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Abstract

Large-scale pre-trained Vision Transformer (ViT) models
have demonstrated remarkable performance on visual tasks
but are computationally expensive to transfer to down-
stream tasks. Parameter-Efficient Fine-Tuning (PEFT) offers
a promising transferring approach by updating only a subset
of parameters. However, PEFT’s effectiveness is hindered by
discrepancies between pre-training and downstream tasks in
terms of object scale and granularity. Downstream tasks often
focus on finer-grained and more specialized recognition, re-
quiring more detailed features. The diversity of feature scales
of existing PEFT methods for ViT is limited. To address
this, we propose a novel PEFT method named Wavelet-based
multi-Scale Tuning (WST), which learns multi-scale features
in a simple and efficient way. WST introduces a parallel fine-
tuning patch embedding branch with a smaller patch size than
the pre-trained model to capture finer-grained features. Fur-
thermore, to handle the computational challenge from the
resulting longer token sequence, WST designs wavelet fine-
tuning blocks that balance both efficiency and performance.
In the block, wavelet transform enables invertible and lossless
down-sampling of the longer token sequence, aligning it with
that of the backbone, and two lightweight linear mappings
are employed to learn task-specific features. This design fa-
cilitates efficient multi-scale information exchange between
the pre-trained backbone and fine-tuning branch. Extensive
experiments on transfer learning demonstrate the promising
performance and efficiency of our WST.

Code — https://github.com/ZJia-goo/WST

Introduction
With the rapid expansion of dataset scale and model size,
large-scale Vision Transformer (ViT) models have achieved
remarkable success in many visual tasks (Dosovitskiy et al.
2020; Dehghani et al. 2023; Kirillov et al. 2023). Large-
scale ViTs pre-trained on large datasets (such as ImageNet-
21K) can learn general features, so pre-trained models are
widely used in transfer learning to improve performance and
accelerate convergence. However, transferring these large-
scale ViTs to various downstream visual tasks by full-tuning
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Figure 1: The sketches of previous PEFT methods vs. our
WST. Previous methods only consider single-scale features.
Our WST integrates a smaller scale (illustrated by green) to
learn fine-grained features benefiting for downstream tasks.

faces challenges due to the heavy load on the number of pa-
rameters. Recently, Parameter-Efficient Fine-Tuning (PEFT)
has been widely explored as a practical solution. PEFT ap-
proaches (Houlsby et al. 2019; Hu et al. 2022; Jia et al. 2022;
Sung, Cho, and Bansal 2022; Fu, Zhu, and Wu 2024) aim
to efficiently adapt pre-trained ViTs to downstream tasks
by updating only a small subset of parameters and freez-
ing other parameters. Many PEFT methods such as Adapter
(Houlsby et al. 2019), Low-Rank Adaptation (LoRA) (Hu
et al. 2022), Visual Prompt Tuning (VPT) (Jia et al. 2022)
and so on, have developed great potential. However, exist-
ing PEFT methods apply fine-tuning at the same scale and
granularity, disregarding differences in scale and granular-
ity between pre-training and downstream tasks. Many down-
stream tasks especially such as fine-grained and specialized
image recognition tasks require finer features for accurate
predictions. PEFT methods need to capture not only general
features from pre-trained models to improve generalization,
but also detailed features to distinguish more similar and
specialized patterns. Therefore, it is necessary to integrate
multi-scale information in PEFT, particularly at finer levels.

The patch size of ViT is an important factor that influences
the scale of extracted features. Patch size refers to the size of
square sub-sections that an input image is split into. Smaller
patches can capture finer image details, leading to richer fea-
ture representations and better performance. This finding is
consistent with experimental results. For example, ViT-32/B
with a patch size of 32 attains 75.9% accuracy on ImageNet-
1K while ViT-16/B with a patch size of 16 achieves higher
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Figure 2: Accuracy and the number of trainable parameters
for different methods on VTAB-1K benchmark with ViT-
B/16 backbone. Our WST achieves the highest top-1 accu-
racy with small parameter count compared to other methods.

accuracy at 81.1%. Motivated by this, we attempt to incor-
porate smaller patch size in addition to the fixed patch size
of pre-trained models to enhance performance, as shown in
Fig. 1. However, the patch size is inversely proportional to
the length of token sequence in ViT. Although smaller patch
sizes enhance feature extraction abilities, they significantly
increase computational costs, which is a primary challenge
for PEFT. Therefore, our main focus in this paper is how to
fuse small-scale features to learn more distinguishing infor-
mation for downstream tasks in an efficient way.

