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Abstract

Transfer learning explores how to leverage knowledge from various tasks or domains (sources)
to enhance predictive performance in related tasks or domains (targets). Typically, transfer
learning research is segmented into several isolated sub-areas (such as domain generalisa-
tion, domain adaptation or multi-domain learning), each making distinct assumptions about
target data availability, such as the quantity of data and labels available at training time.
However, there are several real-world applications where these problems occur as a contin-
uum, evolving from one stage to another as more data and labels are progressively collected
from each domain. In those cases, a robust transfer learning solution should seamlessly
integrate an expanding dataset and progressively improve its performance over time. In
this survey, we review the state of the art in transfer learning from the perspective of this
continuum, focusing on the data requirements of each method. We find that most methods
are tailored to specific settings, and no current work considers an integrated view over the
whole spectrum of data availability. We refer to this new perspective on transfer learning
as Transfer Learning for Evolving Domains (TrED) and argue that it is an important and
challenging direction for future research.

1 Introduction

Machine Learning (ML) models have become the state-of-the-art approach for various predictive tasks, such
as classification and regression. However, the performance of these models relies heavily on the availability
of data, which can be difficult and costly to obtain. For example, labelling an event for money laundering
detection requires manual work from a domain expert, making the compilation of a large annotated dataset
time-consuming and expensive (Barata et al., 2021).

One approach to address these challenges is Transfer Learning (TL), which aims to leverage knowledge from
one or more tasks or domains (Source) to enhance performance in another task or domain (Target).! This
covers a range of scenarios, each making different assumptions about the volume and type of data available
from the source and target domains at training time. For example, some approaches may use a small amount
of labelled data from the target domain, while others rely solely on labelled data from the source domain.

Traditionally, different TL scenarios are treated as distinct problems with specific solutions. However, in
real-world applications, there are many cases where these scenarios exist along a continuum, evolving as
more data and labels are collected. Consider global services such as a streaming platform (e.g., Netflix), an
e-commerce site (e.g., Amazon), or a financial service (e.g., PayPal) expanding into a new country or region.
Initially, there might be no user data from this new market, but they can use historical data from other
geographies to design a first solution. As the service gains users, data from the new market is continuously
collected, enabling the improvement and adaptation of the deployed system. One real-world example showing
the importance of this adaptation was studied at Spotify, where it was found that “users behave and interact
differently in different markets” and as such it was more effective to switch to a localised model once enough
data is available to train it (Roitero et al., 2020).

Another illustrative example of changes in the nature of data used by ML models are regulatory changes,
which may not only change the data collection processes but also the behaviour of people and institutions

1In this survey, we focus on the TL setting of having a single task and various domains.
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Figure 1: Transfer learning can be divided into different sub-problems that make different assumptions about
target domain data and labels available. Once a new domain is included, the available data typically evolves
over time according to the depicted arrow, starting from a Domain Generalisation setting (without target
domain data), then moving towards Domain Adaptation (with target data but none or limited target labels),
and later into Multi-Domain Learning (with considerable labelled target domain data).

governed by it. This can disrupt the distribution of features and/or labels for deployed ML models, leading
to drops in predictive performance and the need to execute a model update. For example, due to the General
Data Protection Regulation enforced by the European Union, companies may be required to restrict their
data collection policies, which means that the deployed models would stop receiving several features that
were used to train them (Sartor et al., 2020). However, as companies adapt to the new legal environment,
they continue to collect and utilise data within the regulatory framework, leading to the development of new
models that respect user privacy.

A similar progression can be seen during a new disease outbreak. In the initial absence of patient data, TL
can leverage data from previous outbreaks or related diseases to develop early diagnostic models. As specific
data for the new disease (such as symptoms and outcomes) accumulate over time, these models can be
continuously updated and refined to improve their predictive accuracy. This strategy was recently employed
during the COVID-19 pandemic. Early diagnostic models were developed using pre-trained computer vision
models and data from similar infections. These models were then fine-tuned using the limited COVID-19
data available at the time (Altaf et al., 2021; Narin et al., 2021).

We consider scenarios where multiple source domains provide a large pool of labelled data. When a new
target domain is introduced, it might initially lack any data. As data collection begins, obtaining labels may
be delayed. Over time, the quantity of both instances and labels from the target domain increases. Figure 1
illustrates how this common data availability path overlaps with typical settings of some TL sub-problems.

This survey presents a novel perspective on TL, viewing these previously isolated problems as a continuum.
We discuss the evolution of data availability and examine TL methods designed for various stages of this
process. As no single method currently addresses the entire spectrum, we highlight promising techniques
that could potentially span a broader range of scenarios. By formalising this new perspective as a new task,
Transfer Learning for Evolving Domains (TrED), this survey aims to establish a framework for research
that will support the development of new TL methods that deal with the data availability continuum. From
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an application point of view, we anticipate that the adoption of unified solutions, capable of effectively
incorporating new target domain data, will speed up improvements in model performance and facilitate a
more streamlined ML pipeline, reducing the need to frequently switch methodologies.

In Section 2 we introduce some notation and provide a formal definition of each sub-problem, as well as the
newly proposed TrED problem. In Section 3 we present a literature review of TL, organised according to
the data availability flow. We also discuss some foundation model approaches that can have some potential
applications for TL and TrED. In Section 4 we present our conclusions and directions for future work.

2 Definitions and Notation

Transfer Learning (TL) is usually described as a set of methods to reuse knowledge from one task or domain
to improve the performance on a different but related task or domain (Weiss et al., 2016). To formally ground
the problem of learning across evolving domains, we first define the core concepts of “domains” and “tasks”,
then introduce a temporal framework to model the progressive availability of data, and later describe various
problem settings related to TL.

2.1 Domains, Tasks and Transfer Learning

Following the definitions from Pan & Yang (2009), a domain D = {X’, P(X)} consists of a feature space X
and a marginal probability distribution P(X), where X € X is a random variable representing the observed
instances. As such, two domains Dy = {&1, P(X1)} and Dy = {X,, P(X>)} differ if they either have different
feature spaces (X; # X») or different marginal probability distributions (P(X7) # P(X32)).

TL literature (Pan & Yang, 2009; Zhang et al., 2019; Zhuang et al., 2020) often presents two equivalent
interpretations for the concept of task: as a deterministic predictive function f : X — Y, or as a conditional
probability distribution P(Y|X). We adopt the probabilistic interpretation to better account for label
uncertainty, noise, and potential concept drift over time. Given a specific domain D, a task T = {Y, P(Y|X)}
consists of a label space ) and a conditional probability distribution P(Y|X), which represents the predictive
relationship between features and labels.

One domain can encompass multiple tasks (e.g. using the same set of images for an image classification task
or an object detection task), and different domains can share the same task (e.g. having a spam detection
task on texts from different languages). The formal definition of task would require that tasks in different
domains should have the same label space and conditional probability distribution (and thus the same feature
space) in order to be considered equal. We relax this requirement by considering tasks in different domains
to be equivalent (7; ~ 72) if they involve solving the same underlying problem. For example, we can have a
common task of image classification on two image domains, one in colour and one in greyscale, even though
the domains have different feature spaces (3 colour channels versus 1).

Transfer Learning is the sub-field of ML that studies how to leverage datasets from various domains and/or
from different tasks to learn a better performing model. More formally, given a source domain Dg with a
learning task Tg = {Vs, Ps(Y|X)} and a target domain Dy with a learning task 7r = {Vr, Pr(Y|X)},
where Dg # Dr or Ts # Tr, TL aims to use the knowledge of Dg and Tg to learn a predictive function
f X — Y that is a better approximation of Pr(Y|X) than what could be learned only from Dr. It is
possible to have various source domains and various target domains, and these two sets can be disjoint, have
some overlap, or be the same.

In this survey, we focus on the TL setting with different domains (Dg # Dr) but similar tasks (Tg ~ Tr).

