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A B S T R A C T
Aspect-based sentiment analysis (ABSA) is a fine-grained sentiment analysis task that focuses
on understanding opinions at the aspect level, including sentiment towards specific aspect terms,
categories, and opinions. While ABSA research has seen significant progress, much of the
focus has been on monolingual settings. Cross-lingual ABSA, which aims to transfer knowledge
from resource-rich languages (such as English) to low-resource languages, remains an under-
explored area, with no systematic review of the field. This paper aims to fill that gap by
providing a comprehensive survey of cross-lingual ABSA. We summarize key ABSA tasks,
including aspect term extraction, aspect sentiment classification, and compound tasks involving
multiple sentiment elements. Additionally, we review the datasets, modelling paradigms, and
cross-lingual transfer methods used to solve these tasks. We also examine how existing work
in monolingual and multilingual ABSA, as well as ABSA with LLMs, contributes to the
development of cross-lingual ABSA. Finally, we highlight the main challenges and suggest
directions for future research to advance cross-lingual ABSA systems.

1. Introduction
Aspect-based sentiment analysis (ABSA), a natural language processing (NLP) task, has become essential for

analysing opinions expressed in online content, especially in environments where customer feedback and reviews shape
decisions. Businesses, for example, rely heavily on customer sentiment to refine their products, improve services, and
develop marketing strategies. However, given the sheer volume of unstructured online text, manually processing these
opinions is infeasible. This growing demand for scalable solutions has driven the need for automated systems capable
of extracting and interpreting sentiment from user-generated content, leading to the rise of sentiment analysis and
opinion mining [1].

Traditional sentiment analysis often focuses on broader evaluation of entire documents or sentences. These
approaches assume that the text conveys a single sentiment towards a single topic, which oversimplifies the complexity
of real-world opinions. In reality, different aspects of a product or service may evoke distinct sentiments within a
single review. For instance, a customer might express satisfaction with a product’s design but disappointment with its
price. This gap led to the development of aspect-based sentiment analysis, which focuses on extracting sentiment at a
more granular level. Rather than analysing the sentiment of the entire text, ABSA identifies specific entities (such as
products or services) and their individual attributes (such as features or qualities) that users express opinions about. By
distinguishing between these aspects ABSA enables a deeper understanding of customer feedback and provides more
actionable insights. It has proven particularly valuable for businesses seeking to build fine-grained opinion summaries,
offering a richer perspective on customer sentiment for applications in various sectors.

ABSA research focuses on four sentiment elements [2]: aspect term (𝑎), aspect category (𝑐), sentiment polarity (𝑝),
and opinion term (𝑜). Given the review: “The tea was very tasty”, the corresponding sentiment elements are “tea”,
“drinks”, “positive”, and “tasty”, respectively, as shown in Figure 1. Early ABSA research primarily focuses on single
ABSA tasks identifying each sentiment element separately, such as aspect term extraction or aspect category detection.
More recent work shifts towards compound ABSA tasks aiming at extracting two, three or four sentiment elements

⋆Submitted version prior to peer review. Updated version accepted in Information Fusion: doi.org/10.1016/j.inffus.2025.103073.
∗Corresponding author

jaksmid@kiv.zcu.cz (J. Šmíd); pkral@kiv.zcu.cz (P. Král)
ORCID(s): 0000-0002-4492-5481 (J. Šmíd); 0000-0002-3096-675X (P. Král)

Šmíd et al.: Preprint submitted to Elsevier Page 1 of 32

https://doi.org/10.1016/j.inffus.2025.103073


Cross-lingual Aspect-Based Sentiment Analysis: A Survey on Tasks, Approaches, and Challenges

together, making these tasks more complex and challenging. For example, end-to-end ABSA identifies the aspect terms
and their corresponding sentiment polarities simultaneously.

“The tea was very
tasty”

Sentence
aspect category=“drinks”

aspect term=“tea” 

sentiment polarity=“positive” 

Sentiment elements

opinion term=“tasty” 

Figure 1: Example of a review with four ABSA sentiment elements.

Most existing research on ABSA has been conducted in a monolingual setting, with a strong focus on English.
However, real-world users write reviews in many different languages [3]. A significant challenge is the limited
availability of labelled datasets in languages other than English, and obtaining such annotated data is both expensive
and time-consuming, especially for low-resource languages. This has led to the rise of cross-lingual ABSA as an
important area of research. The goal of cross-lingual aspect-based sentiment analysis is to leverage labelled data from
a source language, usually a resource-rich language like English, and transfer that knowledge to a target language,
which typically lacks annotated data, as depicted in Figure 2. Due to the complexity of this task, cross-lingual ABSA
often focuses on simpler tasks like aspect term extraction, aspect sentiment classification, and end-to-end ABSA, while
monolingual studies have more recently tackled more intricate, compound tasks.

Labelled Source
Language Data

Unlabelled Target
Language Data

Cross-lingual
ABSA System

Train

Predict

Tasty soup but slow
service

[(soup, positive),
(service, negative)]

Skvělá kuchyně
(Great cuisine)

[(kuchyně, positive)]

Train

Predict

Figure 2: Visualization of cross-lingual ABSA system.

Several cross-lingual ABSA approaches have been explored, leveraging various forms of information fusion to
address linguistic and cultural diversity across languages. Earlier methods combine machine translation with alignment
algorithms to label translated data [4, 5] or employ cross-lingual word embeddings to enable models to switch
languages by replacing the embedding layer [6, 7]. More recent work leverages multilingual pre-trained language
models (mPLMs) such as multilingual BERT (mBERT) [8] and XLM-RoBERTa (XLM-R) [9], which have become
standard tools for cross-lingual NLP tasks [10]. These models, trained on large multilingual corpora, fuse syntactic and
semantic patterns across languages, enabling improved cross-lingual transfer. However, cross-lingual ABSA remains
challenging, particularly in zero-shot settings where no labelled target language data is available, due to language-
specific nuances such as slang, abbreviations, and unique aspect terms [11]. Recent advancements in this field often
involve the fusion of mPLMs and machine translation with complementary techniques, such as alignment-free label
projection [12], distillation on unlabelled target language data [12], contrastive learning [13], and dynamic weighted
loss strategies [14], which collectively aim to bridge the linguistic gap and enhance model robustness in diverse
languages. Recent NLP research has heavily focused on large language models (LLMs), but their application to cross-
lingual ABSA remains limited to a few exploratory studies.
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Existing ABSA surveys have a number of limitations. Earlier surveys [1, 15] take a broad approach to sentiment
analysis without providing a detailed examination of ABSA. While later surveys focus on ABSA specifically [16, 17,
18, 2, 19], including modern neural network approaches, and some delve into specialized areas such as multimodal
ABSA [20], they either completely overlook or provide limited coverage of cross-lingual approaches. This oversight
leaves a gap in the systematic review of this increasingly important area. The primary aim of this paper is to bridge this
gap by presenting a comprehensive and focused review of cross-lingual aspect-based sentiment analysis. We provide an
in-depth discussion of ABSA tasks, methods for addressing them, available datasets, and general modelling paradigms.
Furthermore, we review various techniques for cross-lingual transfer in ABSA, highlight existing challenges, and
propose future research directions to advance the field.

The main contributions of this paper include:
• This paper is the first detailed survey focusing on cross-lingual aspect-based sentiment analysis, addressing a

gap in the existing literature.
• This survey provides a comprehensive overview of the available datasets, ABSA tasks, and general modelling

paradigms relevant to cross-lingual ABSA.
• This survey systematically reviews techniques for cross-lingual transfer in ABSA, highlighting advancements in

multilingual pre-trained language models, machine translation, and other fusion-based approaches.
• This survey offers an in-depth analysis of solutions for specific cross-lingual ABSA tasks.
• This survey reviews related work in monolingual and multilingual ABSA, cross-lingual and multilingual

sentiment analysis, as well as ABSA with LLMs, and examines their relevance to cross-lingual ABSA.
• This survey discusses the remaining challenges in cross-lingual ABSA and outlines potential future research

directions to inspire advancements in this field.
The structure of the paper is as follows. Section 2 provides an overview of ABSA, covering its definitions, tasks,

and available multilingual datasets. Section 3 discusses various modelling paradigms for ABSA. Section 4 focuses
on techniques for cross-lingual transfer. Section 5 reviews existing solutions for different cross-lingual ABSA tasks in
detail. Section 6 provides an overview of related research on innovative approaches in monolingual ABSA, multilingual
ABSA, multilingual and cross-lingual sentiment analysis, and the application of large language models for ABSA,
while also highlighting their connection to cross-lingual ABSA. Section 7 explores the limitations of current cross-
lingual ABSA research and outlines potential directions for future studies. Finally, Section 8 summarizes the findings
and contributions of this study to the field of cross-lingual ABSA.

2. ABSA Background
This section provides the background for aspect-based sentiment analysis, including definitions, tasks and datasets.

2.1. Definitions
Aspect-based sentiment analysis, also known as aspect-level sentiment analysis, performs fine-grained analysis,

looking at opinions consisting of a sentiment and a target instead of looking at documents or sentences as a whole [21].
The target can be described by aspect term (𝑎) or aspect category (𝑐), while the sentiment can be described by sentiment
polarity (𝑝) or opinion term (𝑜). These sentiment elements can be described as:

• Aspect term (𝑎) is the specific target of the opinion directly mentioned in the text. For example, in the sentence
“The laptop’s battery lasts all day”, the term “battery” is the aspect term. If the target is implied rather than
explicitly stated (e.g. in “It lasts forever!”), the aspect term may be labelled as “null”.

• Aspect category (𝑐) refers to a distinct attribute of an entity and is expected to belong to a predefined category
set for a particular domain. For instance, in the electronics domain, categories like “battery life” or “design”
could be used to evaluate different aspects of a smartphone.

• Sentiment polarity (𝑝) refers to the emotional tone or attitude associated with an aspect category or aspect term,
typically classified as positive, negative, or neutral. For example, the sentiment in “The battery lasts all day” is
positive, while in “The battery drains too fast”, it is negative.
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• Opinion term (𝑜) represents the words or phrases the speaker uses to convey their sentiment about the target.
In the sentence “The laptop’s battery lasts all day”, the term “lasts all day” is the opinion term describing the
battery. Like aspect terms, opinion terms can be implicit, for example, in “I am going back”.

Given the sentiment elements definitions, we define ABSA as follows:
Aspect-based sentiment analysis involves identifying and extracting sentiment elements of interest from
a given text, focusing on either individual sentiment elements or multiple elements that may exhibit
dependency relationships. This process aims to uncover the sentiments associated with specific aspects of
entities, enabling a comprehensive understanding of consumer opinions and facilitating informed decision-
making in various applications.