In this paper, we propose a novel PEFT approach named
Wavelet-based multi-Scale Tuning (WST). Our WST aims
to combine multi-scale features to learn both general and
detailed features while maintaining parameter and computa-
tional efficiency. First, a fine-tuning small-scale patch em-
bedding branch with smaller patch size than that of pre-
trained ViT is introduced in a parallel way. This branch can
learn fine-grained task-specific representations. A smaller
patch size will result in a longer token sequence, which
becomes computationally expensive. To trade off effective-
ness and efficiency, WST then designs wavelet-based fine-
tuning blocks to handle the longer token sequence and fuse
multi-scale features. The blocks consist of a wavelet trans-
form, two lightweight trainable down- and up-projection lin-
ear mappings and an inverse wavelet transform. The wavelet
transform is applied to realize lossless down-sampling of
the token sequence to reduce computational costs. Wavelet
transform can decompose features into four sub-bands cap-
turing low and high frequencies, preserving information at
all levels. Its invertibility ensures lossless down-sampling
and reconstruction. After wavelet transform, the length of
token sequence can be reduced and become compatible with
that of backbone’s token sequence. The two sequences are
then added together and fed through two linear layers. The
learned features are fused back into the backbone. Finally,
token sequence is reconstructed by inverse wavelet trans-
form. WST achieves promising performance and improves
parameter efficiency in a simple yet effective way (in Fig.
2). Our main contributions are as follows:

1. We propose a novel PEFT method WST to supplement
fine-grained features for downstream tasks. By introducing a
small-scale patch embedding branch, WST can enhance the

ability to capture detailed task-specific representations.
2. To improve efficiency, WST designs wavelet-based

blocks which use wavelet transform for lossless down-
sampling over the long token sequence from the small scale
branch, reducing the length while preserving information.

3. Extensive experiments show that our WST performs
well with very few trainable parameters on various down-
stream datasets, which outperforms other methods.

Related Work
Parameter-Efficient Fine-Tuning
Recently, with the development of large pre-trained mod-
els, there has been a growing interest in PEFT. BitFit (Za-
ken, Goldberg, and Ravfogel 2022) freezes most parame-
ters and only fine-tunes bias. Adapter (Houlsby et al. 2019)
inserts a bottleneck structure composed of two linear lay-
ers and a nonlinear activation function after the attention
and the Feed-Forward Network (FFN) of ViT. LoRA (Hu
et al. 2022) injects trainable low-rank decomposition matri-
ces beside matrices of multi-head self-attention. VPT (Jia
et al. 2022) integrates task-specific learnable tokens into in-
puts. NOAH (Zhang, Zhou, and Liu 2024) searches for op-
timal module designs, including Adapter, LoRA, and VPT,
by neural architecture search. DTL (Fu, Zhu, and Wu 2024)
presents a disentangled fine-tuning method, which uses a
lightweight side network to disentangle trainable parameters
from the model, improving efficiency. However, these meth-
ods overlook the importance of feature scale and granularity
for downstream tasks, focusing solely on single-scale fine-
tuning. By integrating fine scale features into the backbone,
our method can capture details besides pre-trained general
knowledge, significantly enhancing the model’s ability to
distinguish subtle patterns crucial for downstream tasks.

Multi-scale Feature Fusion
Image features vary across different scales. Multi-scale fea-
ture fusion is actually to sample features of different gran-
ularity and fuse them to learn comprehensive representa-
tions. CrossViT (Chen, Fan, and Panda 2021) designs a dual-
branch architecture which divides the image into large and
small patches respectively. CrossViT uses class token of one
branch as query to conduct cross attention with the other for
scale fusion. SuperViT (Lin et al. 2023) divides the image
into patches of different sizes to obtain multi-scale features.
SuperViT uses interpolation to up-sample or down-sample
patches to align sizes and feeds them into ViT. SSA (Ren
et al. 2022) down-samples keys and values to different sizes
to capture multi-scale features. In WST, we generate multi-
scale features by dividing the image into patches of varying
sizes during patch embedding. WST offers distinct advan-
tages. Although CrossViT proposes efficient cross attention,
both branches should do self-attention first, which requires
high computing resources. SuperViT employs interpolation-
based sampling, which will lose information. In contrast,
our WST down-samples and aligns sizes via lossless wavelet
transform. Additionally, WST learns small-scale features via
lightweight linear layers and fuses features via addition,
which is simpler and more efficient.
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Figure 3: The illustration of DWT and IDWT on images.

