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Abstract. We address the challenge of parameter-efficient fine-tuning
(PEFT) for three-dimensional (3D) U-Net-based denoising diffusion prob-
abilistic models (DDPMs) in magnetic resonance imaging (MRI) im-
age generation. Despite its practical significance, research on parameter-
efficient representations of 3D convolution operations remains limited. To
bridge this gap, we propose Tensor Volumetric Operator (TenVOO), a
novel PEFT method specifically designed for fine-tuning DDPMs with
3D convolutional backbones. Leveraging tensor network modeling, Ten-
VOO represents 3D convolution kernels with lower-dimensional tensors,
effectively capturing complex spatial dependencies during fine-tuning
with few parameters. We evaluate TenVOO on three downstream brain
MRI datasets–ADNI, PPMI, and BraTS2021–by fine-tuning a DDPM
pretrained on 59,830 T1-weighted brain MRI scans from the UK Biobank.
Our results demonstrate that TenVOO achieves state-of-the-art perfor-
mance in multi-scale structural similarity index measure (MS-SSIM),
outperforming existing approaches in capturing spatial dependencies while
requiring only 0.3% of the trainable parameters of the original model.
Our code is available at https://github.com/xiaovhua/tenvoo.

Keywords: MRI image generation· Diffusion model · Parameter-efficient
fine-tuning · Tensor network.

1 Introduction

Diffusion models [28], particularly denoising diffusion probabilistic models (DDPMs) [17],
have gained attention for generating high-quality and diverse medical images [1,25].
In magnetic resonance imaging (MRI) tasks, these models hold great poten-
tial for enhancing clinical workflows, including disease prediction, diagnosis, and
treatment in clinical practice [9,11,26]. By modeling the reverse diffusion pro-
cess, DDPMs gradually remove noise to reconstruct clear images. This training
paradigm offers strong robustness and controllability, enabling models to effec-
tively capture complex data distributions. However, their large-scale architec-
ture poses significant computational and efficiency challenges. As a consequence,
⋆ Corresponding author
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Fig. 1. Illustration of the U-Net model used for our DDPM and the TenVOO framework
for 3D convolutional layers. TenVOO optimizes only the weight updates ∆W via a
lightweight tensor network during fine-tuning, while preserving the intricate spatial
dependencies of convolution kernels throught tensor contraction.

training a DDPM typically requires high computational costs, extensive data,
and resource-intensive optimization, limiting the practical applications. Mean-
while, model customization–widely desired in practice by adapting from large
models–is constrained by dataset limitations, the need to store multiple param-
eter variations, and the complexity of designing effective concept descriptors.

To address these challenges, parameter-efficient fine-tuning (PEFT) tech-
niques have achieved significant attention. In the existing methods, low-rank
approaches [6,12,19,20] introduce trainable low-rank decompositions of model
weights, serving as residual backups that can be merged during inference. Unlike
adapter-based methods [18], the low-rank modeling enables efficient fine-tuning
while preserving inference speed, making it particularly effective for resource-
constrained inferences. However, representing conventional structures with low-
rank modeling poses challenges in capturing intricate spatial relationships (see
numerical results in Section 3). This limitation is particularly critical in MRI
image generation, as the data typically exhibit complex spatial dependencies
across multiple anatomical structures and resolution scales.

In this work, as shown in Figure 1, we propose a novel PEFT method, Ten-
sor Volumetric Operator (TenVOO), for 3D U-Net [27] fine-tuning, inspired by
the concept of tensor networks [3,8,21]. Compared to other low-rank counter-
parts, TenVOO introduces a trainable yet more compact modeling to represent
complex spatial information within 3D convolutional layers, making it a power-
ful framework to fine-tuning U-Net-based DDPMs. Our main contributions are
summarized as follows:

(1) We propose TenVOO, with two variants TenVOO-L and TenVOO-Q, for fine-
tuning 3D U-Net-based DDPMs. To the best of our knowledge, TenVOO is
the first application of tensor networks for fine-tuning 3D DDPM in MRI
image generation.

