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Abstract
Fully fine-tuning large pre-trained models for each down-
stream task is impractical due to prohibitive memory, compu-
tation, and storage costs. Although parameter-efficient fine-
tuning (PEFT) methods address this issue, leading methods
like LoRA still exhibit linear scaling of trainable parame-
ters with hidden size. Recent studies have explored PEFT
in the frequency domain to reduce computational costs by
employing fast Fourier transform and discrete cosine trans-
form with sparse frequency selection. These methods rely
on global frequency representations that lack spatial local-
ity and disperse energy across the domain. As a result, sparse
coefficient selection struggles to preserve fine-grained struc-
tural information and often introduces artifacts such as ring-
ing near boundaries. To address these limitations, we pro-
pose DWTSG, a novel PEFT framework based on discrete
wavelet transform (DWT) and subband guidance. DWTSG
decomposes pre-trained weights into four wavelet subbands
that jointly encode global context and local details. It fine-
tunes only the most informative coefficients in each subband
through an energy-based selection strategy that prioritizes co-
efficients based on their individual importance and interac-
tions. Finally, inverse DWT reconstructs the updated weights,
enabling efficient and precise adaptation. Extensive experi-
ments on natural language understanding, commonsense rea-
soning, and image classification demonstrate that DWTSG
outperforms existing PEFT methods, achieving superior per-
formance and higher parameter efficiency.

Introduction
Large pre-trained models (LPMs) have achieved remarkable
success across natural language processing and computer
vision tasks. However, as these models continue to scale,
fully fine-tuning them for each downstream task becomes
increasingly impractical due to high memory, computation,
and storage demands (Wolf et al. 2020; Brown et al. 2020;
Ding et al. 2023). To mitigate these challenges, parameter-
efficient fine-tuning (PEFT) methods have emerged, aiming
to reduce overhead by updating only a small subset of pa-
rameters or incorporating lightweight modules (Hu et al.
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Figure 1: Residual heatmaps of reconstructed v proj weight
matrix from the first self-attention layer of LLaMA2-7B,
where each reconstruction is based on the top 10% of energy
coefficients preserved by (a) FFT, (b) DCT, and (c) DWT.
FFT and DCT exhibit prominent horizontal stripe artifacts
from global frequency truncation, whereas DWT yields a
more uniform residual distribution, highlighting its superior
preservation of localized structural details.

2022; Zhang et al. 2023; Ren et al. 2024). Among these,
LoRA (Hu et al. 2022) has become particularly popular by
approximating weight updates with a pair of low-rank matri-
ces, effectively reducing the number of trainable parameters.
However, its trainable parameter count scales linearly with
the hidden dimension, which can remain large in LPMs. This
raises a critical question: Can we further reduce the num-
ber of trainable parameters by updating only the most struc-
turally expressive components of the model weights, thereby
achieving more efficient and precise task adaptation?

Recent efforts have explored this idea in the frequency
domain. For instance, FourierFT (Gao et al. 2024) leverages
fast Fourier transform (FFT) to learn sparse spectral coeffi-
cients that represent weight changes, while sDCTFT (Shen
et al. 2024) employs the discrete cosine transform (DCT)
and selects critical frequency components via predefined
partitions. Although these methods effectively reduce the
number of trainable parameters, their reliance on global fre-
quency representations, where each coefficient influences
the entire spatial domain, leads to three limitations. First,
the lack of spatial locality makes it difficult to focus updates
on structurally meaningful regions. Second, the energy in
the global spectral domain is typically dispersed, making it
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hard to identify and prioritize important coefficients. Third,
retaining only a small subset of coefficients as trainable pa-
rameters often results in incomplete or distorted updates, as
global frequency truncation fails to preserve fine-grained de-
tails and may introduce artifacts such as ringing near bound-
aries (Lu and Zhou 2019; Jiang et al. 2020; Sun et al. 2023).