2.2 Progressive data availability

In the standard ML setting, datasets are static collections of observations used to estimate P(X) and P(Y|X).
However, in real-world pipelines, data is collected from multiple domains over time, often with labels arriving
after a certain delay that depends on the annotation process.
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Table 1: Data availability assumptions at training time ¢4, from different TL settings: Domain Generalisation
(DG), Unsupervised/Supervised Domains Adaptation (UDA / SDA), Multi-Domain Learning (MDL). In
SDA, there may or may not be large volume of unlabelled target domain data. In MDL, there is no
distinction between source and target domains, but there is a large volume of labelled data from all domains.

TL Setting Labelled Source Data Unlabelled Target Data Labelled Target Data

| D, (tr)] | DF (ter)| | DF (ter)|
DG >0 =0 =0
UDA >0 >0 =0
SDA >0 >0 or NA >0
MDL >0 NA >0

To formalize this evolving availability, we refine the definition of dataset to include the temporal information.
This way, each domain Dy is associated with a dynamically growing dataset Dy = {(z;,v;,t%,tY) | i =
1,...,nq}, where x; € Xy is a feature vector, y; € Y, is the label, t¥ is the timestamp when z; is collected,

and tY > t7 is the timestamp when y; becomes available.

At any given time ¢, Dy can be decomposed into two disjoint subsets: a labelled dataset DX (t) = {(x, ;) |
tY < t} with instances that have received their labels by time ¢; and an unlabelled dataset DY (t) = {z; |
7P <t< ti’} with instances that have been observed, but whose labels are still unavailable at time ¢.

2.3 Standard TL settings

Within the topic of TL, different settings have been described and addressed, making different assumptions
about the datasets used to train the ML models. In this survey, we mainly focus on four of these settings,
which we identify as those that align with real-world data availability conditions (Figure 1): Domain Gener-
alisation, Unsupervised Domain Adaptation, Supervised Domain Adaptation, and Multi-Domain Learning.
They all assume that a large pool of labelled source domain data is available at training time t;., i.e.,
vd € {1,...,m},|D% (ty)| > 0. Their main differences relate to whether target domain data is available
and whether it is labelled or unlabelled. We summarize their assumptions in Table 1.

In Domain Generalisation (DG) (Zhou et al., 2022; Wang et al., 2022a), there is no target domain data
available at training time (|D¥ (t;,)| = 0 and [D%(t;,)| = 0). The goal is to use D% (tir),..., D§ (ter) to
learn a predictive function f that is a good approximation of Pr(Y|X) for any new target domain Dr,
unknown at training time.

In Unsupervised Domain Adaptation (UDA) (Wilson & Cook, 2020), there is only unlabelled tar-
get domain data available at training time (|D¥(ty.)] > 0 but |DEk(t.)] = 0). The goal is to use
Dél (ter), .- ,Dém (t) and DY (t;,) to learn a predictive function f that approximates Pr(Y|X) on Dr.

In Supervised Domain Adaptation (SDA) (Wang & Deng, 2018), there is a small volume of labelled
target domain data at training time, and there may be a much larger volume of unlabelled target domain
data as well (| DY (t4)| > |Df(t,)| > 0). The goal is to use D§ (ty), ..., DE (t) and DE(t,,) (and DT (t,,)
if available) to learn a predictive function f that is a good approximation of Pr(Y'|X) on Dr.

In Multi-Domain Learning (MDL) (Yang & Hospedales, 2014), there are various labelled datasets
from different domains available at training time, with no distinction between source and target domains
(vd € {1,...,m},|DE(t;)| > 0). The goal is to use D¥(t;,),..., DL (t:.) to learn one or multiple predictive
functions such that the learned model(s) can perform well on each individual domain Dy, ..., D,,. Unlike
DG, MDL has access to datasets from all domains (including the target) during training. Unlike Domain
Adaptation, MDL aims to optimise performance across multiple domains simultaneously, rather than focusing
on transferring knowledge to a single target domain.
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2.4 Transfer Learning for Evolving Domains (TrED)

The four TL settings described in Section 2.3 are typically treated as distinct, isolated problems, each
optimizing a model for a fixed snapshot of data availability at a specific training time ¢;.. However, in real-
world applications where data and labels are often collected gradually, the availability conditions change
over time, and the different TL settings are realized as sequential stages in the lifecycle of every new domain,
as depicted in Figure 1. The challenge is how to continuously integrate the new data from each domain in
a way that allows the transfer learning model to seamlessly adapt and improve over time.

We refer to this scenario as Transfer Learning for Evolving Domains (TrED). By modelling datasets as
a function of time ¢, we can map the traditionally isolated TL settings to stages of a newly introduced
target domain. Suppose a new target domain Dy is introduced at time tgpq¢, initially without any data
(D%(tsta”) = D% (tstart) = 0), while there are large volumes of labelled data from all source domains
(D%, (tstart)| > 0,d € {1,...,m}). The evolution of the problem can be described as follows:

« Stage 1 (DG): For t € [tsart, ta[, there is insufficient target domain data (| DY (¢)| ~ 0) to reliably
estimate Pp(X). The model must rely on source domains to generalize to the unseen Dy .

« Stage 2 (UDA): For ¢ € [t,,t[, some instances have been collected (|D¥(t)] > 0), but most of
their labels are not available yet (|DX(¢)| ~ 0). The model must adapt using the target’s marginal
distribution Pr(X).

o Stage 3 (SDA): For ¢ € [tp,t.[, the target domain contains a mix of labelled and unlabelled data
(|D¥%(t)| > 0 and |DX4(t)| > 0). The model can be fine-tuned to approximate Pr(Y|X) directly.

+ Stage 4 (MDL): For t > t., the volume of labelled target data becomes substantial (|DE(¢)| > 0).
The target domain effectively matures into a new source domain, and the problem shifts to Multi-
Domain Learning.

The transition points t,, t, and t. are not fixed constants but rather depend on environmental constraints,
specifically the velocity of data collection and the distribution of label delay. Furthermore, while we categorize
these stages into discrete intervals for clarity, in practice, the evolution of data availability is a continuous
spectrum with diffuse boundaries. As such, a solution to the TrED problem should operate continuously
across this spectrum, minimizing the cumulative error of approximating Pr(Y|X) over time.

The TrED problem shares similarities with other dynamic learning paradigms, but there are differences that
set it apart. Continual Learning (also known as Lifelong Learning or Incremental Learning) focuses on learn-
ing from a stream of data, gradually extending its knowledge base while retaining and using past experiences
to aid future learning (De Lange et al., 2021; Van de Ven et al., 2022). Similar to TrED, Continual Learning
involves a flow of new data, to which the model must adapt while leveraging previous knowledge. How-
ever, Continual Learning focuses on retaining knowledge over time and mitigating catastrophic forgetting,
as tasks are typically presented sequentially. In contrast, TrED emphasises the transfer of knowledge across
domains, utilising both historical and newly available data without the risk of forgetting since historical data
can be revisited. Online Learning is a family of machine learning methods where data arrives sequentially
and the model is updated continuously with each new data point to improve future predictions (Hoi et al.,
2021). This type of techniques can be particularly useful in TrED as a way to integrate more recent data
into the knowledge base of the model. However, the standard Online Learning paradigm usually deals with
a single stream of data, whereas TrED operates in a multi-domain setting, with the additional focus on
transferring knowledge across these multiple evolving domains. Online Transfer Learning (Zhao et al., 2014)
describes a setting where target domain data arrives sequentially and some models had been learnt from
source domains. While there is some overlap with TrED, in Online Transfer Learning, the learning happens
in an online fashion with streaming data from the target domain, and only pre-trained models from source
domains are used. TrED, on the other hand, assumes that source domain data itself is available and can be
used alongside historical target domain data, making it unnecessary to learn strictly in an online manner.
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Figure 2: Diagrams of four different types of modular deep learning architectures used in transfer learning
methods. The F' components are feature extractors, C are task classifiers, D are optional domain discrimina-
tors. The subscripts s and p indicates whether the component is shared or private across different domains.
Panel a) depicts a solution composed of a feature extractor and a classifier that are shared across all domains.
Panel b) depicts a solution composed of a shared feature extractor and domain-specific classifiers. Panel c)
depicts a solution composed of domain-specific feature extractors and a shared classifier. Panel d) depicts a
solution composed of a shared feature extractor and domain-specific feature extractors, whose outputs are
concatenated before being passed to a shared classifier. All panels can optionally include a discriminator.

