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Abstract

We propose a novel geometric approach for
learning bilingual mappings given monolin-
gual embeddings and a bilingual dictionary.
Our approach decouples the source-to-target
language transformation into (a) language-
specific rotations on the original embeddings
to align them in a common, latent space, and
(b) a language-independent similarity met-
ric in this common space to better model
the similarity between the embeddings. Over-
all, we pose the bilingual mapping prob-
lem as a classification problem on smooth
Riemannian manifolds. Empirically, our ap-
proach outperforms previous approaches on
the bilingual lexicon induction and cross-
lingual word similarity tasks.

We next generalize our framework to rep-
resent multiple languages in a common latent
space. Language-specific rotations for all the
languages and a common similarity metric
in the latent space are learned jointly from
bilingual dictionaries for multiple language
pairs. We illustrate the effectiveness of joint
learning for multiple languages in an indirect
word translation setting.

1 Introduction

Bilingual word embeddings are a useful tool
in natural language processing (NLP) that has
attracted a lot of interest lately due to a fun-
damental property: similar concepts/words across

*This work was carried out during the author’s internship
at Microsoft, India.

different languages are mapped close to each
other in a common embedding space. Hence,
they are useful for joint/transfer learning and
sharing annotated data across languages in
different NLP applications such as machine
translation (Gu et al., 2018), building bilingual
dictionaries (Mikolov et al., 2013b), mining par-
allel corpora (Conneau et al., 2018), text clas-
sification (Klementiev et al., 2012), sentiment
analysis (Zhou et al., 2015), and dependency
parsing (Ammar et al., 2016).

Mikolov et al. (2013b) empirically show that a
linear transformation of embeddings from one
language to another preserves the geometric ar-
rangement of word embeddings. In a supervised
setting, the transformation matrix, W, is learned
given a small bilingual dictionary and their
corresponding monolingual embeddings. Subse-
quently, many refinements to the bilingual map-
ping framework have been proposed (Xing et al.,
2015; Smith et al., 2017b; Conneau et al., 2018;
Artetxe et al., 2016, 2017, 2018a,b).

In this work, we propose a novel geometric ap-
proach for learning bilingual embeddings. We ro-
tate the source and target language embeddings
from their original vector spaces to a common
latent space via language-specific orthogonal
transformations. Furthermore, we define a sim-
ilarity metric, the Mahalanobis metric, in this
common space to refine the notion of similarity
between a pair of embeddings. We achieve the
above by learning the transformation matrix as
follows: W = UtBU; where U; and Ug are
the orthogonal transformations for target and
source language embeddings, respectively, and
B is a positive definite matrix representing the
Mahalanobis metric.
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The proposed formulation has the following
benefits:

e The learned similarity metric allows for a
more effective similarity comparison of em-
beddings based on evidence from the data.

A common latent space decouples the source
and target language transformations, and
naturally enables representation of word em-
beddings from both languages in a single
vector space.

We also show that the proposed method can
be easily generalized to jointly learn mul-
tilingual embeddings, given bilingual dic-
tionaries of multiple language pairs. We
map multiple languages into a single vector
space by learning the characteristics common
across languages (the similarity metric) as
well as language-specific attributes (the
orthogonal transformations).

The optimization problem resulting from our
formulation involves orthogonal constraints on
language-specific transformations (U; for lan-
guage 1) as well as the symmetric positive-
definite constraint on the metric B. Instead of
solving the optimization problem in the Euclidean
space with constraints, we view it as an optimi-
zation problem in smooth Riemannian manifolds,
which are well-studied topological spaces (Lee,
2003). The Riemannian optimization frame-
work embeds the given constraints into the search
space and conceptually views the problem as
an unconstrained optimization problem over the
manifold.

We evaluate our approach on different bilingual
as well as multilingual tasks across multiple lan-
guages and datasets. The following is a summary
of our findings:

e Our approach outperforms state-of-the-art
supervised and unsupervised bilingual map-
ping methods on the bilingual lexicon in-
duction as well as the cross-lingual word
similarity tasks.

An ablation analysis reveals that the fol-
lowing contribute to our model’s improved
performance: (a) aligning the embedding
spaces of different languages, (b) learning
a similarity metric which induces a latent
space, (c) performing inference in the in-
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duced latent space, and (d) formulating the
tasks as a classification problem.

We evaluate our multilingual model on an
indirect word translation task: translation
between a language pair that does not have a
bilingual dictionary, but the source and target
languages each possess a bilingual dictionary
with a third, common pivot language. Our
multilingual model outperforms a strong
unsupervised baseline as well as methods
based on adapting bilingual methods for this
indirect translation task.

Lastly, we propose a semi-supervised exten-
sion of our approach that further improves
performance over the supervised approaches.

The rest of the paper is organized as follows.
Section 2 discusses related work. The proposed
framework, including problem formulations for
bilingual and multilingual mappings, is presented
in Section 3. The proposed Riemannian opti-
mization algorithm is described in Section 4. In
Section 5, we discuss our experimental setup.
Section 6 presents the results of experiments on
direct translation with our algorithms and analyzes
the results. Section 7 presents experiments on in-
direct translation using our generalized multi-
lingual algorithm. We discuss a semi-supervised
extension to our framework in Section 8.
Section 9 concludes the paper.

