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Abstract. 3D medical image generation is crucial for data augmenta-
tion and downstream analysis but remains computationally expensive.
Existing voxel-based generative models operate on fixed-resolution grids,
where the latent representation is coupled with output resolution. This
leads to cubic scaling of computational costs and inability to generate
volumes at varying resolutions without retraining. Triplane represen-
tations offer a more compact and efficient alternative. However, cur-
rent triplane-based approaches either require costly instance-level op-
timization or are constrained by discrete voxel supervision, preventing
resolution-agnostic generation. To address these challenges, we propose
MedTriFlow, an efficient generative framework that bridges a discrete
triplane latent space with a continuous anatomical field. The framework
employs a triplane-based autoencoder with 3D-aware projection to com-
press volumetric data into a compact latent space, where generative mod-
eling is performed for efficient generation. A continuous anatomical field,
modeled by an implicit neural representation, then reconstructs volu-
metric anatomy at arbitrary resolutions, effectively enabling resolution-
agnostic generation beyond the discrete voxel grid. Extensive experi-
ments on diverse 3D datasets demonstrate that the proposed method,
with fast inference (2.6s per volume at 256%) and resolution-agnostic
generation (demonstrated up to 1024%), achieves superiority over recent
3D generative methods in generation quality, sparse-view CBCT and ac-
celerated MRI reconstruction. Code and pre-trained models are available
at https://github.com/ShanghaiTech- IMPACT/MedTriFlow.

Keywords: Resolution-Agnostic Generation - 3D Medical Image Gen-
eration - Triplane Representation.

1 Introduction

3D medical image generation plays a vital role in data augmentation and down-
stream analysis, with recent advances in generative models significantly improv-
ing medical image translation, segmentation, and reconstruction [20,1,16,3]. 3D
medical images exhibit substantial resolution heterogeneity across modalities,
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Fig. 1. Workflow and performance comparison. (a) Voxel-based generation with fixed-
resolution output. (b) Our triplane-based generation enabling resolution-agnostic out-
put. (c) Efficiency and performance comparison: MedTriFlow achieves the best FID
and inference speed with a superior compression ratio (bubble size).

and clinical practice often requires multi-scale analysis of the same anatomy.
However, existing generative models cannot flexibly produce outputs at differ-
ent resolutions without retraining or interpolation. This limitation, compounded
by the cubic scaling of computational costs with resolution, makes 3D resolution-
agnostic generation a critical yet unsolved challenge.

As shown in Fig. 1(a), the predominant paradigm for 3D medical image gen-
eration leverages volumetric latent representations, where images are encoded
into voxel grids via VQ-VAE [19] or VAE [14], and generated using 3D UNet
backbones [21] with DDPM [12] or Flow Matching [15] (e.g., MedSyn [25], 3D-
MedDiff [23], Maisi-v2 [28]). While effective, these voxel-based approaches incur
substantial computational overhead due to the cubic scaling of memory and
3D convolution operations with voxel grid resolution. Moreover, the output res-
olution is inherently coupled with the pre-defined latent grid, limiting clinical
flexibility. Thus, triplane-based representations have been introduced to increase
efficiency. Existing methods can be broadly categorized into decoder-only frame-
works that require per-instance latent optimization [9,27] and encoder-based ap-
proaches [17] that directly map volumes to triplane features. However, decoder-
only strategies are computationally prohibitive for large-scale generative pre-
training, while current encoder-based models remain supervised by voxel-grid
reconstruction, thereby inheriting fixed-resolution constraints.

To address these limitations, we propose MedTriFlow, an efficient framework
for resolution-agnostic 3D medical image generation. First, a triplane-based au-
toencoder learns a compact latent representation and constructs a continuous
anatomical field via implicit neural representation. Second, generative modeling
is performed in the triplane latent space using flow matching, significantly re-
ducing computational complexity. Benefiting from the ability to reconstruct vol-
umes at arbitrary resolutions (Fig. 1(b)), this design enables flexible, resolution-
agnostic 3D generation. Furthermore, a structure-guided adaptation mechanism
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Fig. 2. Overview of the proposed framework. (a) Triplane-based autoencoder for con-
tinuous anatomical field modeling and latent compression. (b) Latent flow matching
model for efficient, structure-guided 3D generation and reconstruction.

supports conditional generation for diverse clinical reconstruction tasks. Ex-
tensive experiments demonstrate consistent advantages over prior voxel- and
triplane-based approaches in challenging settings such as sparse-view CT and
accelerated MRI reconstruction. As shown in Fig. 1(c), our method also achieves
superior compression ratio and inference speed.

