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Abstract

The rapid scaling of pre-trained foundation models in natural language
processing (NLP), computer vision (CV), and multimodal learning has led
to growing interest in methods that can adapt these large models efficiently
without incurring the full computational or storage costs of traditional fine-
tuning. Parameter-Efficient Fine-Tuning (PEFT) methods address this chal-
lenge by modifying or introducing a small subset of learnable parameters
while keeping the majority of the model frozen. In this survey, we present
a comprehensive and systematic overview of the landscape of PEFT ap-
proaches. We categorize the main families of PEFT methods—including
prompt tuning, adapter tuning, low-rank adaptation (e.g., LoRA), BitFit,
and sparse updating—providing unified mathematical formulations, detailed
comparative analyses, and extensive discussion of their theoretical underpin-
nings and empirical properties. We also explore implementation considera-
tions, evaluation benchmarks, and real-world applications across language,
vision, and multimodal domains. Finally, we highlight open challenges, in-
terpretability gaps, and future research directions in this rapidly evolving
field. Our goal is to serve as a foundation for researchers and practitioners
seeking to understand, apply, or advance the state of the art in parameter-
efficient adaptation of large-scale models.

Keywords: Parameter-Efficient Fine-Tuning, PEFT, Foundation Models, Large
Language Models, Large Vision Models, Prompt Tuning, Adapter Tuning, LoRA,
Low-Rank Adaptation, BitFit, Sparse Fine-Tuning, Transfer Learning, Multi-
modal Models, Efficient Adaptation, Model Compression, Continual Learning.
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1 Introduction
The unprecedented growth of large-scale pre-trained models, such as large lan-
guage models (LLMs) and vision-language models (VLMs), has led to significant
performance improvements across a wide spectrum of tasks in natural language
processing (NLP) and computer vision (CV). However, the immense size of these
models, often comprising billions of parameters, presents a substantial challenge
in terms of computational resources, storage, and energy consumption, especially
during fine-tuning for downstream applications. Parameter-Efficient Fine-Tuning
(PEFT) has emerged as a compelling paradigm to address these challenges. Rather
than updating all model parameters during task-specific adaptation, PEFT strate-
gies modify only a small subset of parameters or introduce lightweight modules,
thereby reducing memory footprint and training cost while maintaining—or even
surpassing—the performance of full fine-tuning. This paradigm is particularly
attractive in the era of foundation models, where reusing a fixed backbone for
multiple tasks is crucial for scalability and efficiency. In this survey, we pro-
vide a comprehensive overview of PEFT techniques applied to large language and
vision models. We categorize PEFT methods based on their architectural and
algorithmic principles, including adapter-based approaches, low-rank adaptation
(LoRA), prompt tuning, and hybrid strategies [1]. We also highlight recent ad-
vances that push the boundaries of parameter efficiency, examine their empirical
performance across diverse benchmarks, and discuss their practical considerations
in deployment scenarios. Our goal is to present an A-to-Z guide to PEFT: from
foundational concepts and motivating factors to detailed comparisons and open
research challenges. By consolidating the growing body of work in this rapidly
evolving area, we aim to provide researchers and practitioners with a clear and
structured understanding of parameter-efficient fine-tuning, and its pivotal role in
democratizing access to large-scale AI models.

2 Background and Motivation
Large-scale models, denoted as fθ : X → Y , where θ ∈ Rd represents the model
parameters, have demonstrated remarkable performance on a wide range of tasks.
However, the cost of training and fine-tuning such models scales with d, which
can be prohibitively large (e.g., d ≈ 109 to 1012 for modern LLMs and VLMs)
[2]. In a conventional fine-tuning setup, all parameters θ are updated to minimize
a task-specific loss function L(θ) on a target dataset Dtarget = {(xi, yi)}N

i=1 [3].
Formally:
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θ∗ = arg min
θ

N∑
i=1

L(fθ(xi), yi). (1)

This approach is resource-intensive and impractical for settings with limited
computational budgets or when deploying models across a fleet of devices [4].

2.1 Parameter-Efficient Fine-Tuning (PEFT)
PEFT techniques aim to decouple task-specific adaptation from full model retrain-
ing [5]. Instead of optimizing all parameters, PEFT methods introduce a small set
of additional parameters ϕ such that:

fθ,ϕ(x) = fθ(x; ϕ), (2)
where θ remains mostly frozen and ϕ is optimized. The number of trainable

parameters |ϕ| ≪ |θ|, often less than 1% of the full model size. Common PEFT
strategies include:

• Adapters: Introduce bottleneck modules within the model layers.

• Low-Rank Adaptation (LoRA): Parameterize updates using low-rank
matrices [6].

• Prompt Tuning: Optimize a set of task-specific embeddings prepended to
the input.

• BitFit: Update only the bias terms in each layer.

2.2 Motivating Factors
Several factors motivate the use of PEFT in large-scale models:

1. Scalability: Reduces the cost of fine-tuning hundreds of models for different
tasks or clients.

2. Modularity: Enables plug-and-play behavior by isolating task-specific pa-
rameters [7].

3. Storage Efficiency: Only the small parameter sets ϕ need to be stored
and shared [8].

4. Continual Learning: Facilitates lifelong learning without catastrophic for-
getting.
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2.3 Illustration of PEFT Paradigm
Figure 1 illustrates the fundamental concept behind PEFT using a transformer-
based architecture [9].

Transformer Layer

Attention

FFN

Adapter

LoRA ∆W = AB

Input Output

Adapter Module
LoRA Update
Frozen Parameters

Figure 1: Illustration of PEFT using adapter and LoRA modules integrated into
a transformer layer [10]. Only a small fraction of parameters are trained while the
majority remain frozen.

