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Abstract. Accurate 3D bone defect completion is critical for personal-
ized implant design and surgical planning, where both boundary align-
ment and surface quality are essential. Existing voxel-, point-, or implicit-
based generative models often struggle to simultaneously preserve topol-
ogy, surface fidelity, and conditional consistency near defect regions. We
propose FDMMBone, a flow-based conditional mesh completion frame-
work operating in a deformable tetrahedral mesh (DMTet) parameter
space. By representing shapes on a unified, geometry-aware tetrahedral
grid, FDMMBone enables stable conditional generation of mesh param-
eters via probability flow ODE integration. A subsequent subdivision-
based deformation refinement further enhances surface smoothness and
boundary continuity. Experiments on multiple public datasets demon-
strate consistent improvements over state-of-the-art methods in shape
accuracy, boundary fidelity, and generalization, highlighting the robust-
ness and clinical potential of the proposed approach.

Keywords: Flow-based model - Deformable tetrahedral mesh - 3D shape
generation - Defective bone repair.

1 Introduction

3D bone shape completion is a core problem in medical image analysis and sur-
gical planning, where inaccurate reconstruction can lead to poor implant fitting
and increased surgical risks [10]. Clinically and geometrically, reliable completion
requires recovering anatomically plausible global structure while ensuring pre-
cise boundary alignment and smooth surfaces, which remains challenging under
complex defects and incomplete observations [30].

Early bone completion methods mainly relied on traditional techniques [14],
which often impose strong assumptions on defect types and shapes, thus gen-
eralizing poorly to complex or large-scale defects. Recent deep learning ap-
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proaches have explored voxel [T9J6], point cloud [5], implicit SDF [21], symmetry-
aware [25], and data-augmented generative frameworks [26] for 3D bone and cra-
nial defect completion. However, voxel-based methods incur high computational
costs at increased resolutions, point clouds lack explicit topology, and implicit
SDF representations require costly continuous regression and sampling. In addi-
tion, symmetry-based and heavily augmented methods can improve robustness,
but they may still be constrained by their reliance on anatomical priors and the
difficulty of preserving topological consistency. More compact representations,
such as triplanes or Gaussian-based models, improve efficiency but still struggle
to maintain accurate surface geometry and topological consistency.

Flow matching learns a continuous velocity field and generates samples by
probability flow ODE integration, offering better stability under strong geo-
metric conditioning than diffusion-based noise prediction. To adapt it to mesh
generation, we use a deformable tetrahedral parameterization based on Deep
Marching Tetrahedra (DMTet) [20], which embeds surface geometry into a fixed-
dimensional parameter space. This enables efficient coarse mesh generation in
the first stage, followed by subdivision and geometric refinement to recover fine
surface details. Our contributions are summarized below:

1. We propose a conditional flow matching formulation that transports noise
to anatomically valid implant parameters in a deformable tetrahedral space.
2. We introduce a geometry-constrained projection-correction within probabil-
ity flow ODEs to enforce anatomical boundary consistency during sampling.
3. We design a coarse-to-fine mesh completion framework that separates global
shape generation from local refinement for accurate implant reconstruction.

2 Method

Pipeline FDMMBone adopts a coarse-to-fine framework for triangular mesh
completion from defective bone inputs (Fig. . Both the defective mesh C' and
the target implant mesh Y are first mapped into a DMTet parameter space,
where each vertex on a fixed tetrahedral grid is represented by a displacement
vector and an SDF value. In the first stage, a conditional flow model is trained
and probability flow ODE integration is used to generate shape parameters,
from which a coarse mesh is extracted via marching tetrahedra. In the second
stage, the coarse mesh is subdivided and refined through deformation-based
adjustment, yielding a smooth and geometrically consistent final mesh.

2.1 Tetrahedral mesh parameterization

We adopt DMTet [20] to parameterize 3D bone shapes by discretizing the space
into tetrahedral elements. Each vertex carries a position offset and a SDF, al-
lowing explicit representation of bone surfaces while maintaining topological
flexibility. To obtain a regular parameter space, we initialize the tetrahedral
mesh using a Body-Centered Cubic (BCC) tiling scheme [8I15], which provides
good spatial uniformity, near-regularity, and consistent interior vertex valence.
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Fig. 1: Overview of the proposed framework. Coarse completion is generated by
conditional flow matching in the DMTet parameter space and refined by a de-
formation network, with projection-correction applied during ODE integration.