2 Method

We propose an efficient framework for resolution-agnostic 3D medical image gen-
eration that bridges the discrete triplane latent space and a continuous anatom-
ical field. As shown in Fig. 2, a triplane-based autoencoder (Sec. 2.1) compresses
3D volumes into a compact 2D latent for resolution-agnostic modeling. Subse-
quently, a latent flow matching model (Sec. 2.2) operates in the triplane latent
space to perform efficient 3D generation.

2.1 Triplane-based Autoencoder

Given a medical volume X € RHXWXD with spatial dimensions H, W, and
D along the x, y, and z axes, we represent the 3D anatomical structures as a
continuous anatomical field using a triplane-based implicit neural representation
as shown in Fig. 2(a). To facilitate efficient downstream generation, we further
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compress the triplane features into a compact latent space while preserving fine
structural details.

3D-aware Projection. To extract both global structures and local textures,
a lightweight 3D U-Net &sp first encodes the volume X into a feature tensor
V € REXHXWXD where C' denotes the channel dimension. To minimize informa-
tion loss in the 3D-to-2D projection, three anisotropic convolutions with kernel
sizes of (H,1,1), (1,W,1) and (1,1, D) are respectively applied along z, y and
z axes, producing triplane features {F¥* ¢ REXWxD Fzz ¢ ROXHXD gy ¢
REXHXW1  Compared to global axis-wise mean pooling, these learnable projec-
tions aggregate cross-slice context and better preserve fine anatomical details
during dimensionality reduction.

Triplane Feature Compression. To achieve higher compression efficiency, the
triplane features are first padded to N x N in their spatial dimensions (N =
max(H, W, D)), then concatenated along the channel dimension to form F €
R3CXNXN and mapped into a compact latent space. A 2D encoder £;p then maps
F to a triplane latent z = & p(F) € R*™ " where ¢ and n denote the channel
and spatial dimensions, respectively. This latent representation is regularized
via vector quantization z = VQ(z) to constrain the latent distribution. A 2D
decoder Dyp subsequently reconstructs the triplane features F = Dap(z) for
anatomical field modeling.

Implicit Anatomical Field. Based on the reconstructed triplane features F=
{f‘yz,f”, F“y}, we define a continuous anatomical field A. For any 3D point
o = (z,y, z) € R3, its intensity is decoded via the implicit neural function U ,:

A(0sF,0) = Wy (T(FY; (y.2)) @ T (2,2) @ Z(E: (21)) . (1)

where Z(-;-) denotes bilinear interpolation, and @ represents channel-wise con-
catenation. This formulation enables A to map a discrete triplane representation
into a resolution-agnostic continuous anatomical field.

Training Loss. To ensure artifact-free and accurate reconstruction, the frame-
work is optimized using a synergistic loss function:

L= Lgec+Lvg+MLrprps + AL Ady, (2)

where Lg.. measures point-wise reconstruction error, Ly ¢ enforces latent quan-
tization, L p;ps with weight \; promotes perceptual similarity in feature space,
and L 44, with weight Ay encourages sharp and realistic anatomical textures via
adversarial learning.

2.2 Latent Flow Matching Model

To model the complex distribution of 3D anatomy, our generative modeling
is performed in the compact triplane latent space before vector quantization
(Fig. 2(b)). This 2D latent generation substantially reduces computational cost
while preserving rich structural representation.



