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Abstract. Medical image modality translation is hindered by the entan-
glement of geometry and modality-specific textures, often causing struc-
tural distortions. Existing methods operate at the pixel or feature level,
failing to separate geometry from appearance and yielding anatomically
inconsistent results. We present Proto-Gaussian, a novel MRI modality
translation framework that explicitly disentangles structural geometry
from modality-specific appearance using 2D Gaussian image representa-
tion, surpassing conventional pixel or patch-based approaches in preserv-
ing anatomical consistency. The framework operates in two stages: first, a
shared Gaussian Bank captures modality-invariant geometric prototypes
through 2D Gaussian primitives and self-supervised learning; second, a
Label-Adaptive Token Refinement module maps texture features across
modalities while leveraging the learned geometric structures, achieving
clear structure-texture separation. Finally, a fully differentiable 2D Gaus-
sian splatting renderer synthesizes high-fidelity target-modality images,
maintaining both structural accuracy and visual realism. Extensive ex-
periments on brain MRI datasets demonstrate the superiority of our
method through quantitative and qualitative comparisons with state-of-
the-art approaches.

Keywords: 2D Gaussian · Medical image modality translation · Differ-
ential rendering

1 Introduction

The field of computer vision has witnessed remarkable progress in recent years,
particularly in medical image analysis and generation [15, 46]. As an important
branch of this domain, medical image modality translation plays a crucial role in
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Fig. 1: Comparison of medical image modality translation methods. Existing ap-
proaches suffer from structural distortions due to implicit representations, while our
method leverages explicit 2D Gaussians to disentangle structure from texture, faith-
fully preserving anatomical consistency.

clinical diagnosis and treatment, enabling the synthesis of missing target modal-
ities from existing imaging data while effectively reducing the need for repeated
scans and optimizing healthcare resource allocation [12,50,53]. This technology is
especially significant in neurology and oncology, where complementary informa-
tion from different MRI sequences (e.g., T1, T2, PD) can substantially improve
diagnostic accuracy [7,55]. However, the task faces a fundamental challenge: the
deep entanglement between geometric structures and modality-specific textures,
which often leads to structural distortions in generated images and severely lim-
its their clinical utility [1, 52].

As illustrated in Figure 1, existing approaches for medical image modality
translation have evolved along several technical pathways. Generative adver-
sarial network-based methods learn cross-modal mappings through adversarial
training [22, 33, 62], yet they suffer from inherent limitations, including train-
ing instability and mode collapse, which hinder accurate reconstruction of fine
anatomical structures [23, 60]. Transformer-based hybrid architectures leverage
self-attention mechanisms to enhance global dependency modeling [14, 29] and
demonstrate advantages in preserving contextual information [8, 11]; however,
their implicit representation schemes still fail to achieve explicit separation be-
tween structural and texture components [48, 59]. Recently proposed diffusion
bridge models improve upon traditional diffusion methods [13, 18] by establish-
ing direct inter-modality translation pathways, but exhibit limited robustness
to common clinical noise and artifacts, while the high variance in intermediate
steps may compromise effective information transfer [10,35].

The common limitation of these methods lies in their operation at pixel or
feature levels, failing to effectively separate geometric structures from appearance
features, thereby leading to anatomically inconsistent results. Anatomical struc-



Proto-Gaussian 3

tures, as modality-invariant information shared across modalities, remain tightly
coupled with modality-specific appearance features in existing implicit represen-
tation approaches, hindering genuine structure-texture decoupling [43,44].

To address this core challenge, we propose Proto-Gaussian, a novel MRI
modality translation framework based on explicit 2D Gaussian representations.
Unlike traditional pixel-level or patch-level approaches, our method leverages
2D Gaussian image representations to explicitly decouple structural geometry
and modality-specific appearance, demonstrating significant advantages in main-
taining anatomical consistency [25,64]. The framework operates through a two-
stage pipeline: the first stage captures modality-invariant geometric prototypes
through shared Gaussian repositories and self-supervised learning [27, 65]; the
second stage employs a label-adaptive token optimization module to achieve
precise cross-modal texture feature mapping while preserving the learned geo-
metric structures. Finally, a fully differentiable 2D Gaussian splatting renderer
synthesizes high-fidelity target modality images, ensuring both structural accu-
racy and visual realism [37,63].

