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Abstract: Transfer learning and domain adaptation are two important paradigms in contemporary machine learning, allowing 

models to utilize knowledge from source domains to work well in target domains with only little or no labeled data. In this review, 

we present the theoretical framework, methodological development and practical applications of transfer learning under distribution 

shifts. We investigate pre-trained basis models, domain adaptation methods such as adversarial and optimal transportation 

approaches, the few-shot and zero-shot paradigms of learning, as well as their consideration in low-resource conditions. The paper 

reviews the latest progress of this fast developing technology, challenges and prospect directions are illuminated. 
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1. Introduction 

The classical assumption used in supervised learning that the training and test data are sampled from the same distribution does not 

hold in practice in many real-world problems [1]. Domain distribution shifts are a major challenge with models needing to generalize 

well to new environmental conditions without loss of performance [2]. Transfer learning tackles this problem by transferring 

knowledge from some source domains to guide the learning in target domains, especially when no or little labeled data is avail- able 

[3]. 

The emergence of large-scale pre-trained models has brought disruptive innovation to the field of transfer learning and excelled in 

various tasks [4]. These base models learn knowledge-rich representations from a large scale dataset and could be used to tackle 

more task-specific downstream tasks with only light fine-tuning applied  [5]. At the same time, domain adaptation methods have 

progressed to address more diverse forms of distribution change - not only covariate shift, but also label shift and beyond [6]. 

In this article, we survey the field of transfer learning and domain adaptation emphasizing supervised models dealing with 

distribution shifts. We survey theoretic underpinning, methodological innovations and practical applications, offering a 

comprehensive synthesis of this important topic for modern machine learning. 

2. Theoretical Foundations 

2.1 Distribution Shifts and Domain Divergence 

Distribution shifts happen if feature and label distribution do not match between source and target domains [7]. In summary, for 

provided source domain data $D_S \sim P_S(X, Y) $ and target domain data $D_T \sim P_T(X, Y) $, the domain transfer learning 

problem is to use source data $D_S$ to enhance the performance on target domain data distribution $P_T$ when $P_S eq P_T$[8]. 

Among them, there exist a few different types of distribution shifts described in the literature. Covariate shift is the case when 

$P_S(X) eq P_T(X)$, but they have the same label distribution, that is $P_S(Y|X) = P_T(Y|X)$[9]. Label shift refers to the 

phenomenon where it has changes in label distribution and fixed conditional feature distributions [10]. More challenging cases have 

the feature change, as well as a change in conditional distribution, which needs one to learn more intelligent strategies [11] to adapt. 

Domain discrepancy measures the gap between source and target distributions. H-divergence has theoretical guarantees on target 

domain error in terms of source domain error and the divergence to the domain [12]. Other distances include Maximum Mean 

Discrepancy (MMD) which measures the difference between distributions in reproducing kernel Hilbert spaces [13] and Wasserstein 

distance based on optimal transport theory [14]. 

2.2 PAC Learning Framework for Transfer Learning 

The PAC learning framework has also been extended to transfer learning [15]. Ben-David et al. [16] derived basic bounds indicating 

that the error of the target domain is related to three quantities: source domain error, divergence across domains and optimal joint 

hypothesis. This theoretical framework informs when transfer learning can be helpful and shapes the creation of domain adaptation 

algorithms [17]. 

3. Pre-trained Foundation Models 

3.1 Language Models 
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The transformer mechanism introduced a new era in the field of NLP, due to their excellent ability to capture the long-range 

dependencies between word sequences and contextual information [18]. In [19], BERT (Bidirectional Encoder Representations from 

Transformers) introduced masked language modeling as a pre-training task, whose target is to learn bidirectional representations 

from unlabeled text. This pre-training strategy allows BERT to learn rich language representations which can be gloved and 

transferred to other tasks through fine-tuning [20]. 

The GPT (Generative Pre-trained Transformer) series of models showcased the potential for large scale autoregressive language 

modeling [21]). The size-other GPT-3 with 175B parameters demonstrated impressive few-shot and zero-shot performance, tackling 

tasks from few task-specific examples [22]. These models can pick up a wide range of linguistic patterns and world knowledge 

during pre-training, which help improve performance in new domains and tasks [23]. 

