86.85(5)
zh 9454(2) 7532(2) 9283(3) 86.34(6)

Table 3: Accuracy of DHGNet with different source lan-
guages. The numbers in parentheses indicate ranking.

(2019) showed that the attention mechanism in
GNNs can improve robustness to noisy graphs by
attending to important and avoiding noisy parts. By
having more sources, DHGNet, . ;;; outperformed
DHGNet,,, in most cases.

5.3.2 Choice of Source Languages

We investigate the effect of choosing different
source languages. The results are listed in Table 3.
We observe that the choice of source languages can
improve up to 3% absolute accuracy. There is no
best source language for all settings. English, which
is the most resource-rich, could give inferior per-
formance in some cases. The worst performance
of each setting in Table 3 still outperformed no-
DHGNet in Table 2, indicating no negative transfer.
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5.3.3 Quality of Source Word Embeddings

To analyze the quality of source word embed-
dings, we changed the source word embeddings of
DHGNet,,, to GloVe (Pennington et al., 2014), RC-
SLS, and Wiki2vec (Yamada et al., 2016). We also
included a variant that does not use any pretrained
word embeddings by replacing them with trainable
randomly-initialized word vectors (Randlnit).

Table 4 shows the performance of DHGNet with
different source word embeddings. RandInit can
be observed to perform worst. This indicates the
benefit of using source word embeddings.

Bengali Bosnian  Malayalam Thai-T
RandInit  94.40(3) 71.57(5) 91.33(5) 87244
FastText 9433 (4) 76.60(1) 9243(4) 89.54(1)
GloVe 94.05(5) 7591 (2) 9350(1) 87.89(3)
RCSLS 94.68 (2) 7550(3) 92.83(3) 88.14(2)
Wiki2vec 95.04(1) 7529(4) 93.50(1) 87.17(5)

Table 4: Accuracy of DHGNet,,, with different source
pretrained word embeddings. The numbers in parenthe-
ses indicate ranking.

5.3.4 Choice of Graph Neural Networks

One core component of DHGNet is Multi-source
HGNN described in Section 4.2.2. To analyze its
effect in the multi-source scenario, we replaced
our proposed multi-source HGNN in DHGNet,, ;.
to other GNNs. We included homogeneous
GNNs: GCN (Kipf and Welling, 2016) and GAT
(Velickovic€ et al., 2017) and heteregeneous GNN:
RGCN (Schlichtkrull et al., 2018). RGCN employs
distinct weights for each relation (language pair)
with the mean aggregation. Note that to use a differ-
ent GNN to solve the problem, we must still use our
proposed DHG (Section 4.1), cross-lingual transfor-
mation technique (Section 4.2.1), and the end-to-
end optimization (Section 4.2.3). Table 5 lists the
performance of DHGNet,,, ,;,; with different GNNs.
It can be observed that our proposed method out-
performed other baseline GNNSs.

Bengali Bosnian ~ Malayalam Thai-T
GCN 94.61(2) 77.28@4) 92.83(2) 89.06 (1)
GAT 9454 (3) 7743(2) 9133(4) 87.86(4)
RGCN  94.12(4) 7732(3) 92.17(3)  89.06 (1)
Ours 95.18(1) 78.05(1) 93.50(1) 88.74(3)
Table 5: Accuracy of DHGNet,,,;;; with different

GNNs. The numbers in parentheses indicate ranking.

6 Discussion and Conclusions

We proposed a method based on heterogeneous
graph neural networks called DHGNet to trans-
fer the source word embeddings through bilingual
dictionaries. Without task-specific source data,
DHGNet demonstrates that it can outperform mod-
els pretrained on extremely large corpora. Further-
more, our results revealed that DHGNet can per-
form well even though dictionaries contain many
incorrect translations. Its robustness opens the pos-
sibility to use a wider range of dictionaries such as
an automatically constructed dictionary and crowd-
sourced dictionary.

Limitation — Because our method operates on the
word level, some words may not be found in bilin-
gual dictionaries although they are in the dictio-
naries in a different form. This may occur in
languages that have declensions, e.g., Malayalam,
Japanese, and Sanskrit. For computational limi-
tation, DHGNet,,,,,;;; can be trained with a DHG
upto 30K target words®, 110K source words, and
1M edges for long documents, e.g., news articles,
on a single NVIDIA Tesla V100-16GB.