The main contributions of this work are summarized as follows:

– We propose the first explicit 2D Gaussian representation-based framework
for medical image modality translation, achieving natural structure-texture
decoupling through parametric modeling.

– We design a two-stage learning architecture that separately handles geo-
metric prototype learning and texture feature mapping, ensuring accurate
preservation of anatomical structures.

– We introduce a fully differentiable 2D Gaussian splatting renderer, providing
a new technical pathway for medical image synthesis. Extensive experiments
on multiple brain MRI datasets demonstrate that our method significantly
outperforms state-of-the-art approaches in both qualitative and quantitative
evaluations.

2 Related Work

Evolution of Generative Methods for Medical Image Modality Trans-
lation Medical image modality translation faces a fundamental trade-off between
high-dimensional data modeling and anatomical structure preservation [24, 39].
Existing technical approaches have primarily developed along three directions:
Generative adversarial networks have achieved breakthrough progress, where
Pix2Pix [22] established the foundation for paired image translation using condi-
tional GANs, while SAGAN [57] addressed unpaired translation through cycle-
consistency loss [12, 53, 62]. However, these methods remain limited by train-
ing instability and mode collapse issues, exhibiting insufficient performance in
reconstructing fine anatomical structures [1, 20, 52, 55]. Diffusion model meth-
ods have set new technical standards in generation quality and density estima-
tion [10,18,26,35,38,43,44], where SelfRDB [2] achieved certain breakthroughs in
structure preservation through diffusion bridge formulation. However, the com-
putational burden of pixel-space operations continues to limit their application
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potential in real-time clinical scenarios. Transformer architectures have brought
new vitality to medical image analysis [14,17,29], with hybrid architectures like
TransUNet [8] and ResViT [11] effectively integrating the advantages of global
context modeling and local feature extraction [5, 61]. Meanwhile, multi-modal
pre-training approaches such as BrainMVP [40] have explored cross-modal repre-
sentation learning, but their implicit representation mechanisms cannot achieve
explicit separation of anatomical structures and texture features, constituting
a fundamental limitation in medical image translation tasks requiring precise
structure preservation.

Multi-domain Advantages and Innovative Applications of Gaussian
Representations As an explicit modeling paradigm, Gaussian representations
demonstrate unique technical advantages across multiple visual tasks, providing
new perspectives for addressing core challenges in medical image modality trans-
lation. In computer graphics, Gaussian splatting techniques achieve real-time ef-
ficient rendering pipelines through parametric Gaussian primitives [5,37,64,65],
while providing precise geometric control capabilities, significantly surpassing
the efficiency limits of traditional voxel and implicit representations. In 3D re-
construction, 3D Gaussian representations substantially improve computational
efficiency while maintaining reconstruction quality [3,25,30–32,47,51,54], open-
ing new technical pathways for rapid modeling of complex anatomical struc-
tures [6,45]. In image generation, Gaussian-based explicit representations achieve
unprecedented content control precision and editing flexibility by decoupling ge-
ometric and appearance components [16,34,41]. These cross-domain studies col-
lectively reveal the core advantages of Gaussian representations: parametric geo-
metric control, inherent structure-texture separation characteristics, and efficient
differentiable rendering capabilities. Based on these advantages, we innovatively
introduce 2D Gaussian representations to medical image modality translation
tasks, to explicitly decouple geometric structures and modality-specific textures,
ensuring anatomical accuracy while achieving efficient image synthesis, providing
a novel solution to overcome existing technical bottlenecks.

