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Cross-lingual word representations allow us to analyse word meanings across diverse language settings. It is
crucial in aiding cross-lingual knowledge transfer when constructing natural language processing (NLP) mod-
els for languages with limited resources. This survey presents a comprehensive classification of cross-lingual
contextual embedding models. We assess their data requirements and objective functions, and we introduce a
taxonomy for categorising these approaches. Then, we present a comprehensive table containing a set of hier-
archical criteria to compare them better, along with information regarding the availability of code and data to
enable replication of the research. Furthermore, we delve into the evaluation methodologies employed for cross-
lingual embeddings, exploring their practical applications and addressing their current associated challenges.
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1 Introduction

Word embeddings are dense, low-dimensional vector representations of words that encode semantic
and syntactic information based on their distributional properties in large text corpora. They are
typically categorized into two main types: static embeddings (e.g., word2vec [66], GloVe [74]),
which assign a single, context-independent vector to each word based on co-occurrence statistics or
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shallow neural networks; and contextual embeddings (e.g., ELMo [75], BERT [23]), which generate
dynamic, context-sensitive vectors using deep neural architectures such as LSTMs or Transformers.
While static embeddings capture general word similarity, contextual embeddings can disambiguate
word senses depending on their usage in a sentence.

The cross-lingual alignment problem is a specific aspect of the broader challenge of cross-lingual
NLP, introduced by Mikolov et al. [65] in 2013. It refers to mapping or aligning embeddings
or representations from different languages into a shared or common vector space such that the
representations of words or phrases in these languages are directly comparable. The potential to align
embedding spaces is relevant in the field of computational language for multiple reasons: (i) it enables
us to compare the meanings of words across languages, a critical aspect for numerous NLP tasks,
including, but not limited to, Bilingual Lexicon Induction (BLI) [102], machine translation [38],
mining parallel corpora [53], cross-lingual information retrieval [49]; (ii) it facilitates model transfer
across languages, bridging the gap between resource-rich and low-resource languages [82]. Some
examples of applications are text classification [51], sentiment analysis [105], and dependency
parsing [4]. Finally, (iii) even embeddings trained on the same corpus but in different phases produce
misaligned vector spaces, making it impracticable to compare word vectors trained with different
hyperparameter settings or at different times [84].

Motivating Example. To clarify the matter, we propose an example in the context of Labour
Market Intelligence (LMI) since it is a domain that could benefit from these techniques and shows
increasing use of embedding models, e.g., in detecting new emerging occupations from Online
Job Advertisements (OJAs) or comparing them [33, 61, 93]. The ability to align embeddings
could play a crucial role in advancing Latent Semantic Shift (LSC) detection-a growing field in
NLP that focuses on automatically identifying changes in word meanings across time, domains,
or even languages [62]. For instance, D’Amico et al. [21] employ an innovative approach to align
embeddings across countries, enabling a more nuanced comparison of professions and skills. Instead
of relying solely on standard taxonomies, this approach analyses job advertisements published
directly by companies, capturing real differences in skill requirements across countries.

Motivating Example: Aligning multilingual labour market vector space models

Consider two different embeddings generated from two different corpora of OJAs. The first
is on Italian OJAs generated in Italian (IT); the second is on UK OJAs generated in English
(EN). The vectors generated on occupations and skills contain context-specific semantic
and lexical information, i.e. they depend on the country (with its specific labour market
features), the language (with its specific lexical features), and the corpus generation year.
As such, vectors generated from different embeddings (from different countries or different
time periods) are not truly comparable. One possible solution is to align the embeddings
using common general words as anchors. For instance, the occupation that is called Data
Scientist in the EN, might have required skills and mansions that are requested for a Data
Engineer in IT. Or it could be that recruiters’ use of the term Digital Manager is not the
same as 5 years ago. How can we effectively compare the two labour markets or job ads
from different years using their embeddings? Opting for common general words as anchors
might be biased, as they could be used in entirely different contexts.

As illustrated in Figure 1, adapted from Reference [21], it is possible to compute the most similar
skills for given occupations using cosine similarity between their embedding vectors. This method
leverages both standardised classifications and corpus-specific mappings across countries. In this
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Fig. 1. Example of cross-country occupation mapping based on embedding alignment. Starting from a set
of skills frequently required for Software Developers in the UK, we identify the most similar occupations
and associated skills across countries. Orange squares represent occupations, blue dots represent skills, and
green triangles highlight the closest matching occupation in France—Concepteurs et analystes de logiciels. This
example, adapted from [21], demonstrates how embedding alignment enables comparison of models trained
on heterogeneous corpora from different national contexts.

specific case, the analysis starts from a set of skills frequently associated with the occupation Software
Developer in the UK. Through embedding alignment, we map these to corresponding occupations and
skills in other countries. Interestingly, in the French embedding space, the occupation that emerges
as most semantically similar is Concepteurs et analystes de logiciels rather than the direct translation,
Développeur de logiciels. This discrepancy reflects how different labour markets associate distinct
skill sets with otherwise similar job titles—emphasizing the added value of alignment techniques
when comparing embeddings trained on heterogeneous datasets. The visualization thus enables
a more nuanced cross-national comparison of occupational semantics, going beyond standard
taxonomies such as ESCO.!

Instead of aligning already trained embedding, it is also possible to directly train a multilingual
model; numerous researchers proposed cross-lingual word representations [51, 65] that create
a shared embedding space for words across two (Bilingual Embeddings, BE) or more languages
(Multilingual Embeddings, ME). However, multilingual static models often contain inaccuracies,
primarily due to the lack of context consideration. Despite this, there is some work applied to
static embedding that is important to mention because it lays the foundation for some methods
developed later, like [6, 53]. Most of these approaches for static embedding alignment primarily
focus on constructing a “seed lexicon”, which is essentially a collection of words that share the same
meaning in both corpora. These words, commonly referred to as anchors, serve as reference points
for learning a transformation that maps embeddings from one space to another by minimising

Thttps://esco.ec.europa.eu/en/about-esco/what-esco
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their distances. Context-free embeddings, like word2vec [66], generate a fixed representation for
each word regardless of its context, capturing only general meanings. In contrast, contextualised
embeddings, introduced with models like ELMo [76] and later advanced with BERT, adapt word
representations based on surrounding words, allowing for nuanced interpretations of each word’s
meaning within specific contexts. With the advent of contextual embedding, the drawbacks of
multilingual models decrease significantly because each language carries a different context that
this model has the ability to embed. Indeed, the contextual nature of the embeddings means that
they capture the meaning of individual words and the meaning of the surrounding context, making
them particularly useful for natural language processing tasks [85]. So, researchers have started
proposing contextualised multilingual models. One such instance is Multilingual BERT, referred to
as mBERT and introduced by Devlin et al. in 2019 [23]. It is a single language model pre-trained
on the combination of monolingual Wikipedia corpora sourced from 104 different languages.
Multilingual BERT simplifies zero-shot cross-lingual model transfer; Pires et al. [77] fine-tuned the
model on task-specific supervised data from one language and evaluated it in another, showcasing
how the model generalises across languages effectively. Their experiments demonstrated mBERT’s
remarkable cross-lingual generalisation capabilities, even across languages with no lexical overlap.
This suggests that mBERT can effectively capture multilingual representations. In contrast to
monolingual BERT, which lacks zero-shot transfer capabilities, multilingual BERT distinguishes
itself in two main ways: (1) during pre-training, specifically in the masked word prediction task,
each batch comprises sentences from all languages, and (2) it adopts a unified vocabulary generated
by applying WordPiece to the combined monolingual corpora [23]. But can multilingual contextual
embeddings effectively address the cross-lingual problem? These methods can only learn implicitly
the correspondence between words and structures across languages in a purely unsupervised
manner. Indeed, Blevins et al. [9] could even quantify how multilingual English pre-trained models
are. While those multilingual models may demonstrate significant empirical effectiveness [10],
the weaknesses have emerged constantly in the literature. Indeed, those models work best for
typologically similar languages, indicating that they can map learned structures to new vocabularies
but do not systematically transform those structures to accommodate languages with different
word orders. This latter insight is reinforced by the work of Wu et al. [97] who show that language
representations are not correctly aligned in mBERT, but can be linearly re-mapped; in particular,
they built a contrastive alignment objective that can better utilise bitext signal. Furthermore, these
models may encounter challenges related to polysemy and homonymy. This entails the difficulty
of managing words with multiple meanings (polysemy) or words that share the same spelling
but possess different meanings (homonymy) in the context of multilingual applications. Some
approaches directly utilise multilingual parallel corpora ([18, 27, 44, 63, 86]), which implicitly
provide some level of supervision for aligning words in the two languages. However, the pressure
on the model to learn clear correspondences between the contextualised representations in the two
languages is still implicit and somewhat weak [42]. This is due to the absence of explicit alignment
supervision, requiring the model to deduce the connections between representations from the
available training data. Consequently, several subsequent studies (e.g., References [12, 85, 95]) have
introduced methods that utilise word alignments from parallel corpora as supervision signals to align
multilingual contextualised representations in a post-hoc manner or directly during the training
([15, 42, 96]). In most cases, these alignment procedures enhance multilingual language models and
address many of their systematic deficiencies, particularly in the Natural Language Inference
(NLI) task [26]. However, it is well established that language dependency persists, making tasks
like Question Answering (Question Answering (QA) and Named Entity Recognition (NER)
still challenging.
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1.1 Contribution

In this work, we report all the most important cross-lingual alignment methods for contextualised
representations. We can summarise the contributions of the article in four points:

(1) We provide a comprehensive classification of alignment models. As far as we know, no other
works in the literature provide a taxonomy.