2 Related Work

Bilingual Embeddings. Mikolov et al. (2013b)
show that a linear transformation from embed-
dings of one language to another can be learned
from a bilingual dictionary and corresponding
monolingual embeddings by performing linear
least-squares regression. A popular modification
to this formulation constrains the transformation
matrix to be orthogonal (Xing et al., 2015; Smith
etal., 2017b; 2018a). This is known as the orthog-
onal Procrustes problem (Schonemann, 1966).
Orthogonality preserves monolingual distances
and ensures the transformation is reversible.
Lazaridou et al. (2015) and Joulin et al. (2018)
optimize alternative loss functions in this frame-
work. Artetxe et al. (2018a) improves on the
Procrustes solution and propose a multi-step
framework consisting of a series of linear trans-
formations to the data. Faruqui and Dyer (2014)



use Canonical Correlation Analysis (CCA) to
learn linear projections from the source and
target languages to a common space such that
correlations between the embeddings projected to
this space are maximized. Procrustes solution—
based approaches have been shown to perform
better than CCA-based approaches (Artetxe et al.,
2016, 2018a).

We view the problem of mapping the source
and target languages word embeddings as (a)
aligning the two language spaces and (b) learning
a similarity metric in this (learned) common
space. We accomplish this by learning suitable
language-specific orthogonal transformations (for
alignment) and a symmetric positive-definite ma-
trix (as Mahalanobis metric). The similarity metric
is useful in addressing the limitations of mapping
to a common latent space under orthogonality
constraints, an issue discussed by Doval et al.
(2018). Whereas Doval et al. (2018) learn a second
correction transformation by assuming the average
of the projected source and target embeddings
as the true latent representation, we make no
such assumption and learn the similarity metric
from the data. Kementchedjhieva et al. (2018),
recently, employed the generalized Procrustes
analysis (GPA) method (Gower, 1975) for the
bilingual mapping problem. GPA maps both the
source and target language embeddings to a latent
space, which is constructed by averaging over the
two language spaces.

Unsupervised methods have shown promising
results, matching supervised methods in many
studies. Artetxe et al. (2017) proposed a boot-
strapping method for bilingual lexicon induction
problem by using a small-seed bilingual dictio-
nary. Subsequently, Artetxe et al. (2018b) and
Hoshen and Wolf (2018) have proposed ini-
tialization methods that eliminate the need for
a seed dictionary. Zhang et al. (2017b) and Grave
et al. (2018) proposed aligning the source and
target language word embeddings by optimizing
the Wasserstein distance. Unsupervised methods
based on adversarial training objectives have also
been proposed (Barone, 2016; Zhang et al., 2017a;
Conneau et al., 2018; Chen and Cardie, 2018). A
recent work by Sggaard et al. (2018) discusses
cases in which unsupervised bilingual lexicon
induction does not lead to good performance.

Multilingual Embeddings. Ammar et al. (2016)
and Smith et al. (2017a) adapt bilingual ap-
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proaches for representing embeddings of multiple
languages in a common vector space by desig-
nating one of the languages as a pivot language.
In this simple approach, bilingual mappings are
learned independently from all other languages
to the pivot language. A GPA-based method
(Kementchedjhieva et al., 2018) may also be
used to jointly transform multiple languages to
a common latent space. However, this requires
an n-way dictionary to represent n languages.
In contrast, the proposed approach requires only
pairwise bilingual dictionaries such that every
language under consideration is represented in at
least one bilingual dictionary.

The above-mentioned approaches are referred
to as offline since the monolingual and bilingual
embeddings are learned separately. In contrast,
online approaches directly learn a bilingual/
multilingual embedding from parallel corpora
(Hermann and Blunsom, 2014; Huang et al., 2015;
Duong et al., 2017), optionally augmented with
monolingual corpora (Klementiev et al., 2012;
Chandar et al., 2014; Gouws et al., 2015). In this
work, we focus on offline approaches.

3 Learning Latent Space Representation

In this section, we first describe the proposed
geometric framework to learn bilingual embed-
dings. We then present its generalization to the
multilingual setting.

3.1 Geometry-aware Factorization

We propose to transform the word embeddings
from the source and target languages to a com-
mon space in which the similarity of word em-
beddings may be better learned. To this end, we
align the source and target languages embedding
spaces by learning language-specific rotations:
U, € O and U; € O for the source and target
languages embeddings, respectively. Here Q
represents the space of d-dimensional orthogonal
matrices. An embedding z in the source language
is thus transformed to s(x) = U/ 2. Similarly,
for an embedding z in the target language:
Y¢(2) = U/ 2. These orthogonal transformations
map (align) both the source and target language
embeddings to a common space in which we learn
a data-dependent similarity measure, as discussed
below.