3 Method

A fundamental challenge in medical image modality translation lies in the deep
entanglement of anatomical geometry and modality-specific textures, which makes
it difficult for existing pixel- or feature-level manipulation methods to maintain
anatomical structural consistency. To overcome this limitation, we propose the
Proto-Gaussian framework that achieves natural decoupling of structure and
texture through explicit 2D Gaussian representations. As illustrated in Figure 2,
our approach employs a carefully designed two-stage architecture: Geometric
Prototype Learning focuses on extracting modality-invariant structural informa-
tion. At the same time, Texture-Aware Synthesis achieves high-quality modality
conversion while preserving geometric consistency.
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Fig. 2: The Proto-Gaussian Framework. Our framework is built around a two-stage
pipeline: (a) Geometric Prototype Learning for extracting modality-invariant anatom-
ical structures, (b) Parameter Compression that condenses the representation, and (c)
Texture-Aware Synthesis that generates the final image with high-fidelity texture while
strictly preserving geometric consistency.

3.1 Geometric Prototype Learning

Existing medical image modality translation methods typically perform implicit
modeling in pixel space or feature space, failing to separate geometric struc-
ture from appearance characteristics effectively. This limitation often leads to
anatomical structure distortion in generated images, severely impacting their
clinical diagnostic utility. Inspired by differential geometry theory, we conceptu-
alize medical images as scalar fields on 2D manifolds, where anatomical structure
information is encoded in the intrinsic geometric properties of the manifold.
Based on this insight, we propose a geometric prototype learning mechanism
using parameterized Gaussian representations.

Gaussian Representation We introduce a novel Gaussian mixture mani-
fold representation that establishes a mapping from image space to the Gaussian
manifold through parameterized 2D Gaussian distributions:

G(p) = (µ(p), Σ(p)) (1)

Here, G(p) denotes the Gaussian distribution representation at position p,
µ(p) = (x, y) represents the location parameters (mean) of the Gaussian distri-
bution encoding spatial coordinates of key anatomical landmarks, and Σ(p) =[

σ2
x ρσxσy

ρσxσy σ2
y

]
denotes the covariance matrix describing scale, orientation, and
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shape characteristics of local geometric structures, where σx, σy indicate stan-
dard deviations along x and y directions, and ρ represents the correlation coef-
ficient of the Gaussian distribution. This parameterized representation enables
explicit separation of spatial structural information from appearance features.

Shared Geometric Prototype Bank To achieve cross-modal geometric
consistency, we design a bank mechanism based on shared geometric proto-
types [19]. Specifically, we construct a unified geometric prototype bank P =
{p1,p2, . . . ,pK} that is shared across different modalities, while ensuring ge-
ometric representation consistency through carefully designed alignment con-
straints.

Each geometric prototype pk = (σk
x, σ

k
y , ρ

k) represents a fundamental geo-
metric structure pattern. We adopt a decoupled design strategy: position pa-
rameters are fixed as absolute grid coordinates µgrid(i, j) = (x, y), while shape
parameters are dynamically generated through the shared prototype bank. The
complete geometric representation is synthesized through:

gij =

[
µgrid(i, j),

K∑
k=1

exp(⟨ϕ(Fij), ϕ(ek)⟩/τ)∑K
l=1 exp(⟨ϕ(Fij), ϕ(el)⟩/τ)

· pk

]
(2)

Here, gij = [x, y, σx, σy, ρ]: final Gaussian parameters; µgrid(i, j) = (x, y):
absolute grid coordinates; Fij : feature vector at position (i, j); ek: k-th feature
prototype; pk = (σk

x, σ
k
y , ρ

k): k-th geometric prototype; ϕ(·): MLP projection; τ :
learnable temperature parameter; K: number of prototypes.

