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Abstract: Foundation models have revolutionized artificial intelligence by achieving state-of-the-art
performance across a wide range of tasks. However, fine-tuning these massive models for specific ap-
plications remains computationally expensive and memory-intensive. Parameter-Efficient Fine-Tuning
(PEFT) techniques have emerged as an effective alternative, allowing adaptation with significantly
fewer trainable parameters while maintaining competitive performance. This survey provides a
comprehensive overview of PEFT, covering its theoretical foundations, major methodologies, empirical
performance across various domains, and emerging trends. We begin by exploring the motivation
behind PEFT, emphasizing the prohibitive cost of full fine-tuning and the necessity for more effi-
cient adaptation strategies. We then categorize and discuss key PEFT techniques, including adapters,
Low-Rank Adaptation (LoRA), prefix tuning, and prompt tuning. Each method is analyzed in terms
of its architectural modifications, computational efficiency, and effectiveness across different tasks.
Additionally, we present the theoretical underpinnings of PEFT, such as low-rank reparameteriza-
tion and the role of sparsity in fine-tuning. Empirical evaluations are examined through large-scale
benchmarking studies across natural language processing, vision, and speech tasks. We highlight
trade-offs between efficiency and performance, demonstrating that PEFT methods can achieve near full
fine-tuning accuracy with significantly reduced resource requirements. Furthermore, we discuss recent
advancements in hybrid PEFT approaches, continual learning, hardware-aware optimization, and
PEFT applications beyond traditional machine learning, including edge Al and scientific computing.
Despite its advantages, several open challenges remain, including scalability to ultra-large models,
robustness against adversarial attacks, and improved generalization across diverse tasks. We outline
future research directions that aim to address these challenges and enhance the efficiency, adaptability,
and security of PEFT methods. By summarizing key findings and identifying critical research gaps, this
survey serves as a comprehensive resource for researchers and practitioners interested in optimizing
the fine-tuning of foundation models. As PEFT continues to evolve, it holds the potential to make
large-scale Al models more accessible, efficient, and widely deployable across real-world applications.

Keywords: Parameter-Efficient Fine-Tuning; Foundation Models, Transfer Learning; Adapters; LoRA;
Prompt Tuning; Prefix Tuning; Efficient Adaptation;, Low-Rank Optimization; Continual Learning;
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1. Introduction

Foundation models have emerged as a dominant paradigm in artificial intelligence (Al), enabling
state-of-the-art performance across a wide range of tasks [1]. These models, typically based on
deep neural networks such as transformers, are trained on massive datasets and possess billions of
parameters, making them highly expressive and capable of generalizing across various domains [2].
However, deploying and fine-tuning such large-scale models for downstream tasks poses significant
challenges, particularly in terms of computational cost, memory requirements, and data efficiency
[3]. The traditional approach of full fine-tuning—where all parameters of the foundation model are
updated for each new task—is often impractical due to the sheer size of these models, necessitating
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alternative strategies that balance efficiency and performance [4]. Parameter-efficient fine-tuning
(PEFT) techniques have been developed to address these challenges by modifying only a small subset
of the model’s parameters while leveraging the pre-trained knowledge encoded in foundation models
[5]. These techniques significantly reduce the computational and memory overhead associated with
fine-tuning while maintaining or even improving performance on target tasks [6]. PEFT has gained
substantial attention in both academia and industry, as it enables efficient adaptation of foundation
models to new tasks without the need for extensive computational resources. This is particularly
important in resource-constrained environments, where deploying full-scale models is infeasible
[7]. PEFT methods can be broadly categorized into several approaches, including adapter-based
tuning, low-rank adaptation, prefix tuning, and prompt tuning. Adapter-based methods introduce
task-specific lightweight modules into the model while keeping most of the original parameters
frozen, thereby facilitating efficient learning without extensive parameter updates [8]. Low-rank
adaptation techniques, such as LoRA (Low-Rank Adaptation), decompose weight updates into low-
dimensional subspaces, reducing the number of trainable parameters while preserving expressive
power [9]. Prefix tuning and prompt tuning, on the other hand, modify the input representations
rather than the model weights, enabling task adaptation through carefully designed prompts without
direct modifications to the model itself [10]. The growing popularity of PEFT is also driven by its
applicability to diverse modalities beyond natural language processing (NLP), including vision, speech,
and multimodal learning [11]. In computer vision, PEFT has been successfully applied to adapt large
vision transformers to domain-specific tasks. In speech processing, fine-tuning large-scale speech
models using PEFT techniques has demonstrated efficiency in handling new languages and dialects
[12]. Multimodal foundation models, which integrate text, images, and audio, also benefit from PEFT
strategies, as they enable flexible adaptation to new multimodal tasks without excessive computational
burden [13]. Despite the numerous advantages of PEFT, several challenges remain [14]. Selecting
the most appropriate PEFT method for a given task requires careful consideration of factors such as
model architecture, task complexity, and available computational resources [15]. Additionally, the
trade-off between efficiency and performance varies across different PEFT techniques, necessitating
empirical evaluation and benchmarking. Furthermore, the theoretical underpinnings of why and
how PEFT methods succeed in retaining the generalization capabilities of foundation models are still
an active area of research [16]. This survey provides a comprehensive overview of PEFT techniques
for foundation models, highlighting their advantages, limitations, and practical applications. We
categorize and analyze different PEFT methods, discuss their theoretical foundations, and explore
emerging trends in this rapidly evolving field [17]. Through this survey, we aim to provide a structured
understanding of PEFT, guiding researchers and practitioners in selecting and designing efficient
fine-tuning strategies for foundation models [18].