We learn a Mahalanobis metric B to refine the
notion of similarity! between the two transformed
embeddings 1s(x) and 1;(z). The Mahalanobis
metric incorporates the feature correlation infor-
mation from the given training data. This allows
for a more effective similarity comparison of
language embeddings (than the cosine similarity).
In fact, Mahalanobis similarity measure reduces
to cosine similarity when the features are un-
correlated and have unit variance, which may be
a strong assumption in real-world applications.
S@gaard et al. (2018) have argued that mono-
lingual embedding spaces across languages are
not necessarily isomorphic, hence learning an
orthogonal transformation alone may not be suf-
ficient. A similarity metric learned from the data
may mitigate this limitation to some extent by
learning a correction in the latent space.

Since B is a Mahalanobis metric in R¢ space,
it is a d X d symmetric positive-definite matrix
B, i.e., B > 0. The similarity between the em-
beddings = and z in the proposed setting is
computed as hg(z,z) = ¥(2) Bygs(x)
2T (U,;BU, )z. The source to the target language
transformation is expressed as W;; = U;BU| .
For an embedding z in the source language, its
transformation to the target language space is
given by Wy,z.

The proposed factorization of the transforma-
tion W = UBV ', where U,V € O%and B > 0,
is sometimes referred to as polar factorization of
a matrix (Bonnabel and Sepulchre, 2010; Meyer
et al., 2011). Polar factorization is similar to the
singular value decomposition (SVD) The key dif-
ference is that SVD enforces B to be a diagonal
matrix with non-negative entries, which accounts
for only the axis rescaling instead of full fea-
ture correlation and is more difficult to optimize
(Mishra et al., 2014; Harandi et al., 2017).

3.2 Latent Space Interpretation

Computing the Mahalanobis similarity measure is
equivalent to computing the cosine similarity in
a special latent (feature) space. This latent space
is defined by the transformation ¢ : R? — RY,
where the mapping is defined as ¢(w) = Bzw.

'Mahalanobis metric generalizes the notion of cosine
similarity. For given two unit normalized vectors x,xy €
R4, their cosine similarity is given by simp(zi,z2) =
o] Izy = 2] 29, where I is the identity matrix. If this space is
endowed with a metric B - 0, then simp (1, z2) = x| Bxs.
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Since B is a symmetric positive-definite matrix,
B: is well-defined and unique.

Hence, our model may equivalently be viewed
as learning a suitable latent space as follows.
The source and target languages embeddings are
linearly transformed as = — ¢(¢s(z)) and z —
é(¢(2)), respectively. The functions ¢(vs(-))
and ¢(¢¢(+)) map the source and target language
embeddings, respectively, to a common latent
space. We learn the matrices B, U,, and Uy
corresponding to the transformations ¢(-), ¥s(-),
and v(-), respectively. Since the matrix B is
embedded implicitly in this latent feature space,
we employ the usual cosine similarity measure,
computed as ¢(¢y(2)) T p(vs(z)) = 2" UBU z.
It should be noted that this is equal to hg(z, 2).

3.3 A Classification Model

We assume a small bilingual dictionary (of size n)
is available as the training data. Let X, € R%*™s
and X; € R denote the embeddings of the
dictionary words from the source and target
languages, respectively. Here, ng and n; are the
number of unique words in the source and target
languages present in the dictionary.

We propose to model the bilingual word
embedding mapping problem as a binary classi-
fication problem. Consider word embeddings z
and z from the source and target languages, re-
spectively. If the words corresponding to x and
z constitute a translation pair then the pair {x, z}
belongs to the positive class, else it belongs to
the negative class. The prediction function for the
pair {z, z} is hg(z, z). We create a binary label
matrix Y € {0,1}"*™ whose (i,j)-th entry
corresponds to the correctness of mapping the i-th
embedding in X to the j-th embedding in X;.
Our overall optimization problem is as follows:

min XTUBU/X, — Y. |2
U,€04,U,€0% B0 ” s =8 t <2t StHF

+ B3 W

where ||-||F is the Frobenius norm and A > 0

is the regularization parameter. We employ the
square loss function since it is smooth and
relatively easier to optimize. It should be noted
that our prediction function is invariant of the
direction of mapping, i.e., hg(x,z) = his(z, ).
Hence, our model learns bidirectional mapping.
The transformation matrix from the target to the
source language is given by W, = U,BU/, i.e.,
W, =W



The computation complexity of computing the
loss term in (1) is linear in n, the size of the given
bilingual dictionary. This is because the loss term
in (1) can be re-written as follows:

IX]UBU; X, — Yal%
= Tr(U,BU] (X, X! )U,BU/ (X;X])) + |2

-2 ) z,UBU/ 1y, 2)
{(.):(0.4) €0}

where x; represents the i-th column in X, x4;
represents the j-th column in X;, € is the set
of row-column indices corresponding to entry
value 1 in Y, and Tr(-) denotes the trace of
a matrix. The complexity of computing the first
and third term in (2) is O(d® + nsd* + nyd?) and
O(nd + nsd? + nyd?), respectively. Similarly, the
computation cost of the gradient of the objective
function in (1) is also linear in n. Hence, our
framework can efficiently leverage information
from all the negative samples.