(2) We present a categorisation of research works in cross-lingual alignment based on 6 features to
gain a deeper understanding of the authors’ rationale and to enhance their comprehensibility

(3) Starting from the analysed models, we identify the primary challenges related to the problem
of cross-lingual alignment, and we discuss them.

(4) We create a repository containing codes and data for reproducing the methods, if provided,
available to the whole community on Git.?

2 Cross-Lingual Alignment Taxonomy

Cross-lingual alignment of contextual embeddings refers to the process of mapping embeddings
from different languages into a shared space or direct cross-lingual adjustment of the multilingual
model, such that semantically similar words are located close to each other in the shared space.
This allows for transfer learning across languages, where models trained on one language can
be applied to another language without additional training data. One of the main goals of cross-
lingual alignment is to take an existing model that has been trained on a resource-rich language
and align the contextual embeddings from a less-resourced language into the vector space of
the resource-rich language. This alignment allows input in the less-resourced language to be
mapped into the resource-rich language, making it possible to classify it using existing models
in that language. This is achievable because words with equivalent meanings in both languages
exhibit highly similar vectors after undergoing the cross-lingual alignment process [91]. We build a
taxonomy that classifies the most important methods into 6 macro-clusters as a result of a study of
the State-Of-The-Art, as reported in Figure 2
Here we report the description of each building block present in the Figure 2:

N Monolingual Corpora It refers to the N monolingual corpora used as input for the embed-
ding model.

Train N Embeddings It refers to training N contextualised language models that need to be
aligned. NB: numerous authors do not train models but use already existing pre-trained
models.

Anchors Selection It describes the procedure for selecting anchors, which are reference points
to guide the mapping of one embedding into the other or directly create a common space for
different corpora. This selection process may involve pairs of words or pairs of sentences. It
can also involve a standalone model for pair extraction (e.g., a word alignment method) or an
off-the-shelf list of pairs.

Cross-Lingual Alignment It refers to a linear or non-linear transformation that maps source
embeddings to the target language or to a shared space.

Train Multilingual Embeddings It is related to the process of training a contextualised mul-
tilingual language model.

Adjust Multilingual Embeddings It refers to fine-tuning methods used to adjust an existing
multilingual model, creating a more effective cross-lingual language model. The main dif-
ference with respect to the cross-lingual alignment box is that in this case, languages are
already in the same embedding space, but there is a further modification of it to align them.

2https://gitlab.com/crisp1/lost-in-alignment
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Fig. 2. A taxonomy of the cross-lingual alignment methods.

Parallel Corpora It refers to both the monolingual corpus and its respective corpus translated
into another language. These are used as input for the multilingual embedding model.

Train+Align Multilingual Embeddings It is related to the process of training a multilingual
language model that utilises objective functions during the training phase to represent
cross-linguality.

The combination of those building blocks defines the following strategies:

(a) - Offline Independent Embeddings w Alignment via anchor selection: This category
includes methods that attempt to align N different monolingual language models with the
assistance of anchor sets extracted from monolingual or parallel corpora.

(b) - Independent Embeddings with Alignment w/o direct anchor selection: Research
in this category bears a resemblance to that in class (a), but they do not rely on anchors for
alignment.

(c) - Online Multilingual Embedding Adjustment w Anchors: In this category, we find
works that adjust an existing multilingual language model by modifying the embedding
remapping process, where the alignment occurs directly during the training phase through
signals derived from bilingual dictionaries or parallel corpora.

(d) - Direct Multilingual Embedding Adjustment: Similar to the (b) case concerning (a),
this category encompasses models that employ methods from the (c) category without the
need for explicit anchor supervision.

(e) - Online Anchored Multilingual Embedding Training and Alignment: Papers in
this category perform pre-training for cross-lingual language models from the ground up,
selecting anchors to facilitate alignment during the training process.

(f) - Direct Parallel Training and Alignment: These methods initiate pre-training directly
from parallel corpora without the prerequisite of pre-existing anchor sets as signals.

ACM Comput. Surv., Vol. 58, No. 5, Article 116. Publication date: November 2025.
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Methods (a), (b), (c), and (d) optionally utilise parallel corpora solely for alignment purposes,
rather than for embedding training. They may employ parallel source data either for anchor selection
or as input for fine-tuning multilingual embeddings. Methods like (d) and (f) omit the use of an
anchor selection module, as they create a word-level alignment objective that encourages the model
to independently identify word alignment patterns from the parallel corpus during an end-to-end
training process. This approach helps mitigate the risk of accumulating potential errors at distinct
stages of the pipeline. Some methods in category (f) also incorporate monolingual corpora as input
for training the multilingual embedding model.

3 Main Challenges Related to Cross-Lingual Language Models

There are some key challenges embedded in cross-lingual language models that should be noted
to better understand if and how the state-of-the-art methods address them. Mikolov et al. in
2013 initially observed that word vectors pre-trained on monolingual data exhibit comparable
topological structures across various languages [65]. This similarity enables the alignment of
embedding spaces through a straightforward linear mapping [65]. Nevertheless, this assumption
also poses a substantial limitation, as the diverse structural characteristics, such as morphology and
syntax, present challenges for embeddings in adhering to this hypothesis. In the next subsections,
we will address the challenges that have arisen over time when confronting the cross-alignment
dilemma.

3.1 Isomorphism, Isometry, and Isotropy

Isomorphism, isometry, and isotropy are all related concepts in the context of cross-lingual embed-
ding space mapping, but they refer to different aspects of the embedding spaces.

Isomorphism refers to the degree to which two embedding spaces have similar topological
structures. In other words, it measures how well the two spaces preserve the relationships between
words and concepts. Although contextual embeddings are designed to offer distinct representations
of the same word in various contexts, Schuster et al. [85] discovered that the contextual embeddings
of different senses of a single word exhibit much greater similarity compared with embeddings
of different words. This phenomenon contributes to the anisomorphic distribution of embeddings
in different languages and poses challenges for cross-lingual alignment. For instance, aligning
the English word “bank” with its Italian translations, “banca” and “sponda”, corresponding to its
two different senses (“banca” as “financial institution” and “sponda” as “land at river’s edge”),
becomes difficult due to the contextual embeddings of the different senses of “bank” being close
to each other, while those of “banca” and “sponda” are distant from each other [69]. We report a
figure from Reference [87], Figure 3, where they affirm that considering the top k most frequent
English nouns and their translations, the graphs are not isomorphic; see Figure 3(c)- 3(d). Even if
we consider the top k most frequent English words and their translations into German, the nearest
neighbour graphs are not isomorphic. Figure 3(a)- 3(b) shows the nearest neighbour graphs of the
top 10 most frequent English words on Wikipedia, and their German translations.

Isometry, on the other hand, refers to the degree to which the distances between points in the two
spaces are preserved. It measures how well the two spaces preserve the relative distances between
words and concepts. Two spaces are considered isometric when the relative Euclidean distances
among vectors remain the same between these spaces. An orthogonal mapping is a transformation
that preserves distances and guarantees isometric isomorphism, ensuring that the Euclidean distance
between two vectors remains unchanged after the mapping process. Consequently, aligning two
semantic language spaces becomes more straightforward when the relative distances among their
vectors exhibit similarity [100]. To elucidate the concept, we present a figure (Figure 4) sourced from
the work of Conneau et al. [19] that illustrates the process of aligning two embedding spaces while

ACM Comput. Surv., Vol. 58, No. 5, Article 116. Publication date: November 2025.



116:8 F. Pallucchini et al.
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Fig. 3. Nearest neighbour graphs from [87]: Authors select the top 10 most frequent words in English, and
the respective translation in German, and build nearest neighbour graphs for English and German using the
monolingual embeddings used in Conneau et al. [19], the graphs are of course very different. (a), (b) represent
the graph of the 10 most frequent words in English, and the respective German translations; (c), (d) represent
the graph of the 10 most frequent nouns in English, and the respective German translations of.

retaining the original distances between terms. The authors employed the Procrustes measure to
achieve this alignment, which involves calculating an orthogonal matrix. This matrix preserves the
dot product of vectors and their distances and functions as an isometry in the Euclidean space, akin
to a rotation. More specifically, the authors align English X and Italian word embeddings Y through
an adversarial learning process and subsequent refinement. First, a rotation matrix Wis learned to
roughly align the distributions of each language’s embeddings. Then, Procrustes refinement further
optimises W using frequent words as anchors. Finally, W is applied to all words in the dictionary,
with a distance metric expanding high-density areas to improve the separation of common words.