Wavelet Transform in Computer Vision
Wavelet transform (Mallat 1989) is a signal analysis method.
Wavelet transform is invertible and information-preserving.
WaveViT (Yao et al. 2022) uses wavelet transform for down-
sampling of key and value to improve computational ef-
ficiency. SVT (Patro and Agneeswaran 2024) decomposes
features into low-frequency and high-frequency components
by wavelet transform and designs a spectral gated network
to mix features. Our WST innovatively integrates wavelet
transform into PEFT. The efficiency advantage and loss-
less property of wavelet transform just meet requirements of
PEFT for computation and accuracy. Different from Wave-
ViT, our WST down-samples the entire token sequence,
leading to a more efficiency gain.

Method
Preliminaries: Wavelet Transform
Wavelet transform is powerful for signal processing. The
discrete wavelet transform (DWT) will be used for image
processing since image signals are discrete. The DWT can
decompose an image into different frequency components
and the inverse discrete wavelet transform (IDWT) can re-
construct these frequency components into the original im-
age without loss of information, as shown in Fig. 3. The de-
composition ability of DWT comes from low-pass and high-
pass filters. The low-pass filter extracts low-frequency infor-
mation to obtain an approximate image. The high-pass filter
allows high-frequency information to pass through to em-
phasize edges. For simplicity, we choose Haar wavelet. In
2-D DWT, the low-pass filter fL = [ 1√

2
, 1√

2
] and the high-

pass filter fH = [ 1√
2
,− 1√

2
] are applied to encode the in-

put X ∈ RH×W×C along rows and columns successively
with a stride of 2, resulting in four down-sampled sub-bands:
low frequency sub-band XLL ∈ R

H
2 ×W

2 ×C , horizontal high
frequency sub-band XLH ∈ R

H
2 ×W

2 ×C , vertical high fre-
quency sub-band XHL ∈ R

H
2 ×W

2 ×C and diagonal high fre-
quency sub-band XHH ∈ R

H
2 ×W

2 ×C . These sub-bands pre-
serve all details of the input. We can utilize DWT to down-
sample features by a factor of 4 without information loss.

Wavelet-Based Multi-scale Tuning
We present an efficient tuning method WST which can see
smaller scale to reinforce details for downstream tasks. The
architecture of WST is depicted in Fig. 4. We propose two
fine-tuning modules: 1) small-scale patch embedding and 2)

wavelet fine-tuning block. The two proposed modules can
fuse finer-grained features while reducing the computational
burden. During fine-tuning, only parameters of the two pro-
posed modules and the head are updated while other param-
eters remain frozen. The fine-tuning parameters amount oc-
cupies a very small proportion, facilitating efficient tuning.
We introduce two proposed modules as below.

Small-scale Patch Embedding. Small-scale patch em-
bedding focuses on capturing smaller scale features by em-
ploying a smaller patch size. We explain the pipeline briefly.
Given an input image I ∈ RH×W×C , the image is fed to two
distinct embedding branches: 1) the backbone patch embed-
ding with a larger patch size and wider embedding dimen-
sion (following standard pre-trained ViT configurations); 2)
the small-scale patch embedding with a smaller patch size
and smaller embedding dimension. In the backbone patch
embedding, the image I is split into non-overlapping patches
of size P ×P ×C. These patches are linearly embedded by
a P × P convolution with stride P and flattened into token
sequence L0

backbone ∈ RN×D, where N = H
P × W

P denotes
the length and D denotes the dimension.