3 Taxonomy of Parameter-Efficient Fine-Tuning
Methods

To systematically understand the landscape of PEFT, we categorize methods based
on how they modify or augment the pre-trained model. We broadly group PEFT
techniques into four families:

1. Adapter-based methods

2. Low-rank adaptation methods

3. Prompt-based methods

4. Weight selection and reparameterization

Each family varies in design philosophy, trainable parameter footprint, and
target application domains.

3.1 Adapter-Based Methods
Adapter methods insert small trainable modules Adapterϕ within or between the
layers of a frozen backbone. Let a transformer block’s hidden representation be
h ∈ Rd; an adapter augments it as:

4



Adapterϕ(h) = Wup · σ(Wdown · h), (3)
where Wdown ∈ Rdr×d and Wup ∈ Rd×dr are learnable projection matrices with

dr ≪ d, and σ is a nonlinearity (e.g., ReLU or GELU). The residual addition to h
ensures compatibility:

h̃ = h + Adapterϕ(h). (4)
Popular examples include Houlsby Adapters and Compacter.

3.2 Low-Rank Adaptation Methods
Low-rank adaptation, popularized by LoRA, optimizes updates to existing weights
via low-rank decompositions. For a weight matrix W ∈ Rd×d, LoRA freezes W
and adds a low-rank delta:

W ′ = W + ∆W, where ∆W = AB, A ∈ Rd×r, B ∈ Rr×d[11]. (5)
The low-rank r ≪ d leads to a significant reduction in trainable parameters

while enabling expressive task adaptation.

3.3 Prompt-Based Methods
Prompt tuning treats the model as a frozen feature extractor and prepends learn-
able tokens p = [p1, . . . , pm] to the input. Let x = [x1, . . . , xn] be the original
input; then the modified input becomes:

x′ = [p1, . . . , pm, x1, . . . , xn], (6)
which is passed through the model without altering its weights. Prefix tuning

extends this idea by modifying key-value vectors inside attention blocks.

3.4 Weight Selection and Reparameterization
These approaches identify and tune a sparse subset of parameters, or reparame-
terize the model for efficient training [12]. BitFit, for instance, updates only bias
terms:

θ = {bias terms}, all other parameters frozen. (7)
Other techniques like Diff Pruning and Lottery Tickets focus on sparsity and

trainable subset selection.
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4 Adapter-Based Fine-Tuning
Adapter-based fine-tuning methods constitute one of the most well-established and
widely adopted families of parameter-efficient techniques [13]. The core idea is to
freeze the vast majority of the pre-trained model parameters and insert small train-
able modules—referred to as adapters—within the architecture. These adapters
are typically placed between the layers of a transformer or convolutional neural net-
work, depending on the modality[14]. Originally proposed in the context of transfer
learning for multilingual models, adapters have proven to be remarkably flexible,
enabling fine-tuning of large models on downstream tasks with minimal compu-
tational overhead [15]. A standard adapter module consists of a down-projection,
nonlinearity, and up-projection structure, typically resembling a bottleneck MLP
layer [16]. This configuration reduces the number of trainable parameters by a
factor of r/d, where r is the bottleneck dimension and d is the hidden size of the
model, while still providing enough expressivity to encode task-specific transfor-
mations [17]. A critical design decision lies in where these modules are inserted:
either after the attention sub-layer, the feed-forward network, or both [18]. Empir-
ical studies have found that placing adapters after each sub-layer (as proposed in
the Houlsby Adapter architecture) yields more robust transfer across tasks. Let us
denote the input to a transformer layer as h ∈ Rd [19]. In a traditional transformer
architecture, h undergoes multi-head self-attention followed by a feed-forward net-
work, both of which involve matrix multiplications with large weight matrices
[20]. In the adapter-based paradigm, a task-specific adapter module Adapterϕ is
inserted such that h is transformed into h̃ = h + Adapterϕ(h) [21]. The adapter
itself consists of two trainable matrices, Wdown ∈ Rdr×d and Wup ∈ Rd×dr , forming
a bottleneck: Adapterϕ(h) = Wup · σ(Wdown · h), where σ is a non-linear activation
such as ReLU or GELU [22]. This design allows the adapter to act as a residual
perturbation to the model’s hidden representation, with the added benefit that
the magnitude of this perturbation is tightly controlled by the small number of
parameters in Wdown and Wup. Crucially, since the rest of the model remains
untouched, multiple adapters can be trained for different tasks and stored inde-
pendently, enabling efficient multi-task adaptation and continual learning. This
modular design allows a single pre-trained model to support an arbitrary number
of downstream tasks by simply swapping adapter modules, which are typically
in the order of a few megabytes compared to gigabyte-scale backbones. Beyond
the basic bottleneck adapter, numerous variations have been proposed to improve
expressivity, parameter sharing, or training stability [23]. For example, the Com-
pacter architecture leverages hypercomplex multiplication to represent adapter
weights more compactly, further reducing the parameter count without compro-
mising performance [24]. Other extensions include the Parallel Adapter and the
Parallel-Residual Adapter, which alter the topology of integration between the
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adapter and the base model [25]. Instead of placing the adapter in series with the
feed-forward or attention block, these variants allow adapters to run in parallel
with the core layers, aggregating outputs before the residual connection [26]. This
architectural choice can result in better gradient flow and improved stability dur-
ing fine-tuning, especially in low-data regimes. Additionally, some works propose
routing-based mechanisms where a shared pool of adapter modules is selectively
activated based on the input or task identifier, enabling a mixture-of-experts fla-
vor to adapter usage [27]. In multilingual or multitask scenarios, these dynamic
adapters can route different language pairs or tasks through specialized pathways
while maintaining a fixed backbone [28]. Adapter-based methods have also been
extended to vision and multimodal models. In the vision domain, adapters have
been integrated into vision transformers (ViTs) to enable scalable fine-tuning on
diverse image classification and detection tasks. These visual adapters often use
spatial projection and channel mixing to align with the spatial nature of image
features [29]. In multimodal contexts, such as vision-language models (e.g., CLIP,
Flamingo), adapters provide a lightweight way to specialize a shared model for
downstream tasks like visual question answering or image captioning [30]. Here,
task-specific adapters can be inserted into both the language and visual branches
or even into the cross-modal fusion layers, enabling efficient task-specific adapta-
tion while preserving the original model’s broad capabilities [31]. This flexibility
has proven especially useful in settings where a large foundation model is deployed
across many applications with minimal retraining. The appeal of adapter-based
methods also lies in their training dynamics. Since only a tiny portion of the
model is updated, fine-tuning becomes substantially faster and more memory-
efficient [32]. This property enables low-resource users to benefit from large-scale
models using commodity hardware such as GPUs with 16–32 GB of VRAM [33].
Furthermore, adapters are naturally amenable to continual and federated learn-
ing, where clients can download a frozen base model and fine-tune a small adapter
on their private data without communicating gradients for the full model [34].
This setup not only reduces communication cost but also enhances privacy, mak-
ing adapter-based PEFT an attractive choice for real-world deployment scenarios.
Moreover, the ability to switch adapter modules at inference time introduces a
plug-and-play capability, where users can deploy different adapters for different
tasks or domains without duplicating the underlying model weights. In summary,
adapter-based fine-tuning methods offer a powerful and general-purpose framework
for efficient model adaptation [35]. Their modularity, compactness, and strong em-
pirical performance across modalities and tasks make them a foundational element
of the PEFT landscape [36]. As the field continues to evolve, adapters are likely
to remain a cornerstone of efficient transfer learning in both academic research
and industrial applications. Future developments may include more dynamic and
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context-aware adapters, tighter integration with retrieval-augmented generation,
and further compression techniques to push the efficiency frontier even further.

