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Highlights
• First AFNO-based spectral mixing for 3D medical segmentation
• Eliminates quadratic token-to-token attention entirely
• Linear memory scaling for high-resolution 3D volumes
• 78% fewer parameters than UNETR++
• SOTA or near-SOTA on ACDC, Synapse, and BraTS
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A B S T R A C T
We adapt the remote sensing-inspired AMBER model (Dosi et al., 2025) from multi-
band image segmentation to 3D medical datacube segmentation. To address the com-
putational bottleneck of the volumetric transformer, we propose the AMBER-AFNO
architecture. This approach uses Adaptive Fourier Neural Operators (AFNO) instead
of the multi-head self-attention mechanism. Unlike spatial pairwise interactions be-
tween tokens, global token mixing in the frequency domain avoids (𝑁2) attention-
weight calculations. As a result, AMBER-AFNO achieves quasi-linear computational
complexity and linear memory scaling.
This new way to model global context reduces reliance on dense transformers while
preserving global contextual modeling capability. By using attention-free spectral
operations, our design offers a compact parameterization and maintains a competitive
computational complexity. We evaluate AMBER-AFNO on three public datasets:
ACDC, Synapse, and BraTS. On these datasets, the model achieves state-of-the-art
or near-state-of-the-art results for DSC and HD95. Compared with recent compact
CNN and Transformer architectures, our approach yields higher Dice scores while
maintaining a compact model size.
Overall, our results show that frequency-domain token mixing with AFNO provides
a fast and efficient alternative to self-attention mechanisms for 3D medical image
segmentation.

1. Introduction
According to the World Health Statistics 2024
report (World Health Organization, 2024), heart
disease was the leading cause of death globally
in 2021, accounting for approximately 9.1 million
deaths. Kidney disease, lung cancer, lower respira-
tory infections, and stroke also ranked among the
top ten global causes of mortality. In all cases, early
diagnosis is crucial to reduce mortality rates and
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optimize treatment strategies, including therapy or
surgery. Such diagnosis relies on advanced imaging
technologies such as MRI and CT scans, which
generate three-dimensional (3D) volumetric data
capturing anatomical structures at multiple depths
(Tai et al., 2019; Florkow et al., 2022). Since a sin-
gle 2D slice often fails to capture the full anatomical
context, effective analysis of volumetric data cubes
has become essential (Zhou et al., 2019).
In medical image segmentation tasks, the U-Net
architecture (Ronneberger et al., 2015) has gained
widespread popularity due to its encoder–decoder
structure, which captures both local and global
contextual representations through skip connec-
tions. Numerous variants have been proposed to
improve multi-scale representation and robustness,
including AFFU-Net (Zheng et al., 2022), OAU-
Net (Song et al., 2023), ISTD-Net (Hou et al.,
2022), MultiResU-Net (Lan et al., 2022), SAU-Net
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(Chen et al., 2024), KiU-Net (Valanarasu et al.,
2022), and UCR-Net (Sun et al., 2022). However,
convolutional neural networks (CNNs) inherently
struggle to model long-range dependencies due to
limited receptive fields determined by kernel size
and stride, particularly in volumetric data where
inter-slice relationships are critical.
To address these limitations, the Transformer Vaswani
et al. (2017) was introduced into computer vision
as Vision Transformers (ViT) Dosovitskiy et al.
(2021). Transformer-based models rely on self-
attention mechanisms to model long-range depen-
dencies across the entire image. Consequently, var-
ious transformer-based architectures have been pro-
posed for medical image segmentation, such as RT-
UNet Li et al. (2022a), SWTRU Zhang et al. (2022),
LMIS Zhu et al. (2024b), and SDV-TUNet Zhu et al.
(2024a), which combine transformer blocks with U-
Net-like structures to capture both global and local
information.
However, in volumetric settings, transformer-based
models introduce a significant computational bot-
tleneck. In 3D medical image segmentation, feature
maps grow cubically with spatial resolution, and
the quadratic complexity of token-to-token self-
attention results in high memory consumption,
increased parameter counts, and longer inference
time. Although efficient attention mechanisms have
been proposed to approximate self-attention, most
still rely on token-wise interaction operations whose
complexity scales poorly with high-resolution vol-
umes. Therefore, designing a 3D segmentation
model that balances effective global context model-
ing with computational efficiency remains an open
problem.
SegFormer (Xie et al., 2021a) addresses efficiency
in semantic segmentation through a lightweight hi-
erarchical transformer encoder and an MLP-based
decoder. Building upon this foundation, AMBER
(Dosi et al., 2025) extends SegFormer to multi-
band image segmentation by incorporating three-
dimensional convolutions and a Funnelizer layer to
better model spatial–spectral relationships.
To explicitly address the efficiency–globality trade-
off in 3D lightweight medical image segmenta-
tion, we propose AMBER-AFNO, where Adaptive
Fourier Neural Operators (AFNO) (Guibas et al.,
2021) replace multi-head self-attention within a

hierarchical transformer encoder. Instead of con-
structing quadratic attention matrices, AFNO per-
forms global token mixing in the frequency domain
through learnable spectral filters, enabling quasi-
linear computational complexity and linear memory
cost. The multi-head structural design is preserved
through block-wise frequency mixing, allowing dif-
ferent frequency subspaces to capture distinct se-
mantic patterns without pairwise token interactions.
In contrast to attention approximation strategies
or convolution–attention compression schemes, this
approach reformulates global context modeling it-
self rather than merely reducing attention computa-
tion.
Building on the AMBER architecture, the proposed
AMBER-AFNO adapts spectral-domain token mix-
ing to full 3D volumetric segmentation. This de-
sign reduces the parameter count by nearly 78%
compared with heavy transformer-based models
such as UNETR++, while maintaining competitive
FLOPs and segmentation performance. Unlike re-
cent lightweight CNN–Transformer variants (e.g.,
LW-CTrans (Kuang et al., 2025)), whose efficiency
is achieved by simplifying convolutional or atten-
tion modules, the lightweight property of AMBER-
AFNO stems from spectral-domain global mixing.
We validate AMBER-AFNO on three public 3D
medical segmentation benchmarks: ACDC (Bernard
et al., 2018), Synapse (Landman et al., 2015), and
BraTS (Menze et al., 2015). Using Dice Simi-
larity Coefficient (DSC) and Hausdorff Distance
(HD95) as evaluation metrics, the experimental
results demonstrate that spectral-domain token mix-
ing achieves a favorable accuracy–efficiency trade-
off across diverse anatomical scenarios.