Acknowledgments

This work was supported by JST CREST (Grant
Number JPMJCR1687), JSPS Grant-in-Aid for
Scientific Research (Grant Number 17H01785,
21K12042), and the New Energy and Indus-
trial Technology Development Organization (Grant
Number JPNP20006). Nuttapong Chairatanakul
was supported by MEXT scholarship. Nontawat
Charoenphakdee was supported by MEXT scholar-
ship and Google PhD Fellowship Program.

References

Gaurav Arora. 2020. iNLTK: Natural language toolkit
for indic languages. In Proceedings of Second Work-
shop for NLP Open Source Software (NLP-OSS),
pages 6671, Online. Association for Computational
Linguistics.

Mikel Artetxe, Gorka Labaka, and Eneko Agirre. 2018.
Generalizing and improving bilingual word embed-
ding mappings with a multi-step framework of linear
transformations. In Proceedings of the AAAI Confer-
ence on Artificial Intelligence, volume 32.

Jimmy Lei Ba, Jamie Ryan Kiros, and Geoffrey E Hin-
ton. 2016. Layer normalization. Neural Information
Processing Systems - Deep Learning Symposium.

%Only words found in bilingual dictionaries are counted.

1512


https://doi.org/10.18653/v1/2020.nlposs-1.10
https://doi.org/10.18653/v1/2020.nlposs-1.10

Nuria Bel, Cornelis HA Koster, and Marta Villegas.
2003. Cross-lingual text categorization. In Interna-
tional Conference on Theory and Practice of Digital
Libraries, pages 126—139. Springer.

Piotr Bojanowski, Edouard Grave, Armand Joulin, and
Tomas Mikolov. 2017. Enriching word vectors with
subword information. Transactions of the Associa-
tion for Computational Linguistics, 5:135-146.

Nuttapong Chairatanakul, Xin Liu, and Tsuyoshi Mu-
rata. 2021. PGRA: Projected graph relation-
feature attention network for heterogeneous infor-
mation network embedding. Information Sciences,
570:769-794.

Ming Chen, Zhewei Wei, Zengfeng Huang, Bolin Ding,
and Yaliang Li. 2020. Simple and deep graph convo-
lutional networks. In Proceedings of the 37th Inter-
national Conference on Machine Learning, volume
119 of Proceedings of Machine Learning Research,
pages 1725-1735. PMLR.

Boris Chidlovskii, Stephane Clinchant, and Gabriela
Csurka. 2016. Domain adaptation in the absence
of source domain data. In Proceedings of the 22nd
ACM SIGKDD International Conference on Knowl-
edge Discovery and Data Mining, pages 451-460.

Yo Joong Choe, Kyubyong Park, and Dongwoo Kim.
2020. word2word: A collection of bilingual lexi-
cons for 3,564 language pairs. In Proceedings of
the 12th International Conference on Language Re-
sources and Evaluation (LREC 2020).

Christopher Cieri, Mike Maxwell, Stephanie Strassel,
and Jennifer Tracey. 2016. Selection criteria for
low resource language programs. In Proceed-
ings of the Tenth International Conference on Lan-
guage Resources and Evaluation (LREC’16), pages
4543-4549.

Alexis Conneau, Kartikay Khandelwal, Naman Goyal,
Vishrav Chaudhary, Guillaume Wenzek, Francisco
Guzman, Edouard Grave, Myle Ott, Luke Zettle-
moyer, and Veselin Stoyanov. 2020. Unsupervised
cross-lingual representation learning at scale. In
Proceedings of the 58th Annual Meeting of the
Association for Computational Linguistics, pages
8440-8451, Online. Association for Computational
Linguistics.

Alexis Conneau and Guillaume Lample. 2019. Cross-
lingual language model pretraining. In Advances in
Neural Information Processing Systems, volume 32.
Curran Associates, Inc.

Alexis Conneau, Ruty Rinott, Guillaume Lample, Ad-
ina Williams, Samuel Bowman, Holger Schwenk,
and Veselin Stoyanov. 2018. XNLI: Evaluating cross-
lingual sentence representations. In Proceedings of
the 2018 Conference on Empirical Methods in Nat-
ural Language Processing, pages 24752485, Brus-
sels, Belgium. Association for Computational Lin-
guistics.