3 Literature Review on TL: the TrED Perspective

In this section, we provide a comprehensive comparison of various Transfer Learning (TL) methods, each
developed under different assumptions regarding data availability.

The beginning of this section mirrors the data availability stages discussed previously, with each subsection
dedicated to a specific TL sub-problem: Domain Generalisation (Section 3.1), Unsupervised Domain Adap-
tation (Section 3.2), Supervised Domain Adaptation (Section 3.3), and Multi-Domain Learning (Section 3.4).

Each subsection begins with the framing of the corresponding TL sub-problem in TrED. We then review
some methods proposed to tackle that sub-problem and their relevance to TrED.

The methods are discussed according to the type of approach:

e Data Transformation: Techniques that manipulate the data prior to model input, such as instance
weighting, feature augmentation, feature mapping, and pseudo-labelling.

e Model Adaptation: Architectures and structural strategies designed to improve the transfer of
knowledge. For example, many of the methods discussed incorporate modular deep learning archi-
tectures consisting of linked components. We illustrate four common designs in Figure 2.

e Training Objective: Methods that leverage specific learning algorithms or loss functions during
training, such as adversarial losses, clustering, contrastive learning, and statistical distances.

Finally, we describe some methods that can be used in more than one stage of TrED (Section 3.5) and
highlight foundation models as a new type of solution that is very relevant in the context of TL and TrED
(Section 3.6).

A summary of the methods analysed, organized according to these two dimensions (TL sub-problem and
type of approach) is given in Table 2.

3.1 Domain Generalisation

Domain Generalisation (DG) describes the problem of learning from one or multiple source domains, such
that the solution has good performance on any unseen target domain.
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Table 2: Table summarising the reviewed TL methods. Each row represents a type of technique that methods
can use, with columns indicating the TL sub-problem each method addresses. The techniques are grouped
into three major categories: data transformation, which involves techniques that manipulate the data prior
to model input; model adaptation, which includes architectures and structural strategies designed to improve
the transfer of knowledge; training objective, for techniques that leverage a specific learning algorithm or
loss during training.

DG UDA SDA MDL
Instance Weighting (103; 119; 149) (16; 103; 137)
Feature Augmentation | (147) (7; 123) (7; 18; 26; 47; | (136)
54; 99)
Data Feature Mappi (67) (74; 102) (74; 26; 85)
eature Mapping ; ; 26;
Transform. Pseudo-labelling (59) (7; 13; 57; 70; 74; | (7; 54; 74; 99)
T7: 87: 97: 104 123:
124; 121; 140)
Modular DL (a) (23; 53; 58) | (27; 32; 35; 65; 70; | (54; 91) (60)
87; 88; 89; 90; 92;
105; 104; 108: 124;
139)
Model Modular DL (b) (57; 62; 75; 97) (5; 62; 99) (68)
Aduptation Modular DL (c) (146) (114; 146)
Modular DL (d) (11) (14; 37; 131;
132)
Ensemble (117; 146) | (75; 86; 146; 149) | (133) (24)
Other (51; 55, 117) | (56; 63; 88; 123; | (56; 133; 138) | (30; 66; 71;
135) 76)
Adversarial Loss (53; 147) (11; 27; 39; 57; 65; | (54; 91) (14; 37; 131)
70; 88; 89; 90; 92;
104; 108; 114; 139;
140)
Clustering (23) (93; 97; 104; 135) (54; 99)
Training  Contrastive Loss (43; 104; 124; 140) | (99) (37)
Objective  Meta Learning (23; 28; 52; | (50; 61; 77; 146) (50)
58; 146)
Reconstruction Loss (53) (115 32; 35; 39) (60)
Statistical Distance (23; 53) (11; 35; 62; 63; 64; | (62) (30; 131)
70; 75: 93; 101; 113)
Other (39; 86; 105) (60)
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3.1.1 DG as a stage of TrED

DG can be seen as the first stage of the TrED problem. In this setting, there are some labelled datasets
D§, ... D% from source domains and the goal is to develop a solution that performs well on a target domain
Dt from which no data is available.

This is a particularly challenging problem due to the lack of knowledge about the target domain. Even if all
domains share the same feature space X, the marginal probability distribution of the target domain P(Xr)
can differ from those of the source domains, a problem closely related to covariate shift (Shimodaira, 2000).
Similarly, the target conditional probability Pr(Y|X) can differ from the source conditional probability
Px(Y|X), a problem related to concept drift (Widmer & Kubat, 1996). Lastly, the label space of the
target domain )7 can differ from those of the source domains, leading to a scenario known as open set
recognition (Scheirer et al., 2012). These potential differences between source and target domains cannot be
directly diagnosed due to the lack of target domain data.

Since DG does not require prior access to target domain data, a solution for the DG problem can be directly
applied to any stage of TrED problem. However, it is expected that as data and labels from the target domain
are gathered over time, other types of solutions that leverage this information will surpass DG methods in
predictive performance. Nonetheless, by studying the methods explored in this section, we can design TrED
solutions that have good predictive performance during the early stages of new domains.

3.1.2 Current literature on DG

Data Transformation. Some methods propose to transform the source domain data in such a way to
promote the generalisation capabilities of a model trained with it.

The Domain Invariant Component Analysis (DICA) (Muandet et al., 2013) is a feature mapping technique
that first maps input data into a higher-dimensional space using a kernel function, and then learns a trans-
formation matrix to map it to a lower-dimensional space. The first step is done to capture non-linear
relationships in the data, while the second step should retain the necessary information to predict the out-
put accurately and make the features invariant to the domain differences. The model is trained on the
transformed data, which is expected to generalise better to new domains.

The Deep Domain Adversarial Image Generation (DDAIG) (Zhou et al., 2020) is a feature augmentation
technique in which a Domain Transformation Network (DoTNet) is used to create perturbations on the
original instances. These perturbed examples are used to augment the training of the classifier, while a
domain discriminator controls how much the perturbations can deviate from the real data. This approach
helps the model generalise better to the new target domain by exposing it to a wider variety of data during
training, thereby improving its robustness to unseen scenarios.

Another method (Lin et al., 2024) incorporates unlabelled source domain data into the training via an
iterative pseudo-labelling framework: a model is trained on labelled data, pseudo-labels are generated for
unlabelled samples, instances with low label noise are selected based on agreement between two surrogate
networks, and these are progressively added back into the training set.

Model Adaptation. Some methods rely on modular deep learning architectures to promote regularisation.
One possibility (Dou et al., 2019; Li et al., 2019) is to separate the network into a feature extractor and
a classifier that are shared for all domains (Figure 2(a), but without the discriminator D). The Maximum
Mean Discrepancy-based Adversarial AutoEncoder (MMD-AAE) (Li et al., 2018b) uses the same design, but
also include an adversarial network (Figure 2(a), with discriminator D).

Other methods propose different adaptations to deep learning architectures to improve the generalisation
capabilities of the models trained. The Stochastic Feature Augmentation method (Li et al., 2021b) suggests
to add normally distributed noise to the activations of the networks’ layers, with the option of also considering
the label when generating this noise. Another method (Li et al., 2017) proposes that the network layers
should have one extra dimension with the size of the number of domains (each slice being domain specific)
plus one that is shared across all domains. The authors suggest singular value decomposition as a way to
decompose the potentially large weight tensors. The Leave-One-Domain-Out (LODO) method (Vu et al.,
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2022) employs an architecture where we first learn an adaptor-head for each source domain, and then use
attention to combine the outputs of all adaptors, effectively creating an ensemble of models that leverages
the strengths of each domain-specific adaptor.