2. Related Work
Three-dimensional medical image segmentation
has seen great progress since the adoption of encoder-
decoder networks, such as U-Net and V-Net. Most
recent studies can be roughly grouped into four non-
mutually exclusive categories: (1) single-branch
encoder-decoder networks, (2) hybrid and multi-
branch encoders, (3) transformers and efficient at-
tention models, and (4) lightweight 3D segmenta-
tion networks.
Single-branch encoder–decoder networks.
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Many classical CNN-based segmentation networks
have been proposed, many of which evolved from
the original U-Net (Ronneberger et al., 2015). Ex-
amples include UNet++ (Shaker et al., 2024), At-
tention U-Net (Ronneberger et al., 2015), CE-Net
(Gu et al., 2019), DeepLab (Chen et al., 2018), and
for volumetric data, V-Net (Milletari et al., 2016)
that uses residual connections in 3D convolutional
blocks and Dice loss, a loss function adapted to vol-
umetric medical images. Later, nnU-Net (Isensee
et al., 2021) demonstrated that adapting depth, patch
size, and training settings to the dataset on the same
architecture can lead to state-of-the-art performance
on a multitude of tasks. Despite the high power
of fully convolutional networks, they often use in-
creasingly large receptive fields in deeper layers and
thus cannot directly model long-range interactions
across higher-resolution volumes.
Hybrid and multi-branch encoders.
CNN–Transformer frameworks were proposed to
address locality limitations. TransUNet (Chen et al.,
2021) incorporated ViT modules into the CNN en-
coder, and UNETR (Hatamizadeh et al., 2021) re-
defined U-Net with a transformer encoder and con-
volutional decoder. CoTr (Xie et al., 2021b) intro-
duced deformable attention in 3D space to reduce
computational burden. Subsequent works designed
multi-branch encoders to disentangle semantic res-
olutions or image details. DS-TransUNet (Lin et al.,
2022) employed dual-scale ViT encoders; DHR-Net
(Bai et al., 2024) introduced semantic and detail
branches; MILU-Net (He et al., 2024) and BSC-
Net (Zhou et al., 2024) adopted dual-resolution de-
signs. However, multi-branch models usually bring
significantly more parameters and increase training
complexity, limiting scalability.
Transformer-based and efficient attention mod-
els.
Global self-attention in Vision Transformers has
proven effective for representation learning. In vol-
umetric segmentation, UNETR (Hatamizadeh et al.,
2021) and Swin-UNETR (Hatamizadeh et al., 2022)
demonstrate the importance of hierarchical token
interactions. nnFormer (Zhou et al., 2023) alter-
nates convolution and attention blocks, and UN-
ETR++ (Shaker et al., 2024) proposed Efficient
Paired Attention (EPA) for separating spatial and
channel attention. DS-UNETR++ (Jiang et al.,

2025) further introduced gated cross-attention mech-
anisms.
In its standard form, self-attention grows quadrat-
ically with the number of tokens, making it costly
for larger 3D inputs. Linformer (Wang et al., 2020)
and Performer (Choromanski et al., 2022) apply
low-rank and kernel-based approximations, while
FNet (Lee-Thorp et al., 2022) replaces attention
with fixed Fourier transforms.
In contrast, Adaptive Fourier Neural Operators
(AFNO) (Guibas et al., 2021) learn frequency filters
and block diagonal channel mixing matrices for
token mixing in the Fourier domain. By truncating
high-frequency modes and applying adaptive fre-
quency filters, AFNO achieves quasi-linear com-
plexity and linear memory cost while modeling
global context. AFNO was originally proposed for
3-channel images, and its potential for volumetric
medical segmentation remains underexplored.
Lightweight 3D medical image segmentation net-
works.
For real-world clinical applications where compu-
tational resources are limited, efficient 3D segmen-
tation aims to reduce parameters and floating-point
operations while maintaining competitive perfor-
mance. Efficient design principles from 2D image
processing, such as depthwise separable convolu-
tion and inverted residual blocks (MobileNetV2
(Sandler et al., 2018)), and grouped pointwise con-
volution with channel shuffle (ShuffleNet (Zhang
et al., 2018)), have inspired lightweight 3D models.
LCOVNet (Zhao et al., 2021) utilizes separable
spatiotemporal convolution with attention calibra-
tion, and ADHDC-Net (Liu et al., 2023) employs
decoupled convolution to replace standard convo-
lution in medical images. SlimUNETR (Pang et al.,
2024) simplifies the attention mechanism, and LW-
CTrans (Kuang et al., 2025) combines lightweight
convolution encoding with simplified transformer
modules to significantly reduce parameter count
while maintaining comparable Dice scores.
Most lightweight variants focus on convolutional
filter redesign or attention simplification, with lim-
ited investigation of token mixing strategies them-
selves. In particular, spectral and domain-agnostic
variants such as AFNO have not been systemati-
cally applied to volumetric medical image segmen-
tation. Consequently, whether accurate 3D segmen-
tation can be achieved with significantly reduced
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parameter counts compared to current state-of-the-
art methods remains unclear.
In summary, volumetric medical image segmen-
tation architectures have evolved from CNN en-
coder–decoders to CNN–Transformer hybrids and
fully attention-based models emphasizing global
context modeling. While transformer-based ap-
proaches enhance long-range dependencies, their
quadratic attention mechanisms are computation-
ally intensive for high-resolution 3D images.
Unlike the above approaches, AMBER-AFNO by-
passes pairwise attention mechanisms by perform-
ing global mixing in the frequency domain. By
applying Fourier transforms and learning frequency
filters over limited modes, AMBER-AFNO avoids
constructing (𝑁2) attention matrices and enables
quasi-linear complexity with linear memory usage,
while significantly reducing parameter counts and
preserving the ability to handle high-resolution 3D
volumes.

3. Methodology
In this section, we introduce AMBER-AFNO, an
extension of the AMBER model (Dosi et al., 2025),
which replaces the traditional self-attention mech-
anism with Adaptive Fourier Neural Operators
(AFNO) to reduce model complexity and improve
computational efficiency. While staying close to the
original AMBER design, AMBER-AFNO adapts
the architecture to address the 3D volumetric data.
As illustrated in Figure 1, the architecture consists
of two main modules: a hierarchical Transformer
encoder with 3D patch embedding and AFNO-
based feature mixing; and a lightweight MLP de-
coder that fuses multi-scale features and predicts
the final 3D segmentation mask. Unlike AMBER,
which uses a dimensionality reduction layer (“fun-
nalizer”) to collapse 3D features into 2D outputs,
AMBER-AFNO operates entirely in 3D and directly
outputs a volumetric segmentation mask of size
𝐷 × 𝐻 × 𝑊 × 𝑁𝑐𝑙𝑠, where 𝑁𝑐𝑙𝑠 is the number
of classes. Furthermore, the decoder integrates a
deconvolutional layer to up-sample feature maps
and recover the original spatial resolution.
3.1. Hierarchical Transformer Encoder
We designed a series of Mix Transformer en-
coders (MiT) for semantic segmentation of 3D

images, replacing standard self-attention layers with
Adaptive Fourier Neural Operators (AFNO) to re-
duce the number of parameters without compromis-
ing accuracy. Unlike conventional attention mech-
anisms—which are memory-intensive and scale
quadratically with input size—AFNO performs
global feature mixing in the frequency domain with
quasi-linear complexity. This enables the encoder
to capture both local and global context while
significantly lowering computational and memory
costs.
Hierarchical Feature Representation. The goal
of this module is, given an input image, to gener-
ate CNN-like multi-level features. These features
provide high-resolution coarse features and low-
resolution fine-grained features that usually boost
the performance of semantic segmentation (Xie
et al., 2021a). More precisely, given an input 3D
image with 𝐷×𝐻 ×𝑊 , we perform patch merging
to obtain a hierarchical feature 𝐹1 with a resolution
of 𝐷𝑞𝑤

