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ABSTRACT

Recent transformer models have achieved state-of-the-art performance for visual
tasks involving high-dimensional data like 3D volumetric medical image segmen-
tation. Hierarchical transformers (e.g. Swin Transformers) circumvent the compu-
tational challenge of self-attention in high-dimensional data through shifted win-
dow approach to learn token relations within progressively overlapping local re-
gions, thus expanding receptive field across layers while limiting token attention
span in each layer within predefined windows. In this work, we introduce a novel
learning paradigm that captures token relations through progressive summariza-
tion of features. We leverage the compaction capability of discrete wavelet trans-
form (DWT) on high-dimensional features and learn token relation in multi-scale
approximation coefficients obtained from DWT. This approach enables efficient
representation of fine-grained local to coarse global contexts within each layer
of the network. Furthermore, computing self-attention on the DWT transformed
features significantly reduces the computational complexity, effectively address-
ing the challenges posed by high-dimensional data in vision transformers. Our
network competes favorably with current SOTA transformers (e.g. SwinUNETR)
using three challenging public datasets on volumetric medical imaging: (1) MIC-
CAI Challenge 2021 FLARE, (2) MICCAI Challenge 2019 KiTS, and (3) MIC-
CAI Challenge 2022 AMOS. Our DWT-based transformer termed as WaveFormer
consistently outperforms Swin-UNETR with improvement from 0.929 to 0.938
Dice (FLARE2021) and 0.880 to 0.900 Dice (AMOS2022). The source code and
pretrained models will be made available in the full paper submission.

1 INTRODUCTION

The Vision Transformer (ViT) architecture Dosovitskiy et al. (2020) has proven to be highly ef-
fective for visual recognition tasks due to its ability to model long-range relationships across non-
overlapping image patches or tokens. However, ViT comes with significant computational costs,
as its self-attention mechanism scales quadratically with input size. In addition, ViT generates
low-resolution single-scale output features that are unsuitable for downstream tasks that require
fine-grained analysis of high-resolution feature maps and global context understanding (Beal et al.,
2020; Fang et al., 2021; Xie et al., 2021; Zheng et al., 2021). These challenges are especially sig-
nificant for high-dimensional inputs such as 3D volumetric scans. Hierarchical backbones Wang
et al. (2021); Liu et al. (2021) offer a solution by reducing computational complexity through local
window attention applied to progressively smaller feature maps. While this alleviates some of the
computational burdens, it introduces a new limitation. The effective receptive field (ERF) becomes
constrained within each layer, even after techniques like neighborhood pooling Yang et al. (2021)
and shifted windows Liu et al. (2021) are applied. These methods attempt to expand the recep-
tive field in subsequent layers by gradually exposing tokens to previously unseen tokens, but the
restriction within the individual layers remain.

Recent studies demonstrate that self-attention mechanisms in ViTs exhibit characteristics analo-
gous to a low-pass filter, as in, low-frequency components are crucial for the performance of ViT
models Bai et al. (2022); Wang et al. (2022b); Park & Kim (2022); Rao et al. (2021); Wang et al.
(2020a; 2022a). In this work, we propose that it is feasible to achieve a multi-resolution feature
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Figure 1: Comparison of token relation learning mechanism between Swin (left) and WaveFormer
(right). Each �nest volumetric cube (shown in white) represents the span of window self-attention
(4 � 4 � 4). Swin expands the receptive �eld through the shifted window mechanism in subsequent
layers. On the contrary, WaveFormer captures local and global relations in each layer on the multi-
scale low-frequency approximations obtained using DWT. The window size is carefully con�gured
to match the feature map length/width at the coarsest scale, thus leading to compute global attention;
while allowing multi-granular local attention on other scales. The dashed red cube illustrates the
summarization of features and resulting widening of receptive �eld through one level of DWT. For
visual clarity, high-frequency coef�cients from DWT are not shown.

representation with reduced computational overhead by exploiting the inherent frequency-domain
properties of images. Our approach computes patch/token relationships across multiple scales of
low-frequency sub-bands derived through Discrete Wavelet Transform (DWT). This methodology
enables the model to capture multi-scale context at each network layer, providing an ef�cient mech-
anism for processing high-dimensional data such as 3D medical scans. This technique expands
the effective receptive �eld beyond what conventional window attention methods can achieve, as
illustrated in Fig. 1.