5 Low-Rank Adaptation Methods
Low-rank adaptation methods, often grouped under the LoRA family, represent a
powerful and elegant approach to parameter-efficient fine-tuning by exploiting the
linear algebraic properties of neural network weight matrices. The foundational
insight behind these methods is that the change in weights required to adapt a
large pre-trained model to a new task often lies in a low-dimensional subspace
[37]. Rather than updating the full weight matrix, which is both parameter- and
computation-intensive, LoRA-style methods decompose the update into the prod-
uct of two low-rank matrices. This strategy not only reduces the number of train-
able parameters by orders of magnitude but also preserves the original pre-trained
weights, ensuring that the base model’s capabilities remain intact and reusable
across tasks. Formally, consider a neural network layer characterized by a weight
matrix W ∈ Rdout×din , which transforms an input vector x ∈ Rdin via Wx. In
standard fine-tuning, W is updated to a new value W ′ = W + ∆W , where ∆W
is a dense matrix learned from scratch [38]. In LoRA, however, ∆W is param-
eterized as a low-rank matrix: ∆W = AB, where A ∈ Rdout×r and B ∈ Rr×din ,
with rank r ≪ min(dout, din). The forward pass becomes Wx + ABx, where only
A and B are learned while W is frozen [39]. This formulation drastically reduces
the number of trainable parameters from dout × din to r(dout + din), which can be
less than 1% of the original count for typical rank choices such as r = 4 or 8 [40].
Moreover, by scaling the LoRA update with a learnable or fixed coefficient α/r,
the impact of the low-rank perturbation can be controlled, allowing fine-grained
tuning of model behavior [41]. One of the elegant aspects of LoRA is that it inte-
grates seamlessly into existing architectures without altering their inference-time
footprint [42]. During deployment, the low-rank matrices A and B can be fused
into the original weight matrix W as a single update, effectively collapsing the
model back into its original shape [43]. This makes LoRA especially appealing for
latency-sensitive applications, as it does not increase the model’s depth, width, or
memory access patterns [44]. Furthermore, LoRA has been successfully applied to
key components of transformer architectures, including the query, key, and value
projection matrices in attention blocks, as well as feed-forward layers. Since the
self-attention mechanism is sensitive to small perturbations in these weights, fine-
tuning via low-rank updates proves to be highly expressive, enabling the model to
specialize to new tasks with minimal additional computation. Variants and exten-
sions of LoRA have emerged rapidly, reflecting the method’s foundational role in
the PEFT ecosystem. For example, LoHa (Low-rank Hadamard Product Atten-
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tion) modifies the way attention weights are decomposed, introducing structured
element-wise interactions that increase representational capacity without inflating
parameter count [45]. Another extension, Q-LoRA, introduces quantization into
the fine-tuning pipeline. Q-LoRA freezes the full-precision pre-trained model and
quantizes it (e.g., to 4-bit or 8-bit precision) during inference and fine-tuning, while
still learning the LoRA weights in full precision [46]. This hybrid strategy dramati-
cally reduces memory consumption during training, making it possible to fine-tune
65B+ models on a single A100 GPU, thus democratizing access to frontier mod-
els. The theoretical grounding of LoRA-type methods lies in the observation that
many large weight updates during training are actually redundant or highly cor-
related across neurons. Empirical studies of weight changes in pre-trained models
have revealed that the dominant directions of adaptation can be captured by a few
principal components, suggesting an inherently low intrinsic dimensionality of the
optimization trajectory. By aligning with these low-dimensional subspaces, LoRA
not only reduces the number of parameters but also constrains the optimization
landscape, potentially improving generalization and reducing overfitting in low-
data regimes. Moreover, the composability of LoRA weights allows different tasks
to be represented by distinct low-rank matrices, which can be stored, shared, and
swapped independently [47]. This property is particularly beneficial in multi-task
learning or federated learning settings, where bandwidth and storage constraints
make full model replication infeasible. In practical implementations, LoRA typ-
ically requires only minor architectural changes and can be enabled via libraries
such as HuggingFace PEFT or PEFT-compatible implementations in OpenDelta
or Parameter Efficient LLMs. The simplicity of the design belies its powerful
implications: LoRA enables fast and memory-efficient adaptation of massive lan-
guage and vision models to diverse downstream tasks such as machine translation,
question answering, image captioning, and medical report generation [48]. Fur-
thermore, LoRA is model-agnostic—it can be applied not only to encoder-decoder
models like T5 but also to decoder-only models like GPT, autoregressive image
models like MaskGIT, and even hybrid architectures like Flamingo or BLIP. This
generality, combined with its practical benefits, has led to widespread adoption
in both academia and industry, with LoRA modules now frequently included in
public model releases and system pipelines. In summary, low-rank adaptation
methods represent a cornerstone of modern parameter-efficient fine-tuning. Their
blend of theoretical elegance, practical efficiency, and empirical success makes them
a default choice for adapting large pre-trained models to specialized tasks under
resource constraints [49]. As models continue to grow and the need for scalable
deployment increases, we expect further innovations in this space, including dy-
namic low-rank adaptation, task-conditioned decompositions, and integration with
retrieval-augmented or instruction-based paradigms [50]. LoRA and its variants
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not only offer a solution to the practical bottlenecks of full fine-tuning but also
open up new research directions in understanding the low-dimensional structure
of knowledge transfer in large-scale models.