In contrast, the discrete wavelet transform (DWT) ad-
dresses these limitations through its structural properties.
First, DWT provides strong spatial locality through com-
pactly supported basis functions, allowing weight updates
to focus on spatially meaningful regions (Heil and Wal-
nut 1989). Second, it performs multi-scale decomposi-
tion, yielding four subbands that separately encode low-
frequency structures and high-frequency variations along
different orientations. This supports localized modeling un-
der sparse conditions while avoiding structured artifacts in-
troduced by global truncation. Third, DWT offers strong
energy compaction, concentrating informative content into
a small number of coefficients and thereby facilitating ef-
ficient parameter selection (Dong et al. 2024). To validate
these advantages, we analyze the reconstruction errors when
only the top 10% of energy coefficients are retained after
applying FFT, DCT, and DWT to the v proj weight matrix
from the first self-attention layer of LLaMA2-7B (Touvron
et al. 2023). As shown in Figure 1, reconstructions based on
FFT and DCT exhibit structured stripe artifacts and higher
residual errors due to global frequency truncation, while the
reconstructions based on DWT show significantly smaller
and more uniformly distributed residual errors. This toy ex-
periment indicates DWT’s superior capability in preserving
critical structural information through effective localization
and compact representation, clearly highlighting its advan-
tage over global frequency methods.

Motivated by these insights, we propose a novel PEFT
framework based on the Discrete Wavelet Transform and
Subband Guidance (DWTSG). DWTSG first applies a two-
dimensional DWT to each pre-trained weight matrix, de-
composing it into four structurally meaningful subbands.
Within each subband, we adopt an energy-based selection
strategy to identify and fine-tune only the most significant
wavelet coefficients, guided by analyses of subband impor-
tance and interaction. After training, the updated coefficients
are merged back into their respective subbands, and an in-
verse DWT (IDWT) is applied to reconstruct the adapted
weight matrix in the spatial domain. The resulting update is
then scaled and added to the original weights, enabling tar-
geted adaptation with minimal overhead. Extensive experi-
ments on natural language processing and computer vision
tasks validate the efficiency of DWTSG. Furthermore, we
analyze the impact of key design choices, including the se-
lection of wavelet bases, strategies for subband parameter
allocation, and the impact of the scaling factor.

The main contributions of this work are as follows:

• We introduce DWTSG, a novel PEFT framework that op-
erates entirely in the wavelet domain by selectively up-
dating the most structurally informative wavelet coeffi-
cients from each subband of pre-trained weight matrices.

• By analyzing the functional roles and interactions among

wavelet subbands, DWTSG enables sparse yet struc-
turally expressive parameter updates, allowing effective
adaptation with minimal trainable parameters.

• Extensive experiments across natural language under-
standing, commonsense reasoning, and image classifica-
tion show that DWTSG consistently achieves compet-
itive or superior performance with significantly fewer
trainable parameters than existing PEFT methods.

Related Works
PEFT methods aim to reduce the computational and GPU
memory costs of adapting LPMs to downstream tasks. They
can be broadly categorized into three major types: low-rank
adaptation methods, weight decomposition-based methods,
and spectral adaptation methods.

Low-rank adaptation methods use low-rank matrices to
approximate weight updates. For example, LoRA (Hu et al.
2022) introduces two trainable low-rank matrices for each
pre-trained model weight to approximate the desired up-
dates of the original model (see Figure 2). Building on this,
VeRA (Kopiczko, Blankevoort, and Asano 2024) improves
efficiency by sharing one pair of low-rank matrices across
all layers and using layer-specific scaling vectors, reduc-
ing the parameter count significantly. MELoRA (Ren et al.
2024) stacks multiple low-rank LoRA modules in paral-
lel, with each mini-LoRA learning distinct subspaces of the
hidden representations, achieving better performance with
fewer parameters.