Li Deng and Yang Liu. 2018. Deep learning in natural
language processing. Springer.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and
Kristina Toutanova. 2019. BERT: pre-training of
deep bidirectional transformers for language under-
standing. In Proceedings of the 2019 Conference
of the North American Chapter of the Association
for Computational Linguistics: Human Language
Technologies, NAACL-HLT 2019, Minneapolis, MN,
USA, June 2-7, 2019, Volume 1 (Long and Short Pa-
pers), pages 4171-4186. Association for Computa-
tional Linguistics.

Xiangyu Duan, Baijun Ji, Hao Jia, Min Tan, Min Zhang,
Boxing Chen, Weihua Luo, and Yue Zhang. 2020.
Bilingual dictionary based neural machine transla-
tion without using parallel sentences. In Proceedings
of the 58th Annual Meeting of the Association for
Computational Linguistics, pages 1570-1579, On-
line. Association for Computational Linguistics.

Long Duong, Hiroshi Kanayama, Tengfei Ma, Steven
Bird, and Trevor Cohn. 2016. Learning crosslin-
gual word embeddings without bilingual corpora.
In Proceedings of the 2016 Conference on Empiri-
cal Methods in Natural Language Processing, pages
1285-1295, Austin, Texas. Association for Computa-
tional Linguistics.

Ali Farhadi, Ian Endres, Derek Hoiem, and David
Forsyth. 2009. Describing objects by their attributes.
In 2009 IEEE Conference on Computer Vision and
Pattern Recognition, pages 1778—1785. IEEE.

Matthias Fey and Jan E. Lenssen. 2019. Fast graph
representation learning with PyTorch Geometric. In
ICLR Workshop on Representation Learning on
Graphs and Manifolds.

Justin Gilmer, Samuel S. Schoenholz, Patrick F. Riley,
Oriol Vinyals, and George E. Dahl. 2017. Neural
message passing for quantum chemistry. In Proceed-
ings of the 34th International Conference on Machine
Learning - Volume 70, International Conference on
Machine Learning, page 1263 —1272. JMLR.org.

Marco Gori, Gabriele Monfardini, and Franco Scarselli.
2005. A new model for learning in graph domains.
In Proceedings. 2005 IEEE International Joint Con-
ference on Neural Networks, 2005., volume 2, pages
729-734. IEEE.

Edouard Grave, Armand Joulin, and Quentin Berthet.
2019. Unsupervised alignment of embeddings with
wasserstein procrustes. In Proceedings of Machine
Learning Research, volume 89 of Proceedings of Ma-
chine Learning Research, pages 1880-1890. PMLR.

Reza Haffari, Colin Cherry, George Foster, Shahram
Khadivi, and Bahar Salehi. 2018. Proceedings of
the workshop on deep learning approaches for low-
resource nlp. In Proceedings of the Workshop on
Deep Learning Approaches for Low-Resource NLP.

1513


http://proceedings.mlr.press/v119/chen20v.html
http://proceedings.mlr.press/v119/chen20v.html
https://doi.org/10.18653/v1/2020.acl-main.747
https://doi.org/10.18653/v1/2020.acl-main.747
https://proceedings.neurips.cc/paper/2019/file/c04c19c2c2474dbf5f7ac4372c5b9af1-Paper.pdf
https://proceedings.neurips.cc/paper/2019/file/c04c19c2c2474dbf5f7ac4372c5b9af1-Paper.pdf
https://doi.org/10.18653/v1/D18-1269
https://doi.org/10.18653/v1/D18-1269
https://doi.org/10.18653/v1/n19-1423
https://doi.org/10.18653/v1/n19-1423
https://doi.org/10.18653/v1/n19-1423
https://doi.org/10.18653/v1/2020.acl-main.143
https://doi.org/10.18653/v1/2020.acl-main.143
https://doi.org/10.18653/v1/D16-1136
https://doi.org/10.18653/v1/D16-1136
http://proceedings.mlr.press/v89/grave19a.html
http://proceedings.mlr.press/v89/grave19a.html

William L. Hamilton, Rex Ying, and Jure Leskovec.
2017. Inductive representation learning on large
graphs. In Proceedings of the 3 1st International Con-
ference on Neural Information Processing Systems,
NIPS’ 17, pages 1025-1035, Red Hook, NY, USA.
Curran Associates Inc.

Jeremy Howard and Sylvain Gugger. 2020. Fastai: A
layered api for deep learning. Information, 11(2).

Jeremy Howard and Sebastian Ruder. 2018. Universal
language model fine-tuning for text classification. In
Proceedings of the 56th Annual Meeting of the As-
sociation for Computational Linguistics (Volume 1:
Long Papers), pages 328-339, Melbourne, Australia.
Association for Computational Linguistics.