We can also define cross-lingual ABSA as follows:
Cross-lingual aspect-based sentiment analysis aims to leverage labelled data from a resource-rich source
language to enable aspect-based sentiment analysis in a low-resource target language. This approach
facilitates the effective transfer of knowledge across languages, addressing the challenges posed by
linguistic differences and enhancing the capacity for sentiment extraction regarding specific aspects in
diverse languages.

In the literature, some terms are often used interchangeably but can have different meanings depending on the
context. For instance, “aspect”, “opinion target”, “entity”, and “target” are commonly used to describe what the
opinion is about. However, they can refer to either an aspect category or an aspect term, which can lead to confusion
and incomplete literature reviews. In this survey, we use the most widely accepted terminology and clearly distinguish
related concepts. As such, we differentiate between “aspect term” and “aspect category” while using “target” or
“aspect” as general terms for an opinion target.
2.2. Tasks

Zhang et al. [2] classify ABSA tasks into two main categories, single and compound, depending on whether the
output involves a single sentiment element or multiple linked elements. While single tasks are generally simpler, they
fail to capture more comprehensive opinions at the aspect level. Consequently, recent research has shifted towards
tackling compound tasks, which provide a more complete understanding of opinions. This shift is significant as it
allows for a more nuanced analysis of opinions, leading to more accurate sentiment analysis results.

Figure 3 illustrates the taxonomy of ABSA tasks, highlighting representative works in cross-lingual settings.
Additionally, the figure identifies tasks for which no references are available, indicating gaps in cross-lingual ABSA
research and highlighting opportunities for future exploration. Table 1 presents the input and output examples for each
task. Below is a brief overview of the key ABSA tasks:

• Aspect term extraction (ATE) focuses on identifying specific aspect terms that are the target of opinions
expressed in the text.

• Aspect category detection (ACD) aims to determine the broad categories under which the aspects discussed in
the text fall.

• Opinion term extraction (OTE) identifies opinion expressions towards specific aspects. It includes two sub-
tasks. Aspect opinion co-extraction (AOCE) extracts aspect and opinion terms without linking them. However,
it does not link the aspect terms and opinions together, meaning it is still considered a single ABSA task. The
second task is target-oriented opinion word extraction (TOWE), which aims to extract the corresponding opinion
terms given a specific aspect term.

• Aspect sentiment classification (ASC) predicts the sentiment polarity for a specific aspect, which may be an
aspect term, category, or a combination of both.

• Aspect-opinion pair extraction (AOPE) focuses on extracting both aspect terms and their corresponding
opinion expressions from the text.

• End-to-end ABSA (E2E-ABSA) extracts both aspect terms and their associated sentiment polarities.
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ABSA

Single
ABSA Tasks

Aspect Term
Extraction (ATE)

[5], [22], [23], [24], [25], [26], [27]

Aspect Sentiment
Classification (ASC)

[4], [6], [7], [28], [29], [30]

Aspect Category
Detection (ACD)

[27], [29], [30]

Opinion Term
Extraction (OTE)

Compound
ABSA Tasks

Pair Extraction

End-to-End ABSA
(E2E-ABSA)

[11], [12], [13], [14], [31], [32], [33]

Aspect-Opinion Pair
Extraction (AOPE)

Aspect Category Term
Extraction (ACTE)

Aspect Category Sentiment
Analysis (ACSA)

Triplet Extraction

Aspect Sentiment Triplet
Extraction (ASTE)

Target-Aspect-Sentiment
Detection (TASD)

Quad Extraction
Aspect Sentiment Quad
Prediction (ASQP)

Figure 3: Taxonomy of ABSA tasks, highlighting representative papers addressing each task in cross-lingual settings. Tasks
without references indicate gaps in cross-lingual research.

• Aspect category term extraction (ACTE) aims to extract aspect terms alongside their respective aspect
categories.

• Aspect category sentiment analysis (ACSA) involves detecting aspect categories discussed in the text and
predicting their corresponding sentiment polarities.

• Aspect sentiment triplet extraction (ASTE) extracts (aspect term, opinion term, sentiment polarity) triplets.
• Target-aspect-sentiment detection (TASD) extracts (aspect term, aspect category, sentiment polarity) triplets

for a given sentence. It is also referred to as aspect-category-sentiment detection (ACSD).
• Aspect sentiment quad prediction (ASQP) focuses on extracting all (aspect term, opinion term, aspect

category, sentiment polarity) quadruplets from a sentence.
Given the difficulty of cross-lingual ABSA compared to monolingual ABSA and also much less cross-lingual

aspect-based sentiment analysis research, most of the cross-lingual ABSA work focuses on simple tasks such as aspect
term extraction and aspect sentiment classification, and from compound tasks, only on end-to-end ABSA. This lack
of research on compound ABSA tasks in cross-lingual settings presents one of the key challenges and limitations of
current ABSA research.
2.3. Datasets

Annotated datasets are vital for the development of ABSA methods. While most datasets are in English, this section
focuses on commonly used multilingual datasets for cross-lingual ABSA and briefly mentions widely used monolingual
datasets. Table 2 summarizes the key multilingual datasets, including languages, domains, and annotated sentiment
elements.

The SemEval-2016 dataset [3] contains real-world restaurant reviews and is one of the most widely used in cross-
lingual ABSA. It builds on earlier shared task datasets from SemEval-2014 [38] and SemEval-2015 [39], expanding
from English to include Spanish, French, Dutch, Russian, and Turkish. This dataset features aspect terms, categories,
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Table 1
An overview of the input and output examples for each ABSA task considering an input sentence s: “The tea was tasty,
but the waiter was rude.”.

Task
Example
input

Output
Example
output

Single tasks
Aspect term extraction (ATE) s {𝑎} {“tea”, “service”}
Aspect category detection (ACD) s {𝑐} {“food” , “service”}
Aspect opinion co-extraction (AOCE) s {𝑎}, {𝑜} {“tea”, “waiter”}, {“tasty” , “rude”}

Target-oriented opinion word extraction (TOWE)
s, “tea” 𝑜1 “tasty”
s, “waiter” 𝑜2 “rude”

Aspect sentiment classification (ASC)
s, “tea” 𝑝1 “positive”
s, “waiter” 𝑝2 “negative”

Compound tasks
Aspect-opinion pair extraction (AOPE) s {(𝑎, 𝑜)} {(“tea”, “tasty”), (“waiter” , “rude”)}
End-to-end ABSA (E2E-ABSA) s {(𝑎, 𝑝)} {(“tea”, “positive”), (“waiter” , “negative”)}
Aspect category term extraction (ACTE) s {(𝑎, 𝑐)} {(“tea”, “food”), (“waiter” , “service”)}
Aspect category sentiment analysis (ACSA) s {(𝑐, 𝑝)} {(“food” , “positive”), (“service”, “negative”)}

Aspect sentiment triplet extraction (ASTE) s {(𝑎, 𝑜, 𝑝)}
{(“tea”, “tasty” , “positive”),
(“waiter” , “rude” , “negative”)}

Target-aspect-sentiment detection (TASD) s {(𝑎, 𝑐, 𝑝)}
{(“tea”, “food” , “positive”),
(“waiter” , “service”, “negative”)}

Aspect sentiment quad prediction (ASQP) s {(𝑎, 𝑐, 𝑜, 𝑝)}
{(“tea”, “food” , “tasty” , “positive”),
(“waiter” , “service”, “rude” , “negative”)}

Table 2
An overview of common multilingual ABSA benchmark datasets. Languages are denoted using ISO 639-1 codes. *The
languages in the MultiAspectEmo dataset, except for Polish, are translations of the Polish reviews.

Dataset Languages Major Domains Annotations

SemEval-2016 [3] ar, en, es, fr, nl, ru, tr, zh restaurants, hotels, electronics 𝑎, 𝑐, 𝑝
USAGE [34] en, de products 𝑎, 𝑝
OpeNER [35] en, es hotels 𝑎, 𝑝
[36] en, kr automotive 𝑎, 𝑝
MultiAspectEmo* [32] cs, en, es, fr, nl, pl school, medicine, hotels, products 𝑎, 𝑝
PanoSent [37] en, es, zh more than 100 domains multimodal annotations

and sentiment polarities, enabling various compound ABSA tasks. However, it lacks opinion term annotations, which
were later introduced in other works [40, 41, 42, 43, 44], though only for English. In addition to the restaurant domain,
the SemEval-2016 dataset includes hotel reviews in Arabic and electronics reviews in Chinese. Introduction of a new
Czech dataset in the SemEval-2016 format, expanded and reannotated based on prior datasets [45, 46], enables future
cross-lingual comparisons [47].

Other notable multilingual datasets include the USAGE corpus [34], featuring English and German product reviews
with annotated aspect terms and sentiment polarities, and the OpeNER dataset [35], which contains hotel reviews in
English and Spanish. A dataset in the automotive domain for English and Korean contains annotations of aspect terms
and sentiment polarities [36]. The MultiAspectEmo dataset [32] contains original reviews in Polish in four domains,
along with translations into English, Czech, Spanish, French, and Dutch. The PanoSent dataset [37] covers more than
100 domains for multimodality in English, Chinese, and Spanish.

The Korean dataset [30], focused on the restaurant domain, follows a format similar to the SemEval-2014
dataset [38]. Notably, a portion of this dataset is a direct translation of the SemEval-2014 dataset into Korean.
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Table 3
Overview of various modelling paradigms used in cross-lingual ABSA, the tasks they address, and representative papers.

Modelling Paradigm Task Sources

Sequence-Level Classification
Aspect Sentiment Classification [4, 6, 7, 28, 29, 30]

Aspect Category Detection [27, 29, 30]

Token-Level Classification
Aspect Term Extraction [5, 22, 23, 24, 25, 26, 27]

End-to-End ABSA [11, 12, 13, 14, 31, 32]

Sequence-to-Sequence Modelling End-to-End ABSA [33]

For monolingual datasets, a Hindi dataset with electronics reviews is available [48], as well as a Japanese dataset
for hotel reviews annotated with aspect categories and sentiment polarities [49]. For Chinese, there is a dataset for
ASC in QA-style reviews [50], and ASAP [51], a large-scale dataset in the restaurant domain. Other English datasets
include SentiHood [52], MAMS [53], and ARTS [54].

One key limitation of multilingual ABSA datasets is their limited language coverage and the absence of opinion
term annotations. This gap has prevented the exploration of ABSA tasks involving opinion terms across multiple
languages.
2.4. Evaluation Metrics

For evaluation, an exact match is the dominant method across ABSA datasets, where a prediction is correct only if
all elements match annotations. Standard classification metrics like accuracy, precision, recall, and F1 score are then
used to assess model performance.