2. Background and Preliminaries
2.1. Foundation Models and Their Importance

Foundation models, also known as large-scale pre-trained models, have revolutionized the
field of artificial intelligence by providing a single, highly expressive model that can generalize
across a broad range of tasks. These models, typically built on architectures such as transformers,
are trained on massive datasets encompassing diverse domains, allowing them to acquire rich and
transferable representations [19]. Examples of such models include GPT-4, BERT, T5, PaLM, and Vision
Transformers (ViTs), which have demonstrated remarkable capabilities in natural language processing
(NLP), computer vision, speech processing, and multimodal learning [20]. The core advantage of
foundation models lies in their ability to perform zero-shot, few-shot, and fine-tuned learning [21].
Zero-shot and few-shot learning allow these models to generalize to new tasks with minimal or no
additional training data [22]. However, in many real-world applications, fine-tuning is necessary to
adapt foundation models to specific domains or tasks with improved performance [23]. Traditional full
fine-tuning, which updates all model parameters, becomes computationally expensive and memory-
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intensive, especially as model sizes grow into the billions of parameters [24]. This has led to the
exploration of more efficient fine-tuning methods, giving rise to parameter-efficient fine-tuning (PEFT)
techniques.

2.2. Traditional Fine-Tuning and Its Limitations

The conventional approach to fine-tuning involves updating all model parameters using task-
specific data [25]. While this method often leads to strong performance on the target task, it presents
several challenges:

e High Computational and Memory Costs: Updating billions of parameters requires significant
GPU/TPU resources, making full fine-tuning infeasible for many users and organizations with
limited computational budgets [26].

e  Catastrophic Forgetting: Fine-tuning a model on a new task may lead to the loss of previously
learned knowledge, making it difficult to maintain multi-task generalization [27].

*  Storage and Deployment Overhead: For each downstream task, a separately fine-tuned model
must be stored, leading to excessive storage requirements and complicating deployment.

e Data Efficiency: Full fine-tuning typically requires substantial labeled data for each new task,
which is impractical in many real-world scenarios with limited task-specific annotations [28].

To overcome these challenges, PEFT techniques have been developed to minimize parameter
updates while preserving the expressive power of foundation models [29]. These approaches allow for
efficient adaptation of pre-trained models to new tasks with significantly lower computational and
storage requirements.

2.3. Parameter-Efficient Fine-Tuning (PEFT): A New Paradigm

PEFT methods aim to fine-tune foundation models by modifying only a small subset of parameters
or introducing lightweight learnable components [30]. By keeping most of the model parameters
frozen, these techniques leverage the pre-trained knowledge of foundation models while significantly
reducing computational overhead [31]. The key benefits of PEFT include:

* Reduced Training Costs: PEFT methods drastically lower the number of trainable parameters,
leading to faster training and lower memory consumption [32].

¢ Improved Knowledge Retention: Since most parameters remain unchanged, PEFT helps retain
the generalization capabilities of foundation models and mitigates catastrophic forgetting [33].

¢  Efficient Multi-Task Adaptation: Instead of training separate models for each downstream
task, PEFT allows multiple tasks to be handled using lightweight task-specific modifications,
facilitating scalable deployment [34].

Several prominent PEFT techniques have been developed, including adapter-based tuning, low-
rank adaptation (LoRA), prefix tuning, and prompt tuning [35]. Each of these approaches offers
a unique trade-off between parameter efficiency and task performance, making them suitable for
different applications and computational constraints [36].

2.4. Overview of PEFT Techniques

PEFT techniques can be broadly categorized into the following families:

e  Adapter-Based Methods: Introduce small trainable layers (adapters) into the model while keeping
the original model parameters frozen [37]. Examples include Houlsby and Pfeiffer adapters, which
enable efficient task adaptation with minimal computational cost [38].

e Low-Rank Adaptation (LoRA): Decomposes weight updates into low-rank matrices, reducing
the number of trainable parameters while preserving model expressiveness [39].

e  Prefix and Prompt Tuning: Modify input representations rather than model weights, allowing
task adaptation through learnable prompts that guide the model’s behavior.
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e  BitFit and Other Selective Fine-Tuning Methods: Fine-tune only a small subset of parameters,
such as bias terms, to achieve efficiency while maintaining performance [40].