Training Objective. A possible strategy for domain generalisation is to use a loss function that incen-
tivises generalisation capabilities. DDAIG (Zhou et al., 2020) uses a domain discriminator as the source of
an adversarial loss, providing feedback about how to perturb the data in order to improve generalisation.
MMD-AAE (Li et al., 2018b) also leverages an adversarial network, but as a regularisation technique for
learning the encodings of an autoencoder. Beside the adversarial loss from the discriminator and the recon-
struction loss from the autoencoder, this method also includes a maximum mean discrepancy term in the
loss function, to minimize the difference between encodings across different domains.

Other approaches leverage meta-learning to adapt the loss function itself, enabling the model to optimise
for better performance in unseen domains. Meta-learning can be applied either as an augmentation to the
standard cross-entropy loss (Dou et al., 2019; Li et al., 2018a; 2019), or as its replacement (Gao et al., 2022).

The Model-Agnostic Learning of Semantic Features (Dou et al., 2019) computes two terms when computing
its meta-loss. The first measures the KL divergence between the confusion matrix of predicted classes from
different domains, in order to promote the alignment of class relationships across domains. The second
promotes the clustering of the representations according to class, regardless of the domain.

3.1.3 Adapting DG methods towards TrED

Some of these methods (Li et al., 2021b; Zhou et al., 2020) are optimised for improving model robustness,
meaning that the model’s performance won'’t degrade significantly when encountering data that deviates
slightly from the training distribution. Even though this is a desirable property for a TrED solution, the
new target domain can differ much more than what those perturbations account for. Therefore, a solution
solely based on perturbing the data or the model during training is probably not general enough.

The methods that use meta-learning (Dou et al., 2019; Gao et al., 2022; Li et al., 2018a; 2019) also aim to
improve robustness by using hold-out domains during training to directly optimise for potentially out-of-
distribution but realistic data. Since these methods only adapt the loss function, they are flexible to different
model architectures and can easily be combined with other techniques. However, while these methods provide
a solid starting point for generalising to new domains, they lack built-in mechanisms to incorporate newly
collected data from the target domain as it becomes available.

Methods such as LODO (Vu et al., 2022) are promising for adapting to the TrED setting. New adapters can
be added when more domains are introduced, and the fusion layer can be continuously fine-tuned. However,
constantly retraining a large deep learning model can introduce instability if not properly regularized, and it
can also be computationally expensive. To maintain efficiency and stability, a robust TrED solution should
avoid increasing the number of tunable parameters in proportion to the number of domains and minimize
the need for frequent retraining.

3.2 Unsupervised Domain Adaptation

Unsupervised Domain Adaptation (UDA) describes the problem of sharing knowledge from one or multiple
source domains to a specific target domain, from which a pool of unlabelled data is available.

3.2.1 UDA as a stage of TrED

UDA can be seen as the second stage of the TrED problem. In this setting, there are some labelled datasets
Dgl, ceey Dgn from source domains and an unlabelled dataset DY from the target domain, and the goal is
to develop a solution that performs well on that target domain Dy.

Unlike the DG setting, we can use DY to estimate Pr(X) during the UDA stage of TrED. By comparing each
Ps,(X) estimated from Déi against Pr(X), it is possible to measure how much the data distribution changes
from each source to the target domain. This knowledge can then be used to manipulate the source domain
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data to better approximate the target domain’s feature distribution. For example, this can be achieved by
re-weighting the source domain samples or by transforming the source feature values through techniques such
as feature normalisation. By doing so, we can reduce distributional differences and improve performance
on the target domain. Additionally, the divergence of P(Xg,) and P(Xr) can indicate the similarity of the
domains, allowing solutions to weight the contributions of each source domains differently.

However, similarly to the previous stage of the TrED problem, the labels from the target domain are still
unavailable. This limitation means that we cannot directly estimate the target domain’s conditional prob-
ability Pr(Y|X). Additionally, even if a model successfully approximates conditional probability on the
source domains, Pr(Y|X) may be different due to potential concept drift between the source and target
domains. Without target domain labels, there is no direct way to measure the model’s performance in the
target domain, further complicating the adaptation process.

Given that a typical UDA solution requires access to target domain data, it cannot be deployed during the
first stage of the TrED problem. However, since this type of solution does not require target domain labels,
it can still be used quite early, without being affected by potential labelling delays or costs. Furthermore,
it is expected that solutions designed with access to Pr(X) will have better predictive performance than its
DG counterparts. Additionally, some methods were proposed that bridge the gap between UDA and SDA,
potentially making the transition from the UDA stage to future stages of the TrED problem easier.

3.2.2 Current literature on UDA

Data Transformation. Several works propose to solve the unsupervised part of UDA through the use
of pseudo-labels. The Co-Training for Domain Adaptation method (Chen et al., 2011) maintains two data
pools: a labelled pool, initially composed of source domain data, and an unlabelled pool, initially composed
of target domain data. Using a co-training approach, the authors simultaneously train two models on the
labelled pool, which then iteratively annotate and integrate data from the unlabelled pool into the training
process. Another method was proposed (Sener et al., 2016) to iteratively infer labels for the unlabelled target
domain data based on each instance’s nearest neighbours on the source domain. Similar to this strategy,
the Cross-domain Contrastive Learning method (Wang et al., 2022c) produces pseudo-labels based on the
k-means clustering method, using class prototypes from the source domain as initialisation for the clusters.
Another method was proposed (Saito et al., 2017) to train a common feature extractor with three different
classifiers on top using the labelled source domain data. Two of them produce the pseudo-labels for the
target data, on which the third classifier is trained. The pseudo-labels are only included in the training if
the predicted class of the two classifiers match and at least one of them predicts the class with sufficiently
high probability. In the Multi-source Domain Adaptation with Weak Supervision method (Li et al., 2021c),
the authors train multiple source models and then use pseudo-labels on the target to tune the weights of the
weighted average that combines their scores. The Meta Self-Learning for Multi-source Domain Adaptation
method (Qiu et al., 2021) starts by pre-training a model on source domain data, then using it to provide
pseudo-labels on the target. Then the model is fine tuned using meta-learning using source and target data
combined, updating the pseudo-labels each round. Another method was proposed (Wang, 2023) to split
the source data into two sub-sets, one to train a set of candidate models and the other to train one single
imputation model. The imputation model creates pseudo-labels for the target domain, and the best among
the candidate models is selected by evaluating on the pseudo-labelled target data. Other methods (Nguyen
et al., 2025; Sun et al., 2025; Yuan et al., 2023) use pseudo-labels to compute and align the class conditional
distributions of the embeddings from the feature extractor.

There are other data transformation methods that are not based on using pseudo-labels. The Balanced
Distribution Adaptation method Wang et al. (2017) is an instance weighting technique that aligns the
marginal and conditional distributions of the source and target domains, which is especially useful to solve
class imbalance problems. The Fully Test-time Adaptation for Tabular data method (Zhou et al., 2025) also
uses instance weighting to filter low-quality predictions from the test-time adaptation. The instance weight
depends on the uncertainty of the prediction and whether it aligns with the predictions of neighbouring
instances. The Correlation Alignment (CORAL) method (Sun et al., 2016) is a feature transformation
technique where the source data is first "whitened" by removing the features correlations of the source
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domain, and then "re-coloured" by adding the correlation of the target domain to the source features. After
this transformation, one can train a model using labelled source data.

The Continual Test-Time Adaptation method (Wang et al., 2022b) combines pseudo-labelling with data
augmentation. It keeps two copies of the adapted model: the teacher creates the pseudo-labels for augmented
target data, which are then used to fine-tune the parameters of the student. The parameters of teacher are
the result of the exponential moving average of the parameters of the student over the rounds of fine-tuning.