6 Prompt-Based Fine-Tuning
Prompt-based fine-tuning methods represent a conceptually distinct class of PEFT
approaches that reformulate the adaptation problem by shifting the trainable com-
ponents entirely to the input space [51]. Rather than modifying internal weights
or inserting architectural augmentations, prompt-based techniques prepend or in-
fuse learnable vectors—referred to as soft prompts—into the model’s inputs or
internal activations [52]. This idea draws inspiration from the success of prompt
engineering in natural language processing, where cleverly crafted textual prompts
can significantly influence the outputs of large language models (LLMs) without
any gradient updates. Prompt tuning elevates this idea to a trainable paradigm,
wherein the prompts themselves are parameterized as continuous vectors optimized
to guide the model toward desired task behavior. Importantly, the pre-trained
model remains completely frozen, making this a particularly appealing method for
scenarios requiring extreme parameter efficiency and strict preservation of the base
model’s capabilities [53]. In its simplest instantiation, soft prompt tuning intro-
duces a sequence of trainable embeddings p = [p1, p2, . . . , pm], where each pi ∈ Rd

and d is the model’s embedding dimension [54]. These prompts are prepended to
the tokenized input sequence, forming an augmented input [p1, . . . , pm, x1, . . . , xn],
where xi are the token embeddings of the original input. The model processes
this extended sequence as if it were a regular input, leveraging its existing lan-
guage modeling capabilities to generate outputs conditioned on the prompt. Since
the prompts live in the same vector space as token embeddings, they are ini-
tialized either randomly or from existing token vectors and are optimized using
standard gradient descent on a task-specific objective. The number of trainable
parameters is thus reduced to m × d, often only a few thousand parameters for
reasonable values of m (e.g., 20–100) [55]. Despite this extreme reduction in pa-
rameter count, prompt tuning has been shown to match or even outperform full
fine-tuning on certain tasks, especially when using very large models (e.g., GPT-3
or T5-XXL), where the pre-trained capacity compensates for the simplicity of the
learned adaptation. Prefix tuning expands on this concept by inserting learnable
vectors not at the input level, but into the key and value projections of attention
layers throughout the transformer. For each transformer layer ℓ, learnable prefix
vectors k(ℓ), v(ℓ) ∈ Rm×d are concatenated to the original key and value sequences
computed from the input. Specifically, if K(ℓ) and V (ℓ) are the standard key and
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value matrices derived from the input at layer ℓ, the modified attention becomes:

Attention(Q(ℓ), [k(ℓ); K(ℓ)], [v(ℓ); V (ℓ)]), (8)

where Q(ℓ) is the query matrix and [ ; ] denotes concatenation along the sequence
dimension. This allows the model to “attend” to the soft prompts during every
layer of processing, giving them deeper influence over the model’s internal rep-
resentations. Unlike prompt tuning, which acts solely on the input embeddings,
prefix tuning injects control at every transformer block, yielding greater flexibil-
ity and expressivity. Moreover, since the prompt vectors are independent of the
input, they function similarly to learned control signals, guiding the model to act
in task-specific ways while leaving the original attention mechanism untouched.
A more recent and powerful evolution of this approach is P-Tuning v2, which
unifies prompt tuning and prefix tuning into a single framework and scales well
to large models and diverse tasks. It learns hierarchical prompt structures that
are injected at multiple layers, potentially with layer-specific transformations [56].
The design emphasizes parameter-sharing and regularization to maintain general-
ization, while still achieving strong task-specific adaptation [57]. The success of
P-Tuning v2 has been demonstrated across the GLUE and SuperGLUE bench-
marks, as well as multilingual and cross-domain applications, underscoring the
versatility of prompt-based PEFT methods. Prompt-based fine-tuning methods
are also naturally aligned with the causal nature of decoder-only models like GPT,
which process input in an autoregressive fashion. Because these models condition
each token on previous ones, the injected prompt has a persistent influence across
the entire forward pass [58]. As such, prompt tuning is particularly effective in
tasks like text generation, summarization, and few-shot inference [59]. Moreover,
since the frozen model’s vocabulary and positional encoding remain intact, prompt
tuning preserves linguistic priors encoded during pre-training, thereby ensuring
high performance even with minimal downstream supervision. Importantly, the
optimization landscape of prompt-based methods differs significantly from that of
traditional weight-based fine-tuning: the model must “learn to use” the prompts
effectively through its pre-trained mappings, leading to challenges such as prompt
drift, task interference, and instability in low-data regimes. Various regularization
techniques, such as prompt dropout, orthogonality constraints, and initialization
from real token embeddings, have been proposed to mitigate these issues. Beyond
language models, prompt-based PEFT techniques have also found success in vi-
sion and multimodal domains. In vision-language models like CLIP, prompts can
be textual or visual, and tuning them allows for flexible zero-shot and few-shot
classification [60]. Visual prompt tuning, for instance, learns a small set of im-
age tokens or spatial perturbations appended to input images processed by vision
transformers [61]. These visual prompts can be shared across tasks or specialized
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for each, enabling adaptation without modifying the base ViT encoder [62]. Mul-
timodal prompt tuning extends these ideas to cross-attention layers, allowing a
unified adapter to influence how visual and textual modalities are fused. These
methods maintain the promise of minimal trainable overhead while enabling effec-
tive transfer to new tasks such as VQA, image-text retrieval, and captioning [63].
In conclusion, prompt-based fine-tuning represents a compelling trade-off between
efficiency and performance [64]. By leveraging the power of learned embeddings
and careful insertion points within transformer architectures, these methods en-
able large pre-trained models to be adapted to new tasks with a fraction of the
parameters and no alteration to the model weights. Their compatibility with
frozen backbones, versatility across modalities, and potential for plug-and-play
inference make them an indispensable tool in the PEFT toolkit. As foundation
models continue to grow in scale and ubiquity, the role of prompt-based adapta-
tion strategies is likely to expand further, potentially evolving toward dynamic,
context-conditioned prompts, memory-augmented tuning, and hybrid models that
blend discrete and continuous prompt components for maximal expressiveness.