2𝑖 × 𝐻
2𝑖 ×

𝑊
2𝑖 × 𝐶1, where 𝑖 ∈ {0, 1, 2, 3} and

𝐶𝑖+1 is larger than 𝐶𝑖.
Overlapped Patch Merging. We utilize merging
overlapping patches to avoid the need for positional
encoding. To this end, we define 𝐾 , 𝑆, and 𝑃 ,
where 𝐾 is the three-dimensional kernel size (or
patch size), 𝑆 is the stride between two adjacent
patches, and 𝑃 is the padding size. Unlike the
original SegFormer, in our experiments, we set 𝐾
= 3, 𝑆 = 1, 𝑃 = 1, and 𝐾 = 3, 𝑆 = 2, 𝑃 = 2 to
perform overlapping patch merging. The patch size
is intentionally kept small to preserve image details
and avoid parameter explosion. 𝑆 = 1 preserves
the original image spatial dimensions 𝐻 and 𝑊 ,
avoiding the reduction of spatial dimensions by 1/4.
Adaptive Fourier Neural Operators (AFNO).
The self-attention mechanism, while effective in
capturing global dependencies, is widely recog-
nized as the primary computational bottleneck in
transformer-based encoder architectures due to its
quadratic complexity with respect to the input se-
quence length (Xie et al., 2021a).
In AMBER (Dosi et al., 2025), a multi-head self-
attention scheme is used, where each attention layer
incorporates a reduction factor 𝑅 to mitigate this
cost. This reduces the computational complexity
from the standard 𝑂(𝑁2) to 𝑂

(
𝑁2

𝑅

)
, offering a
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Figure 1: The Proposed AMBER-AFNO framework consists of two main modules: A hierarchical Transformer
encoder to extract coarse and fine features; and a lightweight MLP decoder to directly fuse these multi-level
features and predict the semantic segmentation mask. FFN indicates a feed-forward network.

more tractable solution for high-resolution inputs
(Xie et al., 2021a).
In the proposed AMBER-AFNO architecture, the
entire attention mechanism is replaced with the
AFNO block. AFNO uses token mixing in the fre-
quency domain, leveraging the Fast Fourier Trans-
form (FFT) to achieve global interactions with
quasi-linear complexity. Here, the input tokens are
transformed into the frequency domain using FFT,
capturing global contextual information efficiently.
In (Guibas et al., 2021) the authors introduced
AFNO for the 2D image segmentation task. Using
similar methodologies, we have extended the ap-
proach for the 3D image segmentation task.
The input to the AFNO block is a 5-D tensor which
can be represented as 𝑥 ∈ ℝ𝐵×𝐷×𝐻×𝑊 ×𝐶 where
𝐵 is the batch size, 𝐷, 𝐻 , and 𝑊 are the spatial
dimensions (depth, height, and width), and 𝐶 is the
embedding dimension.
We then apply a real-valued 3D Fast Fourier Trans-
form (RFFT) over the spatial dimensions:

𝑥̂ = RFFT3(𝑥) ∈ ℂ𝐵×𝐷×𝐻×(𝑊 ∕2+1)×𝐶 (1)
The channel dimension 𝐶 is partitioned into 𝐾
frequency blocks:

𝑥̂ → 𝑥̂blk ∈ ℂ𝐵×𝐷×𝐻×(𝑊 ∕2+1)×𝐾× 𝐶
𝐾 (2)

Each frequency block undergoes a learnable complex-
valued two-layer MLP:

𝑥̂(𝑖)blk ← 𝑊 (𝑖)
2 ⋅𝜙

(
𝑊 (𝑖)

1 ⋅ 𝑥̂(𝑖)blk + 𝑏(𝑖)1
)
+𝑏(𝑖)2 , ∀𝑖 ∈ {1,… , 𝐾}

(3)
After the operation of two layer MLP, the MLP
output is reshaped back to 𝑥̂ ∈ ℂ𝐵×𝐷×𝐻×(𝑊 ∕2+1)×𝐶

and then soft shrinkage is applied to attenuate small-
magnitude frequency responses:

𝑥̂′ = SoftShrink(𝑥̂) (4)
Finally, the inverse 3D FFT (IRFFT) is applied, and
the result is combined with the original input via
residual addition:

𝑥̃ = IRFFT3(𝑥̂′) + 𝑥 (5)
Thus, the final output of the AFNO-3D block is as
follows:

𝑥̃ = IRFFT3
(SoftShrink (MLPℂ

(RFFT3(𝑥)
)))

+ 𝑥

(6)
Algorithm 1 shows the pseudo-implementation of
the AFNO-3D block in the AMBER-AFNO archi-
tecture.
Mix-FFN. Likewise, in the AMBER (Dosi et al.,
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Algorithm 1: AFNO-3D with Adaptive
Weight Sharing and Adaptive Masking

Input: Tensor 𝑥 ∈ ℝ𝑏×𝑑×ℎ×𝑤×𝑐

Output: Transformed tensor 𝑦
𝑏𝑖𝑎𝑠 ← 𝑥
𝑥 ← RFFT3(𝑥)
𝑥 ← reshape(𝑥, [𝑏, 𝑑, ℎ, 𝑤2 + 1, 𝑘, 𝑐𝑘 ])
𝑥 ← BlockMLP(𝑥)
𝑥 ← reshape(𝑥, [𝑏, 𝑑, ℎ, 𝑤2 + 1, 𝑐])
𝑥 ← SoftShrink(𝑥)
𝑥 ← IRFFT3(𝑥)
return 𝑥 + 𝑏𝑖𝑎𝑠

Function BlockMLP(𝑥):
𝑥 ← 𝑥𝑊1 + 𝑏1
𝑥 ← ReLU(𝑥)
return 𝑥𝑊2 + 𝑏2

2025) and SegFormer (Xie et al., 2021a), we also
used the Mix-FFN, which considers the effect of
zero padding using a 3 × 3 × 3 Conv in the feed-
forward network (FFN). We used Mix-FFN instead
of positional encoding because Mix-FFN combines
both Depthwise Convolution and MLP layers to
capture both local and global context in the seen
(Xie et al., 2021a).