Isotropy refers to how symmetrically vectors are distributed across an embedding space. High
isotropy indicates that vectors are evenly spread in all directions, while low isotropy suggests clus-
tering in certain directions. An embedding space is considered isotropic when vector directions are
uniformly distributed. Unfortunately, contextual word representations often exhibit anisotropy [78]:
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Fig. 4. Figure from [19] where: (A) Within this context, there exist two sets of word embeddings: English
words represented in red and denoted as X, and Italian words represented in blue and denoted as Y. The
primary objective is to align or translate these embeddings. Each data point (depicted as a dot) in the space
corresponds to a word, with the size of each dot proportional to the word’s frequency in the training corpus of
its respective language. (B) An adversarial learning process acquires a rotation matrix W, aiming to align the
two distributions roughly. The green stars mark randomly selected words used for discrimination, determining
whether the embeddings from the two sets originate from the same distribution. (C) The mapping Wundergoes
further refinement through the Procrustes method. This involves the utilisation of frequently occurring words,
already aligned in the previous step, as anchor points. The optimisation process minimises an energy function
akin to a spring system between these anchor points. The refined mapping is then employed to map all
words in the dictionary. (D) Ultimately, translation is achieved by employing the mapping W and a distance
metric that expands the space, particularly in regions with high point density (such as around the word “cat”).
This expansion serves to separate “hubs” (e.g., the word “cat”) from other word vectors to a greater extent
compared to the original state (as seen in panel (A)).

normalised embeddings tend to cluster within a narrow, cone-like region on a hypersphere rather
than spreading evenly. Different languages commonly display varying anisotropy levels [100].
Ethayarajh et al. [28] found that contextualised embeddings from models like BERT, ELMo, and
GPT-2 exhibit this property, with vectors concentrating in specific regions due to their sensitivity to
contextual nuances. This clustering effect seems intrinsic to contextualization itself. Recent work by
Godey et al. [34] shows that anisotropy emerges independently of token frequencies or vocabulary
size, challenging prior assumptions that only these factors drive it. Geometrically, anisotropy
manifests as vectors confined within a cone, with the degree of anisotropy corresponding to the
cone’s narrowness, as Mimno et al. [67] noted. This effect is observed across most layers in models
like BERT, ELMo, and GPT-2, where word representations form similar conical clusters, as visually
depicted by Ethayarajh [28] and shown in Figure 5. The Figure 5 shows that in GPT-2, the average
cosine similarity between randomly sampled words stays around 0.6 in layers 2 to 8 but then
increases sharply in layers 8 through 12, with near-perfect similarity in the final layer. A similar
trend occurs in BERT and ELMo, although BERT’s second-to-last layer has higher anisotropy than
its final layer.

Those concepts create issues in the mapping process, in particular due to the inconsistent relative
distances between embeddings in the source and target embedding spaces. As a response, the
paper proposed by Gao et al. [31] introduced regularisation techniques to improve isotropy by
expanding the “aperture” of the embedding space, thus mitigating this degeneration. Zhao et al. [104]
sought to reduce (or increase) the degree of anisometry (isometry) to alleviate its adverse effects.
However, it is impractical to match the anisotropic characteristics of spaces precisely. Instead, they
introduced an iterative normalisation (IN) preprocessing technique. This method is applied
to transform anisotropic contextual embedding spaces, making them approximately isotropic by
redistributing vectors evenly across the surface of a unit hypersphere. This significantly enhances the
degree of isometry, making relative embedding distances across language spaces more similar. The
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Fig. 5. Nearest neighbour graphs from [28]: In the majority of layers within BERT, ELMo, and GPT-2, the
word representations exhibit anisotropy, meaning they are not directionally uniform. Specifically, when you
calculate the average cosine similarity between words that are randomly selected uniformly, you find that
this similarity is not zero. One notable exception is ELMo’s input layer. This exception is expected since it
generates character-level embeddings independently of context. Typically, as you move to higher layers, the
word representations become even more anisotropic than those in lower layers.

iterative preprocessing method enforces vectors to become zero-mean and normalised as part of this
transformation [100], showing the positive effect of isotropic space on the degree of isomorphism,
which in turn results in improved performance in cross-lingual alignment algorithms [79]. Zhao
et al. [104] continued this line of research and introduced enhancements to the model alignment
approach, including (1) the application of z-normalisation to vectors, and (2) text normalisation to
align the input more closely with the structural characteristics of English training data.

3.2 Language Neutrality

Language-neutrality is about to what extent similar phenomena are represented similarly across
languages [58]. It refers to the ability of a language model to represent language in a way in-
dependent of any specific language. This means that the model can capture linguistic features
and meanings common across different languages, allowing it to be used for multilingual tasks
without requiring language-specific training data. Based on the findings of Pires et al. [77], it can
be postulated that a sentence’s representation in multilingual language models, without a specific
alignment objective, consists of two components: one that is specific to the language of the sentence,
responsible for identifying the language, and another that is language-neutral, capturing the sen-
tence’s meaning in a way that transcends language boundaries. Libovicky et al. [58] demonstrated
that the representations in mBERT can be decomposed into a language-specific element and a
language-agnostic element. They found that the language-neutral component is quite versatile in
modelling semantic information, enabling accurate word alignment and sentence retrieval. How-
ever, it falls short regarding the more challenging task of assessing machine translation quality. The
fact that mBERT has shown limited success, particularly for certain language pairs, in zero-shot
scenarios and necessitates explicit bilingual projection for optimal performance, as observed by
Pires et al. [77], Wu and Dredze [98], and Ronnqvist et al. [81], also underscores its limited language
neutrality. By conducting a series of semantically oriented tasks that demand explicit cross-lingual
semantic representations, Libovicky et al. [58] demonstrated that mBERT’s contextual embeddings
do not consistently represent similar semantic phenomena in a way that can be directly applied to
zero-shot cross-lingual tasks.
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4 Alignment Methods for Contextual Embeddings
Cross-lingual approaches can be categorised into several groups.

(1) The first group of methods employs monolingual embeddings, supplemented by bilingual
dictionaries or parallel corpora, to align the embeddings in a linear or non-linear fashion.

(2) The second group of approaches optionally uses bilingually aligned (comparable or even
parallel) corpora or dictionaries to fine-tune a pre-trained multilingual model. Here, alignment
is performed as a separate step after the initial pre-training phase.

(3) The third group focuses on large pre-trained multilingual masked language models, such
as mBERT [23], which are modified to incorporate cross-lingual alignment during training.
These models are simultaneously trained on multiple languages with a specific objective
function for alignment, allowing alignment to occur as part of the training process itself.
Similar to the previous groups, bilingual corpora or dictionaries may be used for additional
supervision.

4.1 Off-Line Linear/Non-Linear Aignment

These methods belong to the categories (a) and (b) in the taxonomy of Figure 2. linear: Mikolov
et al. [65] were the first that proposed to learn a linear transformation to project an embedding in
the source language to its translation (since they used anchors) in the target language. Now we are
going to present one of the most commonly used methods. Let’s consider two embeddings as e
for the source (s) and e, for the target (). Given a dictionary containing pairs of source and target
elements represented as x;, y; and matrix representations X; and Y; where the columns represent
vector representations of the corresponding dictionary entries, the objective is to discover an
orthogonal transformation matrix denoted as W. This matrix aims to minimise the discrepancies
between the transformed vectors in WX, and Y;. In a formal sense, this can be expressed as

arg min ||WXS -Yl st wiw = 1. 1)
w

Here, the notation ||.|| denotes the Frobenius norm. The orthogonality constraint ensures that the
relative distances between pairs of vectors in the original source vector space remain unchanged
following the transformation. These methods imply an off-line alignment. Indeed, for computing
the matrix, it is necessary just to have the embeddings of the source and target language without
further training the model. Rotating embeddings relies on the controversial assumption, explained
above, that the embedding spaces exhibit approximate isometry [87]. This assumption may not
be valid for contextual pre-trained models since they encompass more than just a word’s type,
including context and syntax, which are less likely to exhibit isomorphism across languages.

Some authors try to align two contextual embedding models in a non-linear way. A common
practice in performing this task is to use Generative Adversarial Networks (GANs) [35]. GANs
consist of two interconnected neural models: a generator and a discriminator. These two models
are concurrently trained through an adversarial process. The discriminator’s role is to distinguish
whether the input data it receives is real or artificially generated (i.e., fake). Simultaneously, the
generator aims to create synthetic data that can deceive the discriminator. GANs operate as a zero-
sum game, where the discriminator’s success implies the generator’s failure and vice versa. Through
simultaneous training, both networks enhance their performance. GANSs find extensive applications
in image generation, where this described process can yield impressive newly generated images. In
their 2022 work, Ulcar et al. [91] introduce an innovative supervised nonlinear mapping approach
that utilizes bidirectional GANs. In particular, they built a system where the generator module
contains two generators that map vectors from one vector space to the other; one generator will
map from s to t, and the second will map from ¢ to s. The two generators are completely independent
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of one another, and they do not share data during training. The discriminator module contains
two discriminators. The first discriminator tries to predict whether a given pair of vectors (x;, y;)
represent the same token, and the second vector represents the translation of the word x in ¢ (i.e.,
¥)- The second discriminator attempts to learn the difference between the direction of mapping.
For a given pair of vectors, it predicts whether they are a vector from s and its mapping to ¢ or a
vector from t and its mapping to s. GANs could also be used to learn linear mapping.

4.2 Off-Line Fine-Tuning

These methods belong to categories (c) and (d) in the taxonomy shown in Figure 2. The key
distinction concerning the previous category is related to the fact that alignment is carried out
on an already pre-trained multilingual embedding model. In this case, there are no longer two
distinct embedding models, but rather a single model with a multilingual representation. Some
authors have suggested fine-tuning the entire encoder as an alternative to utilising source and target
embeddings as static features. The concept involves directly modifying the multilingual model to
bring the representations of semantically related words in various languages closer to each other,
thereby encapsulating alignment in the loss function. This idea stemmed from the observation
that embedding spaces for different languages may not always exhibit isometric properties [87],
and as a result, they may not always be easily aligned through rotation. Considering the notation
in Section 4.1, we can represent the multilingual embedding of the word m as x;,, where x; is
associated with source language terms and x; with target ones. Fine-tuning aims to minimise the
distance between the contextual representations of matched word or sentence pairs in parallel
corpora, as measured by the Frobenius norm, at each layer of the model:

Lijrgn = min Y [ = | @
m

where i is the ME layer. Nevertheless, fine-tuning solely based on the objective above would
result in the loss of semantic information that ME acquired during pre-training. This is because a
straightforward solution to Equation (2) would be to make all embeddings identical. To tackle this
issue, researchers introduced a regularisation loss; for instance, Cao et al. [12] proposed one that
restricts the source language embeddings from straying too far from their original locations within

the pre-trained mBERT model. This regularisation loss functions in the following manner:
Llregularise = min Z Hx;m - Cém”, 3)

m
where cém is a copy of the original pre-trained xé'm, with its parameters remaining frozen. Both the
alignment and regularisation losses are integrated and jointly optimised to align the two language
subspaces while preserving the informativeness of the embeddings:
ne
- mi i i
Lf inetune = TN Z Lalign + Lregularise' (4)
i=n;

Here n, to n, is the range of ME layers aligned. These objectives could be used for word alignment
and sentence alignment, as demonstrated in the case of Pan et al. [73]. It is important to mention

the framework built by Wang et al. [95] that applies cross-lingual alignment methods mentioned in
the previous Section 4.2 to a multilingual embedding model.