Title Suppressed Due to Excessive Length 5

Velocity Field Learning. Flow matching (FM) is employed to learn a de-
terministic path between a noise distribution p;,;; and the triplane latent dis-
tribution pgatq. Specifically, we define a linear path z; = tz + (1 — t)e, where
Z ~ Dgata aNd € ~ P;n;¢ is Gaussian noise. The generative process is governed
by a velocity field v; that transforms noise into data. We parametrize this field
using a 2D U-Net [6] V4 comprising multiple ResBlocks [10] and self-attention
blocks (AttenBlock), optimized via the conditional flow matching loss:

EFM = Et,e,z,c [”(Z - 6) - \A’e(Zm t7 C)Hg] ) (3)

where t belongs to the uniform distribution ¢[0, 1] and ¢ denotes the class condi-
tion. The U-Net is pre-trained on a diverse corpus of 3D medical images spanning
different modalities, learning robust generative priors for human anatomy.
Structure-guided Adaptation. To adapt the pre-trained generative prior to
downstream tasks, such as sparse-view CT reconstruction and accelerated MRI
reconstruction, we incorporate a ControlNet [26] branch. The task-specific in-
put X¢ (e.g., an FDK volume) is projected and compressed into a conditional
triplane latent ciq4, using the triplane-based autoencoder described in Sec. 2.1.
This latent is fed into a ControlNet branch, initialized from a deep copy of the
U-Net encoder, which extracts and injects structural priors into the main gen-
erative backbone through zero-convolution layers. The velocity field ¥4 is thus
conditioned on ¢ sk, providing structure-guided generation.

Efficient 3D Inference. During inference, generation proceeds in three steps:
(1) starting from ¢ = 0, the ordinary differential equation (ODE) % = vo(z¢,t,¢)
is solved to obtain the generated latent z; (2) this latent is quantized and decoded
via the 2D decoder Dyp to reconstruct the triplane features F = Dyp(VQ(2));
(3) finally, the full 3D volume X is generated by querying the anatomical field A
at the center coordinates of each target voxel. Benefiting from the straight trajec-
tories of FM, 3D volumes with flexible resolutions can be generated within only
20 integration steps, significantly outperforming traditional diffusion models in
inference efficiency.

3 Experiments

3.1 Experimental Settings

Dataset. We evaluate our method on five diverse 3D cohorts, including head-
neck CT, chest-abdomen CT, lower limb CT, brain MRI, and body MRI. In total,
7088 volumes are collected from public benchmarks [4,2,5,18,22] and in-house
datasets. All volumes were cropped to the foreground, resampled to isotropic
spacing (<1.25mm), and center-padded to 2563. Data were split into 6288 train-
ing and 800 testing cases with stratified sampling across cohorts. For inverse
tasks, 30-view CBCT projections and 8x undersampled MRI were simulated.

Implementation Details. The triplane-based autoencoder employs a light-
weight 3D U-Net encoder with channel sizes [32,64,128], followed by 2D com-
pression modules with channels [64, 128,256] and a vector-quantized codebook
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Fig. 3. Qualitative comparison of category-conditioned 3D generation across different
resolutions. Our method preserves robust structural consistency without blurring via
the continuous anatomical field, while the 5122 and 1024 results for all baselines and
real data are obtained through trilinear interpolation.

Table 1. Quantitative comparison of different methods across generation and recon-
struction tasks. “Generation” metrics (FID and MMD) are averaged over all cohorts
for category-conditioned generation. SV-CT and Fast MRI refer to sparse-view CBCT
and accelerated MRI reconstruction, respectively. Best results are in bold.

Efficiency Generation SV-CT Fast MRI
Method Params(M) FID| MMD| PSNR? PSNR?T
/Time(s) (x1073) (x10-¢) (dB) oM gy SSIMT
FDK [7] 0/0.1 - - 1820 0.3895 - -
Zero-filling 0/0.8 - 22.19 0.6131

