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Abstract

Accurate volumetric medical image segmentation
is critical for clinical diagnosis, yet adapting
2D vision foundation models (VFMs) to three-
dimensional medical imaging remains challeng-
ing. While parameter-efficient fine-tuning (PEFT)
methods such as LoRA and adapter-based schemes
provide efficient alternatives to full fine-tuning,
their geometry-agnostic parameter-space adapta-
tions are insufficient to reconcile discrepancies
induced by anisotropic voxel spacing and inter-
slice discontinuities. =~ We propose Geometry-
Conditioned Spectral Flow Low-Rank Adapta-
tion (GeoSFLoRA), a geometry-constrained frame-
work for efficient 2D-to-3D transfer learning.
GeoSFLoRA adapts frozen 2D pretrained vision
backbones by operating within a fixed low-rank
spectral subspace induced by pretrained linear pro-
jections. For each adapted layer, a truncated
singular value decomposition is computed once
and kept frozen, preserving the original pretrained
bases. A lightweight Geometry-Conditioned En-
coder (GCE) extracts local volumetric descriptors,
which are mapped to token-conditional residuals
in the singular-value space, enabling bounded and
geometry-aware spectral modulation. GeoSFLoRA
consistently improves Dice and HD95 over stan-
dard PEFT baselines on BraTS20, MSD-Prostate,
and MSD-Lung, approaching full fine-tuning per-
formance and demonstrating an effective paradigm
for 2D-to-3D medical image segmentation. The
code is publicly available at https://github.com/
chenbn266/GeoSFLoORA.

1 Introduction

The advent of large scale Vision Foundation Models (VFMs),
such as DINOv3 [Siméoni et al., 2025] and the SAM se-
ries [Mazurowski et al., 2023; Li et al., 2025], has funda-
mentally reshaped visual representation learning. Pretrained
on massive collections of 2D natural images, these models
acquire universal semantic priors that exhibit strong trans-
ferability across a wide range of downstream tasks [Awais

et al., 2025; Jiao et al., 2025]. Despite this success, ex-
tending such models to three-dimensional (3D) medical im-
age segmentation remains challenging. The core difficulty
lies in the structural divergence between domains. Natural
images are dominated by surface appearance, texture, and
color distributions, whereas 3D medical volumes (for exam-
ple, CT or MRI) are characterized by inter-slice continu-
ity, cross-sectional correlations, and highly anisotropic ge-
ometric structures [Litjens et al., 2017; Wu et al., 2025a;
Li et al., 2024].

This dimensional mismatch induces a pronounced rep-
resentation shift that straightforward adaptation strategies
struggle to reconcile. Naive approaches, including slice-by-
slice 2D inference or the insertion of generic 3D convolu-
tional or inflated adapters, often disrupt volumetric coher-
ence and lead to inter-slice inconsistencies, manifesting as
partial-volume artifacts [Wang et al., 2024; Xu et al., 2023;
Hung et al., 2024]. Even recent domain-specific adaptations,
such as Medical SAM Adapter [Wu et al., 2025b] or 3D SAM
Adapter [Gong et al., 2023], face difficulties in fully resolv-
ing the semantic gap without incurring significant computa-
tional costs or compromising the pretrained manifold struc-
ture [VanBerlo et al., 2024].

To alleviate the cost of full retraining [Wang et al., 2025],
Parameter-Efficient Fine-Tuning (PEFT) has emerged as a
compelling alternative. By introducing low-rank updates to
frozen backbones, methods such as LoRA [Hu et al., 2022],
DoRA [Liu et al., 2024], GeLoRA [Ed-dib et al., 20241,
and their spectral variants attempt to adapt pretrained priors
with minimal parameter overhead. However, a critical lim-
itation arises when applying these paradigms to volumetric
data. Existing PEFT methods, including recent spectral ap-
proaches [Zhang and Pilanci, 2024], typically rely on global
or static spectral reweighting, implicitly assuming that fea-
ture importance is spatially uniform. This assumption breaks
down in 3D anatomy, where local anisotropy varies signifi-
cantly across voxels. As a result, standard PEFT approaches
fail to dynamically redistribute representational energy ac-
cording to local geometry. Consequently, 2D texture seman-
tics are preserved, while 3D structural awareness remains in-
sufficient. These observations suggest that effective 2D-to-
3D transfer requires more than parameter adaptation alone.
The model must dynamically redistribute spectral energy ac-
cording to local volumetric geometry.
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To address this challenge, we propose Geometry-
Conditioned Spectral Flow Low-Rank Adaptation
(GeoSFLoRA), a parameter-efficient framework that in-
jects volumetric priors directly into the spectral subspace of
a frozen 2D encoder. GeoSFLoORA consists of two tightly
coupled components. First, a Geometry-Conditioned En-
coder constructs patch-level descriptors from raw volumetric
data to capture local anisotropy and boundary sharpness.
Second, a Spectral Flow Low-Rank Adapter leverages
these descriptors as control signals to predict token-specific
singular-value residuals. In practice, for each adapted
linear projection, we compute a truncated singular value
decomposition once and keep the left and right singular
bases fixed. Geometry-conditioned low-rank residuals are
learned and added directly to the singular values, with the
truncation rank controlling the adaptation capacity. This
design enables position-specific energy redistribution within
the pretrained spectral subspace, selectively enhancing or
suppressing spectral components in accordance with local
anatomical geometry while preserving the integrity of the
learned semantic basis.