Speci�cally, we propose a novel wavelet-based transformer architecture that decomposes features
using DWT and computes windowed attention on the low-frequency components. Different level of
decomposition enables attention at different resolutions, which allows the model to capture and ag-
gregate essential local and global context at each stage. By prioritizing these compact low-frequency
approximations, our method reduces the computational burden associated with high-resolution im-
age analysis while preserving essential multi-resolution context. We validate our approach in 3D
volumetric segmentation benchmarks, including FLARE Ma et al. (2022), AMOS Ji et al. (2022)
and KiTS Heller et al. (2020b), where our model achieves state-of-the-art (SOTA) mean dice score.
Additionally, our model demonstrates competitive results on classi�cation with ImageNet-1k Deng
et al. (2009), highlighting its generalization ability across medical and natural image recognition
tasks. Our contributions can be summarized as below:

• We introduce WaveFormer, a novel transformer architecture that processes low-frequency approx-
imations of spatial images through DWT. This approach enables multi-resolution contextualiza-
tion of visual elements, resulting in a signi�cant expansion of the effective receptive �eld while
maintaining superior computational ef�ciency compared to similarly sized models.

• Our model capitalizes on the high energy density present in low-frequency components, optimiz-
ing representation learning from natural and volumetric images. This novel integration of the
discrete wavelet transform opens new pathways for ef�ciently processing large-scale visual data.

• Our extensive experiments demonstrate that WaveFormer surpasses state-of-the-art performance
on 3D volumetric segmentation tasks, achieving superior mean dice scores on the FLARE, AMOS
and KiTS test sets. Additionally, our model achieves competitive accuracy on ImageNet-1k for
natural image classi�cation, all while reducing FLOP counts compared to other models in its class.
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2 RELATED WORKS

2.1 RECEPTIVEFIELD - COMPUTATION SPECTRUM

Vanilla ViT Dosovitskiy et al. (2020) enjoys global receptive �eld by processing an entire sample as
patchi�ed input tokens, incurring massive computational burden (O(N 2)). In contrast, Stand-alone
Self-attention Ramachandran et al. (2019) reduces computation by attending within non-overlapping
local windows, limiting the receptive �eld to the window size. Various approaches aim to balance
the trade-off between computational cost and receptive �eld in transformer models. SWIN Liu et al.
(2021) uses shifting windows between consecutive self-attention blocks for cross-window interac-
tion, which adds complexity and limits global context. LinFormer Wang et al. (2020b) reduces com-
putation via token projection, sacri�cing �ne-grained detail. Performer Choromanski et al. (2020)
approximates attention with kernel methods, reducing computation to linear but yielding unreliable
performance across tasks and modalities. Reformer Kitaev et al. (2020) hashes queries into buckets,
risking sub-optimal grouping. Axial Attention Ho et al. (2019) processes 2D attention as sequential
1D attention, limiting global context capture. Longformer Zhang et al. (2021) and RegionViT Chen
et al. (2021) focus on regional tokens but add complexity and limit global ef�ciency. Biformer Zhu
et al. (2023) adapts to multi-scale contexts but has inconsistent performance. Focal AttentionYang
et al. (2021) combines �ne and coarse features but struggles with scalability. Dilated Attention Has-
sani & Shi (2022) takes adaptively spaced tokens which allow a larger receptive �eld at a low cost,
but the resulting sparsity affects the attention granularity.

2.2 LEARNING IN FREQUENCYDOMAIN

Learning in the frequency domain has been explored in various tasks like image deblurring and
image inpainting, often by learning directly from the frequency components, or as an assistive rep-
resentation alongside the spatial domain Xu et al. (2020); Wang & Sun (2022); Gueguen et al.
(2018); Bai et al. (2022); Zou et al. (2021); Suvorov et al. (2022); Ehrlich & Davis (2019). Some
works have leveraged frequency for model compression Kong et al. (2023) and channel description
Qin et al. (2021). Based on energy under low-frequency coef�cients, Wang et al. (2022b) performs
channel and token pruning to compress models. Yao et al. (2022) uses selective coef�cient tokens
for attention. However, such pruning or selective token shortlisting may cause information imbal-
ance and redundancy. Additionally, the feature stacking and restoration in Yao et al. (2022) require
extra layers, diminishing the computational bene�ts of the wavelet transform.

Compared to these works, our models' strength comes from integrating wavelet into a multi-path
hierarchical architecture. Each branch in our attention block independently attends to features at
different scales, capturing a broader range of patterns and scale invariance. Aggregating these
branches helps contextualize multi-resolution object properties. Our in-depth analysis shows that
such a multi-path network allows each path to develop distinct modeling abilities due to their differ-
ences in ERF.