Ziniu Hu, Yuxiao Dong, Kuansan Wang, and Yizhou
Sun. 2020. Heterogeneous graph transformer. In
Proceedings of The Web Conference 2020, WWW
720, pages 27042710, New York, NY, USA. ACM
Press.

Armand Joulin, Piotr Bojanowski, Tomas Mikolov,
Hervé Jégou, and Edouard Grave. 2018. Loss in
translation: Learning bilingual word mapping with
aretrieval criterion. In Proceedings of the 2018 Con-
ference on Empirical Methods in Natural Language
Processing.

Divyanshu Kakwani, Anoop Kunchukuttan, Satish
Golla, Gokul N.C., Avik Bhattacharyya, Mitesh M.
Khapra, and Pratyush Kumar. 2020. IndicNLP-
Suite: Monolingual corpora, evaluation benchmarks
and pre-trained multilingual language models for In-
dian languages. In Findings of the Association for
Computational Linguistics: EMNLP 2020, pages
4948-4961, Online. Association for Computational
Linguistics.

David Kamholz, Jonathan Pool, and Susan Colowick.
2014. PanLex: Building a resource for panlingual
lexical translation. In Proceedings of the Ninth
International Conference on Language Resources
and Evaluation (LREC’14), pages 3145-3150, Reyk-
javik, Iceland. European Language Resources Asso-
ciation (ELRA).

Giannis Karamanolakis, Daniel Hsu, and Luis Gravano.
2020. Cross-lingual text classification with minimal
resources by transferring a sparse teacher. In Find-
ings of the Association for Computational Linguis-
tics: EMNLP 2020, pages 3604-3622, Online. As-
sociation for Computational Linguistics.

Thomas N Kipf and Max Welling. 2016.  Semi-
supervised classification with graph convolutional
networks. In International Conference on Learning
Representations.

Boris Knyazev, Graham W Taylor, and Mohamed Amer.
2019. Understanding attention and generalization in
graph neural networks. Advances in Neural Informa-
tion Processing Systems, 32:4202-4212.

Jogendra Nath Kundu, Naveen Venkat, R Venkatesh
Babu, et al. 2020. Universal source-free domain
adaptation. In Proceedings of the IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition,

pages 4544-4553.

Guillaume Lample, Alexis Conneau, Marc’Aurelio Ran-
zato, Ludovic Denoyer, and Hervé Jégou. 2018.
Word translation without parallel data. In Interna-
tional Conference on Learning Representations.

Angeliki Lazaridou, Georgiana Dinu, and Marco Ba-
roni. 2015. Hubness and pollution: Delving into
cross-space mapping for zero-shot learning. In Pro-
ceedings of the 53rd Annual Meeting of the Associa-
tion for Computational Linguistics and the 7th Inter-
national Joint Conference on Natural Language Pro-
cessing (Volume 1: Long Papers), pages 270-280,
Beijing, China. Association for Computational Lin-
guistics.

Yann LeCun, Yoshua Bengio, and Geoffrey Hinton.
2015. Deep learning. Nature, 521(7553):436-444.

Qimai Li, Zhichao Han, and Xiao-Ming Wu. 2018.
Deeper insights into graph convolutional networks
for semi-supervised learning. In Proceedings of
the AAAI Conference on Artificial Intelligence, vol-
ume 32.

Jian Liang, Dapeng Hu, and Jiashi Feng. 2020. Do we
really need to access the source data? source hypoth-
esis transfer for unsupervised domain adaptation. In-
ternational Conference on Machine Learning.

Pierre Lison, Jorg Tiedemann, and Milen Kouylekov.
2018. OpenSubtitles2018: Statistical rescoring of
sentence alignments in large, noisy parallel corpora.
In Proceedings of the Eleventh International Confer-
ence on Language Resources and Evaluation (LREC
2018), Miyazaki, Japan. European Language Re-
sources Association (ELRA).

Zihan Liu, Jamin Shin, Yan Xu, Genta Indra Winata,
Peng Xu, Andrea Madotto, and Pascale Fung. 2019.
Zero-shot cross-lingual dialogue systems with trans-
ferable latent variables. In Proceedings of the
2019 Conference on Empirical Methods in Natu-
ral Language Processing and the 9th International
Joint Conference on Natural Language Processing
(EMNLP-IJCNLP), pages 1297-1303, Hong Kong,
China. Association for Computational Linguistics.