We empirically evaluated GeoSFLoRA on widely used
benchmarks, including BraTS20, MSD-Prostate, and MSD-
Lung. We report mean performance and standard deviation
across cross-validation folds and compare segmentation accu-
racy together with parameter counts and inference cost. Ex-
perimental results demonstrate that GeoSFLoRA consistently
outperforms representative PEFT baselines and achieves per-
formance comparable to full fine-tuning, while requiring only
a fraction of the trainable parameters. These results indicate
that geometry-conditioned spectral adaptation offers an effec-
tive and efficient pathway for migrating 2D foundation mod-
els to volumetric medical imaging tasks.

Our main contributions are summarized as follows:

* We propose GeoSFLoRA, a parameter-efficient frame-
work that explicitly injects local volumetric geometric
information into the spectral subspace of frozen 2D pre-
trained encoders.

We design a Geometry-Conditioned Encoder that con-
structs stable patch-level descriptors using normalized
gradient statistics and structure-tensor-inspired eigen-
spectrum analysis, capturing local anisotropy and direc-
tional sharpness to provide modality-agnostic geometric
priors.

We introduce a Spectral Flow Low-Rank Adapter
that performs token-specific singular-value modulation
based on geometric cues, enabling principled 2D-to-
3D transfer while preserving the pretrained orthogonal
bases of the encoder.

2 Related Work

2.1 Volumetric Medical Image Segmentation

Early volumetric methods established that 3D convolutional
encoder-decoder architectures, such as V-Net [Milletari et
al., 2016] and U-Net [Ronneberger et al., 2015, effec-
tively capture local details. System-level frameworks like

nnU-Net [Isensee er al., 2021] further optimized these pri-
ors. Recent Transformer-based backbones, including Tran-
sUNet [Chen et al., 2021] and Swin-UNETR [Hatamizadeh
et al., 2022], have pushed the boundaries of long-range con-
text modeling, albeit at the cost of high computational and
memory overhead. To mitigate these costs, 2.5D methods
employ cross-slice attention [Hung ez al., 2024] or bidirec-
tional propagation [Xu et al., 2023]. While these approaches
alleviate memory constraints, they often struggle to preserve
global 3D geometric consistency, particularly under highly
anisotropic sampling. More recently, adapting 2D foundation
models such as SAM to volumetric medical data has emerged
as a promising direction (e.g., 3DSAM-Adapter [Gong et al.,
2023], Medical SAM Adapter [Wu et al., 2025b]). These
methods leverage strong 2D semantic priors but typically
rely on spatial or channel-wise prompting mechanisms that
do not explicitly model volumetric geometry. In contrast,
GeoSFLoRA addresses the 2D-to-3D gap at the level of rep-
resentation geometry by enabling location-specific adaptation
driven by local volumetric structure, ensuring anatomical co-
herence without the burden of full 3D convolutions.