𝑥out = MLP (GELU (Conv3×3×3
(MLP(𝑥in)

)))
+𝑥in
(7)

where 𝑥𝑖𝑛 is the feature from the self-attention mod-
ule. Mix-FFN mixes a 3 × 3 × 3 convolution and an
MLP into each FFN.
3.2. Lightweight All-MLP Decoder
The four feature maps produced by the MiT encoder
are first channel-projected to a common embedding
size 𝑑 by position-agnostic MLP layers. Then ev-
ery projected tensor is trilinearly upsampled to the
finest encoder resolution and concatenated along
the channel axis. A 1×1×1 convolution with RELU
activation and 3-D batch normalization fuses this
aggregate into a compact representation. A single
transposed 3-D convolution subsequently doubles
the spatial dimensions, bringing the volume back to
the native voxel grid while reducing the channels
to 𝑁cls. A final 1 × 1 × 1 convolution sharpens

Figure 2: Simplified Work Flow Diagram of AMBER-
AFNO Architecture

the logits, yielding the segmentation mask 𝑀 ∈
ℝ𝑁cls×𝐷×𝐻×𝑊 . Compared with the original five-
stage AMBER decoder, this variant omits the ded-
icated spectral-reduction block and integrates the
final MLP into the transposed convolution, lowering
memory cost without sacrificing accuracy.
The figure 2 shows a more simplified and straight-
forward workflow diagram of the AMBER-AFNO
Architecture.

4. Experiments
To assess the effectiveness of the proposed AMBER-
AFNO architecture, we compare against the follow-
ing state-of-the-art convolutional and transformer-
based segmentation models: U-Net (Ronneberger
et al., 2015), nnU-Net (Isensee et al., 2021), Tran-
sUNet (Chen et al., 2021), Swin-UNet (Cao et al.,
2023), UNETR (Hatamizadeh et al., 2021), UN-
ETR++ (Shaker et al., 2024), MISSFormer (Huang
et al., 2023), Swin-UNETR (Hatamizadeh et al.,
2022), nnFormer (Zhou et al., 2023), TransBTS
(Wang et al., 2021), CoTr (Xie et al., 2021b), PCC-
Trans (Feng et al., 2024), and LW-CTrans (Kuang
et al., 2025).
The last one mentioned, LW-CTrans (Kuang et al.,
2025), is a newly introduced lightweight 3D CNN-
Transformer hybrid that shares the same goal as
our approach (i.e., fewer model parameters) for
volumetric segmentation. This baseline is presented
to not only evaluate the performance of our method
against the mainstream choice of a lightweight 3D
CNN-Transformer hybrid but also test whether the
proposed frequency-domain token mixing (AFNO)
can deliver a better trade-off between performance
and efficiency, given a similar compact model size
constraint.
Although it is not comprehensive, this list offers
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a competitive and diverse set of solid baselines.
These cover purely convolutional, convolutional-
recurrent, attention-based, and lightweight models.
All models are tested on three publicly available
datasets: the ACDC challenge dataset for cardiac
MR image segmentation, the Synapse dataset for
multi-organ abdominal CT segmentation, and the
BraTS dataset. The next three sub-sections describe
the datasets and data pre-processing steps, the train-
ing and inference protocols used in the study, and
the two quantitative metrics (HD95 and DSC) used
for comparative analysis.
4.1. Dataset Overview
Automated cardiac diagnostic
segmentation dataset (ACDC)
The ACDC dataset (Bernard et al., 2018) consists
of 3D cardiac MRI images with multi-class anno-
tations. A total of 200 labeled samples were used,
split into 160 for training and 40 for testing. The
annotated classes include the right ventricle (RV),
myocardium (MYO), and left ventricle (LV). In this
study, the Dice Similarity Coefficient (DSC) was
used as the evaluation metric for model comparison.
Multi-organ CT Segmentation Dataset
(Synapse)
The Synapse dataset (Landman et al., 2015) con-
tains 30 abdominal CT scans and is commonly
used for benchmarking multi-organ segmentation
methods. Following the UNETR++ preprocessing
protocol (Shaker et al., 2024), the dataset is split
into 18 training volumes and 12 validation volumes.
It provides annotations for eight abdominal organs:
spleen, right kidney, left kidney, gallbladder, liver,
stomach, aorta, and pancreas. For quantitative eval-
uation, we adopt two standard metrics in medical
image segmentation: the Dice Similarity Coeffi-
cient (DSC) to measure volumetric overlap, and
the 95th percentile Hausdorff Distance (HD95) to
assess boundary accuracy.
Brain Tumor Segmentation (BraTS)
The BraTS dataset (Menze et al., 2015) contains
multimodal 3D brain MRI scans of patients with
gliomas, which is a type of brain tumor. It contains
387 MRI scan images for training and 73 scans
for testing. Here, each image consists of four chan-
nels, such as FLAIR, T1w, T1gd, and T2w. The

images have four classes, including whole tumor
(WT), enhancing tumor (ET), tumor core (TC) and
background. In this experiment, the Dice Similarity
Coefficient (DSC) is used to measure volumetric
overlap, and the 95th percentile Hausdorff Distance
(HD95) to assess boundary accuracy.

5. Experimental Settings
For a fair comparison with existing transformer-
based baseline methods, we follow the same prepro-
cessing and training scheme as UNETR++ (Shaker
et al., 2024), UNETR (Hatamizadeh et al., 2021),
DS-UNETR++ (Jiang et al., 2025) and SAM-based
medical segmentation models (Cen et al., 2024).
For each dataset, we use the same preprocessing
procedures, including resampling to the same voxel
spacing, intensity normalization, Z-score normal-
ization, and the same cropping and padding proto-
cols. No additional training data are used.
All models are trained using the same input res-
olutions, as reported in UNETR++, to guarantee
strict comparability. For Synapse, the input size is
128×128×64; for BTCV, 96×96×96; for ACDC,
160×160×16 and for BraTS, 128×128×128. All
other data augmentation strategies and optimization
details follow nnFormer (Zhou et al., 2023) to
maintain consistency across baselines.
Training is conducted on a single NVIDIA Tesla
V100-SXM2 32GB GPU (300W TDP) using CUDA
12.2. All models are trained for 1,000 epochs with
an initial learning rate of 0.01 and weight decay of
3 × 10−5. During inference, we employ a sliding-
window strategy with 50% overlap and report the
Dice score of a single model without ensemble
techniques.
Deep supervision (Li et al., 2022b) is employed
during training of AMBER-AFNO on the ACDC and
Synapse datasets, thereby improving convergence
stability and segmentation accuracy by enforc-
ing auxiliary supervision at intermediate decoder
stages. In contrast, for the BraTS dataset, empirical
validation showed that removing deep supervision
improved performance; thus, the reported BraTS
results are from a model trained without deep
supervision. Our loss function is a sum of Dice
and Cross-Entropy losses, the same loss function
used for UNETR++ and other transformer-based
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Table 1
High-level description of the datasets.

Dataset Spatial Dimen-
sion

Depth
Dimension

Modality Class Training
Samples

Test Samples

ACDC 320 × 320 (re-
sampled)

90–130 slices 1 (Cine MRI) 4 160 cases 40 cases

Synapse 512 × 512 75–250 slices 1 (CT) 9 18 scans 12 scans
Brain
Tumor
(BraTS)

240 × 240 155 slices 4 (MRI) 4 387 scans 73 scans

baseline models. A detailed formulation of the loss
function is provided in the following section.