Each of these approaches has its own advantages and trade-offs, which will be explored in depth
in subsequent sections. The following section presents a comprehensive taxonomy of PEFT methods,
detailing their underlying mechanisms and practical applications [41].

3. Taxonomy of Parameter-Efficient Fine-Tuning Methods

Parameter-efficient fine-tuning (PEFT) methods aim to adapt large-scale foundation models to
new tasks while modifying only a small fraction of the model’s parameters [42]. These methods can be
classified into several categories based on their underlying mechanisms and the extent to which they
alter the pre-trained model. In this section, we present a taxonomy of PEFT approaches, providing a
structured overview of their principles, advantages, and trade-offs.

3.1. Adapter-Based Methods

Adapter-based methods introduce additional task-specific layers into the model while keeping
the majority of the original parameters frozen [43]. These lightweight modules, known as adapters,
are placed at various points within the network (e.g., between transformer layers) and trained on
task-specific data. The key advantages of adapter-based approaches include modularity, computational
efficiency, and improved multi-task learning capabilities.

3.1.1. Standard Adapters

Houlsby et al. proposed an early adapter-based method that inserts small bottleneck layers within
the transformer architecture [44]. These layers consist of a down-projection followed by a non-linearity
and an up-projection, effectively learning task-specific transformations while keeping the main model
unchanged.

3.1.2. Compacter and HyperAdapters

Extensions of standard adapters, such as Compacter, leverage low-rank reparameterization of
adapter weights to further reduce the number of trainable parameters [45]. HyperAdapters, on the
other hand, employ hypernetworks to generate adapter weights dynamically, allowing for efficient
adaptation across multiple tasks [46].

3.1.3. Residual and Parallel Adapters

Instead of modifying the main transformer pipeline, residual adapters introduce additional skip
connections, ensuring that the original model’s knowledge is preserved [47]. Parallel adapters work
by processing inputs alongside the original model path, blending task-specific information into the
final representation.

3.2. Low-Rank Adaptation (LoRA)

Low-Rank Adaptation (LoRA) aims to reduce the number of trainable parameters by approximat-
ing weight updates using low-rank matrices [48]. Instead of fine-tuning full weight matrices, LoRA
decomposes them into a sum of low-rank updates, significantly reducing memory and computation
costs.

3.2.1. LoRA Mechanism

LoRA assumes that updates to large weight matrices can be effectively captured in a lower-
dimensional subspace. Given a weight matrix W € R?*4, LoRA parameterizes its update as:

AW = AB

where A € R**" and B € R™*?, with r < d, ensuring that only O(rd) parameters need to be trained.
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3.2.2. Advantages and Limitations

LoRA maintains the frozen pre-trained model weights while allowing efficient adaptation, making
it particularly useful in memory-constrained environments [49]. However, choosing an appropriate
rank 7 is crucial, as excessively small ranks may limit expressiveness, while larger ranks increase
parameter overhead.

3.3. Prefix Tuning and Prompt Tuning

Unlike adapter-based and LoRA methods, prefix tuning and prompt tuning do not modify the
model’s parameters directly [50]. Instead, they prepend learnable embeddings (prefixes or prompts) to
the model’s input or intermediate representations, steering the model toward task-specific behaviors.

3.3.1. Prefix Tuning

Prefix tuning learns a small set of task-specific vectors that are concatenated with the model’s hid-
den states at each layer. This approach enables effective task adaptation while keeping the foundation
model entirely frozen.

3.3.2. Prompt Tuning

Prompt tuning operates by optimizing a set of trainable embeddings that are prepended to the
model’s input. Unlike manually designed prompts, which rely on human intuition, prompt tuning
learns optimal task-specific prompts in an end-to-end manner.

3.3.3. Comparison with Other PEFT Methods

While prefix and prompt tuning offer parameter efficiency, they may require extensive prompt
optimization to match the performance of adapter-based or LoORA methods [51]. Moreover, these
approaches are more sensitive to task formulations and may not generalize as well across diverse tasks
[52].

3.4. BitFit and Other Selective Fine-Tuning Approaches

Selective fine-tuning approaches aim to minimize parameter updates by identifying and modify-
ing only a small subset of model parameters. BitFit is one such method that fine-tunes only the bias
terms of the model while keeping all other weights frozen [53].

3.4.1. BitFit Mechanism

BitFit updates only the bias parameters in transformer layers, significantly reducing the number
of trainable parameters while maintaining strong task performance [54]. Given a linear transformation:

y=Wx+b

BitFit updates only b while keeping W frozen, demonstrating that minor modifications to bias terms
can be surprisingly effective for many tasks [55].