L0
backbone = Flatten(ConvP×P (I)) (1)

In addition, the input image I is also fed into the pro-
posed fine-tuning small-scale patch embedding branch. In
this branch, a finer patch size P

2 × P
2 × C is set, resulting

in a longer token sequence with the length of 4 × H
P × W

P
which is four times longer than the backbone branch’s se-
quence due to the smaller patch size. To mitigate compu-
tational overhead, the embedding dimension in this branch
is reduced to D

4 . Concretely, the image is embedded by a
P
2 × P

2 convolution with stride P
2 and flattened into token

sequence L0
finetuning ∈ R(4×N)×D

4 .

L0
finetuning = Flatten(ConvP

2 ×P
2
(I)) (2)

Multi-scale features are extracted by the two branches. Sub-
sequently, the generated token sequences L0

backbone and
L0
finetuning are fed into their respective encoder blocks,

where exchange information and fuse multi-scale features.

Wavelet Fine-tuning Block. In this block, multi-scale
features are fused in an efficient way. Since the token se-
quence of the small-scale branch is longer, wavelet trans-
form is employed to carry out lossless down-sampling to
reduce sequence length. Specifically, in the i-th block, the
input sequence Li

finetuning ∈ R(4×N)×D
4 is reshaped

into a 3D tensor Xi
finetuning ∈ R(2×

√
N)×(2×

√
N)×D

4 .
Then DWT is applied to Xi

finetuning , leading to four
down-sampling sub-bands: Xi

ft−LL, Xi
ft−LH , Xi

ft−HL,

Xi
ft−HH ∈ R

√
N×

√
N×D

4 . The four sub-bands are then
concatenated along the channel dimension to Xi

wave =

[Xi
ft−LL, X

i
ft−LH , Xi

ft−HL, X
i
ft−HH ] ∈ R

√
N×

√
N×D

and then flattened to Li
wave ∈ RN×D.

Xi
finetuning = Reshape(Li

finetuning) (3)
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Figure 4: Illustration of our WST on ViT backbone. The Small-scale Patch Embedding module and Wavelet Fine-tuning Blocks
are our proposed lightweight fine-tuning modules. In the Small-scale Patch Embedding, a smaller patch size of P

2 and a smaller
dimension of D

4 are set to generate a 4-time longer but with 1
4 of the dimension compared to the backbone sequence. In Wavelet

Fine-tuning Blocks, the longer sequence is down-sampled by DWT, aligning the backbone sequence. Then the two sequences
are added together and two low-rank linear layers are applied to learn task-specific features. The features are multiplied by a
scaling factor and added back to the backbone to fuse multi-scale features. IDWT is used to reconstruct the sequence.

Xi
wave = Concat(DWT (Xi

finetuning)) (4)

Li
wave = Flatten(Xi

wave) (5)

In this ingenious way, the length N and dimension D of the
token sequence Li

wave of the fine-tuning branch are matched
with those of token sequence Li

backbone of the backbone
branch. After DWT, a residual-like structure is designed to
combine the two branches. The backbone token sequence
Li
backbone is added to the down-sampled token sequence

Li
wave of the fine-tuning branch. Two lightweight linear lay-

ers W i
down ∈ RD×r and W i

up ∈ Rr×D, where r ≪ D, are
then applied to learn task-specific features. Li

backbone is also
fed into the pre-trained ViT backbone block to learn gen-
eral features. Finally, the learned features are multiplied by
a scaling factor s and are added back to the backbone.

Li = Li
wave + Li

backbone (6)

L̂i = (Li ·W i
down) ·W i

up (7)

Li+1
backbone = BackboneBlocki(Li

backbone) + s · L̂i (8)

After feature fusion, inverse wavelet transform IDWT is ap-
plied to reconstruct the token sequence back to the original
size, leading to Li+1

finetuning ∈ R(4×N)×D
4 .