More recent models such as InstructGPT and ChatGPT, which are also fine-tuned for instruction following at generation time by 

reinforcing through human feedback [24], extends the language model’s ability to model preferences of humans. These models 

achieve better zero-shot transfer by using natural language explanations without task oriented fine-tuning [25]. 

3.2 Vision Transformers 

Vision Transformers (ViT) introduced the transformer models to computer vision and considered them as sequences of patches [26]. 

These models attain state-of-the-art (SOTA) performance on a wide spectrum of vision tasks when pre-trained from scratch on large 

scale data such as ImageNet-21k or JFT-300M [27]. The ViTs leverage the self-attention mechanism to distill global image relations, 

for learning transferable visual presentations [28]. 

Later other models have been proposed, such as DeiT (Data-efficient image Transformers), which introduced distillation for ViT 

training with small amount of data [29], and Swin Transformer that uses hierarchical pervasions on shifted windows for better 

efficiency[30]. These models have become a cornerstone for transfer learning in computer vision with applications ranging from 

object detection to medical image analysis [31]. 

3.3 Multimodal Models 

CLIP (Contrastive Language-Image Pre-training), which learned aligned representations of images and text, was the first work to 

scale vision-language pre-training[32]. CLIP, which is trained on 400 million image-text pairs, exhibits impressive zero-shot 

transfer to diverse vision tasks via the use of natural language supervision [33]. This allows novel visual concepts to be modeled 

with no need for task-specific training data, and enjoying a flexible adaptation capability to new concepts visual [34]. 

Other multimodal architectures are DALL-E to generate images from text[35], Flamingo designed for few-shot, vision and language 

tasks[36] or most recently unified models like GPT-4V handling both visual and textual inputs [37]. These models are a syntactical 

departure towards general purpose artificial intelligence that is capable of transferring knowledge across modalities [38]. 

4. Domain Adaptation Techniques 

4.1 Adversarial Domain Adaptation 

Adversarial domain adaptation uses adversarial training to learn representations invariant across domains [39]. The domain 

adversarial neural network (DANN) added a gradient reversal layer for enforcing the feature extractor to create representations that 

are indistinguishable across domains [40]. A domain discriminator discriminates features based on their source domain and the 

feature extractor is trained adversarially to fool the discriminator [41]. 

Conditional Adversarial Domain Adaptation: Conditional adversarial domain adaptation generalizes this framework to align class-

conditional distributions instead of marginal distribution [42]. It handles cases where categories are skewed in the domains, mapping 

semantically similar instances to the same representation [43]. Follow-up work further incorporated multiple discriminators, 

attentions and curriculums to enhance adaptation performance [44]. 

4.2 Optimal Transport for Domain Adaptation 

Optimal transport theory offers a principled way for source and target distributions alignment  [45]. The Wasserstein distance, 

which represents the cost of transporting probability mass between distributions, is a geometrically interpretable measure of domain 

discrepancy [46]. Optimal transport domain adaptation minimizes this distance to learn the aligned representations  [47]. 

Joint distribution optimal transport (JDOT) is a generalization of optimal transport to factorized joint distributions, preserving the 

label information in the process [48]. This technique jointly matches both feature and label distributions, making sure semantically 

similar samples are aligned between two domains [49]. Moreover, computational efficiency has also been enhanced with sliced 

Wasserstein distance and entropic regularization [50]. 

4.3 Self-Training and Pseudo-Labeling 
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Self-training iteratively creates pseudo-labels for the unknown target domain unlabeled data, gradually adding in high-confident 

predictions to the training set [51]. Such a semi-supervised method allows the model to be adapted to target domains without manual 

annotation [52]. Confidence thresholding and uncertainty estimation guide a reliable selection of pseudo-labels preventing the 

accumulation of errors [53]. 

Recent developments include regularization based on consistency between model predictions of perturbed versions of the input [54] 

and co-training to make use of more than one view or model to improve pseudo-labeling quality [55]. MixMatch and FixMatch 

have shown success in such approaches using pseudo-labeling along with data augmentation and consistency regularization [56]. 

