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A B S T R A C T

Diffusion magnetic resonance imaging (dMRI) provides powerful insights into brain microstructure, but con
ventional microstructural modeling methods require long acquisition times for covering sufficient diffusion di
rections and are computationally intensive. While deep learning has shown promise in reducing the direction 
requirement and accelerating the modeling, traditional architectures such as CNNs often struggle to capture the 
highly nonlinear relationships between multi-shell diffusion signals and microstructural properties. We present 
MicroKAN, a novel framework built upon Kolmogorov-Arnold Networks with adaptive spline-based activations, 
specifically designed to represent complex biophysical models with enhanced flexibility and efficiency. Micro
KAN supports both supervised and self-supervised paradigms: the supervised variant learns mappings from data 
to reference metrics, while the self-supervised variant estimates model parameters directly by reconstructing 
signals through the forward diffusion process, eliminating the need for ground-truth labels. Evaluated on 
diffusion tensor imaging (DTI) and neurite orientation dispersion and density imaging (NODDI) across multiple 
datasets, MicroKAN substantially accelerates acquisition and improves the fidelity of microstructural parameter 
estimation. Beyond supervised training, its self-supervised formulation shows strong robustness to distribution 
shifts, enabling reliable performance even without annotations. Furthermore, transfer learning with minimal 
labeled data preserves high accuracy, underscoring the framework’s adaptability to diverse scenarios. These 
advances establish MicroKAN as a versatile and efficient tool for dMRI analysis, offering new opportunities to 
accelerate neuroscience research and expand the clinical utility of microstructural imaging. Our source code is 
available at https://github.com/JustlfC03/MicroKAN.

1. Introduction

Diffusion MRI (dMRI) is an important tool for mapping human brain 
microstructure non-invasively. By measuring and modeling the diffusion 
patterns of water molecules in brain tissue, dMRI enables in vivo char
acterization of brain tissue microstructural properties (Le Bihan et al., 

1986). Various computational models have been developed to infer 
tissue information from dMRI signals. For instance, the diffusion tensor 
model (Le Bihan et al., 2001a), provides a signal representation that 
quantifies apparent diffusivity, characterizing white matter integrity 
(Kubicki et al., 2005), myelination (Fujiyoshi et al., 2016), and related 
properties. Moreover, the neurite orientation dispersion and density 
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imaging (NODDI) model (Zhang et al., 2012) quantifies white matter 
axon density and dispersion. These biophysical models yield biomarkers 
that reflect cognitive function (Chiari-Correia et al., 2023; Jokinen et al., 
2013), aging processes (Yeatman et al., 2014), and mental health 
characteristics (Al-Sharif et al., 2025; Jiang et al., 2024). Consequently, 
these capabilities have established dMRI as an essential tool in neuro
scientific research and clinical practice (Van Everdingen et al., 1998).

Nonetheless, dMRI modeling is computationally intensive, requiring 
nonlinear optimization methods that are iterative and must be applied to 
hundreds of thousands to millions of voxels per subject. This process can 
take hours, depending on model complexity, imaging resolution, and 
hardware capabilities, rendering real-time processing and large-scale 
imaging studies (e.g., HCP (Van Essen et al., 2013), UKB 
(Alfaro-Almagro et al., 2018; Miller et al., 2016), and ADNI (Jack et al., 
2008)) challenging. Moreover, the sheer computational burden limits 
the feasibility of deploying these models in clinical workflows or 
large-scale population studies. While methods such as accelerated 
optimization algorithms and GPU-based parallelization have been pro
posed to speed up processing, diffusion model fitting remains a signifi
cant challenge (Hernández et al., 2013; Xu et al., 2012). Additionally, 
optimization results are highly sensitive to implementation details, such 
as initialization strategies and solver settings often exhibiting instability 
across different acquisition conditions or datasets. This lack of robust
ness necessitates model-specific reconfiguration and careful retuning for 
each model or dataset, thereby slowing the development and practical 
deployment of emerging techniques (Daducci et al., 2015). These limi
tations highlight the urgent need for alternative approaches, such as 
data-driven methods, that can offer faster, more scalable, and 
diffusion-model-agnostic solutions for diffusion MRI analysis.

Fortunately, deep learning (DL) techniques have achieved substan
tial progress in medical imaging, demonstrating remarkable potential 
for improving and accelerating dMRI analysis, particularly microstruc
ture model fitting. In contrast to traditional fitting methods that rely on 
iterative, voxel-wise optimization with model-dependent parameter 
tuning, DL frameworks using neural networks (NNs) transform the 
optimization process into a direct signal-to-parameter mapping through 
a single forward propagation, thereby significantly accelerating model 
parameter estimation. Importantly, after training, the NN model can be 
directly applied to new data without voxel-wise iterative fitting or case- 
specific adjustment of fitting parameters, which further reduces the 
computational burden during inference. Moreover, these frameworks 
can automatically learn local and non-local spatially contextualized 
features, enabling them to represent complex signal patterns effectively. 
Prior studies have successfully employed NNs, including multilayer 
perceptron (MLP) (Aliotta et al., 2019; Bertleff et al., 2017; Chen et al., 
2023; De Almeida Martins et al., 2021; Golkov et al., 2016; Karimi et al., 
2021b; Ye, 2017) and convolutional neural networks (CNNs) (Gibbons 
et al., 2019; Karimi et al., 2021a; Li et al., 2019; Liang et al., 2023; 
Lin et al., 2019), to estimate dMRI model parameters accurately and 
robustly from reduced numbers of diffusion-weighted image (DWI) 
volumes, highlighting inherent redundancy in q-space data. For 
example, the q-space deep learning (q-DL) framework using MLPs 
effectively reduced the number of DWIs required for reliable parameter 
estimation by 12-fold (Golkov et al., 2016). DeepDTI utilized a CNN to 
reliably recover both scalar and vector diffusion tensor imaging (DTI) 
metrics from only six DWIs, the physical limitation for DTI (Tian et al., 
2020).

Despite these impressive advances, existing MLP- and CNN-based 
methods still present practical limitations. Although CNNs are theoret
ically universal function approximators, their practical reliance on 
predefined activation functions and linear convolution kernels often 
necessitates a substantial number of layers to achieve such approxima
tion capability. This structural constraint limits their efficiency in 
capturing the highly complex and heterogeneous nonlinear relation
ships inherent in diffusion MRI signal modeling. Recently, Kolmogorov- 
Arnold Networks (KANs) have emerged as a novel neural network 

paradigm capable of capturing complex nonlinearities more effectively 
through the use of learnable activation functions (Liu et al., 2025). This 
property is particularly relevant for diffusion MRI microstructure 
modeling. For instance, the NODDI model adopts a three-compartment 
formulation (intracellular, extracellular, and isotropic compartments) 
and incorporates a Watson distribution to characterize neurite orienta
tion dispersion. These components jointly induce highly heterogeneous 
nonlinear relationships between diffusion signals and biophysical pa
rameters, resulting in highly nonlinear signal-to-parameter mapping.

KANs embed adaptive spline-based activation functions directly into 
their architectures, dynamically adjusting shapes during training to 
precisely capture nonlinear data distributions. This flexibility enables 
KANs to represent nonlinear relationships with compact functional 
forms, improving parameter efficiency and potentially attenuating the 
risk of overfitting. The central innovation of KANs is inspired by the 
Kolmogorov-Arnold theorem, which asserts that continuous multivar
iate functions can be represented using compositions and superpositions 
of univariate functions. KANs leverage this theorem by incorporating 
spline-based activation functions within the network architecture. 
Splines offer remarkable flexibility due to the piecewise polynomial 
nature, enabling them to adaptively approximate complex functional 
relationships with fewer parameters than CNNs (Chen et al., 2025). The 
introduction of KANs demonstrated that spline-based approaches pro
vide compelling alternatives to standard MLP architectures by 
enhancing representational power while reducing parametric 
complexity.

Nonetheless, initial KAN architectures faced challenges, including 
substantial computational overhead and an extensive number of train
able parameters. Subsequent modifications and improvements to KANs 
have been proposed to address these issues, focusing primarily on 
enhancing computational efficiency and model compactness. Building 
upon these developments, recent research has explored extending KANs 
beyond MLP structures into convolutional layers (Drokin, 2024; Ge 
et al., 2026). Traditional CNNs utilize linear convolution operations 
paired with fixed activation functions, thus limiting their flexibility in 
modeling data complexity. By adapting KAN principles to convolutional 
structures, convolutional KANs (Conv-KANs) introduce nonlinear 
convolution operations facilitated by spline-based activations. This 
adaptation results in significantly improved flexibility, enabling these 
networks to better capture and represent the subtle features inherent in 
the complex data.

