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Abstract

Most Bilingual Lexicon Induction (BLI) methods retrieve
word translation pairs by finding the closest target word for
a given source word based on cross-lingual word embed-
dings (WEs). However, we find that solely retrieving transla-
tion from the source-to-target perspective leads to some false
positive translation pairs, which significantly harm the pre-
cision of BLI. To address this problem, we propose a novel
and effective method to improve translation pair retrieval in
cross-lingual WEs. Specifically, we consider both source-side
and target-side perspectives throughout the retrieval process
to alleviate false positive word pairings that emanate from a
single perspective. On a benchmark dataset of BLI, our pro-
posed method achieves competitive performance compared to
existing state-of-the-art (SOTA) methods. It demonstrates ef-
fectiveness and robustness across six experimental languages,
including similar language pairs and distant language pairs,
under both supervised and unsupervised settings.

Introduction

Bilingual Lexicon Induction (BLI) or word translation aims
to find word translation pairs across large monolingual cor-
pora of two languages, and has wide applications in cross-
lingual NLP tasks, such as cross-lingual text classification
(Klementiev, Titov, and Bhattarai 2012; Mogadala and Ret-
tinger 2016), unsupervised machine translation (Artetxe,
Labaka, and Agirre 2018b; Yang et al. 2018; Sun et al. 2019;
Duan et al. 2020), and cross-lingual named entity recogni-
tion (Mayhew, Tsai, and Roth 2017; Xie et al. 2018).

Most BLI models map monolingual word embeddings
(WE?5) into a shared WE space (Lample et al. 2018; Artetxe,
Labaka, and Agirre 2018a; Ruder, Vulié, and Sggaard 2019;
Li et al. 2022). When searching for the translation of a
source word, the closest target word is retrieved in the cross-
lingual WE space and regarded as a translation result.

However, we find an interesting phenomenon where a
source word has its nearest neighbor in the target language,
but the nearest neighbor of that target word may not be
the original source word. As illustrated in Figure 1, the
cross-lingual nearest neighbor of the source word “apple” is
“cherry”, but the cross-lingual nearest neighbor of the target
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Figure 1: The illustration of asymmetry in retrieving transla-
tions, traversing from the source-side language to the target-
side language and vice versa in cross-lingual WEs. The blue
points are words in the source language, and the pink points
are words in the target language.

word “cherry” is the source word “cherry”. This indicates
that the translation pairs obtained from the two perspec-
tives exhibit inequality. Clearly, the translation pair {apple,
cherry} obtained from the source-side perspective, which is
commonly used, is not a reliable translation pair. One of the
reasons for this false translation issue is that the BLI sys-
tem’s retrieval predominantly focuses on a single perspec-
tive: source-to-target, which we refer to as the “source-side
perspective”, raising the problem of “source-side bias” (The
formal definition can be found in Sec. Methodology).

Although the previous study (Lample et al. 2018) notes
the importance of retrieval of translation pairs, they did not
resolve the problem of false positive word pairs arising from
source-side bias. In this paper, we investigate the impact of
false positive translation pairs caused by source-side bias
on BLI’s accuracy. Then we propose a novel method of
word translation retrieval that incorporates a bi-directional
perspective to alleviate this problem. Specifically, when re-
trieving word translation pairs for a given source word, we
first retrieve its cross-lingual nearest neighbor set from the
source-side perspective. Then, for each word in this set, a
reverse nearest neighbor set retrieval is conducted from the
target-side perspective. The final translation result is collab-
oratively determined by the set of translations obtained from
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both perspectives.

To evaluate the effectiveness of our method, we perform a
comprehensive set of BLI experiments on the standard BLI
benchmark, the experimental language pairs including six
language pairs, three similar language pairs, and three dis-
tant language pairs, in several setups. Besides, experiments
were conducted in two scenarios: supervised BLI and un-
supervised BLI. Our method gains a significant improve-
ment on almost all language pairs than several state-of-the-
art (SOTA) BLI systems.

Overall, this paper makes the following contributions:

* We find an interesting “source-side bias” problem in BLI,
which lead to false positive translation pairs and signifi-
cantly harms the precision of BLI.