7 BitFit and Sparse Fine-Tuning Methods
BitFit and sparse fine-tuning methods offer a minimalistic yet surprisingly effec-
tive approach to parameter-efficient adaptation of large pre-trained models. These
techniques lie at the extreme end of the PEFT spectrum, proposing that even fewer
parameters—sometimes fewer than 0.1% of the total model—need to be updated
to achieve meaningful performance on downstream tasks. Unlike adapter-based or
low-rank methods that introduce auxiliary modules, or prompt-based approaches
that manipulate inputs or activations, BitFit constrains fine-tuning to a small,
fixed subset of the original model parameters—often just the bias terms—while
sparse methods identify and update a dynamically selected subset of the model
weights [65]. The fundamental insight is that large pre-trained models already
encode rich and flexible representations, and that minimal task-specific pertur-
bations, strategically placed, may be sufficient to steer model behavior toward a
desired target function [66]. BitFit, short for "bias-only fine-tuning," was intro-
duced as an empirical hypothesis: that updating only the bias vectors {b(ℓ)} in
each linear or affine transformation suffices for high performance on many tasks,
particularly classification and regression [67]. Let each transformer layer consist of
weight matrices W (ℓ) and biases b(ℓ), with the transformation f (ℓ)(x) = W (ℓ)x+b(ℓ).
BitFit proposes to freeze all weights W (ℓ) and only optimize the bias vectors b(ℓ),
leading to a dramatic reduction in trainable parameters. Since the number of bias
parameters is on the order of O(dL), where d is the model’s hidden size and L
is the number of layers, this approach achieves an efficiency unmatched by more
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expressive methods. Surprisingly, despite this simplicity, BitFit achieves competi-
tive results with full fine-tuning on many GLUE benchmark tasks, indicating that
bias terms alone possess enough flexibility to capture the marginal perturbations
required for task-specific adaptation. The mechanism underlying this effectiveness
may lie in the fact that biases shift the feature distribution in each layer, subtly
altering the activation flow across the network in a globally consistent way [68].
Sparse fine-tuning generalizes this idea by selecting and updating a sparse subset
of the model weights, rather than restricting updates to a fixed component such as
bias. A sparse mask M is defined over the weight tensor W , where only entries Wi,j

for which Mi,j = 1 are allowed to be updated during training [69]. The challenge
is to identify an optimal mask that captures the most task-relevant parameters
under a strict parameter budget [70]. Methods such as DiffPrune, SparseGPT,
and Dynamic Sparse Training (DST) propose various criteria for mask selection,
ranging from gradient-based heuristics (e.g., update entries with the largest gra-
dient magnitude) to structural or importance-based metrics. Mathematically, the
goal is to solve:

min
∆W

L(f(x; W + ∆W )) s.t. ∥∆W∥0 ≤ k, (9)

where ∥ · ∥0 denotes the ℓ0-norm (counting nonzero entries), and k is the sparsity
budget [71]. Since this problem is combinatorially hard, approximate solutions
involve pruning strategies, reparameterizations, or sparse learning schedules that
gradually reveal or freeze weights over training [72]. Sparse fine-tuning can be
layerwise, groupwise, or dynamic, depending on whether sparsity is enforced uni-
formly across the model or adaptively discovered during training. A notable ad-
vantage is that sparsity constraints can be combined with other PEFT strategies,
such as LoRA or adapter tuning, to further compress the adaptation space [73].
The sparse tuning paradigm is particularly attractive in resource-constrained or
edge deployment scenarios, where every kilobyte of memory or floating-point oper-
ation must be justified. Updating only 0.05% of the model—carefully chosen—can
outperform naive low-rank adaptations or even full fine-tuning under small data
regimes. Moreover, sparsity brings interpretability benefits: understanding which
weights matter most for a given task can offer insights into the model’s internal
structure and inductive biases [74]. In practice, however, sparse fine-tuning suf-
fers from certain limitations. Sparse gradients can lead to optimization instability,
and the overhead of mask management may offset memory gains unless imple-
mented efficiently. Recent work has addressed these challenges via sparse tensor
libraries and block-sparse GPU kernels that enable high-throughput training on
sparsified models. Hybrid approaches have also emerged. For example, DynaS-
parse or Sparse-LoRA apply LoRA-style low-rank updates only to sparse subspaces
of the weight matrices, combining the best of both worlds [75]. Other methods
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use lottery ticket-style rewinding, where initializations from pre-training are used
to re-initialize sparse subnetworks that are then fine-tuned, ensuring better gen-
eralization [76]. BitFit has also been extended into hierarchical variants, where
both bias and layer norm parameters are adapted, further enhancing expressive-
ness while preserving parameter economy. This results in a parameter budget that
scales linearly with model depth rather than width, ideal for very deep architec-
tures like BERT-110M or ViT-B [77]. The appeal of BitFit and sparse fine-tuning
lies not only in their parameter savings but also in their theoretical implications.
They challenge the common assumption that task adaptation requires expressive,
high-dimensional parameter changes [78]. Instead, they suggest that the latent
manifold of useful solutions is low-dimensional and possibly sparsely connected
to the pre-trained weight space. This perspective motivates further exploration
into neural reparameterization, efficient subspace optimization, and biologically
inspired learning where synaptic changes are sparse and highly localized [79]. In
summary, BitFit and sparse tuning push the limits of minimalism in PEFT [80].
They demonstrate that surprisingly strong performance can be obtained with a
vanishingly small number of trainable parameters, provided those parameters are
appropriately chosen. While they may not match the full flexibility of adapter-
or LoRA-based methods, their computational simplicity and interpretability make
them valuable tools for practitioners [81]. As hardware evolves to support fine-
grained sparsity and as theoretical understanding deepens, these techniques may
become the foundation for ultra-lightweight and personalized model deployments
at scale.