To address potential modality-specific information loss caused by the shared
bank, we introduce dual alignment constraints:

Intermodality Self-Consistency Loss ensures consistent geometric rep-
resentations [4] of the same anatomical structure across different modalities:

Lself = E(IA,IB)∼D[∥G(IA)− G(IB)∥2F ] (3)

This loss enforces geometric consistency between modalities through proto-
type alignment:

Lalign = E(IA,IB)∼D
[
∥G(IA)− G(IBA)∥2F + ∥G(IB)− G(IAB)∥2F

]
(4)

Here, IA, IB are paired multi-modal images from distribution D; G(IA),G(IB)
are geometric representations using modality-specific banks; G(IBA),G(IAB) are
cross-modal representations; ∥ · ∥2F is the squared Frobenius norm.

Structural Tensor Regularization introduces differential geometry priors
as supervision signals:

Lstruct = EI∼D
[
∥G(IA)−DZ(IA)∥2F + ∥G(IB)−DZ(IB)∥2F

]
(5)

Here, DZ(·): Diz-Zenzo operator computing structural tensors from image
gradients [56]. Final geometric parameters are synthesized through prototype
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weighting:

Σij =

K∑
k=1

αk
ij · pk (6)

The overall geometric optimization objective is:

Lgeom = λ1Lself + λ2Lalign + λ3Lstruct (7)

Here, λ1 = 0.15, λ2 = 0.15, and λ3 = 0.70 represent the weighting coeffi-
cients for the self-consistency loss, cross-modal alignment loss, and structural
regularization loss, respectively.

Through this synergistic design of shared bank and alignment constraints,
we maintain cross-modal geometric consistency while avoiding parameter re-
dundancy and training complexity of traditional multi-bank approaches.

Parameter Compression To enhance computational efficiency, we propose
a parameter compression strategy based on geometric importance. The signifi-
cance of each Gaussian unit is measured by its spatial coverage:

sij =
√

|Σij | = σxσy

√
1− ρ2 (8)

Based on significance scores, we retain the top N most important Gaussian
units, reducing the parameter count from H×W to N while preserving geometric
information integrity (typical setting N = 1024).

3.2 Texture-Aware Image Synthesis

After obtaining modality-invariant geometric prototypes, the core challenge in
the second stage is how to achieve realistic texture feature mapping while strictly
maintaining anatomical structural consistency. Traditional methods often in-
troduce structural perturbations during texture transfer, leading to anatomical
distortions in generated images. To address this, we propose a label-adaptive
token optimization mechanism and a differentiable Gaussian renderer to achieve
precise texture-structure collaborative modeling.

Label-Adaptive Token Refinement Given the source modality image Isrc
and the geometric prototypes Gsrc ∈ RB×N×5 extracted from the first stage,
the target modality semantic label ltgt is converted into a continuous feature
representation through a label embedding layer:

flabel = Embedding(ltgt) ∈ RB×Dl (9)

Here, B: batch size; N : number of Gaussian prototypes; Dl: label embed-
ding dimension; Gsrc: source modality geometric prototypes; Embedding(·): si-
nusoidal positional encoding. We innovatively propose a Label-Adaptive Token
Refinement Module (LATR) to achieve geometry-aware texture transfer:

∆G, ftexture = LATR(Isrc, Gsrc, flabel) (10)
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Here, ∆G ∈ RB×N×5 represents the geometry fine-tuning based on target
modality characteristics, ftexture ∈ RB×N×Df denotes the texture features of the
target modality, and Df indicates the texture feature dimension.

The adjusted target geometric prototypes are:

Gtgt = Gsrc + α ·∆G (11)

where α is a hyperparameter controlling the magnitude of geometric adjust-
ment. The core innovation of the LATR module lies in utilizing semantic guid-
ance from the target modality to adaptively adjust local geometric details while
maintaining the main anatomical structure unchanged, thereby better matching
the imaging characteristics of the target modality.