* We propose a novel method that effectively addresses
the “source-side bias” problem. Our method introduces a
novel retrieval strategy that integrates multiple perspec-
tives, generating higher-quality translation pairs.

Extensive experiments demonstrate that our method sig-
nificantly improves the precision of both supervised and
unsupervised BLI on six experimental language pairs,
and analytical experiments further verify the robustness
of our proposed method.

Background

In this section, we provide a brief introduction to the back-
ground and fundamentals, including the BLI task and simi-
larity evaluation measure.

Preliminaries and Task Formulation

In BLI, we assume there are two languages L; and Lo, and
the monolingual WEs of them are X and Y. The vocabular-
ies of them are Vx and Vy, and the dim d of X and Y usu-
ally is 300. BLI aims to learn a mapping matrix W which
can map X and Y into a shared WE space, and ensure the
maximum source words are close to their translations in lan-
guage Lo. The mapped WE space is X W, and YW, respec-
tively, and they are in the same cross-lingual WE space Z.

In the process of learning the mapping matrix, a seed lex-
icon Dy is commonly employed to provide anchor informa-
tion, aiding the initialization of W. Dg consists of ground-
truth translation pairs, consisting of source words and their
corresponding target words. During the self-learning of the
BLI model, W can be optimized, and this self-learning pro-
cess involves using certain fictitious translation pairs with
high confidence, treating them as new anchor points to en-
sure their proximity. After the mapping, the cross-lingual
word embedding space Z is obtained. Subsequently, for a
given source language word w,, we search for its translation
in Z, by computing the similarity between all the words in
the target language vocabulary and selecting the one with
the highest similarity as the translation result.

Similarity Evaluation

In the cross-lingual WE space, translation pairs are retrieved
using word similarity measures. Two approaches are em-
ployed commonly: Cosine and Cross-Domain Similarity Lo-
cal Scaling (CSLS) (Lample et al. 2018).
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Cosine. For a source-side word w, and a target-side word
wy, the word vectors of them are x and y, and the cosine
similarity is calculated as follows:

_ %Yy
lzllllyl

A higher cosine value indicates that the vector representa-
tions of two words have highly similar semantics.
CSLS.

Previous research (Lample et al. 2018) has identified the
presence of a hubness problem in cross-lingual WE spaces,
which means a single word becomes the nearest neighbor
of multiple other words. In such cases, relying solely on co-
sine similarity to measure word similarity can fall into lo-
cal optimization. The CSLS method (Lample et al. 2018) is
proposed to alleviate the hubness problem, it incorporates a
local scaling factor to optimize the comparison of word vec-
tors. The CSLS similarity is calculated as follows:

CSLS(z,y) = 2cos(z,y) — 7(x) — 7(y) (2)

where 7(z) and 7(y) are the average cosine similarity of
7(x) (or 7(y)) to its k nearest neighbors, respectively, and
the value of & is often set to 10.

(D

cos(, )

Methodology

In this section, we present a novel approach to enhance BLI
by improving the retrieval of word translation pairs. We first
introduce the “source-side bias” phenomenon that we have
identified in the word translation retrieval process of BLI.
Inspired by this observation, we propose an effective frame-
work to alleviate the influence of the “source-side bias”,
thereby improving the overall performance of BLIL

Source-side Bias

When translating a word from a source language to a tar-
get language, the typical approach involves searching for the
target word that has the highest word similarity within the
cross-lingual WEs. The current retrieval process for trans-
lation follows the perspective of source — target, in this
way, the inverse of the nearest neighbor identified from the
source-side perspective might not always hold true for a
source word (Artetxe, Labaka, and Agirre 2018b) in a high-
dimensional space. This does not satisfy the view in linguis-
tics: word translation is bidirectional. In particular, when a
source word wy is translated as word w; in the target lan-
guage, and conversely, w, can be translated back to wy in the
vast majority of cases, as Eq. (3), where Trans(a,b) means
the translation of a is b:

3)

While this symmetry is not satisfied in the current word
translation retrieval method, which only supports retrieval
from source — target, and conversely, when retrieval is
performed from target — source, the translation result
of wy may not be this source-side word wg. This observa-
tion gives rise to a noteworthy phenomenon, and we call it
“source-side bias” .