In the next section, we discuss a generalization
of our approach to multilingual settings.

3.4 Generalization to Multilingual Setting

In this section, we propose a unified framework
for learning mappings when bilingual dictionaries
are available for multiple language pairs. We
formalize the setting as an undirected, connected
graph G(V, E), where each node represents a
language and an edge represents the availability of
a bilingual dictionary between the corresponding
pair of languages. Given all bilingual dictionaries
corresponding to the edge set E, we propose to
align the embedding spaces of all languages in the
node set V' and learn a common latent space for
them.

To this end, we jointly learn an orthogonal
transformation U; € Q¢ for every language L;
and the Mahalanobis metric B > 0. The latter is
common across all languages in the multilingual
setup and helps incorporate information across
languages in the latent space. It should be noted
that the transformation U, is employed for all
the bilingual mapping problems in this graph
associated with L;. The transformation from L;
to L; is given by W,; = U;BU/. Further, we
are also able to obtain transformations between
any language pair in the graph, even if a bilingual
dictionary between them is not available.
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Let X! € R™™ be? the embeddings of the
dictionary words of L; in the dictionary corre-
sponding to edge e;; € E. Let Y;; € {0,1}"*™
be the binary label matrix corresponding to the
dictionary between L; and L. The proposed opti-
mization problem for multilingual setting is

1 . .
min XNTU,BU! X! — Y, |2
Uie@d Vi Z ‘ ij’ ||( z) ¥ Enkad] JHF
B-0 €y<E
+ \|BJ|%. 3)

We term our approach as Geometry-aware
Multilingual Mapping (GeoMM). We next dis-
cuss the optimization algorithm for solving the
bilingual mapping problem (1) as well as its
generalization to the multilingual setting (3).

4 Optimization Algorithm

The geometric constraints U, € Q% U, € 09,
and B > 0 in the proposed problems (1) and
(3) have been studied as smooth Riemannian
manifolds, which are well explored topological
spaces (Edelman et al., 1998). The orthogonal
matrices Uj lie in, what is popularly known as, the
d-dimensional Orthogonal manifold. The space
of d x d symmetric positive definite matrices
(B > 0) is known as the Symmetric Positive
Definite manifold. The Riemannian optimization
framework embeds such constraints into the
search space and conceptually views the problem
as an unconstrained problem over the manifolds.
In the process, it is able to exploit the geometry
of the manifolds and the symmetries involved in
them. Absil et al. (2008) discuss several tools to
systematically optimize such problems. We opti-
mize the problems (1) and (3) using the Riemannian
conjugate gradient algorithm (Absil et al., 2008;
Sato and Iwai, 2013).

Publicly available toolboxes such as Manopt
(Boumal et al., 2014), Pymanopt (Townsend
et al., 2016), or ROPTLIB (Huang et al., 2016)
have scalable off-the-shelf generic implementa-
tions of several Riemannian optimization algo-
rithms. We employ Pymanopt in our experiments,
where we only need to supply the objective
function.

2For notational convenience, the number of unique words
in every language in all their dictionaries is kept same (m).



S Experimental Settings

In this section, we describe the evaluation tasks,
the datasets used, and the experimental details of
the proposed approach.

Evaluation Tasks. We evaluate our approach on
several tasks:

e To evaluate the quality of the bilingual map-
pings generated, we evaluate our algorithms
primarily for the bilingual lexicon induc-
tion (BLI) task, i.e., word translation task,
and compare Precision@1 with previously
reported state-of-the-art results on bench-
mark datasets (Dinu and Baroni, 2015;
Artetxe et al., 2016; Conneau et al., 2018).

We also evaluate on the cross-lingual word sim-
ilarity task using the SemEval 2017 dataset.

To ensure that quality of embeddings on mono-
lingual tasks does not degrade, we evaluate
the quality of our embeddings on the mono-
lingual word analogy task (Artetxe et al., 2016).

To illustrate the utility of representing
embeddings of multiple language in a single
latent space, we evaluate our multilingual
embeddings on the one-hop translation task,
i.e., a direct dictionary between the source
and target languages is not available, but the
source and target languages share a bilingual
dictionary with a pivot language.

Datasets. For bilingual and multilingual exper-
iments, we report results on the following widely
used, publicly available datasets:

e VecMap: This dataset was originally made
available by Dinu and Baroni (2015) with
subsequent extensions by other researchers
(Artetxe et al.,, 2017, 2018a). It contains
bilingual dictionaries from English (en) to
four languages: Italian (it), German (de),
Finnish (fi), and Spanish (es). The detailed
experimental settings for this BLI task can be
found in Artetxe et al. (2018b).

MUSE: This dataset was originally made
available by Conneau et al. (2018). It contains
bilingual dictionaries from English to many
languages such as Spanish (es), French (fr),
German (de), Russian (ru), Chinese (zh), and
vice versa. The detailed experimental settings
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for this BLI task can be found in Conneau
et al. (2018). This dataset also contains
bilingual dictionaries between several other
European languages, which we employ in
multilingual experiments.