3.4.2. Layerwise and Tokenwise Fine-Tuning

Some methods extend the idea of selective fine-tuning by allowing updates to only specific layers
(e.g., the final layers of a transformer) or token-specific parameters. These approaches offer further
flexibility in balancing efficiency and performance.

3.5. Comparison of PEFT Methods

Each PEFT method provides a unique trade-off between parameter efficiency, computational cost,
and performance [56]. Table 1 summarizes the key characteristics of different PEFT techniques [57].
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Table 1. Comparison of Parameter-Efficient Fine-Tuning Methods

Method Parameters Cost Modification | Generalization
Fine-Tuning High High Yes High
Adapter-Based Moderate Moderate Yes High
LoRA Low Low Minimal High
Prefix Tuning Very Low Low No Moderate
Prompt Tuning Very Low Low No Task-Specific
BitFit Extremely Low | Very Low Minimal Moderate

Each of these methods is suited to different practical constraints [58]. Adapter-based and LoRA
methods generally offer strong generalization with relatively low computational overhead, making
them popular choices for real-world applications. In contrast, prompt tuning and BitFit provide
extreme efficiency but may require task-specific optimizations to reach optimal performance.

3.6. Summary

This taxonomy provides a structured overview of PEFT methods, highlighting their key mecha-
nisms and trade-offs [59]. While each approach offers unique benefits, the choice of method depends
on factors such as available computational resources, model deployment constraints, and task-specific
requirements. In the next section, we delve into the practical applications and real-world imple-
mentations of PEFT, illustrating how these methods have been successfully deployed in various
domains.

4. Practical Applications and Real-World Implementations

Parameter-efficient fine-tuning (PEFT) techniques have been widely adopted across various
domains where large-scale foundation models are used. These methods provide a practical way to
adapt powerful pre-trained models to specific tasks while significantly reducing computational costs
[60]. In this section, we explore the real-world applications of PEFT across different fields, including
natural language processing (NLP), computer vision, speech processing, and multimodal learning [61].

4.1. Natural Language Processing (NLP)

Foundation models such as BERT, GPT, and T5 have demonstrated exceptional performance in
NLP tasks [62]. However, full fine-tuning of these models is often impractical due to their large size.
PEFT techniques have enabled efficient adaptation of NLP models for various applications:

4.1.1. Text Classification and Sentiment Analysis

Adapter-based fine-tuning and LoRA have been extensively used in text classification tasks,
allowing models to learn task-specific representations efficiently. For instance, in sentiment analysis,
PEFT methods enable adaptation to different domains (e.g., product reviews, social media sentiment)
without requiring extensive re-training [63].

4.1.2. Machine Translation

PEFT has been applied to multilingual models, such as mT5 and mBART, to adapt them to
low-resource languages [64]. Prefix tuning and adapter-based methods have been shown to improve
translation quality with minimal parameter updates, making them ideal for deployment in resource-
constrained environments [65].

4.1.3. Dialogue Systems and Chatbots

In conversational Al, PEFT has facilitated efficient tuning of models like GPT-4 for domain-specific
applications, such as customer support chatbots and medical diagnosis assistants. By using prompt
tuning or LoRA, companies can deploy chatbots that specialize in specific industries without modifying
the entire model [66].
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4.2. Computer Vision

Vision transformers (ViTs) and convolutional neural networks (CNNSs) have benefited from PEFT
techniques, especially in tasks requiring domain-specific adaptation.

4.2.1. Image Classification and Object Detection

Adapter-based tuning has been used to fine-tune ViTs for image classification in specialized
domains such as medical imaging, remote sensing, and autonomous driving. LoRA has been applied
to CNN-based object detection models, reducing computational costs while maintaining accuracy [67].

4.2.2. Few-Shot and Zero-Shot Learning

PEFT methods, such as prompt tuning, have been used to enhance few-shot learning capabilities
in vision-language models like CLIP [68]. These methods enable models to generalize across new
image categories with minimal labeled data.

4.3. Speech Processing

Foundation models for speech processing, such as Whisper and Wav2Vec2, require efficient
adaptation to different languages, accents, and tasks [69]. PEFT techniques have been instrumental in
making these adaptations feasible [70].

4.3.1. Speech Recognition and Transcription

LoRA and BitFit have been used to fine-tune large speech models for domain-specific transcription
tasks, such as medical or legal dictation, where data efficiency is crucial [71].

4.3.2. Speaker Identification and Emotion Recognition
PEFT techniques enable speaker identification models to be adapted to new voice profiles with

minimal re-training [72]. In emotion recognition, adapter-based methods help models learn subtle
variations in speech tone while keeping the core model unchanged [73].

4.4. Multimodal Learning

PEFT has also been applied to models that process multiple modalities, such as text, images, and
audio [74].