Model Adaptation Several authors (Saito et al., 2018a;c; Tang & Jia, 2020; Wang et al., 2022¢) split
the networks into two components (Figure 2(a), but without the discriminator D): the first layers of the
network are the feature extractor, which is responsible for computing a useful and general representation for
the examples; and the last layers of the network are the task classifier, which computes the label prediction
given the features from the feature extractor. Some authors train more than one classifier (Saito et al., 2018b;
2017), but they are still used both for source and target data. Besides these two types of components, other
methods (Ghifary et al., 2016; He et al., 2023a) add a new component to learn how to reconstruct target
examples, given the features from the feature extractor (similar to an auto-encoder) Another method (Sun
et al., 2019) suggests to use several self-supervised heads on top of the feature extractor.

Another common design in terms of modular deep learning is to use a feature extractor, a task classifier and a
domain discriminator (Figure 2(a), with discriminator D). The domain discriminator provides a signal to the
features extractor, incentivising it to generate more domain independent features. The Domain-Adversarial
Neural Networks method (Ganin et al., 2016) was the first to propose this idea for the domain adaptation
setting. Since then other methods were proposed that also follow this strategy (e.g. (Sun et al., 2025)). The
Conditional Domain Adversarial Networks method (Long et al., 2018) complements this idea by conditioning
the domain discriminator, passing it the concatenation of the feature extractor’s and task classifier’s outputs,
with the goal of improving discriminability. The Universal Adaptation Network method (You et al., 2019)
applies a similar technique to solve the universal domain adaptation problem, where the test time classes
may or may not have been seen during training. In their work, the authors train two discriminators: one
to provide signal to the feature extractor and the other to be used at test time to detect unknown classes.
Another method (Saito et al., 2019b) uses two discriminators as well, but at different depths along the feature
extractor, thus aligning representations with distinct levels of abstraction. The Conditional Adversarial
Support Alignment method (Nguyen et al., 2025) uses the domain discriminator to align the embeddings
from the feature extractor, conditioned on the predicted class from the pseudo-labels.

All methods mentioned in the two previous paragraph have a feature extractor and a task classifier that
are shared for all domains. Other methods have a shared feature extractor with a domain specific classifier
(Figure 2(b)). One method that follows this setup (Sener et al., 2016) trains a source domain classifier
using source domain labels and a target domain classifier using pseudo-labels from a k-NN method. In
Deep Adaptation Networks (Long et al., 2015), the shared feature extractor is composed of some pre-trained
layers that are frozen during training and some fine-tuned layers. The different domain-specific classifiers are
aligned across domains using a maximum mean discrepancy loss. In the Moment Matching for Multi-Source
Domain Adaptation method (Peng et al., 2019), the authors train a single feature extractor and one classifier
per source domain. To make predictions on the target domain, the scores of all classifiers are combined using
an ensemble strategy. The Multi-source Domain Adaptation with Weak Supervision method (Li et al., 2021c¢)
also trains a shared feature extractor and private classifier per source domain, plus a domain discriminator
to incentivise the feature extractor to be more general.

Another option is to have domain specific features extractors, with a shared classifier on top (Figure 2(c)).
The Adversarial Discriminative Domain Adaptation method (Tzeng et al., 2017) starts by training source-
specific feature extractor and a shared classifier, using labelled source data. Then, the source feature extractor
is fixed, while training a target-specific feature extractor adversarially with a domain discriminator. At test
time, the target feature extractor and the shared classifier are used to make predictions.

The Domain Separation Networks method (Bousmalis et al., 2016) trains one feature extractor that is shared
for all domains and one private feature extractor per domain, with a shared classifier on top (Figure 2(d),
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with discriminator D). For each domain, the outputs of the its private feature extractor and of the shared
feature extractor are concatenated, before being passed to the shared classifier.

For the case of having multiple source domains, some authors propose to build an ensemble type of solution,
where multiple models from the source domains are trained and then combined to make predictions on
the target. The Moment Matching for Multi-Source Domain Adaptation method (Peng et al., 2019) trains
one task classifier per source domain and combines their scores on the target domain either with a simple
average, or a weighted average following some heuristic. The OVANet method (Saito & Saenko, 2021) trains
multiple source models, but instead of combining the scores at inference, the most appropriate source model
is selected and used to make a prediction. The Fully Test-time Adaptation for Tabular data method (Zhou
et al., 2025) adapts multiple models to the target domain with different learning rates and computes the
weighted average of the predictions according to their loss values on target batched data.

Training Objective Several methods include unsupervised losses due to the lack of target domain labels,
such as clustering (Saito et al., 2020; Sun et al., 2025; Sener et al., 2016; Yang et al., 2021), contrastive (Huang
et al., 2022; Sun et al., 2025; Wang et al., 2022¢; Yuan et al., 2023), and reconstruction (Bousmalis et al.,
2016; Ghifary et al., 2016; He et al., 2023a; Hoffman et al., 2018) or others (Sun et al., 2019).

Another common option is to include a divergence metric in the loss that measures the distance between
the features from source and target domain. These metrics can be the MMD (Long et al., 2015; 2016; 2017;
Tzeng et al., 2014), the difference of covariances (Sun & Saenko, 2016), the KL divergence (Nguyen et al.,
2025), the Sinkhorn divergence (He et al., 2023a), or other moment distance functions (Peng et al., 2019).

Several authors use an adversarial loss to align the learnt representations from multiple domains. Usually
this is achieved by training a domain discriminator to distinguish the domains given the representations from
the feature extractor (Bousmalis et al., 2016; Ganin et al., 2016; Long et al., 2018; Nguyen et al., 2025; Saito
et al., 2019b; Sun et al., 2025; Tzeng et al., 2017; You et al., 2019; Yuan et al., 2023). Instead of having
a discriminator, another option is to train the feature extractor and the classifier cooperatively on source
domain data, but adversarially from each other on the target domain data (Saito et al., 2018c; Tang & Jia,
2020). Two other methods (Saito et al., 2018b;a) also train the feature extractor adversarially with the task
classifiers, but using two task classifiers which are trained to maximise their discrepancy, while the generator
wants to minimise it. Their difference is that one of them trains two parallel classifiers from scratch (Saito
et al., 2018b), while the other uses dropout to create two versions of a single classifier (Saito et al., 2018a).

The CyCADA method (Hoffman et al., 2018) adapts the CycleGAN (Zhu et al., 2017) architecture to the
domain adaptation setting by learning mappings from source to target domain and vice-versa. CyCADA
combines multiple of the aforementioned types of losses: a supervised loss using source labelled data, a
reconstruction loss between the input and the output of the two mappings in sequence, and an adversarial
loss between the mappings and a discriminator. The authors also include a semantic consistency loss, to
incentivise the labels from before and after the mapping to match, mitigating the problem of label flipping.

3.2.3 Adapting UDA methods towards TrED

The use of pseudo-labels is a common technique in UDA to address the lack of labels. Effective pseudo-
labelling strategies can mitigate the problem of label delay that affects some of the TrED settings. Further-
more, methods that utilise pseudo-labels to adapt solutions to a new domain can seamlessly incorporate real
labels once they become available, without requiring any modifications. However, the success of this ap-
proach heavily depends on the quality and fidelity of the pseudo-labels: if they do not approximate the true
labels well, the adaptation step can significantly degrade predictive performance. Additionally, generating
pseudo-labels requires the presence of target domain data, which excludes these techniques during the first
stage of the TrED continuum (the typical setting of DG).

Similarly, methods based on feature transformation techniques or that use unsupervised losses for model
training are not applicable in the DG setting, as they also require target domain data. However, some
of these techniques can still be employed as regularisation during the development of the initial solution to
enhance its generalisation capabilities. For example, incorporating the feedback from a domain discriminator
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when training a feature extractor can incentivise it to learn domain agnostic features, which are useful for
any stage of the TrED problem.

Lastly, certain modular DL architectures described in this section are more adaptable to settings without
target domain data, particularly those where all domains share the same feature extractor and classifier
(Figure 2(a)). This is because domain-specific components typically require domain-specific data for training.

3.3 Supervised Domain Adaptation

Supervised Domain Adaptation (SDA) describes the problem of sharing knowledge from one or multiple
source domains to a specific target domain, from which a pool of labelled data is available.