Experimental Settings of GeoMM. We select
the regularization hyper-parameter A from the set
{10,102, 10, 10*} by evaluation on a validation
set created out of the training dataset. For infer-
ence, we use the (normalized) latent space repre-
sentations of embeddings (B%UZTJJ) to compute
similarity between the embeddings. For inference
in the bilingual lexicon induction task, we employ
the Cross-domain Similarity Local Scaling (CSLS)
similarity score (Conneau et al., 2018) in nearest
neighbor search, unless otherwise mentioned.
CSLS has been shown to perform better than
other methods in mitigating the hubness problem
(Dinu and Baroni, 2015) for search in high-
dimensional spaces.

While discussing experiments, we denote our
bilingual mapping algorithm (Section 3.3) as
GeoMM and its generalization to the multilingual
setting (Section 3.4) as GeoMM; . Our code
isavailableathttps://github.com/anocop
kunchukuttan/geomm.

6 Direct Translation: Results
and Analysis

In this section, we evaluate the performance of
our approach on two tasks: bilingual lexicon
induction and cross-lingual word similarity. We
also perform ablation tests to understand the effect
of major sub-components of our algorithm. We
verify the monolingual performance of the mapped
embeddings generated by our algorithm.

6.1 Bilingual Lexicon Induction (BLI)

We compare GeoMM with the best performing
supervised methods. We also compare with
unsupervised methods as they have been shown
to be competitive with supervised methods. The
following baselines are compared in the BLI
experiments.

e Procrustes: the bilingual mapping is learned
by solving the orthogonal Procrustes problem
(Xing et al., 2015; Artetxe et al., 2016; Smith
et al., 2017b; Conneau et al., 2018).

e MSF: the Multi-Step Framework proposed
by Artetxe et al. (2018a), with CSLS retrieval.


https://github.com/anoopkunchukuttan/geomm
https://github.com/anoopkunchukuttan/geomm

Method en-es es-en en-fr fr-en en-de de-en en-ru ru-en en-zh zh-en avg.
Supervised

GeoMM 81.9 855 821 84.2 749 76.7 528 676 49.1 453 70.0
GeoMM,, ;i 81.0 85.7 819 839 751 757 BHlL.7 672 494 449 69.7
Procrustes 814 829 81.1 824 735 724 51.7 637 427 3677 66.9
MSF-ISF 799 821 804 814 73.0 720 500 653 280 40.7 653
MSF 80.5 83.8 80.5 831 735 735 505 673 323 434 669
MSF,, 80.3 84.0 80.7 839 731 747 X X X X —
Unsupervised

SL-unsup 823 847 823 83.6 751 743 492 656 0.0 0.0 59.7
Adv-Refine* 81.7 833 823 821 740 722 440 59.1 325 314 643
Grave et al. (2018)* 82.8 84.1 826 829 754 733 437 59.1 — — —
Hoshen and Wolf (2018)* 82.1 84.1 823 829 747 730 475 618 f.c. fe. —
Chen and Cardie (2018)* 825 83.7 824 81.8 748 729 - - — —

Table 1: Precision@1 for BLI on the MUSE dataset. Some notations: (a) ‘—’ implies the original paper
does not report result for the corresponding language pair, (b) ‘f.c.” implies the original paper reports
their algorithm failed to converge, (c) ‘X’ implies that we could not run the authors’ code successfully

ek

for the language pairs, and (d)

implies the results of the algorithm are reported in the original paper.

The remaining results were obtained with the official implementation from the authors.

Itimproves on the original system (MSF-ISF)
by Artetxe et al. (2018a), which employs
inverted softmax function (ISF) score for
retrieval.

Adv-Refine: unsupervised adversarial train-
ing approach, with bilingual dictionary refine-
ment (Conneau et al., 2018).

SL-unsup:  state-of-the-art  self-learning
(SL) unsupervised method (Artetxe et al.,
2018b), employing structural similarity of
the embeddings.

We also include results of the correction
algorithm proposed by Doval et al. (2018) on the
MSF results (referred to as MSF,). In addition,
we also include results of several recent works
(Kementchedjhieva et al., 2018; Grave et al.,
2018; Chen and Cardie, 2018; Hoshen and Wolf,
2018) on MUSE and VecMap datasets, which are
reported in the original papers.

Results on MUSE Dataset: Table 1 reports the
results on the MUSE dataset. We observe that our
algorithm GeoMM outperforms all the supervised
baselines. GeoMM also obtains significant im-
provements over unsupervised approaches.