3. Modelling Paradigms
Several paradigms are commonly used to solve ABSA tasks [2], including sequence-level classification, token-level

classification, and sequence-to-sequence modelling. Each paradigm represents a general computational framework
designed to handle a specific input-output format, allowing them to be applied across various tasks. Beyond these
unified paradigms, which address tasks in an end-to-end manner, more complex ABSA tasks may require the pipeline
paradigm, where multiple models are connected sequentially to produce the final prediction. However, most cross-
lingual ABSA research primarily relies on sequence-level and token-level classification paradigms; therefore, this
section will discuss them in greater detail compared to other paradigms. Table 3 presents representative cross-lingual
ABSA works for different tasks and modelling paradigms.

In this section, we denote the dataset for a given ABSA task as  = {𝒙𝑖, 𝒚𝑖}
||

𝑖=1, where 𝒙𝑖 = {𝑥1, 𝑥2,… , 𝑥𝑛}represents the 𝑖-th input sentence consisting of 𝑛 tokens, and 𝒚𝑖 is the corresponding label.
3.1. Sequence-Level Classification

In sequence-level classification, a model typically consists of an encoder Enc(⋅) that processes input text 𝒙 to extract
features specific to the task. The extracted features are then passed through a classifier 𝐂𝐋𝐒(⋅) to produce the label 𝒚
as

𝒚 = 𝐂𝐋𝐒(𝐄𝐧𝐜(𝒙)). (1)
With advancements in deep learning, the encoder architecture can range from convolutional networks (CNNs) [55],

recurrent neural networks (RNNs) like LSTMs [56], and Transformers [57], enabling the capture of rich contextual
information. For tasks like aspect sentiment classification, where inputs include both a sentence and an associated
aspect term or category, the encoder must model not only the individual inputs but also their interactions. The classifier
component is commonly designed as a multi-layer perceptron, often incorporating a pooling mechanism to derive the
final prediction.

Aspect category detection is often treated as a multi-label classification problem in this paradigm, where each
aspect category is treated as a separate label. Sequence-level classification is frequently used for aspect sentiment
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classification, and this paradigm is commonly explored in cross-lingual settings. Figure 4 illustrates the sequence-level
classification paradigm for aspect sentiment classification.

The tea was tasty , but the
waiter was rude | tea

SeqClass

positive

The tea was tasty , but the
waiter was rude | waiter

negative

Figure 4: Sequence-level classification paradigm for the aspect sentiment classification task.

3.2. Token-Level Classification
In contrast to sequence-level classification, which assigns a single label to the entire input, token-level classification

(also known as sequence labelling or sequence tagging) assigns a label to each individual token in the input
sequence. Similar to sequence-level classification, token-level classification begins with encoding the input text into
contextualized features using an encoder 𝐄𝐧𝐜(⋅). A decoder 𝐃𝐞𝐜(⋅) then predicts labels 𝑦1, 𝑦2,… , 𝑦𝑛 for each token
𝑥1, 𝑥2,… , 𝑥𝑛 in the input 𝒙 as

𝑦1, 𝑦2,… , 𝑦𝑛 = 𝐃𝐞𝐜(𝐄𝐧𝐜(𝑥1, 𝑥2,… , 𝑥𝑛)). (2)
The decoder is often implemented as a multi-layer perceptron with a softmax layer or with conditional random fields
(CRF) [58]. Various tagging schemes, such as the BIOES scheme (Beginning, Inside, Outside, Eend, Singleton) [59]
or the BIO scheme, can also be employed.

Aspect term extraction problem is commonly framed as a token-level classification task, as aspect terms are
typically words or phrases within a sentence. This paradigm is also used for tasks like aspect opinion co-extraction and
end-to-end ABSA, often with tagging schemes like BIOES. Since aspect term extraction and end-to-end ABSA are
commonly examined in cross-lingual research, token-level classification is a popular approach in cross-lingual ABSA
studies. Figure 5 shows an example of a token-level classification paradigm for aspect term extraction.

TokenClass

The tea was tasty , but the waiter was rude

O B O O O O O B O O

tea waiter

Figure 5: Token-level classification paradigm for the aspect term extraction task.

3.3. Sequence-to-Sequence Modelling
The sequence-to-sequence (Seq2Seq) paradigm processes an input sequence 𝒙 = {𝑥1, 𝑥2,… , 𝑥𝑛} and generates

an output sequence 𝒚 = {𝑦1, 𝑦2,… , 𝑦𝑚}. Although commonly used in machine translation tasks, it is also applied in
ABSA tasks, where it can generate label sequences or extract sentiment-related elements from input text. For instance,
in the aspect term extraction task, an input 𝒙 like “The steak with potatoes was delicious” could yield an output 𝒚 like
“steak with potatoes”.

The sequence-to-sequence paradigm typically employs an encoder-decoder model, such as the Transformer, where
the encoder 𝐄𝐧𝐜(⋅) extracts contextualized features from the input, and the decoder 𝐃𝐞𝐜(⋅) generates tokens based on
the encoded input and previously generated tokens as

𝑦1, 𝑦2,… , 𝑦𝑚 = 𝐃𝐞𝐜(𝐄𝐧𝐜(𝑥1, 𝑥2,… , 𝑥𝑛)). (3)
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With the advent of large language models, which are typically decoder-only models, this paradigm has gained
prominence. In this case, the decoder generates token 𝑦𝑖 based only on previously generated tokens as

𝑦𝑖 = 𝐃𝐞𝐜(𝑦1, 𝑦2,… , 𝑦𝑖−1). (4)

The tea was tasty , but the waiter was rude

Seq2SeqClass

[A] tea [P] positive [;] [A] waiter [P] negative

Figure 6: Sequence-to-sequence modelling paradigm for end-to-end ABSA.

Although Seq2Seq modelling can be used to solve individual ABSA tasks (e.g. aspect term extraction), it
is mainly employed for compound ABSA tasks. Figure 6 illustrates the use of sequence-to-sequence modelling
for end-to-end ABSA. This paradigm has gained significant traction in recent years within monolingual ABSA
research [44, 60, 61, 62, 63, 64], including studies with LLMs [62, 65, 66]. However, its potential in cross-lingual
ABSA remains largely unexplored, with only one preliminary findings reported in a single study [33] using fine-tuned
LLMs.
3.4. Pipeline Method

The pipeline approach is frequently used for complex, compound ABSA tasks. It involves connecting multiple
models sequentially, where the output of one model becomes the input for the next, as shown in 7. For instance, in
the AOPE problem, an aspect term extraction model identifies aspect terms, which are then passed to a subsequent
model to extract corresponding opinion terms. However, this method is prone to error propagation, where mistakes
made by earlier models can negatively impact the overall performance. Despite its utility in handling complex tasks,
the pipeline method has not been widely adopted in cross-lingual ABSA research.

TokenClass

The tea was tasty , but the waiter was rude

O B+ O O O O O B- O O

(tea, positive) (waiter, negative)

TokenClass

The tea was tasty , but the waiter was rude

O O O B O O O O O B

tasty rude

SeqClass

(tea, positive)   tasty

True

Figure 7: Pipeline method for aspect sentiment triplet extraction.

4. Cross-lingual Transfer
In cross-lingual ABSA, cross-lingual transfer methods facilitate the fusion of linguistic knowledge between source

and target languages, reducing the gap and enabling effective sentiment analysis across diverse linguistic contexts. The
three primary approaches to achieving this transfer are the fusion of cross-lingual word embeddings, the integration of
machine translation techniques, and the use of multilingual pre-trained language models.
4.1. Cross-lingual Word Embeddings

Pre-trained word embeddings, such as Word2Vec [67], FastText [68], and GloVe [69], have been widely used in
NLP to capture semantic relationships between words. These embeddings represent words as dense, continuous vectors
in a high-dimensional space, capturing semantic relationships and syntactic patterns. Unlike sparse one-hot encodings,
word embeddings leverage context from large corpora to create vectorized representations, where semantically similar
words are close to each other in the embedding space.

Word2Vec, one of the pioneering models, learns embeddings using skip-gram or continuous bag-of-words (CBOW)
techniques, predicting the context of a word or vice versa. FastText extends Word2Vec by incorporating subword
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information, which improves its ability to handle rare and morphologically complex words. GloVe, on the other hand,
focuses on word co-occurrence statistics to capture the global context. These pre-trained embeddings have been widely
adopted in various NLP tasks, including text classification, sentiment analysis, and machine translation, due to their
ability to improve performance with minimal training data.

These embeddings are widely used in tasks like text classification, sentiment analysis, and machine translation. For
classifiers like support vector machines (SVMs), word embeddings are typically averaged across all words in a sentence,
as shown in Figure 8. While effective, this method may lose some of the embeddings’ rich information. Neural network
models, such as CNNs and LSTMs, can process sequences of word vectors more effectively, as illustrated in Figure 9,
which shows a simple CNN architecture.

We
w1

liked
w2

the
w3

soup
w4

avg

SVM

Figure 8: Example of averaging word embeddings for each word 𝑤𝑛 to obtain a single vector representing a whole sentence,
which is then passed to a classifier such as SVM.

Embedding layer
Convolutional layer
with different sized

kernels
Pooling layer

Fully-connected
layer with two

outputs

I

enjoyed
a

perfect
meal

in
this

beautiful
restaurant

|
meal

Figure 9: Example of a convolutional neural network with input embeddings.

4.1.1. Bilingual Word Embeddings
In cross-lingual tasks, bilingual word embeddings (BWEs) extend monolingual embeddings to multilingual sce-

narios. For instance, the bilingual skip-gram algorithm [70] modifies the traditional skip-gram model by incorporating
bilingual objectives, ensuring that words in parallel sentences have similar embeddings across languages.

Barnes et al. [6] train bilingual embeddings on the English-Spanish Europarl corpus [71]. Similarly, Akhtar et al. [7]
train bilingual word embeddings on a parallel English-Hindi and English-French corpora. They propose an approach
to deal with out-of-vocabulary (OOV) words, i.e. words whose representations are missing in one of the bilingual
embeddings vocabularies. Instead of generating random vectors or omitting these OOV words, which are common
approaches to deal with them, they instead translate missing words into the other language, e.g. English, and use the
word embedding corresponding to the translated word. Finally, they feed the word embeddings to the LSTM classifier.
4.1.2. Word Embeddings Alignment

Another common approach involves aligning monolingual embeddings from different languages into a shared
space, enabling cross-lingual transfer. The alignment can be achieved by learning a transformation matrix 𝐖 that maps
embeddings from one language into the space of another, effectively bridging the gap between languages. For example,
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given pre-trained word embeddings 𝐗𝑠 for the source language 𝑠 and 𝐗𝑡 for the target language 𝑡, a transformation
matrix 𝐖𝑠→𝑡 is learned to align these embeddings, such that the embeddings in language 𝑠 are mapped to the same
space as those in language 𝑡, ideally preserving the semantic relationships between words across languages, as shown
in Figure 10. This can be formulated as minimizing the distance between corresponding word pairs in a bilingual
dictionary, such as using regression, orthogonal or canonical methods [72].
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(a) Word embeddings before projection.
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(b) Word embeddings after projection.
Figure 10: Visualization of word embeddings for selected Czech and English words and their projection into a common
space.