6. Loss Function
For the semantic segmentation task, one possible
problem that arises is class imbalance. We have
considered three datasets with multilabel segmenta-
tion problems. All the datasets have class imbalance
issues. The background class dominates over other
classes, as the ROI for medical images is very low
compared to the original shape of the image. One
loss function alone, such as focal loss, dice loss or
cross entropy loss can not handle this situation. To
address this issue we have used a custom weighted
loss function using the concept of Deep Supervi-
sion, which is a combination of cross-entropy loss
and dice loss. Instead of relying on the final output
of the model, the intermediate feature maps or pre-
dictions at different resolutions of the decoder block
are also considered while calculating the loss and
backpropagation.

𝐿(𝐺, 𝑃 ) = 1− 2
𝐽

𝐽∑
𝑗=1

∑𝐼
𝑖=1𝐺𝑖,𝑗𝑃𝑖,𝑗∑𝐼

𝑖=1𝐺
2
𝑖,𝑗 +

∑𝐼
𝑖=1 𝑃

2
𝑖,𝑗

− 1
𝐼

𝐼∑
𝑖=1

𝐽∑
𝑗=1

𝐺𝑖,𝑗 log𝑃𝑖,𝑗

(8)

Where 𝐆 refers to the set of ground truth labels,
and 𝐏 refers to the set of predicted probabilities.
𝑃𝑖,𝑗 and 𝐺𝑖,𝑗 represent the predicted probability and
the one-hot encoded true value of class 𝑗 at voxel 𝑖,
respectively. 𝐼 denotes the total number of voxels,
and 𝐽 denotes the number of classes (Jiang et al.,
2025).

7. Evaluation Metrics
We have adopted two primary evaluation metrics to
assess segmentation performance: the Dice Similar-
ity Coefficient (DSC), which quantifies the overlap
between predicted and ground truth regions, and the
95th percentile Hausdorff Distance (HD95), which
measures the spatial distance between boundary
surfaces while mitigating the influence of outliers.
Detailed definitions and computation procedures
for these metrics are provided in the following sub-
section.
Hausdorff Distance (HD95)
The HD 95 is a boundary-based metric that evalu-
ates segmentation quality by computing the 95th-
percentile distance between the predicted volume’s
boundary voxels and those of the ground-truth seg-
mentation.
𝐻𝐷95(𝑌 , 𝑃 ) = max

(
𝑑95(𝑌 , 𝑃 ), 𝑑95(𝑃 , 𝑌 )

) (9)
Here, 𝑑95(𝑌 , 𝑃 ) is the maximum 95th percentile
distance between the ground truth and predicted
voxels, and 𝑑95(𝑃 , 𝑌 ) is the maximum 95th per-
centile distance between the predicted and ground
truth voxels.
Dice Similarity Coefficient (DSC).
The Dice Similarity Coefficient (DSC) measures the
similarity between two sets, returning values from
0 to 1, with 1 representing perfect similarity. It is
computed using the following formula:

𝐷𝑆𝐶(𝐺, 𝑃 ) = 2 |𝐺 ∩ 𝑃 |
|𝐺| + |𝑃 | =

2
∑𝐼

𝑖=1𝐺𝑖𝑃𝑖∑𝐼
𝑖=1𝐺𝑖 +

∑𝐼
𝑖=1 𝑃𝑖

(10)
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Where 𝐺 is the set of real results, 𝑃 refers to the set
of predicted results, 𝐺𝑖 and 𝑃𝑖 represent the true and
predicted values of the voxel i, respectively, and I is
the number of voxels.

8. Results
In this section, we evaluate AMBER-AFNO on
three benchmark datasets: ACDC, Synapse, and
BraTS. Performance is compared against state-of-
the-art CNN and transformer models, including U-
Net (Ronneberger et al., 2015), nnU-Net (Isensee
et al., 2021), TransUNet (Chen et al., 2021), Swin-
UNet (Cao et al., 2023), UNETR (Hatamizadeh
et al., 2021), UNETR++ (Shaker et al., 2024),
MISSFormer (Huang et al., 2023), Swin-UNETR
(Hatamizadeh et al., 2022), nnFormer (Zhou et al.,
2023), TransBTS (Wang et al., 2021), CoTr (Xie
et al., 2021b), PCCTrans (Feng et al., 2024) and
LW-CTrans (Kuang et al., 2025).
In particular, LW-CTrans (Kuang et al., 2025) is
a lightweight CNN-Transformer baseline designed
to reduce parameter count and computational cost
while maintaining competitive segmentation accu-
racy. Its baseline comparison makes it convenient
to validate whether our proposed token-mixing
approach in the frequency domain can achieve
the same or higher segmentation accuracy while
maintaining a lightweight design.
We will perform quantitative (Dice, HD95) and
qualitative (visual) assessment of the accuracy of
the segmentations and contours, as well as the
anatomical variability between the datasets.
8.1. ACDC Dataset
As shown in Tab. 2 and Tab. 3, AMBER-AFNO
ranks first in the overall Dice score (92.85 ) on
the ACDC validation set, with an improvement
over UNETR++ (92.83 ), and significantly fewer
parameters (14.77M vs. 66.8M). With nearly 4
times fewer parameters, the proposed model still
outperforms UNETR++ in segmentation accuracy,
validating that token mixing in the spectral domain
can effectively eliminate redundancy in the net-
work.
In contrast to the latest CNN-Transformer model,
LW-CTrans (92.62%), AMBER-AFNO achieves a
higher Dice score with lower computational com-
plexity (163.27G vs. 275.49G FLOPs). It sug-
gests that frequency-domain token mixing can yield

more effective global context modeling than com-
pressed attention-based hybrid models under sim-
ilar lightweight settings. At the class level, our
approach yields the highest Dice score for the
myocardium (90.74) and the second-highest for the
right (91.60) and left (96.21) ventricles, demon-
strating its overall balanced performance across all
cardiac classes.
These results show that, on the ACDC dataset, the
AFNO-based encoder coupled with a lightweight
SegFormer-style decoder delivers state-of-the-art
Dice performance while maintaining a favorable ac-
curacy–efficiency trade-off compared to both heavy
transformer-based models and recent lightweight
CNN–Transformer architectures.
8.2. Synapse Dataset
According to Tab. 4 and Tab. 5, the proposed
AMBER-AFNO yields an average Dice of 83.76%
on the Synapse validation set, which is ranked 3rd
among the methods in comparison. Although UN-
ETR++ and nnFormer gain higher Dice of 87.22%
and 86.57%, respectively, both require significantly
more model parameters of 42.96M and 150.5M,
respectively, in comparison to 14.86M in AMBER-
AFNO, indicating a good balance between accu-
racy and efficiency.
Notably, compared to the state-of-the-art lightweight
CNN–Transformer baseline LW-CTrans (73.34%),
AMBER-AFNO increases the Dice score by over
10 percentage points with comparable model com-
pactness and computational complexity (161.24G
vs. 275.92G FLOPs). This implies that frequency-
domain global token mixing is more scalable than
drastic convolution–attention compression when
multiple anatomical classes and intricate organ
boundaries are present.
On the Synapse dataset, the task is more difficult
than ACDC and BraTS, as the model must learn the
probability distributions of multiple abdominal or-
gans with varying shapes and sizes. On this task, our
AFNO-based encoder with fewer parameters still
achieves consistent performance, demonstrating a
favorable trade-off between representational capac-
ity and computational cost for modeling global con-
textual information in the spectral domain. There-
fore, this evidence further supports the use of
AMBER-AFNO for 3D multi-organ segmentation
under the low-latency constraint.