4.4.1. Vision-Language Models

Models like BLIP, Flamingo, and GPT-4V have been fine-tuned using LoRA and adapter-based
methods to improve performance on multimodal tasks, such as image captioning and visual question
answering.

4.4.2. Audio-Visual Learning

In applications such as lip-reading and sign language recognition, PEFT techniques help large
multimodal models adapt to new datasets with limited labeled examples.

4.5. Industry Adoption and Deployment

Several major technology companies and research institutions have incorporated PEFT techniques
into their Al systems:

¢  OpenAl and Microsoft: LoRA and prompt tuning have been used to efficiently adapt large
language models for enterprise-specific applications [75].

* Google and DeepMind: Adapter-based methods have been deployed in vision and language
models to improve fine-tuning efficiency [76].

®  Meta AIL: PEFT techniques have been applied in multimodal models for content moderation and
recommendation systems [77].
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4.6. Challenges and Future Directions

Despite the success of PEFT in real-world applications, several challenges remain:

¢  Task-Specific Trade-offs: Choosing the best PEFT method for a given task requires extensive
experimentation and benchmarking.

*  Scalability to Diverse Tasks: Some PEFT methods may struggle with generalization across highly
diverse tasks [78].

¢  Optimization Strategies: Finding optimal hyperparameters for PEFT methods remains an open
research problem.

Future work in PEFT is expected to focus on improving adaptability, robustness, and scalability
across different domains.

4.7. Summary

PEFT has become a key enabler of efficient AI model adaptation across NLP, vision, speech,
and multimodal applications. By significantly reducing computational costs while maintaining high
performance, these methods are making foundation models more accessible and deployable in real-
world settings. In the next section, we explore the theoretical foundations of PEFT, providing deeper
insights into why these methods work effectively.

5. Theoretical Foundations of Parameter-Efficient Fine-Tuning

Parameter-efficient fine-tuning (PEFT) methods have demonstrated remarkable empirical success,
but understanding the theoretical principles that underlie their effectiveness is crucial for further
advancements [79]. In this section, we delve into the theoretical foundations of PEFT, including
its connection to transfer learning, low-rank optimization, sparsity principles, and generalization
properties [80].

5.1. Transfer Learning and Representational Reuse

Foundation models are pre-trained on vast amounts of data, allowing them to learn generalizable
representations that can be reused for downstream tasks [81]. The effectiveness of PEFT is largely at-
tributed to the ability of these models to transfer their learned representations with minimal adaptation
[82].

5.1.1. Pre-Trained Feature Extractors

When fine-tuning large models, a significant portion of their parameters primarily acts as feature
extractors. Studies have shown that the lower and middle layers of transformers encode general
linguistic and semantic representations, while the upper layers specialize in task-specific information
[83]. PEFT methods leverage this property by freezing the majority of the network and only adjusting
task-relevant components, ensuring that the learned knowledge remains intact.

5.1.2. Linear Mode Connectivity

Recent research suggests that the optimization landscapes of large models exhibit linear mode
connectivity, meaning that models fine-tuned on different tasks remain in close proximity in the
parameter space [84]. This property enables adapter-based and LoRA methods to achieve strong
performance with only minor parameter adjustments, as small shifts in the parameter space suffice for
effective adaptation.

5.2. Low-Rank Subspace Hypothesis

The success of LoRA and other low-rank adaptation methods can be attributed to the low-rank
subspace hypothesis, which states that the optimal parameter updates required for fine-tuning a large
model lie in a lower-dimensional subspace[85,86].
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5.2.1. Low-Rank Decomposition of Weight Updates

Mathematically, given a pre-trained weight matrix W € R¥*4, the full fine-tuning update AW is
often highly redundant [87]. Instead of directly updating W, LoRA parameterizes the update as:

AW = AB, AcR™ BeR™ r<d.

This decomposition ensures that the number of trainable parameters is significantly reduced from
O(d?) to O(rd), while still capturing the essential transformations needed for adaptation.

5.2.2. Empirical Evidence for Low-Rank Adaptation

Empirical studies have demonstrated that fine-tuning updates in large-scale transformers exhibit
a low effective rank, suggesting that full-rank updates are often unnecessary. This explains why LoRA
and other low-rank methods can achieve performance close to full fine-tuning while using orders of
magnitude fewer trainable parameters.

5.3. Sparsity and Selective Adaptation

Another key theoretical insight underlying PEFT is the sparsity principle, which posits that only
a small fraction of parameters in a deep model are necessary for effective adaptation [88].

5.3.1. Lottery Ticket Hypothesis and Selective Fine-Tuning

The Lottery Ticket Hypothesis suggests that within a large neural network, there exists a sparse
subnetwork that, when trained in isolation, can match the performance of the full network [89]. PEFT
methods such as BitFit leverage this principle by fine-tuning only a small subset of parameters (e.g.,
bias terms), demonstrating that selective adaptation can be highly effective.