Li+1
finetuning = IDWT (L̂i) (9)

Advantages
Rich features & Small parameters amount. Our pro-
posed fine-tuning modules can effectively learn richer,
multi-scale features with minimal trainable parameters. In
the small-scale patch embedding branch, the number of con-
volution weight parameters is P

2 × P
2 × 3 × D

4 (no con-
sideration of bias). As the patch size P

2 and dimension D
4

are both small, the number of parameters is very low. More
importantly, the patch size and the dimension are carefully
designed. The size (4 × N) × D

4 of resulting token se-
quence can be precisely compatible with the size N × D
of the backbone’s sequence after wavelet transform’s loss-
less down-sampling. In wavelet fine-tuning blocks, the mid-
dle dimension r of linear layers is set to 2 or 4, which is far
fewer than previous PEFT methods (e.g. 8 is set in Adapter
and LoRA). Therefore, WST can ingeniously obtain detailed
and informative feature representations while maintaining a
small parameter count and low computational overhead, of-
fering dual advantages for PEFT tasks.

Experiments
We conduct a series of experiments to evaluate our WST. 1)
We evaluate effectiveness of WST on VTAB-1K benchmark
for basic transfer learning tasks. 2) We verify our WST on
few-shot learning. 3) We evaluate the generalization ability
of WST on domain generalization. 4) We verify our WST
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Traditional Fine-Tuning Methods
Full 85.8 68.9 87.7 64.3 97.2 86.9 87.4 38.8 79.7 95.7 84.2 73.9 56.3 58.6 41.7 65.5 57.5 46.7 25.7 29.1 68.9

Linear 0 64.4 85.0 63.2 97.0 86.3 36.6 51.0 78.5 87.5 68.5 74.0 34.3 30.6 33.2 55.4 12.5 20.0 9.6 19.2 57.6
Parameter-Efficient Fine-Tuning Methods

BitFit 0.10 72.8 87.0 59.2 97.5 85.3 59.9 51.4 78.7 91.6 72.9 69.8 61.5 55.6 32.4 55.9 66.6 40.0 15.7 25.1 65.2
Adapter 0.16 69.2 90.1 68.0 98.8 89.9 82.8 54.3 84.0 94.9 81.9 75.5 80.9 65.3 48.6 78.3 74.8 48.5 29.9 41.6 73.9
LoRA 0.29 67.1 91.4 69.4 98.8 90.4 85.3 54.0 84.9 95.3 84.4 73.6 82.9 69.2 49.8 78.5 75.7 47.1 31.0 44.0 74.5
VPT 0.56 78.8 90.8 65.8 98.0 88.3 78.1 49.6 81.8 96.1 83.4 68.4 68.5 60.0 46.5 72.8 73.6 47.9 32.9 37.8 72.0

AdaptFormer 0.16 70.8 91.2 70.5 99.1 90.9 86.6 54.8 83.0 95.8 84.4 76.3 81.9 64.3 49.3 80.3 76.3 45.7 31.7 41.1 74.7
NOAH 0.43 69.6 92.7 70.2 99.1 90.4 86.1 53.7 84.4 95.4 83.9 75.8 82.8 68.9 49.9 81.7 81.8 48.3 32.8 44.2 75.5
FacT 0.07 70.6 90.6 70.8 99.1 90.7 88.6 54.1 84.8 96.2 84.5 75.7 82.6 68.2 49.8 80.7 80.8 47.4 33.2 43.0 75.6

E2VPT 0.25 78.6 89.4 67.8 98.2 88.5 85.3 52.3 82.5 96.8 84.8 73.6 71.7 61.2 47.9 75.8 80.8 48.1 31.7 41.9 73.9
SA2VP - 73.0 91.9 70.5 99.1 90.8 84.7 56.8 86.0 95.9 85.8 75.2 76.6 61.8 50.8 79.9 84.5 52.8 34.7 45.3 75.8
Hydra 0.28 72.7 91.3 72.0 99.2 91.4 90.7 55.5 85.8 96.0 86.1 75.9 83.2 68.2 50.9 82.3 80.3 50.8 34.5 43.1 76.5
DTL 0.04 69.6 94.8 71.3 99.3 91.3 83.3 56.2 87.1 96.2 86.1 75.0 82.8 64.2 48.8 81.9 93.9 53.9 34.2 47.1 76.7
WST 0.08 75.5 92.7 74.5 99.4 91.8 90.9 57.8 87.3 96.4 87.8 74.8 82.3 71.8 52.4 81.7 88.3 54.9 32.8 48.2 78.0

Table 1: Top-1 accuracy on VTAB-1K benchmark with ViT-B/16 backbone. ”#params (M)” indicates the number of tunable
parameters. ”Average” represents the mean group-wise top-1 accuracy across three groups. Best results are in bold.