(2) We conduct experiments on three real-world MRI datasets, including ADNI
(Alzheimer’s Disease Neuroimaging Initiative)[22], PPMI (Parkinson’s Pro-
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gression Markers Initiative)[23], and BraTS2021 [2], to fine-tune a DDPM
pretrained on 59,830 T1-weighted brain MRI scans from the UK Biobank
[29]. Results show that our method achieves state-of-the-art performance in
MRI image generation, effectively capturing complex spatial dependencies
while significantly reducing the number of trainable parameters.

2 Methodology

2.1 Preliminaries

Denoising diffusion probabilistic models (DDPMs) [17]. DDPMs are
one of the most widely used diffusion models (DMs), designed to reconstruct
data by modeling the reverse diffusion process within a probabilistic denoising
framework. Similar to standard DMs [28], DDPMs progressively corrupt the
given data x0 ∼ p(x0) with noise over T steps, following a variance schedule βt

in the forward process. The probability of the corrupted data is modeled as

q(x1:T |x0) =
∏
t≥1

q(xt|xt−1), q(xxt|xt−1
) = N (xt;

√
1− βtxt−1, βtI), (1)

where I denotes the identity matrix. In the backword process, DDPMs iteratively
remove noise from the corrupted data by estimating the mean µθ(xt, t) of the
posterior as

pθ(xt−1|xt) = N (xt−1;µθ(xt, t), σ
2
t I), µθ(xt, t) =

1
√
αt

(xt−
βt√
1− αt

ϵθ(xt, t)),

(2)
where αt represents the noise reduction factor at step t, defined as αt = 1− βt,
and αt is the cumulative value calculated by αt =

∏t
s=1 αs. Note that ϵθ(xt, t)

is typically trained as a U-Net to approximate the noise in the reverse process.

Tensor networks (TNs) [10] for PEFT. TNs are a family of structural
representations for high-dimensional tensors, where a tensor can be decomposed
into a set of lower-dimensional core tensors interconnected through contraction
operations. Following this framework, TNs can be visualized with graphs, in
which core tensors correspond to nodes and index contractions are represented
as edges. In the context of PEFT for example, the well-known LoRA [19] for 2D
convolutional layers can be formulated as

∆W = reshape(B ×r A, [Cout, Cin, kh, kw]),

A ∈ Rr×Cin×kh , B ∈ RCout×kw×r,
(3)

where ∆W is the low-rank update of the 2D convolutional weights, r corresponds
to the LoRA rank, and Cout, Cin, kh, kw represent the number of output channels,
input channels, and the kernel size in height and width, respectively. Note that
the operation ×r represents the contraction between A and B along the index
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Fig. 2. Structure of (a) LoRA for 2D convolution1; (b) LoRA for 3D covolution2;
(c) TenVOO-L for 3D convolution and (d) TenVOO-Q for 3D convolution. The thick
yellow connections represent the tunable rank of the TN.

“r”. For the {o, i, h, w}-th entry of ∆W, this contraction can formulated with
∆Wo,i,h,w =

∑r
j=1 Bo,w,jAj,i,h. Furthermore, it can be visualized by a graph as

shown in Figure 2 (a).
As TNs can model complex internal dependencies through contractions among

low-rank tensors using few trainable parameters, they have been widely adopted
in PEFT, particularly for Transformer-based architectures [21,3,8]. Among these,
QuanTA [8] introduces a TN inspired by quantum circuits, facilitating high-
rank representations through the contraction of a set of low-dimensional tensors,
thereby preserving the representation capacity.

2.2 Problem Formulation

Recall that the objective of this work is PEFT for U-Net-based DDPMs in
MRI image generation. In a standard 3D convolutional layer with ignoring the
activation function, we know that the output Y is given by

Y = W ∗ X + b, (4)

where X is the input feature map, W ∈ RCout×Cin×kd×kh×kw is the weight ten-
sor, ∗ denotes the 3D convolution, and b is the bias. Since high-dimensional
3D-convolutional kernels W require substantial memory and computational re-
sources, the main idea of the proposed method is thus to efficiently represent the
difference in W during fine-tuning using TNs, i.e.,

Y = (W +∆W) ∗ X + b, ∆W = reshape(Tθ(t1, ..., tk), [Cout, Cin, kd, kh, kw]),
(5)

where Tθ is the trainable TN, {t1, ..., tk} represents k core tensors constituting
the Tθ. With the updates ∆W parameterized by Tθ, we only need to update
those lower-dimensional core tensors during the fine-tuning phase.