4.3 On-Line Alignment

These methods belong to the categories (e) and (f) in the taxonomy of Figure 2. Online methods
combine monolingual and cross-lingual objectives to acquire cross-lingual embeddings concurrently.
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These approaches require more data and are computationally less efficient alternatives to the fine-
tuning approach, as they involve pretraining a large multilingual dictionary. Each word in the
dictionary must have ducting alignment as an afterthought. This line of research suggests contextual
pre-training procedures that exhibit greater cross-lingual awareness. Joint training methods in
general have the following objective (L;, where j stand for joint):

L] = Ll + L2 + R(Ll, Lz), (5)

where L; and L, are monolingual objectives and R(L;, L,) is a cross-lingual regularization term.
An example is the method developed by Chi et al. [15], in which they introduce a new pre-training
task called denoising word alignment (DWA). This task involves training a model to predict
the correct alignment of noisy word pairs across parallel sentences in different languages. The
DWA task serves as an explicit alignment objective during the pre-training of the cross-lingual
language model, representing the R(L;, L,) component mentioned above. The goal of DWA is to
predict the word alignments from the perturbed version of the input translation pair (constructed
by randomly replacing the tokens with masks); so, more specifically, the training objective is to
minimize the cross-entropy between the alignment probabilities from the perturbed version and
the self-labelled word alignments (semantic similarity of original tokens). Additionally, the authors
employ a masked language modelling (MLM) objective, which is a standard pre-training task
for language models and corresponds to the L; and L, components.

5 Sources of Cross-Lingual Supervision

In this section, we will explain how previous studies use two distinct cross-lingual indicators,
namely bilingual dictionaries and parallel corpora, to oversee the alignment process. Furthermore,
we will assess the pros and cons associated with each option.

5.1 Bilingual Dictionary

A bilingual dictionary provides translations between two languages. In this survey’s research, a
bilingual dictionary is used as a form of cross-lingual supervision to align the embeddings of words
in different languages. These dictionaries can be made using a translation tool, like the widespread
Google Translate, or generated from parallel corpora. To effectively employ a bilingual dictionary
for supervising the alignment of embeddings, each word in the dictionary must have a single
representation, avoiding possible degradation in the mapping phase. However, the same word
can have multiple representations depending on its context in the vector space of contextualised
language models. According to Schuster et al. [85], the contextual embeddings of the same word
form a cohesive cluster or “word cloud,” and the centroid of this word cloud is distinct and separable
for individual words, so it can be used as a candidate anchor. Nevertheless, there are limitations to
this approach. When averaging over multiple contextual embeddings, some contextual information
is inevitably lost for both the source and target language words. Some works like the one proposed
by Zhang et al. [103], discovered that multi-sense words, such as “bank,” which can refer to either a
financial organization or the edge of a river based on the context, also have clearly distinguishable
clusters within their respective word clouds for each word sense. Bilingual dictionaries suffer from
several weaknesses. For instance, Schuster et al. [85] conducted an experiment where they computed
the average of ELMo embeddings for each word selected as anchor. Their research unveiled that the
average cosine distance between contextual embeddings of polysemous words and their associated
anchors was notably smaller than the average distance between those anchors. This implies that
the embeddings representing different senses of a single word are relatively closer to each other
compared with embeddings representing different words, as already mentioned in Section 3.1. Liu
et al. [60] observed a similar pattern with BERT embeddings as well. This discovery suggests that
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the sense clusters of a multi-sense word’s occurrences are not well separated in the embedding
space.

5.2 Parallel Corpora

A parallel corpus is a corpus that consists of texts in multiple languages, wherein the texts are
translations of each other. In the field of research of this survey, parallel corpora are employed
as a form of cross-lingual signal to align contextual embeddings or to extract a bilingual dic-
tionary. This approach allows us to leverage not just individual words in the source and target
languages, but also their contextual information. The cross-lingual alignment process can be guided
effectively by utilizing the contextual information in the parallel corpus [2, 96]. Some authors
apply word-alignment techniques to obtain the silver-aligned token pairs. As summarised by Xu
et al. [100], using parallel corpora instead of a dictionary offers three advantages for mapping
purposes:

(1) Parallel corpora offer a broader and more comprehensive range of translation pairs compared
with a dictionary;

(2) Embeddings of translation token pairs preserve the same contextual information;

(3) Tokens in each parallel sentence are already aligned, and their embeddings are aligned as
well. Thus, mappings can be created by aligning the embeddings directly, eliminating the
need for word alignment using a dictionary.

It would seem that parallel corpora are much better than bilingual dictionaries, but they entail some
challenges: First, these kinds of sources are not easy to obtain for specific domains or languages.
Second, word-alignment annotations (often needed in addition to aligned pairs of sentences) are not
commonly available in parallel corpora, but they can be automatically generated using off-the-shelf
tools, which we will discuss in the upcoming subsection.

Word alignment methods. Word alignment is a critical issue in statistical machine translation.
While pursuing advanced models that offer more nuanced interpretations of parallel corpora
is a prominent research endeavour, it is equally important to have simple and efficient models
that can scale effectively. Such models are crucial in various scenarios, including parallel data
mining and rapid large-scale experimentation. They also serve as subcomponents in other models
or training and inference algorithms [25]. The IBM models [11] are statistical models used for
representing the translation process and extracting word alignments between pairs of sentences.
Numerous word alignment models have been developed based on the IBM models, including those
proposed by Och and Ney [70], Mermer and Saracglar [64], Dyer et al. [25], and Ostling and
Tiedemann [72]. Recent studies have revealed that word alignments can also be extracted from
neural machine translation models ([32, 52, 57]) or from pre-trained cross-lingual LM ([68, 83]).
The predominant method utilised in the research reported in this article is fast_align [25], which is
based on a modified version of the lexical translation models initially proposed by Brown et al. [11].
In particular, fast_align adopts a log-linear reparameterization of IBM Model 2 [70]. The lexical
translation process operates as follows: when presented with a source sentence, it generates an
alignment indicating the correspondence between each target word and its respective source
word (or null token) as a translation. Naturally, utilising such models to detect anchor pairs for
alignment introduces some errors, which must be considered in addition to the errors inherent in
the cross-lingual alignment method. Importantly, an off-the-shelf tool’s word alignment error rate
decreases as the number of parallel sentences increases. Consequently, parallel corpus supervision
is particularly advantageous for language pairs with a lot of parallel data available.
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6 Classification of the Models

In this section, we report the Table 1 with all the research analysed in the survey and the hierarchical
criteria used to compare them. Now we describe the set of hierarchical criteria reported in the
Table 1:

(1) Reproducibility: Reproducibility is related to the code availability and dataset necessary to
replicate the experiments.

(2) Alignment Approach: We categorize methods into two sub-classes similar to the ones
introduced by Wang et al. [95]: (1) off-line alignment, where distinct independently trained
monolingual representations are mapped into a shared space, and (2) on-line alignment,
which involves the simultaneous learning of unified multilingual representations through
both monolingual and cross-lingual objectives.

(3) Training signal: It refers to the type of signal used for performing the cross-lingual align-
ment.

(4) Word-alignment method: It is specified whether the author utilises an off-the-shelf method
or performs the word alignment task during the cross-lingual alignment procedure.

(5) Level of alignment: It specifies whether the alignment is conducted at the word level, with
the objective being to align specific identical words considering the context or not, or at the
sentence level, with the objective being to align entire pairs of sentences directly.

(6) Taxonomy: Specifies to which categories, introduced in Section 2, the model belongs.

We conducted a comprehensive literature review to identify the most commonly used cross-
lingual alignment methods, and we framed the works in the categories just introduced, as reported
in Table 1. As advised by Reference [50], we comprehensively searched electronic databases®. We
reviewed 39 papers on cross-lingual alignment of contextual embeddings. Papers were included if
they met the following quality criteria, or if they were recognised as particularly impactful within
the research community:

(1) for journal papers, to be either Q1 or Q2 of SCImago journal ranking in any computer
science-related topics in the of publication.

(2) for conference papers, to be classified as A/B for all those rankings: (i) CORE Conference
Rating, (ii) LiveSHINE, and (iii) Microsoft Academic.

6.1 Category (a) - Offline Independent Embeddings w Alignment via Anchor Selection

Approaches classified under category (a) follow the process depicted in Figure 6. Aldarmaki et al. [2]
employ parallel text to align independently trained contextual embeddings across languages,
employing both word-level and sentence-level mapping techniques. Similarly, Wang et al. [94]
generate cross-lingual contextualised embeddings using publicly available pre-trained BERT models,
utilizing word pairs from parallel corpora for word-level alignment. Schuster et al. [85] propose

3The databases utilised for this search were as follows:
ACL (https://aclanthology.org/)
Springer (www.springerlink.com)
ACM Digital Library (www.acm.org/dl)
ScienceDirect (www.sciencedirect.com)
Wiley Interscience (www.Interscience.wiley.com)
Google Scholar (www.scholar.google.co.in)
IEEE eXplore (www.ieeexplore.ieee.org)
Taylor Francis Online (www.tandfonline.com)
PubMed (https://pubmed.ncbi.nlm.nih.gov/)
SemEval (https://semeval.github.io/)
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N Monolingual Train N - P - Cross-Lingual
a) Embeddings g T ! - Alignment

Fig. 6. Category (a) - Offline Independent Embeddings w Alignment via anchor selection.

b) N Monolingual Train N N Cross-Lingual
Corpora Embeddings ~ Alignment

Fig. 7. Category (b)—Independent embeddings with alignment w/o direct anchor selection.