The performance of the multilingual extension,
GeoMM,14i , is almost equivalent to the bilingual
GeoMM. This means that in spite of multiple
embeddings being jointly learned and represented
in a common space, its performance is still

113

Method en-it en-de en-fi en-es avg.
Supervised

GeoMM 483 493 36.1 39.3 433
GeoMM,,,,;; 48.7 49.1 36.0 39.0 43.2
Procrustes 449 465 335 351 400
MSF-ISF 453 441 329 366 39.7
MSF 477 475 354 387 423
MSF,, 48.4 4777 347 389 424
GPA 453 485 314 — —
CCA-NN 384 37.1 27.6 268 325
Unsupervised

SL-unsup 48.1 482 326 373 416
Adv-Refine 452 468 04 354 319

Table 2: Precision@1 for BLI on the VecMap
dataset. The results of MSF-ISF, SL-unsup, CCA-
NN (Faruqui and Dyer, 2014), and Adv-Refine
are reported by Artetxe et al. (2018b). CCA-NN
employs nearest neighbor retrieval procedure. The
results of GPA are reported by Kementchedjhieva
et al. (2018).

better than existing bilingual approaches. Thus,
our multilingual framework is quite robust since
languages from diverse language families have
been embedded in the same space. This can
allow downstream applications to support multiple
languages without performance degradation. Even
if bilingual embeddings are represented in a single
vector space using a pivot language, the embed-
ding quality is inferior compared with GeoMM ;.-
We discuss more multilingual experiments in
Section 7.



Method en-it en-de en-fi en-es
GeoMM 48.3 493 36.1 393
(1) W € Réxd 454 479 354 375
2)W =B 26.3 263 195 212
3)W =U,U; 13.2 16.0 8.8 11.8
(4) Targt space inf. 455 478 350 379
(5) Regression 46.8 433 339 354

Table 3: Ablation test results: Precision@1 for BLI
on the VecMap dataset.

Results on VecMap Dataset: Table 2 reports the
results on the VecMap dataset. We observe that
GeoMM obtains the best performance in each
language pair, surpassing state-of-the-art results
reported on this dataset. GeoMM also outperforms
GPA (Kementchedjhieva et al., 2018), which also
learns bilingual embeddings in a latent space.

6.2 Ablation Tests

We next study the impact of different components
of our framework by varying one component at a
time. The results of these tests on VecMap dataset
are shown in Table 3 and are discussed below.

(1) Classification with unconstrained W. We
learn the transformation W directly as

follows:
min A[W% + | XIWTX, - Yo%
WeRdxd
“)
The performance drops in this setting

compared with GeoMM, underlining the
importance of the proposed factorization and
the latent space representation. In addition,
the proposed factorization helps GeoMM
generalize to the multilingual setting
(GeoMM 1) Further, we also observe that
the overall performance of this simple clas-
sification based model is better than recent
supervised approaches such as Procrustes,
MSEF-ISF (Artetxe et al., 2018a), and GPA
(Kementchedjhieva et al., 2018). This sug-
gests that a classification model is better
suited for the BLI task.

Next, we look at both components of the
factorization.

(2) Without language-specific rotations. We
enforce U; = U; = Iin (1) for GeoMM, i.e.,
W =B. We observe a significant drop in per-
formance, which highlights the need for align-
ing the feature space of different languages.
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(3) Without similarity metric. We enforce B =
I in (1) for GeoMM, ie, W = U, U/.
It can be observed that the results are
poor, which underlines the importance of
a suitable similarity metric in the proposed
classification model.

(4) Target space inference. We learn W =
U;BU, by solving (1), as in GeoMM.
During the retrieval stage, the similarity
between embeddings is computed in the
target space, i.e., given embeddings x and
z from the source and target languages,
respectively, we compute the similarity of
the (normalized) vectors Wx and z. It should
be noted that GeoMM computes similarity
of x and 2 in the latent space, i.e., it
computes the similarity of the (normalized)
vectors B%USTx and B%UtT z, respectively.
We observe that inference in the target space
degrades the performance. This shows that
the latent space representation captures useful
information and allows GeoMM to obtain
much better accuracy.

(5) Regression with proposed factorization.
We pose BLI as a regression problem, as
done in previous approaches, by employing
the following loss function: ||[U;BU/ X, —
X¢||%. We observe that its performance
is worse than the classification baseline
(W € R%9). The classification setting
directly models the similarity score via the
loss function, and hence corresponds with
inference more closely. This result further
reinforces the observation made in the first
ablation test.

To summarize, the proposed modeling
choices are better than the alternatives com-
pared in the ablation tests.

6.3 Cross-lingual Word Similarity

The results on the cross-lingual word similarity
task using the SemEval 2017 dataset (Camacho-
Collados et al., 2017) are shown in Table 4.
We observe that GeoMM performs better than
Procrustes, MSF, and the SemEval 2017 baseline
NASARI (Camacho-Collados et al., 2016). It is
also competitive with Luminoso_run2 (Speer and
Lowry-Duda, 2017), the best reported system on
this dataset. It should be noted that NASARI and
luminoso_run2 use additional knowledge sources
like BabelNet and ConceptNet.



Method en-es en-de en-it
NASARI 0.64 0.60 0.65
Luminoso_run2 0.75 0.76 0.77
Procrustes 0.72 0.72 0.71
MSF 0.73 0.74 0.73
Joulin et al. (2018) 0.71 0.71 0.71
GeoMM 0.73 0.74 0.74

Table 4: Pearson correlation coefficient for the
SemEval 2017 cross-lingual word similarity task.

Method Accuracy (%)
Original English embeddings 76.66
Procrustes 76.66
MSF 76.59
GeoMM 75.21

Table 5: Results on the monolingual word analogy
task.