Barnes et al. [6] align English and Spanish embeddings by minimizing the mean square error between word pairs
from a bilingual dictionary. Jebbara and Cimiano [26] use a singular value decomposition (SVD) on a dictionary of
translated word pairs to obtain an orthogonal projection matrix from one vector space to another, preserving geometric
properties during alignment. Additionally, they experiment with unsupervised methods, employing adversarial training
and fine-tuning the alignment using synthetic bilingual dictionaries. Wang and Pan [25] utilize a transition-based
approach, aligning representations from different languages into a shared space with the help of an adversarial network.
4.2. Machine Translation

Another common approach in cross-lingual ABSA involves machine translation. Statistical machine translation
(SMT) methods, such as phrase-based translation models, use large parallel datasets to translate input sentences from
the source language into the target language. The input sentence is first translated with a translation tool from the source
language to the target language, and an ABSA model can be fine-tuned with the created pseudo-labelled data in the
target language.

For tasks like aspect sentiment classification, machine translation is straightforward. However, for token-level tasks,
such as aspect term extraction, the process becomes challenging due to potential discrepancies in token counts or
positions between translated and original source language text. Therefore, word alignment tools such as FastAlign [73]
are employed. Since the effectiveness of this approach depends largely on the quality of both translation and label
projection, numerous techniques have been introduced to enhance the quality of the data.

Zhou et al. [5] utilize Bing Translator for translation, word alignment and word segmentation for ATE. The word
alignments are used to project aspect terms from annotated English data into translated Chinese data. For example, if
an English aspect term aligns with multiple Chinese words, each Chinese word is labelled separately; if it aligns with
consecutive Chinese words, the whole sequence is labelled as a single aspect.

Klinger and Cimiano [23] employ Google Translate for translation and FastAlign for labels alignment. In order to
reduce the impact of translation and alignment errors, they filter out low-quality pairs. To assess translation quality,
three measures are considered: the probability of the source sentence using a language model for unannotated text in
the source language, the probability of the machine-translated sentence using a language model for unlabelled text in
the target language, and the likelihood of correct alignment based on alignment probability.
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To solve the alignment problems during translation, Lambert [4] translates entire sentences while preserving
opinionated segments through reordering constraints, ensuring that text between segment boundaries remains intact and
unaltered by external text. They employ the Moses SMT toolkit [74] for this translation, utilizing zone and wall tags
to enforce these constraints and enabling the passage of markup to track segment boundaries and their corresponding
identifiers and polarity labels, as shown in Figure 11.

On the other hand <zone> <x translation="ou1-P">x</x> <wall/> a big
advantage <wall/> <x translation="ou1-">x</x> </zone> of the hostel is its placement

Source

por otra parte <ou1-P>una gran ventaja</ou1> del hostal es su colocacion

Translation

Figure 11: Source text that includes reordering constraint markup along with the code to transfer tags and their
corresponding translation, as proposed by Lambert [4].

Traditionally, the source and translated target sentences are processed to generate word alignment links with an
alignment tool indicating which words in the target language correspond to words in the source sentence. Although
aligning word-level labels offers a straightforward method for token-level label projection, it is vulnerable to issues
such as word order changes and alignment gaps. To enhance alignment quality, Li et al. [11] propose a span-to-span
mapping strategy, depicted in Figure 12, that transforms word-based alignments into span-based alignments, allowing
for more robust label propagation across aligned spans while mitigating potential problems with word order changes.

Juventus has won the European Cup twice

La Juventus  has ganado la Copa de Europa dos veces

S-ORG OO O O B-MISC E-MISC

OO S-ORG O O O S-MISC S-MISC O

Source

Target
O

(a) Word-to-word projection.

Juventus has won the European Cup twice

La Juventus  has ganado la Copa de Europa dos veces

S-ORG OO O O B-MISC E-MISC

OO S-ORG O O O B-MISC I-MISC E-MISC O

Source

Target

(b) Span-to-span projection.
Figure 12: Example sentence with different label projection strategies with BIOES as the tagging scheme. The span-to-span
strategy proposed by Li et al. [11].

Zhang et al. [12] introduce an alignment-free label projection method to generate pseudo-labelled data in the target
language. Initially, they mark each aspect term in the source sentence with unique symbols before translating it. Once
the translation is completed, they extract the spans marked with these symbols and align them with the corresponding
aspect terms from the source to recover the aspect boundaries and project the sentiment labels. This approach ensures
that even if the order of aspect terms changes during translation, they can still be matched to the appropriate labels;
however, they also account for cases where symbols may be lost during translation by filtering out sentences missing
these markers. Additionally, the authors propose constructing bilingual sentences by switching aspect terms between
the source sentence and its translation. This results in two datasets: one with aspect terms in the target language and the
other with aspect terms in the source language. The corresponding label sequences are adjusted accordingly, creating
code-switched datasets for further analysis. Figure 13 depicts the proposed method.

Nam [30] utilizes Google Translate to create a machine-translated version of the English SemEval-2014 dataset
in Korean. Since the tasks addressed are ASC and ACD, no alignment of aspect terms and opinions is required. In
contrast, other work [32] leverages the DeepL API to construct a multilingual dataset by translating Polish data into
five different languages, employing XLM markups to align aspect terms effectively.
4.3. Multilingual Pre-trained Language Models

Multilingual pre-trained language models, such as mBERT [8], XLM-R [9] and mT5 [75], have become popular
for cross-lingual NLP tasks [10]. These models are pre-trained on large multilingual corpora, enabling them to capture
cross-lingual syntactic and semantic patterns.
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The [food] is very fresh and delicious, but 

this {place} is too small for me.

La [nourriture] est très fraîche et délicieuse, 

mais cet {endroit} est trop petit pour moi

Translation 

System

The [nourriture] is very fresh and delicious, 

but this {endroit} is too small for me.

La [food] est très fraîche et délicieuse, mais 

cet {place} est trop petit pour moi.

[]: food, positive

{}: place, negative

[]: nourriture, positive

{}: endroit, negative

xS: En-en

xSt: En-fr

xT: Fr-fr

xTs: Fr-en

ACSACS

Figure 13: Example of the aspect code-switching technique (lower part) and alignment-free label projection method (upper
part) proposed by Zhang et al. [12].

Fine-tuning these models on labelled data in the source language allows zero-shot transfer, meaning the model can
perform well in the target language without any explicit training data in that language. This approach has been highly
effective in many cross-lingual tasks [76, 77, 78].

Most mPLMs are based on the Transformer architecture [57], which utilizes self-attention mechanisms to capture
relationships between words, regardless of their position in the sequence. Figure 14 illustrates the architecture, with
some models (like mBERT and XLM-R) using only the encoder for classification tasks, while others (like mT5) use
both encoder and decoder components for tasks involving sequence generation.

Multi-Head
Attention

Add & Norm

Feed
Forward

Add & Norm

Input
Embedding

Positional
Encoding

Output
Embedding

Positional
Encoding

Masked
Multi-Head
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Feed
Forward
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Multi-Head
Attention

Add & Norm

Inputs Outputs
(shifted right)

Linear

Softmax

Output
Probabilities

N×
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Encoder
Decoder

Figure 14: Transformer architecture [57].

In most cases, models employ subword tokenizers to handle out-of-vocabulary words. Rather than processing entire
words, subword tokenizers divide words into smaller units, allowing models to effectively handle rare or unknown
words. Another key advantage of mPLMs is that they produce contextualized word embeddings, which capture the
meaning of words based on their context. This capability is a significant improvement over static embeddings from
models like Word2Vec, FastText, or GloVe, which return the same vector for a word regardless of context – leading
to identical vectors for polysemous words like “crane” (whether referring to a bird or a machine) – mPLMs generate
different vectors based on the word’s context.

Phan et al. [27] explore zero-shot capabilities with mBERT and XLM-R across various source and target language
combinations for ACD and ATE tasks, showing that XLM-R outperforms mBERT in most scenarios. Similarly, Dang
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Table 4
Overview of key cross-lingual ABSA works, organized by year. The Approach column categorizes methods as classical
machine learning (ML), neural networks (NN), or Transformers (T). The Transfer Method column specifies the approach
for cross-lingual transfer: machine translation (MT), cross-lingual/bilingual word embeddings (WE), or multilingual pre-
trained language models (mPLMs). The Languages column lists the languages using ISO 639-1 codes. *This study primarily
utilizes English-centric LLMs; however, these models also incorporate data from languages other than English during their
initial pre-training phase.

Source Year Approach Method (Model) Transfer Method Data Domain ABSA Tasks Languages

[22] 2014 ML LDA-based MT Hotels, products ATE de, en, es, fr, it, nl, zh
[23] 2015 ML CRF MT Products ATE de, en
[4] 2015 ML SVM MT Hotels ASC en, es
[5] 2015 ML CRF MT Electronics, cars ATE en, zh
[6] 2016 ML, NN SVM, LSTM MT, WE Hotels ASC en, es
[24] 2018 NN LSTM WE Restaurants, laptops ATE en, hi
[7] 2018 NN LSTM WE Restaurants, laptops ASC en, fr, hi
[25] 2018 NN RNN WE Restaurants ATE en, es, fr
[26] 2019 NN CNN WE Restaurants ATE en, es, nl, ru, tr
[11] 2020 T mBERT, XLM-R MT, mPLMs Restaurants E2E-ABSA en, es, fr, nl, ru, tr
[27] 2021 T mBERT, XLM-R mPLMs Restaurants ACD, ATE en, es, fr, nl, ru, tr
[31] 2021 NN, T CNN, mBERT mPLMs Restaurants E2E-ABSA en, es, fr, nl
[28] 2021 T BERT MT Restaurants, laptops ASC en, es, ru, zh
[12] 2021 T mBERT, XLM-R MT, mPLMs Restaurants E2E-ABSA en, es, fr, nl, ru
[32] 2022 T XLM-R, LaBSE mPLMs Restaurants, school, medicine, hotel, products E2E-ABSA cs, en, es, fr, nl, pl
[29] 2023 T mBERT, XLM-R mPLMs Restaurants ACD, ASC en, es, fr, nl, ru
[13] 2023 T mBERT MT, mPLMs Restaurants E2E-ABSA en, es, fr, nl, ru
[14] 2024 T mBERT, XLM-R MT, mPLMs Restaurants E2E-ABSA en, es, fr, nl, ru
[30] 2024 T mBERT, XLM-R, LaBSE mPLMs Restaurants ACS, ASC en, kr
[33] 2024 T LLMs mPLMs* Restaurants E2E-ABSA en, es, fr, nl, ru

Van Thin and Nguyen [29] demonstrate that XLM-R performs better in ACD and ASC tasks while also highlighting
the benefits of fine-tuning the models on multiple source languages rather than just one.

