
Theory and Practice of Science and Technology
2025, VOL. 6, NO. 5, 118-122
DOI: 10.47297/taposatWSP2633-456923.20250605

From full fine-tuning to parameter-efficient adaptation: a taxonomy of deep 
transfer learning strategies
Wenkai Zhang

Electronic Information Science and Technology, Nanjing Agricultural University, Nanjing, Jiangsu, 211800, China

ABSTRACT
This paper focuses on the field of deep transfer learning, aiming to study the dual dilemma of traditional full-parameter fine-
tuning in terms computing power demand and overfitting risk. By establishing a three-level taxonomy of parameter-efficient 
transfer learning, this paper analyzes in detail the methods such as parameter addition strategy parameter reparameterization, 
and parameter subset selection. It also refines the general principles such as minimal disturbance of feature space, task-
knowledge decoupling, and incremental knowledge injection Simultaneously, it points out the current challenges of lack of 
theoretical interpretability (black-box nature) and weak cross-architecture generalization ability, and proposes future directions 
such as-explanation-based interpretable adaption and neural architecture search (NAS) -driven automatic adaption, aiming to 
construct a more systematic and efficient theoretical framework for deep transfer learning.
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1　Introduction

Deep transfer learning has emerged as a powerful technique in the field of artificial intelligence, enabling the reuse of 
knowledge learned from one or more source tasks to boost performance on related target tasks. While full-parameter fine-
tuning has shown effectiveness in certain cases, it presents notable drawbacks. Its high computational demand makes 
challenging to implement in many resource-constrained scenarios, and the risk of overfitting often reduces the model ’ s 
generalization ability. [1-2]

To address these issues parameter-efficient adaptation methods have been proposed. These methods aim to adapt 
pre-trained models to new tasks with minimal adjustments to the model parameters, thereby reducing computational 
costs and mitigatingfitting. However, existing research lacks a comprehensive and systematic taxonomy, making it 
difficult to compare and choose appropriate methods across different applications.

This paper aims to fill this gap by a three-level taxonomy for parameter-efficient transfer learning. We will analyze a 
range of representative methods, distill their core principles, and explore the challenges and future directions this field.

2　Taxonomy Design

2.1　Overall Framework

Parameter-efficient transfer learning can be broadly categorized into three main classes: parameter-addition strategies, 
reparameterization, and parameter subset selection. To facilitate understanding, we can refer to a tree-like diagram that 
visually represents the taxonomy of parameter-efficient transfer learning, as in Figure.

Parameter addition strategy
This category involves adding new parameters to pre-trained models. Two representative methods are adapters and 

prompt learning.
Adapter
Proposed by Houlsby et al., an adapter is a small neural network module added to pre-trained models. The output of 

the adapter-enhanced layer calculated as where is the original layer ’ s output and denotes the adapter function. This 
method is particularly suitable for multi-task continuous learning scenarios. By adding an adapter, the model learn task-
specific information without changing the original pre-trained parameters, thereby reducing the risk of catastrophic 
forgetting. [3,4].

Prompt learning
Prompt is a technique that modifies the model input by adding task-related prompts. It enables pre-trained models to 

perform new tasks without the need for large parameter updates. The prompt be a text sequence or other data 
representation that guides the model to predict. This method is flexible and can be widely applied to various natural 
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language processing tasks. [5,6]

Parameter Re-parameterization
The parameter re-parameterization methods transform the original parameters of the model in a more efficient. Low-

rank decomposition and sparse mask are typical examples.
Low-rank decomposition LoRA
LoRA approximates weight updates through low-rank matrix approximation. In conventional parameter updates, it is 

usually the weight matrix W that is directly updated, which requires a large amount of computational resources and 
storage space when the model size is large. However, theRA approach introduces two low-rank matrices A and B, and 
approximates the update amount of the weight matrix through their product. Since A and B are low-rank matrices, have a 
relatively small number of parameters, thus greatly reducing the parameter scale that needs to be updated.

Taking a weight matrix W with a dimension as an example, if W updated directly, then parameters need to be updated. 
While using the LoRA method, assuming that A is of dimension and B is of dimension , where , then the number 
parameters to be updated is only , which is much less than the number of parameters to be updated when the weight 
matrix is updated directly. In this way, when fine-tuning language models, the calculation efficiency can be significantly 
improved and the computational cost can be reduced under the premise of ensuring the performance of the model. [7,8]

Sparse
The core idea of sparse mask is to introduce a binary mask matrix to screen and reconstruct the parameters of the 

model. Suppose the original weight matrix is W, and the mask matrix introduced is M, and the elements in M can only take 
two values: 0 and 1. The weight matrix after sparse mask processing can be expressed as , denotes the element-wise 
multiplication. In this way, when the element in the mask matrix is 0, the corresponding original weight parameter is 
"masked" in the calculation process and does not participate in the calculation and update; only when the element in the 
mask matrix is 1, the original weight parameter will take effect.