Blaze3DM [9] 521/3685.9 89.2237 13.3857 24.45 0.6489 23.92 0.6596
3D-MedDiff [23] 158/130.4 11.5096 5.3097 24.93 0.7290 24.94 0.8277
Maisi-v2 [28] 165/7.8 9.1598  2.3858  25.23 0.7331 26.86 0.8565
Ours 827/2.6 7.6425 1.8196 26.75 0.7618 28.33 0.8742

of 8192 entries (64-dim). The continuous anatomical field is parameterized by a
4-layer MLP (256 hidden units). The model is trained with reconstruction, per-
ceptual, and adversarial losses (A\; = 0.1, A\ = 0.01) and a 3D PatchGAN [13]
discriminator on 1283 patches. Optimization was performed using Adam (10~%)
on eight A100 GPUs. The 2D latent generative U-Net adopts four stages with
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Fig. 4. Qualitative comparison of reconstruction performance on downstream tasks.
(a) 30-view sparse-view CBCT reconstruction and (b) 8 accelerated fast MRI recon-
struction. Our method recovers finer anatomical structures and suppresses artifacts
more effectively than state-of-the-art baselines. (CT window: [—1000, 1000])

channels [384,768,1152,1536] and is pre-trained on the full training dataset.
For reconstruction tasks, FDK-reconstructed volumes and zero-filled MRI were
employed as structural conditions.

Baselines and Metrics We compare with representative 3D generative mod-
els, including Blaze3DM [9], 3D-MedDiff [23], and Maisi-v2 [28]. FDK [7] and
zero-filling serve as task-specific baselines. Generation quality is evaluated using
FID [11] and MMD |[8], while reconstruction fidelity is measured by PSNR and
SSIM [24] in 3D space.

3.2 Comparison Results

3D Anatomical Generation. Fig. 3 shows qualitative results of category-
conditioned generation across datasets. Blaze3DM exhibits structural artifacts
and detail loss, while 3D-MedDiff and Maisi-v2 better preserve global anatomy
but produce over-smoothed textures. In contrast, our method generates sharper
anatomical structures and more realistic high-frequency details. Notably, the
continuous anatomical field enables resolution-agnostic generation up to 10243
without interpolation artifacts. These observations are consistent with Table 1,
where our method achieves the best FID (7.64 x 1073) and MMD (1.82 x 1076).
Sparse-view CBCT and Accelerated MRI Reconstruction. On 30-view
CBCT and 8x accelerated MRI reconstruction (Fig. 4), conventional task-specific
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Fig. 5. Incremental ablation study of the triplane-based autoencoder. “Base model”
uses global axis-wise mean pooling and is trained only with Lgre. and Lygo. Visual
and quantitative results demonstrate the incremental contribution of the 3D-aware
projector, perceptual loss (Lrprps), and adversarial loss (Laq4v) to structural fidelity
and texture sharpness. (CT window: [—1000, 1000])

baselines (FDK and zero-filling) suffer from severe artifacts. Blaze3DM, 3D-
MedDiff, and Maisi-v2 partially suppress noise but fail to fully recover fine
anatomical details. Our method reconstructs both global structures and fine
textures more accurately, achieving the highest PSNR and SSIM across both
tasks (Table 1).

Efficiency Ananlysis. Blaze3DM requires instance-level latent optimization
during inference (~1h). In contrast, our model achieves the fastest inference
(2.6s per volume), outperforming 3D-MedDiff by approximately 50x (Table 1).
This efficiency stems from latent-space generative modeling and the reduced
complexity of triplane representations.

3.3 Ablation Study

An incremental ablation was conducted to assess each component of the triplane-
based autoencoder (Fig. 5). The base model, which uses global axis-wise mean
pooling, achieves limited structural fidelity (0.8051 SSIM). Replacing it with the
proposed 3D-aware projector improves structural accuracy (0.8317 SSIM). Intro-
ducing perceptual loss L prps further enhances reconstruction quality (0.8742
SSIM). Finally, adding adversarial supervision £ 44, yields the best performance
(0.9051 SSIM) with sharper anatomical details. These results confirm that the
3D-aware projection ensures structural consistency, while perceptual and adver-
sarial losses are essential for high-frequency detail recovery.

4 Conclusion

In this work, we propose an efficient framework for resolution-agnostic 3D med-
ical image generation, achieved by bridging discrete triplane latent modeling
with a continuous anatomical field. Experiments show consistent improvements
over state-of-the-art methods in generation quality, reconstruction accuracy, and
inference speed. The decoupling of latent representation from output resolution
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provides a promising paradigm for efficient, clinically adaptable medical image
generation. Future work will extend the framework to direct training on vol-
umes with heterogeneous resolutions, enabling learning from native clinical data
without resampling.
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