Nam [30] leverages mBERT and XLM-R to generate pseudo-labelled data for Korean in ACD and ASC tasks,
incorporating LaBSE [79] to filter out low-quality labels. Similarly, different study [32] employs XLM-R and LaBSE
for the E2E-ABSA task across various source and target language combinations.

Despite the promise of zero-shot approaches for cross-lingual ABSA, several challenges remain. Language-specific
knowledge is vital, as user-generated content often includes abbreviations, slang, or informal language. Aspect and
opinion terms can differ significantly across languages. However, zero-shot methods rely heavily on pre-trained models,
where low-resource languages are often underrepresented [9, 80]. This underrepresentation limits the model’s ability
to capture and transfer language-specific nuances effectively. To mitigate these limitations, some studies combine
machine translation with mPLMs for E2E-ABSA, incorporating additional techniques such as parameter warm up [11],
distillation on target language data [12], contrastive learning [13], and handling imbalanced classes [14].

Other research bypasses fine-tuning mPLMs directly and instead leverages their ability to generate contextualized
word embeddings. For instance, Sattar et al. [31] use these context-aware embeddings from mBERT as input to a CNN,
facilitating a more nuanced understanding of word meanings.

5. Cross-lingual ABSA Tasks
This section discusses ABSA tasks explored in cross-lingual settings in more detail. For the cross-lingual E2E-

ABSA task, we include tables with results as consistent datasets, models, and languages used in most of the works
allow for a direct comparison of results. In contrast, methods are evaluated across diverse datasets and languages for
other tasks, making it impractical to present results in a unified table. Therefore, we present an overview of the cross-
lingual ABSA work alongside the solved tasks, cross-lingual transfer used, languages, dataset domains, and models in
Table 4.
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5.1. Aspect Term Extraction
Aspect term extraction is a core task in ABSA, focusing on identifying specific aspect expressions within a

given text that users express opinions about. For instance, in the sentence “The tea is great, but the ambience is
disappointing”, the aspect terms “tea” and “ambience” would be extracted as they represent the subjects of the user’s
opinions. Aspect term extraction is often framed as a token-level classification problem, where each token in the
sentence is classified, as the aspect terms are usually individual words or short phrases.

Zhou et al. [5] employ machine translation and co-training of two labelling models based on CRF to transfer
knowledge between English and Chinese. In this approach, each model annotates unlabelled datasets, selects the most
confident examples, and adds them to the labelled dataset to continue training. Similarly, Klinger and Cimiano [23] use
CRF combined with machine translation to address ATE between English and German. Akhtar et al. [24] employ LSTM
with bilingual embeddings to tackle ATE in English and Hindi. Lin et al. [22] propose an unsupervised LDA-based
model to align aspects bilingually by assuming that reviews in different languages share the same topic distribution,
using a bilingual dictionary to translate words and select the most suitable translation, enabling cross-lingual topic
alignment without the need for parallel corpora.

Wang and Pan [25] examine English, French, and Spanish and introduce a transition-based mechanism that
processes one word at a time, forming a series of configurations that represent the status of the entire sentence. Each
configuration is represented as a continuous feature vector, which is aligned from different languages into a shared
space through an adversarial network. The transition-based adversarial network consists of a generator that produces
language-invariant configuration features and a discriminator that distinguishes configurations between source and
target languages. Bilingual word embeddings are the input to the network.

Jebbara and Cimiano [26] investigate multilingual word embeddings for English, Spanish, Dutch, Russian, and
Turkish using CNNs. They experiment with various combinations of source and target languages and find that cross-
lingual learning from multiple source languages enhances performance. Similarly, Phan et al. [27] explore mPLMs,
specifically mBERT and XLM-R, in zero-shot settings for English, Spanish, French, Dutch, Russian, and Turkish. Their
findings indicate that XLM-R typically outperforms mBERT across different source and target language combinations.
5.2. Aspect Sentiment Classification

Aspect sentiment classification, often referred to as aspect-based or aspect-level sentiment classification, focuses
on determining the sentiment polarity associated with a specific aspect within a sentence. The aspect can be either an
aspect term or an aspect category, leading to two distinct ASC tasks: aspect term-based sentiment classification and
aspect category-based sentiment classification. While there are minor distinctions between the two (such as utilizing the
position information of a given aspect term from the sentence), the primary research question remains consistent across
both: how to effectively leverage the relationship between the aspect (whether a term or category) and the surrounding
sentence context to classify sentiment accurately. It is possible to address both subtasks simultaneously, employing the
same model to handle them seamlessly.

Lambert [4] uses constraint SMT (see Section 4.2 for more details) alongside SVM to perform aspect term-based
sentiment classification in Spanish and English, adding the tokens (unigrams) of aspect terms as additional features to
the classifier.

Barnes et al. [6] compare several methods for aspect term-based sentiment classification in Spanish and English
with the SVM classifier. In zero-shot settings, they train a translation matrix to map two monolingual vector spaces
into one. Additionally, they train bilingual word embeddings and employ stacked denoising autoencoders to encode
the parallel sentences into a common latent space. Finally, they experiment with machine translation. They find that
the machine translation approach performs the best, likely due to its use of high-quality, in-domain data. Additionally,
they evaluate LSTM but demonstrate that SVM is more efficient in their setup.

Akhtar et al. [7] utilize bilingual word embeddings and various hand-crafted features as the input to the
bidirectional LSTM classifier for aspect term-based sentiment classification in English, Hindi, and French. They
employ concatenation to fuse the aspect information with the sentence context. Wu et al. [28] use machine translation
to build a bilingual lexicon to explore aspect category-based sentiment classification in Chinese, Russian, English, and
Spanish. They introduce a reinforced transformer based on pre-trained English BERT [8] with cross-lingual distillation
to model aspect representations and sentence representations.

Dang Van Thin and Nguyen [29] explore mPLMs, specifically mBERT and XLM-R, to tackle aspect category-
based sentiment classification across English, Spanish, French, Dutch, and Russian with joint training on data from
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Table 5
Example of the BIOES and BIO tagging scheme for the end-to-end ABSA task.

The steak with potatoes was delicious , but the service was horrible .

BIOES O B-POS I-POS E-POS O O O O O S-NEG O O O
BIO O B-POS I-POS I-POS O O O O O B-NEG O O O

multiple languages. Their models output a one-hot vector with a size equal to the number of categories, where each
value represents the sentiment polarity of a category corresponding to its position in the vector.

Nam [30] introduces a framework that fine-tunes multilingual BERT-base models on the Korean translation of the
English SemEval-2014 dataset for the aspect category-based sentiment classification and aspect category detection.
The model then generates pseudo-labels for Korean data, which are used for training the final model. This final model
is trained either on a combination of the translated data and the pseudo-labelled data or solely on the pseudo-labelled
data. To enhance the quality of the pseudo-labels, dual filtering techniques are employed, including LaBSE-based
filtering and confidence score filtering. LaBSE, originally developed as a dual-encoder for machine translation, proves
equally effective for monolingual tasks such as semantic textual similarity (STS) and generating high-quality training
data. This cost-efficient approach demonstrates how resource gaps can be bridged, providing an effective solution for
ABSA in low-resource languages.
5.3. Aspect Category Detection

Aspect category detection involves identifying the relevant aspect categories discussed in a given sentence, which
typically belong to a predefined set of categories that are often domain-specific. For instance, given the sentence “The
tea is great, but the ambience is disappointing”, an ACD method should accurately predict the categories of “drinks”
and “ambience”.

Compared to the ATE task, ACD offers advantages from two main perspectives. First, while ATE focuses on
predicting individual aspect terms, predicted categories of ACD represent an aggregated outcome, providing a more
concise summary of the opinion targets. Second, ACD can identify opinion targets even when they are not explicitly
mentioned. For example, in the sentence “The wait was long, and the lunch was overpriced”, ACD can recognize two
aspect categories: “service” and “price”, whereas ATE would not be applicable in this scenario.

The ACD task is often framed as a multi-label sequence-level classification problem, where each category is a label.
Phan et al. [27] employ mBERT and XLM-R in English, Spanish, French, Dutch, Russian, and Turkish, demonstrating
the superior results with XLM-R. Similarly, Dang Van Thin and Nguyen [29] explore the same models and languages
except for Turkish, training the models on different combinations of source languages. Additionally, Nam [30] proposes
a pseudo-labelling framework for low-resource languages, which leverages multilingual BERT fine-tuned on translated
data to generate high-quality pseudo-labels, as detailed in the ASC task.
5.4. End-to-End ABSA

The end-to-end ABSA task aims to simultaneously identify aspect terms and their corresponding sentiment
polarities within a given sentence. This task is unique in cross-lingual settings as it is the only compound task
explored extensively. The focus on end-to-end ABSA has grown significantly with the advent of multilingual pre-
trained language models.

The E2E-ABSA task is often tackled using a unified tagging scheme. The first part of the scheme, such as BIO or
BIOES, marks the boundaries of aspect terms, while the second part denotes the sentiment polarity. For example, the
BIOES scheme uses B for the beginning, I for inside, O for outside, E for the end, and S for singleton, denoting the
boundaries of aspect terms, while the sentiment polarity is indicated as either positive (POS), negative (NEG), or neutral
(NEU). For instance, B-NEU refers to the beginning of an aspect term with a neutral sentiment polarity. This tagging
structure allows end-to-end ABSA to be modelled as a token classification problem using a sequence tagger. Table 5
provides an example of the BIOES and BIO tagging formats.