In all experiments, we use a fixed DMTet grid with resolution 1282, resulting in
N = 277410 tetrahedral vertices. The DMTet representation is obtained by de-
terministic fitting rather than by an additional preprocessing network. For each
training mesh, we optimize vertex offsets and SDF values using surface Cham-
fer distance, SDF regularization, and Laplacian smoothness, producing aligned
DMTet parameter pairs for the defective bone and the target implant. Let the
initial tetrahedral grid have vertices {v?}X¥ . In DMTet, each vertex is associated
with a displacement and an SDF value: a; = [Av;; s;] € R*, where Av; € R?
and s; € R. Stacking all vertex attributes yields the DMTet parameter repre-
sentation: z = [a;ag;--- ;ay]| = [AV,s] € RVX4 where AV € RV*3 collects
{Av;}X | and s € RV*! collects {s;}¥ . Similarly, the defective bone is encoded
on the same grid as ¢ = [AV¢,s¢] € RV X4,

2.2 Flow matching model in the DMTet parameter space

Flow modeling In bone defect repair, the defective bone C is used as the
conditional input, and the objective is to generate an implant consistent with C.
Both the defective bone C' and the target implant mesh Y are represented in the
DMTet parameter space. We denote the clean implant parameters as z; € RV x4
and the conditional parameters of the defective bone as ¢ € RV*4, The goal of
the first stage is to learn the conditional distribution p(z; | ¢).

Since DMTet parameters are not directly available, the implant mesh Y and
the defective bone C' are first fitted to the DMTet representation under full 3D
supervision to obtain aligned parameter pairs (z1,¢) using a geometric consis-
tency loss [I]. Based on these aligned pairs, we train a conditional flow matching
model in the DMTet parameter space. Following the standard flow matching
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formulation [I3]|, we sample a noise endpoint zy ~ N(0,I) and define a lin-
ear interpolation path between the noise and the clean implant parameters as:
xz(t) = (1—t)xo+txy, t~ Unif(0,1). The target velocity induced by this path
is given by v(z(t),t) = x1 — xp, which is constant for each sampled pair (xg, z1).
A conditional network og(z(t),t,c) is trained to regress this velocity using a
weighted ¢5 loss [29]. The conditional velocity field network follows a U-shaped
encoder-decoder architecture. Each encoder block consists of two residual mod-
ules followed by a downsampling operation, while each decoder block contains
two residual modules and an upsampling layer. Within each residual module
(Fig. [2), layer normalization (LN), self-attention (SA), and cross-attention (CA)
are employed, where SA captures global latent dependencies and CA injects
conditional information from the defective bone.

During inference, sampling starts from the noisy latent state g ~ N(0,I)
and progressively evolves towards the clean implant parameters x; by integrating
the probability flow ODE over the normalized time interval ¢ € [0, 1]:

dz(t)
di

= dg(x(t),t,c), teo,1]. (1)

The coarse implant mesh is then extracted via the DMTet isosurface operation.
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Fig. 2: The residual module of velocity field network.

Projection correction strategy During probability flow ODE integra-
tion, we introduce a lightweight projection-correction strategy to reduce local
instabilities stemming from discretization errors and model inaccuracies while
improving consistency between the generated shape and the defective condition.
After obtaining an intermediate state Z;_;, we apply a proximal projection to
ensure that the corrected state x;_; remains close to ;1 and lies within a ge-
ometrically feasible, condition-consistent set. The projection is formulated as a
regularized optimization problem:

o1 -
zioy = argmin o = Bi1 3+ Loona(w | ©) + Lrap(a), 2)

Here, Leonda(z | ¢) [3] is computed in a narrow band around the defect boundary
and penalizes inconsistency between the generated implant and the observed
defective bone. L1, (x) [24] is alocal Laplacian regularization term on the DMTet
vertex offsets, which suppresses high-frequency artifacts. In all experiments, we
set \; = 0.1, use K = 2 correction steps, and set the gradient step size to
n =1 x 1073. We approximate the solution using a few gradient descent steps:

2D — () nVzE; (as(k)) , 20 = Zic1, k=0,..., K —1. (3)
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The corrected state x;_1 = 25 is obtained after K steps (with K = 2
in our experiments). This projection-correction reduces instabilities along the
sampling path with minimal additional cost, resulting in smoother and more
stable DMTet parameters, better aligned with defect-conditioned constraints for
reliable isosurface extraction.

2.3 Geometric refinement network

Based on the DMTet parameters generated by the first-stage flow model, we
extract a coarse implant mesh M, = (V,, F,.) via an isosurface operation. Here,
V. is implicitly determined by the DMTet vertex offsets AViage1 predicted in
the parameter space. To improve local smoothness and recover finer geometric
details without increasing the tetrahedral resolution, we introduce a lightweight
second-stage geometric refinement module.