2.3 Tensor Volumetric Operator

In this work, we propose two fine-tuning methods for 3D convolutional layers,
named TenVOO-L and TenVOO-Q, inspired by LoRA [19] and QuanTA [8].
1 LoRA implementation for 2D convolutional layer
2 LoRA implementation for 3D convolutional layer (LoCon) from Lycoris

https://github.com/microsoft/LoRA/blob/c4593f060e6a368d7bb5af5273b8e42810cdef90/loralib/layers.py
https://github.com/KohakuBlueleaf/LyCORIS/blob/main/lycoris/modules/locon.py
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TenVOO-L represents the kernels using a TN structure, as illustrated in
Figure 2 (c). Unlike the vanilla LoRA in Figure 2 (a), TenVOO-L first tensorizes
Cin = i1 × i2 × i3 and Cout = o1 × o2 × o3, and then represents the weights via
the TN. It is worth noting that the spatial dimensions are placed separately in
TenVOO-L, enabling the model to capture spatial dependencies through tensor
contraction. Moreover, when one convolutional kernel dimension is removed (e.g.,
kh in Figure 2 (c)), our TenVOO-L degenerates into the 2D convolution.

TenVOO-Q, as shown in Figure 2 (d), is a direct extension of QuanTA, but
with spatial dimensions explicitly assigned to different cores. Since QuanTA is
renowned for maintaining high-rank representations while leveraging small-sized
tensors as inputs, TenVOO-Q is expected to perform well for 3D convolutional
layer with larger input or output channels, or larger kernel sizes. The correspond-
ing number of trainable parameters for TenVOO-L and TenVOO-Q, denoted
respectively #PL and #PQ is given as

#PL = (i1i2 + o1o2)r
2 + (i3 + o3 + kd + kh + kw + 1)r3 + 2r4,

#PQ = (i1i2 + o1o2 + kh)r
2 + (i3 + o3 + kd + kw)r

3 + 3r4.
(6)

We can see from Eqs. (6) that the parameter scale using TenVOO is primarily
determined by r, which corresponds to the TN ranks, controling the trade-off
between representation power and parameter efficiency in the model.
Linear layers follows QuanTA. Since our DDPM also includes linear lay-
ers, our TenVOO directly integrates QuanTA [8] for fine-tuning. Following their
approach, we tensorize both the input and output feature dimensions into third-
order tensors and then construct the QuanTA network to model these layers.
Note that the linear layers account for only about 10% of the trainable param-
eters in our DDPM.

2.4 Initialization Is Important for TenVOO

To ensure stability in training, PEFT typically requires that the weight updates
in the adapted model remain at zero during initialization. Although the core
tensors in TenVOO can follow the same routine, we empirically found that this
routine negatively impacts the performance of fine-tuning in practice. To address
this, we adopt the initialization method of QuanTA for the convolutional layers,
introducing a frozen copy of the trainable TN for initialization. In particular,
given a trainable TN Tθ(t1, ..., tk), we define its frozen copy T at the beginning
of training as:

T = Tθ(t(0)1 , ..., t
(0)
k ), (7)

where {t(0)1 , ..., t
(0)
k } are the initialized core tensors before training. The weight

updates during fine-tuning is then modified as

Y = (W − T +∆W) ∗ X + b,

∆W = reshape(Tθ(t1, ..., tk), [Cout, Cin, kd, kh, kw]).
(8)

Here only core tensors {t(0)1 , ..., t
(0)
k } in ∆W are updated during fine-tuning. For

linear layers, they follow similar initialization methods.
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3 Experiments and Results

3.1 Dataset and Experimental Settings

We use 59,830 T1-weighted MRI scans from UK Biobank (UKB) [29] to pre-
train an unconditional U-Net-based DDPM structured as in Figure 1, and 979,
545 and 327 T1-weighted scans from PPMI [23], ADNI [22] and BraTS2021 [2]
for fine-tuning, respectively. For UKB, all scans are officially resampled to 1
mm3, skull-stripped, registered to the MN152 space. For BraTS2021, scans are
also officially resampled to 1 mm3 and skull stripped. We follow existing work
[11] to filter 327 images out of 1,251 training samples based on visual quality.
For both PPMI and ADNI, the scans are resampled to 1 mm3, skull stripped,
bias corrected, tissue-segmented, registered to the MN152 space, and normalized,
with all preprocessing steps performed using the CAT12 [13] toolbox.