Andrea Dosi et al.: Preprint submitted to Elsevier Page 10 of 22

                  



Short Title of the Article

Table 2
Dice scores (%) for the right ventricle (RV), myocardium (Myo), and left ventricle (LV), together with
the mean DSC (%) on the ACDC validation set. Bold values denote the best result in each column, while
underlined values denote the second best.

Methods RV Myo LV DSC

TransUNet(Chen et al., 2021) 88.86 84.54 95.73 89.71
Swin-UNet(Cao et al., 2023) 88.55 85.62 95.83 90.00
UNETR(Hatamizadeh et al., 2021) 85.29 86.52 94.02 86.61
MISSFormer(Huang et al., 2023) 86.36 85.75 91.59 87.90
nnFormer(Zhou et al., 2023) 90.94 89.58 95.65 92.06
UNETR++(Shaker et al., 2024) 91.89 90.61 96.00 92.83
PCCTrans(Feng et al., 2024) 90.55 90.57 96.22 92.45
LW-CTrans (Kuang et al., 2025) 91.07 90.50 96.24 92.62

AMBER–AFNO (ours) 91.60 90.74 96.21 92.85

Table 3
Comparison on ACDC. AMBER-AFNO achieves best segmentation results(DSC), while being efficient (Params
in millions)

Methods Params FLOPs DSC

UNETR++(Shaker et al., 2024) 66.8 43.71 92.83
LW-CTrans (Kuang et al., 2025) 4.42 275.49 92.62

AMBER–AFNO (ours) 14.77 163.27 92.85

8.3. BraTS Dataset
From Tab. 6, we see that AMBER-AFNO yields
the best mean Dice score on the BraTS validation
set, with 82.82%, which is slightly better than
UNETR++ with 82.75%. This is a strong result,
as UNETR++ is one of the heavier transformer
baselines that yield the best performance.

Specifically, AMBER-AFNO achieves the highest
Dice score (80.33%) in the Enhancing Tumor (ET)
region, which is generally the most challenging
subregion due to its unclear boundary and limited
spatial coverage. This implies that spectral-domain
global mixing can model long-range contextual
information while retaining the ability to detect

Table 4
D

ice scores (%) for eight abdominal organs and HD95 (mm) on the Synapse validation set. Bold values
denote the best result in each column, while underlined values denote the second best.

Methods Spl RKid LKid Gal Liv Sto Aor Pan HD95 DSC

U-Net(Ronneberger et al., 2015) 86.67 68.60 77.77 69.72 93.43 75.58 89.07 53.98 – 76.85
TransUNet(Chen et al., 2021) 85.08 77.02 81.87 63.16 94.08 75.62 87.23 55.86 31.69 77.49
Swin-UNet(Cao et al., 2023) 90.66 79.61 83.28 66.53 94.29 76.60 85.47 56.58 21.55 79.13
UNETR(Hatamizadeh et al., 2021) 85.00 84.52 85.60 56.30 94.57 70.46 89.80 60.47 18.59 78.35
MISSFormer(Huang et al., 2023) 91.92 82.00 85.21 68.65 94.41 80.81 86.99 65.67 18.20 81.96
nnFormer(Zhou et al., 2023) 90.51 86.25 86.57 70.17 96.84 86.83 92.04 83.35 10.63 86.57
Swin-UNETR(Hatamizadeh et al., 2022) 95.37 86.26 86.99 66.54 95.72 77.01 91.12 68.80 10.55 83.48
UNETR++(Shaker et al., 2024) 95.77 87.18 87.54 71.25 96.42 86.01 92.52 81.10 7.53 87.22
PCCTrans(Feng et al., 2024) 88.84 82.64 85.49 68.79 93.45 71.88 86.59 66.31 17.10 80.50
LW-CTrans (Kuang et al., 2025) 89.48 82.84 85.11 37.52 93.60 63.10 81.75 53.30 31.47 73.34

AMBER–AFNO (ours) 87.82 86.26 87.36 61.33 96.02 80.50 91.42 79.36 16.96 83.76
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Table 5
Comparison on Synapse. AMBER-AFNO achieves the third best segmentation results (DSC), while being
more efficient (Params in millions)

Methods Params FLOPs DSC

TransUNet(Chen et al., 2021) 96.07 88.91 77.49
UNETR(Hatamizadeh et al., 2021) 92.49 75.76 78.35
Swin-UNet(Cao et al., 2023) 62.83 384.2 83.48
nnFormer(Zhou et al., 2023) 150.5 213.4 86.57
UNETR++(Shaker et al., 2024) 42.96 47.98 87.22
LW-CTrans (Kuang et al., 2025) 4.42 275.92 73.34

AMBER–AFNO (ours) 14.86 161.24 83.76

Table 6
Dice scores (%) for Whole Tumor (WT), Enhancing Tumor (ET), Tumor Core (TC), and overall DSC (%),
together with HD95 (mm) on the BraTS validation set. Bold values denote the best result in each column,
while underlined values denote the second best.

Methods WT ET TC DSC HD95

UNETR (Hatamizadeh et al., 2021) 90.35 76.30 77.02 81.22 6.61
TransBTS (Wang et al., 2021) 90.91 77.86 76.10 81.62 5.80
Swin-UNETR (Cao et al., 2023) 91.12 77.65 78.41 82.39 5.33
CoTr (Xie et al., 2021b) 91.01 77.52 77.43 81.99 5.78
nnU-Net (Isensee et al., 2021) 91.21 77.96 78.05 82.41 5.58
nnFormer (Zhou et al., 2023) 91.23 77.84 77.91 82.34 5.18
UNETR++ (Shaker et al., 2024) 91.27 78.39 78.60 82.75 5.05
LW-CTrans (Kuang et al., 2025) 89.58 73.83 75.38 79.60 6.91

AMBER–AFNO (ours) 90.86 80.33 77.26 82.82 6.42

detailed tumour structure.
Compared with the lightweight CNN–Transformer
baseline LW-CTrans (79.60%), AMBER-AFNO
achieved a more than 3% increase in segmentation
accuracy with a small number of parameters. This
implies that frequency-domain token mixing works
well for multimodal and multi-region segmentation
tasks, further validating the generalizability of the
proposed framework across various clinical appli-
cations.
8.4. Discussion: Performance vs Efficiency

Trade-off
The experimental results in Tables 2, 3, 4, 5,
and 6 clearly show that our AMBER-AFNO model
consistently outperforms both heavy transformer
models and recent lightweight CNN-Transformer
models in key metrics.