Sattar et al. [31] use part-of-speech (POS) tagging to extract tokens from the text, pre-process them by tasks like
removing punctuation, and then map the tokens between languages using bilingual dictionaries. They utilize mBERT to
generate embeddings and feed both the POS tags and embeddings into an attention-based CNN for further processing.
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Szołomicka and Kocon [32] present TrAsp, a multilingual and language-agnostic approach to ABSA that employs
Transformer-based methods. TrAsp utilizes a Transformer-based embedding model with two linear layers and one
dropout layer, achieving superior performance compared to existing techniques. The method is evaluated on the
MultiAspectEmo dataset (covering Polish and its machine-translated versions in English, Czech, Spanish, French,
and Dutch) and the SemEval-2016 dataset. The results demonstrate that multilingual pre-trained models like XLM-
R significantly outperform language-agnostic models such as LaBSE. The authors also compare the cross-lingual
capabilities of LaBSE and XLM-R, highlighting a substantial drop in cross-lingual performance relative to monolingual
settings, with XLM-R consistently outperforming LaBSE. The study underscores the advantages of multilingual
training for cross-lingual knowledge transfer, achieving higher F1 scores, and investigates the potential of compressed
models for resource-efficient ABSA. The multilingual capabilities of pre-trained models are shown to be pivotal in
enabling robust cross-lingual performance.

Wu et al. [33] evaluate zero-shot multilingual ABSA with LLMs for the E2E-ABSA task across English, French,
Spanish, Dutch, and Russian using the SemEval-2016 dataset. They explore various prompting strategies, including
vanilla zero-shot, chain-of-thought, self-improvement, self-debate, and self-consistency. Their findings reveal that
while LLMs show potential for multilingual ABSA, they generally underperform compared to fine-tuned, task-specific
models. Performance varies significantly by language, with higher-resource languages like English achieving better
results than low-resource languages and simpler zero-shot prompts often outperforming more complex strategies
in these languages. However, LLMs face challenges in extracting fine-grained structured information and struggle
with reasoning tasks, especially in multi-turn dialogue contexts. Closed-source models generally outperform open-
source ones, and few-shot learning improves performance, although context length remains a constraint. Furthermore,
cross-lingual evaluation, where models fine-tuned on English data are tested on other languages, shows significant
performance drops in morphologically different languages such as Russian. These findings highlight the potential of
LLMs for multilingual ABSA while emphasizing the need for further research to address their dependencies on task,
language, and configuration, as well as to optimize their application for cross-lingual tasks.

Li et al. [11] explore their span-to-span translation mapping strategy, described in Section 4.2, by training XLM-R
and mBERT in three different settings: using only the source language data (ZERO-SHOT), using only translated target
language data (TRANSLATION-TA), and using a combination of both (BILINGUAL-TA). While their approach proved
effective for semantic role labelling, they find that for cross-lingual ABSA, fine-tuning models on the original source
language data consistently outperformed training on translated data or combinations of both, which they attribute to the
model’s lower tolerance to translation errors. To address this, they proposed a model parameter warm-up on subsets of
translated data from multiple target languages (MTL-WS) outperforming the multilingual training baseline (MTL-TA)
with models fine-tuned on a combination of data translated to multiple target languages.

Zhang et al. [12] demonstrate the efficacy of their alignment-free translation mechanism discussed in Section 4.2
in several configurations: training on pseudo-labelled target language data alone (TRANSLATION-AF), combining
translated and source data (BILINGUAL-AF), and training on both original and translated data alongside aspect-code-
switched data, where aspect terms are swapped between languages (ACS). In this setting, they initialize a student model
using parameters from a model pre-trained on the translated target language data. The student model is then fine-tuned
to match the soft probability distribution predicted by the teacher model for each token, effectively learning from the
teacher’s output rather than the original hard labels. This approach helps the student model generalize better to the target
language by approximating the teacher’s predictions, allowing it to capture more nuanced sentiment information. They
experimented with single-teacher distillation, using a teacher trained on the ACS dataset (ACS-DISTIL-S), and multi-
teacher distillation, where each teacher is trained on different datasets, such as translated and source data or translated
and aspect-code switched data (ACS-DISTIL-M). Furthermore, they experiment with multilingual settings, utilizing
multilingual data with alignment-free label projection (MTL-AF) and aspect-code-switched data (MTL-ACS), and
distillation on multilingual unlabelled data (MTL-ACS-D).

Lin et al. [13, 14] further utilize the ACS data and add some additional improvements. They employ contrastive
learning to minimize the distance between samples with the same label in different semantic spaces [13]. Specifically,
they use token-level contrastive learning to align token embeddings with similar labels (CL-XABSA (TL)) and
sentiment-level contrastive learning for samples at the sentiment level (CL-XABSA (SL)). Additionally, they address
class imbalances with dynamic weighted loss, which shifts the model’s attention towards underperforming sentiment
categories, and introduce anti-decoupling techniques to enhance semantic information utilization (EQUI-ABSA) [14].
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Table 6
Cross-lingual end-to-end ABSA results of different methods with English as the source language and other languages as
target ones compared to supervised settings (Supervised). The best results for each model and language are in bold.
*The average results exclude Turkish.

Source Method
mBERT XLM-R

Es Fr Nl Ru Tr Avg* Es Fr Nl Ru Tr Avg*

[12] Supervised 67.88 61.80 56.80 58.87 – 61.34 71.93 67.44 64.28 64.93 – 67.15

[11]
Zero-shot 57.32 45.60 42.68 36.01 26.58 45.40 67.10 56.43 59.03 56.80 46.21 59.84
Translation-TA 50.74 40.76 47.13 41.67 22.04 45.08 58.10 47.00 56.19 50.34 40.24 52.91
Bilingual-TA 51.23 41.00 49.72 43.67 22.64 46.41 61.87 49.34 58.64 52.89 41.44 55.69

[12]

Translation-AF 59.74 48.03 49.73 50.17 – 51.92 66.61 57.07 61.26 59.55 – 61.12
Bilingual-AF 60.23 48.05 49.83 51.24 – 52.34 68.04 57.91 60.80 60.81 – 61.89
ACS 59.99 49.65 51.19 52.09 – 53.23 67.32 59.39 62.83 60.81 – 62.59
ACS-Distil-S 62.04 52.23 52.72 53.00 – 55.00 68.93 61.00 62.89 60.97 – 63.45
ACS-Distil-M 62.91 52.25 53.40 54.58 – 55.79 69.24 59.90 63.74 62.02 – 63.73

[13]
CL-XABSA(TL) 60.64 48.53 50.96 50.77 – 52.73 – – – – –
CL-XABSA(SL) 61.62 49.50 50.64 50.65 – 53.10 – – – – –

[14] Equi-XABSA 63.08 50.08 51.85 52.59 – 54.40 69.56 60.68 61.31 62.34 – 63.47

Table 7
Multilingual end-to-end ABSA results of different methods. The best results for each model and target language are in
bold. *The average results exclude Turkish.

Source Method
mBERT XLM-R

Es Fr Nl Ru Tr Avg* Es Fr Nl Ru Tr Avg*

[11]
MTL-TA 54.14 40.72 49.06 43.89 25.77 46.95 63.56 52.80 60.37 55.67 43.04 58.10
MTL-WS 58.18 46.93 49.87 44.88 29.78 49.96 68.60 57.96 61.24 59.74 45.58 61.89

[12]
MTL-AF 59.31 50.00 53.16 50.04 – 53.13 68.20 59.68 63.33 61.02 – 63.06
MTL-ACS 59.59 50.74 53.33 51.61 – 53.82 68.88 59.19 63.06 61.92 – 63.26
MTL-ACS-D 62.05 53.56 53.56 53.87 – 55.76 70.38 62.17 65.98 62.79 – 65.33

Table 6 presents the cross-lingual results with mBERT and XLM-R on the SemEval-2016 restaurant dataset, with
English as the source language and other languages as targets. The best results are typically achieved with ACS-
DISTIL-M [12], which leverages aspect-code switching and distillation on unlabelled target language data, and EQUI-
ABSA [14], which addresses class imbalances. Table 7 shows the multilingual result where MTL-ACS-D [12] achieves
the best results by combining aspect code-switching and multilingual distillation on unlabelled target language data.

6. Related Research
In this section, we describe some of the related research for ABSA, focusing on innovative methods in recent

years, languages other than English, multilingual ABSA, cross-lingual sentiment analysis, and LLMs for ABSA.
Additionally, we shortly summarize advancements in multilingual and cross-lingual sentiment analysis. Finally, we
discuss the possibilities of utilizing large language models for ABSA.
6.1. Monolingual ABSA

Ma et al. [81] address the TASD task with a neural architecture combining a bidirectional LSTM sequence encoder
and a hierarchical attention mechanism. Their model employs target-level attention to highlight sentiment-relevant parts
of aspect terms and sentence-level attention to identify aspect evidence across the sentence. Additionally, they propose
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Sentic LSTM, an enhanced LSTM cell incorporating affective commonsense knowledge. Liang et al. [82] introduce
Sentic GCN, a graph convolutional network that augments sentence dependency graphs with affective knowledge from
SenticNet. This model captures both contextual and affective relationships between words and aspects by integrating
affective dependencies and focusing on aspect-specific sentiment. Both approaches can be extended to cross-lingual
settings by incorporating cross-lingual word embeddings or machine translation.

D’Aniello et al. [83] present KnowMIS-ABSA, a framework emphasizing distinctions among key concepts such
as sentiment, emotion, affect, and opinion. Unlike traditional methods, it advocates for tailored metrics and tools to
measure these dimensions separately, ensuring a more nuanced understanding of user opinions. A qualitative case
study demonstrates its advantages, particularly in marketing, where differentiating sentiments from affective reactions
can enhance strategies.

Recent English ABSA research predominantly adopts the sequence-to-sequence modelling paradigm due to its
flexibility in handling compound tasks involving three or four sentiment elements. Annotation- and extraction-style
modelling paradigms by Zhang et al. [44] showcase the viability of a generative framework for ABSA. Later work [44]
introduces a novel approach to the ASQP task, predicting sentiment quads in natural language format, facilitating more
intuitive sentiment analysis results. Gao et al. [84] propose a comprehensive framework that addresses multiple ABSA
tasks by integrating element prompts, while Mao et al. [61] generate tuples as tree paths and filter valid ones. Most of
these methods generate sentiment elements in a fixed order, which may not be optimal. Hu et al. [85] investigate the
impact of sentiment element ordering on ABSA outcomes, optimizing the sequence generation process. Building on
this, Gou et al. [62] utilize multiple-ordered permutations to enhance sentiment element prediction, merging results
from different orders at the cost of extended training times. Xianlong et al. [63] combine sequence-to-sequence and
token classification paradigms. The encoder labels aspect and opinion terms, merging results with the model’s text
output. All these methods can be adapted to cross-lingual transfer using multilingual Transformer-based models,
optionally enhanced by machine translation.