2.2 Parameter-Efficient Fine-Tuning

Parameter-Efficient Fine-Tuning (PEFT) methods adapt large
pretrained .models by injecting a small number of trainable
parameters while freezing the backbone. Representative ap-
proaches include LoRA [Hu er al., 2022], DoRA [Liu et al.,
2024], and AdaLoRA [Zhang er al., 2023], which introduce
low=rank updates to linear projections to reduce optimization
cost.. More recent work explores adaptation in the spectral
domain. Spectral adapters manipulate singular values or trun-
cated SVD representations of pretrained weights, offering a
principled way to reshape pretrained subspaces without al-
tering their orthonormal semantic bases [Zhang and Pilanci,
2024]. Geometry-aware variants such as GeLoRA [Ed-dib
et al., 2024] further attempt to allocate adaptation capacity
based on representation geometry. However, most existing
PEFT methods apply global or layer-level adaptations that
are shared across all tokens, implicitly assuming spatial ho-
mogeneity. This assumption is ill-suited to volumetric medi-
cal images, where anatomical geometry and anisotropy vary
substantially across space. GeoSFLoRA departs from prior
PEFT designs by enabling token-specific spectral modulation
conditioned on local volumetric geometry. This allows rep-
resentational energy to be redistributed within the pretrained
subspace in a spatially adaptive and modality-agnostic man-
ner, effectively tailoring the 2D foundation model to the local
3D structural context.

3 Methodology

3.1 Overview

GeoSFLoRA adapts 2D pretrained Vision Transformers
(ViTs) to 3D medical segmentation with minimal additional
parameters. The overall architecture consists of a frozen
2D-pretrained ViT encoder, GeoSFLoRA adapters inserted
into all linear layers, and a lightweight 3D UNet-style de-
coder. We selected the powerful DINOv3 [Siméoni et al.,
2025] as the pretrained backbone. To process volumetric
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Figure 1: Overview of GeoSFLoRA. A frozen DINOv3-based ViT encoder is adapted for volumetric segmentation using two key modules:
a Geometry-Conditioned Encoder (GCE) that extracts patch-wise geometric descriptors, and a Spectral Flow LoRA (SFLoRA) module that
injects these cues into pretrained spectral subspaces. A lightweight WeightedFusionAdapter further fuses multi-scale ViT features before

decoding.

data, the 2D patch embedding is converted into a 3D patch
embedding by inflating the 2D convolutional kernels along
the depth dimension. The inflated weights are initialized from
the original 2D pretrained parameters, preserving seman-
tic priors while enabling 3D tokenization. All transformer
blocks, including self-attention layers and MLP layers, re-
main unchanged. This design allows direct loading of 2D pre-
trained weights. GeoSFLoRA introduces two modules: (1)
a Geometry-Conditioned Encoder (GCE) that extracts per-
patch descriptors of local anisotropy and directional sharp-
ness from volumetric gradients; (2)<a Spectral Flow Low-
Rank Adapter (SFLoRA) that modulates pretrained singular
values within each linear layer based-on these descriptors. A
lightweight WeightedFusionAdapter is further employed to
fuse the geometry-conditioned residuals with backbone to-
ken representations through learnable scalar gating before de-
coder aggregation. During the forward pass, the backbone
outputs are corrected by token-wise geometry-aware spectral
adjustments, while all original weights remain frozen. This
design preserves pretrained semantics and enables geometry-
sensitive 3D adaptation with minimal additional parameters.

3.2 Geometry-Conditioned Encoder (GCE)

While 2D-pretrained ViT encoders capture rich semantic
priors, they lack explicit knowledge of volumetric geome-
try. Effective 3D segmentation requires distinguishing line-
like, surface-like, and isotropic structures. To this end,
the Geometry-Conditioned Encoder (GCE) extracts compact
patch-level descriptors encoding local anisotropy, directional
sharpness, and intensity statistics. We prioritize compact, in-
terpretable descriptors in GCE because they are robust across

modalities and sampling rates, inexpensive to compute, and
provide explicit geometric signals that directly guide token-
level spectral modulation.

Given a volumetric input z € , We parti-
tion it into non-overlapping patches of size (p4, pr, P )> Pro-
ducing N, patches with V' = pgpyp,, voxels each. Each
patch is flattened into a vector form x, € RY. To capture
local directional variations, we compute normalized central-
difference gradients along depth, height, and width:

V,x
maX(Stdspalial (Vul’) ) 6)

RBXCXDXHXW

, uwe€{d hw},

where ¢ = 107% ensures numerical stability. Normalizing
the gradients removes scale variations, emphasizing geomet-
ric patterns rather than absolute intensity magnitudes.