6.4 Monolingual Word Analogy

Table 5 shows the results on the English mono-
lingual analogy task after obtaining it—en map-
ping on the VecMap dataset (Mikolov et al.,
2013a; Artetxe et al., 2016). We observe that
there is no significant drop in the monolingual
performance by the use of non-orthogonal map-
pings compared with monolingual embeddings as
well as other bilingual embeddings (Procrustes
and MSF).

7 Indirect Translation: Results
and Analysis

In the previous sections, we have established the
efficacy of our approach for a bilingual mapping
problem when a bilingual dictionary between
the source and target languages is available. We
also showed that our proposed multilingual gen-
eralization (Section 3.4) performs well in this
scenario. In this section, we explore if our multi-
lingual generalization is beneficial when a bi-
lingual dictionary is not available between the
source and the target, in other words, indirect
translation. For this evaluation, our algorithm
learns a single model for various language pairs
such that word embeddings of different languages
are transformed to a common latent space.

7.1 Evaluation Task: One-hop Translation

We consider the BLI task from language Lg.
to language Ly in the absence of a bilingual
lexicon between them. We, however, assume the
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Method fr-it-pt it-de-es es-pt-fr avg.
SL-unsup 74.1 86.4 84.6  81.7
Composition

Procrustes 74.2 81.9 82.5 79.5
MSF 75.3 81.9 82.7  80.0
GeoMM 77.7 84.1 84.3 820
Pipeline

Procrustes 72.5 61.6 79.9 71.3
MSF 75.9 64.5 825 743
GeoMM 75.9 62.5 81.7 734
GeoMM,,,; 80.1 86.8 85.6 84.2

Table 6: Indirect translation: Precision@1 for BLI.

availability of lexicons for Lgc-Lpy and Lpy-Lig,
where Ly, is a pivot language.

As baselines, we adapt any supervised bilingual
approach (Procrustes, MSF, and the proposed
GeoMM) to the one-hop translation setting by
considering their following variants:

e Composition (cmp): Using the given bi-
lingual approach, we learn the Ly, — Lpy
and L,y — Ly transformations as W and
W, respectively. Given an embedding z
from L., the corresponding embedding in
L is obtained by a composition of the trans-
formations, i.e., WoWx. This is equivalent
to computing the similarity of Lg. and L
embeddings in the L,, embedding space.
Recently, Smith et al. (2017a) explored this
technique with the Procrustes algorithm.

Pipeline (pip): Using the given bilingual
approach, we learn the Lg. — Ly, and
Ly — Lig transformations as W and W,
respectively. Given a word embedding z
from Lg,., we infer its translation embedding
z1in Lyy. Then, the corresponding embedding
of z in Ly is Woz.

As discussed in Section 3.4, our framework
allows the flexibility to jointly learn the com-
mon latent space of multiple languages, given
bilingual dictionaries of multiple language pairs.
Our multilingual approach, GeoMM i, Views
this setting as a graph with three nodes {Lgc,
Ligt, Ly} and two edges {Lgc-Lpyt, Lpvi-Ligt }
(dictionaries).

7.2 Experimental Settings

We experiment with the following one-hop trans-
lation cases: (a) fr-it-pt, (b) it-de-es, and (c)



Method en-es es-en en-fr fr-en en-de de-en en-ru ru-en en-zh zh-en en-it it-en avg.
RCSLS 84.1 863 833 84.1 79.1 763 579 672 459 46.4 451 383 66.2
GeoMM 819 855 821 842 749 76.7 528 67.6 49.1 453 483 412 658
GeoMM.m; 827 86.7 828 84.9 764 76.7 532 682 485 46.1 50.0 42.6 66.6

Table 7: Comparison of GeoMM and GeoMMge,; with RCSLS (Joulin et al., 2018). Precision@1 for
BLI is reported. The results of RCSLS are reported in the original paper. The results of language pairs
en-it and it-en are on the VecMap dataset, while others are on the MUSE dataset.

es-pt-fr (read the triplets as Lg-Lpy -Lig ). The
training/test dictionaries and the word embeddings
are from the MUSE dataset. In order to minimize
direct transfer of information from L. t0 Lig,
we generate Lgc-Lpye and Lyy-Lig training dic-
tionaries such that they do not have any L, word
in common. The training dictionaries have the
same size as the Lg-Lpy and Lpy- L dictionaries
provided in the MUSE dataset while the test
dictionaries have 1,500 entries.

7.3 Results and Analysis

Table 6 shows the results of the one-hop trans-
lation experiments. We observe that GeoMM s
outperforms pivoting methods (cmp and pip) built
on top of MSF and Procrustes for all language
pairs. It should be noted that pivoting may lead
to cascading of errors in the solution, whereas
learning a common embedding space jointly miti-
gates this disadvantage. This is reaffirmed by our-
observation that GeoMM,,; performs significantly
better than GeoMM (cmp) and GeoMM (pip).