Motivated by these promising advances, we introduce MicroKAN, a 
novel deep learning framework that leverages Conv-KANs to improve 
diffusion MRI model fitting. MicroKAN comprises two integral compo
nents designed to address specific challenges in diffusion MRI analysis. 
The first component, Connect-KAN, is a supervised framework that 
harnesses adaptive spline-based nonlinear convolutions integrated 
within a skip-connection architecture. This innovative design enables 
Connect-KAN to effectively model intricate nonlinear relationships be
tween diffusion MRI signals and microstructure properties. Recognizing 
the prevalent challenge for obtaining sufficient reference data in diffu
sion MRI, the second component, DIMOND-KAN, extends Connect-KAN 
into a self-supervised learning paradigm. By incorporating the physics- 
informed principle from our recently proposed DIMOND framework 
(Li et al., 2024), DIMOND-KAN effectively leverages the diffusion data 
of a particular subject for subject-specific training to achieve accurate 
microstructural modeling without any reference data as the training 
target. Extensive experimental validation demonstrates that MicroKAN, 
through both its supervised Connect-KAN and self-supervised 
DIMOND-KAN modules, significantly outperforms conventional 
optimization-based models and existing DL methods. These results 
highlight the framework’s potential applicability for accelerated, accu
rate, and scalable clinical diffusion MRI analyses, particularly beneficial 
for large-scale neuroimaging studies.
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2. Methods

2.1. Supervised learning architecture

The proposed supervised learning architecture, Connect-KAN, em
ploys Conv-KANs to capture the complex nonlinearities inherent in the 
transform from diffusion MRI data to microstructural properties (Fig. 1). 
Unlike conventional CNNs, which rely on linear convolution operations 
followed by fixed activation functions, Conv-KANs implement convo
lution operations based on the Kolmogorov-Arnold representation the
orem. According to this theorem, any continuous multivariate function 
can be approximated using finite compositions and superpositions of 
univariate functions. Leveraging this theorem, Conv-KANs replace 
conventional linear convolutions with adaptive spline-based activation 
functions, significantly enhancing the representation power of con
volutional operations.

Formally, the 3D Conv-KAN operation for input volumetric data 
Y ∈ RCin×D×H×W, where Cin denotes input channels and D, H, W repre
sent spatial dimensions, is defined as: 

Xcʹ,dʹ,hʹ,wʹ =
∑Cin

c=1

∑

a,b,e
ϕc,ć ,a,b,e

(
Yc,dʹ+a,hʹ+b,wʹ+e

)
,

where ϕc,cʹ,a,b,e(⋅) are nonlinear spline activation functions individually 
learned for each spatial offset (a, b, e) within the convolution kernel, 
and channel pair (c, ć ). Each spline activation ϕ(z) is explicitly param
eterized as a linear combination of spline basis functions Bk(z): 

ϕ(z) =
∑K

k=0
αkBk(z),

with αk as trainable spline parameters and K denoting the number of 
spline knots.

To effectively reduce the computational complexity introduced by 
numerous spline parameters, the 3D Bottleneck-Conv-KAN (Drokin, 
2024) was adopted, extending the Bottleneck design into three di
mensions. Each Bottleneck-Conv-KAN layer consists of three distinct 
steps. First, linear compression via a 1 × 1 × 1 convolution reduces 

Fig. 1. Supervised learning architecture. (a) Overview of the supervised learning pipeline illustrates the workflow from diffusion-weighted MRI images to 
microstructural metric maps. (b) Mathematical formulation of the Conv-KAN operation, detailing the nonlinear convolutional mechanism based on spline activations. 
(c) Detailed depiction of the network architecture, contrasting the Plain-KAN structure for comparison with the Connect-KAN architecture, which incorporates skip 
connections to effectively enhance feature propagation and preserve spatial information without the use of pooling operations.

Fig. 2. Self-supervised learning architecture. The self-supervised learning framework DIMOND-KAN extends the Connect-KAN architecture to settings without 
external data and reference data for training. The model leverages inherent diffusion MRI signal relationships, avoiding explicit reliance on reference microstructural 
property maps and facilitating accurate microstructure estimation through self-supervision.
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Fig. 3. Training loss curves for assessing convergence stability under supervised and self-supervised learning. The curves show the evolution of training loss 
across epochs for each training paradigm, illustrating the convergence behavior and training stability under the adopted experimental settings and hyperparameter 
configurations.

Fig. 4. Maps of DTI metrics from supervised learning training on HCP dataset. Representative coronal maps of DTI metric volumes, including fractional 
anisotropy (FA), axial diffusivity (AD), radial diffusivity (RD), and mean diffusivity (MD) estimated using supervised Connect-KAN and other methods for comparison 
on the sub-sampled data from a representative subject are shown (a, c, e, g), along with their residual maps (b, d, f, h) compared to the reference maps (column i). The 
mean absolute error (MAE) of each map compared to the reference is displayed at the bottom right corner of the residual map.
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channels from Cin to a bottleneck dimension Cb: 

Table 1 
Accuracy of DTI metrics for supervised learning on the HCP dataset. Group mean absolute errors (MAE ± standard deviation) across 10 HCP subjects between 
resultant and reference DTI metrics, including fractional anisotropy (FA), axial diffusivity (AD), radial diffusivity (RD), and mean diffusivity (MD) for Connect-KAN 
and other comparison methods using a data subset of N = 6 diffusion directions, and for the FSL OLS implementation using a data subset of N = 32 diffusion directions. 
Relative MAE decrease is computed as the percentage reduction relative to the baseline OLS implementation of FSL using N = 6 diffusion directions. The red text 
highlights the lowest MAEs while the blue text highlights the second lowest MAEs.

DTI param Methods 
Metrics

FSL (N = 6) FSL (N = 32) q-DL DeepDTI Plain-CNN Plain-KAN Connect-CNN Connect-KAN

FA MAE 
Decrease

0.2103 
±0.0150 
Baseline

0.0417 
±0.0031 
80.17%

0.0703 
±0.0037 
66.57%

0.0482 
±0.0013 
77.08%

0.0484 
±0.0014 
76.99%

0.0496 
±0.0023 
76.41%

0.0469 
±0.0014 
77.70%

0.0370 
±0.0026 
82.41%

AD (μm2ms− 1) MAE 
Decrease

0.2466 
±0.0184 
Baseline

0.0826 
±0.0039 
66.50%

0.0954 
±0.0037 
61.31%

0.0730 
±0.0026 
70.40%

0.0662 
±0.0025 
73.15%

0.0709 
±0.0020 
71.25%

0.0771 
±0.0043 
68.73%

0.0556 
±0.0020 
77.45%

RD (μm2ms− 1) MAE 
Decrease

0.1196 
±0.0078 
Baseline

0.0597 
±0.0032 
50.08%

0.0642 
±0.0035 
46.32%

0.0528 
±0.0028 
55.85%

0.0533 
±0.0031 
55.43%

0.0500 
±0.0026 
58.19%

0.0479 
±0.0025 
59.95%

0.0415 
±0.0029 
65.30%

MD 
(μm2ms− 1)

MAE 
Decrease

0.0743 
±0.0039 
Baseline

0.0611 
±0.0036 
17.77%

0.0553 
±0.0037 
25.57%

0.0476 
±0.0032 
35.94%

0.0441 
±0.0027 
40.65%

0.0435 
±0.0024 
40.24%

0.0406 
±0.0025 
45.36%

0.0379 
±0.0026 
48.99%

Fig. 5. Maps of NODDI metrics from supervised learning training on HCP dataset. Representative coronal maps of NODDI parameter volumes, including 
intracellular volume fraction (fic), isotropic volume fraction (fiso), and orientation dispersion index (ODI) estimated using supervised Connect-KAN and other methods 
for comparison on the sub-sampled data from a representative subject are shown (a, c, e), along with their residual maps (b, d, f) compared to the reference maps 
(column i). The mean absolute error (MAE) of each map compared to the reference is displayed at the bottom right corner of the residual map.
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Zb,d,h,w =
∑Cin

c=1
Wb,cYc,d,h,w.

Then, nonlinear spline activations are voxel-wise applied to com
pressed features Zb,d,h,w: 

Z̃b,d,h,w = ϕb
(
Zb,d,h,w

)
=

∑K

k=0

αb,kBk
(
Zb,d,h,w

)
.

Last, linear expansion via another 1 × 1 × 1 convolution expands 
bottleneck features to the desired number of output channels Cout: 

Xcʹ,d,h,w =
∑Cb

b=1
Vcʹ,bZ̃b,d,h,w,

where Wb,c, Vć ,b are learnable weights of linear convolutions. By using 
these Bottleneck-Conv-KANs in the supervised learning architecture, the 
number of parameters and computational load are further reduced while 
still maintaining strong nonlinear approximation.

Additionally, our supervised Connect-KAN employs skip-connections 
between multiple stacked Bottleneck-Conv-KAN layers, facilitating 
efficient gradient propagation and detailed spatial information reten
tion, ultimately enhancing prediction accuracy and training stability. 
The Plain-KAN architecture, excluding skip connections, was also 
implemented for ablation comparison.

2.2. Self-supervised learning architecture

The proposed self-supervised learning framework, DIMOND-KAN, 
trains the network using the diffusion MRI data from a single subject, 
i.e., subject-specific training (Fig. 2). For each subject, a Connect-KAN 
maps the input diffusion data volume Y to diffusion model parameters 
with network parameters optimized by minimizing the mean-squared 
error between the input volume Y and the synthesized volume Ŷ 
derived from feeding the network output P̂ through the forward diffu
sion model: 

Loss = E‖Y − Ŷ‖
2
2 = E‖Y − Modeling(P̂)‖2

2.