8 Evaluation and Benchmarking of PEFT Meth-
ods

A comprehensive and rigorous evaluation framework is essential for understand-
ing the relative effectiveness, robustness, and transferability of parameter-efficient
fine-tuning (PEFT) methods. Since PEFT operates under strict parameter con-
straints while aiming to approximate or match the performance of full fine-tuning,
standard evaluation metrics alone—such as accuracy or F1 score—are often insuf-
ficient to capture the nuanced trade-offs involved. Therefore, benchmarking PEFT
approaches requires multidimensional assessment criteria, encompassing not only
task performance but also adaptation cost, parameter count, computational over-
head, convergence stability, and generalization behavior [82]. In addition, the
choice of datasets, model sizes, and experimental protocols critically influences
conclusions about the comparative utility of PEFT techniques. A well-designed
evaluation must isolate variables, quantify trade-offs, and support reproducibility
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to guide principled adoption in practical deployments. Let T = {T1, T2, . . . , TK}
denote a set of downstream tasks and let fθ be a pre-trained model with pa-
rameters θ [83]. Under PEFT, we introduce a small trainable parameter sub-
set ϕ ⊂ θ or ϕ ∩ θ = ∅, yielding a new model fθ,ϕ. The evaluation goal is to
measure the task-specific loss LTk

(fθ,ϕ) for each Tk ∈ T , while controlling for
∥ϕ∥0, the number of trainable parameters. A basic metric is the performance
gap ∆k = LTk

(fθ,ϕ) − LTk
(fθ∗), where θ∗ denotes the fully fine-tuned model [84].

Averaging over tasks yields the aggregate PEFT gap:

∆avg = 1
K

K∑
k=1

∆k, (10)

which captures how much performance is lost due to parameter constraints [85].
However, this scalar metric must be contextualized by the relative parameter effi-
ciency η = ∥ϕ∥0

∥θ∥0
and training cost C(ϕ) (e.g., FLOPs, wall-clock time), leading to

efficiency-adjusted scores such as:

EffScore = 1 − ∆avg

η · C(ϕ) . (11)

Such normalized efficiency scores allow direct comparison across diverse methods
and hardware platforms, reflecting real-world constraints more accurately than
accuracy metrics alone. Benchmarks commonly used for evaluating PEFT in-
clude standard NLP tasks such as GLUE, SuperGLUE, and XTREME, covering
a range of syntactic, semantic, and multilingual understanding tasks. For vision
models, datasets such as ImageNet, CIFAR-100, and VTAB serve as baselines,
while multimodal evaluation involves benchmarks like VQAv2, MSCOCO, and
OK-VQA. Each benchmark has unique characteristics—task diversity, class imbal-
ance, domain shift—that challenge different aspects of PEFT. For instance, few-
shot and low-resource settings are particularly informative for assessing prompt-
tuning methods, which often excel with minimal data [86]. In contrast, adapter
and LoRA-based methods may outperform in moderate to high-data regimes due
to their greater expressivity [87]. Another critical dimension of benchmarking is
robustness [88]. Robustness to input perturbations, adversarial attacks, and dis-
tribution shifts remains underexplored in the PEFT context. Since many PEFT
methods freeze most of the model, they may inherit the brittle generalization char-
acteristics of the pre-trained model without the compensatory flexibility afforded
by full fine-tuning. To evaluate this, one may compute robustness margins:

RMϵ = Ex∼D [L(fθ,ϕ(x)) − L(fθ,ϕ(x + δ))] , s.t. ∥δ∥ < ϵ, (12)

which quantify the sensitivity of the PEFT model under ℓp-bounded perturba-
tions. Robustness-aware metrics like RMϵ or adversarial accuracy under PGD or
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FGSM attacks are vital for deployment in high-stakes settings [89]. The choice
of base model also affects benchmarking outcomes. Many PEFT studies rely on
fixed-size encoders such as BERT-base, RoBERTa-large, or ViT-B/16 to ensure
comparability, but performance gaps and efficiency gains often widen as model
size increases [90]. It has been empirically observed that soft prompt tuning and
BitFit, in particular, scale better with model size than smaller PEFT modules
such as adapters, which may underfit on large-scale backbones. Therefore, scaling
curves—performance vs. model size—should be included in evaluation to under-
stand how PEFT methods behave asymptotically. In addition, ablation studies
and sensitivity analyses are critical for understanding the behavior of PEFT under
hyperparameter variation [91]. For example, prompt length, rank of LoRA ma-
trices, layer insertion depth for adapters, and sparsity ratio for sparse tuning can
dramatically affect downstream performance [92]. A complete evaluation report
should include grid or random search results, as well as robustness to initialization
variance (e.g., across seeds) [93]. Moreover, it is increasingly standard to perform
few-shot, in-domain, and cross-domain evaluations in a unified framework to assess
generalization [94]. Finally, reproducibility and transparency are vital [95]. Many
PEFT results are sensitive to subtle factors such as learning rate warm-up, layer
norm treatment, or positional encoding schemes. Therefore, benchmark reposito-
ries such as PEFTBench, AdapterHub, and HuggingFace’s PEFT library play a
crucial role in standardizing evaluation protocols and promoting fair comparison.
Ideally, each reported result should include model card metadata detailing train-
ing conditions, parameter counts, GPU hours, and dataset licenses to promote
sustainable and ethical research practices [96]. In conclusion, evaluating PEFT
methods is an inherently multi-faceted task that requires going beyond raw accu-
racy to encompass efficiency, robustness, scalability, and reproducibility [97]. As
PEFT becomes a cornerstone of practical fine-tuning for foundation models, fu-
ture benchmarks must evolve to reflect emerging applications, support multimodal
scenarios, and enable dynamic model selection under hard constraints. Only with
such comprehensive evaluation can we truly understand the cost-performance fron-
tier of parameter-efficient adaptation.