Method #p (M) Nat. Spe. Str. Avg.
Full 86.7 79.2 86.2 59.7 75.0

Linear 0 73.5 80.8 33.5 62.6
BitFit 0.20 74.2 80.1 42.4 65.6
VPT 0.16 76.8 84.5 53.4 71.6
FacT 0.14 83.1 86.9 62.1 77.4
DTL 0.09 82.4 87.0 64.2 77.9
WST 0.11 83.0 87.2 64.5 78.2

Table 2: Results on VTAB-1K benchmark with Swin-B
backbone. ’#p (M)’ indicates the number of trainable pa-
rameters. ’Nat.’/’Spe.’/’Str.’/’Avg.’ denote the average top-1
accuracy for ’Natural’, ’Specialized’ and ’Structured’ group
and three groups of VTAB-1K. Best results are in bold.

on fine-grained classification. 5) We conduct ablation ex-
periments and visualization to analyze our method. During
training, backbone’s parameters remain frozen and only the
parameters of the proposed small-scale patch embedding,
wavelet fine-tuning blocks and head are fine-tuned.

Experiments on VTAB-1K
Dataset. VTAB-1K benchmark (Zhai et al. 2019) is a
classical benchmark to evaluate the transfer ability. It con-
tains 19 vision datasets categorized into 3 groups: 1) Nat-
ural group, including generic and fine-grained objects; 2)
Specialized group, containing images captured by special-
ist equipment, such as medical or remote sensing images; 3)
Structured group designed for scene structure comprehen-
sion, such as depth prediction, object counting and orienta-

tion detection. Each dataset contains 1,000 images for train-
ing. We report top-1 accuracy on the test set.

Settings. We choose ViT-B/16 (Dosovitskiy et al. 2020)
and Swin-B (Liu et al. 2021) pre-trained on ImageNet-21K
(Deng et al. 2009) as backbones. For ViT-B/16, the patch
size P is 16 and embedding dimension D is 768. Therefore,
the patch size of the small-scale patch embedding branch is
P
2 = 8, and the dimension is D

4 = 192. The middle di-
mension r in two linear layers is set to 2. The model is fine-
tuned for 100 epochs. The AdamW optimizer (Loshchilov
and Hutter 2019) is employed. The learning rate schedule
adopts cosine decay strategy with decay=0.05 and 10-epoch
of linear warm-up. Images are resized to 224 × 224. We
only adopt standard augmentation strategies without MixUp
(Zhang et al. 2018) and CutMix (Yun et al. 2019). The con-
volution weights of small-scale patch embedding are initial-
ized with a Kaiming-uniform (He et al. 2015) distribution.
The weights and bias of two linear layers apply trunc-normal
initialization and zero initialization.

In Swin-B, patches are merged across stages due to its
hierarchical architecture. Therefore, the patch size and the
dimension are doubled stage by stage. In the fine-tuning
branch, the patch size of small-scale patch embedding keeps
1
2 that of the backbone branch and the dimension keeps 1

4
that of the backbone branch. The middle dimension r in two
linear mappings is set to 4. Other experimental settings are
similar to those of ViT-B/16.

Baselines. We choose two kinds of fine-tuning methods
for comparisons. For traditional methods, ’Full’ represents
full fine-tuning and ’Linear’ means that only the classifica-
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Figure 5: Top-1 accuracy on five fine-grained few-shot learning benchmarks with ViT-B/16 backbone.

Method Source Target
ImageNet -Sketch -V2 -A -R

Adapter 70.5 16.4 59.1 5.5 22.1
VPT 70.5 18.3 58.0 4.6 23.2

LoRA 70.8 20.0 59.3 6.9 23.3
NOAH 71.5 24.8 66.1 11.9 28.5
DTL 78.3 35.4 67.8 14.0 34.4
WST 78.8 37.7 68.4 15.6 36.8

Table 3: Top-1 accuracy on domain generalization with ViT-
B/16 backbone. Best results are in bold.

tion layer is fine-tuned. For PEFT, we select recent meth-
ods including: BitFit (Zaken, Goldberg, and Ravfogel 2022),
Adapter (Houlsby et al. 2019), LoRA (Hu et al. 2022), VPT
(Jia et al. 2022), AdaptFormer (Chen et al. 2022), NOAH
(Zhang, Zhou, and Liu 2024), FacT (Jie and Deng 2023),
E2VPT (Han et al. 2023), SA2VP (Pei et al. 2024), Hydra
(Kim et al. 2024) and DTL (Fu, Zhu, and Wu 2024).