3 WAVEFORMER: INTUITION

WaveFormer introduces a novel approach to hierarchical transformers by combining two key intu-
itions: learning on compact representations and achieving local-to-global receptive �eld coverage.
The �rst notion leverages the properties of the Discrete Wavelet Transform (DWT) and Parseval's
theorem to establish the signi�cance of low-frequency approximations in the context of learning.
This enables reduced computation while preserving essential global features. The second notion
consolidates extraction of multi-resolution token relations by using multi-level DWT, which seam-
lessly models local and global dependencies. Together, these two intuitions form the foundation of
our WaveFormer architecture, enabling ef�cient yet powerful token relation modeling.

3.1 LEARNING ON COMPACT REPRESENTATION

Discrete Wavelet Transform: The Discrete Wavelet Transform (DWT) decomposes a signal into
coef�cients that represent both spatial and frequency information at different scales. In contrast to
the global nature of the Fourier Transform, DWT offers localized time-frequency analysis, making it
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ideal for processing non-stationary signals, such as images. Given a 2D feature mapX 2 RC � H � W ,
DWT decomposes its spatial dimensions(H; W ) into an approximation coef�cientCj and three
detail coef�cientsD j;k , representing horizontal (k = 1 ), vertical (k = 2 ), and diagonal (k = 3 )
orientations at each resolution levelj .

Mathematically, the components from one-level DWT ofX can be expressed as:

C1(c; h0; w0) =
HX

h=1

WX

w=1

X (c; h; w) � � h0(h) � � w 0(w); (1)

D1;k (c; h0; w0) =
HX

h=1

WX

w=1

X (c; h; w) �  (k ) h0(h) �  (k ) w0(w); (2)

where� denotes the scaling (low-pass) function, (k ) denotes the wavelet (high-pass) functions
for different orientations, and(h0; w0) are the downsampled coordinates due to the subsampling
operation in DWT.

By recursively applying DWT to the approximation coef�cientsCj , we obtain a multi-level decom-
position:

X (c; H; W ) = CJ (c; h00; w00) +
JX

j =1

X

k

D j;k (c; hj ; wj ); (3)

whereJ is the total number of decomposition levels,hj = H=2j , wj = W=2j , and(h00; w00) =
(H=2J ; W=2J ) represent the dimensions at the coarsest scale.

Parseval's Theorem:Parseval's theorem shows that the total energy of a time-varying signalf (t)
is preserved in its frequency domain representationF (! ), as expressed by Equation 4 Hassanzadeh
& Shahrrava (2022).

Z 1

�1
jf (t)j2 dt =

1
2�

Z 1

�1
jF (! )j2 d! (4)

When most of a signal's energy is concentrated in the low-frequency coef�cients, transformations
can be ef�ciently approximated by focusing on these components, signi�cantly reducing computa-
tion. It has been observed in the literature Wang et al. (2022b); Park & Kim (2022) that in large-scale
transformer models, features used for computing token relations in self-attention mechanisms pre-
dominantly reside in the low-frequency domain.

Using the orthonormality property of the wavelet transformations, it can be shown that energy ofX
follows Parseval's theorem in the wavelet domain as mentioned in equation 5. Detailed derivation is
provided in appendix A.1.

kX k2 =
CX

c=1

HX

h=1

WX

w=1

0

@jCJ (c; h00; w00)j2 +
JX

j =1

X

k

jD j;k (c; hj ; wj )j2

1

A (5)

In conclusion, DWT offers three primary features that motivates our architecture:

• Energy Compaction: As feature energy in transformer networks is mostly aligned towards the
low-frequency spectrum, DWT enables the concentration of the signal energy into a few approxi-
mation coef�cients at the coarsest scale (follows from Parseval's Theorem).

• Computational Ef�ciency : By operating on wavelet coef�cients at coarser scales, we reduce the
computational burden without signi�cant loss of important information.

• Multi-Resolution Representation: DWT provides a method for hierarchical decomposition of
data. In spatial context, shallower level of decomposition represents local details as deeper levels
tend to represent global structures. This enables another speculation for feature extraction at
multiple scales, as discussed in Section 3.2 in more detail.
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Figure 2: (a) An illustration of how window attention in multiple resolutions enables capturing
relationships that span multi-scale receptive �elds in our network. The coarsest scale approximation
( h

8 � w
8 � d

8 ) obtained from DWT is utilized to capture global context. Alongside this, the local
relationship is captured through window attention from the intermediate approximations, where
the window size is the same as the spatial shape of the coarsest scale feature.b: illustrates our
wavelet-attention block. Input tokens are decomposed into low-frequency coef�cients (LFC, shown
as yellow cubes) and high-frequency (detail) coef�cients (HFC, shown as red) ofM = 1 ; 2; :::; m
scales using 3D-DWT. At each scale, window attention(k � k � k) is applied on the LFCs where
k = h

2m = w
2m = d

2m i.e. the side of coarsest scale approximationsxLF C
m . This leads to capturing

global attention fromxLF C
m and multi-granular local attentions onxLF C

i ; i = [1 ; m � 1]. Low-
energy-density HFCs are omitted in our network.