3.3.1 SDA as a stage of TrED

Supervised Domain Adaptation can be seen as the third stage of the TrED problem, in which some labelled
target domain data has been collected. More formally, there are some labelled datasets Dél, e Dgn from
source domains and a labelled dataset D& from the target domain, and the goal is to develop a solution that
performs well on that target domain Drp.

Similar to the UDA setting, we can use D% to estimate Pr(X) during the SDA stage of the TrED problem.
However, now that we have access to labelled target domain data, we can also estimate the target domain’s
conditional probability Pr(Y'|X) and sample the label space Y and compare with the source domains ones.

By comparing each source domain model with a target domain model, either directly in the case of inter-
pretable models or indirectly through cross-domain evaluations (testing source domain models on D% and/or
target domain model on DSLE')’ we can estimate the similarity between the source and target domains. A
higher similarity suggests that knowledge from the source domains will transfer more effectively, allowing
some solutions to weight the contributions of each source domain differently, potentially leading to better
overall predictive performance.

Also, during this stage we can use (at least part of) Dk as a validation set for our TrED solution. This
facilitates the design or selection of solutions that not only perform well in theory but also demonstrate good
predictive performance on actual target domain data.

However, having access to a reasonably large labelled dataset from the target domain is a requirement that
can take a significant amount of calendar time to meet. This means that, between the moment when a
new target domain is added and the point when we can use a SDA method, there is the need for a more
unrestricted TrED solution. On the other hand, once a SDA type of solution is deployed in a TrED setting,
it can potentially be used indefinitely since the available data from any domain usually increases over time.

3.3.2 Current literature on SDA

Data Transformation Some SDA methods rely on instance weighting techniques for boosting-based
learning algorithms. The TrAdaBoost method (Dai et al., 2007) uses boosting iterations where the weight
of source instances decreases when the error for those is large, because those instances would probably
have a negative impact on performance on the target. The TaskTrAdaBoost method (Yao & Doretto, 2010)
generalises this idea for the setting where there are more than one source domain. In each boosting iteration,
it selects the weak learner from the domain that has the smallest error on the target.

Other methods use feature augmentation techniques. One solution (Daumé III, 2009) involves repeating
the space of features three times: one copy is populated by source domain data, other by target domain
data, and the third is populated by both. This way, the model can learn domain specific patterns from
the domain specific entries, or general patterns from the shared entries. The EasyAdapt method (Kumar
et al., 2010) extends the idea to also make use of a possible set of unlabelled target data. The Heterogeneous
Feature Augmentation (Duan et al., 2012) uses the same tripartite representation to tackle the problem of
heterogeneous domains. If the source and target domains have different features, we learn mappings to project
them to a common sub-space on the shared entries. In the context of feature mapping approaches, there is
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another method (Saenko et al., 2010) where the authors propose to learn a simple linear transformation to
map from one domain to the other.

Similar to UDA, some SDA methods also use pseudo-labels when some target domain labels are missing
(sometimes called semi-supervised domain adaptation). The Contrastive Learning for Domain Adaptation
method (Singh, 2021) uses the prediction of the model during its training as pseudo-labels to cluster tar-
get domain data and align those clusters with source domain data clusters. The Cross-Domain Adaptive
Clustering method (Li et al., 2021a) has a similar setup, but includes a feature augmentation technique to
increase the input variety of the model.

Model Adaptation Some methods (Li et al., 2021a; Saito et al., 2019a) follow the modular DL strategy
composed of a shared feature extractor and a shared classifier (Figure 2(a), but without the discriminator
D). Other methods (Bao et al., 2019; Singh, 2021) have a shared feature extractor, but a domain specific
classifier instead (Figure 2(b), but without the discriminator D). The H-score (Bao et al., 2019) was proposed
to help select the optimal point where the network should be split between feature extractor and classifier.

A thorough experimentation using modular deep learning strategies in the context of SDA was con-
ducted (Yosinski et al., 2014), with different choices of frozen, fine-tuned or re-initialised parameters when
mixing components from different domains.

The OMTL-PTP method (Yang et al., 2024) method trains one base learner per source domain and stores
their knowledge in an external memory with attention. An online target domain learner is then continuously
updated by integrating the knowledge from source learners and its previous state, with weight based on the
performance on the current target domain batch.

Training Objective Some modular deep learning methods include an adversarial loss, where the feature
extractor and the classifier are optimised to min-max some metric. In the Minimax Entropy method (Saito
et al., 2019a), besides the cross-entropy loss measured on labelled source and target data, the authors include
an entropy-based adversarial loss calculated on unlabelled target data. The feature extractor is trained
to minimise it, while the classifier is trained to maximise it. In the Cross-Domain Adaptive Clustering
method (Li et al., 2021a), there is an adversarial adaptive clustering metric that the feature extractor is
minimising while the classifier is maximising.

Some methods (Li et al., 2021a; Singh, 2021) include a clustering loss to align instances that have the same
class but belong to different domains. The Contrastive Learning for Domain Adaptation method (Singh,
2021) also includes a contrastive learning loss to help stabilise these clusters on the target domain.

3.3.3 Adapting SDA methods towards TrED

Even though the TrAdaBoost (Dai et al., 2007) and TaskTrAdaBoost (Yao & Doretto, 2010) methods are
not directly applicable to DG problem, the core idea of reducing the weight of instances that likely have a
negative impact on target domain performance can be adapted to the TrED setting. Initially, when target
domain data is scarce, weights can focus on generalising to out-of-distribution data. As more target domain
data becomes available, the weighting policy can shift to more targeted adaptation.

The tripartite representation used in some SDA methods (Daumé III, 2009; Duan et al., 2012; Kumar et al.,
2010) enable models to learn both domain-specific and general patterns, facilitating smoother transitions as
new target data arrives. However, it has the disadvantage of scaling the input size linearly with the number
of domains, which likely limits its applicability to settings with only a few distinct domains.

Some SDA methods (Li et al., 2021a; Singh, 2021) use pseudo-labels to address the issue of missing labels
on the target domain. This is an indication that this strategy is not only useful for UDA but can also bring
value for later stages of the TrED problem. Also, in settings where label delay is present, this strategy can
be used to provide an estimate of the label for the most recent data, while the true label is not available.

The CLDA method (Singh, 2021) demonstrates how unsupervised techniques like clustering can be adapted
to utilise target domain labels, illustrating the flexibility of such approaches for various stages of TrED.

14



Under review as submission to TMLR

3.4 Multi-Domain Learning

Multi-Domain Learning (MDL) describes the problem of sharing knowledge from multiple domains to develop
a solution that has good performance in all of those domains.

3.4.1 MDL as a stage of TrED

MDL represents a mature stage within the continuum of the TrED problem, in which a sufficiently large
volume of labelled data is available from all domains. More formally, there are some labelled datasets
D¥E, ..., DL from a set of domains and the goal is to leverage the shared knowledge of all domains to develop
a solution that performs well across these domains.

This is a different problem from those discussed in previous sections, as the optimisation is not focused
on a specific target domain Dp, but rather the solution should perform well in all “source” domains D;.
Nevertheless, MDL can be viewed as natural progression of the SDA, where the size of DL has grown
sufficiently large such that it is equally valid to transfer knowledge from Dg, to Dr or vice-versa. Therefore,
solving the problem of MDL can be framed as solving all combinations of SDA, where each domain D;
alternates as the target domain, and the remaining domains Dy, ..., D, \ D; act as source domains.

The central challenge in the MDL setting is to effectively leverage the shared knowledge from all domains
to achieve a better performance compared to solutions trained on individual domains. At this stage, data
availability is no longer a concern since a large volume of labelled data from each domain is already accessible.
This means it is possible to train domain-specific models using only D§i7 but this approach can be sub-
optimal for several reasons. Firstly, maintaining a separate model for each domain increases the complexity
of deployment and maintenance linearly with the number of domains. Secondly, a model trained on data from
multiple domains may achieve better predictive performance by incorporating diverse knowledge, thereby
surpassing domain-specific models. Moreover, MDL solutions can enhance robustness to data drifts, as they
are trained on a variety of data distributions sampled from the different domains.