The forward diffusion model function Modeling(⋅) can be from any 
existing or new diffusion MRI modeling methods. Therefore, DIMOND- 
KAN is a physics-informed neural network (PINN). This study was 
evaluated with the two most widely used diffusion models, i.e., the 
tensor model and the NODDI model, following the implementations in 
our previous work (Li et al., 2024).

The tensor model is formulated as: 

Tensor(S0,D) = S0e− bAD,

where A and b represent diffusion tensor transformation matrix and b- 
values, both determined by the acquisition protocol, and D and S0 
denote the diffusion tensors and non-diffusion-weighted signals esti
mated by DIMOND-KAN. The diffusion tensor transformation matrix A is 

expanded as: 

A = [α1,α2,α3, α4, α5,α6]
T
,

αT
i =

[
g2

ix, g
2
iy, g

2
iz,2gixgiy,2gixgiz,2giygiz

]
, i = 1,…,N,

where each row vector αT
i is determined solely by the diffusion encoding 

direction gi =
(

gix, giy, giz

)T
, and N is the number of diffusion-encoding 

directions (Kingsley, 2006; Le Bihan et al., 2001b).
The NODDI model is implemented as: 

NODDI(S0, fiso, fic, κ, μ) = S0((1 − fiso)(ficAic +(1 − fic)Aec)+ fisoAiso),

where Aic(μ, κ), Aec
(
μ, fic

)
, Aiso represent diffusion signals from the 

intracellular, extracellular, and isotropic compartment, respectively, 
while fic, 1- fic, and fisorepresent their volume fractions, respectively 
(Zhang et al., 2012). Additionally, μ represents the mean orientation and 
κ measures the orientation dispersion of the Watson distribution.

The intracellular term depends nonlinearly on κ through the Watson 
distribution, inducing non-uniform signal sensitivity across dispersion 
regimes. The extracellular component introduces coupled dependencies 
between fic and the orientation structure. Moreover, the multiplicative 
interaction among S0, fiso, and the compartmental signals further en
tangles parameter effects. These components jointly induce complex 
nonlinear relationships that vary significantly across the dynamic range 
of biophysical parameters, resulting in a highly nonlinear signal-to- 
parameter mapping. Such structured nonlinearities align well with 
KAN architectures, whose adaptive spline activations enable localized 
and flexible approximation of region-varying functional relationships.

2.3. Human connectome project dataset

Pre-processed diffusion MRI data from the Human Connectome 
Project (HCP) WU-Minn-Ox Consortium public database were utilized in 
this study. A cohort of 93 unrelated healthy subjects was selected, with 
83 subjects allocated for training and 10 reserved for evaluation in the 
supervised learning framework. The diffusion data from the same 10 
subjects were also employed in self-supervised learning experiments for 
subject-specific training and evaluation. Since detailed acquisition and 
preprocessing protocols have been thoroughly documented previously 
(Glasser et al., 2013; Sotiropoulos et al., 2013; Uğurbil et al., 2013), key 
parameters and essential processing steps are briefly summarized below.

The dMRI acquisition protocol comprised multiple b-values (b = 0, 
1000, 2000, 3000 s/mm2), with 18 non-diffusion weighted image (b =
0) and 90 DWI volumes collected for each non-zero b-value. The b =
0 vol were interspersed between every 15 DWI volumes. Notably, the 
sampling order for all DWIs was optimized to ensure that sequentially 
acquired diffusion-encoding directions maintained uniformly distrib
uted across the sphere, even if scans were prematurely terminated. For 
comprehensive artifact correction, each DWI was acquired with both 
left-right and right-left phase-encoding directions. During preprocess
ing, susceptibility and eddy current induced distortions were corrected, 

Table 2 
NODDI metrics accuracy for supervised learning training on HCP dataset. Group mean absolute errors (MAE ± standard deviation) across 10 HCP subjects 
between resultant and reference NODDI metrics, including intracellular volume fraction (fic), isotropic volume fraction (fiso), and orientation dispersion index (ODI) for 
Connect-KAN and other methods for comparison. The relative MAE value decrease is computed as the percentage decrease in MAE relative to the baseline NODDI- 
toolbox implementation. The red text highlights the lowest MAEs while the blue text highlights the second lowest MAEs.

NODDI param Methods 
Metrics

Toolbox q-DL Plain-CNN Plain-KAN Connect-CNN Connect-KAN

fic MAE 
Decrease

0.0395±0.0024 
Baseline

0.1370±0.0077 
− 246.89%

0.0495±0.0016 
− 25.32%

0.0338±0.0073 
14.43%

0.0357±0.0018 
9.62%

0.0342±0.0074 
13.42%

fiso MAE 
Decrease

0.0321±0.0018 
Baseline

0.0695±0.0024 
− 116.40%

0.0358±0.0018 
− 11.53%

0.0299±0.0023 
6.85%

0.0304±0.0013 
5.30%

0.0294±0.0024 
8.41%

ODI MAE 
Decrease

0.0671±0.0041 
Baseline

0.1510±0.0081 
− 125.01%

0.0528±0.0013 
21.31%

0.0435±0.0014 
35.17%

0.0573±0.0016 
14.61%

0.0430±0.0016 
35.92%
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all images were co-registered, and DWI volumes from opposite phase- 
encoding directions were combined using the widely-used FSL soft
ware (Andersson et al., 2003; Smith et al., 2004).

For DTI experiments, a subset of diffusion MRI data containing one b 
= 0 and the first six DWI volumes at b = 1000 s/mm2 from each subject 

was selected as the highly accelerated DTI data. For NODDI experiments, 
a subset of diffusion MRI data containing three b = 0 and the first 15 
DWI volumes from each of the b = 1000, 2000, and 3000 s/mm2 shells 
from each subject was selected as the highly accelerated NODDI data. All 
18 b = 0 image volumes and 90 b = 1000 s/mm2 DWI volumes were 
both used for deriving reference DTI metrics. All 288 b = 0 and DWI 
volumes were both used for deriving robust and accurate reference 
NODDI metrics.

2.4. Tsinghua dataset

We further evaluated our method for its generalizability across 
datasets using a diffusion MRI dataset of 148 subjects from Tsinghua 
University, allocating 138 for training and 10 for evaluation. The same 
10 subjects were further used in self-supervised experiments for subject- 
specific training and testing. All subjects underwent MRI examination 
with approval from Tsinghua IRB and written informed consent forms. 
Diffusion MRI data were collected using a product 2D simultaneous 
multi-slice pulsed gradient spin echo single-shot echo planar imaging 
(2D-SMS-PGSE-EPI) sequence with the following parameters: repetition 
time/echo time = 6600/66 ms, spatial resolution = 1.5 × 1.5 × 1.5 
mm³, SMS factor = 2, GRAPPA acceleration factor = 2, and partial 
Fourier factor = 6/8. DWIs were acquired at b-values of 0, 1000, and 
2500 s/mm2, incorporating two b = 0 vol of reverse phase-encoding 
direction (posterior-to-anterior), and 32 and 64 DWIs of uniformly 
distributed diffusion encoding directions with b-values of 1000 and 
2500 s/mm2 were collected. The total scan time is 12.5 min. The DWI 
volumes of each subject were corrected for susceptibility and eddy 
current-induced distortions using FSL software (Andersson et al., 2003; 
Smith et al., 2004).

For the DTI experiments, we established a highly accelerated 
acquisition scheme consisting of one b = 0 image and six DWI volumes at 
b = 1000 s/mm2. Six diffusion directions that minimize the condition 
number of the diffusion transformation matrix were selected from all 32 
directions. FSL’s dtifit was then applied to estimate diffusion tensors. 
Based on these tensors, synthetic DWIs were generated along the same 
six diffusion encoding directions as the sub-sampled HCP dataset, 
thereby yielding equivalent image contrast and enabling effective cross- 
dataset generalization of HCP-pretrained models. Reference DTI metrics 
were derived from the complete set of two b = 0 images and thirty-two 
diffusion-weighted images at b = 1000 s/mm2.

Fig. 6. Maps of DTI metrics from self-supervised learning training on HCP 
dataset. Representative coronal maps of DTI metric volumes, including frac
tional anisotropy (FA), axial diffusivity (AD), mean diffusivity (MD), and pri
mary eigenvector (V1) estimated using self-supervised DIMOND-KAN and other 
methods for comparison on the sub-sampled data from a representative subject 
are shown (a, c, e, g), along with their residual maps (b, d, f, h) compared to the 
reference maps (column i). The mean absolute error (MAE) of each map 
compared to the reference is displayed at the bottom right corner of the re
sidual map.