Zihan Liu, Genta Indra Winata, Peng Xu, Zhaojiang Lin,
and Pascale Fung. 2020. Cross-lingual spoken lan-
guage understanding with regularized representation
alignment. EMNLP.

Stephen Mayhew, Chen-Tse Tsai, and Dan Roth. 2017.
Cheap translation for cross-lingual named entity
recognition. In Proceedings of the 2017 conference
on empirical methods in natural language processing,

pages 2536-2545.

1514


https://doi.org/10.3390/info11020108
https://doi.org/10.3390/info11020108
https://doi.org/10.18653/v1/P18-1031
https://doi.org/10.18653/v1/P18-1031
https://doi.org/10.18653/v1/2020.findings-emnlp.445
https://doi.org/10.18653/v1/2020.findings-emnlp.445
https://doi.org/10.18653/v1/2020.findings-emnlp.445
https://doi.org/10.18653/v1/2020.findings-emnlp.445
http://www.lrec-conf.org/proceedings/lrec2014/pdf/1029_Paper.pdf
http://www.lrec-conf.org/proceedings/lrec2014/pdf/1029_Paper.pdf
https://doi.org/10.18653/v1/2020.findings-emnlp.323
https://doi.org/10.18653/v1/2020.findings-emnlp.323
https://doi.org/10.3115/v1/P15-1027
https://doi.org/10.3115/v1/P15-1027
https://www.aclweb.org/anthology/L18-1275
https://www.aclweb.org/anthology/L18-1275
https://doi.org/10.18653/v1/D19-1129
https://doi.org/10.18653/v1/D19-1129

Bryan McCann, James Bradbury, Caiming Xiong, and
Richard Socher. 2017. Learned in translation: Con-
textualized word vectors. In Proceedings of the 31st
International Conference on Neural Information Pro-
cessing Systems, NIPS’17, page 6297 — 6308, Red
Hook, NY, USA. Curran Associates Inc.

Stephen Merity, Nitish Shirish Keskar, and Richard
Socher. 2018. Regularizing and optimizing LSTM
language models. In International Conference on
Learning Representations.

Tomas Mikolov, Kai Chen, Greg Corrado, and Jeffrey
Dean. 2013a. Efficient estimation of word represen-
tations in vector space. In Proceedings of Interna-
tional Conference on Learning Representation Work-
shop Track.

Tomds Mikolov, Quoc V. Le, and Ilya Sutskever. 2013b.
Exploiting similarities among languages for machine
translation. CoRR, abs/1309.4168.

Igor Mozeti¢, Miha Grcar, and Jasmina Smailovic.
2016.  Multilingual twitter sentiment classifica-
tion: The role of human annotators. PLOS ONE,
11(5):1-26.

Daniel Nettle. 1998. Explaining global patterns of lan-
guage diversity. Journal of anthropological archae-
ology, 17(4):354-374.

Sonja NieBen and Hermann Ney. 2004. Statistical ma-
chine translation with scarce resources using morpho-
syntactic information.  Computational linguistics,
30(2):181-204.

Sinno Jialin Pan and Qiang Yang. 2009. A survey on
transfer learning. [EEE Transactions on knowledge
and data engineering, 22(10):1345-1359.

F. Pedregosa, G. Varoquaux, A. Gramfort, V. Michel,
B. Thirion, O. Grisel, M. Blondel, P. Prettenhofer,
R. Weiss, V. Dubourg, J. Vanderplas, A. Passos,
D. Cournapeau, M. Brucher, M. Perrot, and E. Duch-
esnay. 2011.  Scikit-learn: Machine learning in
Python. Journal of Machine Learning Research,
12:2825-2830.

Jeffrey Pennington, Richard Socher, and Christopher D
Manning. 2014. Glove: Global vectors for word rep-
resentation. In Proceedings of the 2014 conference
on empirical methods in natural language processing
(EMNLP), pages 1532—1543.

Jason Phang, lacer Calixto, Phu Mon Htut, Yada
Pruksachatkun, Haokun Liu, Clara Vania, Katha-
rina Kann, and Samuel Bowman. 2020. English
intermediate-task training improves zero-shot cross-
lingual transfer too. In Proceedings of the 1st Con-
ference of the Asia-Pacific Chapter of the Associa-
tion for Computational Linguistics and the 10th In-
ternational Joint Conference on Natural Language
Processing, pages 557-575.