3.4.2 Current literature on MDL

Data Transformation A feature augmentation method was proposed (Yang & Hospedales, 2014) where
a "semantic descriptor’ is passed to the model as a separate channel (besides the input features) contain-
ing meta-information about the domain, which provides extra context to the model. By including meta-
information such as domain-specific characteristics, origin, or contextual background, the model can better
understand and adapt to the variations across domains. This allows the model to learn more nuanced and
robust representations, ultimately improving its generalisation capabilities across multiple domains.

Model Adaptation Some methods proposed modular deep learning strategies to optimise the training of
multi-domain learning models. One option (Lin & Xue, 2025) is to train a feature extractor and a classifier
using data from all domains (Figure 2(a), but without the discriminator D). Other methods (Nam & Han,
2016) keep the shared feature extractor but train a domain-specific classifier (Figure 2(b), but without the
discriminator D). Another method (Xi et al., 2024) trains a private feature extractor per domain and a shared
feature extractor that learns from all domains, concatenates their outputs and computes the prediction with
a shared classifier (Figure 2(d), but without the discriminator D). Other methods (Chen & Cardie, 2018;
He et al., 2023b; Wu & Guo, 2020) follow the same strategy, but include a domain discriminator that trains
adversarially with the shared feature extractor.

A related approach (Garg et al., 2022) addresses what the authors refer to as “multi-domain incremental
learning”. In this method, a model is sequentially trained on different domains while maintaining performance
on previously learned domains. The architecture is similar to the shared-private feature extractor, but instead
of having separate parallel networks, it integrates shared and domain-specific layers within a single feature
extractor. As new domains are introduced, additional domain-specific layers are added within the existing
feature extractor. Instead of using a shared classifier, the model employs domain-specific classifiers, allowing
it to handle each domain’s unique characteristics effectively.
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Another method (Omi et al., 2022) proposes to alternate between shared and private layers within the model.
It starts by training a domain-independent backbone model, and then add a domain-specific layer between
each layer of this backbone. Both types of layers are then trained and fine-tuned together, with the model’s
weights being updated only after processing a batch from each domain.

The previous two methods proposed adding domain-specific layers, either in sequence or in parallel. One
method (Mancini et al., 2020) was proposed to instead just learn a binary mask on top of the shared layers.
This binary masked is used to create affine transformations of the network parameters to effectively adapt a
pre-trained model to multiple domains. This approach strikes a balance between expressivity and efficiency,
allowing for significant domain-specific customisation while maintaining a low parameter overhead.

The AdapterFusion method (Pfeiffer et al., 2021) proposes a learning algorithm that alternates between
knowledge extraction and knowledge composition stages, to mitigate issues like catastrophic forgetting and
dataset balancing. Initially, task-specific adaptors are trained independently, encapsulating task-specific
information while keeping the underlying pre-trained model fixed. Then, a fusion mechanism combines these
adaptors’ representations, leveraging knowledge from multiple tasks in a non-destructive manner.

A different method was proposed (Dredze et al., 2010) following an ensemble-based approach. It starts by
training one confidence-weighted linear classifiers per domain and then combines the parameters of the linear
models, taking into account their confidence estimate.

Training Objective Several methods incorporate adversarial loss via a domain discriminator, encouraging
the shared feature extractor to learn domain-agnostic representations (Chen & Cardie, 2018; He et al., 2023b;
Wu & Guo, 2020).

Other approaches introduce statistical distances into the training loss with varying objectives. When em-
ploying both shared and private feature extractors, a distance metric can be used to ensure these extractors
learn distinct representations (Wu & Guo, 2020). Divergence metrics can also be utilised to align the rep-
resentations of current and past versions of the model, aiding in the retention of knowledge from previous
domains in an incremental learning context (Garg et al., 2022).

The Multi-Domain Contrastive Learning method (He et al., 2023b) incorporates two contrastive losses: a
supervised inter-domain loss that brings instances with the same label closer together regardless of domain,
and an unsupervised intra-domain loss that clusters data within each domain.

Another method (Lin & Xue, 2025) combines a multi-task classification loss (that leverages different data
types, in this case text and tabular data) with a reconstruction loss (to ensure that the embeddings from
the feature extractor retain the key information from each domain).

3.4.3 Adapting MDL methods towards TrED

The semantic descriptor method (Yang & Hospedales, 2014) demonstrates how additional contextual in-
formation about domains can be used to improve model performance. For TrED, incorporating evolving
semantic descriptors that capture the progression of domains over time could be used to continuously adapt
the model, even without target domain data. However, having readily available semantic descriptors that
accurately represent domain differences can be challenging for unseen or unknown domains.

Similar to the other stages covered in previous sections, some MDL methods are based on modular deep
learning strategies, composed of feature extractors and classifiers. These methods allow the model to retain
domain-specific knowledge while also generalising across domains, which aligns well with the needs of TrED.
However, this type of models can have increased complexity and higher computational costs when handling
a large number of domains. Furthermore, balancing the shared and private components effectively to avoid
negative transfer remains a challenge.

The ensemble-based strategy (Dredze et al., 2010) of combining domain-specific classifiers weighted by their
confidence is particularly promising for handling the incremental nature of data in TrED. As new data from
different domains become available, an ensemble approach can dynamically integrate new models, while
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Table 3: Table summarising the reviewed TL methods that address more than one stage of the TrED problem.
Similar to Table 2, each row represents a type of technique that methods can use, with columns indicating
the TL sub-problem each method addresses.

DG UDA SDA MDL
Instance Weighting (103) (103)
Data Feature Augmentation (7) (7)
Transform. Feature Mapping (74) (74)
Pseudo-labelling (7; 74) (7; 74)

Modular DL (a)

Modular DL (b) (62) (62)
Model Modular DL (c) (146) (146)
Adaptation Modular DL (d)
Ensemble (146) (146)
Other (56) (56)
Adversarial Loss
Clustering
Contrastive Loss
Meta Learning (146) (50; 146) (50)
Reconstruction Loss
Statistical Distance (62) (62)
Other

Training
Objective

leveraging the strength of existing ones. However, ensemble methods can suffer from high computational
and memory costs, especially as the number of domains and models grows.

Lastly, the use of adversarial and/or contrastive losses in MDL methods (Chen & Cardie, 2018; He et al.,
2023b) can promote domain generalisation and lead to learning more robust representations. However,
adversarial training can be unstable and challenging to tune, while contrastive losses depend heavily on the
quality of the negative samples, which may not always be representative or easy to obtain in a TrED setting.

In conclusion, MDL methods are designed to handle multiple domains simultaneously, so their principles
and techniques are highly applicable to TrED. By adapting these methods, we can develop models that are
capable of continuous adaptation, ensuring consistent performance across a wide range of data availability
scenarios. However, to fully realise their potential in TrED, it is crucial to address the challenges related
model complexity, computational costs, and the stability of training.

3.5 Methods that span multiple stages

Only a small part of the reviewed methods have been proposed to directly address more than one of the
stages discussed in the previous sections. We list these methods in Table 3.

The most common multi-stage type of method addresses both unsupervised and supervised domain adap-
tation. One of those methods (Li & Hospedales, 2020) alternates between using meta-learning to optimise
the initial condition of the model, and doing unsupervised or supervised adaptation to the target, depending
on the availability of labels. The Assign-and-Transform-Iteratively method (Panareda Busto & Gall, 2017)
starts by assigning pseudo-labels to the unlabelled part of target domain data. Then, learn a mapping
on the source to approximate classes from source to classes from target. Lastly, train a classifier on the
mapped source labels. The AdaMatch method (Berthelot et al., 2021) also uses a pseudo-labelling strategy.
It starts by training a model on labelled source domain data, which is then used to create the pseudo-labels
on the unlabelled target instances. Then, the logits of these pseudo-labels are normalised, such that the
class distribution of the pseudo-labels matches the class distribution of ground-truth labels (ideally from
the target domain, if available, otherwise from the source domain). The final adaptation model is trained
using the resulting labelled target domain data. Another method (Sun et al., 2011) proposes to use instance
re-weighting on the source domain twice: the first time to align marginal distributions, and the second time
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to align the conditional distributions. The model is then trained on the re-weighted source domain labelled
data, and optionally on target domain labelled data as well. The AdaBN method (Li et al., 2018c) updates
the batch normalization parameters according to the statistics of the target domain. This technique can also
be used in SDA when fine-tuning the model.