Since unsupervised methods have been shown
to be competitive with supervised methods, they
can be an alternative to pivoting. Indeed, we
observe that the unsupervised method SL-unsup
is better than the pivoting methods, although
it used no bilingual dictionaries. On the other
hand, GeoMM,,,y; is better than the unsupervised
methods too. It should be noted that the un-
supervised methods use much larger vocabulary
than GeoMM1; during the training stage.

We also experimented with scenarios where
some words from Ly, occur in both Lg- Ly and
Lpy-Lyg training dictionaries. In these cases too,
we observed that GeoMM 1 perform better than
other methods. We have not included these results
because of space constraints.

8 Semi-supervised GeoMM

In this section, we discuss an extension of
GeoMM, which benefits from unlabeled data. For
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Method en-it en-de en-fi en-es avg.
GeoMM 483 493 36.1 39.3 433
GeoMM,.,; 50.0 51.3 36.2 39.7 44.3

Table 8: Precision@1 for BLI on the VecMap
dataset.

the bilingual mapping problem, unlabeled data
is available in the form of vocabulary lists for
both the source and target languages. Existing
unsupervised and semi-supervised techniques
(Artetxe et al., 2017, 2018b; Joulin et al., 2018;
Hoshen and Wolf, 2018) have an iterative refine-
ment procedure that employs the vocabulary lists
to augment the dictionary with positive or negative
mappings.

Given a seed bilingual dictionary, we imple-
ment a bootstrapping procedure that iterates over
the following two steps until convergence:

1. Learn the GeoMM model by solving the
proposed formulation (1) with the current
bilingual dictionary.

Compute a new bilingual dictionary from the
vocabulary lists, using the (current) GeoMM
model for retrieval. The seed dictionary along
with this new dictionary is used in the next
iteration.

In order to keep the computational cost low, we
restrict the vocabulary list to & most frequent
words for both the languages (Artetxe et al.,
2018b; Hoshen and Wolf, 2018). In addition,
we perform bidirectional dictionary induction
(Artetxe et al., 2018b; Hoshen and Wolf, 2018).
We track the model’s performance on a validation
set to avoid overfitting and use it as a criterion for
convergence of the bootstrap procedure.

We evaluate the proposed semi-supervised
GeoMM algorithm (referred to as GeoMMgemi)
on the bilingual lexicon induction task on MUSE
and VecMap datasets. The bilingual dictionary for
training is split 80/20 into the seed dictionary



and the validation set. We set k = 25,000, which
works well in practice.

We compare GeoMM,; with RCSLS, a re-
cently proposed state-of-the-art semi-supervised
algorithm by Joulin et al. (2018). RCSLS directly
optimizes the CSLS similarity score (Conneau
et al.,, 2018), which is used during retrieval
stage for GeoMM, among other algorithms. On
the other hand, GeoMM,.,; optimizes a simpler
classification-based square loss function (see
Section 3.3). In addition to the training dictionary,
RCSLS uses the full vocabulary list of the source
and target languages (200,000 words each) during
training.

The results are reported in Table 7. We observe
that the overall performance of GeoMMgep; is
slightly better than RCSLS. In addition, our
supervised approach GeoMM performs slightly
worse than RCSLS, although it does not have the
advantage of learning from unlabeled data, as is
the case for RCSLS and GeoMMg.,;. We also
notice that GeoMMs,,; improves on GeoMM in
almost all language pairs.

We also evaluate GeoMMg,,; on the VecMap
dataset. The results are reported in Table 8. To
the best of our knowledge, GeoMM;.,; obtains
state-of-the-art results on the VecMap dataset.

9 Conclusion and Future Work

In this work, we develop a framework for learning
multilingual word embeddings by aligning the
embeddings for various languages in a common
space and inducing a Mahalanobis similarity
metric in the common space. We view the trans-
lation of embeddings from one language to another
as a series of geometrical transformations and
jointly learn the language-specific orthogonal
rotations and the symmetric positive definite ma-
trix representing the Mahalanobis metric. Learn-
ing such transformations can also be viewed
as learning a suitable common latent space for
multiple languages. We formulate the problem in
the Riemannian optimization framework, which
models the above transformations efficiently.

We evaluate our bilingual and multilingual al-
gorithms on the bilingual lexicon induction and
the cross-lingual word similarity tasks. The results
show that our algorithm outperforms existing
approaches on multiple datasets. In addition, we
demonstrate the efficacy of our multilingual
algorithm in a one-hop translation setting for
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bilingual lexicon induction, in which a direct
dictionary between the source and target languages
is not available. The semi-supervised extension
of our algorithm shows that our framework can
leverage unlabeled data to obtain further improve-
ments. Our analysis shows that the combination
of the proposed transformations, inference in the
induced latent space, and modeling the problem
in classification setting allows the proposed
approach to achieve state-of-the-art performance.

In future, an unsupervised extension to our
approach can be explored. Optimizing the CSLS
loss function (Joulin et al., 2018) within our
framework can be investigated to address the
hubness problem. We plan to work on downstream
applications like text classification, machine
translation, efc., which may potentially benefit
from the proposed latent space representation of
multiple languages by sharing annotated resources
across languages.
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