In practical applications, sparse can be learned and optimized in a variety of ways. A common method is to incorporate 
the learning of the mask matrix into the training process of the model and update it with the other of the model through 
the backpropagation algorithm. In the early stage of training, the mask matrix can be relatively dense, and as the training 
proceeds, the proportion of 0 the mask matrix is gradually increased, making the model parameters sparser. This 
approach can significantly reduce the number of parameters and computational power of the model without sacrificing 
too much model performance.

Parameter Subset Selection
Parameter subset selection methods aim to select a subset of the model's parameters to update instead of updating all 

parameters. Layer selection neuron selection are common implementations.
Layer Selection: In the layer selection approach, specific layers in the model are selected for parameter updates based 

on the task requirements. For example, some extreme low-resource scenarios, only the last few layers of the model are 
updated because these layers are closer to the task output and can quickly adapt to new tasks, while avoiding 
modifications to the general features learned in earlier layers. [9,10]

Neuron Selection: Neuron selection, on the other hand, involves selecting and updating only neurons most relevant to 
the new task. This approach can further reduce the computational load and the number of parameter updates, especially 
in applications where computational resources are extremely sensitive. [11,12]

2.2　Methodological Details

To gain an in-depth understanding of the technical essence and application boundaries of the parameter-efficient 
transfer learning strategy, this will systematically analyze the three core classification methods. By deconstructing their 
mathematical expressions, applicable scenarios, advantages and limitations, and case studies, a comprehensive 
methodological knowledge map will be. At the same time, combined with the structured comparison in Table 1, a 
horizontal comparison of the key characteristics of each method will be conducted from the dimensions of parameter 
update, computational complexity, and task adaptability, with the aim of providing a clear technical selection reference 
framework for researchers.

2.3　Extraction of Common Principles

Through the study of various efficient transfer learning methods for different parameters, we distilled the following 
common principles:

Principle 1: Minimization of Feature Space Perturbation
To ensure that the model does not cause excessive damage to learned feature representation when adapting to new 

tasks, it is necessary to constrain the model's parameter updates to satisfy the Lipschitz condition. The Lipschitz condition 
is essentially a constraint on the of change of a function, and in the context of deep transfer learning, it requires that the 
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model's output change is bounded with respect to the input change before and after parameter.

Mathematically, a function satisfies the Lipschitz condition if there exists a constant K such that for any and , the 
inequality holds, where K is called the Lipschitz constant In deep neural networks, when we update the model's 
parameters, the mapping relationship between the model's input and output changes. If not constrained, excessive 
parameter updates may cause changes in the mapping relationship of the model in the feature space, destroying the 
effective feature representation originally learned in the source task.

Principle 2: Decoupling Task Knowledge (Orthogonal Projection Theory)
Orthogonal projection theory provides an effective method to separate these two types of knowledge. Geometrically, 

we can view the's parameter space as a vector space, where the general knowledge learned by the pre-trained model 
corresponds to a subspace of this space, and the specific knowledge of the target task be regarded as another subspace. 
By using orthogonal projection operations, we can restrict the model's parameter updates on the target task to the 
subspace related to the target task without affecting parameters in the subspace of general knowledge of the pre-trained 
model.

Specifically, assuming the parameter vector of the model is , we can achieve decoupling by calculating the of the 
parameter vector in the subspace of general knowledge and the subspace of the target task. Let the projection matrix of 
the general knowledge subspace be , and the projection matrix of the task subspace be , then the parameter vector can 
be decomposed into , where represents the parameters of the general knowledge part, and represents the parameters of 
the specific knowledge part of the task. During the model training process, we can update and separately, so that the 
model can learn the specific knowledge of the target task without destroying the original general knowledge. For 
example in some multi-modal transfer learning tasks, orthogonal projection theory can be used to decouple and learn 
task knowledge from image modality and text modality separately, improving the performance of the model tasks of 
different modalities. [15,16]

Principle 3: Incremental Knowledge Injection (Dynamic Gating Mechanism)
The dynamic gating mechanism is employed to achieve knowledge injection. The gating mechanism allows new 

knowledge to be selectively injected into the model based on the needs of the task, avoiding the overfitting issue that 
can arise from large- parameter updates all at once. The core idea of the dynamic gating mechanism is to introduce a 
learnable gating unit to control the flow of information. The gating unit typically composed of a neural network module, 
and its input can be the intermediate layer output of the model, task-related feature vectors, or other task-related 
information. The output the gating unit is a weight value between 0 and 1, used to measure whether the new knowledge 
information should be injected into the model. For example, in an RNN the gating unit can determine whether to fuse the 
information of the current input with the information in the previous hidden state at each time step.