Differentiable Gaussian Renderer Based on the optimized geometric
structure Gtgt and target texture features ftexture, we construct a complete Gaus-
sian image representation:

Ttgt = [Gtgt|ftexture] ∈ RB×N×(5+Df ) (12)

To achieve the transformation from sparse tokens to dense images, we design
a fully differentiable Gaussian renderer. For any position x ∈ R2 in the image
plane, the rendering result is obtained through the weighted contribution of all
Gaussian units:

R(x) =

N∑
k=1

wk · N (x;µk, Σk) · fktexture (13)

where the Gaussian kernel function is defined as:

N (x;µ,Σ) =
1

2π|Σ|1/2
exp

(
−1

2
(x− µ)TΣ−1(x− µ)

)
(14)

Here, R(x) denotes the rendering result at position x, wk represents the
weight of the k-th Gaussian unit automatically computed based on significance,
µk, Σk denote the position and shape parameters of the k-th Gaussian unit, and
fktexture represents the texture feature of the k-th Gaussian unit.

This rendering process converts N sparse Gaussian tokens into a complete
feature map R ∈ RB×C×H×W , which is finally passed through a lightweight
decoder network to generate the target modality image Itgt.

Multi-Objective Optimization Strategy To balance structural fidelity
and texture realism, we adopt a multi-objective optimization strategy:

Ltotal = βstructLstruct + βtextureLtexture + βpixelLpixel (15)

Specifically, the structural consistency loss ensures anatomical accuracy through
multi-scale SSIM measurement:

Lstruct = 1− SSIMmulti-scale(Ipred, IGT) (16)
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The texture-aware loss [21] maintains edge sharpness through gradient dif-
ferences:

Ltexture = EI∼D[∥∇Ipred −∇IGT∥1] (17)

The pixel-level reconstruction loss ensures global color accuracy:

Lpixel = EI∼D[∥Ipred − IGT∥2F ] (18)

Here, Ipred denotes the predicted target modality image, IGT represents
the ground truth target modality image, ∇ denotes the gradient operator, and
βstruct, βtexture, βpixel represent the weight coefficients for each loss term. During
training, we employ the following weighting strategy: (βstruct = 0.05, βtexture =
0.05, βpixel = 0.9).Through this two-stage collaborative design, the Proto-Gaussian
framework achieves high-quality modality conversion while maintaining anatom-
ical structural consistency, providing a reliable solution for medical image anal-
ysis.

4 Experiment

4.1 Experimental Setup

Experiments are conducted on two public multi-contrast MRI datasets: IXI [28]
and BraTS [2]. The IXI dataset contains 100 healthy subjects, and the BraTS
dataset contains 150 subjects. To ensure data consistency, all multi-modal volu-
metric scans from each subject were aligned via affine registration. For intensity
normalization, the mean intensity of each volume was first scaled to 1, followed
by voxel-wise normalization to the range of [−1, 1]. All cross-sectional images
were resized to a uniform resolution of 256 × 256 via zero-padding. For the
IXI dataset, we split subjects into 80 for training and 20 for testing, resulting
in 4,000 training slices and 1,000 test slices for each translation task. For the
BraTS dataset, we split subjects into 120 for training and 30 for testing, yielding
2,880 training slices and 720 test slices. We employ the AdamW optimizer with
an initial learning rate of 1 × 10−3 and a cosine annealing scheduling strategy.
The mini-batch size is set to 2, and the model is trained for 200 epochs. All
experiments are performed on an NVIDIA A100 GPU. For evaluation, we adopt
Peak Signal-to-Noise Ratio (PSNR) [42], Structural Similarity Index (SSIM) [49],
Learned Perceptual Image Patch Similarity (LPIPS) [58], and Fréchet Inception
Distance (FID) as the performance metrics.

4.2 Experimental Results

We compare our method against Pix2pix [22], SAGAN [57], TransUNet [8],
ResViT [11], SelfRDB [2], MaskGAN [36], and Contourdiff [9] on IXI (T1↔T2,
T1↔PD) and BraTS (T1↔T2) tasks (Tables 1–3). As shown in Figures 3–
5, baseline methods suffer from texture blurring, geometric deformation, over-
smoothing, or anatomically implausible artifacts. In contrast, our method pro-
duces sharper textures and more accurate anatomical structures. On IXI, we
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T1 T2 Pix2pix SAGAN TransUNet ResViT SelfRDB MaskGAN Contourdiff Ours

Fig. 3: Qualitative comparison of modality translation performance on the IXI dataset.
Top: T2-to-T1 translation results demonstrate the superiority of our method over exist-
ing approaches. Bottom: T1-to-T2 translation results further validate the effectiveness
of our framework.