The second category consists of weight decomposition-
based methods, which decompose pre-trained weights into
trainable and frozen components. PiSSA (Meng, Wang, and
Zhang 2024) applies singular value decomposition to the
pre-trained weight matrix, splitting it into principal compo-
nents and a residual matrix. The principal components con-
taining the most significant singular values initialize train-
able low-rank matrices. The residual matrix, which contains
smaller singular values, remains frozen during fine-tuning.
This selective updating of the most important subspace en-
ables faster convergence. In contrast, MiLoRA (Wang et al.
2025) focuses on updating the minor singular components
while keeping the principal components fixed. This is based
on the idea that task-specific information can be captured in
the less dominant subspaces of the model.

The third category is spectral adaptation methods,
which fine-tune models in the frequency domain by updating
a subset of spectral coefficients. FourierFT (Gao et al. 2024)
learns a small number of frequency coefficients via FFT and
reconstructs the weight matrix through inverse transforma-
tion. sDCTFT (Shen et al. 2024) follows a similar approach
using DCT, which provides better energy compaction and
decorrelation. It projects low-rank weight updates into the
cosine domain, partitions them across spectral levels, and se-
lects the most critical frequency components for fine-tuning.

Method
In this section, we first transform pre-trained weight ma-
trices into the wavelet domain, producing four subbands.
We then apply a selective parameter allocation strategy that

25664



Figure 2: Comparison between the LoRA structure (left) and the proposed DWTSG method (right). LoRA models weight
updates using two low-rank matrices, where B is initialized to zero and A is drawn from a Gaussian distribution. In contrast,
DWTSG applies a two-dimensional DWT to the pre-trained weight matrix, yielding four subbands: LL, LH, HL, and HH. A
set of trainable coefficients is then selected from each subband based on energy criteria. After training, the updated coefficients
are reconstructed via IDWT and merged with the original weights to form the final updated weights.

focuses training on a sparse subset of high-magnitude co-
efficients within each subband, substantially reducing the
number of trainable parameters. To guide this process, we
systematically analyze the functional roles and interactions
among subbands, enabling optimal allocation of trainable
parameters. Finally, the IDWT is used to reconstruct the up-
dated weights in the spatial domain, allowing for precise
and efficient model adaptation. An overview of the proposed
DWTSG framework is presented in Figure 2.

Weight Matrix Transformation via DWT
Given a pre-trained weight W , where W [i, j] denotes the
original weight values, we apply a two-dimensional DWT to
obtain its frequency domain representation. Taking the Sym-
lets wavelet basis (sym4) as an example, which is known for
its orthogonality and approximate symmetry (Daubechies
1992), the associated filter bank includes a decomposition
low-pass filter g[ℓ], a decomposition high-pass filter h[ℓ],
and their reconstruction filters g̃[ℓ] and h̃[ℓ]. The high-pass
filter is derived from the low-pass filter via reflection and
sign alternation: h[ℓ] = (−1)ℓ · g[L − 1 − ℓ], where ℓ ∈
[0, L− 1] is the filter coefficient index and L = 8 for sym4.

The two-dimensional DWT is applied by sequentially per-
forming one-dimensional wavelet transforms along the rows
and columns of W , resulting in four subbands through two
stages of convolution and downsampling. In the first stage,
each row of W is convolved with g[ℓ] and h[ℓ], followed by
downsampling, producing intermediate matrices A and D
that capture the low and high frequency components:

A[i,m] =
7∑

ℓ=0

g[ℓ] ·W [i, 2m+ ℓ− 4],

D[i,m] =
7∑

ℓ=0

h[ℓ] ·W [i, 2m+ ℓ− 4],

(1)

where m is the column index after downsampling.