5.3.2. Gradient-Based Parameter Selection

Selective fine-tuning methods often employ gradient-based strategies to identify which parame-
ters contribute most to task-specific improvements. Studies have shown that certain layers, such as
the final layers of a transformer, are more critical for downstream adaptation, further justifying the
parameter-efficient approaches.

5.4. Generalization Properties of PEFT Methods

One of the primary concerns in fine-tuning is overfitting to the target task, especially when labeled
data is scarce. PEFT methods have been shown to exhibit favorable generalization properties due to
their constrained optimization space.

5.4.1. Implicit Regularization

By modifying only a small number of parameters, PEFT methods introduce an implicit regular-
ization effect that prevents overfitting [90]. This is analogous to classical machine learning techniques
such as ridge regression, where limiting the number of trainable parameters reduces model complexity
and improves generalization.

5.4.2. Robustness to Distribution Shifts

Since PEFT retains most of the pre-trained model’s parameters, it benefits from the robustness
properties of large-scale foundation models [91]. Studies have shown that PEFT-tuned models maintain
stronger performance under domain shifts compared to fully fine-tuned counterparts, as they retain
more of the general knowledge acquired during pre-training.

5.5. Theoretical Limitations and Open Problems

While PEFT has demonstrated strong empirical and theoretical backing, several open problems
remain:
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e  Optimal Rank Selection: LoRA and other low-rank methods require careful selection of the rank
parameter r. Finding the optimal balance between efficiency and expressiveness remains an open
question [92].

*  Task-Specific Adaptation Boundaries: While PEFT works well for many tasks, some require
deeper model modifications [93]. Understanding the theoretical limits of parameter efficiency is
an area of ongoing research.

* Interaction Between PEFT Methods: Combining different PEFT techniques, such as LoRA with
adapters, is an emerging area that requires deeper theoretical insights [94].

5.6. Summary

The theoretical foundations of PEFT are rooted in transfer learning, low-rank optimization,
and sparsity principles. These insights help explain why PEFT methods are able to achieve strong
performance with minimal parameter updates. Moving forward, a deeper theoretical understanding of
PEFT will enable more effective and scalable adaptation strategies [95]. In the next section, we analyze
the empirical performance of PEFT methods through benchmarking studies.

6. Empirical Performance and Benchmarking of PEFT Methods

While theoretical insights provide an understanding of why parameter-efficient fine-tuning (PEFT)
methods work, empirical evaluation is crucial to assess their practical effectiveness across various tasks
[96]. In this section, we analyze the performance of different PEFT techniques based on benchmarking
studies, comparing their trade-offs in terms of accuracy, computational efficiency, and generalization
across domains.

6.1. Evaluation Metrics

To fairly compare PEFT methods, several key evaluation metrics are considered:

e  Task Performance: Measured using accuracy (classification), BLEU score (translation), perplexity
(language modeling), or mean squared error (regression) [97].

e Number of Trainable Parameters: The fraction of parameters updated during fine-tuning.

e  Computational Cost: Training time and memory usage compared to full fine-tuning [98].

*  Generalization Performance: Evaluated through cross-domain robustness and performance on
few-shot learning tasks [99].

6.2. Benchmarking Studies on NLP Tasks

Several large-scale studies have compared the effectiveness of PEFT methods on NLP benchmarks
such as GLUE, SuperGLUE, and the OpenAlI LLM evaluation suite [100].

6.2.1. Performance on Text Classification

Experiments on datasets such as SST-2, RTE, and AG News show that adapter-based methods
and LoRA achieve nearly identical accuracy to full fine-tuning while reducing the number of trainable
parameters by over 95%. Prefix tuning and BitFit, while computationally efficient, exhibit slight
performance degradation, particularly on tasks requiring deeper model modifications.

6.2.2. Machine Translation and Summarization

In sequence-to-sequence tasks like machine translation (WMT-14 En-De) and text summarization
(CNN/DailyMail), LoRA and prefix tuning have demonstrated competitive performance. However,
prefix tuning often requires careful prompt engineering to match the effectiveness of adapter-based
approaches.
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6.2.3. Open-Ended Language Generation

For large language models such as GPT-3 and T5, prompt tuning has been widely used in zero-shot
and few-shot learning settings. While it performs well on general knowledge tasks, its effectiveness
diminishes in domain-specific applications compared to LoRA and adapters [101].

6.3. Empirical Results on Vision Tasks
6.3.1. Image Classification

Studies on datasets such as ImageNet and CIFAR-100 show that adapter-based PEFT methods
enable efficient adaptation of vision transformers (ViTs) with minimal performance drop [102]. LoORA
exhibits particularly strong results when fine-tuning vision-language models like CLIP [103].

6.3.2. Object Detection and Segmentation

In tasks such as object detection (COCO dataset) and semantic segmentation (ADE20K dataset),
LoRA and adapter-based methods achieve near full fine-tuning performance while significantly
reducing memory overhead [104].