Table 3 
DTI metrics accuracy for self-supervised learning training on HCP dataset. 
Group mean absolute errors (MAE ± standard deviations) across 10 HCP sub
jects between resultant and reference DTI metrics, including fractional anisot
ropy (FA), axial diffusivity (AD), mean diffusivity (MD), and primary 
eigenvector (V1) for DIMOND-KAN and DIMOND-CNN on a data subset of six 
diffusion encoding directions. The relative MAE value decrease is computed as 
the percentage decrease in MAE relative to the baseline OLS implemented in FSL 
using N = 6 diffusion encoding directions. The red text highlights the lowest 
MAEs while the blue text highlights the second lowest MAEs.

DTI param Methods 
Metrics

FSL (N = 6) DIMOND-CNN DIMOND-KAN

FA MAE 
Decrease

0.2103 
±0.0150 
Baseline

0.0503 
±0.0046 
76.08%

0.0498 
±0.0045 
76.32%

AD 
(μm2ms− 1)

MAE 
Decrease

0.2466 
±0.0184 
Baseline

0.0706 
±0.0043 
71.37%

0.0704 
±0.0042 
71.45%

MD 
(μm2ms− 1)

MAE 
Decrease

0.0743 
±0.0039 
Baseline

0.0505 
±0.0034 
32.03%

0.0501 
±0.0037 
32.57%

V1 (◦) MAE 
Decrease

34.5187 
±1.0753 
Baseline

16.7380±1.00 
51.51%

15.3470±0.95 
55.54%
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2.5. Simulated HCP dataset

High-quality diffusion MRI data of 83 subjects (1.25 mm isotropic) 
from the HCP dataset were used for simulation. Specifically, one b =
0 image volume and six DWI volumes at b = 1000 s/mm2 were syn
thesized from the reference tensor model parameters calculated in the 
section “Human Connectome Project dataset” using the tensor model. 
Similarly, three b = 0 image volumes and 15 DWI volumes at b = 1000, 
2000, 3000 s/mm2 were synthesized from the reference NODDI model 
parameters using the NODDI model.

2.6. Conventional model fitting

For DTI, FSL’s dtifit function with an ordinary least squares (OLS) 
regression implementation was used to fit diffusion tensors on the highly 
accelerated and fully sampled diffusion MRI data to obtain results as the 
baseline and the reference (Jenkinson et al., 2012). DTI metrics, 
including standard axial diffusivity (AD), mean diffusivity (MD), frac
tional anisotropy (FA), radial diffusivity (RD), and robust primary 
eigenvector (V1), were derived.

For NODDI, the MATLAB toolbox from NODDI inventors was used to 
fit NODDI’s three-compartment model on the highly accelerated and 
fully sampled diffusion MRI data to obtain results as the baseline and the 

Fig. 7. Maps of NODDI metrics from self-supervised learning training on HCP dataset. Representative coronal maps of NODDI parameter volume, including 
intracellular volume fraction (fic), isotropic volume fraction (fiso), and orientation dispersion index (ODI) estimated using self-supervised DIMOND-KAN and other 
methods for comparison on the sub-sampled data from a representative subject are shown (a, c, e), along with their residual maps (b, d, f) compared to the reference 
maps (column i). The mean absolute error (MAE) of each map compared to the reference is displayed at the bottom right corner of the residual map.
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reference using a point-wise grid search combined with gradient 
descent. NODDI metrics, including intracellular volume fraction (fic), 
isotropic volume fraction (fiso), and orientation dispersion index (ODI), 
were derived from κ.

2.7. Network implementation

All experiments were conducted on a single NVIDIA A800 GPU, using 
Ubuntu 20.04.6 with Python 3.8 software. The MicroKAN models were 
implemented using the PyTorch 2.4.1 DL framework, specifically 
tailored for processing full 3D diffusion MRI data directly, eliminating 
the conventional need for slice-based preprocessing while preserving 
information continuity between slices. This model effectively captured 
complex spatial features intrinsic to diffusion MRI data by leveraging 
spline-based nonlinear convolutional operations, facilitating the accu
rate prediction of diffusion metrics.

In the HCP dataset, 10 subjects were randomly selected as an inde
pendent test set, while the remaining 83 subjects were designated as 
available training samples. In the supervised DTI task, training was 

performed in two stages. The learning rate was initially set to 1 × 10− 4 

as a standard stable setting for the Adam optimizer to ensure efficient 
global convergence, which was reduced to 1 × 10− 6 to allow fine- 
grained adjustment of tensor-related parameters and prevent oscilla
tions near local minima in the relatively well-conditioned DTI task. 
Compared with DTI, NODDI involves stronger nonlinear coupling and 
higher parameter sensitivity. Therefore, the learning rate for supervised 
NODDI task was initially set to 1 × 10− 4 in the first stage and decreased 
to 1 × 10− 5 in the second stage to balance convergence stability and 
optimization efficiency without excessively slowing training. For both 
DTI and NODDI tasks, each stage lasts 100 epochs and about 5 h. For 
self-supervised tasks, training and validation processes were carried out 
for each of the 10 evaluation subjects. Specifically, the two-stage 
learning rates for the self-supervised DTI task were 1 × 10− 4 and 1 ×
10− 5, respectively. The two-stage learning rates for the self-supervised 
NODDI task were 1 × 10− 3 and 1 × 10− 4. For both DTI and NODDI 
tasks, each stage lasts 200 epochs and about 2 h.

To mitigate overfitting and enhance convergence stability across 
different supervision regimes, early stopping was employed in all ex
periments based on validation loss monitoring. Training was automati
cally terminated when the validation loss failed to improve for a 
predefined number of consecutive epochs, and the model parameters 
corresponding to the lowest validation error were retained for subse
quent evaluation. Both supervised and self-supervised settings demon
strated smooth and consistent convergence trends, indicating effective 
control of overfitting risk under the adopted hyperparameter configu
rations (Fig. 3).

In the Tsinghua dataset, 10 subjects were randomly selected as an 
independent test set, while the remaining 138 subjects were designated 
as available training samples. For supervised tasks, three experimental 
settings were employed. First, the model weights pretrained on 83 
subjects from the HCP dataset were directly applied to the test set of 
Tsinghua dataset without any additional training. Second, starting from 
the same pretrained weights, fine-tuning was performed using nine non- 
test subjects from the Tsinghua dataset, trained for 100 epochs with a 
learning rate of 1 × 10− 4, requiring approximately 35 min. Finally, full 
supervised training was conducted from scratch using all 138 non-test 
subjects for 100 epochs with the same learning rate of 1 × 10− 4, 
which took about 9.5 h. For self-supervised tasks, one subject from the 

Table 4 
NODDI metrics accuracy for self-supervised learning training on HCP 
dataset. Group mean absolute errors (MAE ± standard deviation) across 10 HCP 
subjects between resultant and reference NODDI metrics, including intracellular 
volume fraction (fic), isotropic volume fraction (fiso), and orientation dispersion 
index (ODI) for DIMOND-KAN and other methods for comparison. The relative 
MAE value decrease is computed as the percentage decrease in MAE relative to 
the baseline NODDI-toolbox implementation. The red text highlights the lowest 
MAEs while the blue text highlights the second lowest MAEs.

NODDI 
param

Methods 
Metrics

Toolbox DIMOND-CNN DIMOND-KAN

fic MAE 
Decrease

0.0395 
±0.0024 
Baseline

0.0393 
±0.0026 
0.51%

0.0394 
±0.0024 
0.25%

fiso MAE 
Decrease

0.0321 
±0.0018 
Baseline

0.0303 
±0.0018 
5.61%

0.0294 
±0.0019 
8.41%

ODI MAE 
Decrease

0.0671 
±0.0041 
Baseline

0.0583 
±0.0033 
13.11%

0.0576 
±0.0044 
14.16%

Fig. 8. Bias-variance analysis under supervised and self-supervised regimes. Violin plots show the distribution of mean voxel-wise signed errors between 
resultant and reference diffusion metrics across 10 HCP subjects (DTI metrics on the left, and NODDI metrics on the right, units for the DTI metrics (AD, RD, and MD) 
are μm²/ms). DIMOND-KAN and Connect-KAN are displayed in blue and orange, respectively. The horizontal zero line indicates the absence of systematic bias. 
Median values are indicated by horizontal lines, and the distribution spread reflects error variance. Both models exhibit near-zero median bias for most metrics, with 
performance differences primarily attributable to variance.
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Tsinghua test set was selected, trained for 40 epochs with a learning rate 
of 1 × 10− 4, with the training process lasting approximately 25 min.

Due to limited GPU memory, training was performed using blocks 
containing 64 × 64 × 64 voxels, resulting in 12 blocks extracted per 
subject. Both training and validation were conducted using an A800 
GPU (NVIDIA, Santa Clara, CA), with validation error closely monitored 
throughout to identify and save the model achieving the lowest vali
dation error. For inference, the optimized network parameters were 
applied to the entire brain volume of each evaluation subject for per
formance assessment.