Specifically, we first apply face subdivision to M, to obtain a higher-resolution
mesh M, = (V4, Fy). A mesh deformation network then predicts per-vertex re-
finement displacements AV efine, producing the refined mesh M, = (V,, Fy)
with: V,. = Vi + AV efne. Conditional information from the defective bone
is injected into the refinement network to preserve geometric consistency near
defect boundaries. The refinement network is trained under supervised geo-
metric constraints. We enforce global shape consistency using the chamfer dis-
tance Leure [12], introduce a normal consistency loss £,, [I7] to encourage align-
ment of surface orientations, and apply a vertex-based Laplacian regularization
Liap [23124] to suppress high-frequency noise and improve mesh quality. The over-
all refinement loss is defined as: Lot = Lsurf + Wn Ly, + Wi Liap. This lightweight
refinement strategy significantly improves surface smoothness and local details
while keeping the reasoning cost low. Near defect boundaries, it produces more
continuous and better-fitting geometric reconstructions.

3 Experiments

Implementation details We initialize a unified tetrahedral mesh 7 in the
cubic domain [—1,1]3 using a dense BCC arrangement [8]. The allowable vertex
deformation range is set to 2x that of [20] to better capture high-frequency
geometric details. Vertices not contributing to surface generation are assigned
fixed signed distance values of =1 based on their inside-outside status. The flow
model uses a 3D U-Net with a base width of 128, with defect conditions injected
via conditional modulation. It is trained using AdamW with a learning rate of
1 x 10~ for 6 x 10* iterations and a batch size of 12. During inference, samples
are generated by solving the probability flow ODE from z( using a fixed-step
solver with 200 steps, followed by the marching tetrahedra isosurface extraction.
We use explicit Euler with step size At = 1/200. After each solver step, we apply
the proximal projection to obtain the corrected state. The refinement network
adopts a U-Net architecture composed of three residual blocks and is trained for
200 epochs with 5 x 107* learning rate. The full model is trained for 33 hours
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Table 1: Evaluation of DSC(%), bDSC(%), HD95(mm) and MMD on Med-
ShapeNet, Mandibular and SkullBreak datasets. The MMD values are multiplied
by 10%. Best results in bold, second-best results in underlined.

MedShapeNet Mandibular SkullBreak
DSCtbDSCTHD95|MMD|DSC1+bDSCTHD95, MMD/|DSC1tbDSCtHD95| MMD|

SDFusion 83.3 834 3.19 0.344 834 839 3.17 0.349 83.7 83.0 3.15 0.353
Diffusion-SDF 85.7 83.0 3.01 0.309 84.2 82.1 291 0.307 854 83.8 286 0.305
DiffComplete 86.9 87.2 1.94 0.220 87.7 86.9 1.87 0.216 88.1 882 1.77 0.201
Pcdiff 88.6 91.5 1.98 0.211 88.5 91.7 190 0.215 882 91.2 211 0.213
OctFusion 89.1 894 1.89 0.213 89.5 889 185 0.209 89.7 89.6 1.82 0.208
MeshGPT 91.3 911 170 0.215 90.6 91.0 1.79 0.192 91.1 90.5 1.78 0.181
LT3SD 93.1 932 1.71 0.18 92.7 92.8 1.78 0.193 924 93.0 1.80 0.182
Ours 94.4 94.7 1.51 0.113 94.3 94.8 1.44 0.119 94.6 94.5 1.37 0.111

Method

on two NVIDIA A800 GPUs. During inference, generating one implant takes
about 2.9 seconds, where the 200-step ODE solver takes about 2.1 seconds and
the projection-correction plus refinement stages take about 0.8 seconds.
Dataset and evaluation metrics We conduct experiments on four public
datasets. MedShapeNet [I1] includes 3870 vertebral samples, and the Mandibu-
lar dataset [27] contains 145 real patient cases with mandibular bone defects;
both datasets are split into training and testing sets with a 4:1 ratio. Skull-
Break [7] follows the official split with 570 training cases and 100 testing cases.
The MUG500 dataset [9] is used only for cross-dataset evaluation, where the 29
defective cases are adopted to assess the generalization capability of our method.
Following prior works [5I16], we report four standard evaluation metrics, includ-

ing DSC, bDSC, HD95, and MMD.