To distill local geometric context, we construct the patch-
wise Structure Tensor using the gradient vectors. Let J =
[G4, Gh, Gow] € RV 3 denote the gradient matrix for a patch.
The structural information is encoded in the covariance ma-
trix S = J'J € R3*3, We perform an eigenspectrum anal-
ysis on S, extracting the eigenvalues A\g > A1 > Ao. These
eigenvalues characterize the dominant spatial modes indepen-
dent of intensity shift. We then define two scale-invariant ge-
ometric descriptors:

) - (D

)\0 >\1
=1 1
)q—i—é)’ "2 0g< +)\2—|—e
The motivation for employing these specific ratios is twofold.
First, they provide a continuous mapping from raw voxels

r1 = log (1+
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to classical anatomical primitives: a high r; identifies line-
like structures (e.g., vascular segments); a high r5 and low
r1 captures planar structures (e.g., organ membranes); while
low values for both indicate isotropic regions (e.g., homo-
geneous parenchyma). Second, the logarithmic transforma-
tion ensures numerical stability across heterogeneous imag-
ing modalities. Finally, we concatenate these geometric pri-
ors with the intensity statistics (mean y and standard devia-
tion ogq of the patch intensity x,,) to form the 4D descriptor:

v = [N7Ustd77“1,7“2]-

Sample-wise normalization produces the geometry prior:

= v — mean, (v) € RBXNpx4,
stdp(v) + €

To align with the ViT token sequence, the mean descriptor
across all patches is assigned to the CLS token, ensuring a
one-to-one correspondence between & and the full token se-
quence used in SFLoRA.

3.3 Spectral Flow Adaptation

The geometry descriptors produced by the GCE provide
token-wise volumetric context absent in 2D-pretrained ViTs.
To effectively incorporate these descriptors without disrupt-
ing pretrained semantics or incurring the computational over-
head of full fine-tuning, we introduce Spectral Flow LoRA
(SFLoRA). SFLoRA adapts each linear layer by modulating
its frozen spectral components rather than updating parame-
ters in the ambient weight space. This design injects 3D ge-
ometric sensitivity directly into the pretrained singular direc-
tions while ensuring that feature representations remain an-
chored to the robust 2D semantic manifold.

For a frozen linear layer W, € R%u*dn and a token vector
2() € R from the input sequence X € R *9n_ the adapted
output is formulated as:

YO = Woa® + Ay (2@, €00,

where Ay, represents the geometry-conditioned subspace
correction computed per token using the geometry prior &
from GCE.

Truncated SVD Decomposition

Prior to adaptation, we factorize each frozen linear layer via
truncated SVD:

Wo = Uy diag(oo) Uy,

where Uy, € R%*" T, € R% X" and gy € R” denote the
frozen input basis, output basis, and singular values, respec-
tively. The truncation rank r acts as a bottleneck for adapta-
tion capacity. Freezing U;, and U, prevents arbitrary rota-
tion of the semantic space, preserving the orthogonal feature
axes learned from large-scale 2D pretraining. Consequently,
adaptation is constrained to reweighting and mixing these ex-
isting axes, which empirically minimizes semantic drift.

Geometry-Conditioned Singular-Value Modulation

While o defines the global importance of semantic direc-
tions, the optimal spectral gain varies locally depending
on anatomical geometry. Regions with different geometric

anisotropy often require different spectral emphases. For
example, boundary-dominant structures benefit from high-
frequency directional components, whereas homogeneous re-
gions rely more on low-frequency semantic priors. SFLoRA
predicts token-wise bounded residuals for the singular values:

) = o~ tanh (fo (00, 7))) € B,

o =gy —|—5((Ti), i=1,...,N.

The MLP f, maps the joint embedding of the static spec-
trum o and dynamic geometry £ to a residual vector. This
achieves diagonal spectral modulation, selectively amplifying
or suppressing specific semantic bases based on local struc-
ture. The usage of tanh with a global scaler o ensures the
spectral updates remain bounded and perturbative, preventing
the adapter from overriding the pretrained knowledge base.

Conditional Residual Mixing in Subspace
Diagonal modulation scales existing bases but cannot model
interactions between them. To capture complex geometric
adaptations, we introduce a dense residual mixing matrix:
R = astanh(fr(lo,€))) e R,
Here, fr predicts a small, geometry-dependent mixing term.
This allows for fine-grained cross-channel communication
within the spectral subspace. We include residual mixing to
capture off-diagonal interactions that scalar reweighting can-
not express. By predicting residuals within the low-rank sub-
space r < min(dj,, doy ), We enable directional specificity
with minimal parameter overhead.