In the second stage, column-wise convolution and down-
sampling are applied to A and D to produce final subbands:

LL[n,m] =
7∑

ℓ=0

g[ℓ] ·A[2n+ ℓ− 4,m],

LH[n,m] =
7∑

ℓ=0

h[ℓ] ·A[2n+ ℓ− 4,m],

HL[n,m] =
7∑

ℓ=0

g[ℓ] ·D[2n+ ℓ− 4,m],

HH[n,m] =
7∑

ℓ=0

h[ℓ] ·D[2n+ ℓ− 4,m],

(2)

where n is the row index after downsampling.

Selection Strategy for Trainable Parameters
Upon obtaining the wavelet subbands, we develop a coef-
ficient selection framework tailored to the structure of each
subband to determine which coefficients should be trainable.
For each subband matrix B ∈ Rh×w, we define a binary se-
lection function M (B, p) that identifies the top-p elements
with the largest absolute values:

M(B, p) = M, Mi,j =

{
1, if (i, j) ∈ Ip(B),

0, otherwise,
(3)

where
∑

i,j Mi,j = p and Ip (B) denotes the index set of
the p largest magnitude entries in B.

During training, only the coefficients corresponding to
Mi,j = 1 are updated, while the rest remain frozen. These
selected values are concatenated into a flat parameter vector
θ ∈ Rp, enabling sparse and efficient updates directly in the
frequency domain. With this selection mechanism in place,
allocating the limited trainable parameters across different
subbands is the following key challenge. Addressing this re-
quires understanding the individual roles and interactions of
each subband in relation to model performance.
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Figure 3: 3D surface plots showing the impact of joint parameter allocation across wavelet subband pairs in PEFT using
RoBERTa-large on the CoLA dataset. Each subplot shows performance as a function of two subband parameter counts, with
the remaining subbands averaged over all configurations. Subplots (a)–(f) correspond to the six pairwise combinations: (a)
LL–LH, (b) LL–HL, (c) LL–HH, (d) LH–HL, (e) LH–HH, and (f) HL–HH. The x-axes and y-axes represent the number of
trainable parameters allocated to the two subbands, and the z-axis shows the MCC.
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Figure 4: Effect of trainable parameter allocation on indi-
vidual wavelet subbands using RoBERTa-large on the CoLA
dataset. The x-axis denotes the number of trainable parame-
ters, and the y-axis reports the corresponding MCC.

Functional Roles of Wavelet Subbands

We systematically evaluate the individual contributions of
wavelet subbands by conducting an extensive grid search on
the RoBERTa-large model fine-tuned on the CoLA dataset.
The Matthew’s correlation coefficient (MCC) is used as the
evaluation metric. For each subband, the number of trainable
parameters is independently varied within the candidate set

{150, 300, 450, 600, 750, 900}, and the results are averaged
over all parameter configurations of the remaining subbands.

As shown in Figure 4, the LL subband exerts the most
substantial influence on model performance, with MCC con-
sistently increasing from 64.0% to 65.5% as more parame-
ters are allocated. This underscores its critical role in captur-
ing low-frequency global structures. The HL subband also
contributes stable gains, with MCC rising from 64.4% to
65.1%, suggesting its importance in modeling horizontal
structural features. The HH subband reaches a competitive
MCC of 65.3% when fully parameterized, indicating its ef-
fectiveness in capturing fine-grained high-frequency details.
In contrast, the LH subband exhibits relatively weaker gains,
with performance improvements primarily occurring in mid-
to-high parameter ranges, likely due to its sensitivity to lo-
calized vertical features.

Synergistic Effects Among Wavelet Subbands
To gain deeper insight into the interactions between wavelet
subbands, we perform a comprehensive grid search over all
pairwise combinations of subband parameter allocations and
visualize the results using 3D surface plots, as shown in Fig-
ure 3. Figures 3(a)–(c) demonstrate that increasing the LL
subband’s trainable parameters consistently improves per-
formance across all pairings, reinforcing its dominant role in
representing global semantics. In contrast, the LH subband
yields limited marginal benefits, as seen in Figures 3(a),
(d), and (e), and offers only modest gains even when com-
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Method Params. SST-2 MRPC CoLA QNLI RTE STS-B MNLI QQP Avg.