9 Applications of PEFT in Natural Language,
Vision, and Multimodal Domains

Parameter-efficient fine-tuning (PEFT) techniques have demonstrated wide appli-
cability across a spectrum of domains where deploying large pre-trained models
under limited compute, storage, or privacy constraints is crucial [98]. The grow-
ing diversity of PEFT approaches—ranging from low-rank updates and adapters
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to prompt-based tuning and sparsity-aware methods—has enabled practitioners
to tailor adaptation strategies to a variety of application-specific desiderata, such
as rapid domain adaptation, low-latency inference, personalization, and contin-
ual learning [99]. As foundation models become increasingly ubiquitous across
industry and research, the operational feasibility of adapting these models with
minimal overhead has shifted PEFT from a theoretical optimization problem to a
central practical concern. This section surveys the deployment of PEFT methods
in major application domains, highlighting domain-specific considerations, perfor-
mance trade-offs, and case studies of real-world adoption [100]. In natural language
processing (NLP), PEFT methods have been instrumental in adapting large lan-
guage models (LLMs) such as GPT-3, BERT, and T5 to downstream tasks like
sentiment classification, question answering, information retrieval, and dialogue
generation. One major application driver is low-resource adaptation: tasks with
few labeled examples or domain shifts (e.g., biomedical, legal, or social media cor-
pora) benefit immensely from tuning methods that require few parameters and
exhibit strong inductive biases. For instance, prompt tuning has found significant
success in zero- and few-shot learning settings, particularly when combined with
instruction tuning or retrieval-augmented models [101]. Adapter-based methods,
on the other hand, have proven particularly useful in multi-task and multilingual
NLP, where the modularity of adapters enables flexible parameter reuse [102].
Consider a multilingual BERT system augmented with task-specific adapters for
each language-pair translation task; the overall model size remains nearly constant
while supporting dozens of translation directions [103]. More recently, LoRA and
QLoRA have enabled parameter-efficient instruction-following tuning of massive
LLMs (e.g., LLaMA-65B) using consumer-grade hardware, democratizing access to
powerful generative capabilities and accelerating development cycles for chatbots,
summarization tools, and creative writing assistants [104]. In computer vision
(CV), the application of PEFT is relatively newer but growing rapidly, especially
with the rise of Vision Transformers (ViTs) and contrastive pretraining paradigms
such as CLIP. Unlike CNNs, ViTs are naturally more amenable to PEFT strategies
due to their modular layer structures and high redundancy in self-attention blocks
[105]. Adapter-based methods, particularly those placed after attention and MLP
layers, have been effectively used for image classification, object detection, and se-
mantic segmentation tasks [106]. For example, in transfer learning from ImageNet
to medical imaging datasets like ChestX-ray14, fine-tuning only a small number of
adapters significantly outperforms linear probing while preserving computational
tractability. LoRA has also been successfully applied to tune visual transformers
for domain-specific applications such as satellite imagery and autonomous driving,
where full model retraining is prohibitive [107]. Moreover, sparse and BitFit-like
methods in vision remain underexplored, but initial results indicate that even small
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shifts in biases or structured subspace updates can yield surprisingly high returns
in cross-domain settings with minimal data. The multimodal domain represents a
particularly exciting frontier for PEFT, as it necessitates the adaptation of multi-
branch architectures with cross-modal attention and modality-specific encoders.
Prominent examples include models like Flamingo, GIT, and CLIP, which jointly
process vision and language to perform tasks such as visual question answering
(VQA), captioning, and referring expression comprehension. Here, the benefits of
PEFT are twofold: parameter savings facilitate scalability to new modalities (e.g.,
audio, video, sensor data), while modularity enables fine-grained control over which
modalities are adapted, frozen, or jointly tuned. In practice, a common strategy
is to fine-tune only the cross-modal fusion layers via low-rank or adapter modules,
while freezing the modality-specific encoders (e.g., a ViT and a BERT) [108]. This
avoids catastrophic forgetting and enables rapid deployment to novel multimodal
tasks with limited supervision. Additionally, prompt-based approaches can be
extended to multimodal prompting (e.g., visual prompts or joint embeddings), en-
abling zero-shot transfer from text-only pretraining to image-text alignment tasks
[109]. Personalization is another emergent area where PEFT shines. For language
models deployed in conversational agents, email assistants, or recommendation
engines, personalization requires user-specific tuning without retraining the entire
model for each individual. LoRA and BitFit allow creating low-footprint user
adapters or embedding offsets that encode personal preferences, writing style, or
task history. These personalized modules can be stored and switched dynamically,
enabling real-time adaptation while preserving user privacy and global model in-
tegrity. Similarly, in vision-based applications such as AR/VR or gaze tracking,
user calibration modules can be implemented via PEFT techniques to fine-tune
model behavior with only a few calibration samples [110]. Continual learning
and domain adaptation offer further fertile ground for PEFT. In these regimes,
the model must adapt to a stream of changing tasks or environments without
catastrophic forgetting of earlier knowledge [111]. Adapter-based architectures are
particularly useful here, as they allow new tasks to be added as plug-in modules
while preserving the core model [112]. Some methods use sparsity constraints or
orthogonal projection schemes (e.g., Orthogonal Weight Modification) to avoid
interference between tasks [113]. In robotics, for instance, continual adaptation
to new environments or object types can be achieved by stacking LoRA modules
per environment, preserving task-specific behavior without resetting the model or
maintaining multiple full copies. In summary, the applications of PEFT meth-
ods are broad, impactful, and rapidly expanding across natural language, vision,
and multimodal domains [114]. They provide practical solutions to longstanding
challenges in efficient deployment, personalization, and robust adaptation, making
them indispensable in modern AI systems. As PEFT methods continue to evolve
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and mature, their integration into end-to-end pipelines—from pretraining to de-
ployment—will become standard practice, driving innovation across academia and
industry [115].