Table 1: Quantitative comparison on bidirectional MRI modality translation tasks.
Best results are highlighted in bold.

Method T1 to T2 T2 to T1

PSNR ↑ SSIM ↑ LPIPS ↓ FID ↓ PSNR ↑ SSIM ↑ LPIPS ↓ FID ↓

Pix2pix [22] 27.14 0.9102 0.1259 112.70 26.67 0.9316 0.1029 87.19
SAGAN [57] 28.05 0.9291 0.1031 66.48 27.31 0.9349 0.0901 67.96
TransUNet [8] 27.69 0.8792 0.1415 68.67 27.57 0.9034 0.1300 46.79
ResViT [11] 27.85 0.9283 0.0869 42.93 26.98 0.9236 0.0820 43.76
SelfRDB [2] 29.24 0.9440 0.0766 27.79 28.26 0.9389 0.0798 32.73
MaskGAN [36] 28.81 0.9443 0.0796 20.27 28.00 0.9395 0.0828 37.67
Contourdiff [9] 28.02 0.9257 0.0898 25.85 27.75 0.9243 0.0827 33.28
Ours 30.57 0.9512 0.0493 17.35 29.69 0.9546 0.059 25.38

outperform the best competitor (SelfRDB) by 1.33–1.43 dB in PSNR, while re-
ducing LPIPS by 26.3–36.4% and improving SSIM by 0.007–0.016. On BraTS,
PSNR gains are 1.03–1.48 dB with LPIPS reductions of 32.3–42.0%. These re-
sults validate the effectiveness of our Gaussian-based explicit representation in
preserving structural consistency and perceptual quality.

4.3 Ablation Studies

We conduct ablation experiments on the T1→T2 task to investigate the loss
weight configuration and the Gaussian noise level N . For loss weight configura-
tions (Fig. 6 and Table 4), among all weight configurations, Config. F (βstruct =
0.05, βtexture = 0.05, βpixel = 0.90) achieves the best performance across all
metrics, while Config. A (pure structural loss) yields high SSIM but low PSNR,
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T1 PD Pix2pix SAGAN TransUNet ResViT SelfRDB MaskGAN Contourdiff Ours

Fig. 4: Qualitative comparison of modality translation performance on the IXI dataset.
Top: PD-to-T1 translation results demonstrate the superiority of our method over exist-
ing approaches. Bottom: T1-to-PD translation results further validate the effectiveness
of our framework.

Table 2: Quantitative comparison on bidirectional MRI modality translation tasks.
Best results are highlighted in bold.

Method T1 to PD PD to T1

PSNR ↑ SSIM ↑ LPIPS ↓ FID ↓ PSNR ↑ SSIM ↑ LPIPS ↓ FID ↓

Pix2pix [22] 27.01 0.9121 0.1311 143.88 27.56 0.9277 0.1055 90.76
SAGAN [57] 27.57 0.9250 0.0981 65.87 27.97 0.9329 0.0928 56.56
TransUNet [8] 27.91 0.8997 0.0843 69.38 28.10 0.9034 0.0835 34.09
ResViT [11] 27.57 0.9191 0.0872 68.01 27.32 0.9153 0.0871 38.69
SelfRDB [2] 29.03 0.9402 0.0849 58.05 28.66 0.9366 0.0828 40.35
MaskGAN [36] 28.82 0.9370 0.0904 42.37 28.45 0.9322 0.0891 45.02
Contourdiff [9] 27.93 0.9276 0.0886 34.12 27.01 0.9093 0.0985 27.85
Ours 30.19 0.9501 0.0501 19.88 30.02 0.9512 0.0635 26.67

Config. B (pure texture loss) preserves edges but causes overall degradation, Con-
fig. C (pure pixel loss) achieves high PSNR but insufficient structural fidelity,
and Config. D (equal weights) leads to mediocre results. Config. E performs close
to optimal but slightly underperforms Config. F. For the noise level (Fig. 7 and
Table 5), performance peaks at N = 1024 and degrades beyond this point. These
results demonstrate that a strategy prioritizing pixel-level reconstruction with
moderate structural constraints effectively balances pixel accuracy and structural
preservation, with N = 1024 providing the optimal representation capacity.