As shown in Figure 2, for a given word w, when we re-
trieve its translation in the target language, it falls into the

Trans(ws, w) < Trans(wy, ws)



The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

source-side word
target-side word
1 cat
= ~
B &/ F o
- %  mouse
source-side target-side
perspective perspective

source-side word

r:j o s target-side word
(3% 1 cat
bd -~ = %9  dog
' a ’fv == £ mouse
Step 1 Step 2

Score of ¢ perspective

Score of s perspective / \

""""""""" 1 o~ T T T T T T T T T e

Figure 2: An illustration of word translation retrieval from
source-side perspective and target-side perspective in cross-
lingual WEs. The translation pairs circled by blue curves are
retrieved from the two perspectives, separately.

source-side bias. Due to w belonging to the source language,
its perspective is source-side which follows its language,
and only includes target-side words T,, = {w},w?,...},
then the word with the highest similarity is selected from
target-side words as translation. However, existing methods
do not consider whether the translation word selected from
the target-side perspective w; is the nearest neighbor of the
source word.

It is evident that source-side bias can lead to asymmet-
ric translation pairs. For a word wy, its translation found
in the target-side, denoted as w;, may not necessarily have
w, as its translation when searching for it on the source-
side. As shown in Figure 2, for a word cat, when searching
from a different language, its retrieval results are different. It
is challenging to determine which perspective provides the
most accurate translation without any supervision. In cases
of ambiguity, where T'(ws) = w; but S(w;) # ws, it will
be doubted whether the found translation is the most correct
one. We refer to this phenomenon as bidirectional confu-
sion (See Figure 2).

This phenomenon it is widely in multiple languages
(Artetxe, Labaka, and Agirre 2018b; Radovanovic,
Nanopoulos, and Ivanovic 2010). And it is also verified by
our subsequent experiments.

Translation Retrieving with Target-side Fusion

Based on the previously mentioned issues of source-side
bias and bidirectional confusion, we propose the following
methods to address these problems and enhance the trans-
lation process in BLI. We denote the translation retrieval
of words from source language to target language as the
source-side perspective, and conversely, the translation di-
rection from target to source is referred to as the target-side
perspective.

To retrieve the translation of a word, we initiate the pro-
cess from its source-side perspective. We identify several
target-side words with high similarity, then for each target-
side word, we explore its nearest neighbors in the source
language. The final translation depends on both source-side
results and target-side results.
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Figure 3: An illustration of proposed bi-directional perspec-
tive word translation retrieval method. It combines transla-
tion of both source-side perspective and target-side perspec-
tive. First, given a source word, its multiple target transla-
tions are retrieved from the source-side perspective. Then
corresponding source translations are retrieved for these tar-
get words. The candidate translations of the two perspectives
are combined for the final translation result.

Specifically, as depicted in Figure 3, we aim to integrate
the target-side perspective into word translation retrieval
to alleviate the source-side bias. The initial step involves
word translation retrieval using the word similarity evalu-
ation method. For a given source word wﬁ we curate a set,
denoted as Sper(w?) = {wy, , Wy, ..., wy, }, comprising the
top n target words with the highest word similarity to it (Sper
represents the source-side perspective). Then, for each word
in Sper(w?), we retrieve their translations in the source-side
language, and similarly, for each target word, we retrieve
their top m translations, where T, represents the target-side
perspective:

Tpe”‘(fwi) = {w517w52a s 7wtm} (4)

Subsequently, using the retrieved translations from the
target-side perspective Tper(wi), we assign a target-side
score to each word w?. For this purpose, two methods are
proposed to calculate the target-side score: Back Retrieving
of Top Rank (BRTR) and Back Retrieving of Score Rank
(BRSR). Where BRSR is an advanced version of the BRTR.
Back Retrieving of Top Rank (BRTR). Our proposed
BRTR method aims to re-rank the translation candidate
words by fusing the rank of the target-side perspective. We
calculate the target-side score based on the rank of the source
word w’ among the target words. If the source-side word w?
appears in T (w), we simply obtain its rank as R(w?) and
assign the target-side score as 1/ R(w?). The calculation for-
mula is as Eq. (5), where Scorer represent the score calcu-
lated in target-side perspective, and source-side perspective
score Scoreg is calculated in the same.