N Monolingual Train Multilingual q Adjust Multilingual
c) Embedding ~——————> Anchors Selection ————» Embedding

Fig. 8. Category (c)—Online multilingual embedding adjustment w anchors.

aligning two language models at the word level, relying on bilingual dictionaries as a source of
supervision; to do this, they used the averaged contextual word embeddings as an anchor for
each word type. These approaches incorporate anchors to solve an optimisation problem aimed at
discovering an appropriate linear transformation, as detailed in Section 4.1.

6.2 Category (b)—Independent Embeddings with Alignment w/o Direct Anchor
Selection

Approaches classified under category (b) follow the process depicted in Figure 7. In this category,
we highlight only two papers. The first, by Schuster et al. [85], proposes aligning two contextual
embedding models using the adversarial MUSE framework introduced by Lample et al. [53], without
relying on parallel text. In MUSE, anchor points are typically selected by comparing the similarity
of semantic distributions among terms in the corpora to be aligned. However, in this case, no
anchor points are required. Within category (d), some studies adopt the same approach, but focus
on aligning multilingual embeddings rather than multiple monolingual ones. The second article,
by Jha et al. [47], presents an unsupervised post-hoc mapping method that aligns embedding
spaces via a “universal” latent geometry-a universal semantic structure postulated by the Platonic
Representation Hypothesis [45]. Two encoders map each source space into the universal space and
back, using a GAN-based strategy, enabling cross-lingual alignment without anchors or parallel
data by leveraging the assumed shared semantic geometry.

6.3 Category (c) - Online Multilingual Embedding Adjustment w Anchors

Approaches classified under category (c) follow the process depicted in Figure 8. These approaches
begin with models that are potentially not trained on parallel data, so they undergo a remapping
process. In the cases of Cao et al. [12] and Zhao et al. [104], alignment is integrated into the loss
function. Their strategy adopts more expressive alignment methods than rotation, mitigating the
isomorphism and isometry challenge. They fine-tune their models using parallel data and leverage
it to align the contextual embeddings across different languages, ensuring that words with similar
meanings have corresponding embeddings in the multilingual space. Similar to Cao et al. [12],
Efimov et al. [26] adapt the pre-trained multilingual model mBERT by using a limited parallel
corpus to enhance its cross-lingual transfer capabilities. They work with one language pair at a
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d) N Monolingual Train Multilingual - Adjust Multilingual
Corpora Embedding - Embedding

Fig. 9. Category (d)—Direct multilingual embedding adjustment.

time, whereas Cao adapted mBERT for five languages simultaneously. Wang et al. [95] adjust the
parameters of an unsupervised joint training method, such as mBERT, which does not explicitly
employ any dictionaries or alignment mechanisms. Consequently, the resulting embedding set
may be coarse and misaligned in the shared vector space. To refine alignments across non-shared
embedding sets, they apply an off-the-shelf alignment method as a final step. Wu et al. [99] perform
adjustments using a novel contrastive alignment objective. Instead of optimising for the absolute
distance between source and target terms, the contrastive loss offers more flexibility by encouraging
source and target words to be closer to each other than any other hidden states. Finally, CLASS
method [48] involves online pre-training of a multilingual model where cross-lingual links and
anchor texts serve as explicit supervisory signals to guide the alignment of representations.

6.4 Category (d) - Direct Multilingual Embedding Adjustment

Approaches classified under category (d) follow the process depicted in Figure 9. Pan et al. [73]
introduce a straightforward approach to aligning multilingual contextual embeddings as a post-
pretraining step, enhancing the zero-shot cross-lingual transferability of pre-trained models. They
utilise parallel data to perform alignment at both the word level, using the Translation Language
Modeling (TLM) objective, and at the sentence level through contrastive learning and random
input shuffling. Alqahtani et al. [3], on the other hand, suggest using Optimal Transport (OT) as
an alignment objective during fine-tuning to enhance multilingual contextualised representations
further. Notably, this approach does not necessitate an explicit predefined set of anchors. Tien
et al., as described in their work [90], have created unsupervised models trained on unpaired
sentences and supervised models trained on bitexts. Ding et al. [24] propose three strategies to
enhance cross-lingual embeddings without relying on word-alignment pairs during fine-tuning. The
first, Embedding-Push, moves English embeddings closer to other language clusters. The second,
Attention-Pull, maintains relative word positions to preserve meaning. The final strategy, Robust
Target, introduces a Virtual Multilingual Embedding to create a stable embedding space. The Align
aFter Pre-training (AFP) [54] framework improves multilingual generative models by aligning
sentence representations across languages after the pre-training phase. It leverages translation
pairs and contrastive learning to align internal representations, enhancing cross-lingual capabili-
ties without requiring model retraining. This alignment is achieved by encouraging isomorphic
representations, without relying on explicit geometric assumptions. These models are built upon
the unsupervised language model XLM-RoBERTa (XLM-R) [17], with the model’s parameters kept
consistent. AlignFreeze [8] also builds on these models, applying a “realignment” strategy and find-
ing that freezing the lower layers helps prevent performance degradation in cross-lingual transfer.
Feng et al. [30] also focus on the alignment of different layers within large language models
(LLMs), demonstrating that word-level embeddings in the hidden layers are isomorphic across
languages. They show that the hidden states corresponding to inputs in different languages can be
aligned at the word level using an orthogonal transformation. Similarly, Liu et al. [59] propose a
fine-tuning approach that alternates between a task loss and a contrastive alignment loss applied to
middle layers of LLMs. Using parallel sentence pairs, the alignment loss encourages cross-lingual
consistency in hidden states while preserving task performance. The loss proposed maximises the
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Fig. 10. Category (e) - Online anchored multilingual embedding training and alignment.
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Fig. 11. Category (f) - Direct parallel training and alignment.

similarity between translations while minimising similarity between non-translations. Completely
unlike the methods mentioned above, Sundar et al. [88] propose a model-intervention strategy to
enhance cross-lingual alignment without parallel data by selectively modifying neuron activations
in multilingual LLMs. By identifying and steering “expert” neurons, they reshape the embedding
space to achieve tighter multilingual alignment. In Reference [22] the authors introduce a rewiring
strategy that adapts LLMS to cross-lingual tasks. The method leverages the autoregressive structure
of embeddings, compressing and re-aligning them to better capture language-invariant patterns.
By modifying internal connections rather than relying on parallel data or external dictionaries, it
enables unsupervised cross-lingual transfer in a lightweight and efficient manner.

6.5 Category (e) - Online Anchored Multilingual Embedding Training and Alignment

Approaches classified under category (e) follow the process depicted in Figure 10. Liu et al. [60]
developed an innovative approach to align contextual embeddings at the sense level using cross-
lingual signals derived solely from bilingual dictionaries, thereby eliminating the need for parallel
corpora. They achieve this by introducing a novel sense-aware cross-entropy loss that explicitly
models different senses of a word based on its context. This is made possible through a clustering
analysis that identifies distinct word senses, effectively addressing the anisomorphism’s challenge.
In their cross-lingual model pre-training, they incorporate a sense alignment objective combined
with this sense-aware cross-entropy loss. Goswami et al. [36] use a multitask loss function to
capture semantic similarity and relatedness between sentences, training a dual-encoder model
to map different languages into a shared vector space. Their dual-encoder architecture leverages
word-level semantic similarity scores, embedding these into unified sentence-level vectors.

6.6 Category (f) - Direct Parallel Training and Alignment

Approaches classified under category (f) follow the process depicted in Figure 11. Wieting et al. [96]
constructed a model to acquire paraphrastic sentence embeddings directly from bilingual text data.
Their training dataset comprises pairs of sentences in source and target languages. For each sentence
pair, they randomly select a non-matching target sentence during training. The primary objective
is to make source and target sentences more similar than source and negative target examples by a
specific margin. To understand this category, we need first to describe XLM proposed by Conneau
et al. [18], as it serves as the baseline for most of the papers in this field. Conneau et al. [18]
explore cross-lingual language model pre-training using three approaches: Causal Language
Modeling (CLM), MLM, or MLM combined with TLM (Translation Language Modeling). The TLM
objective extends MLM by concatenating parallel sentences and randomly masking words in both
the source and target sentences. To predict a masked word in a source sentence, the model can
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attend to nearby source words or the target translation, promoting alignment between source and
target representations. The work is not included in our set of selected papers because it lacks an
explicit objective for aligning contextual embeddings. In their work [42], Hu and colleagues put
forward a training approach to acquire contextualised word representations. This approach fosters
symmetry in training, encompassing both word and sentence levels. Like Conneau et al. [18], they
employ MLM but also introduce a sentence alignment objective to encourage the model to predict
the correct translation of a target sentence when provided with a source sentence. Additionally,
they incorporate a word alignment objective by leveraging the Transformer model’s attention
mechanism. Artetxe et al. (LASER) [7] employ a BiLSTM encoder to transform input sentences
into fixed-length vector representations, initialising the decoder LSTM responsible for generating
target sentences. They train both the encoder and decoder using parallel corpora with a translation
objective. In contrast to Conneau et al. [18], their approach is designed to scale to a larger number
of languages. Chi et al. [13] propose pre-training both the encoder and decoder of a sequence-
to-sequence model under both monolingual and cross-lingual conditions. They adopt the MLM
approach used by Hu et al. [42] and Conneau et al. [18] but also incorporate a denoising auto-
encoding (DAE) objective to reconstruct the original text from the corrupted text. They apply
these two objectives to both monolingual and parallel input datasets. In their 2021 work (infoxlm),
Chi et al. [14] introduce a novel pre-training task based on contrastive learning. They consider
a bilingual sentence pair as two viewpoints of the same meaning and promote the similarity of
their encoded representations compared with negative examples. By using both monolingual and
parallel corpora, they collectively train these preliminary tasks to improve the cross-lingual transfer
capabilities of pre-trained models. Feng et al. [29] introduced an innovative approach that enhances
translation ranking performance through a unique blend of pre-training and dual-encoder fine-
tuning. Specifically, they merged dual encoders, which were trained using a translation ranking loss
to maximise the similarity of translation pairs within a common embedding space, with encoders
that were initialised using large pre-trained language models. Abulkhanov et al. [1] introduce
a novel approach to cross-lingual retrieval, utilising cross-lingual pre-training and fine-tuning
for cross-lingual information retrieval tasks with loosely aligned data automatically mined from
Wikipedia. Gritta and Iacobacci [37] propose XeroAlign, a method for task-specific alignment of
cross-lingual pre-trained transformers like XLM-R. XeroAlign incorporates an auxiliary training
objective that leverages translated data to improve target language performance, bringing it closer
to that of the source (labelled) language. Li et al. [56] propose a method based on Cross-Lingual
Representation Similarity (XLRS) that aligns multilingual representations during training to enhance
zero-shot generation. By using multiple source languages, the method regularises representation
similarity, helping to prevent language-specific errors. Interestingly, the study finds that neutral
representations can actually degrade performance on generation tasks—challenging the common
assumption that such invariance universally benefits cross-lingual transfer across all downstream
tasks. Finally, Vasilyev et al. [92] consider a simple linear cross-lingual mapping as a possible
improvement of the multilingual embeddings.