2.8. Quantitative comparison

The quality of diffusion model metrics was quantified by calculating 
the mean absolute errors (MAEs) between the estimated and reference 

metrics for DTI and NODDI. Specifically, DTI metrics, including the AD, 
MD, FA, RD, and V1, were evaluated within the brain tissue (i.e., 
excluding cerebrospinal fluid) mask. The error for V1 was assessed as the 
angular deviation between the estimated and reference orientation 
vectors. For NODDI, metrics including the fic, fiso, and ODI were evalu
ated within the brain mask. Notably, in voxels where fisoapproaches 1, fic 
and ODI values became arbitrary. Therefore, voxels with fisovalues 
exceeding 0.8 were excluded from the MAE calculations for fic and ODI. 
The bias and variance of diffusion model metrics were quantified 
through the voxel-wise signed errors between the estimated and refer
ence metrics for DTI and NODDI, allowing for the disentanglement of 
their contributions to the overall error.

Fig. 9. DTI maps of five training strategies on the Tsinghua dataset. Representative coronal maps for fractional anisotropy (FA), axial diffusivity (AD), radial 
diffusivity (RD), and mean diffusivity (MD) of reference (i), and those generated on the sub-sampled subset using OLS implemented in FSL (ii), Connect-KAN 
pretrained on HCP dataset (iii), DIMOND-KAN (iv), HCP-pretrained Connect-KAN fine-tuned on the data of nine Tsinghua dataset subjects (v), and the Connect- 
KAN trained using randomly initialized parameters on the data of 138 Tsinghua dataset subjects (vi). The corresponding residual maps relative to reference 
maps are displayed (b, d, f, h) with the mean absolute error (MAE) reported.
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2.9. Statistical analysis

A two-sided paired t-test was performed to assess differences in MAE 
across methods, with Holm correction applied to adjust for multiple 
comparisons. The 95% confidence interval (CI) and Cohen’s dz were 
reported as measures of effect size. Adjusted P-values of <0.05 were 
considered statistically significant. All statistical analyses were con
ducted in Python 3.8.

2.10. Visualization of response function

The response functions of Connect-CNN and Connect-KAN was 
visualized using a controlled single-channel perturbation analysis. For 
each scalar value in the normalized input range, we created a zero- 
valued 3D input patch and assigned this value only to the central 3 ×
3 × 3 voxels of one selected input channel, while keeping all other voxels 
and channels fixed at zero. The perturbed inputs were then passed 
through the trained network with fixed parameters, and the response 
was measured from the pre-activation output of the penultimate con
volutional layer before BatchNorm and ReLU. Specifically, we averaged 
the activation of the first output channel over the central 3 × 3 × 3 
spatial region and plotted it against the input value. This procedure was 
repeated for representative input channels to obtain channel-wise 
response curves.

3. Results

3.1. DTI metrics from supervised Connect-KAN

Connect-KAN recovers remarkably high-quality DTI metric maps 
(Fig. 4). The outputs of Connect-KAN are visually almost indistin
guishable from the fully sampled tensor-fitting reference, delineating 
major white matter pathways with exceptionally sharp boundaries and 
clear anatomical contrast. Its difference maps are largely structure-free 
and exhibit noise-like patterns, indicating predominantly random re
siduals and minimal bias across the brain. In comparison, FSL produces 
DTI metrics that are heavily contaminated by noise because of the 
limited number of diffusion-encoding directions, and the degradation is 
most obvious in FA and AD. Plain-CNN, Plain-KAN, and Connect-CNN 
are able to recover fine anatomical detail, yet they introduce more 
pronounced bias. For example, Connect-CNN clearly overestimates FA in 
the corpus callosum (see FA difference map, Fig. 4b(vi)), and the 
boundaries between gray and white matter are blurred when compared 
with the reference. Compared with supervised deep learning baselines, 
including q-DL and DeepDTI, supervised Connect-KAN demonstrates 
superior estimation accuracy and structural fidelity. While q-DL 
partially recovers the anatomical contrast, its maps remain substantially 
noisier and less consistent with the reference under the present highly 
accelerated acquisition setting due to the absence of spatial information. 

DeepDTI mitigates these artifacts more substantially, yet Connect-KAN 
still yields sharper structures, less structured residuals, and improved 
agreement with the reference maps. Overall, Connect-KAN yields 
sharper and less noisy maps without structured residuals in the error 
maps, which is consistent with its lowest error among all the learned 
models.

Quantitatively, supervised Connect-KAN demonstrated significant 
improvements over baseline methods in predicting DTI metrics 
(Table 1). Connect-KAN’s estimates of FA, AD, RD, and MD are in high 
agreement with the reference. The MAE for FA is approximately 0.037 in 
unitless FA values, indicating only minor and practically negligible de
viation from the reference. For the diffusivity metrics, the errors are low, 
ranging from 0.037 to 0.057 µm2/ms for AD, RD, and MD. These MAE 
values account for only 1–3% of typical diffusivity values, underscoring 
the high fidelity of the predictions. By comparison, other models yield 
slightly higher errors. For example, a plain CNN produces an FA MAE of 
about 0.048 and exhibits considerably and notably larger errors for MD 
on the same data. Overall, supervised Connect-KAN achieves substantial 
relative improvements of 48 to 83 percent compared to the baseline 
methods in terms of MAE. Subject-level two-sided paired t-test further 
confirms the superior performance of Connect-KAN over all competing 
methods in terms of all supervised DTI metrics (Supplementary 
Table S6). Specifically, Connect-KAN outperformed FSL with 32 di
rections for FA (0.0370 ± 0.0026 vs. 0.0417 ± 0.0031, Holm-adjusted 
p = 8.97 × 10− 12), Plain-CNN for AD (0.0556 ± 0.0020 vs. 0.0662 ±
0.0025, Holm-adjusted p = 7.32 × 10− 14), and Connect-CNN for both 
RD (0.0415 ± 0.0029 vs. 0.0479 ± 0.0025, Holm-adjusted p = 9.12 ×

10− 12) and MD (0.0379 ± 0.0026 vs. 0.0406 ± 0.0025, Holm-adjusted 
p = 9.12 × 10− 12).

3.2. NODDI metrics from supervised Connect-KAN

Connect-KAN consistently reconstructs high-quality NODDI metric 
maps from sub-sampled data (Fig. 5). The supervised Connect-KAN 
model produces maps that are highly consistent with the reference. In 
the fic map, it delineates clear contrast between white matter and sur
rounding cortical and ventricular regions. The fisomap accurately high
lights elevated isotropic fractions in cerebrospinal fluid spaces while 
remaining near-zero in brain tissue. The ODI map captures the expected 
spatial variation of dispersion, with higher values in regions of complex 
fiber configurations and lower values in coherent bundles. Overall, 
Connect-KAN outputs are sharp, physically plausible, and minimally 
deviate from the reference. In contrast, the NODDI-toolbox shows 
appreciable contrast but higher residual errors. q-DL recovers the overall 
contrast of the NODDI maps but exhibits less accurate tissue contrast and 
larger residuals, especially for fic and ODI. Plain-CNN reduces noise yet 
produces less consistent dispersion estimates. Plain-KAN achieves 
smoother and more accurate fic and fisothan CNN, though subtle errors 
remain. Connect-CNN preserves structure but introduces bias and noise, 

Table 5 
Quantitative evaluation of four DTI scalar metrics under four training strategies. The table reports the mean absolute errors (MAE) of fractional anisotropy (FA), 
axial diffusivity (AD), radial diffusivity (RD), and mean diffusivity (MD), showing that DIMOND-KAN and Connect-KAN fine-tuned with nine training samples (Fine- 
tuned) achieve comparable accuracy, while Connect-KAN trained from scratch with 138 samples (Supervised) provides the best overall performance. The relative MAE 
value decrease is computed as the percentage reduction in MAE relative to the baseline OLS implemented in FSL using N = 6 diffusion directions. The red text 
highlights the lowest MAEs while the blue text highlights the second lowest MAEs.

DTI param Methods 
Metrics

FSL (N = 6) HCP-pretrained DIMOND-KAN Connect-KAN (Fine-tuned) Connect-KAN (Supervised)

FA MAE 
Decrease

0.0945±0.0059 
Baseline

0.0809±0.0023 
14.39%

0.0743±0.0021 
21.38%

0.0672±0.0018 
28.89%

0.0407±0.0014 
56.93%

AD (μm2ms− 1) MAE 
Decrease

0.1016±0.0064 
Baseline

0.1540±0.0096 
− 51.57%

0.0823±0.0024 
19.00%

0.0895±0.0029 
11.91%

0.0596±0.0026 
41.34%

RD (μm2ms− 1) MAE 
Decrease

0.0780±0.0035 
Baseline

0.1234±0.0097 
− 58.21%

0.0635±0.0013 
18.59%

0.0632±0.0021 
18.97%

0.0410±0.0021 
47.44%

MD (μm2ms− 1) MAE 
Decrease

0.0608±0.0026 
Baseline

0.1250±0.0106 
− 105.59%

0.0524±0.0034 
13.81%

0.0566±0.0024 
6.91%

0.0373±0.0033 
38.65%
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especially in ODI. Among all, Connect-KAN provides the lowest errors 
and the most coherent reconstruction across all three metrics.