6.4. Performance in Speech Processing

For speech models like Whisper and Wav2Vec2, LoRA and BitFit have been used to fine-tune
models for automatic speech recognition (ASR) with minimal additional training [105]. Results
on datasets such as Librispeech indicate that LoORA maintains high transcription accuracy while
significantly reducing the number of trainable parameters [106].

6.5. Comparison of PEFT Methods Across Tasks

Table 2 summarizes the performance of different PEFT methods on key benchmarks [107].

Table 2. Comparison of PEFT Methods Across Tasks

Method GLUE | ImageNet | Librispeech | #Params
Full Fine-Tuning | 100% 100% 100% 100%
Adapters 98% 96% 97% 3-5%
LoRA 98% 97% 98% 0.5-1%
Prefix Tuning 95% 93% 94% 0.1-0.3%
Prompt Tuning 92% 90% 91% 0.01-0.1%
BitFit 94% 92% 95% 0.01-0.1%

6.6. Analysis of Trade-Offs

*  Task-Specific Performance: Adapters and LoRA consistently match full fine-tuning in most tasks,
whereas prompt tuning can underperform in specialized domains.

e  Parameter Efficiency: Prompt tuning and BitFit require the least number of trainable parameters
but may require additional prompt optimization for best results [108].

¢  Computational Overhead: LoRA and adapters strike a balance between efficiency and perfor-
mance, making them ideal choices for real-world deployment.

6.7. Summary

Empirical results confirm that PEFT methods can achieve near full fine-tuning performance
while significantly reducing computational costs [109]. The choice of PEFT method depends on the
specific task requirements, with LoRA and adapter-based approaches offering the best balance between

efficiency and accuracy [110]. In the next section, we explore emerging trends and future directions in
PEFT research.
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7. Emerging Trends and Future Directions in PEFT

As parameter-efficient fine-tuning (PEFT) methods continue to gain traction, new advancements
and research directions are shaping the future of model adaptation [111]. In this section, we ex-
plore emerging trends in PEFT, including novel architectures, hybrid adaptation strategies, efficiency
optimizations, and potential applications beyond traditional machine learning domains.

7.1. Hybrid PEFT Approaches

Recent research has explored combining multiple PEFT techniques to enhance efficiency and
performance. These hybrid approaches seek to leverage the strengths of different methods while
mitigating their individual limitations.

7.1.1. LoRA with Adapters

A promising direction involves integrating LoRA with adapter-based methods. While LoRA
efficiently updates low-rank components of pre-trained weights, adapters can introduce additional
task-specific capacity [112]. By combining the two, researchers have observed improved performance
in low-resource and domain adaptation scenarios [113].

7.1.2. Prompt Tuning with LoRA

Prompt tuning is highly parameter-efficient but may struggle with complex tasks requiring deeper
modifications. Augmenting prompt tuning with LoRA enables better adaptation to intricate tasks
while maintaining efficiency [114]. This hybrid approach has been explored in instruction tuning for
large language models.

7.2. Cross-Task Generalization and Multi-Task PEFT

A major challenge in fine-tuning foundation models is ensuring that adaptations generalize across
multiple tasks [115]. Several novel techniques are being investigated to improve cross-task transfer
and multi-task learning in PEFT [116].

7.2.1. Task-Agnostic Fine-Tuning

Instead of fine-tuning models for individual tasks, researchers are exploring task-agnostic PEFT
strategies, where a single set of trainable parameters is optimized across multiple tasks [117]. This
improves generalization and reduces the need for per-task fine-tuning [118].

7.2.2. Meta-Learning for PEFT

Meta-learning techniques are being integrated with PEFT to enhance model adaptability [119].
By training models to rapidly adjust to new tasks with minimal fine-tuning, these methods improve
sample efficiency and robustness to distribution shifts [120].

7.3. Memory-Efficient and Hardware-Aware PEFT

As PEFT is widely adopted in real-world applications, optimizing its implementation for hardware
efficiency is becoming a priority.
7.3.1. Sparse and Quantized PEFT

Recent research suggests that sparsity and quantization techniques can further reduce the com-
putational footprint of PEFT methods [121]. Sparse LoRA and quantized adapter layers have been
proposed to make fine-tuning even more memory-efficient.

7.3.2. Hardware-Aware Optimization

With the growing diversity of Al hardware (e.g., GPUs, TPUs, FPGAs), PEFT methods are
being optimized for different hardware architectures [122]. Custom implementations of LoRA and
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adapter layers tailored for specific hardware accelerators can significantly improve inference speed
and efficiency [123].

7.4. PEFT for Continual Learning and Lifelong Adaptation

Adapting large-scale models continuously over time without catastrophic forgetting is an active
research challenge [124]. PEFT provides a promising pathway for continual learning [125].