1

R(wl) ©)

Scorer =
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Back Retrieving of Similar Rank (BRSR). In order to
fine-tune the ranking of translation candidate words more
precisely, we propose another method called BRSR that in-
corporates word similarity into the ranking process. BRSR
not only calculates the target-side score based on the rank of
the source words but also incorporates the similarities. For
a given target word w!, if it is present in the set 7'(w?) and
ranks within the top n translations, we compute the similar-
ity between w! and w! as the target-side score. As shown in
Eq. (6) (Sper is the same) :
Scorer = Sim(w}, w) (6)
The Final Score. The final score of word translation re-
trieval is composed of both source-side score and target-side
score. In order to control the weight of the impact of the
two scores, we introduced a weighting factor to control the
target-side score. The final score S for a source word w!
and one of its candidate target-side words w? is computed as
follows:
S = (1 — \)Scores(w?, wi) + AScorer(wi,wl) (7
The similarity S(w?,w}) between source word w’ and
target word w{ can be decomposed into a weighted sum of
the source language similarity Spe;(w?,w}) and the target
language similarity Tper(w?, w}), where A is a tunable hyper-
parameter. We aim to find the target word w! that maximizes
S with respect to wé, and regard it as the translation result.
And the selection of A is influenced by the closeness of sim-
ilarity between the two languages, and a comprehensive ex-
periment is presented in Sec. Effect of Hyper-parameters.

Experimental Setting

In this section, we present the setup of our experiment
on the task of BLI. We test our method on BLI task on
several similar and distant language pairs, include both
sides of English-France (EN-FR), English-Italian (EN-
IT), English-Spanish (EN-ES), English-Chinese (EN-ZH),
English-Japanese (EN-JA), English-Thai (EN-TH).

Datasets

We follow the standard BLI setup from prior work (Lam-
ple et al. 2018; Artetxe, Labaka, and Agirre 2018b; Joulin
et al. 2018; Mohiuddin, Bari, and Joty 2020; Peng, Lin,
and Stevenson 2021; Li et al. 2022). We use the widely
used MUSE dataset (Lample et al. 2018), which consists of
300-dim embeddings pre-trained with FastText (Bojanowski
et al. 2017) which is trained on the monolingual corpora
of full Wikipedias for each language, and the vocabularies
are trimmed to the 200k most frequent words. We also em-
ploy the test sets released by (Lample et al. 2018) that are
widely used in BLI evaluations. These test sets contain 1500
ground-truth translation pairs for each language, and they
serve as standard benchmarking test sets for BLI models.
Again following prior work, 5k translation pairs are used as
seed lexicon Dg (Lample et al. 2018).
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Evaluation Metrics

In this paper, we employ two widely used similarity evalu-
ation metrics: Cosine and the standard CSLS (Lample et al.
2018). Besides, P@1, 5, and 10 (Precision @1, 5, and 10)
are employed to measure the precision of BLI models.

Training Setup and Hyperparameters

We select best hyperparameters by searching a combination
of A\, n, m with the following range: A: {0.05,0.1,...,1.0}
with 0.05 step size; n, m: {3,4, . ..,20} with 1 step size. All
experiments are performed on a single Nvidia RTX A6000.

Baseline Models

MUSE (Lample et al. 2018) is a classical BLI system
based on adversarial training to map monolingual WEs.

VECMAP (Artetxe, Labaka, and Agirre 2018b) is a ro-
bust BLI system based on self-learning, widely adopted
in many BLI systems.

RCSLS (Joulin et al. 2018) introduces a novel relaxed
CSLS loss and learns a non-orthogonal mapping between
monolingual WEs.

LNMAP (Mohiuddin, Bari, and Joty 2020) is a non-
linear map-based BLI system that utilizes non-linear au-
toencoders to map WEs.

L1-refinement (Peng, Lin, and Stevenson 2021) is a
BLI system that adds a post-processing step to improve
the cross-lingual WEs, which is based on the Manhattan
norm (aka. 1 norm)

CLBLI (Li et al. 2022) is one of the most SOTA BLI sys-
tems which applies contrastive learning into BLI, and the
positive examples and hard negative examples contribute
for optimize the mapping matrices.