FF 356M 96.3 90.9 68.0 94.7 86.6 92.4 90.2 92.2 88.9
LoRA 0.8M 96.2 90.2 68.2 94.8 85.2 92.3 90.6 91.6 88.6
AdaLoRA 0.8M 95.9 90.6 67.9 94.2 86.4 92.7 90.6 91.6 88.7
VeRA 0.061M 96.1 90.9 68.0 94.4 85.9 91.7 90.2 90.3 88.4
FourierFT 0.048M 96.0 90.9 67.1 94.4 87.4 91.9 88.9 89.2 88.2
DWTSG 0.144M 96.7 90.7 69.5 94.3 86.6 92.1 90.0 90.5 88.8

Table 1: Performance comparison of fine-tuning methods on the GLUE benchmark using RoBERTa-large. The best result for
each dataset is highlighted in bold. Higher values indicate better performance across all evaluation metrics.

bined with HL or HH. Meanwhile, both HL and HH sub-
bands demonstrate stable and complementary enhancement
effects, as illustrated in Figures 3(b), (c), and (f). Specifi-
cally, the HL–HH combination yields the most pronounced
synergistic gain, indicating their effectiveness in modeling
directional and fine-grained structural patterns.

Overall, LL serves as the core semantic component and
should receive the largest share of trainable parameters. HL
and HH enhance structural expressiveness through direc-
tional and high-frequency cues and are best configured with
balanced parameter budgets. In contrast, LH offers limited
auxiliary support and can be allocated minimal parame-
ters. These insights guide effective allocation strategies for
DWTSG under varying budget constraints. For instance, in
the Experiments section, we adopt a default allocation of
30% to LL, 15% to LH, 30% to HL, and 25% to HH, which
consistently yields strong results. While broadly effective,
task-specific tuning may further enhance performance.

Reconstruction and Integration via IDWT
After training, the updated coefficient vector θ is mapped
back to its original positions within the corresponding
wavelet subbands. We then employ the IDWT to reconstruct
the matrix Wre ∈ Rd1×d2 . The reconstruction is performed
in two steps. First, row-wise synthesis is performed:

A[i,m] =
7∑

ℓ=0

g̃[ℓ] · LL[⌊(i− ℓ+ 4)/2⌋,m]

+
7∑

ℓ=0

h̃[ℓ] · LH[⌊(i− ℓ+ 4)/2⌋,m],

D[i,m] =
7∑

ℓ=0

g̃[ℓ] · HL[⌊(i− ℓ+ 4)/2⌋,m]

+
7∑

ℓ=0

h̃[ℓ] · HH[⌊(i− ℓ+ 4)/2⌋,m],

(4)

then followed by column-wise synthesis:

Wre[i, j] =
7∑

ℓ=0

g̃[ℓ] ·A[i, ⌊(j − ℓ+ 4)/2⌋]

+
7∑

ℓ=0

h̃[ℓ] ·D[i, ⌊(j − ℓ+ 4)/2⌋].

(5)

The frequency domain weight update is then computed as
the difference between the reconstructed weight matrix Wre
and the original weight matrix W :

∆W = Wre −W. (6)
Finally, the update is scaled by a tunable hyperparameter α
to control the adaptation intensity:

W ′ = W + α×∆W. (7)

Experiments
Models and Datasets
We evaluate DWTSG across three domains.

For natural language understanding, we use the GLUE
benchmark (Wang et al. 2019), which consists of eight
tasks: SST-2 (Socher et al. 2013), MRPC (Dolan and Brock-
ett 2005), CoLA (Warstadt, Singh, and Bowman 2019),
QNLI (Rajpurkar et al. 2016), RTE (Giampiccolo et al.
2007), STS-B (Cer et al. 2017), MNLI (McCoy, Min, and
Linzen 2019), and QQP (Yang et al. 2021). These cover a
range of tasks, including sentiment classification, paraphrase
detection, sentence similarity, and natural language infer-
ence. We fine-tune the RoBERTa-large model using various
PEFT methods (Liu et al. 2019). Evaluation metrics include
MCC for CoLA, Pearson’s correlation coefficient for STS-
B, and classification accuracy for the remaining tasks.