4.4 Geometric Consistency

To ensure structural fidelity during texture transformation, we introduce a ge-
ometric prior network to learn modality-invariant anatomical representations.
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T1 T2 Pix2pix SAGAN TransUNet ResViT SelfRDB MaskGAN Contourdiff Ours

Fig. 5: Qualitative comparison of modality translation performance on the BraTS
dataset. Top: T1-to-T2 translation results demonstrate the superiority of our method
over existing approaches. Bottom: T2-to-T1 translation results further validate the
effectiveness of our framework.

Table 3: Quantitative comparison on BraTs bidirectional modality translation tasks.
Best results are highlighted in bold.

Method T1 to T2 T2 to T1

PSNR ↑ SSIM ↑ LPIPS ↓ FID ↓ PSNR ↑ SSIM ↑ LPIPS ↓ FID ↓

Pix2pix [22] 27.06 0.9241 0.0913 90.57 26.66 0.9100 0.1126 78.67
SAGAN [57] 27.13 0.9192 0.1014 79.56 26.59 0.9183 0.1063 94.79
TransUNet [8] 27.27 0.9047 0.0823 68.73 26.62 0.8551 0.2052 117.25
ResViT [11] 26.05 0.9017 0.0985 89.59 25.02 0.9075 0.0890 75.21
SelfRDB [2] 27.49 0.9213 0.0975 72.99 26.40 0.9139 0.1133 71.38
MaskGAN [36] 27.38 0.9247 0.0861 29.13 27.14 0.9200 0.0902 43.14
Contourdiff [9] 27.23 0.9150 0.0959 22.57 26.60 0.9148 0.1017 48.19
Ours 28.52 0.9428 0.0532 20.83 27.94 0.9317 0.0784 43.68

The evaluation of this network follows its design objective by directly verifying
its core property—modality invariance of geometric representations. By feed-
ing different modality images (T1, T2, PD) of the same anatomical location
into the frozen geometric encoder, we visualize the learned Gaussian parameters
(Figure 8).

Each Gaussian prototype is encoded in the HSV color space, where hue rep-
resents orientation angle and brightness correlates with scale magnitude. Results
demonstrate that despite significant differences in input texture characteristics,
the geometric prototypes maintain high consistency in spatial distribution, el-
liptical shapes, and directional features of key anatomical structures (such as
ventricular contours and gray matter boundaries).

In terms of loss function design, we determine weight configurations based
on physical significance, prioritizing structural rationality. This configuration
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Table 4: Ablation study on loss weight configurations. Best results are highlighted in
bold.

Config PSNR ↑ SSIM ↑ LPIPS ↓ FID ↓

A: (1.00,0.00,0.00) 28.23 0.9294 0.0636 23.78
B: (0.00,1.00,0.00) 27.19 0.9001 0.0655 27.25
C: (0.00,0.00,1.00) 29.31 0.9290 0.0611 27.31
D: (0.33,0.33,0.33) 29.04 0.9389 0.0576 21.53
E: (0.10,0.10,0.80) 29.72 0.9414 0.0556 18.96
F: (0.05,0.05,0.90) 30.57 0.9512 0.0493 17.35

Table 5: Ablation study on Gaussian noise levels (N). Best results are highlighted in
bold.