10 Conclusion and Future Directions
Parameter-efficient fine-tuning (PEFT) has emerged as a transformative paradigm
for adapting large-scale pre-trained models across diverse tasks, domains, and
modalities. By selectively updating a small subset of parameters or introducing
compact learnable modules, PEFT techniques offer a compelling trade-off between
performance, efficiency, and scalability [116]. This survey has provided a compre-
hensive overview of the PEFT landscape—covering soft and hard prompt tun-
ing, adapter modules, low-rank adaptation techniques such as LoRA and QLoRA,
sparse and BitFit-based methods, as well as a unified treatment of their mathe-
matical foundations, empirical behaviors, and practical implications. Across lan-
guage, vision, and multimodal tasks, PEFT has consistently demonstrated the
ability to match or even surpass full fine-tuning baselines under dramatically re-
duced compute and memory footprints [117]. The generality, modularity, and
cost-effectiveness of these methods have enabled widespread adoption in both aca-
demic research and industrial deployment. Despite these advances, many chal-
lenges remain unresolved, offering rich directions for future research. One of the
most fundamental open questions concerns the theoretical understanding of why
PEFT works so well [118]. What properties of the pre-trained parameter landscape
allow for such high-fidelity task adaptation in low-dimensional or sparse subspaces
[119]? Are there universal inductive biases that certain PEFT strategies implicitly
exploit, such as alignment with principal directions of the Fisher information ma-
trix or layerwise curvature profiles? Answering these questions may require new
theoretical frameworks that combine insights from information geometry, repre-
sentation learning, and low-rank matrix theory. Closely related is the need for
better interpretability: understanding which parameters, features, or modules are
responsible for successful adaptation could guide the design of even more efficient
methods. A second important direction lies in the design of PEFT strategies that
go beyond static architectures. Most current approaches operate by inserting or
optimizing fixed modules (e.g., a rank-r matrix in LoRA, or a prompt embedding
of length l). However, dynamic and data-dependent architectures—where the size,
position, or content of the adaptation modules evolves during training—remain un-
derexplored. Such methods could adaptively allocate parameter budgets based on
gradient saliency, token importance, or activation entropy, leading to models that
self-regularize their parameter usage based on task complexity. Meta-learning, re-
inforcement learning, and neural architecture search may offer powerful tools for
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automatically discovering efficient PEFT configurations. The interaction between
PEFT and other machine learning paradigms also invites further study [120]. For
example, how can PEFT be effectively integrated with continual learning to enable
seamless, lifelong adaptation [121]? Can PEFT enhance the robustness and fair-
ness of foundation models by enabling targeted updates without global retraining?
In federated learning and edge AI, PEFT offers a natural fit due to its low com-
munication cost and high modularity—but methods must be developed to handle
heterogeneous data, privacy constraints, and noisy updates [122]. Similarly, in the
context of generative models such as diffusion models or instruction-tuned LLMs,
PEFT techniques tailored for generation-specific components (e.g., decoder-only
attention blocks, cross-attention layers, or denoising steps) remain underdevel-
oped. Such extensions may be key to scaling generative AI safely and sustainably.
Another frontier is the unification of PEFT across modalities. While individual
methods have been applied successfully in NLP and CV, unified architectures that
support efficient adaptation across text, vision, audio, and other sensor modalities
remain rare. Building such systems requires designing PEFT modules that are
modality-agnostic, interoperable, and tunable at multiple granularity levels [123].
This could enable truly generalist models that can be deployed on any device,
customized for any user, and updated continuously in response to new tasks. Inte-
grating this with multimodal alignment, cross-modal prompts, or shared tokeniza-
tion schemes may give rise to a new generation of highly adaptable and efficient AI
agents. Lastly, benchmarking and standardization must keep pace with innovation
[124]. The community would benefit from a rigorous, modular PEFT benchmark
suite that includes not just accuracy metrics, but also measures of training time,
memory usage, inference latency, robustness, and environmental impact. Such
benchmarks should support reproducibility across hardware platforms and include
realistic deployment scenarios such as few-shot learning, personalization, and do-
main shift [125]. Community-driven repositories, shared baselines, and transparent
evaluation protocols will be essential to ensure that progress in PEFT is cumula-
tive, grounded, and ethically aligned [126].

In conclusion, PEFT has redefined how we approach fine-tuning in the era
of large foundation models. Its flexibility, efficiency, and versatility make it not
just an optimization technique, but a foundational design principle for the next
generation of adaptable AI systems. As models grow ever larger and are deployed
across increasingly dynamic, distributed, and personalized environments, PEFT
will play a central role in making powerful AI both accessible and sustainable.
The field stands at a promising inflection point—one where theoretical insights,
methodological innovations, and real-world applications can converge to unlock
the full potential of parameter-efficient adaptation.
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