For commonsense reasoning, we fine-tune LLaMA2-7B
on the Commonsense170K dataset (Hu et al. 2023), a col-
lection of eight benchmarks: BoolQ (Clark et al. 2019),
PIQA (Bisk et al. 2020), SIQA (Sap et al. 2019), Hel-
laSwag (Zellers et al. 2019), WinoGrande (Sakaguchi et al.
2020), ARC-e (Clark et al. 2018), ARC-c (Clark et al. 2018),
and OBQA (Mihaylov et al. 2018). Following the LLM-
Adapters setup, we treat each as a multiple-choice task and
select the best checkpoint based on validation loss. We re-
port accuracy using the LLM-Adapters implementation.

For image classification, we evaluate on eight datasets:
OxfordPets (Parkhi et al. 2012), StanfordCars (Krause
et al. 2013), CIFAR-10 (Krizhevsky, Hinton et al. 2009),
DTD (Cimpoi et al. 2014), EuroSAT (Helber et al. 2019),
FGVC (Maji et al. 2013), RESISC45 (Cheng, Han, and Lu
2017), and CIFAR-100 (Krizhevsky, Hinton et al. 2009).
Both ViT-base and ViT-large models are fine-tuned, using
ImageNet-21k pre-trained weights (Dosovitskiy et al. 2021;
Ridnik et al. 2021; Wei et al. 2024a,b).

Further details regarding the datasets and hyperparame-
ters are provided in the supplementary materials.
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Method Params. BoolQ PIQA SIQA HellaSwag WinoGrande ARC-e ARC-c OBQA Avg.

LoRA 56.6M 69.8 79.9 79.5 83.6 82.6 79.8 64.7 81.0 77.6
PiSSA 83.8M 67.6 78.1 78.4 76.6 78.0 75.8 60.2 75.6 73.8
MiLoRA 56.6M 67.6 83.8 80.1 88.2 82.0 82.8 68.8 80.6 79.2
DWTSG 25.6M 71.3 84.2 80.1 87.6 83.0 83.8 69.5 80.8 80.0

Table 2: Performance comparison of LLaMA2-7B fine-tuned with different PEFT methods on eight commonsense reasoning
benchmarks. The best score for each dataset is highlighted in bold.

Method Params. OxfordPets StanfordCars CIFAR10 DTD EuroSAT FGVC RESISC45 CIFAR100 Avg.

B
as

e

LP - 90.3 25.8 96.4 69.8 88.7 17.4 74.2 84.3 68.4
FF 85.8M 93.1 79.8 98.9 77.7 99.1 54.8 96.1 92.4 86.5
LoRA 581K 93.2 45.4 98.8 75.0 98.4 25.2 92.7 92.0 77.6
FourierFT 72K 93.2 46.1 98.6 75.1 98.3 27.5 92.0 91.2 77.7
DWTSG 72K 96.7 58.8 99.2 79.4 98.8 39.7 94.5 91.7 82.4

L
ar

ge

LP - 91.1 37.9 97.8 73.3 92.6 24.6 82.0 84.3 73.0
FF 303.3M 94.4 88.9 99.2 81.8 99.0 68.3 96.4 93.6 90.2
LoRA 1.57M 94.8 73.3 99.1 81.8 98.6 42.3 94.7 94.9 84.9
FourierFT 144K 94.5 69.6 99.1 80.8 98.7 39.9 93.9 93.3 83.7
DWTSG 144K 98.4 82.5 99.5 84.0 98.9 63.5 95.9 94.0 89.6

Table 3: Performance comparison of fine-tuning methods on image classification tasks using ViT-base and ViT-large models.
Accuracy is reported after ten training epochs on each dataset. The best result for each dataset is highlighted in bold.