For all baseline methods, we confirm the parameters
based on their suggested optimal settings. Moreover, we
ensure that all BLI systems utilize the static WEs offered
by (Lample et al. 2018). When dealing with systems that
have the potential to leverage dynamic word representations
from various language models (e.g., CLBLI), we do not in-
tegrate these dynamic word representations. Because the ad-
vantages of static WEs and dynamic word representations
bring in enhancing BLI are orthogonal (Zhang et al. 2021).

Results and Discussion

In this section, we empirically demonstrate the effective-
ness of our proposed method. First, the main findings are
reported. Then, we analyze the effect of the hyperparame-
ters used in our method. Thirdly, CSLS and our proposed
method are compared in particular. Last, we demonstrate the
results obtained using other evaluation methods.

Main Results

We first compare the overall performance of our proposed
method (BRTR and BRSR) with the baseline models, as
shown in Table 1. On average, BRSR (BRTR) significantly
outperforms 1.04 (0.62) P@1 baseline models.

For similar language pairs (EN-ES, EN-FR, EN-IT), de-
spite the baseline systems already achieving commendable
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EN-FR EN-ES EN-IT EN-ZH EN-JA EN-TH
Model — — — — — — — — — — — «~ AVG
MUSE 82.00 81.87 81.67 83.33 6745 60.22 25.00 16.80 0.00 0.00 20.87 1499 44.52
MUSE-BRTR 8193 82.00 81.87 8347 6752 60.10 3260 2627 192 007 22.67 1526 4631
MUSE-BRSR 82.20 81.87 8220 83.80 6790 60.65 33.60 2573 192 0.76 22.84 15.60 46.59
VECMAP 81.60 84.13 81.27 8547 6790 62775 4333 4220 52.84 4149 2513 1897 57.26
VECMAP-BRTR 81.60 84.47 81.60 8587 67.90 62.75 43.07 42.67 5327 4225 2533 19.67 57.54
VECMAP-BRSR 81.80 84.93 8193 86.20 68.65 62.93 45.13 42.67 5353 42.04 25.60 19.92 57.94
RCSLS 83.00 8493 8420 86.53 6749 6090 47.67 4740 3852 38.67 2240 1540 5643
RCSLSE-BRTR  83.27 85.13 8440 86.67 6684 61.70 4740 47.67 39.63 39.77 2380 17.69 57.00
RCSLS-BRSR  83.40 85.07 84.73 86.67 67.30 62.20 48.60 48.20 40.99 40.20 24.00 17.89 57.44
LNMAP 80.07 80.87 80.13 7993 65.25 5942 3387 40.07 3996 4287 19.07 26.87 54.03
LNMAP-BRTR  80.27 80.87 80.40 80.20 65.70 59.70 34.00 40.40 40.27 43.25 1940 27.00 54.29
LNMAP-BRSR  80.60 80.93 80.53 80.70 66.48 60.20 34.20 40.67 41.67 4287 19.53 27.97 54.70
L1 81.67 8420 81.27 8540 6798 62.87 43.13 42.13 52.84 4156 25.07 19.04 57.26
L1-BRTR 81.87 84.40 8140 85.67 6820 6299 4420 42.60 5293 4225 2533 19.18 57.59
L1-BRSR 81.93 84.67 82.07 86.27 6840 63.06 4520 42.60 53.26 42.80 2580 20.40 58.04
CLBLI 82.54 8347 8440 85.63 67.02 63.06 5137 4840 49.17 41.80 3459 21.54 59.42
CLBLI-BRTR 82.64 84.27 84.67 85.63 6752 64.00 51.37 48.67 50.77 42.67 3459 2253 59.94
CLBLI-BRSR 83.31 84.00 84.73 86.20 67.90 63.79 51.87 49.60 53.02 43.20 3525 2225 60.43

Table 1: The P@1 accuracy of BLI systems with |Dg| = 5k on similar language pairs and distance language pairs. Bold
numbers indicate the best scores. The results are statistically significant (paired t-test, p-value < 0.01).