Results. We mainly conduct fine-tuning experiments on
ViT/B-16, with results summarized in Table 1. Our WST
achieves an average accuracy of 78% while requiring
only 0.08M trainable parameters, surpassing previous state-
of-the-art (SOTA) methods by 1.3%. Notably, our WST
achieves SOTA performance on 11 out of 19 tasks. WST
can address object size and granularity mismatches between
pre-trained tasks and downstream tasks by efficiently incor-
porating fine-scale features. Our WST excels in fine-grained
and specialized tasks demanding precise recognition based
on detailed features. Specifically, in some fine-grained tasks
on VTAB-1K such as Flower102 (flower classification) and
DTD (texture classification), and in specialized tasks such as
Resisc45 for remote sensing scene classification, our WST
achieves advanced accuracy. Furthermore, the number of
trainable parameters introduced by our WST only accounts
for 0.09% of total parameters, highlighting the high effi-
ciency of our wavelet transform strategy.

Our WST is also applicable to Swin-B backbones. In
Table 2, WST outperforms other methods. Our model has
achieved good performance not only for natural groups with
small domain gap with pre-trained tasks but also for struc-
tured groups with large domain gap, indicating that our tun-
ing strategy are effective for different kinds of datasets.

Method #params (M) Avg.
VPT 0.56 89.1

E2VPT 0.25 89.2
SA2VP - 90.1

SSF 0.39 90.7
WST 0.08 90.7

Table 4: Top-1 accuracy on fine-grained visual classification
with ViT-B/16 backbone. Best results are in bold.

Experiments on Few-Shot Learning
Datasets and Settings. Few-shot learning is a challenge
scenario where there are only a few training samples per
task. The benchmark in the few-shot experiments are five
fine-grained datasets, namely: Aircraft (Maji et al. 2013),
Pets (Parkhi et al. 2012), Food-101 (Bossard, Guillaumin,
and Van Gool 2014), Cars (Krause et al. 2013) and Flow-
ers102 (Nilsback and Zisserman 2008). We fine-tune pre-
trained ViT-B/16 on few-shot learning. The training set con-
tains {1,2,4,8,16}-shot samples per class (Zhang, Zhou, and
Liu 2024; Fu, Zhu, and Wu 2024). We report the average
top-1 accuracy on the test set over 3 random seeds.

Results. Results on few-shot learning are shown in the
Fig. 5. Our WST achieves better performance than other
fine-tuning methods on five datasets across various training
sample shots, demonstrating the effectiveness of our WST
in the few-shot scenario. For example, on the Cars dataset,
our model consistently outperforms previous methods by ap-
proximately 2% across different shot settings. On the Pets
dataset, while performance is relatively similar across meth-
ods, our WST still demonstrates slight improvements.

Experiments on Domain Generalization
Datasets and Settings. We carry out domain generaliza-
tion experiments to verify WST’s robustness under domain
shifts. ImageNet-1K is set as the source domain. The train-
ing set is constructed by randomly selecting 16 training sam-
ples from each class. We evaluate our WST on both the
source domain and four target domains. The four target do-
mains include: 1) ImageNet-Sketch (Wang et al. 2019) con-
sisting of sketch-like images with the same class as Ima-
geNet; 2) ImageNet-V2 (Recht et al. 2019) collected from a
larger source using the same collection process as ImageNet;
3) ImageNet-A (Hendrycks et al. 2021b) containing natu-
ral adversarial images and 4) ImageNet-R (Hendrycks et al.
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r #params (M) Avg.
1 0.06 76.4
2 0.08 78.0
4 0.12 78.1

Table 5: Ablation results on different middle dimension r.

patch size Avg.
single ViT-B/8 branch 76.3

single ViT-B/16 branch 75.5
WST 78.0

Table 6: Ablation results on different patches.