5. Few-Shot and Zero-Shot Learning 

5.1 Meta-Learning Approaches 

Meta-learning (or learning to learn) is about fast adaptation on a new task in few-shot setting [57]. Model-Agnostic Meta-Learning 

(MAML) learns initialization parameters which allow the model to be fine-tuned quickly for new tasks [58]. Through training the 

model to be adaptable to other tasks, MAML learns models that generalize well with few examples [59]. 

The Prototypical network learns from metric spaces where classification is done by doing nearest class prototyping [60]. Such a 

method is especially suitable for few-shot classification as it could generalize to new classes by calculating the prototypes based on 

only few examples [61]. Relation Network and Matching Network are alternative meta-learning architectures with good few-shot 

learning performance [62]. 

5.2 Prompt-Based Learning 

Prompt-based learning recasts tasks into language models as problems of language modeling, allowing large scale language models 

to achieve few-shot and zero shot inference. [63] Formats with prompts, such as natural language task descriptions or examples, 

allow models to use their pretraining without new parameters [64]. This strategy has performed well for GPT-3 and its peers, 

achieving strong performance with very little task-specific data [65]. 

Prompt engineering and prompt tuning have recently become active research topics on whether how to design effective prompts or 

learn continuous prompt representations [66]. Historical reasoning: Chain-of-thought prompting boosts reasoning by training 

models to generate intermediate historical reasons [67]. These methods have enhanced zero-shot and few-shot performance levels 

on a wide variety of tasks [68]. 

5.3 Zero-Shot Learning via Semantic Embedding 

Zero-shot learning can be defined as the ability to classify unseen classes using semantic descriptions or attributes vectors [69]. By 

learning corresponding mappings between visual features and semantic embedding, models are able to recognize novel categories 

with no training examples [70]. In (attribute-based) approaches, classes are represented as either binary or continuous attributes that 

allow for class generalization through composition [71]. 

Cross-modal transfer methods, such as CLIP, learn joint spaces of image and text to be used for zero-shot visual recognition [72]. 

Upon training on a large image caption pairs, such models acquire the ability of cross-modal correlation between visual and language 

information in a flexible zero-shot transfer scenario with natural language descriptions [73]. 

6. Cross-Domain Supervised Learning Challenges 

6.1 Negative Transfer 

Transfer is negative if performance of the target task solution degrades due to the introduction of knowledge from the source domain 

[74]. Such a behavior occurs when the source and target domains express very little relation, or if the adaptation methods give too 

much importance to domain alignment as opposed to task learning [75]. Detecting and alleviating negative transfer still a challenge 

that needs to be addressed, (and has been well-studied in the literature) [76], careful source domains selection [77]. 

According to transfer learning theory, closeness (e.g., task similarity or distributional divergence)  between the domains should have 

a positive impact on the effectiveness of transfer [77]. Selective transfer and multi-source domain adaptation methods aim to 

discover the most relevant source knowledge and meanwhile avoid those poisonous transfers [78]. 

6.2 Catastrophic Forgetting 

When fine-tuning pre-trained models to novel tasks, catastrophic forgetting can lead to a performance reduction on original tasks 

[79]. This problem is especially common in the context of continuous learning and sequential domain adaption [80]. Strategies to 

prevent forgetting are elastic weight consolidation that identifies important parameters and keeps it unchanged [81], progressive 

neural network that separate devoted resources for each task[82] etc. 
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Replay methods use memory buffers to store data from old tasks and interleave replay with training on new tasks, thereby 

maintaining performance [83]. The knowledge distillation methods keep the learned representation by forcing the new models to 

mimic the predictions of original model [84]. 

6.3 Domain Shift Detection and Quantification 

One also needs to have the means of detecting distribution shifts at deployment time for trustworthy model performance [85]. UQ 

methods assist in the task of flagging when models see out-of-distribution input [86]. Conformal prediction provides distribution 

free uncertainty guarantees, and so reliable inference under distribution shift [87]. 

Online adaption approaches continuously refine models when new data are observed, and the algorithmic behavior is dynamic in 

response to changing distributions [88]. Test-time adaptation methods adapt the weights or predictions of a model with unlabeled 

test data, enhancing its robustness to new environments without requiring source domain data [89]. 