EN-FR EN-ES EN-IT EN-ZH EN-JA EN-TH
Model - — - — — — - — - ~ 5« MG
MUSE 82.73 81.53 82.07 8333 67.15 6034 30.67 31.00 0.00 4.89 0.00 0.00 43.64
MUSE-BRSR 83.13 82.33 82.80 83.80 68.96 60.84 3240 3127 0.14 6.80 0.07 0.00 44.38
VECMAP 82.33 8320 8220 85.13 6934 6256 000 000 4818 0.28 0.00 0.00 42.77
VECMAP-BRSR 83.00 84.80 82.80 85.60 70.40 63.00 1.52 220 49.00 240 0.00 0.00 43.73

Table 2: The accuracy of unsupervised BLI systems on similar language pairs and distance language pairs. The word similarity
measure is CSLS. The results are statistically significant (paired t-test, p-value < 0.01).

results, our method still brings enhancements. For instance,
in the EN-ES direction based on MUSE system, the accu-
racy is improved from 81.6 P@1 to 82.20 P@1. Even against
the most SOTA baseline system CLBLI, our method still
yields significant improvements (from 82.54 P@1 to 83.31
P@1 on the EN-FR language pair). For distant language
pairs (EN-ZH, EN-JA, EN-TH), a more significant improve-
ment bring by BRSR and BRTR. On the EN-ZH language
pair, our method achieves an 8.6 P@1 improvement over
MUSE, and a 2.07 P@1 improvement over L1. These find-
ings substantiate the efficacy and robustness of our proposed
methods, which attain convergence to a favorable solution
across similar and distant language pairs.

Table 2 shows the unsupervised BLI results. Clearly, our
method not only enhances the performance of supervised
BLI but also delivers a substantial improvement in the realm
of unsupervised BLI.

Effect of Hyper-parameters

To assess the impact of the weight parameter A on the target-
side score, we conduct an analysis on several language pairs
using the VECMAP framework. We explore a range of A
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values from 0.05 to 1.0, with a step size of 0.05. The cor-
responding plots are shown in Figure 4, illustrating the di-
rect influence of the target-side score on word translation
accuracy. First, we observe that the trend remains consistent
across all language pairs. As the value of A increases, the
accuracy gradually decreases. Conversely, the best perfor-
mance is achieved for most language pairs when ) is chosen
from the interval {0.05,0.1,0.15,0.2}. These findings high-
light the significance of the target-side score incorporation
and emphasize the importance of selecting an appropriate
value for A to optimize the word translation accuracy.

Although the consistent trends in P@1 accuracy across
different language pairs with varying A values, we observe
that the value of A depends on the quality of cross-lingual
WEs and the similarity between the language pairs. For
closely related language pairs and well-performing cross-
lingual WEs, smaller A values tend to yield the best P@1
results. On the other hand, for distant language pairs and
lower-quality cross-lingual WEs, appropriately increasing
the value of A leads to the optimal P@1 performance. The
quality of cross-lingual WEs can be reflected in the accuracy
of word translation.
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Retrieval Method _)EN_ES<_ _}EN_ZH<_

MUSE k=15

CSLS 81.47 8330 25.13 1647

CSLS-BRTR 81.73 83.63 33.27 24.73
CLBLI k=15

CSLS 84.27 8537 51.13 48.20

CSLS-BRTR 84.63 86.20 51.79 49.52
MUSE k=20

CSLS 81.67 83.47 25.13 16.60

CSLS-BRTR 81.87 838 33.60 25.73
CLBLI k=20

CSLS 84.37 8547 51.37 48.20

CSLS-BRTR 84.73 86.20 51.87 49.60

Table 3: Comparison of performance with restricted k value
of our proposed method BRTR and CSLS.

Comparison of Local Scaling Between BRTR and
CSLS

Since the proposed method also involves the scale selection
of candidate items (hyperparameter m and n), similar to the
parameter k in CSLS, it is essential to differentiate the im-
provements brought by our method from the scaling of the
k value in CSLS. So we impose restrictions on the k value
used in the baseline system, ensuring that it had the same
value as our proposed method during the retrieval of trans-
lation pairs. The experimental results are summarized in Ta-
ble 3, which highlights the impact of this constraint on the
performance of the baseline system. It can be seen that the
k value has only a very weak effect on CSLS. This demon-
strates the effectiveness of our proposed method, as the en-
hancements are not due to the manipulation of the k value
in CSLS but are instead a result of the innovative aspects
introduced by our approach.