2021a) composed of a variety of artistic renditions of Ima-
geNet. We use ViT-B/16 as the pre-trained backbone. Other
experimental settings are the same as for few-shot learning.
We report the average top-1 accuracy across 3 random seeds.

Results. As shown in Table 3, our WST achieves better ac-
curacy on ImageNet than other methods. On the four domain
generalization datasets, our WST also outperforms previ-
ous SOTA methods. Specifically, on the ImageNet-Sketch
and ImageNet-R, our WST has improved accuracy by about
2% compared to the DTL approach. It demonstrates that our
WST exhibits strong robustness in the face of domain shifts.

Experiments on Fine-Grained Visual Classification
Following SSF (Lian et al. 2022), we evaluate our WST
on fine-grained visual classification (FGVC) benchmarks,
including CUB-200-2011 (Wah et al. 2011), NABirds
(Van Horn et al. 2015), Oxford Flowers (Nilsback and Zis-
serman 2008), Stanford Dogs (Khosla et al. 2011) and Stan-
ford Cars (Krause et al. 2013). The results are shown in Ta-
ble 4. Our WST achieves good performance on FGVC while
using a small number of parameters.

Ablation Studies
Middle Dimension r. We design the middle dimension
ablation experiment by changing the middle dimension. We
report top-1 accuracy on VTAB-1K using ViT-B/16 back-
bone in Table 5. The accuracy of model with middle di-
mension of 1 is lower than that of our WST with middle di-
mension of 2, despite having a smaller parameter count. In-
creasing the middle dimension to 4 brings a slight accuracy
improvement while the number of parameters is increased.
Therefore, the middle dimension r of 2 is the optimal choice
for the good trade-off between performance and efficiency.

Small-patch Branch We use a single patch embedding
branch with ViT-B/8 or ViT-B/16 backbone to evaluate the
value of small-patch size fusion. In Table 6, smaller patch
size can achieve higher accuracy. The superior accuracy of
multi-scale fusion emphasizes the impact of WST.

Down-sampling strategies. In WST, wavelet transform is
employed to efficiently down-sample the longer token se-
quence due to its invertible and lossless nature. In this ex-
periment, we explore alternative down-sampling strategies

Down-sampling Strategy #params (M) Avg.
direct reshaping 0.08 76.6

interpolation down-sampling 0.19 77.2
wavelet down-sampling 0.08 78.0

Table 7: Ablation results on down-sampling strategies.

Figure 6: Visualization of saliency maps.

to analyze the effectiveness of wavelet transform. In Table
7, the accuracies of direct reshaping and bilinear interpola-
tion method are lower compared to our wavelet transform
approach. Our WST which effectively preserves complete
information can enhance model performance.

Visualization
To further show the visual representations, we utilize Grad-
CAM (Selvaraju et al. 2017) to visualize saliency maps,
highlighting important areas the model focuses on. We
choose two fine-grained and one specialized tasks which re-
quire more detailed features. In Fig. 6, our WST can better
concentrate on key details and semantic information relevant
to recognition compared to other fine-tuning methods. It
confirms our WST’s superior ability to capture fine-grained
features, attributed to our small-scale fusion strategy.

Conclusion and Limitation
In this paper, we present Wavelet-based multi-Scale Tuning
(WST), a novel paradigm for efficient adapting large-scale
pre-trained models to downstream tasks. Due to the intricate
nature of downstream tasks requiring a finer level of details,
we devote to fusing small-scale features. We introduce an
additional parallel small-scale patch embedding branch with
a smaller patch size alongside the pre-trained backbone. This
enables to focus on a smaller patch receptive field, thereby
learning fine-grained features and capturing details. In or-
der to balance the computation and performance, we employ
wavelet transform for lossless down-sampling of the token
sequence. This facilitates matching token sequence sizes and
enables the efficient fusion of multi-scale features. Extensive
experiments show that WST can achieve competitive or bet-
ter performance on various downstream datasets with small
trainable parameters count compared to other methods.

A limitation of our method is that the feature size of
the small-scale branch is fixed. In future work, we will ex-
plore more adaptive incorporation of variable scales through
multi-level wavelet transform and neural architecture search.
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