6.7 Composition of Categories

Heffernan et al. [41] and Reimers & Gurevych [80] take opposite approaches to the teacher-student
framework for multilingual embeddings. Reimers et al. [80] use monolingual embeddings as a
teacher model to align multilingual embeddings, aiming to improve cross-lingual knowledge
transfer and reduce linguistic bias, thereby making the representation space more isotropic. So, this
approach is a combination of (f) and (b). In contrast, Heffernan et al. use multilingual embeddings
as the teacher to align monolingual embeddings, with a focus on scaling encoder training and bitext
mining for low-resource languages that are not well-covered by existing models. So, in this case,
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the combination is the opposite (b) and (f). Tan et al. [89] follow Heffernan et al’s approach [41]
but extend it by integrating contrastive learning into their distillation method, making it more
effective for training encoders for low-resource languages. Additionally, H’ammerl et al. [39] are
classified as a combination of two taxonomy categories. They blend the advantages of static and
contextual models, exploring their mutual benefits. Specifically, they extract static embeddings for
40 languages from XLM-R, validate them with cross-lingual word retrieval, and align them using
VecMap [5]. They further apply a novel continued pre-training approach to XLM-R, leveraging
the high-quality alignment from static embeddings to better align XLM-R’s representation space.
Through this intuition, the method addresses the challenges posed by isometry and isomorphism
assumptions in contextualised embeddings, where such issues are particularly problematic.

6.8 Timeline

Here’s a breakdown of the main characteristics and evolutionary trends for each year in cross-lingual
alignment from 2019 to 2025:

Before 2019: Looking at the technique for align embedding like the one proposed by Lample
et al. [53], Segaard et al. [87] question the assumption that monolingual embedding spaces
exhibit approximate isometry, showing that this is not valid for many language pairs.

2019: Initial focus on establishing foundational cross-lingual alignment methods with tools like
LASER for multilingual embeddings [7] and adversarial alignment approaches by Schuster
et al. [85]. This year introduced basic linear and adversarial mapping techniques to bring
embeddings from different languages into a shared space, setting the groundwork for more
sophisticated transformations and pre-training models.

2020: Emphasis on expanding model robustness and task-specific alignment. Cao et al. [12]
and Chi et al. [13] developed alignment methods using multilingual objectives, exploring
ways to optimise models across both monolingual and cross-lingual tasks. Pre-training large
multilingual models like XLM-R also became a focal point, marking a shift towards enhancing
performance in multiple languages simultaneously.

2021: Advances in embedding alignment for complex tasks and zero-shot applications. New
methods like AMBER [42] and XeroAlign [37] emphasised task-specific alignment goals such
as zero-shot transfer learning and semantic similarity across languages. This year marked a
push towards fine-grained semantic alignment and transfer capabilities, integrating multitask
learning to capture semantic similarity.

2022: Focus on fine-tuning and unsupervised approaches for enhanced transfer learning. Ding
et al. [24] and Liu et al. [60] introduced methods targeting unsupervised alignment (e.g., bilin-
gual dictionaries for sense-aware embeddings), which reduced reliance on parallel corpora.
This shift reflected the industry’s interest in scaling models for low-resource languages by
minimising data requirements and optimising alignment through cross-lingual objectives.

2023: Growth in language-agnostic pre-training and contrastive learning integration. Ab-
ulkhanov et al. [1] and Tan et al. [89] integrated contrastive learning in LASER3 for low-
resource languages, enhancing alignment stability and transferability in limited-data contexts.
This year emphasised scalability and refinement of cross-lingual alignment with techniques
like LAPCA, as models evolved to address language diversity with minimal supervised data.

2024: Emergence of cross-lingual generation alignment. Li et al. [54] introduce AFP to enhance
multilingual generative models without retraining, while Jiang et al. [48] develop CLASS
using cross-lingual links as explicit supervisory signals. Vasilyev et al. [92] demonstrate that
simple linear mappings remain effective for sentence embeddings.

2025: Layer-specific alignment advancements include Bakos et al.[8], who introduce Align-
Freeze with layer-freezing strategies to mitigate performance degradation, and Feng et al.[30],
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who reveal word-level isomorphism in LLM layers through iterative decomposition. New
adaptation strategies also emerge, such as Deng et al.[22], which rewires autoregressive
embeddings for unsupervised cross-lingual transfer, and Jha et al.[47] present Vec2Vec, an
unsupervised post-hoc mapping method that leverages a universal latent geometry and
GAN-based projections to align embedding spaces without anchors or parallel data.

Each year shows a trend toward increasing model sophistication, scalability, and data efficiency,

particularly in handling low-resource languages and advancing zero-shot capabilities.

Fine-
Low-
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reducing data dependence.

6.9 Comprehensive Discussion of Methodological Challenges

Although alignment methods have achieved significant success, they still have some notable
drawbacks. As mentioned by Hammerl et al. [40] it is possible to consider cross-lingual alignment
as a complex optimisation problem in this light: to be completely cross-lingually aligned, the
model would have to reconcile both large and small differences between many different language
spaces. This may be intractable without also removing valuable contextual and language-specific
information. Offline methods in categories (a) and (b), as well as online models in categories (c)
and (d), rely on two separately trained embeddings. In contrast, recent research in online joint
training highlights the advantages of word sharing during the training phase. This distinction may
result in information loss in the final embedding and impact the effectiveness of fine-tuning aligned
embeddings for downstream tasks. The absence of cross-lingual objectives during fine-tuning can
lead to suboptimal results, unlike jointly trained models where shared words can facilitate this role.
Off-line alignment methods hinge on the assumption of isomorphism in monolingual embedding
spaces. However, studies such as those by Segaard et al. [87], have contested this assumption,
revealing that it doesn’t hold true for many language pairs. Notably, Ormazabal et al. [71] suggest
that this limitation arises from the independent training of the two sets of monolingual embeddings.
Conversely, the on-line joint training methods that belong to categories (e) and (f), are simpler
and avoid the disadvantages above of off-line alignment methods. Nevertheless, it carries its own
set of limitations. These methods assume that all shared words between two languages implicitly
serve as anchors and need not be aligned with other words. However, this assumption does not
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always hold true, leading to misalignment. For instance, the English word “the” will likely appear
in the Spanish training corpus, but ideally, it should align with Spanish words like “el” and “la”
instead of aligning with itself. This issue is referred to as oversharing. The methods discussed in
the survey involve joint training with the incorporation of an explicit cross-lingual task, enabling
the alignment of words that are not shared between languages. Methods that adapt an already
multilingual model trained in this manner strike a perfect balance, as they consider words within
their language domain without sharing during the pre-training phase but remap only those words
present in the source used as a signal. In contrast, sources used during the adjustment phase do not
have as comprehensive an impact as when they are used in the pre-training phase.

7 Evaluation Tasks

In this section, we will describe the downstream task utilised by researchers to evaluate the proposed
models. This information can assist researchers in identifying a benchmark task that is suitable for
evaluating their models among the ones that are widely recognised in the community. Moreover,
in Table 2 we report the evaluation tasks used by the surveyed papers. This can be useful for
comparison. In our view, the greater the variety of tasks used to evaluate the authors’ proposed
method, the more robust the method appears to be.

Sentence Translation Retrieval (STR): STR entails retrieving the accurate translation from
the target side of a test parallel corpus by employing the nearest neighbour search based on
cosine similarity.

Bilingual Lexicon Induction (BLI): BLI task is meant to quantify vocabulary induction per-
formance, that is, given a benchmark set of words in a source language, find the translation
in the target language.

Dependency parsing (DP): DP is a task that involves analysing the grammatical structure
of a sentence to determine the relationships between words. In this task, each word in a
sentence is assigned a syntactic label describing its relationship to other words. The resulting
structure is typically represented as a tree, where each word is a node and the relationships
between words are represented as edges.