For pre-training, we build our DDPM using MONAI [5] and train it on 59,830
UKB images. For fine-tuning, we adapt only the ResNet convolution layers, at-
tention value/query projections, and the time embedding/projection layers for
PEFT methods. We use 90% of samples for training and 10% for evaluation. Im-
ages from UKB, PPMI, and ADNI are padded and cropped to 160× 224× 160,
and BraTS2021 to 192× 192× 144 then all resized to 128× 128× 96. We train
our DDPM using Mean Squared Error (MSE) loss, with a learning rate of 10−5,
batch size 1 with 4 gradient accumulation steps, and the Adam optimizer. We
set the tensor rank to 4 and design TenVOO to have the fewest trainable param-
eters among all the baselines. For evaluation, we assess generation quality using
Fréchet Inception Distance (FID) [16] and Maximum Mean Discrepancy (MMD)
[15], employing Med3D [7] as the encoder following prior work [11,26]. Spatial
similarity is measured using Multi-Scale Structural Similarity Index Measure
(MS-SSIM) [30]. We also implement convolutional PEFT baselines, including
LoRA [19], LoKr [12], and LoHa [20], following Lycoris [31].

3.2 Results

Table 1 presents the results of both generation quality and structural similarity
on the evaluation set. Our TenVOOs achieve competitive performance in terms
of FID and MMD compared to the baselines while outperforming them on MS-
SSIM. Notably, we observe that TenVOOs yield much lower FID and MMD scores
on PPMI. We speculate that T1-weighted MRI scans for Parkinson’s disease
exhibit minimal structural variations [4], making it challenging to adapt only the
TNs in our method, especially those used for convolutions, which are designed
to effectively capture spatial information, to represent them well. Additionally,
TenVOOs significantly improve performance on BraTS2021, which differs the
most from the pre-training data in the UKB dataset.

For a more comprehensive comparison, we also present results from jointly
fine-tuned models, as given in Table 2. In this setting, in addition to adapting the
target modules with low-rank representations, other layers, such as up-sampling
and down-sampling layers, skip connections, and others, are also updated using
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Table 1. Evaluation of generation quality using FID↓ and MMD↓, along with struc-
tural similarity measured by MS-SSIM↑. Here, Full-FT means full fine-tuning, MS-
SSIM is denoted as “MS”, and “#P” represents the number of trainable parameters (in
millions). All FID and MMD values are scaled by 10−2. The best values for each metric
are highlighted in bold.

Model #P (M)
ADNI PPMI BraTS2021

FID MMD MS FID MMD MS FID MMD MS
Real – 0.016 – 0.928 0.014 – 0.934 0.004 – 0.726
Full-FT 166.67 12.001 7.760 0.701 19.751 16.177 0.646 4.006 1.366 0.436
LoRA [19] 0.82 16.794 12.729 0.511 14.609 10.482 0.431 8.648 4.330 0.076
LoKr [12] 0.79 14.626 10.460 0.434 15.857 11.881 0.253 3.399 1.086 0.291
LoHa [20] 0.82 17.031 13.166 0.490 14.677 10.529 0.426 8.759 4.452 0.084
TenVOO-L 0.60 17.349 13.331 0.663 16.605 12.524 0.668 3.168 0.908 0.581
TenVOO-Q 0.58 13.475 9.502 0.504 19.585 15.700 0.756 3.234 0.934 0.575

Table 2. Evaluation results for jointly fine-tuning. All settings of the table are the
same as those in Table 1.