Efficient Spectral Flow Computation
The diagonal modulation and residual mixing jointly define
the token-specific spectral residual kernel:

S0 (&) = diag(c — o) + R

cond € R7T. 2)
To maintain high computational and memory efficiency, we
avoid explicitly instantiating the full spectral kernel tensor
S € RNXm>7" Instead, we implement a streamlined pipeline
to derive the subspace correction for each token in a batch-
wise manner. First, the input tokens are projected into the
low-rank spectral subspace via U,]. Second, the geometry-
conditioned spectral adjustments are applied by multiplying
the kernel S()(¢) with the projected vectors to selectively
modulate the spectral energy based on local anatomical pri-
ors. Finally, these modulated latent representations are back-
projected into the original feature space via Uy to yield the
final subspace correction. This sequential process is mathe-
matically summarized as:

Bunle, D = Vo (SO0 (G2D)). @)

This implementation strategy effectively reduces the compu-
tational complexity from O(Ndr?) to O(Ndr+ Nr?), where
d = max(di, douw). Since the truncation rank r is signifi-
cantly smaller than the embedding dimension d (i.e., r < d),
GeoSFLoRA maintains a memory footprint and inference
latency comparable to standard LoRA while providing sig-
nificantly higher representational flexibility, particularly for
high-resolution volumetric medical data.
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MSD-Lung MSD-Prostate BraTS20 Training/
Methods Dice(%)t HD95(mm)} Dice(%) 1 HD95(mm)] Dice(%) 1 HD95(mm)| LoRA
Cancer Cancer PZ TZ PZ TZ wT ET TC WT ET TC Params
nnU-Net 75344045 15.144+2.98 65.77+1.78 85.73+£1.02 15.11+4.22 10.1+2.01 90.61£0.09 77.88+0.12 80.32+0.33 8.214+2.45 18.84+2.54 11.92+2.78  59/-
UNETR++ 74.240.78 17.14+£2.34 65.7+1.97 84.97+£1.24 16.78+4.31 11.9942.06 90.29+0.1 77.15+0.24 81.46+0.34 6.18+1.78 20.58+2.43 17.07+2.94 127.8/-
SegMamba-V2  75.354+0.48 16.144+3.34 64.794+0.78 85.04+0.78 12.41+3.97 12.874+2.34 90.67+£0.08 78.15+0.15 83.46+0.28 4.18+2.4 26.58+2.71 5.07+1.67 30/-
DinoU-Net 73.914+0.58 15.994+1.99 66.13+0.91 84.98+0.94 13.56+£3.87 12.21+1.83 90.09+0.13 78.114+0.29 81.73+0.29 4.964+2.11 17.95+£2.11 9.77+£2.36  18.14/-
3DSAM-Adapter 76.01+0.34 17.4442.41 65.9440.79 85.41+0.97 11.84+3.16 13.49+2.49 90.46+0.11 77.94+0.17 82.314+0.24 5.21+1.83 16.84+2.41 6.48+1.98  25.5/-
AutoProSAM  75.94+0.21 15.814£2.26 66.31+0.81 85.99+1.64 10.97+2.94 10.87+1.92 90.814+0.14 78.48+0.15 83.14+0.21 4.77+1.92 16.32+2.14 7.74+£2.54  26.5/-
MedSAM2 76.384+0.26 14.03+1.94 66.48+1.31 86.14+1.47 11.32+4.01 10.29£1.77 90.9+0.17 78.73+0.21 82.67+0.38 4.3242.03 16.52+£2.05 5.97+2.34 63/-
2.5D 73.75+£0.31 18.94+3.14 55.784+0.78 76.94+1.62 17.54+4.42 15.82+1.88 86.49+0.11 73.944+0.24 76.39+0.28 13.77+1.84 24.814+2.68 15.66+2.03 23/-
Full Train 76.45+0.34 12.76+3.01 66.54+1.71 86.78+1.56 10.12+4.32 10.094+2.02 90.44+0.14 78.154+0.18 82.194+0.31 7.04+1.78 15.914+2.01 9.37+2.65  342/-
Frozen ViT 73.11+0.12 19.36+£1.79  50.11+0.56 74.11+£1.64 20.1+4.01 17.14+1.79 80.74+0.09 68.44+0.19 70.114+0.36 15.44+1.97 30.98+2.78 20.114+2.36  23/-
LoRA 74.11+£0.23 17.114£2.01 63.89+1.24 84.3+1.45 13.41+4.02 13.44+1.54 87.71+0.11 75.99+0.2 80.99+0.28 11.01+1.57 22.114+2.34 13.78+2.32 40.1/18.1
DoRA 73.94+0.15 15.32+1.85 64.15+1.97 84.61£1.35 15.64+4.06 12.65+1.89 87.99+0.1 75.05+0.21 79.41+£0.26 10.93+£1.93 24.724+3.15 12.11£1.82  40/18
AdaLoRA 749+0.17 14.54+1.83 64.79£1.67 84.99+1.01 12.4743.99 14.14+2.14 87.484+0.09 75.11+0.19 81.54+0.33 8.37+1.96 19.63+1.87 12.65+1.85 40.1/18.1
Spectral Adapters 74.45+0.16 16.114+1.47 64.06+1.45 85.441.7 11.03+4.17 13.51+£2.03 87.48+0.12 76.11£0.23 80.944+0.31 9.44+1.89 18.56+1.45 12.97+1.61 40.1/18.1
Our 76.124+0.34 14.01+1.29 66.01+2.01 86.41+0.94 10.95+4.11 9.44+2.04 90.23+0.12 77.99+0.2 82.414+0.32 7.44+1.84 15.77+£2.06 9.91+1.87  39/17