On the ACDC dataset, AMBER-AFNO achieves the
best Dice Similarity Coefficient (92.85%), which
is superior to UNETR++ (92.83%) by a small
margin with much fewer parameters (14.77M vs.
81.55M). Compared to the light-weight model LW-
CTrans (92.62%), AMBER-AFNO improves the
performance with much lower FLOPs (163.27G vs.
275.49G). This shows that the proposed spectral-
domain token mixing could yield stronger rep-
resentation power than current CNN-Transformer
hybrids for lightweight models.
On the multi-organ Synapse dataset, which consists
of eight abdominal organs and higher anatomical
diversity, AMBER-AFNO obtains a mean Dice of
83.76, ranking in third place. Though larger models,
such as UNETR++ and nnFormer, achieve higher
absolute Dice scores, they require significantly
more model parameters. Furthermore, relative to
LW-CTrans (73.34), AMBER-AFNO significantly

Andrea Dosi et al.: Preprint submitted to Elsevier Page 12 of 22

                  



Short Title of the Article

Figure 3: Qualitative comparison of AMBER-AFNO and UNETR++ segmentation predictions on representa-
tive ACDC validation samples. In the legend, RV denotes the Right Ventricular Cavity, Myo the Myocardium,
and LV the Left Ventricular Cavity.

improves performance by more than 10 percent-
age points with a lower parameter count. Mean-
while, it incurs lower computational cost (161.24G

vs. 275.92G FLOPs), indicating that frequency-
domain token mixing is more suitable than pure
convolution-attention fusion for multi-class seg-
mentation.
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Figure 4: Visual Comparison of AMBER-AFNO and UNETR++ Model’s Prediction on Synapse Dataset. In
the legend, Spl denotes the Spleen, RKid the Right Kidney, LKid the Left Kidney, Gal the Gallbladder, Liv
the Liver, Sto the Stomach, Aor the Aorta, and Pan the Pancreas.

On the challenging BraTS dataset with high intra-
class variability and multi-region tumor segmenta-
tion task, the proposed AMBER-AFNO gains the

best average Dice (82.82%) among all methods.
Specifically, it outperforms the recent UNETR++
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Figure 5: Visual comparison of AMBER-AFNO and UNETR++ predictions on the BraTS dataset. In the
legend, WT denotes the Whole Tumor, ET the Enhancing Tumor, and TC the Tumor Core.

(82.75%) while using a much smaller model. Mean-
while, compared with the lightweight counterpart
LW-CTrans (79.60%), the proposed model im-
proves Dice accuracy while remaining lightweight.

Moreover, our method achieves the highest Dice
score (80.33%) on the Enhancing Tumor dataset,
further verifying its superiority in identifying fine-
grained tumor substructures.
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From these three comparisons, the one against LW-
CTrans is especially interesting because, although
optimized for the fewest parameters and lowest
computational cost, LW-CTrans always yields lower
segmentation Dice scores than AMBER-AFNO. In-
stead, AMBER-AFNO maintains a moderate model
size while always offering higher Dice scores on
ACDC, Synapse, and BraTS.
This performance-efficiency trade-off demonstrates
the effectiveness of our central hypothesis. Specif-
ically, AMBER-AFNO removes token-to-token in-
teractions and retains only global context modeling
by using Adaptive Fourier Neural Operators instead
of the quadratic self-attention mechanism, lead-
ing to a remarkable decrease in parameter growth
and computational cost, without compromising seg-
mentation accuracy.
All this is obtained without resorting to decoder
branches, multi-scale fusion hierarchies, or deep
stacks of attention modules. The overall architec-
ture’s simplicity and modularity allow straight-
forward deployment across different datasets with
negligible task-specific adaptations. All in all, these
characteristics make AMBER-AFNO a workable
and scalable solution compared to heavy transformer-
based models and existing light CNN-Transformer
models.
Tab. 7 reports the memory profile and the latency
of AMBER-AFNO across four hardware config-
urations combining two modern GPUs (NVIDIA
H100 and NVIDIA L40) and two different CPUs
(AMD EPYC 7413-24c and AMD EPYC 9534-
64c). AMBER-AFNO exhibits an extremely light
memory footprint, requiring only 2.96 GB of GPU
memory for full-resolution 3D inference, making
the model deployable even on mid-range or shared
accelerator environments. In terms of speed, the
model achieves sub-100 ms latency on the NVIDIA
L40 and remains below 160 ms on the H100, demon-
strating high throughput for the BraTS 1283 vol-
umetric inputs. CPU-only execution is naturally
slower, but still processes each volume within 3–3.5 s,
which remains practical for non-real-time clinical
workflows. Overall, the measurements highlight
the efficiency of Amber-AFNO, combining low
memory demand with fast inference suitable for
scalable deployment.
As discussed in Section 9, along with the AMBER-
ANFO, we have also performed an ablation study

on the lightest version of AMBER-AFNO with
embedding dimension [32, 64, 128, 256]. Fig. 6
shows the efficiency–accuracy trade-off of different
models on the ACDC dataset. The mean Dice
score (DSC) is plotted against the total number
of parameters. AMBER-AFNO achieves the high-
est DSC (92.85%) while maintaining a moderate
number of parameters. AMBER-AFNO (light) and
UNETR++ both achieve 92.83%, but AMBER-
AFNO (light) uses significantly fewer parameters.
Although LW-CTrans has fewer parameters, it does
not surpass AMBER-AFNO or AMBER-AFNO
(light) in performance.

9. Ablation Study
In order to better demonstrate the efficiency of the
proposed AFNO, we make the encoder variants
trained on ACDC dataset share all hyper-parameters
including network depth, number of heads, MLP
expansion ratio, deep supervision (see details in
Section §3.1), as well as embedding dimension
[32, 64, 128, 256]. The only difference between
these encoders is the token-mixing block: for AM-
BER (MHSA), the AFNO blocks are replaced with
the conventional multi-head self-attention (MHSA);
for AMBER-AFNO (light), we use the proposed
AFNO block with the above-mentioned setting.
Despite having less than half of the parameters and
the FLOPs count of the MHSA module counterpart
(8.7M, 58.29 GFLOPs) versus (19.01M, 132.07
GFLOPs), AMBER-AFNO (light) achieves a Dice
score of 92.83%, which is on par with the signifi-
cantly larger UNETR++ (66.8M parameters).
However, the MHSA-based model achieves a rel-
atively lower mean Dice score of 92.03 %, rep-
resenting a performance decrease of about 0.8 %
while being more complex. Therefore, the superi-
ority of spectral token mixing over the quadratic
self-attention is straightforwardly illustrated here.
Notably, a comparison with the latest, lightweight
CNN-Transformer model, LW-CTrans, provides
a clearer view of the trade-off between accuracy
and computational complexity. Though LW-CTrans
performs well in terms of the number of param-
eters, 4.42M, it suffers from significantly higher
computational complexity, 275.49 GFLOPs, and a
decreased Dice score of 92.62. Specifically, the pro-
posed AMBER-AFNO (light) enjoys a higher Dice
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Table 7
Computational performance of Amber-AFNO on the BraTS tumor input (1 × 128 × 128 × 128). GPU T. and
CPU T. denote the average forward-pass latency over 20 runs. Mem indicates the peak GPU memory usage
during inference.