Wannaphong Phatthiyaphaibun, Korakot Chaovavanich,
Charin Polpanumas, Arthit Suriyawongkul, Lalita
Lowphansirikul, and Pattarawat Chormai. 2016.
PyThaiNLP: Thai Natural Language Processing in
Python.

Bernardino Romera-Paredes and Philip Torr. 2015. An
embarrassingly simple approach to zero-shot learn-
ing. In International Conference on Machine Learn-
ing, pages 2152-2161.

Michael T Rosenstein, Zvika Marx, Leslie Pack Kael-
bling, and Thomas G Dietterich. 2005. To transfer or
not to transfer. In NIPS 2005 workshop on transfer
learning, volume 898, pages 1-4.

Sebastian Ruder. 2019. Neural transfer learning for nat-
ural language processing. Ph.D. thesis, NUI Galway.

Sebastian Ruder, Ivan Vuli¢, and Anders Sggaard.
2019. A survey of cross-lingual word embedding
models. Journal of Artificial Intelligence Research,
65:569-631.

Alvaro Sanchez-Gonzalez, Nicolas Heess, Jost Tobias
Springenberg, Josh Merel, Martin Riedmiller, Raia
Hadsell, and Peter Battaglia. 2018. Graph networks
as learnable physics engines for inference and control.
In Proceedings of the 35th International Conference
on Machine Learning, pages 4470-4479, Stockholm,
Sweden.

Nikunj Saunshi, Sadhika Malladi, and Sanjeev Arora.
2021. A mathematical exploration of why language
models help solve downstream tasks. In Interna-
tional Conference on Learning Representations.

Michael Schlichtkrull, Thomas N Kipf, Peter Bloem,
Rianne Van Den Berg, Ivan Titov, and Max Welling.
2018. Modeling relational data with graph convolu-
tional networks. In European Semantic Web Confer-
ence, pages 593—-607. Springer.

Jirgen Schmidhuber. 2015. Deep learning in neural net-
works: An overview. Neural networks, 61:85—-117.

Anil Kumar Singh. 2008. Natural language processing
for less privileged languages: Where do we come
from? where are we going? In Proceedings of the
IJCNLP-08 Workshop on NLP for Less Privileged
Languages.

Shyam Upadhyay, Manaal Faruqui, Chris Dyer, and Dan
Roth. 2016. Cross-lingual models of word embed-
dings: An empirical comparison. In Proceedings
of the 54th Annual Meeting of the Association for
Computational Linguistics (Volume 1: Long Papers),
pages 1661-1670, Berlin, Germany. Association for
Computational Linguistics.

Shyam Upadhyay, Manaal Faruqui, Gokhan Tiir,
Hakkani-Tiir Dilek, and Larry Heck. 2018. (almost)
zero-shot cross-lingual spoken language understand-
ing. In 2018 IEEE International Conference on
Acoustics, Speech and Signal Processing (ICASSP),
pages 6034-6038. IEEE.

1515


https://openreview.net/forum?id=SyyGPP0TZ
https://openreview.net/forum?id=SyyGPP0TZ
http://arxiv.org/abs/1309.4168
http://arxiv.org/abs/1309.4168
https://doi.org/10.1371/journal.pone.0155036
https://doi.org/10.1371/journal.pone.0155036
https://doi.org/10.5281/zenodo.3519354
https://doi.org/10.5281/zenodo.3519354
https://doi.org/10.18653/v1/P16-1157
https://doi.org/10.18653/v1/P16-1157

Sappadla Prateek Veeranna, Jinseok Nam, Eneldo Loza Yinfei Yang, Daniel Cer, Amin Ahmad, Mandy Guo,

Mencia, and Johannes Fiirnkranz. 2016. Using se-
mantic similarity for multi-label zero-shot classifica-
tion of text documents. In Proceeding of European
Symposium on Artificial Neural Networks, Compu-
tational Intelligence and Machine Learning. Bruges,
Belgium: Elsevier, pages 423-428.

Petar Velickovié¢, Guillem Cucurull, Arantxa Casanova,
Adriana Romero, Pietro Lio, and Yoshua Bengio.