7. Applications in Low-Resource Settings 

7.1 Cross-Lingual Transfer 

Cross-lingual transfer can make it possible to perform NLP in the low resources languages using models trained on high resources 

languages [90]. Multilingual pretrained models such as mBERT and XLM-R learn to share representations among languages, which 

enables zero-shot (or few-shot) transfer across languages [91]. These models have brought NLP down to masses by making 

sophisticated language understanding available for hundreds of languages [92]. 

Translation-based methods generate training data for low-resource languages by translating from high-resource languages 

[93].Code-switching and mixed-language pre-training additionally enhances cross-lingual transfer by introducing models to 

multilingual data [94]. 

7.2 Medical Image Analysis 

Medical imaging is also a field where there are only a few annotated samples, as labeling can be expensive and because the process 

of annotation may invade privacy [95]. Contrasting to the domain shift challenge, transfer learning from natural images has showed 

promising results even with domain difference for the task of medical image classification [96]. Pre-trained models that learn general 

visual features (such as edges and textures) apply to medical settings as well [97]. 

Medical imaging modality and institution specific Distribution shifts are tackled by methods of domain adaptation [98]. Self-

supervised learning based on unlabeled medical images is an alternative pre-training approach to discover domain-specific features 

[99]. Very few-shot learning allows developing diagnostic model for rare diseases of which the training set is intrinsically low [100]. 

7.3 Remote Sensing and Satellite Imagery 

Satellite image analysis is challenged by restricted annotated data, sensor transferability, and geographic distribution drifts [101]. 

Large-scale vision models, such as land use classification and crop monitoring [102], have resulted in progress because of transfer 

learning. Domain adaptation is used to address the effect of sensor variations and seasonality, which induce distribution changes 

[103]. 

With the advent of massive unlabeled satellite image archives, self-supervised learning has become a powerful pre-training method 

[104]. These methods learn representations of Earth surface features that generalize well to downstream tasks with little supervision 

[105]. 

8. Future Directions and Open Challenges 

There are many promising prospective directions for further research. The trend towards larger foundation models is not slowing 

down, with questions around emergent abilities and best practices for transfer [106]. Efficient adaptation methods which are 

computationally and data efficient would be critical for practical use [107]. Theoretical understanding of when and why transfer 

learning works (and fails) is not yet fully known, thereby encouraging further foundational research [108]. 

To be robust to distribution shift we need to get better at measuring uncertainty and adaptation [109]. Fairness and bias issues occur 

when models trained on source domains maintain or even exacerbate biases in target domains [110]. Establishing fair cross-domain 

transfer learning strategies is an ethical conflict to be addressed [111]. 

The problem of lifelong adaptation and continuous learning is still an open challenge, for which we need systems that can 

accumulate knowledge over multiple domains without catastrophically erasing it [112]. More generally, multi-task and even multi-

domain learning approaches which share knowledge between similar tasks may be expected to enhance sample efficiency [113]. 

Lastly, interpretable and explainable transfer learning decision-making is important for trustworthiness of AI system [114]. 

9. Conclusion 
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Transfer learning and domain adaptation have revolutionized machine learning, allowing us to learn effectively under distribution 

shifts with only weak supervision. Pre-trained base models are powerful beginnings for a wide range of applications and 

sophisticated adaptation approaches deal with different distribution shifts. Few-shot learning and zero-shot learning knowledge-

enabled paradigms extend the strength of data efficiency, and applications in low-resource settings show impact in real world. 

While much has been achieved, there is still a long way to go. Negative transfer, catastrophic forgetting and other type of shift 

detection still require further research. Theoretical development needs to keep pace with empirical advances in order to furnish 

principled input into the design of methods. As the space of foundational models rapidly expand and diverge, transfer learning will 

increasingly become a core part of constructing flexible and general purpose AI systems. 

The future of transfer learning is to have more robust, efficient, and interpretable algorithms that are capable of dealing with various 

distribution shifts without sacrificing fairness and safety. By solving these challenges, the community has the opportunity to turn 

this vision into reality and build AI systems that continually improve with experience and generalize knowledge across domains and 

tasks. 
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