3.2 LOCAL-TO-GLOBAL RECEPTIVEFIELD COVERAGE

As mentioned above, our encoder network computes token relations on the compact approxima-
tion coef�cients obtained from the Discrete Wavelet Transform (DWT). Figure 4a illustrates DWT
transformation on the input featurex, which is decomposed into multi-level low-frequency approx-
imations. At the coarsest level, global attention is applied, enabling the capturing of holistic rela-
tionships among tokens. On other levels, the token relationship is computed locally using �xed-size
window attention, where the window has the same shape as the spatial dimension of the coarsest-
level feature. In this way, the attention mechanism ef�ciently captures multi-granular relationships
spanning from local to global receptive �elds as depicted in Figure 4a. This surpasses the limita-
tion of window attention and introduces a mechanism that learns token relation through multi-level
summarization of the input feature with low computational cost. Such a straightforward and effec-
tive approach to capturing token relationships at multiple resolutions has inspired us to develop a
wavelet-decomposition-based transformer network.

In the context of our WaveFormer architecture, we apply DWT to the input feature mapx to ob-
tain a set of approximation coef�cientsCj at multiple scales. Using these low-resolution wavelet
coef�cients Cj , we capture global and local dependencies with reduced computation by applying
self-attention on the compact representations, enhancing ef�ciency without sacri�cing accuracy.

4 WAVEFORMER: NETWORK ARCHITECTURE

WaveFormer, a hierarchical transformer, comprises multi-resolution window attention in com-
pressed feature space. This enables the learning of token relations from high-dimensional data like

5
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medical computed tomography (CT) scans with reasonably less computational overhead. Multi-
resolution features are obained in the encoder by applying attention on wavelet-approximated fea-
tures. A convolution-based decoder network is used for downstream tasks which receives multi-
stage encoder outputs via convolutional skip connections. Figure 3 illustrates the complete archi-
tecture of WaveFormer. In the following subsections, we describe the details of the encoder and
decoder.

4.1 ENCODER: WAVELET-TRANSFORMATION BASEDTOKEN RELATION

Random sub-volumesSi 2 RH � W � D � P are extracted from a set of 3D Image Volumes
Vi = X i ; Yi i =1 ;2;:::;L and passed as input to the encoder network. A simple convolutional embed-
ding is applied to the input to create 3D tokens of dimensionsH

2 � W
2 � D

2 that is projected to a
C = 48 dimensional space. Following Hatamizadeh et al. (2021), this embedding is passed through
4 encoder stages where in each stage we have 2 wavelet-attention blocks (i.e.L = 8 total layers)
as depicted in Figure 3. Patch embedding is applied after each stage (except the last one) to obtain
hierarchical feature. After each stage we obtain feature mapFi of size H

2i � W
2i � D

2i � 2i � 1C at
stagei wherei 2 f 1; 2; 3; 4g.
Wavelet Attention Block. Instead of calculating token relations on the original patch embedding
featureX 2 Rh� w � d� c, whereh, w, d andc represent the height, width, depth and dimension at
stagei , self-attention mechanism is applied to the multi-scale (M = 1 ; 2:::; m scales) low-frequency
approximation coef�cients ofX obtained by the discrete wavelet transform (DWT), as depicted in
Figure 4b. On the coarsestmth scale, coarse global relation is captured through global attention
while in other scales, window (k � k � k) attention is applied to capture multi-granular local
information. For simplicity, we usedk = h

2m = w
2m = w

2m i.e. the window size is same as
the coarsest scale feature map. This mechanism effectively enables relation capturing across
various receptive �elds without the need of dynamic window-size or window shifting and further
parameterization.

Figure 3: Model Architecture for our proposed WaveFormer network. 3D patch embedding is gen-
erated with Conv3D and passed through4 stages of operation. In each stage, Waveformer block ex-
tracts multi-resolution salient features in depth-wise manner, and a following downsampling block
mixes and enriches context across channels. For segmentation, features from each stage of encoder
are collected through skip connection and �nal segmentation output is formed through progressive
reconstruction.