Jax Law, Noah Constant, Gustavo Hernandez Abrego,
Steve Yuan, Chris Tar, Yun-hsuan Sung, Brian
Strope, and Ray Kurzweil. 2020. Multilingual univer-
sal sentence encoder for semantic retrieval. In Pro-
ceedings of the 58th Annual Meeting of the Associa-
tion for Computational Linguistics: System Demon-
strations, pages 87-94, Online. Association for Com-
putational Linguistics.

2017. Graph attention networks. In International ~ 11ang Yao, Chengsheng Mao, and Yuan Luo. 2019.

Conference on Learning Representations.

Jayakorn Vongkulbhisal, Phongtharin Vinayavekhin,
and Marco Visentini-Scarzanella. 2019. Unifying
heterogeneous classifiers with distillation. In Pro-
ceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, pages 3175-3184.

Graph convolutional networks for text classification.
Proceedings of the AAAI Conference on Artificial In-
telligence, 33(01):7370-7377.

Jingqing Zhang, Piyawat Lertvittayakumjorn, and Yike

Guo. 2019. Integrating semantic knowledge to
tackle zero-shot text classification. arXiv preprint
arXiv:1903.12626.

Ivan Vuli¢, Goran Glavas, Roi Reichart, and Anna Ko- ~ Mozhi Zhang, Yoshinari Fujinuma, and Jordan Boyd-

rhonen. 2019. Do we really need fully unsuper-
vised cross-lingual embeddings? In Proceedings of
the 2019 Conference on Empirical Methods in Natu-
ral Language Processing and the 9th International
Joint Conference on Natural Language Processing

Graber. 2020a.  Exploiting cross-lingual subword
similarities in low-resource document classification.
In Proceedings of the AAAI Conference on Artificial
Intelligence, volume 34, pages 9547-9554.

(EMNLP-IJCNLP), pages 4407-4418, Hong Kong, = Mozhi Zhang, Yoshinari Fujinuma, Michael J. Paul, and

China. Association for Computational Linguistics.

Xiao Wang, Houye Ji, Chuan Shi, Bai Wang, Yanfang
Ye, Peng Cui, and Philip S Yu. 2019. Heterogeneous
Graph Attention Network. In Proceedings of The

Jordan Boyd-Graber. 2020b. Why overfitting isn’t
always bad: Retrofitting cross-lingual word embed-
dings to dictionaries. In Proceedings of the Associa-
tion for Computational Linguistics.

Web Conference 20]9’ pages 2022_2032’ San Fran- Yukun Zhu, Ryan KiI'OS, Rich Zemel, Ruslan Salakhut-

cisco, CA, USA. ACM Press.

Jiateng Xie, Zhilin Yang, Graham Neubig, Noah A.
Smith, and Jaime Carbonell. 2018. Neural cross-
lingual named entity recognition with minimal re-
sources. In Proceedings of the 2018 Conference on
Empirical Methods in Natural Language Processing,
pages 369-379, Brussels, Belgium. Association for
Computational Linguistics.

Ruochen Xu, Yiming Yang, Hanxiao Liu, and Andrew
Hsi. 2016. Cross-lingual text classification via model
translation with limited dictionaries. In Proceed-
ings of the 25th ACM International on Conference
on Information and Knowledge Management, pages

95-104.

Ruochen Xu, Yiming Yang, Naoki Otani, and Yuexin
Wu. 2018. Unsupervised cross-lingual transfer of
word embedding spaces. In Proceedings of the 2018
Conference on Empirical Methods in Natural Lan-
guage Processing, pages 2465-2474, Brussels, Bel-
gium. Association for Computational Linguistics.

Ikuya Yamada, Hiroyuki Shindo, Hideaki Takeda, and
Yoshiyasu Takefuji. 2016. Joint learning of the em-
bedding of words and entities for named entity disam-
biguation. In Proceedings of The 20th SIGNLL Con-
ference on Computational Natural Language Learn-
ing, pages 250-259. Association for Computational
Linguistics.

1516

dinov, Raquel Urtasun, Antonio Torralba, and Sanja
Fidler. 2015. Aligning books and movies: Towards
story-like visual explanations by watching movies
and reading books. In Proceedings of the IEEE
international conference on computer vision, pages

19-27.