7.4.1. Dynamic Parameter Allocation

Instead of statically assigning adaptation parameters, researchers are investigating dynamic
parameter allocation, where new task-specific parameters are introduced incrementally while retaining
previous knowledge [126].

7.4.2. Memory-Augmented PEFT

Techniques that integrate external memory modules with PEFT are being explored to enhance
lifelong learning. By storing task-specific knowledge in external memory structures, models can
efficiently recall past adaptations without extensive retraining [127].

7.5. Beyond Traditional MLL: PEFT in Scientific and Edge Al Applications

PEFT is beginning to extend beyond traditional NLP and vision tasks into specialized scientific
and edge computing applications [128].

7.5.1. PEFT for Scientific Machine Learning

PEFT methods are being applied in areas such as molecular modeling, climate modeling, and
astrophysics, where fine-tuning foundation models on scientific data requires computational efficiency
[129].

7.5.2. PEFT in Edge Al and On-Device Learning

Deploying large models on edge devices remains a challenge due to hardware constraints. PEFT
techniques like LoRA and prompt tuning enable on-device adaptation, allowing Al models to be
fine-tuned locally while maintaining efficiency.

7.6. Challenges and Open Questions

While PEFT has made significant progress, several challenges remain:

®  Scalability to Extremely Large Models: As foundation models grow beyond a trillion parameters,
ensuring that PEFT remains efficient is an open question.

®  Understanding the Limits of PEFT: The theoretical boundaries of parameter-efficient adaptation
are still being explored.

®  Security and Robustness: Fine-tuning methods may introduce vulnerabilities, such as adversarial
attacks and unintended model behaviors, requiring further research [130].

7.7. Summary

PEFT is rapidly evolving, with new advancements in hybrid methods, continual learning, and
hardware-aware optimizations. As research progresses, PEFT will continue to make foundation models
more accessible, adaptable, and efficient across a wide range of applications [131]. The next section
concludes this survey by summarizing key findings and outlining future research directions [132].

8. Conclusion

The rapid advancement of foundation models has revolutionized machine learning, enabling
impressive performance across a wide range of tasks. However, their sheer scale presents significant
computational and deployment challenges. Parameter-efficient fine-tuning (PEFT) has emerged as a
practical solution, allowing models to adapt to new tasks with minimal additional parameters while
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preserving their pre-trained knowledge. In this survey, we have provided a comprehensive overview of
PEFT methods, covering their theoretical foundations, empirical performance, and emerging research
trends.

8.1. Key Takeaways
Our analysis of PEFT methods highlights several critical insights:

e  Effectiveness of PEFT: Techniques such as adapters, LoRA, prefix tuning, and prompt tun-
ing enable competitive performance compared to full fine-tuning while significantly reducing
computational and memory requirements.

*  Theoretical Justification: The success of PEFT is supported by principles such as the low-rank
subspace hypothesis, sparsity, and transfer learning, explaining why only a small fraction of
parameters need to be updated for effective adaptation.

e  Empirical Validation: Large-scale benchmarking studies across NLP, vision, and speech tasks
demonstrate that PEFT methods achieve near full fine-tuning performance while dramatically
improving efficiency.

e  Emerging Trends: Hybrid approaches, memory-efficient PEFT, continual learning, and hardware-
aware optimizations represent promising directions for further enhancing model adaptation.

8.2. Future Research Directions

While PEFT has achieved substantial progress, several open challenges remain:

8.2.1. Scaling PEFT to Ultra-Large Models

As foundation models continue to grow, PEFT techniques must scale accordingly. Research
is needed to determine how PEFT can be effectively applied to trillion-parameter models without
compromising efficiency or generalization.

8.2.2. Task-Agnostic and Universal PEFT

Current PEFT methods are primarily designed for specific tasks. Developing universal PEFT
strategies that generalize across a diverse set of domains without requiring per-task optimization
remains an open problem.

8.2.3. Robustness, Security, and Interpretability

Ensuring that PEFT-tuned models remain robust to adversarial attacks and unintended biases is a
critical area of investigation. Additionally, improving the interpretability of PEFT-based adaptations
could enhance trust and reliability in Al applications[71,133-136].

8.2.4. PEFT for Resource-Constrained Environments

Further optimizing PEFT for deployment on mobile devices, edge computing, and low-power
hardware will be crucial for making Al more accessible in real-world scenarios.

8.3. Final Thoughts

PEFT represents a significant paradigm shift in fine-tuning foundation models, making them
more efficient, scalable, and accessible. As research in this field continues to evolve, we anticipate that
PEFT will play a crucial role in the future of Al, enabling powerful models to be adapted efficiently
across diverse applications. By addressing existing challenges and exploring new directions, the next
generation of PEFT methods will further unlock the potential of foundation models while ensuring
their widespread usability and sustainability.
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