For languages beyond English, Czech ABSA research has gained traction. Earlier studies [45, 46, 86] focus on
simple tasks with two sentiment elements, combining carefully selected features with classifiers like CRF and logistic
regression. These methods are adaptable to cross-lingual settings via machine translation. Later study [87] explores
convolutional and recurrent neural networks for ACS and ACD tasks, adaptable using machine translation or cross-
lingual embeddings. Recent studies leverage Transformer-based models. For instance, Šmíd and Přibáň [64] introduce
prompt-based methods for Czech ABSA, demonstrating the effectiveness of multilingual sequence-to-sequence and
Czech-specific BERT-base models models and in-domain pre-training in few-shot settings. Similarly, another work [88]
enhances ABSA with semantic role labelling in a multitask learning framework, improving ACD and ASC tasks in both
Czech and English. Šmíd et al. [47] deliver state-of-the-art Czech ABSA results using Transformer-based methods with
both multilingual and Czech-specific models. The modern approaches are adaptable to cross-lingual settings through
multilingual models and machine translation.
6.1.1. Relationship to Cross-lingual ABSA

The approaches discussed can be adapted to cross-lingual ABSA using cross-lingual transfer techniques from Sec-
tion 4, such as cross-lingual word embeddings, machine translation, multilingual pre-trained models, or a combination
of them. A key distinction between monolingual and cross-lingual research lies in their focus: monolingual research
aims to improve ABSA task performance, while cross-lingual research prioritizes enhancing transfer capabilities across
languages. Combining the strengths of both fields could significantly improve cross-lingual ABSA. For instance,
leveraging multilingual models with machine translation and target-language distillation alongside high-performing
monolingual approaches like tagging-assisted generation could yield substantial advancements.
6.2. Multilingual and Few-Shot Cross-Domain ABSA

García-Pablos et al. [89] present W2VLDA, an almost unsupervised system for ABSA that requires only minimal
supervision, addressing the limitations of resource-intensive supervised approaches. W2VLDA combines latent
Dirichlet allocation (LDA) [90], continuous word embeddings, and a maximum entropy classifier to classify domain-
specific aspects and sentiment polarity. It operates on unlabelled textual corpora, requiring only a single seed word
per domain aspect and two polarity seed words (positive and negative). The system generates weighted lists of aspect
terms, opinion words, and classified sentences, aligning these outputs with predefined domain aspects. Evaluated on
the SemEval-2016 5 dataset across multiple domains (restaurants, hotels, electronic devices) and languages (English,
Spanish, French, Dutch), W2VLDA achieves competitive results. Its reliance on minimal annotated data and automatic
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separation of aspect terms and opinion words makes it adaptable to diverse domains and languages, offering an
alternative to cross-lingual methods for ABSA.

He et al. [91] introduce LGCF, a multilingual framework for ABSA that effectively captures local and global
context features to predict sentiment polarity. LGCF uses BERT-based embeddings with distinct layers to model local
and global contexts. Local context modelling is enhanced by multi-headed self-attention (MHSA), dynamic masking
(CDM), and dynamic weighting (CDW). A combination of bidirectional GRU [92] and CNN is employed for global
context modelling, enabling robust feature learning for aspect-sentiment correlations. Validated on Chinese and English
datasets, LGCF achieves state-of-the-art performance, demonstrating the advantages of combined local and global
context modelling.

Rana et al. [93] propose a hybrid model for multilingual sentiment analysis that combines BERT with a lexicon-
based approach to improve polarity estimation for reviews and tweets. The model incorporates multilingual conversion
to translate non-English content into English, effectively handling multilingual text. Processing involves stages
like preprocessing, aspect extraction, aspect engineering, and polarity calculation, leveraging resources such as
SentiWordNet and part-of-speech taggers. While initially focused on multilingual scenarios, this approach can be
adapted for cross-lingual settings by training in one language and testing in another, as machine translation is already
an integral part of the workflow.

Another study [94] explores cross-domain few-shot classification for ABSA, where models trained in one domain
(e.g. hotel reviews) are evaluated in another (e.g. restaurant reviews) with minimal labelled target data. While primarily
focused on domain adaptation within a single language, the methods bear similarities to cross-lingual ABSA, where
knowledge is transferred across languages instead of domains. Using the Polish AspectEmo dataset, the study compares
gradient-based learning, zero-shot approaches, and few-shot methods like ProtoNet [95] and NNShot [96]. Few-shot
methods outperform other approaches, with NNShot offering a slight edge. These methods leverage embeddings to
predict labels in the target domain by comparing support and query set similarities. The findings suggest the potential
for few-shot learning in cross-lingual ABSA, where models could benefit from limited examples in the target language.
6.2.1. Relationship to Cross-lingual ABSA

Multilingual ABSA research often overlaps with cross-lingual ABSA techniques, such as machine translation and
multilingual pre-trained models, making adaptation to cross-lingual settings straightforward. However, key differences
must be addressed. Multilingual approaches typically include the target language in the training data, allowing models
to learn language-specific nuances during training. In contrast, zero-shot cross-lingual transfer relies solely on source
language data, requiring the model to generalize across languages.

Using multiple source languages can enhance performance by providing diverse linguistic patterns but may also
hinder results if poorly chosen [97]. Strategies like machine translation to convert source language data into the target
language or carefully selecting source languages can mitigate these challenges. Machine translation-based approaches
can augment original datasets, either supplementing or replacing them, to provide better language-specific adaptation.
Few-shot cross-lingual approaches could also leverage minimal labelled data in the target language to fine-tune models
trained on source language data, combining the strengths of multilingual and cross-lingual methods.
6.3. Multilingual and Cross-lingual Sentiment Analysis

This section provides an overview of multilingual and cross-lingual sentiment analysis approaches, focusing
on document-level sentiment classification. Unlike aspect-based sentiment analysis, which requires fine-grained
analysis at the aspect level, document-level sentiment analysis assigns sentiment to an entire document, making it
a comparatively simpler task. Additionally, it is a more examined task than cross-lingual ABSA.

Early approaches to cross-lingual sentiment analysis frequently leverage machine translation [98, 99, 100, 101,
102], often translating English training data into other languages to train sentiment models. Other work [103] utilizes
translation for specific resources, such as lexical sentiment dictionaries like SentiWordNet, to enrich datasets and
improve sentiment analysis in target languages.

Another significant line of research focuses on developing cross-lingual word embeddings specifically tailored for
sentiment analysis [104]. These embeddings are employed with models like SVM and neural networks such as CNN
and LSTM [105, 106]. Researchers also introduce approaches to align word embeddings across languages using small
bilingual dictionaries or sentiment information derived from the source language, allowing for efficient transfer of
sentiment knowledge to target languages [107].
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In recent years, Transformer-based architectures have dominated cross-lingual sentiment analysis. Multilingual
versions of BERT and related models have proven particularly effective [106, 108, 109, 110]. Studies have further
enhanced these models with data augmentation techniques, such as augmenting datasets through machine transla-
tion [111]. Some studies [112, 113, 114, 115] further investigate hybrid strategies with multilingual pre-trained models
and machine translation, such as mixing words between languages to enhance training, and focus on low-resource
languages that inherently include code-mixed data, such as anglicisms commonly found in social media texts.

Further advancements include the exploration of zero-shot and few-shot learning strategies for cross-lingual
classification tasks, enabling sentiment analysis in languages unseen during pre-training [116]. Researchers have also
evaluated the effectiveness of linear transformations for zero-shot sentiment classification and subjectivity classification
tasks, providing alternatives to Transformer-based methods [105, 106].
6.3.1. Relationship to Cross-lingual ABSA

Compared to multilingual and cross-lingual sentiment analysis, cross-lingual ABSA employs many of the novel
and best-performing approaches for cross-lingual transfer, such as modern pre-trained multilingual language models,
machine translation, mixing words between languages, and cross-lingual embeddings. However, there is limited scope
for further direct adoption of techniques from cross-lingual sentiment analysis into cross-lingual ABSA, as many of
these methods have already been utilized.

Cross-lingual ABSA introduces additional complexities that are not as prominent in document-level sentiment
analysis. One such challenge is the precise alignment of aspect and opinion term labels, which is crucial for
accurate aspect-based sentiment predictions. This alignment task is inherently difficult due to the nuanced relationship
between aspect terms and their corresponding sentiment expressions, especially when crossing linguistic boundaries.
Furthermore, cross-lingual ABSA often requires greater attention to language-specific features, such as idiomatic
expressions, colloquialisms, or slang, which may vary significantly across languages. These nuances demand a more
tailored approach and further complicate the transfer of knowledge from one language to another.
6.4. Large Language Models for ABSA

Large language models refer to Transformer-based architectures with parameter counts exceeding 1 billion or even
10 billion, depending on the source [117, 65]. These generative models take text as input and produce text as output,
with most of them based on the decoder stack of the Transformer. Examples of LLMs include PaLM [118], GPT-
4 [119], and LLaMA [120, 121, 122]. LLMs are pre-trained on massive text corpora, and many are further tuned to
follow instructions. This tuning has shifted the paradigm from traditional fine-tuning to prompting, where tasks are
defined directly in the input prompt without requiring labelled training data. Prompting can be zero-shot (task definition
only) or few-shot (task definition with examples, also called in-context prompting), enabling effective solutions in
scenarios with limited labelled data. This capability is especially beneficial in cross-lingual settings, where annotated
data for specific tasks and domains might not exist in all target languages.

While LLMs have demonstrated state-of-the-art performance across many NLP tasks, including sentiment
analysis [65, 106, 123], they often underperform compared to smaller, fine-tuned models for ABSA tasks [62, 65].
However, fine-tuning LLMs specifically for ABSA has achieved impressive results, including end-to-end ABSA in
English [124] and complex triplet and quadruplet tasks [66]. Early study [33] focusing on the multilingual performance
of LLMs has broadly explored the cross-lingual abilities of fine-tuned LLMs with varied results.

The performance of LLMs in ABSA tasks can be affected by inconsistencies in dataset annotations, particularly
for opinion terms. Some datasets label modifiers like “very” [34], while others omit them [40, 42, 43], leading to
inconsistencies that affect evaluation metrics. Fine-tuned models can adapt to such patterns if the annotations are
consistent. However, LLMs operating in zero-shot or few-shot settings may produce outputs that do not align precisely
with the evaluation criteria. To address these challenges, some better evaluation techniques of LLMs for ABSA might
be needed. Additionally, techniques such as chain-of-thought prompting [125] and reasoning-based multi-prompt
methods [126] may improve LLM performance in complex ABSA tasks.