Part-of-speech (POS) Tagging: POS tagging is the process of assigning a grammatical cat-
egory (such as noun, verb, adjective, etc.) to each word in a sentence. Differently from
dependency parsing, it does not analyse the relationships or dependencies between words in
a sentence.

Paraphrase Detection (PD): PD identifies whether two sentences or phrases convey the same
or similar meaning, even though they may be expressed in distinct linguistic forms.

Natural Language Inference (NLI): NLI is the process of establishing the connection be-
tween two given sentences in a specific order and categorising them as either showing
entailment, contradiction, or having “no relation” between them.

Sentiment Analysis (SA): In the field of SA, the goal is to automatically identify and categorise
the emotional tone expressed in a piece of text. This task typically involves classifying a
sentence, a short passage, or even a full document into one of several predefined categories—
most commonly positive, negative, or neutral-based on the sentiment conveyed.

Named Entity Recognition (NER): NER involves information extraction to identify and cat-
egorise named entities within unstructured text into predefined categories. These categories
may include person names, organisations, locations, medical codes, time expressions, quanti-
ties, monetary values, and more.

Semantic Textual Similarity (STS): STS involves comparing pairs of sentences and assigning
a score to each pair that reflects the degree of similarity between the two sentences. Human
judges typically assign the scores based on their subjective assessment of the sentence
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Table 2. Downstream Tasks Used by Authors for Evaluating their Models
Paper Downstream Tasks
NLP Text Similarity Translation Classification = Reasoning
NER POS DP STS PD SS STR BM PSM RFEval DC SA | NLI QA
[2] Aldarmaki et al. 2019 POS STS STR NLI| [QA]
[85] Schuster et al. 2019 DP
[96] Wieting et al. 2019
[94] Wang et al. 2019 - CLBT DP NLI
[7] Artetxe et al. 2019 - LASER DC NLI
[12] Cao et al. 2020 NER| [POS
[95] Wang et al. 2020 NER STR BM
[99] Wu et al. 2020 NER POS DP
[13] Chi et al. 2020 - XNLG
[80] Reimers et al. 2020 STS ss BM
[73] Pan et al. 2021 POS STS STR NLI
[42] Hu et al. 2021 - AMBER POS STS] PD STR
[3] Algahtani et al. 2021
[14] Chi et al. 2021 - infoXLM STR
[104] Zhao et al. 2021 REEval
[36] Goswami et al. 2021 - DuEAM  [NER]| [POS STS
[37] Gritta et al. 2021 - XeroAlign NER| [POS STS| PD DC
[91] Uléar et al. 2022 - Vecmap/MUSE  NER DP
[91] Uléar et al. 2022 - ELMOGAN ~ NER DP
[60] Liu et al. 2022 - Bi-SaELMO NER
[90] Tien et al. 2022 STS
[29] Feng et al. 2022 - LaBSE NER| [POS STS PD STR
[24] Ding et al. 2022 - EAR NER| [POS STS STR DC
[41] Heffernan et al. 2022 - LASER3 POS ss BM
[39] Himmerl et al. 2022 NER POS STR
[26] Efimov et al. 2023 NER NLI QA
[1] Abulkhanov et al. 2023 - LAPCA STR QA
[89] Tan et al. 2023 - LASER3-CO NER| [POS STS ss BM NLI
[56] Li et al. 2023 POS STS] PD STR NLI QA
[54] Li et al. 2024 - AFP STR NLI [QA]
[92] Vasilyev et al. 2024 Q:A
[48] Jiang et al. 2024 - CLASS POS STR A
[8] Bakos et al. 2025 - AlignFreeze ~ NER  POS STR PSM | [RFEval NLI QA
[30] Feng et al. 2025 - IDA POS STR P [QA |
[59] Liu et al. 2025 STR QA
[88] Sundar et al. 2025 STR Q:A
[47] Jha et al. 2025 - vec2vec [NER] [POS STS STR PSM [QA]
[22] Deng et al. 2025 STS RFEval NLI| [MT]

Task categories: NLP (Named Entity Recognition (NER), Part-of-Speech Tagging (POS), Dependency Parsing (DP)), Text
Similarity (STS, Paraphrase Detection (PD), Similarity Search (SS)), Translation (Sentence Translation Retrieval (STR),
Bitext Mining (BM), Parallel Sentence Matching (PSM), Reference-free machine translation evaluation (RFEval),
Classification (Document Classification (DC), Sentiment Analysis (SA)), and Reasoning (Natural Language Inference

(NLI), Question Answering (QA)

=

similarity. The evaluation metric for the STS task is usually Pearson’s correlation coefficient
between the predicted scores and the gold standard scores assigned by human judges.

Similarity Search (SS): SS consists of finding similar documents or text segments based on
a query, often using vector representations of text. This task is crucial for applications like
information retrieval, recommendation systems, and content-based filtering.
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Bitext Mining (BM): The BM task aims to identify parallel sentence pairs within two large
monolingual corpora in different languages. These sentence pairs are commonly referred to
as “gold” alignments when used as ground truth for evaluation.

Bilingual Terminology Alignment (BTA): The task of BTA involves aligning terms found
in two distinct languages between two candidate term lists.

Question Answering (QA): QA task in the cross-lingual domain involves answering questions
in different languages based on a given context.

Machine Reading Comprehension (MRC): MRC is a variation of the QA task where the
system is tasked with responding to the form of a continuous sequence of tokens from a text
paragraph, given a question and that paragraph.

Document Classification (DC): DC is a task where a model is trained to classify a given
document into one of several predefined categories. So, in the cross-lingual domain, document
classification refers to the task of classifying documents in different languages into the same
set of categories.

Reference-free machine translation evaluation (RFEval): RFEval task assesses the qual-
ity of translation, specifically measuring the similarity between a sentence in the target
language and the corresponding sentence in the source language.

Parallel Sentence Matching (PSM): PSM consists of identifying sentence pairs in different
languages that are mutual translations or convey equivalent meanings.

Many authors used the Xtreme [43]* benchmark for evaluating their methods on different tasks
as the one listed above.

In Table 2 we report the downstream tasks used by authors classified in this review. The perfor-
mance of the cross-lingual alignment methods described is presented in Table 3. We present the
most comprehensive results, encompassing the widest range of languages and the highest level of
generalisation. Specifically, we report average results across all languages used in the evaluation.
Additionally, for each proposed model, only the version with the highest recorded performance
is included; if a study proposed multiple versions of the same model, we have reported only the
best-performing one.

8 Application of Cross-Lingual Alignment

Finally, in this section, we report some examples of research that use the methods classified in the
article for solving complex tasks. Yi et al. [101] introduce a highly efficient method for webpage
snippet extraction, termed DeepQSE, to identify a concise set of sentences that effectively summarise
the webpage content within the context of a given input query. They employ XML-RoBERTa [14]
for the initial configuration of their language model. Also, Cho et al. [16] employ infoXLM [14]
and other models to construct a multimodal intelligent document processing framework. This
framework combines a pre-trained deep learning model with traditional robotic process automation
techniques commonly used in banking to automate business processes based on real-world financial
document images. Dadu and colleagues [20] present a cross-lingual inductive method for detecting
offensive language in tweets, leveraging the contextual word embeddings provided by XLM-R. [17].
Ils et al. [46] utilise models from Zhao et al. [104] and Cao et al. [12] to examine the shifts in
European solidarity discourses occurring before and after the global declaration of the COVID-
19 outbreak as a pandemic. According to Li et al. [55], developing intelligent solutions to help
e-commerce sellers provide local products to a global consumer base is paramount. To address
this need, they leverage the methodology introduced by Schuster et al. [85] and embark on a
novel endeavour in cross-lingual information retrieval. Specifically, they focus on cross-lingual

4https://github.com/google-research/xtreme
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Table 3. Performance of Cross-Lingual Alignment Methods

Paper | Task Dataset Metric used Metric values (%) with comments
[39] F1 Score 72.1
[42] POS UD-POS F1 Score 70.5
[99] Universal Dependencies v2.3 F1 Score 81.5 + 0.6%
[8] Universal Dependencies Accuracy 81.7°
[94] UD Treebanks v2.2 LAS 63.54¢
[85] UD v2.0 Treebanks LAS 77.39
o1] UAS / LAS 57.2%/ 33.5°
[91] DP Universal Dependencies UAS / LAS 75.0°/ 54.7¢
[91] UAS / LAS 73.4°/ 53.1¢
[99] Universal Dependencies v2.6 LAS 57.4 + 0.5'
[60] CoNLL-2002, CoNLL-2003 F1 Score 75.118
[99] Pan et al,, 2017 F1 Score 66.2 + 1.0"
[39] PAN-X F1 Score 62.73
[26] NER F1 Score 69.1'
[91] Wikiann F1 Score 46.6)
[91] F1 Score 52.4)
[91] F1 Score 38.3)

[8] F1 Score 84.8F

41 SS F1 Score 18.8%P
{80% Tatoeba Accuracy 53.4
[96] SemEval STS 2017 Pearson Corr. 79.62!
[29] Pearson Corr. 72.8

36 Pearson Corr. 74.5™
{80} STS Benchmark Spearman Corr. 83.7"
[22] Spearman Corr. 83.81°
[104] STS WMT’13 Pearson Corr. 48.1P
[56] MTG ROUGE-L 27.79
[59] WMT'23 BLEU/COMET 17/80.7°
[88] FLORES200 Accuracy 32°
[47] NQ / TweetTopic / MIMIC / Enron | Cosine Similarity (x100) 86.0

(Continued)

*Average and Standard Deviation of 10 runs

b Average POS tagging accuracy over 34 languages using XLM-R Base with ALIGNFREEZE (front-freezing); see Table 2.
€Average on 18 languages

dAverage on De Es Fr It Pt Sv

¢Average on 20 language pairs across 9 languages: En Hr Et Fi Lv Lt Ru S1 Sv

fAverage and Standard Deviation of 10 runs

€Average on 3 languages, es, nl, and de

h Average and Standard Deviation of 10 runs

{Adj+cont model average on 4 languages: Es Hi Ru Vi

i Average for 19 language pairs across 9 languages: En Hr Et Fi Lv Lt Ru Sl Sv

kF1 Score on WikiANN averaged over 34 languages using XLM-R Base with ALIGNFREEZE (front-freezing); see Table 2 of
the paper.