Other Evaluations

To validate the effectiveness of our proposed approach, we
use additional evaluation measures to perform a comprehen-
sive comparative analysis. Besides CSLS, we introduce the
cosine similarity measure with P@1, P@5, and P@10 as
evaluation metrics to facilitate a more thorough comparison.

Cosine Similarity. As for cosine is one of the most clas-
sical methods to calculate word similarities, and is popular
used in BLI for word translation retrieving, we use it to as-
sess the performance of our proposed method. As depicted
in Table 4, our method outperforms all baseline models in
terms of precision.

Precision@5 and Precision@10. Additionally, to exam-
ine the impact of our method on the entire set of candidate
items, we calculated the Precision@5 and Precision@10
scores using both cosine and CSLS similarity measures.
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EN-ES EN-JA
Model Y\ ¢
MUSE 79.00 80.00 0.00 007 39.77

MUSE-BRSR  79.80 80.20 240 041 40.70
VECMAP 7947 82.53 4805 3432 61.09

VECMAP-BRSR  79.60 83.00 49.76 3570 62.02

RCSLS 8120 8433 21.86 3598 55.84

RCSLS-BRSR ~ 81.87 85.02 2257 3696 56.61
LNMAP 78.67 7820 3620 3432 56.85
LNMAP-BRSR ~ 79.60 79.20 37.47 3547 57.94
LI 79.67 82.53 4839 3432 61.23
L1-BRSR 80.07 8347 49.75 3597 62.32
CLBLI 82.85 84.60 3431 3487 59.16
CLBLI-BRSR  83.39 8520 3934 3652 61.11

Table 4: The accuracy of BLI systems using Cosine word
similarity measure.

The results are presented in Table 5, demonstrating that our
method achieves substantial improvements on both similar-
ity measures (Cosine and CSLS) across all baseline systems.

Related Work

BLI is an important task of machine learning, involves two
main components: WEs mapping and word translation re-
trieval. So we provide a condensed summary of the most
relevant research.

BLI methods. The BLI methods can be divided into
three main types, linear mapping-based BLI methods, non-
linear mapping-based BLI methods, and statistical-based
BLI methods. For linear mapping-based BLI methods, it is
based on linear mapping to first map two monolingual WEs
into a shared WE space, then the mapping matrix is fine-
tuned by self-learning.

For the linear mapping-based BLI methods, (Artetxe,
Labaka, and Agirre 2018b) employs adversarial training,
(Artetxe, Labaka, and Agirre 2018a) leverages word distri-
butions in different languages for similarity, (Joulin et al.
2018) utilizes a relaxed CSLS (Artetxe, Labaka, and Agirre
2018b) loss, BLISS (Patra et al. 2019) relaxes the isomet-
ric assumption, (Jawanpuria et al. 2018) uses classification
on smooth Riemannian manifolds, and (Li et al. 2022) opti-
mizes the mapping matrix through contrastive learning.

For the non-linear mapping-based BLI methods, recent
notable contributions include (Glavas and Vuli¢ 2020) em-
ploys instance-based approach that incorporates non-linear
maps, (Mohiuddin, Bari, and Joty 2020) utilizes non-linear
auto-encoders to learn a non-linear mapping in the derived
space, (Peng, Lin, and Stevenson 2021) introduces a post-
processing step to enhance cross-lingual WEs.

For statistic-based BLI methods, it automatically obtains
the correspondence between vocabulary in two languages
through statistical analysis of large-scale corpora. (Haghighi
et al. 2008) involves using a generative model based on
typical correlation analysis to extract translations of terms.
(Vuli¢, De Smet, and Moens 2011) proposes a bilingual la-
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EN-IT (Cosine)
Model

EN-IT (CSLS)

EN-ZH (Cosine) EN-ZH (CSLS)