Table 1: Performance comparison of GeoSFLoRA vs. other methods on datasets. (& denotes standatd deviation, results are averages of
5-fold cross-validation; DINOv3-Large is used as the pretrained ViT encoder, with » = 32 for PEFT and SVD-based adaptation methods)
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Figure 2: Visual Comparison of 3D Medical Image Segmentation Results Across MSD-Lung, BraTS20, and MSD-Prostate Datasets for

Different Methods.

3.4 Loss Function

All adapter parameters and the 3D decoder are optimized end-
to-end while the ViT backbone remains frozen. The segmen-
tation objective is a balanced combination of Dice and focal
losses:

L= )\DiceﬁDice + AFOC&I‘CFOCM’

with Apice = Apocal = 0.5 by default.

4 [Experiments

4.1 Datasets and Evaluation Protocol

To comprehensively validate the cross-domain generaliza-
tion and geometry-conditioned adaptation of GeoSFLoRA,
we evaluate our model on three diverse 3D medical seg-
mentation benchmarks: BraTS20, which contains 369 multi-
modal MRI scans (T1, Tlce, T2, FLAIR) for enhancing tu-
mor (ET), tumor core (TC), and whole tumor (WT) seg-
mentation; MSD-Prostate, consisting of 48 dual-modal MRI
volumes (T2, ADC) resampled to 1 mm? isotropic spacing

for peripheral zone (PZ) and transition zone (TZ) segmen-
tation; MSD-Lung, featuring 64 thoracic CT scans for lung
tumor segmentation. A unified preprocessing pipeline is ap-
plied across all datasets, including intensity clipping to the
0.5th—99.5th percentiles, z-score normalization, and random
cropping to target input dimensions: [4,128,128,128] for
BraTS20, [2, 20,320, 256] for Prostate, and [1, 80,192, 160]
for Lung. To mitigate overfitting, we employ standard data
augmentations including random flipping across three axes
(p = 0.25), random rotations (+15°), and intensity scal-
ing (0.8-1.2x). All datasets use patient-level 5-fold cross-
validation, and Dice and HD95 are reported as mean =+ stan-
dard deviation across folds.

4.2 Implementation Details

We implemented the proposed SFLoRA in PyTorch and con-
ducted training on 4 NVIDIA RTX 4090 GPUs (24GB each).
The Adam optimizer was adopted with an initial learning rate
of 1 x 10—, complemented by a cosine annealing scheduling
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Figure 3: Ablation study of GeoSFLoRA components averaged
across MSD-Lung, MSD-Prostate, and BraTS20.

strategy [Loshchilov and Hutter, 2016] and a weight decay
of 1 x 10™%. The ViT encoder operates with a patch size of
4 x 16 x 16. The model was trained for 1000 epochs with a
batch size of 8, and automatic mixed precision (AMP) [Lam
et al., 2013] was employed to reduce memory consumption
and accelerate training.