Config PSNR ↑ SSIM ↑ LPIPS ↓ FID ↓

N=256 23.63 0.8375 0.1384 159.16
N=512 29.19 0.9268 0.0670 36.76
N=1024 30.57 0.9512 0.0493 17.35
N=1536 30.10 0.9480 0.0523 18.75

demonstrates excellent performance in visualization results, simultaneously en-
suring anatomical correctness and cross-modal consistency. The successful vali-
dation of the geometric prior network provides a reliable structural foundation
for subsequent texture transformation stages.

4.5 Computational Efficiency Analysis

We systematically evaluate the computational efficiency and inference cost of
different methods on the 256 × 256 image generation task using an A100 GPU
platform. Experimental results demonstrate that our proposed Proto-Gaussian
method requires only 6.38 M parameters, which is significantly lower than all
compared methods: Pix2pix (54.40 M) [22], SAGAN (7.99 M) [57], TransUNet
(27.23 M) [8], ResViT (17.09 M) [11], SelfRDB (8.16 M) [2], MaskGAN (11.75
M), and Contourdiff (16.52 M), making it the most lightweight among all coun-
terparts. Compared with Pix2pix, which has the highest parameter count, our
method reduces the parameters by approximately 88.3%. Even compared with
the relatively lightweight structures of SAGAN and SelfRDB, our method still re-
duces the parameters by approximately 20.2% and 21.8%, respectively. In terms
of inference cost, our model achieves 134.35 G FLOPs, 15.82 ms latency, and
222.4 MB peak memory. Although these inference costs are higher than some
counterparts, the substantial reduction in model parameters offers clear advan-
tages in storage and transmission, which is crucial for deployment in resource-
constrained environments. By introducing sparse Gaussian representation and
a differentiable rendering mechanism, we achieve high-fidelity image generation
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T1 T2 A B C FD E

Fig. 6: Ablation study on loss weight configurations for T1→T2 translation. Configu-
ration A yields high SSIM but low PSNR; Configuration B preserves edges but causes
overall degradation; Configuration C achieves high PSNR but insufficient structural
fidelity; Configuration D leads to mediocre results; Configuration E performs close to
optimal but slightly underperforms; while our Configuration F achieves the optimal
balance across all evaluation metrics.

N=1536N=1024N=512N=256T2T1

Fig. 7: Ablation study on Gaussian noise levels N for T1→T2 translation.

while significantly reducing model storage and transmission overhead, providing
strong support for efficient deployment in resource-constrained scenarios.

4.6 Limitations and Future Work

Despite the competitive results achieved by Proto-Gaussian on 2D axial slices,
we acknowledge that MRI data are inherently volumetric, whereas our method
processes slices independently without explicitly enforcing inter-slice continuity
- a limitation shared by most existing 2D baselines. Our core objective is to
establish a Gaussian-based methodology for structure-texture disentanglement,
rather than addressing all dimensionality aspects from the outset. Extending this
framework to true 3D is a challenging yet promising direction for future work. In
addition, many-to-one translation paradigms and systematic evaluation of clini-
cal utility are also important avenues for subsequent investigation. Despite these
limitations, we believe our 2D framework offers a novel and solid methodological
contribution, as validated on multiple benchmarks and datasets.
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Fig. 8: Visualization of geometric representations across different modalities. For each
modality (T1, T2, PD), we display the original image, the structure tensor, the geo-
metric prototype, and the refined geometric structure. The nearly identical geometric
visualizations across all modalities validate the modality-invariant property of our ge-
ometric prior network.

5 Conclusion

This paper presents Proto-Gaussian, a medical image modality translation frame-
work based on explicit 2D Gaussian representations. Through parametric mod-
eling, our method successfully achieves natural decoupling of anatomical struc-
tures and modality-specific textures, effectively addressing the structural dis-
tortion problem in cross-modal translation. The proposed two-stage learning
pipeline with differentiable Gaussian renderer significantly outperforms state-of-
the-art methods across multiple quantitative metrics, without requiring complex
task-specific architectures. Extensive experiments demonstrate the superior per-
formance and promising potential of our framework in medical image synthesis
applications.
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