Barret Zoph, Deniz Yuret, Jonathan May, and Kevin

Knight. 2016. Transfer learning for low-resource neu-
ral machine translation. In Proceedings of the 2016
Conference on Empirical Methods in Natural Lan-
guage Processing, pages 1568—1575, Austin, Texas.
Association for Computational Linguistics.


https://doi.org/10.18653/v1/D19-1449
https://doi.org/10.18653/v1/D19-1449
https://doi.org/10.18653/v1/D18-1034
https://doi.org/10.18653/v1/D18-1034
https://doi.org/10.18653/v1/D18-1034
https://doi.org/10.18653/v1/D18-1268
https://doi.org/10.18653/v1/D18-1268
https://doi.org/10.18653/v1/2020.acl-demos.12
https://doi.org/10.18653/v1/2020.acl-demos.12
https://doi.org/10.1609/aaai.v33i01.33017370
https://doi.org/10.18653/v1/2020.acl-main.201
https://doi.org/10.18653/v1/2020.acl-main.201
https://doi.org/10.18653/v1/2020.acl-main.201
https://doi.org/10.18653/v1/D16-1163
https://doi.org/10.18653/v1/D16-1163

A Implementation Notes and
Hyperparameter Settings

We implemented DHGNet based on PyTorch’ and
PyTorch Geometric (Fey and Lenssen, 2019) li-
braries in Python 3.6. To train AWD-LSTM, we
used fastai (Howard and Gugger, 2020) library ver-
sion 1.0.61. All experiments except for XLM-R
were conducted on Intel Xeon Gold 6148 CPU @
2.4 GHz, 5 Cores, 60GB RAM, NVIDIA Tesla
V100-16GB. The experiments for XLM-R were
conducted on Intel Xeon Platinum 8360Y CPU @
2.4 GHz, 9 Cores, 60GB RAM, NVIDIA A100-
40GB.

We obtained RCSLS word embeddings from pub-
licly available FastText® version. For FastText and
RCSLS, we averaged the word embeddings for each
input data to form the input features, then use them
as input to train and predict with a classifier. The
classifier is selected from {Logistic, RBF-SVM,
Random Forest} performing best on the validation
set using Scikit-learn library (Pedregosa et al., 2011)
with their default hyperparameter settings. The sim-
ilar was also applied to USE.

For ULMFiT, we obtained the pretrained model
in each target language from: iNLTK (Arora, 2020)
for Bengali, Malayalam, and Tamil languages and
PyThaiNLP library (Phatthiyaphaibun et al., 2016)
for Thai language.

For mBERT and XLLM-R, we finetuned it on la-
beled target data using simpletransformers® library
with AdamW optimizer, learning rate: 4e —5, batch
size: 32, maximum sequence length: 300, and the
number of epochs: 15.

For models with AWD-LSTM, including both
DHGNets, we performed language model training
on the input documents of a target language in the
training set before classification learning. We ex-
perimentally found that creating language models
with the next word prediction task before training
for the target task yields better results than without
it in most cases. Saunshi et al. (2021) justify that
the next word prediction tasks pretrain the mod-
els in a meaningful way for the target classification
tasks. The models shared the same AWD-LSTM
hyperparameters for each experimental setting. The
hyperpameters were derived from the default setting
in fastai library:

"https://pytorch.org/
8https://fasttext.cc/docs/en/
aligned-vectors.html

‘https://github.com/ThilinaRajapakse/
simpletransformers

* embedding dropout: 0.02 and 0.05

* the number of LSTM cells: 1152 and 1152
* LSTM input dropout: 0.25 and 0.4

» LSTM weight dropout: 0.2 and 0.5

* between LSTMs dropout: 0.15 and 0.3

* output dropout: 0.1 and 0.4

for language model training and classification train-
ing, respectively. We set the embedding dimension
d to 300. The number of LSTM layers was set to 1
for Albanian and Bosnian settings because the texts
are short, while it was set to 3 for the others. Batch
size, maximum sequence length, and BPTT length
were set to 32, 700, and 70, respectively. For Thai
language, we used the default tokenizer and text
pre/post-processing from PyThaiNLP. Otherwise,
we used the default from fastai.

For DHGNet, we set the number of GNN lay-
ers to 2. The number of multi-heads and output
dimensions of each head d_,,, were set to 10 and
30, respectively. We applied Layer Normalization
(Ba et al., 2016) to each GNN layer’s input and
the output of DHGNet. For Albanian and Bosnian
settings, we added 30,000 common words found
in bilingual dictionaries for handling the Out-of-
Vocabulary problem in the test set. We also used
contrastive learning as mentioned in the last para-
graph of Section 4.2.3 for refining the initial £
and the cross-lingual transformation in these two
settings.
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