4.3 Comparison with State-of-the-Art Methods

We evaluate GeoSFLoRA against four categories: (1)
3D architectures (nnU-Net [Isensee et al., 2021], UN-
ETR++ [Shaker et al., 2024], SegMamba-V2 [Xing et al.,
20251); (2) a 2D slice-by-slice variant of DinoU-Net [Gao
et al., 2025] with a DINOv3-Large backbone (r = 32);
(3) foundation adapters (MedSAM2 [Ma er al., 2025]); and
(4) PEFT baselines (LoRA [Hu et al., 20221, DoRA [Liu
et al., 2024], Spectral Adapters [Zhang and Pilanci, 2024]).
As shown in Table 1, GeoSFLoRA achieves the best HD95
among PEFT baselines on MSD-Lung (14.01 mm) and the
best overall HD95 on Prostate TZ (9.44 mm). On BraTS20-
ET, GeoSFLoRA improves the Dice score by ~2.0% and re-
duces the HD95 error by over 6 mm compared to LoRA.
These results validate that GeoSFLoRA efficiently bridges
the 2D-to-3D representational gap while ensuring structural
integrity across diverse volumetric modalities. Visual com-
parisons in Fig. 2 mirror the quantitative gains. GeoSFLoRA
produces sharper boundaries and fewer artifacts in small
prostate zones and complex lung tumor edges.

4.4 Component-wise Contribution of GeoSFLoRA

We evaluate component contributions on three benchmarks
using frozen DINOv3-large [Siméoni er al., 2025]. Start-
ing from baseline spectral modulation (SVD+Flow, r = 32),
we progressively integrate the conditional residual matrix
(Rcona) and GCE geometric priors, comparing against stan-
dard LoRA [Hu et al., 2022] (Fig. 3).

Although LoRA offers competitive benchmark solutions,
its uniform weight update mechanism struggles to adapt to 3D
medical images, resulting in suboptimal boundary accuracy.
In contrast, the vanilla SVD+Flow lacks cross-dimensional
awareness, but adding R.,,q enables geometry-conditioned
subspace mixing, improving Dice by 1.27% on MSD-Lung.
The full GeoSFLoRA yields the most significant leap; by us-
ing GCE descriptors to guide local 3D adaptation based on
structural sharpness, it effectively bridges the 2D-to-3D rep-
resentational gap.

Dataset Metrics SVD r=4 SVD r=8 SVD r=16 SVD r=32
MSD Cancer-Dice  7045%+1.11 73.11£0.94 7547202 76.12+0.34
Lung  Cancer-HD95 25.0142.14 20.014£2.03 1599+1.07 14.01-:1.29

PZ-Dice 63.01£198 6440123 655+2.02 66.01£2.01

MSD TZ-Dice 84.01+£1.21 84.15+0.5 86.01£0.44 86.41+0.94
Prostate ~ PZ-HD95  15.1543.01 13.15£2.54 10.10£3.02 10.95+4.11
TZ-HD95  12.58+2.08 11.97+2.37 10.32+2.03 9.44+2.04

WT-Dice  8523+0.11 8823%£0.11 89.97£0.07 90.23£0.12

ET-Dice 749140.17 75.15+0.19 77.18%0.14  77.99+0.2

BraTszo  TC-Dice 79.1440.55 80.78+0.45 81.45+0.33 82.41+0.32
WT-HD95  10.69+2.11 8.01+1.87 7.98%154 7.44+1.84

ET-HD95  2477+2.11 1947426 1597+2.1 15.77+2.06

TC-HD95  12.414+0.87 10.92+142 104=+1.77 9.91+1.87

Table 2: Influence of different truncated SVD ranks r on

GeoSFLoRA performance.
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Figure 4: Deepest-layer attention maps generated by DINOv3 under
different geometric descriptor configurations. The attention maps
are restored to the input resolution via trilinear interpolation.

4.5 Ablation on the Truncated SVD Rank r

We investigate the effect of the truncated SVD rank r
on GeoSFLoORA'’s representational capacity and segmenta-
tion performance, as summarized in Table 2. Experiments
are conducted on BraTS20, MSD-Prostate, and MSD-Lung
datasets using a frozen DINOv3-Large encoder. As r in-
creases from 4 to 32, the Dice coefficient consistently im-
proves across all datasets, while the HD95 decreases, indi-
cating more precise boundary delineation. Mechanistically,
the SVD rank r defines the degrees of freedom available for
spectral flow modulation. Lower ranks constrain the adapta-
tion of pretrained singular vectors to token-specific geometric
priors &, limiting the model’s ability to capture complex local
structures. Increasing r expands the spectral subspace, allow-
ing richer geometry-aware modulation and enhanced cross-
dimensional interactions, thereby bridging the 2D-to-3D do-
main gap more effectively.