Baselines
We compare DWTSG with several representative PEFT
methods across different tasks. For natural language under-
standing, the baselines include Full Fine-tuning (FF) (Huang
et al. 2022), LoRA (Hu et al. 2022), AdaLoRA (Zhang et al.
2023), VeRA (Kopiczko, Blankevoort, and Asano 2024),
and FourierFT (Gao et al. 2024). For commonsense rea-
soning, we compare with LoRA, PiSSA (Meng, Wang, and
Zhang 2024), and MiLoRA (Wang et al. 2025). For image
classification, we consider linear probing (LP) (Gao et al.
2024), FF, LoRA, and FourierFT.

Comparison Results
Natural Language Understanding. Table 1 shows results
on the GLUE benchmark using RoBERTa-large. FF achieves
the highest average score but requires updating all 356M
parameters, making it computationally expensive. Among
PEFT methods, DWTSG is particularly notable, achieving
an impressive average score of 88.8% with only 0.144M
trainable parameters, nearly matching FF and surpassing
other PEFT baselines. DWTSG excels on CoLA, demon-
strating its ability to capture fine-grained linguistic features,
and performs competitively on SST-2 and MRPC, showing
robustness across different task types. LoRA and AdaLoRA
deliver strong overall results with slightly larger parameter
counts of 0.8M, averaging scores of 88.6% and 88.7%, re-
spectively. AdaLoRA excels in tasks like STS-B and RTE
due to its adaptive parameter allocation strategy. VeRA and
FourierFT are notable for their compact size, with VeRA
matching FF on MRPC and FourierFT achieving the best
score on RTE. However, their overall average performance is

slightly lower, indicating a trade-off between extreme com-
pression and generalization. In a word, DWTSG provides
an outstanding balance between model efficiency and ac-
curacy, making it particularly advantageous for resource-
constrained environments.

Commonsense Reasoning. As shown in Table 2, we eval-
uate several PEFT methods on LLaMA2-7B across eight
commonsense reasoning benchmarks. DWTSG uses only
25.6M trainable parameters, significantly fewer than LoRA,
PiSSA, and MiLoRA, achieving substantial parameter re-
ductions. Despite this, DWTSG achieves the highest average
accuracy among all methods. It shows notable performance
gains on BoolQ, PIQA, WinoGrande, and ARC datasets,
demonstrating its ability to handle complex reasoning tasks.
On SIQA and HellaSwag, DWTSG performs similarly to
MiLoRA, slightly trailing on HellaSwag. This suggests that
MiLoRA’s ensemble approach may be advantageous for nu-
anced contextual reasoning. DWTSG effectively balances
efficiency and performance, showing great potential as an
efficient PEFT solution for LPMs.

Image Classification. Table 3 reports performance on
eight image classification datasets using ViT-base and ViT-
large. DWTSG consistently achieves high accuracy with sig-
nificantly fewer trainable parameters than other methods.
For ViT-base, our method reaches the highest average accu-
racy of 82.4%, outperforming LoRA and FourierFT. It also
surpasses FF on five of eight datasets, using only 72K train-
able parameters. For ViT-large, our method achieves an av-
erage accuracy of 89.6%, close to FF’s 90.2%, but with only
144K trainable parameters. This demonstrates that DWTSG
is highly effective and efficient for computer vision tasks.
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Figure 5: Classification accuracy of four wavelet bases on four image classification datasets under the DWTSG framework.

Dataset Random Energy Ours

OxfordPets 95.6 94.6 96.7
StanfordCars 56.0 55.7 58.8
DTD 77.0 79.2 79.4
FGVC 36.9 38.5 39.7

Table 4: Comparison of ViT-base accuracy across four
datasets using three subband parameter selection strategies.