Model #P (M)
ADNI PPMI BraTS2021

FID MMD MS FID MMD MS FID MMD MS

LoRA [19] 47.59 13.856 9.471 0.743 21.950 18.833 0.607 4.444 1.499 0.519
LoKr [12] 47.55 11.594 7.359 0.211 20.472 17.081 0.494 5.355 2.087 0.211
LoHa [20] 47.59 12.502 8.257 0.699 23.032 20.171 0.613 4.740 1.609 0.436
TenVOO-L 47.36 12.153 7.899 0.804 11.862 7.539 0.771 1.256 0.190 0.715
TenVOO-Q 47.34 12.676 8.756 0.507 11.857 7.594 0.837 2.594 0.737 0.462

the standard full fine-tuning approach. The overall visual results are illustrated
in Figure 3. We can see that images generated by jointly fine-tuned models
retain the visual structure, while those from the baseline models exhibit varying
degrees of structural distortion. In contrast, our TenVOOs effectively preserve
the spatial integrity of brain MRI scans.

3.3 Ablation Study

Table 3. Results under different initialization
strategies. “Zero” refers to zero initialization,
and “Frozen” refers to the frozen-copy method.

Dataset Method FID ↓ MMD ↓ MS ↑

ADNI Zero 16.582 12.438 0.543
Frozen 17.349 13.331 0.663

PPMI Zero 14.812 10.767 0.503
Frozen 16.605 12.524 0.668

BraTS2021 Zero 2.835 0.803 0.409
Frozen 3.168 0.908 0.581

Rank. We conduct an ablation
study on the tensor rank of our
TenVOO. Specifically, we vary the
rank across 1,2,4,6 and evaluate
its impact on #P and MS-SSIM.
Figure 4 (a) shows that our Ten-
VOO can maintain a relatively
low number of trainable parame-
ters as the rank increases. Figure
4 (b) demonstrates that our TenVOO effectively learns representations for spatial
information, as indicated by the increasing MS-SSIM scores with higher ranks.
Initialization. We compare frozen-copy and zero initialization using TenVOO-
L, where the last core tensor is set to zero to disable the TenVOO backup at the
start. As shown in Table 3, the frozen-copy strategy achieves better performance
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Fig. 3. Visualization results. For each image pair, the top scan is generated by the
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Fig. 4. Results of the ablation study on rank. (a) illustrates how the number of param-
eters changes as the rank increases. (b) demonstrates the impact of rank on MS-SSIM
performance.

to capture structural information by providing more reasonable initialization and
preserving structural information, thereby ensuring greater stability during early
fine-tuning.

3.4 Efficiency Analysis

To evaluate TenVOO’s efficiency, we compare it with other PEFT baselines in
terms of inference time, training time, and peak allocated memory in Table
4. While TenVOO reduces parameters and maintains inference speed, memory
savings are limited, likely because activation maps dominate memory usage in
convolutional layers. This aligns with prior work, where memory reduction often
relies on compressing activation maps [14,24]. This is further validated by results
on the BraTS2021 dataset, as smaller inputs lead to smaller activation maps and
greater memory savings. Combining PEFT with activation map compression
may offer a more effective memory-saving strategy.
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Table 4. Comparison of memory and training efficiency across PEFT methods. All
values are reported as percentages relative to full fine-tuning (Full-FT).

Model #P (%)
UKB/ADNI/PPMI

160 × 224 × 160
BraTS2021

128 × 128 × 96

Inference Training Memory Inference Training Memory
Full-FT 100% 100% 100% 100% 100% 100% 100%
LoRA [19] 0.49% 100% 102.23% 94.89% 100% 117.24% 84.58%
LoKr [12] 0.47% 100% 104.55% 94.89% 100% 125.86% 84.58%
LoHa [20] 0.49% 100% 105.19% 95.04% 100% 125.86% 84.57%
TenVOO-L 0.36% 100% 118.18% 95.05% 100% 172.41% 84.82%
TenVOO-Q 0.35% 100% 120.45% 95.24% 100% 179.31% 85.38%

4 Conclusion

We introduced TenVOO, a novel parameter-efficient fine-tuning (PEFT) method
for adapting 3D convolutional layers in U-Net-based DDPMs for MRI image gen-
eration. By leveraging tensor networks, TenVOO efficiently captures complex
spatial dependencies while significantly reducing trainable parameters. Experi-
mental results across multiple datasets demonstrate its effectiveness in improving
structural similarity and generation quality, making it a promising approach for
optimizing 3D convolutional models in medical imaging. Future work includes
extending TenVOO to broader generative tasks and further refining its efficiency
for large-scale applications.
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