The Meta-DMoE method (Zhong et al., 2022) was proposed to do unsupervised domain adaptation, but
it can be viewed as a domain generalisation method, followed by a domain adaptation step. It starts by
training one feature extractor per source domain, whose outputs are combined by an aggregator, which in
turn feeds into a classifier trained in a supervised way with source domain data. Then, a distillation model is
trained to approximate the outputs of the aggregator on source domain data. The weights of the distillation
model are optimised using meta-learning to adapt in one batch to a new target domain. The distillation
model and the classifier are used at inference time to make predictions. If the one batch adaptation to the
target domain is skipped, the distillation model and the classifier can be used in the DG setting.

One method (Yang & Hospedales, 2014) that was proposed for MDL can also be used for DG. In this setup,
the model receives two vectors as input: one contains the input features; the other contains a "semantic
descriptor" which encodes information about the domain to which the features belong to. As long as the
semantic descriptor can be built at inference time for new domains, this method can be used even when no
target data is available, like in the DG setting.

3.6 Foundation Models

One promising technique for tackling the TrED problem that has gained popularity recently is the use of
foundation models (FM). Foundation models are large-scale pre-trained models that serve as a general-
purpose framework for various downstream tasks (Bommasani et al., 2021).

3.6.1 Current literature on FMs

Large language models (LLMs) are a type of FM for natural language processing (NLP), usually based on the
transformer architecture (Vaswani et al., 2017) and trained with a self-supervised learning task. Examples
of this type of model include the GPT family (Radford et al., 2018; 2019; Brown et al., 2020), BERT (Devlin
et al., 2018), LaMDA (Thoppilan et al., 2022), OPT (Zhang et al., 2022) and PaLLM (Chowdhery et al., 2023).
These models are capable of capturing nuanced language patterns and contextual information, making them
highly effective for tasks such as text classification, summarisation, translation, and conversational Al.

In computer vision (CV), models pre-trained on large image datasets like ImageNet (Deng et al., 2009) have
become the standard for feature extraction in tasks like image classification or object detection. Different
architectures have been proposed, such as Inception Network (Szegedy et al., 2015), ResNet (He et al.,
2016), DenseNet (Huang et al., 2017) or EfficientNet (Tan & Le, 2019). More recently, generative models
more similar to LLMs have also been rising in popularity, such as the DALL-E family (Ramesh et al., 2021;
2022; Betker et al., 2023) and Stable Diffusion (Rombach et al., 2022). These models can generate detailed
and complex images from text descriptions, demonstrating their comprehensive representations of real-world
concepts. They exhibit the ability to generalise to unseen images, abstract real-world objects, and apply
these abstractions in new and varied contexts.

Given their success in NLP and CV, other FMs have been developed for different use cases, including (but
not limited to) tabular data (Guo et al., 2025; Hollmann et al., 2022; Kim et al., 2024; Thomas et al., 2024;
Wang & Sun, 2022; Zhang et al., 2023a), time series (Das et al., 2023; Garza & Mergenthaler-Canseco, 2023),
audio (Borsos et al., 2023; Vyas et al., 2023; Yang et al., 2023), medicine (Khare et al., 2021; Li et al., 2024;
Tu et al., 2024; Zhang et al., 2023b) and finance (Skalski et al., 2023; Wu et al., 2023). These specialised
foundation models are tailored for specific domains, providing strong baselines that can be incrementally
updated as new data becomes available. Some methods (Gardner et al., 2024; Hegselmann et al., 2023) have
also explored adapting NLP FMs to process tabular data, demonstrating how to leverage the rich context of
LLMs to interpret the meaning of column names and cell values.

Some FMs have been proposed that are multi-modal, meaning that they can receive and process different
types of data. Early examples include CLIP (Radford et al., 2021) and ALIGN (Jia et al., 2021), which use
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separate encoders for image and text data, trained jointly using contrastive objectives to align representations
in a shared embedding space. Later, other generative transformer-based architectures were proposed, such
as Flamingo (Alayrac et al., 2022), PaLM-E (Driess et al., 2023) and GPT-4 (Achiam et al., 2023). More
recently, native multi-modal models have emerged, trained end-to-end on diverse data types including text,
images, audio, video, and code. Examples include GPT-40 (OpenAl et al., 2024), Gemini (Team et al., 2023),
Claude 3 family (Anthropic, 2024), and Llama 3 family (Grattafiori et al., 2024). Combining modalities
enables the model to learn richer representations, leading to a more robust understanding of underlying
concepts, which ultimately enhances generalisation across tasks (Sarfraz et al., 2024).

3.6.2 Applying FMs on TrED

In the context of TrED, FMs offer significant potential, since they have vast knowledge about the world
already encoded in their parameters, so they do not require extensive re-training for each new task. On the
other hand, this raises important risks of leakage: it is possible that data from the current domain was used
during training of the FM. This would mean that the evaluation results are meaningless.

They also present various options for optimization, some of which are more appropriate at different stages
of TrED. In the DG stage, the zero-shot inference capabilities of FMs can often act as a robust baseline for
the target domain, due to their massive and diverse pre-training datasets. Still, to perform a new task for
which there is no data, one needs to “explain” it to the FMs, usually through natural language. As such,
there has been a lot of work on prompt engineering to optimize the instructions of the model, in order to
improve its predictive performance and robustness (Brown et al., 2020).

In the UDA stage, FMs can be used to generate high-quality pseudo-labels for smaller, specialized models.
This can be an effective option to distil the knowledge of the FM into a smaller model that is cheaper to
deploy and host, and that can guarantee lower latencies at inference time (two big limitations of FMs).

In the SDA stage, the few labelled target domain examples available can be used to do few-shot In-Context
Learning (ICL). It allows these models to adapt to new tasks and domains by simply providing examples
or instructions directly in the input prompt, without the need for any retraining of the model (Dong et al.,
2022). The limitation of this solution is the size of the context. As the labelled data grows, it may not fit
entirely inside the prompt of the FM.

The limitation of context size becomes even more important in the MDL stage, when the labelled target
examples hit the model’s maximum context window. The solution may be to fine-tune the FM with the
new data or the integration of Retrieval-Augmented Generation (Lewis et al., 2020) to pull historical target
domain data dynamically. However, FM can still suffer from overfitting or catastrophic forgetting when
adapted to highly specialised tasks without careful management (Wang et al., 2023).

4 Conclusion

In this survey, we study the subject of transfer learning, exploring methods that share knowledge across differ-
ent domains. We describe how this subject is traditionally segmented into distinct static sub-problems, such
as Domain Generalisation, Unsupervised and Supervised Domain Adaptation, and Multi-Domain Learning,
each making different assumptions regarding data availability. However, in real-world applications, data and
labels from new domains are often collected gradually over time, presenting a more dynamic challenge.

We propose the new problem of Transfer Learning for Evolving Domains (TrED) to describe this situation,
providing a new perspective on TL by viewing these previously isolated problems as stages within a contin-
uum. In our literature review, we find that most methods are constrained to specific settings of this process,
with no current work offering an integrated approach that spans the entire continuum of data availability.
We identify promising techniques to generalise across the different stages of TrED, but further research is
necessary to create models that can seamlessly transfer knowledge as new data becomes available.

By viewing transfer learning as an evolving, continuous process, this perspective paves the way for more
adaptive, resilient models capable of improving over time. We believe this approach will contribute to
creating robust systems suited to real-world scenarios, where data is dynamic and constantly evolving.
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