4.6 Visualizing Geometric Guidance

Fig. 4 and Fig. 5 illustrate how geometric descriptors guide
the 2D ViT toward 3D structural awareness. While Frozen
ViT and LoRA exhibit diffuse or coarse attention, incorpo-
rating descriptors (rq,72) progressively localizes attention
maps onto target boundaries, while the summary plot in
Fig. 5 shows consistent improvements in average Dice and
HD95 across benchmarks. Overall, the attention evolution
in Fig. 4 is consistent with the quantitative trends shown in
Fig. 5, demonstrating that geometric descriptors effectively
redirect pretrained 2D semantic directions toward volumetric
3D anatomy.
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Figure 5: Ablation of geometric descriptor configurations on
GeoSFLoRA across MSD-Lung, MSD-Prostate, and BraTS20.

Dataset Metrics w/o MLP only QKY only Full
Cancer-Dice 73.11£0.12 75.184+0.21 74.994+0.25 76.121+-0.34

MSD Lung .\ er HDO5 19.36+1.79 16416157 15146121 14.01-£1.29

PZ-Dice  50.11+0.56 62.484+2.46 60.79+1.45 66.011+-2.01

MSD Prostate TZ-Dice  74.11£1.64 82.14£1.44 80.55+1.97 86.41-£0.94
PZ-HD95  20.1£4.01 12.4844.56 14.11£3.46 10.95+4.11

TZ-HD95  17.14+1.79 11.99+1.47 12.444+1.97 9.44+2.04

WT-Dice  80.7440.09 88.1440.15 86.65+0.44 90.23+0.12

ET-Dice  68.44+0.19 74.354+0.17 71.48+0.41 77.99+0.2

BraTS20 TC-Dice  70.1140.36 78.214+0.43 75.68+0.24 82.41+0.32
WT-HD95 15.44£1.97 9.63+1.94 10.34+£1.77 7.441+1.84

ET-HD95  30.9842.78 18.6742.43 20.1142.13 15.77+2.06

TC-HD95  20.11£2.36 13.57£1.57 15.75£1.72 9.91+1.87

Table 3: Impact of adapter insertion position on GeoSFLoRA per-
formance. Results are averages of 5-fold cross-validation with
DINOv3-Large and r = 32.

4.7 Layer Insertion Strategy

Table 3 evaluates the placement of GeoSFLoRA adapters
within the ViT encoder. Frozen weights alone yield the lowest
performance, while the joint MLP+QKYV configuration con-
sistently achieves superior results.

4.8 Sensitivity of Modulation Strength o

We evaluate the modulation strength « € {0.4,0.6,0.8,1.0}
across three benchmarks (Fig. 6). Results show that o« = 0.8
consistently yields the highest and most stable Dice scores,
providing an optimal balance between geometric adaptation
and training stability.

Lower values (o« = 0.4)-lead to under-adaptation and
slow convergence, while excessive modulation (¢ = 1.0)
causes performance oscillations, particularly on BraTS20, by
over-perturbing pretrained singular values. Consequently, we
adopt a = 0.8 as the default setting to ensure robust 3D adap-
tation without destabilizing the frozen backbone.

4.9 Impact of Backbone Capacity

Across DINOv3-Small, Base, and Large variants, validation
performance improves with model capacity in our setting;
therefore, DINOv3-Large is used as the default backbone in
the main experiments.

4.10 Efficiency Analysis

Table 4 shows that GeoSFLoRA matches or slightly reduces
training time compared with LoRA while incurring only
marginal inference overhead, indicating a favorable balance
between cost and accuracy.

MSD Lung MSD Porstate BraTS20
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60 80
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50 78 /
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Figure 6: Effect of modulation strength o on mean Dice scores
across MSD-Lung, MSD-Prostate, and BraTS20. a = 0.8 con-
sistently achieves the highest and most stable performance.

Method MSD-Lung MSD-Prostate BraTS20
Total Training 1000 Epochs Time (h)
nnU-Net 3.06 1.94 8.34
LoRA 3.88 222 11.54
GeoSFLoRA 3.33 2.22 11.45
Avg. Inference Time per Image (s)

nnU-Net 61.40 1.14 4.27
LoRA 71.40 1.24 5.12
GeoSFLORA 71.50 1.25 5.15

Table 4: Training cost and sliding-window inference efficiency
(overlap=0.25).

5 Conclusion

GeoSFLoORA  bridges the 2D-to-3D domain gap via
geometry-conditioned spectral modulation in frozen ViTs.
By leveraging voxel-wise anisotropy and structural sharp-
ness, it improves volumetric consistency with minimal over-
head and outperforms standard PEFT methods across three
benchmarks. Future work will explore modality-aware geo-
metric conditioning for varied MRI and CT profiles.
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