Recent studies illustrate the nuanced performance of LLMs in ABSA. Filip et al. [127] use several LLMs with
smaller BERT-like models for the ASC task in Czech, Slovakian, Polish, and Hungarian. Using a dataset of tweets
collected via the Twitter/X academic API in 2023 and manually annotated for sentiment towards Russia and Ukraine,
they fine-tuned models such as LLaMA 2 [121], LLaMA 3 [122], Mistral [128], BERT, and BERTweet, with GPT-4 as
a reference. LLaMA 2 and Mistral achieved state-of-the-art results, while LLaMA 3 and BERTweet performed worse,
likely due to the limited tunability of LLaMA 3 and outdated pre-training data of BERTweet. Fine-tuning proved
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significantly more effective than in-context learning, particularly for multilingual and culturally complex datasets.
Translating data into English improved performance across all models; however, fine-tuned models like LLaMA 2
exhibited strong adaptability even in the original languages, surprising given their English-centric training. Challenges
included misclassification in Polish tweets due to cultural nuances and limitations such as model rigidity and smaller
pre-trained parameter sets. The study highlighted the effectiveness of fine-tuning on small datasets and the importance
of task-specific and model-specific adaptations.

Mughal et al. [129] examine older deep neural networks, including LSTMs and BERT-based models, alongside
LLMs for ATE and ACD tasks on several English datasets. Their findings emphasized PaLM’s robust performance,
often surpassing BERT-like models across diverse domains, while identifying its limitations on challenging datasets
like MAMS, which contain multiple aspects and sentiments in a single review. GPT-3.5 delivered competitive MAMS
results comparable to specialized models like ATAE-LSTM, showcasing LLMs’ ability to handle complex datasets
with minimal fine-tuning. The study demonstrated LLMs’ strengths in transfer learning, contextual reasoning, and
domain versatility, exposing their gaps in handling nuanced tasks. Older models like ATAE-LSTM and DeBERTa [130]
excelled in domain-specific scenarios, underscoring the continued relevance of specialized training. The authors
advocate exploring advanced LLMs, such as GPT-4, and refining models to better address nuanced sentiment and
cross-domain challenges, offering valuable insights into the evolving ABSA landscape.

Luo et al. [37] introduce a groundbreaking framework for multimodal conversational ABSA, addressing gaps in
integrating multimodality, conversational context, fine-grained sentiment granularity, dynamic sentiment shifts, and
cognitive causal reasoning. Two new tasks were proposed: panoptic sentiment sextuple extraction, which identifies
holder, target, aspect, opinion, sentiment, and rationale from multi-turn multimodal dialogues; and sentiment flipping
analysis, which detects dynamic sentiment transformations and their causal factors. The PanoSent dataset, featuring
multilingual, multimodal, and multi-scenario annotations, was created to benchmark these tasks. To tackle the
challenges, a chain-of-sentiment reasoning framework, a novel multimodal LLM (Sentica), and a paraphrase-based
verification mechanism were devised, outperforming strong baselines. This study’s multilingual approach (including
English, Chinese, and Spanish) and multimodal emphasis offer a robust foundation for advancing cross-lingual ABSA,
addressing gaps created by the lack of annotated data for complex tasks.

Furthermore, LLMs show potential for data augmentation [131], with studies leveraging LLMs to generate
additional training data [132, 133], including for English ABSA [134]. Such approaches could generate augmented
data in target languages; however, their effectiveness may heavily depend on the quality of the generated data.

Despite their advantages, LLMs face several challenges. Closed-source models like GPT-4 are expensive to use
and may raise privacy concerns for real-world applications. Open-source alternatives like LLaMA require substantial
hardware resources for fine-tuning. For instance, fine-tuning a 13B-parameter model in full precision requires over 200
GB of GPU memory. Techniques like QLoRA [135], which employ a 4-bit quantized frozen backbone with learnable
LoRA [136] parameters, reduce memory requirements and enable fine-tuning on consumer GPUs. However, even with
these optimizations, LLMs remain resource-intensive compared to smaller, specialized models.

A significant limitation of many LLMs is their English-centric design [121, 137]. While newer multilingual LLMs
like LLaMA 3.1 [122] and Aya [138, 139] have emerged, they often support fewer languages than multilingual pre-
trained models like XLM-R. Limited language support results from the high cost and effort required to obtain quality
multilingual data for instruction tuning, with quality being more critical than quantity [140].

One major advantage of LLMs is their ability to generate results without labelled training data, which is costly and
time-consuming to produce. This makes them especially appealing for tasks in under-resourced languages or domains
where annotated datasets are scarce.
6.5. Relationships to Cross-lingual ABSA

Large language models have demonstrated effectiveness in simpler ABSA tasks under zero-shot and few-shot
settings, offering quick solutions when labelled data is unavailable. However, smaller fine-tuned models often
outperform LLMs for more complex tasks, such as predicting multiple sentiment element tuples or handling nuanced
cross-lingual datasets. Techniques like chain-of-thought prompting and task-specific augmentations can enhance LLM
performance in these scenarios. LLMs are also valuable for bridging language gaps, particularly when annotated data
is available in a source language but not in the target language. Despite limitations such as high hardware requirements
and performance gaps on challenging ABSA tasks, LLMs are useful for rapid prototyping, data augmentation, and
addressing under-resourced languages.
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Compared to traditional cross-lingual ABSA approaches, multilingual LLMs offer a notable advantage by
eliminating the need for annotated data, even in a language different from the target language. LLMs can achieve
acceptable performance for some tasks using zero-shot and few-shot prompts. However, research consistently shows
that fine-tuned models outperform LLMs in most cases. That said, as LLMs continue to evolve, future iterations may
match or exceed the performance of smaller multilingual models specifically fine-tuned for ABSA tasks.

7. Challenges and Future Research
While monolingual ABSA has seen considerable progress with new approaches and tasks, cross-lingual ABSA

remains significantly more challenging and underexplored. This section highlights key challenges and potential
directions for future research.
7.1. Quests for More Diverse Multilingual Datasets

As noted in Section 2.3, the number of available multilingual ABSA datasets for cross-lingual transfer is extremely
limited. Although some datasets cover multiple domains, only the SemEval-2016 dataset provides data in more than
two languages. Most datasets focus on aspect terms and sentiment polarity, with only one offering aspect category
annotations and none including opinion term annotations. This lack of annotated sentiment elements restricts the
range of tasks that can be studied. Additionally, many datasets contain relatively few sentences, which hinders reliable
comparison of models, especially for large pre-trained models with millions of parameters. To advance cross-lingual
ABSA research, there is a need for more diverse datasets with annotations for multiple sentiment elements across
different languages.
7.2. Cross-lingual ABSA Tasks

As discussed in Section 2.2, while numerous ABSA tasks exist, only a few have been explored in cross-lingual
settings. This limitation is partly due to the lack of annotated sentiment elements, particularly opinion terms, which
restricts the ability to explore opinion-related tasks. Although the SemEval-2016 dataset supports tasks with three
linked sentiment elements (i.e. the TASD task), research has largely focused on tuple-based tasks, specifically E2E-
ABSA, and single tasks focusing only on one sentiment element. Expanding the exploration of cross-lingual ABSA
tasks requires more comprehensive multilingual datasets.
7.3. Sequence-to-Sequence Modelling Paradigm and LLMs in Cross-lingual ABSA

The sequence-to-sequence modelling paradigm, as discussed in Section 3.3, has recently gained significant traction
in English ABSA research [44, 60, 61, 62, 63]. However, its application in cross-lingual settings remains largely
unexplored [141]. This approach, particularly suitable for tasks involving multiple sentiment elements, holds great
potential for addressing the complexities of cross-lingual ABSA.

Fine-tuned LLMs have demonstrated remarkable performance in monolingual ABSA [66]. However, their use in
cross-lingual contexts has seen only limited investigation, except for a minor study focused on multilingualism [33]. The
development of multilingual large language models [122] presents an exciting opportunity for advancing cross-lingual
ABSA. Fine-tuning these models could significantly improve addressing linguistic diversity and task complexity.

Looking ahead, the continual advancement in LLM performance for ABSA tasks opens the door to novel
approaches that bypass fine-tuning entirely. Instead, LLMs could be employed with zero-shot or few-shot prompting
strategies. Such methods eliminate the need for annotated training datasets, addressing the challenges posed by
the scarcity of labelled resources in many languages. This paradigm shift could enable broader accessibility and
applicability of cross-lingual ABSA solutions.
7.4. Adopting Modern Approaches from Monolingual ABSA

Cross-lingual ABSA research has predominantly concentrated on enhancing language transfer techniques to bridge
the gap between source and target languages. Conversely, monolingual ABSA research has prioritized refining task-
specific methodologies, resulting in several significant advancements tailored to ABSA. Despite their demonstrated
success, many of these innovations from monolingual ABSA research have yet to be fully incorporated into cross-
lingual studies.

Integrating state-of-the-art methods from monolingual ABSA, such as tagging-assisted generation or multi-
view prompting, with the best-performing cross-lingual transfer techniques from cross-lingual ABSA could yield
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substantial performance improvements. Bridging these two lines of research offers a promising direction for future
studies. By leveraging the complementary strengths of monolingual task-specific innovations and cross-lingual transfer
methodologies, researchers can push the boundaries of what is achievable in cross-lingual ABSA.
7.5. Dependency on Machine Translation

Although multilingual pre-trained models offer inherent cross-lingual capabilities, they are often combined with
machine translation to improve performance [12, 13, 14]. However, studies have shown that machine translation can
sometimes degrade performance due to translation quality and label misalignment [11]. Recent advancements in LLMs
provide new possibilities for cross-lingual ABSA, as LLM-based data augmentation has emerged as a promising
technique to enhance performance [142], with some studies using LLMs to generate additional data [132, 133, 143].
Future research could explore replacing reliance on machine translation with LLM-generated data.

8. Conclusion
This survey comprehensively reviews cross-lingual aspect-based sentiment analysis, representing the first dedicated

survey to focus exclusively on this emerging field. It begins by outlining the necessary background, including the
definition of aspect-based sentiment analysis, the four sentiment elements, and the various tasks and datasets used in
cross-lingual ABSA research. Next, it describes the different modelling paradigms employed in ABSA, followed by an
overview of approaches to cross-lingual transfer that enable sentiment analysis across languages, with examples of how
these techniques have been applied in recent studies. We also offer a detailed summary of the ABSA tasks explored in
cross-lingual settings, highlighting the methods used to address each task. The review also highlights the relevance of
monolingual and multilingual ABSA research, as well as ABSA approaches with LLMs, in addressing challenges in
cross-lingual ABSA. Finally, we discuss the main challenges facing the field and suggest potential directions for future
research to advance cross-lingual ABSA.
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