Quantitatively, supervised Connect-KAN demonstrates clear advan
tages in predicting NODDI parameters (Table 2). Connect-KAN achieves 
the lowest errors across most metrics. For intracellular volume fraction 
fic, the MAE is 0.0342, corresponding to a 13.42% reduction relative to 
the baseline. For isotropic volume fraction fiso, the error further de
creases to 0.0294, yielding 8.41% improvement. The most pronounced 
gain is observed for the orientation dispersion index, where Connect- 
KAN attains an MAE of only 0.0430, marking a substantial 35.92% 
improvement compared with the NODDI-toolbox. Plain-KAN, although 
surpassing CNNs in certain cases, for example, a 35.17% reduction for 
ODI compared with Plain-CNN’s 21.31%, still falls short of Connect- 
KAN. By contrast, Plain-CNN not only fails to improve but even 

degrades performance for fic and fiso, showing error increases of 25.32% 
and 11.53% respectively. These results confirm that the incorporation of 
the Conv-KAN module and connectivity mechanisms is critical for 
capturing the complex microstructural features underlying NODDI 
parameter estimation. A two-sided paired t-test also corroborated the 
superior performance of Connect-KAN over Plain-KAN, the strongest 
competing baseline (Supplementary Table S7). Specifically, Connect- 
KAN achieved significantly lower MAE than Plain-KAN for fiso(
Connect-KAN: Plain-KAN: 0.0294 ± 0.0024 vs. 0.0299 ± 0.0023, Holm- 
adjusted p = 2.04 × 10− 3), and ODI (0.0430 ± 0.0016 vs. 0.0435 ±
0.0014, Holm-adjusted p = 8.62 × 10− 15), whereas no statistically 
significant difference was observed for fic (0.0342 ± 0.0074 vs. 0.0338 

± 0.0073, Holm-adjusted p = 0.987).

Fig. 10. DTI maps across different number of diffusion encoding directions on the HCP dataset. Representative coronal maps for fractional anisotropy (FA), 
axial diffusivity (AD), radial diffusivity (RD), and mean diffusivity (MD) of reference (i), and those generated using OLS implemented in FSL on the subset with six 
DWIs (ii), OLS implemented in FSL on the subset with 32 DWIs (iii), Connect-KAN on the subset with six DWIs (iv), and Connect-KAN on the subset with 32 DWIs (v) 
are shown. The corresponding residual maps relative to reference maps are displayed (b, d, f, h) with the mean absolute error (MAE) reported.
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3.3. DTI metrics from self-supervised DIMOND-KAN

DIMOND-KAN effectively recovers remarkably high-quality tensor- 
derived metrics in a self-supervised setting (Fig. 6). The predicted FA, 
AD, MD, and V1 maps show strong concordance with the fully sampled 
reference, faithfully and consistently preserving major white matter 
pathways and fine anatomical features. The FA maps clearly replicate 
the anisotropy patterns of white matter tracts, whereas FSL 

reconstructions appear heavily corrupted by noise and loss of contrast. 
The AD and MD maps from DIMOND-KAN maintain smooth tissue- 
dependent contrast and regional variations, while DIMOND-CNN dis
plays residual structured errors and slight blurring at tissue boundaries. 
The V1 maps obtained with DIMOND-KAN accurately capture principal 
diffusion orientations, in contrast to the noisy and spatially inconsistent 
outputs of FSL and the more biased estimates of DIMOND-CNN. Residual 
discrepancies in DIMOND-KAN predictions are spatially incoherent and 
anatomically non-specific, indicating predominantly random noise 
rather than systematic bias. Taken together, DIMOND-KAN delivers 
denoised yet structurally precise outputs, highlighting the advantage of 
physics-informed self-supervision in recovering reliable tensor-derived 
metrics.

Quantitatively, self-supervised DIMOND-KAN achieves consistent 
advantages in predicting DTI metrics (Table 3). DIMOND-KAN yields the 
lowest errors across all metrics. For fractional anisotropy, the MAE is 
0.0498, corresponding to a 76.32% improvement relative to the OLS in 
FSL. For axial diffusivity, the error is 0.0704 µm2/ms, representing a 
71.45% reduction. For mean diffusivity, DIMOND-KAN attains an MAE 
of 0.0501 µm2/ms, with a 32.57% improvement. The most pronounced 
gain is observed in the primary eigenvector, where the error decreases to 
15.35◦, marking a 55.54% improvement over FSL. Compared with 
DIMOND-CNN, which also performs strongly, achieving a 76.08% 
improvement for FA, the proposed DIMOND-KAN further lowers errors 
in most cases. An exception is MD, where DIMOND-KAN shows a mar
ginal advantage of 32.57% compared with 32.03% for DIMOND-CNN, 
likely reflecting the composite nature of this parameter and its 
reduced sensitivity to network architecture. Overall, DIMOND-KAN 
provides more reliable and accurate recovery of DTI metrics than 
competing methods.

3.4. NODDI metrics from self-supervised DIMOND-KAN

DIMOND-KAN extends its capability to reconstruct NODDI micro
structure parameters with high fidelity (Fig. 7). The predicted fic, fiso, 
and ODI maps closely match the reference maps obtained from con
ventional NODDI fitting, faithfully capturing key anatomical features. 
The fic maps reflect elevated intracellular volume fraction in major white 
matter tracts and reduced values in cortical gray matter and CSF- 
adjacent regions. The fisomaps demonstrate strong agreement with the 
reference, accurately delineating regions of high isotropy such as ven
tricles and sulci. Likewise, the ODI maps reproduce the expected spatial 
distribution of fiber dispersion, with higher values in regions of complex 
crossing fibers and lower values in coherent bundles. The residual maps 
for DIMOND-KAN are of low amplitude, dominated by randomly 
distributed noise without structured artifacts, underscoring the accuracy 
and anatomical plausibility of its predictions. Overall, the results high
light the robustness of DIMOND-KAN in recovering reliable NODDI 
parameters under self-supervised learning.

Quantitatively, self-supervised DIMOND-KAN exhibits consistent 
gains in predicting NODDI parameters (Table 4). DIMOND-KAN ach
ieves an MAE of 0.0394 for fic, representing a modest 0.25% improve
ment over the NODDI-toolbox, which is comparable to the 0.51% 
improvement obtained by DIMOND-CNN. More pronounced advances 
are observed for fiso, where DIMOND-KAN reduces the error to 0.0294, 
corresponding to an 8.41% improvement and outperforming the 5.61% 
reduction achieved by DIMOND-CNN. The largest gain is seen for the 
orientation dispersion index, where DIMOND-KAN attains an MAE of 
0.0576, marking a 14.16% improvement over the baseline and slightly 
surpassing DIMOND-CNN’s 13.11%. The relatively small benefit for fic 
across both networks suggests that this parameter is less sensitive to 
architectural design. Overall, DIMOND-KAN delivers reliable perfor
mance with clear advantages for fisoand ODI estimation.

Fig. 11. DTI metric maps across different training dataset size. Represen
tative coronal maps for fractional anisotropy (FA), axial diffusivity (AD), radial 
diffusivity (RD), and mean diffusivity (MD) of reference (i), and those generated 
from the subset of six DWIs using OLS implemented in FSL (ii), supervised 
Connect-KAN trained on 10 subjects (iii), and supervised Connect-KAN trained 
on 83 subjects (iv) are shown. The corresponding residual maps relative to 
reference maps are displayed (b, d, f, h) with the mean absolute error 
(MAE) reported.
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3.5. Bias-variance analysis

For most DTI and NODDI metrics, both supervised and self- 
supervised models exhibit near-zero median error, indicating negli
gible systematic bias. The performance gains are primarily associated 
with reduced dispersion of the error distribution, reflecting decreased 
variance from the networks’ denoising capability. Notably, for RD and 
ODI, the self-supervised regime demonstrates a slight systematic offset 

relative to the supervised counterpart, suggesting a trade-off between 
variance regularization and bias correction under subject-specific 
training (Fig. 8).

3.6. Cross-dataset generalization evaluation

Our methods demonstrate decent generalizability across datasets 
(Fig. 9). The conventional fitting method using FSL presents pronounced 

Fig. 12. NODDI metric maps across different training dataset size. Representative coronal maps for isotropic volume fraction (fiso), intracellular volume fraction 
(fic), and orientation dispersion index (ODI) of reference (i), and those generated using NODDI-toolbox (ii), supervised Connect-KAN trained on 10 subjects (iii), and 
supervised Connect-KAN trained on 83 subjects (iv) are shown. The corresponding residual maps relative to reference maps are displayed (b, d, f, h) with the mean 
absolute error (MAE) reported.
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structural deviations and noise artifacts in regions of high anisotropy 
and at gray-white matter interfaces. The overestimation of FA and RD 
likely results from the extremely limited number of directions (i.e., six) 
that might exhibit a slightly biased distribution in q-space, even though 
we optimized the condition number. Even directly transferring the 
Connect-KAN weights pretrained on the HCP dataset without adaptation 
(HCP-pretrained) produces plausible DTI parameter fitting. However, 
systematic errors remain evident due to cross-dataset distributional 
shifts caused by the massively different imaging protocols (e.g., spatial 
resolution, TE, TR) between the Tsinghua dataset and the HCP dataset. 