P@l P@5 P@l0 P@l P@5 P@l0 P@l P@5 P@l0 P@l P@5 P@l0
MUSE 59.88 75770 80.02 6745 81.76 8539 2260 43.33 51.87 25.00 4560 52.87
MUSE-BRSR  60.78 77.06 80.62 67.90 8220 85.77 29.00 5240 6047 33.60 5547 63.33
VECMAP 63.74 79.18 8244 6790 8342 86.30 39.60 60.73 66.60 43.33 6453 70.33
VECMAP-BRSR 63.82 7941 82.67 68.65 83.77 86.87 4140 61.67 6687 4513 65.13 70.80
RCSLS 60.26 78.73 83.72 67.49 8282 8645 44.13 6533 69.73 47.67 6780 72.67
RCSLS-BRSR  62.82 7949 84.25 6730 83.50 86.83 4480 6573 71.73 48.60 6833 73.00
LNMAP 60.20 7620 8145 6525 79.71 83.50 31.80 4820 53.73 33.87 51.60 57.00
LNMAP-BRSR 6140 77.67 8227 6648 8145 84.00 32.60 49.27 5420 3420 52.00 57.67
L1 6396 79.56 8243 6798 8342 86.30 3947 6087 66.60 43.13 6447 70.33
L1-BRSR 64.57 80.73 83.27 68.40 83.60 86.83 41.60 61.80 67.73 4520 64.87 70.67
CLBLI 63.89 80.70 84.56 67.02 82.89 86.75 44.73 67.17 73.84 5137 73.67 79.62
CLBLI-BRSR  64.47 81.80 84.86 67.90 8342 8742 4726 68.13 7517 51.87 74.00 79.90
Table 5: Precision@1, 5, 10 of BLI systems.
= 80 be computed by taking the dot product of the vectors and
9 dividing it by the product of their norms. CSLS (Cross-
= 70 Domain Similarity Local Scaling) (Lample et al. 2018) in-
§ corporates a local scaling factor to optimize the comparison
§ 607 EN-ER of word vectors. It enhances the quality of similarity mea-
< 59/~ FREN ES-EN surements by considering the neighborhood of each word.
— EN-ES e EN-IT T-EN The BLI methods above mainly focus on the mapping of
0.05 025  0.45 A 0.65 085 monolingual WEs. Different from them, we notice the im-
. . portance of translation pair retrieval in BLI and leverage the
(a) Similar language pairs. bi-direction perspective into translation retrieval to address
60 the source-side bias and achieve better accuracy.
— EN-ZH ZH-EN
@ 50 ]
a 40- Conclusion and Future Work
gso— In this study, we propose a novel and effective approach
3 207 for word translation retrieval to enhance BLI. Our method
< 10 JA-EN addresses the issue of source-side bias in the retrieval of
EN-JA EN-TH TH-EN ) . . . . .
0 T T T T translation pairs by incorporating the target-side perspective.
005 025 045 A 065 085 Through extensive experiments on a benchmark dataset, we

(b) Distance language pairs.

Figure 4: Effect of hyper-parameter A on proposed BRTR,
on several similar language pairs and distant language pairs.

tent Dirichlet Assignment model for finding translations of
terms in comparable corpora without using any linguistic re-
sources. (E and Zhou 2022) suggests using a Markovian se-
mantic model to characterize the meaning of words.

Word translations’ retrieval. After obtaining cross-
lingual WEs, another important step is the retrieval of word
translations, which usually involves computing the similar-
ities between word vectors. Currently, there are three com-
monly used methods for calculating word vector similarity:
Cosine Similarity, CSLS, and Euclidean Distance. Cosine
Similarity (Johnson, Douze, and Jégou 2019) is a widely
used method for measuring the similarity between two vec-
tors. For two given word vectors, their cosine similarity can
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demonstrate significant improvements in BLI performance
across six language pairs, including both similar and dis-
tant language pairs. Theoretical and experimental analyses
confirm the effectiveness of our method in mitigating the
source-side bias. Notably, our approach not only enhances
the precision of P@1 but also improves the overall word
translation accuracy. Besides, our method does not require
additional data or prior knowledge and can be applied to any
language pair. Overall, our work presents a simple yet pow-
erful solution for word translation retrieval in BLI, address-
ing the limitations of source-side bias and offering promis-
ing results across various language pairs.

The framework can still be improved in several aspects.
First, considering the great power that Large Language
Models have shown on NLP tasks, the monolingual WEs
and cross-lingual WEs can be explored for improvement by
incorporating word representations from Large Language
Models. Besides, there is room to improve the training of
BLI models by introducing anchor information from Large
Language Models.
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