3　Current Challenges

3.1　Lack of Theoretical Interpretability (Black-box Nature)

Most current-efficient transfer learning methods suffer from the issue of insufficient theoretical interpretability, 
exhibiting black-box characteristics. Although these methods achieve decent performance in practical applications, it is 
challenging to explain from a theoretical perspective why they work effectively and the underlying reasons for their 
performance variations across different scenarios. For instance, it is difficult to accurately analyze how the parameter 
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update process affects overall behavior and performance of the model for some parameter reparameterization methods 
based on complex neural network structures [19,20].

3.2　Weak Cross-itecture Generalization Ability

Different neural network architectures have different feature representation capabilities and learning mechanisms. 
Current parameter-efficient transfer learning methods have weak cross-architecture generalization capabilities., as a 
classic neural network architecture, extracts local features of data such as images through convolutional layers and 
pooling layers and reduces the number of model parameters using the weight sharing mechanism. In, ViT is based on the 
Transformer architecture, dividing images into multiple patches and mapping them into a sequence of vectors, and then 
capturing global features using the self-attention mechanism. two architectures have significant differences in feature 
extraction and representation. Some parameter subset selection methods that perform well on CNN architectures may 
not fully play their advantages when directly applied to ViT, or even lead to a decrease in performance. This is because 
different architectures have different ways of utilizing parameters and different feature extraction patterns. For example, 
in CNN, layer selection methods usually based on the hierarchical structure of convolutional layers and the spatial 
information of feature maps. However, in ViT, due to the existence of its self-attention mechanism, the way interact and 
propagate is different from CNN, and the original layer selection criteria may no longer apply. Therefore, existing 
parameter-efficient transfer learning methods struggle to adapt effectively across different architectures, their application 
in more extensive scenarios.

4　Future Directions

4.1　Interpretable Adaptation Based on Causal Inference

To the lack of theoretical interpretability, future work can explore the use of causal inference methods to achieve 
interpretable and parameter-efficient adaptation. By establishing causal models and analyzing the causal relationship 
parameter updates and model outputs, we can gain a clearer understanding of the model's decision-making mechanism 
during the transfer learning process. For instance, using causal diagrams to analyze causal impact of different parameter 
addition strategies on the model's prediction results can provide theoretical support for method improvement and 
optimization. For example, in a deep transfer learning task based on image, we can construct a causal diagram that 
includes nodes such as the image's feature parameters, the model's weight parameters, and the task's class labels. By 
using inference algorithms, such as methods based on structural causal models, we can compute the causal effects of 
different parameter updates on the model's classification accuracy. In this way, we can know which parameter 
adjustments truly help the model learn the target task and which may be unnecessary or even have negative effects. 
Based on these analysis results, we can further optimize the parameter- transfer learning methods to make them more 
interpretable.

4.2　Automated Adaptation Driven by Neural Architecture Search

To enhance cross-architecture generalization, neural architecture (NAS) technology can play a significant role. Through 
NAS, it is possible to automatically search for parameter-efficient transfer learning strategies suitable for different 
architectures. For example, combined with learning or evolutionary algorithms, it is possible to search for the optimal 
parameter reparameterization or subset selection scheme in different neural network architecture spaces, enabling the 
model to achieve efficient transfer learning various architectures. Additionally, the idea of evolutionary algorithms can be 
combined by encoding different parameter-efficient transfer learning methods and treating them as individuals for 
evolutionary operations. In each generation of, new individuals (i. e., new combinations of parameter-efficient transfer 
learning methods) are generated through operations such as crossover and mutation, and then screened based on their 
performance different architectures, with better-performing individuals being retained for the next generation. In this 
way, it is possible to automatically search for strategies that can achieve efficient transfer learning across multiple 
architectures thereby improving the cross-architecture generalization ability of parameter-efficient transfer learning 
methods.

5　Conclusion

This paper systematically classifies and studies the strategies of going from full fine-tuning to parameter-efficient 
adaptation in deep transfer. By establishing a three-level taxonomy, methods such as parameter addition strategy, 
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parameter reparameterization, and parameter subset selection are elaborated in detail, and the common principles as 
minimal perturbation of feature space, task-knowledge decoupling, and incremental knowledge injection are distilled. 
Meanwhile, the existing challenges such as lack of theoretical interpretability and weak crossarchitecture generalization 
ability are analyzed, and future directions such as causal-explanation-based interpretable adaption and neural 
architecture search driven automatic adaption are pointed out.

This provides a more systematic theoretical framework for the field of deep transfer learning, which helps researchers 
to understand and choose appropriate parameter-efficient transfer learning strategies more clearly, and pushes the field 
to development in both theory and application. Future research can be based on the taxonomy and directions proposed 
in this paper to explore more efficient and interpretable deep transfer learning methods to meet the demand for artificial 
intelligence applications.
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