Fine-tuning the pretrained weights on nine subjects effectively mitigates 
such errors, with the details of FA and RD maps further aligned with 
high-quality references. The self-supervised DIMOND-KAN trained in a 
dataset-specific manner without requiring high-quality reference ach
ieves consistently robust performance on the Tsinghua dataset 
compared to the HCP dataset. Compared to HCP pretrained net and fine- 
tuning results, DIMOND-KAN results appear noisier but less biased. This 
indicates the supervised methods are effective in reducing variance by 
harnessing the high training data quality, but might be more prone to 
bias due to cross-dataset difference. Self-supervised method shows more 
flexible adaptation across datasets with minimal bias, but the results 
might suffer from higher variance and noise level due to the lack of high- 
quality data for supervision. Full supervision with 138 samples trained 
from scratch delivers consistently excellent performance, achieving ac
curate estimation with high-SNR and tissue contrast that are similar to 
the reference parameter maps, serving as an upper-bound when suffi
cient high-quality training data are available.

The quantitative results on the method’s generalizability agree with 
the qualitative results (Table 5). Direct transfer of HCP-pretrained 
Connect-KAN weights results in biased estimations, offering only a 
slight improvement in FA while markedly increasing the errors of AD, 
RD, and MD, which clearly reflects the adverse effect of cross-domain 
mismatch. Fine-tuning on nine annotated subjects substantially allevi
ates this bias, producing more balanced estimations across all metrics 
and reducing the FA error to 0.0672, a level notably lower than the 
baseline and close to the 0.0743 achieved by the self-supervised 
approach. DIMOND-KAN, trained without any annotations, demon
strates strong adaptability to distribution shifts, achieving relative MAE 
reductions of 21.4%, 19.0%, 18.6%, and 13.8% in FA, AD, RD, and MD, 
respectively. While its outputs tend to be noisier with higher variance, 

Table 6 
Effect of training set size on supervised DTI parameter estimation. Group mean absolute errors (MAE ± standard deviation) across 10 HCP test subjects are 
reported for Connect-KAN models trained using the configuration of (i) 10 subjects with six DWIs, (ii) 83 subjects with six DWIs, and (iii) 83 subjects with 32 DWIs, 
respectively. Relative MAE decrease is computed as the percentage reduction relative to the baseline OLS implemented in FSL using N = 6 diffusion directions. The red 
text highlights the lowest MAEs while the blue text highlights the second lowest MAEs.

DTI param Methods 
Metrics

FSL (N = 6) FSL (N = 32) Connect-KAN (10 subjects) (N =
6)

Connect-KAN (83 subjects) (N =
6)

Connect-KAN (83 subjects) (N =
32)

FA MAE 
Decrease

0.2103 
±0.0150 
Baseline

0.0417 
±0.0031 
80.17%

0.0449±0.0032 
77.70%

0.0370±0.0026 
82.41%

0.0298±0.0029 
85.83%

AD (μm2ms− 1) MAE 
Decrease

0.2466 
±0.0184 
Baseline

0.0826 
±0.0039 
66.50%

0.0678±0.0063 
68.73%

0.0556±0.0020 
77.45%

0.0457±0.0048 
81.47%

RD (μm2ms− 1) MAE 
Decrease

0.1196 
±0.0078 
Baseline

0.0597 
±0.0032 
50.08%

0.0546±0.0112 
59.95%

0.0415±0.0029 
65.30%

0.0362±0.0039 
69.73%

MD 
(μm2ms− 1)

MAE 
Decrease

0.0743 
±0.0039 
Baseline

0.0611 
±0.0036 
17.77%

0.0491±0.0103 
45.36%

0.0379±0.0026 
48.99%

0.0339±0.0043 
54.37%

Table 7 
Effect of training dataset size on supervised NODDI parameter estimation. 
Group mean absolute errors (MAE ± standard deviation) across 10 HCP test 
subjects are reported for Connect-KAN models trained using data of 10 and 83 
subjects, respectively. Relative MAE decrease is computed as the percentage 
reduction relative to the baseline NODDI-toolbox. The red text highlights the 
lowest MAEs while the blue text highlights the second lowest MAEs.

NODDI 
param

Methods 
Metrics

Toolbox Connect-KAN (10 
subjects)

Connect-KAN (83 
subjects)

fic MAE 
Decrease

0.0395 
±0.0024 
Baseline

0.0400 ± 0.0069 
− 1.27%

0.0342±0.0074 
13.42%

fiso MAE 
Decrease

0.0321 
±0.0018 
Baseline

0.0316 ± 0.0015 
1.56%

0.0294±0.0024 
8.41%

ODI MAE 
Decrease

0.0671 
±0.0041 
Baseline

0.0540±0.0017 
19.52%

0.0430±0.0016 
35.92%

Table 8 
Accuracy of DTI parameter approximation on the Simulated HCP dataset. 
Mean absolute errors (MAE ± standard deviation) of DTI metrics, including 
fractional anisotropy (FA), axial diffusivity (AD), radial diffusivity (RD), and 
mean diffusivity (MD), between ground-truth values and those generated from 
Connect-CNN and Connect-KAN with comparable model capacity are listed. 
Relative MAE reduction is computed relative to the Connect-CNN baseline.

DTI param Methods 
Metrics

Connect-CNN Connect-KAN

FA MAE 
Decrease

0.0515±0.0014 
Baseline

0.0384±0.0048 
25.44%

AD (μm2ms− 1) MAE 
Decrease

0.0691±0.0024 
Baseline

0.0544±0.0110 
21.27%

RD (μm2ms− 1) MAE 
Decrease

0.0507±0.0025 
Baseline

0.0501±0.0162 
1.18%

MD (μm2ms− 1) MAE 
Decrease

0.0423±0.0029 
Baseline

0.0519±0.0161 
− 22.70%

Table 9 
Accuracy of NODDI parameter approximation on the Simulated HCP 
dataset. Mean absolute errors (MAE ± standard deviation) of NODDI metrics, 
including intracellular volume fraction (fic), isotropic volume fraction (fiso), and 
orientation dispersion index (ODI), between ground-truth values and those 
generated from Connect-CNN and Connect-KAN with comparable model ca
pacity are listed. Relative MAE reduction is computed relative to the Connect- 
CNN baseline.

NODDI param Methods 
Metrics

Connect-CNN Connect-KAN

fic MAE 
Decrease

0.0572±0.0034 
Baseline

0.0529±0.0034 
7.52%

fiso MAE 
Decrease

0.0555±0.0030 
Baseline

0.0515±0.0027 
7.21%

ODI MAE 
Decrease

0.0605±0.0016 
Baseline

0.0580±0.0016 
4.13%
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they remain largely unbiased. Finally, full supervision with 138 anno
tated samples consistently delivers the best performance, with FA 
reduced to 0.0407, corresponding to a 56.9% decrease relative to the 
baseline.

3.7. Impact of diffusion encoding directions and training dataset size

Compared with conventional tensor fitting using richer diffusion 
sampling, supervised Connect-KAN still demonstrates superior estima
tion accuracy under the highly under-sampled setting. When the number 
of diffusion directions is increased from N = 6 to N = 32, the quality of 
DTI metrics generated by OLS implemented in FSL improved substan
tially, exhibiting reduced noise and more stable parameter estimation 
(Fig. 10). Nevertheless, Connect-KAN trained on a subset of six DWIs 
produces parameter maps that are visually closer to the reference, 
exhibiting lower residual dispersion and superior preservation of 
anatomical structures. Importantly, Connect-KAN is not limited to 
sparse acquisitions. When scaled to the N = 32 directions, the network 
effectively exploits the richer angular information to further enhance 
fidelity and provide sharper delineations of complex white matter 
architectures.

Beyond its robustness to angular sampling patterns, Connect-KAN 
also exhibits remarkable data efficiency. Even when trained on a 

severely restricted cohort of only 10 subjects, Connect-KAN successfully 
recovers higher-quality DTI metrics compared to conventional OLS in 
FSL, underscoring the strong generalization capacity of its learned 
feature representations (Fig. 11). A similar trend is observed in NODDI 
model mapping, where Connect-KAN trained on just 10 subjects out
performs the conventional method implemented in the NODDI-toolbox 
(Fig. 12).

These advantages are further supported by the quantitative results 
(Table 6). Specifically, the model trained on 83 subjects achieves lower 
mean absolute errors (MAEs) than FSL (N = 32) across all DTI metrics, 
while the model trained on 10 subjects remains competitive and sur
passes FSL (N = 32) in several metrics. Furthermore, increasing the 
number of diffusion encoding directions from N = 6 to N = 32 yields 
substantial performance gains for Connect-KAN. For instance, the MAE 
of FA decreases from 0.0370 to 0.0298, representing a 19.5% relative 
improvement. Similarly, for the NODDI model, Connect-KAN trained on 
10 subjects yields a lower MAE than the NODDI-toolbox in terms of 
fisoand ODI (Table 7).