4.2 DECODER FORDOWNSTREAM TASK

For the downstream segmentation task, we follow the similar decoder architecture from Lee et al.
(2022); Hatamizadeh et al. (2021) that comprises a ”U-shaped” network overall. Multi-scale out-
put from different stages of the network is connected to the corresponding decoder layer via a skip
connection. First, the output feature from each stageI (i 2 1; 2; 3; 4) is passed through a residual
block comprised of two post-normalized3 � 3 � 3 convolutional layers with instance normaliza-
tion. This stabilizes further propagation of the feature. Note that the feature from stage4 is also

6
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passed through a bottleneck residual layer to produce the �nal encoded feature. The feature is then
upsampled with a transpose convolution and concatenated with the previous stage features. The
concatenated feature will further be passed through a residual block to output the �nal feature for
that decoder layer (dark gray in Figure 4a). For �nal segmentation, the residual feature from in-
put patch is concatenated with the upsampled feature from the previous decoder layer and passed
through a residual block with1 � 1 � 1 convolutional layer with a softmax activation to predict the
segmentation probabilities.

5 EXPERIMENTAL SETUP

5.1 DATASETS

We experiment on 4 publicly available datasets to validate our model. For volumetric segmentation,
we utilize MICCAI 2021 FLARE Challenge dataset Ma et al. (2022), MICCAI 2022 AMOS Chal-
lenge dataset Ji et al. (2022) and MICCAI 2019 KiTS Challenge dataset Heller et al. (2020a). For
classi�cation, we use the widely adopted Imagenet-1K dataset Deng et al. (2009). Additional details
about the datasets are presented in Appendix A.3.

5.2 IMPLEMENTATION DETAILS

Following Lee et al. (2022), the model is evaluated in two scenarios for volumetric medical image
segmentation: 1) directly supervised training on FLARE2021 and KITS2019 datasets, and 2) trans-
fer learning with FLARE pre-trained wights on AMOS 2022 dataset. More detailed information
on datasets and splits is provided in Appendix A.3. We performed 5-fold cross-validation on both
FLARE and KITS while using the best fold model trained on FLARE to �netune on AMOS. Train-
ing details are provided in Appendix A.4. We evaluate WaveFormer against the current volumetric
transformer and ConvNet SOTA approaches for volumetric segmentation in a fully-supervised set-
ting. The dice similarity coef�cient is used as the evaluation metric.
We further train the model on the natural image dataset Imagenet-1k for visual recognition tasks to
test the generalization capability of the representation encoded by the model. Training details on
Imagenet-1k are provided in Appendix A.5.
Furthermore, we performed ablation studies to investigate the effect of different-level wavelet de-
composition on the model's capability to learn different-scale organs.

6 RESULTS

6.1 EVALUATION ON FLARE2021

Table 1: Performance comparison on FLARE 2021 datasets.

Methods #Params FLOPs FLARE 2021
Spleen Kidney Liver Pancreas Mean

3D U-Net Çiçek et al. (2016) 4.81M 135.9G 0.911 0.962 0.905 0.789 0.892
SegResNet Myronenko (2019) 1.18M 15.6G 0.963 0.934 0.965 0.745 0.902
RAP-Net Lee et al. (2021) 38.2M 101.2G 0.946 0.967 0.940 0.799 0.913
nn-UNet Isensee et al. (2021) 31.2M 743.3G 0.971 0.966 0.976 0.792 0.926

TransBTS Wenxuan et al. (2021) 31.6M 110.4G 0.964 0.959 0.974 0.711 0.902
UNETR Hatamizadeh et al. (2022) 92.8M 82.6G 0.927 0.947 0.960 0.710 0.886
nnFormer Zhou et al. (2021) 149.3M 240.2G 0.960 0.975 0.977 0.717 0.908
SwinUNETR Hatamizadeh et al. (2021) 62.2M 328.4G 0.979 0.965 0.980 0.788 0.929
3D UX-Net Lee et al. (2022) 53.0M 639.4G 0.981 0.969 0.982 0.801 0.934

WaveFormer (ours) 52M 326.56G 0.982 0.969 0.981 0.828 0.941*

The performance of our proposed WaveFormer model is compared against SOTA approaches for
FLARE segmentation in Table 1. With the wavelet-decomposition-based multi-resolution atten-
tion transformer as the encoder backbone, WaveFormer signi�cantly improves Dice scores on the
FLARE2021 dataset. Speci�cally, WaveFormer outperforms competing models like TransBTS, UN-
ETR, nnFormer, and SwinUNETR and achieves higher overall mean Dice scores (from 0.934 in 3D
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