Dataset 0.1 0.3 0.5 0.7 0.9 1.1

OxfordPets 93.1 96.2 94.0 93.2 96.7 93.5
StanfordCars 46.5 52.8 56.8 57.3 58.8 55.1
DTD 74.8 79.4 77.9 77.0 75.3 75.2
FGVC 34.6 39.7 35.9 27.6 22.0 5.1

Table 5: Classification accuracy of ViT-base on four image
classification datasets with different scaling factor values α.

Ablation Study
We analyze key design choices for DWTSG, including
wavelet basis selection, subband parameter allocation strate-
gies, and the scaling factor α. Experiments are performed on
four image classification datasets using the ViT-base model.

Wavelet Basis Selection. To assess the impact of wavelet
basis selection on DWTSG, we fine-tune ViT-base us-
ing four representative wavelet families: Haar, Daubechies
(db4), Symlets (sym4), and Coiflets (coif1). As illustrated in
Figure 5, Symlets consistently achieves the highest accuracy
across all datasets, reaching 96.7% on OxfordPets, 58.8%
on StanfordCars, 79.4% on DTD, and 39.7% on FGVC, sur-
passing the other bases by up to 5.3 percentage points. While
Haar is computationally efficient, its limited smoothness re-
stricts performance. Coiflets offer minor improvements over
Haar but are still less effective than Daubechies and Sym-
lets. These findings underscore the importance of select-
ing wavelets with favorable structural properties such as
smoothness and near symmetry, as exemplified by the strong
performance of Symlets in PEFT tasks.

Subband Parameter Allocation Strategies. We compare
three strategies for selecting trainable parameters per weight
matrix in the wavelet domain after two-dimensional DWT.

The first, Random, distributes parameters uniformly across
subbands, assuming equal importance. The second, Energy,
allocates parameters based on each subband’s squared ℓ2
norm, selecting the largest-magnitude coefficients within
each quota. The third, our proposed method, incorporates
subband roles and interactions: LL functions as the seman-
tic backbone, HL and HH serve as complementary detail en-
hancers, and LH plays a more auxiliary role. Based on this,
we define heuristic allocation ranges and select top coeffi-
cients within each subband accordingly. As shown in Ta-
ble 4, our strategy consistently outperforms the other two
across all datasets. While Energy improves over Random by
leveraging subband energy, it underperforms on fine-grained
tasks like FGVC. These results underscore the importance of
accounting for both subbands’ individual roles and interac-
tions when allocating parameters.

Effect of Scaling Factor α. Table 5 summarizes the in-
fluence of the scaling factor α in the weight update formula
W ′ = W + α × ∆W across different image classification
tasks. For datasets with abundant training data or coarse-
grained categories such as OxfordPets and StanfordCars,
higher values of α like 0.9 yield peak performance of 96.7%
and 58.8%, respectively, highlighting benefits from more
substantial weight adjustments. Conversely, fine-grained or
resource-limited tasks such as DTD and FGVC achieve op-
timal accuracy at moderate scaling factors, notably at α =
0.3, with accuracies of 79.4% and 39.7%. Larger α values
tend to reduce performance, underscoring the importance of
task-specific tuning to preserve critical feature distinctions.

Conclusion
This work introduced DWTSG, a novel PEFT framework
that operated in the wavelet domain. By selectively updat-
ing the most structurally informative components of pre-
trained weights, DWTSG significantly reduced the num-
ber of trainable parameters while maintaining or surpass-
ing the performance of existing methods. Extensive experi-
ments across natural language understanding, commonsense
reasoning, and image classification tasks demonstrated that
DWTSG successfully balanced efficiency and effectiveness.
Beyond empirical results, it provided valuable insights into
critical design choices such as wavelet basis selection and
subband-wise parameter allocation, highlighting the poten-
tial of wavelet transforms for efficient adaptation of LPMs
and inspiring future research in this direction.
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