GPU CPU Params (M) FLOPs (G) Mem (GB) GPU T. (ms) CPU T. (ms)

NVIDIA H100 PCIe AMD EPYC 7413 (24c) 9.84 122.91 2.96 159.6 3305.0
NVIDIA L40 AMD EPYC 9534 (64c) 9.84 122.91 2.96 84.2 3453.2

score of 92.83 with almost 5× lower FLOPs com-
pared to LW-CTrans, indicating a better performance-
complexity ratio. AMBER-AFNO achieves the high-
est Dice score of 92.85% while maintaining a sub-
stantially smaller parameter count than UNETR++,
although with higher FLOPs due to the full 3D
spectral mixing.
The number of parameters, FLOPs, and DSC of
all models are listed in Tab. 8. In general, these
results demonstrate that the proposed AFNO-based
frequency-domain token mixing offers a better trade-
off between efficiency and accuracy than conven-
tional MHSA and recent CNN/transformer models
for 3-D medical image segmentation. Fig. 6 visually
demonstrates how AMBER-AFNO performs better
compared to other state-of-the-art models in terms
of dice score and total number of parameters.
In order to test the robustness and reproducibility
of the proposed model based on the AFNO, we
conducted a sensitivity analysis where we tested dif-
ferent scenarios, including the impact of the number
of epochs, learning rate, batch size, embedding di-
mension, dropout ratio, number of blocks in each
stage, and deep supervision. The outcomes of the
sensitivity analysis are summarized in the table. We
can see from the table that the Dice score remains
within the range of 0.91-0.93 for a wide range
of hyperparameters, which suggests that the pro-
posed model is not sensitive to the hyperparameters
(within a reasonable range). Using more blocks or
a relatively larger embedding dimension can yield
marginal improvements in the Dice score, but it will
also increase computational cost. In addition, deep
supervision or a relatively small learning rate can
speed up the training but has little impact on the
Dice score. These results suggest that the proposed
model is robust and can be easily generalized to
other datasets (i.e., we do not need to re-tune many
hyperparameters).

Figure 6: Efficiency–accuracy trade-off of different
models on the ACDC Dataset

Notes on parameters: Deep Supervision indicates
whether additional prediction heads are used, en-
abling loss computation at multiple resolutions.
Batch Size denotes the number of 3D volumes
processed per iteration; Epochs represents total
training cycles; LR is the initial learning rate; Em-
bed Dim. lists the embedding dimensions across en-
coder stages; Dropout specifies the dropout proba-
bility applied in the MLP layers; and Blocks/Stage
refers to the number of AFNO blocks used in each
hierarchical encoder stage.

10. Conclusions
In this study, we introduced AMBER-AFNO, a
novel framework for 3D medical image segmen-
tation. It uses Adaptive Fourier Neural Operators
(AFNO) instead of quadratic self-attention. Un-
like other approaches that approximate or sparsify
attention, we directly reformulate the problem of
modeling global context. We do this by removing
token-to-token interactions and ensuring tokens are
mixed in the spectral domain. Our design delivers
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Table 8
Efficiency–accuracy trade-off on the ACDC validation set. AFNO delivers state-of-the-art Dice scores with
markedly fewer parameters. Best results are highlighted in bold, and second-best results are underlined.

Method Params FLOPs DSC (%)

UNETR++(Shaker et al., 2024) 66.8 43.71 92.83
nnFormer(Zhou et al., 2023) 37.20 399.25 92.06
LW-CTrans (Kuang et al., 2025) 4.42 275.49 92.62
AMBER-AFNO 14.77 163.27 92.85
AMBER-AFNO (light) 8.70 58.29 92.83
AMBER (MHSA) 19.01 132.07 92.03

Table 9
Sensitivity analysis of key hyperparameters on the ACDC validation set. The model demonstrates stable Dice
scores across a wide range of configurations, confirming robustness to variations in training strategy and
architecture depth.

Experiments Deep Supervision Batch Size Epochs LR Embed Dim. Dropout Blocks/Stage Dice

1 True 4 1000 0.0100 [32, 64, 128, 256] 0.1 [2, 2, 4, 2] 0.93
2 False 1 1500 0.0037 [32, 64, 128, 256] 0.1 [3, 4, 6, 3] 0.92
3 True 4 1000 0.0100 [64, 128, 320, 512] 0.0 [3, 4, 6, 3] 0.93
4 False 4 1000 0.0100 [64, 128, 320, 512] 0.0 [3, 4, 6, 3] 0.91
5 False 4 1000 0.0100 [64, 128, 320, 512] 0.0 [3, 4, 6, 3] 0.93
6 False 4 1000 0.0053 [64, 128, 320, 512] 0.0 [3, 6, 36, 3] 0.92

quasi-linear complexity and linear memory growth
with respect to volume size. This effectively over-
comes a major drawback of transformer-based 3D
segmentation.
To the best of our knowledge, no prior work has
integrated AFNO-based spectral token mixing into
a transformer framework for 3D medical image seg-
mentation. Other efficient CNN–Transformer vari-
ants mainly seek to reduce the complexity of atten-
tion or convolutional blocks. In contrast, AMBER-
AFNO removes quadratic self-attention from the
transformer encoder. It still preserves global receptive-
field modeling through frequency truncation.
On three public benchmarks (ACDC, Synapse,
BraTS), AMBER-AFNO matches or surpasses heavy
transformer models (UNETR++ (Shaker et al.,
2024), nnFormer (Zhou et al., 2023)) with sub-
stantially fewer parameters (nearly 78% less on
the ACDC dataset). Compared to the light CNN-
Transformer LW-CTrans (Kuang et al., 2025), AMBER-
AFNO achieves higher Dice scores. It also has a
smaller model size and lower FLOPs on ACDC
and Synapse. This demonstrates a more favorable

balance between accuracy and efficiency versus
quadratic or compressed attention-based methods.
Although performance on the Synapse dataset sug-
gests that further enhancement of local structural
modeling may be beneficial, the proposed frame-
work establishes a new direction for efficient volu-
metric segmentation: global context modeling through
spectral operators rather than attention matrices.
Future work will explore hybrid spectral–spatial
strategies, improved multi-scale integration, and
transfer learning for domain adaptation.
In summary, AMBER-AFNO bridges the gap be-
tween computationally intensive transformer archi-
tectures and lightweight CNN–Transformer models
by introducing an alternative global information-
mixing strategy. Its compact parameterization and
scalable complexity make it well-suited for deploy-
ment in resource-constrained clinical environments.
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