1Average on 4 languages: Ar Es En Tr

™Average on 5 languages: En De Tr Es Fr

"Average on 8 languages: En Ar De Tr Es Fr It N1

°Average on 10 STS datasets: STS12, STS13, STS14, STS15, STS16, STS17, STS22, STS-B, BIOSSES, SICK-R

P Average for 19 languages grouped in 4 groups of typologically similar ones

davg on en, es, de, fr, zh

"avg on en, he, ja, uk using LLaMA 3

*improvements in top-1 retrieval accuracy. Median on 22 languages using Aya-8b model, for the intervention on Spanish
tAverage cosine similarity across in-distribution (NQ) and out-of-distribution datasets (TweetTopic, MIMIC, Enron)
abResult related to Tatoeba Dataset. Average of all languages supported by Tatoeba
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Table 3. Continued
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Paper ‘ Task Dataset Metric used Metric values (%) with comments
[37] Accuracy 93.6"
[42] Accuracy 89.2
[54] PD PAWS-X Accuracy 57.3%
[56] MTG ROUGE-L 2957
[29] SentEval MRPC F1 Score 74.4
[1] F1 Score 83.5%W
[7] F1 Score 93.9%
[36] F1 Score 81.7%
[80] BUCC F1 Score 88.67
[90] BM F1 Score 92.8%
[96] F1 Score 77.15%
[41] FLORES xsim error rate 0.6%
[95] MUSE precision 74.5%¢
[89] Paracrawl BLEU 9.28
[29] BUCC, Tatoeba Accuracy/F1 Score 83.7°9/ 89.3%¢
[14] Accuracy 79.22F
[39] Accurac 68.1
[42] Tatoeba Accuracz 87.9
[90] Accuracy 80.4
[905]  SIR WMT BLEU 22.59%€
[2] WMT’13 Accuracy 84.0°"

W W
[[418]] XOR-Retrieve Recall@2000 / Recall@5000 3?2‘“; ;g;dl
[47] NQ / TweetTopic / MIMIC / Enron Accuracy 82.0%
[36] Tatoeba Accuracy 77.7%K
[92] PSM WikiNews Cosine Improvement (fC) 0.991?T
[92] Tatoeba Distance Reduction (dD) 0.192%™m
[30] MUSE Precision@1 74.5%"
[7] MLDoc Accuracy 72.8%¢
[37] DC MultiATIS++ Accuracy/F1 Score 96.0°P/ 81.2%F
[24] XNLI Accuracy 68.7%1

“Average on 7 languages: En De Es Fr Ja Ko Zh
VAverage on 5 countries: En, Es, De, Fr, Zh

" Result for LAPCA — LM + XPAQj, 4 average across 8 languages: Ar Bn Fi Ja Ko Ru Te En
X Average for 5 languages: En De Ru Fr Zh
YAverage on 5 languages: De En Fr Ru Zh
“Average on 4 datasets : De Fr Ru Zh

2Result related to BUCC Dataset. Average on 3 languages : En De Fr
b Average on 12 languages:Amh Be Ga Hy Ka Kk Km Sw Ta Te Ur Uz
a¢Average on 7 languages: En Es Fr De It Ru Zh

adResult related to Tatoeba Dataset. Average of all languages supported by Tatoeba

2Result related to BUCC Dataset. Average for 5 languages: En De Fr Ru Zh
afAverage 14 languages covered by parallel data (both directions): Ar Bg Zh De El Fr Hi Ru Es Sw Th Tr Ur Vi.
2 Average on 3 language pairs: En Fr De

ahResult for ELMO (sent) average across 3 languages: En Es De

2iResults on XOR-Retrieve dev set. CLASS model with full supervised training.
3 Average retrieval accuracy across in-distribution (NQ) and out-of-distribution datasets (TweetTopic, MIMIC, Enron)
akAverage on 10 languages: De, Hi, Zh, El, Af, Te, Tl, Ga, Ka, Am
alHjghest fC on title-text pairs in Russian
MMaximum distance gain; see Table 1 of the paper
2Bilingual Lexicon Induction interpreted as PSM evaluation
2 Average on 8 languages: En De Es Fr It Ja Ru Zh
% Average on 8 languages: De Es Fr Tr Hi Zh Pt Ja
29 Average for 15 languages: En Ar Bg De El Es Fr Hi Ru Sw Th Tr Ur Vi Zh

(Continued)
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Table 3. Continued

Paper ‘ Task Dataset Metric used Metric values (%) with comments
[60] Amazon Reviews Accuracy 75.32%"
[29] SentEval SST Accuracy 83.8
[91] SA Accuracy 11.2%
[91] Twitter Sentiment Accuracy 10.3%
[91] Accuracy 11.2%
[56] WikiLingua ROUGE-L 22,78
[3] F1 Score 67.81
[7] Accuracy 69.9%V
[12] Accuracy 65.9%V
[14] Accuracy 81.4%
[26] NLI Accuracy 71.0"
| [42] XNLI Accuracy 71.6
4] Accuracy 48.0%Y
[75] Accuracy 66.8%
| [99] F1 Score 76.1 + 0.4
[104] Accuracy 77.6"°
| 8] Accuracy 73.6"¢
| 4] MLOA F1 Score / EM 73.6°9/ 55,204
[73] F1 Score 78.2b¢
[13] SQUAD 1.1 (English-English QG) | BLEU / Meteor / ROUGE 22.4PT/ 24,301/ 49 oPf
[1] XOR-Full F1 Score / EM / BLEU 47.8V/38.7%/ 35.5%
[3] QA XQuAD F1 Score / EM 63.87%/ 48.8%¢
[26] XQuAD, MLQA F1 Score 66.9P"
[39] XQuAD Accuracy 709"
[48] XOR-Full F1 Score / EM 50.1%/ 41.8
[8] XQuAD F1 Score / EM 67.27%/ 52 37K

set-to-description retrieval within cross-border e-commerce. This task entails aligning product
attribute sets in the source language with compelling product descriptions in the target language.

{Adj+cont model average on 4 languages: Es Hi Ru Vi

" Result for LAPCA — LM + XPAQj . average across 8 languages: Ar Bn Fi Ja Ko Ru Te En

& Average on Bi-SaELMo across German and Japanese in 6 domains

3 Average on 38 language pairs across 9 languages: En Hr Et Fi Lv Lt Ru S1 Sv

a Average on 17 languages: Ar, Zh, Cs, N1, En, Fr, Hi, Id, It, Ja, Ko, Pt, Ru, Es, Th, Tr, Vi

#Represents the average of both seen and unseen 15 languages: En Bg De El Es Fr Ar Hi Ru Sw Th Tr Ur Vi Zh
#Average on 15 languages: En, Fr, Es, De, El, Bg, Ru, Tr, Ar, Vi, Th, Zh, Hi, Sw, Ur

aWAverage on 6 languages: En, Bg, De, El, Es, Fr

X INFOXLMj spgg Average on 15 languages: En, Fr, Es, De, El, Bg, Ru, Tr, Ar, Vi, Th, Zh, Hi, Sw, Ur

% Considering LLama_7B + AFP. Average result on 2 languages: En, Zh

¥ Average on 6 languages: En, Ar, De, Es, Hi, Zh. The biggest model, 2M parallel training sentences, is considered
b2 Average and Standard Deviation of 10 runs

bb Average for 19 languages grouped in 4 groups of typologically similar ones

be Average accuracy on 12 languages using XLM-R Base with ALIGNFREEZE (front-freezing); see Table 2 of the paper.
bd Average on 7 languages: En Es De Ar Hi Vi Zh

be Average on En Fr Es De Bg Ar Zh Hi. The biggest model, 2M parallel training sentences, is considered

b Average on 2 languages: En Zh

bg Represents the average on both seen and unseen 11 languages: En De El Es Ar Hi Ru Th Tr Vi Zh

bhyye report results for Adj+cont model using XQuAD dataset since it embeds all the languages as for the other experiments.
The number reported is an average on 4 languages: Es Hi Ru Vi

biWe report results for the dataset XQuAD

b Average on 6 languages: En Ar Es Hi Vi Zh

bk Evaluation on XQuAD over 11 languages: En, De, Es, El, Ar, Hi, Ru, Th, Tr, Vi, Zh
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9 Conclusions

This survey comprehensively overviews cross-lingual embedding models and their applications
in various natural language processing tasks. We have classified these models based on their
data requirements, objective functions, and alignment methods, and discussed their strengths and
limitations. We have also reviewed the evaluation methodologies for cross-lingual embeddings and
proposed future research avenues. Overall, our survey highlights the importance of cross-lingual
alignment methods for contextualised representation in multilingual settings, where often the
availability of labelled data is limited. We have shown that cross-lingual embeddings can improve
the performance of downstream tasks such as machine translation, sentiment analysis, and named
entity recognition. They can be trained on various data types, including parallel corpora, comparable
corpora, and monolingual corpora. However, we have also identified some challenges and open
issues, such as the lack of standardised evaluation metrics, the domain adaptation problem, and
the need for more fine-grained alignment methods. The main contributions are the provision of
a comprehensive taxonomy of cross-lingual embedding models, categorising research works in
cross-lingual alignment, and identifying the primary challenges related to cross-lingual language
models.
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