3.8. Network approximation capability comparison on simulation data

Connect-KAN exhibited metric-dependent approximation advan
tages in noise-free simulation experiments. On the simulated HCP 

Fig. 13. Visualization of learned nonlinear response functions for DTI. Representative response functions from the final convolutional stage are shown for 
Connect-CNN and Connect-KAN in the supervised DTI task. The plotted curves illustrate the dependence of the learned response on the normalized input value for 
different channels associated with one output channel. Connect-CNN responses remain comparatively close to weakly nonlinear trends, whereas Connect-KAN re
sponses exhibit more diverse and curved nonlinear shapes.

Fig. 14. Visualization of learned nonlinear response functions for NODDI. Representative response functions from the final convolutional stage are shown for 
Connect-CNN and Connect-KAN in the supervised NODDI task. Because the NODDI input contains 48 channels, the responses are displayed in grouped panels. For 
clarity, the three b = 0 channels and six representative channels from each of the b = 1000, 2000, and 3000 s/mm2 shells are shown.
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dataset, Connect-KAN reduced the MAE of FA and AD from 0.0515 to 
0.0384 and from 0.0691 to 0.0544, corresponding to relative reductions 
of 25.44% and 21.27%, respectively, while achieving a comparable RD 
error with a modest reduction of 1.18% (Table 8). However, its MD error 
was higher than that of Connect-CNN, indicating that spline-based 
nonlinear modeling does not uniformly improve all tensor-derived sca
lar metrics and may involve metric-specific trade-offs for averaged 
diffusivity measures. In contrast, for the more nonlinear NODDI model, 
Connect-KAN consistently outperformed Connect-CNN across fic, fiso, 
and ODI, yielding MAE reductions of 7.52%, 7.21%, and 4.13%, 
respectively (Table 9). These results suggest that Connect-KAN enhances 
nonlinear approximation capability particularly for anisotropy-sensitive 
and compartmental diffusion metrics, while its benefits vary across 
derived scalar measures.

4. Discussion

This study introduces MicroKAN, a unified deep learning framework 
specifically designed for diffusion MRI microstructure modeling. By 
jointly supporting both supervised and self-supervised paradigms, 
MicroKAN adapts flexibly to varying data availability scenarios. When 
high-quality paired dMRI signals and diffusion metrics are available, 
Connect-KAN maps the input diffusion signals to target model parame
ters under full supervision. For single-subject or label-free data, 
DIMOND-KAN leverages physics-informed constraints and forward 
diffusion modeling to learn network parameters in a self-supervised 
manner. Across extensive experiments on the HCP dataset, Connect- 
KAN consistently outperformed conventional CNNs, the classical q-DL 
baseline, and tensor fitting, achieving lower MAEs across FA, AD, RD, 
and MD, as well as improved estimation of NODDI parameters. In the 
self-supervised setting, DIMOND-KAN also demonstrated substantial 
advantages, reducing FA and V1 errors by >76% and 56%, respectively, 
compared to traditional fitting, while improving fisoand ODI estimation 
relative to DIMOND-CNN. These findings establish the superior perfor
mance and robustness of MicroKAN across both supervised and self- 
supervised regimes.

The efficacy and efficiency of MicroKAN is primarily derived from 
the Bottleneck-KAN–Conv modules, which provide compact yet highly 
expressive nonlinear modeling. Unlike conventional CNNs with fixed 
activations, spline-based activations dynamically learn nonlinear func
tional forms, enabling more accurate approximation of the complex 
nonlinear relationships inherent in dMRI signals without excessive 
network depth. Empirical ablations confirm that both skip-connections 
and spline activations contribute critically to performance (Table 1, 
and Table 2). The visualization of representative response functions 
further supports the stronger nonlinear mapping capacity provided by 
spline-based formulation (Figs. 13, and 14). Under the same normalized 
input perturbation range, Connect-KAN produced response functions 
with a much wider dynamic range and more evident curvature than 
Connect-CNN, as reflected by the markedly different y-axis scales. While 
the Connect-CNN responses remained close to zero and were nearly 
linear, the Connect-KAN responses showed larger response variations 
and channel-dependent nonlinear bending. Beyond the representational 
prowess, the Bottleneck-KAN–Conv module improves the fitting ca
pacity while still harnessing the high computational efficiency of trained 
neural network. Connect-KAN reduces NODDI parameter estimation 
time from >12 h (toolbox-based fitting) to 1 min 22 s inference time. 
Even for the self-supervised DIMOND-KAN, which performs subject- 
specific training, the training and inference time remains within four 
hours per subject, still faster than standard voxel-wise numerical 
optimization-based NODDI implementations (Zhang et al., 2012).

The comprehensive generalization experiments on the Tsinghua 
dataset establish MicroKAN as a useful method in various scenarios 
where high-quality training data are insufficient, limited, or even un
available. In the ideal case when high-quality training data are suffi
cient, supervised training using Connect-KAN consistently leads to the 

best performance on both HCP and Tsinghua datasets. Similarly, 
DIMOND-KAN produces consistent and robust performance on these 
datasets without requiring any high-quality labels. In the scenario where 
limited high-quality reference data are available, we introduce the 
strategy of transfer learning by fine-tuning the model pretrained on HCP 
using a limited number of subjects. Both DIMOND-KAN and transfer 
learning can be used in this scenario. The choice between them should 
be guided by the characteristics of the application. DIMOND-KAN, 
characterized by minimal systematic bias but higher variance, is better 
suited for high-SNR data where unbiased estimations are critical. 
Conversely, transfer learning typically yields lower variance at the cost 
of potential bias, making it preferable for low-SNR data dominated by 
noise or for datasets with distributions closely aligned with the pre
training domain. Furthermore, transfer learning offers a marked 
advantage in computational efficiency, substantially reducing training 
time (e.g., from 9 h and 30 min to 35 min). A promising future direction 
lies in pretraining KAN models on larger and more diverse datasets such 
as HCP, UK Biobank, and ADNI, where exposure to heterogeneous 
populations and acquisition protocols is expected to substantially 
enhance the generalizability and robustness of transfer learning, thereby 
enabling reliable adaptation across scanners, sites, and clinical cohorts 
with only minimal fine-tuning.

Beyond methodological innovations, MicroKAN has the potential to 
significantly influence both clinical practice and large-scale population 
studies. By reducing acquisition requirements from dozens of diffusion 
directions to only six carefully optimized directions, MicroKAN enables 
high-quality diffusion tensor imaging in patient groups who cannot 
tolerate prolonged scanning, such as critically ill individuals or children, 
thereby improving diagnostic accessibility for neurological disorders 
and focal lesions. At the same time, the substantial acceleration in model 
fitting, reducing computation from several hours to only minutes for 
tensor and NODDI reconstruction, allows advanced microstructural 
modeling to be applied to large datasets that were previously imprac
tical due to excessive computational demands. In the era of big data, 
such efficiency gains are particularly valuable, as they make it possible 
to extract diffusion-derived phenotypes at scale with markedly lower 
computational costs. This scalability not only supports population-level 
neuroimaging research but also facilitates the integration of micro
structural biomarkers into real-time precision medicine workflows.

Despite these promising results, several limitations warrant atten
tion. First, the current architecture employs similar design choices 
across different diffusion models, which may not be optimal. For 
instance, tensor models might require less expressive architectures than 
NODDI. Second, hyperparameters related to spline activation, such as 
knot placement and density, also require systematic comprehensive 
optimization. Automated architecture search and hyperparameter tun
ing may potentially address these challenges. Third, extending Micro
KAN to additional models such as diffusion kurtosis imaging and multi- 
compartment microstructure models would further demonstrate its 
versatility. Finally, Connect-KAN requires higher GPU memory than 
conventional CNN during training (Supplementary Table S5), which 
would be addressed through efficient operator, such as optimized CUDA 
kernels.

5. Conclusion

In this work, we present MicroKAN, a unified deep learning frame
work that redefines diffusion MRI microstructure modeling through 
convolutional Kolmogorov-Arnold Networks with adaptive spline acti
vations. By seamlessly bridging supervised and self-supervised para
digms, MicroKAN adapts to both richly annotated and fully unlabeled 
scenarios. Extensive experiments on the HCP dataset demonstrate that 
Connect-KAN achieves state-of-the-art accuracy, reducing DTI errors by 
up to 83% and NODDI errors by nearly 50% compared with conven
tional fitting and CNN baselines. Meanwhile, DIMOND-KAN introduces 
physics-informed self-supervision to recover microstructural parameters 
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without ground-truth labels, cutting FA and V1 errors by >76% and 
56%, respectively. Cross-dataset validation on an in-house Tsinghua 
dataset further highlights MicroKAN’s robustness, revealing clear trade- 
offs between bias and variance under zero-shot transfer, few-shot fine- 
tuning, and large-scale full supervision. Collectively, these results 
establish MicroKAN as a powerful, scalable, and clinically practical 
paradigm for accelerated and accurate diffusion MRI analysis, with 
broad potential to advance population-scale neuroimaging studies and 
enable next-generation microstructural biomarkers in clinical research.
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