3.1 Bone Completion Results and Discussion

Alternative Methods. We compared FDMMBone with seven SOTA automatic
shape reconstruction and shape completion methods, including SDFusion[2],
Diffusion-SDF[3|, DiffComplete[d], Pcdiff[5], Octfusion [28], MeshGPT|[22] and
LT3SDIIS§|. For fair comparison, all competing methods are retrained using the
same train/test splits, preprocessing pipeline, and evaluation metrics.
Comparison results Fig.[3|shows a comparison of reconstructed implants
using 3D signed distance error colormaps, with errors normalized to [—3, 3] and
generated by MeshMetric3D tool: https://www.nitrc.org/projects/meshmetric3d/.
SDFusion [2] shows deviations near defect boundaries and high-curvature
regions, likely due to the smooth nature of implicit fields. Diffusion-SDF [3]
exhibits mild averaging at sharp boundaries and thin structures, with errors
concentrated around complex defect edges. Diff Complete [4] provides globally
stable reconstructions but still shows scattered local deviations. Pcdiff [5] pro-
duces discontinuous color bands near boundaries, likely due to the lack of ex-
plicit connectivity in point clouds. OctFusion [28] is stable overall but shows
local variations in high-curvature regions, indicating limited cross-level detail
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Fig.3: Qualitative comparison among the complete methods implemented on
three datasets. These colormaps depict the signed distance between the recon-
structed implants and the ground truth bone meshes.

propagation. MeshGPT [22] has slight color shifts near defect boundaries, pos-
sibly related to boundary alignment limits in serialized mesh representations.
LT3SD [I8] achieves coherent global reconstructions but retains higher devia-
tions around fine boundaries. In contrast, FDMMBone shows closer alignment
with the ground truth, fewer deviations, and smoother transitions, benefiting
from flow-based modeling on a fixed tetrahedral grid and a refinement stage
that improves local surface continuity.

As shown in Table [T} our method consistently achieves the best performance
across all datasets, especially in DSC and HD95. Higher DSC indicates more
accurate global shape recovery, while lower HD95 reflects improved boundary
alignment. Compared with diffusion- or point-based methods, our approach bet-
ter balances global anatomical consistency and boundary-level geometric fidelity,
which is essential for clinically reliable bone completion.

Generalization ability To evaluate cross-dataset generalization, we train
the model on SkullBreak and directly test it on the unseen MUG500 dataset.



8 Authors Suppressed Due to Excessive Length

>

Fig. 4: Generalization experiment involving the proposed method.

Quantitatively, FDMMBone achieves a DSC of 91.8% and bDSC 91.7%. More-
over, the method maintains strong geometric fidelity, with an HD95 of 1.72 and
a low MMD of 0.122. As shown in Fig. [4] our method produces high-fidelity
completions with consistent structure and smooth surfaces despite large distri-
bution shifts. Boundary transitions remain natural, with no obvious performance
degradation compared to in-domain results in Table[I} Notably, this is achieved
without any domain adaptation or fine-tuning, demonstrating strong robustness
and transferable anatomical priors. Since FDMMBone outputs explicit triangu-
lar meshes, the generated implants can be directly exported as STL/OBJ files
and imported into standard medical CAD software, such as 3D Slicer or 3-matic,
for non-manifold checking, Boolean validation, and manufacturing preparation.

Table 2: Ablation study of FDMMBone on SkullBreak dataset.

Variant DSCT bDSCT HD95| MMD,
(A1) w/o Stage-2 refinement (only Stage-1 flow model) 93.4 93.5 1.51 0.121
(A2) w/o Subdivision (refiner deforms M. directly) 93.6 93.7 149 0.117

(A3) Loss of Stage-2: only Lgy,s 93.7 939 1.46 0.118
(A4) Loss of Stage-2: Loyt + Ln 93.8 94.0 1.40 0.115
(A5) Loss of Stage-2: Lgurf + Liap 94.0 94.1 1.46 0.114
(A6) w/o Conditional injection (no c features) 91.3 91.2 1.67 0.172
A7) K =0 & (wn,w;) = (0.7,0.3) 932 031 170 0.139

K =2 & (wn,w;) = (0.5,0.5) 945 944 149 0.113

K =2 & (wn,w) = (0.3,0.7) 944 942 153 0.119
Ours (w/ K =2 & (wn,w;) = (0.7,0.3)) 94.6 94.5 1.37 0.111

3.2 Ablation study

As shown in Table [2| removing conditional injection (A6) results in the most
significant performance drop, especially in bDSC and HD95, indicating the im-
portance of defect-conditioned guidance near boundaries. Removing the Stage-2
refinement module (A1) also degrades performance, confirming the benefit of the
coarse-to-fine design. Within the refinement stage, disabling mesh subdivision
(A2) limits the representation of local details, while removing conditional injec-
tion (A6) mainly degrades boundary-related metrics such as bDSC and HD95,
indicating the necessity of explicit conditional guidance near defect boundaries.
The normal consistency and Laplacian terms (A3/A4/A5) primarily contribute
to suppressing local noise and stabilizing surface quality, leading to consistent
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improvements in HD95 and MMD. For projection-correction, setting K = 0 dis-
ables the correction step, while K = 2 improves all metrics, showing that the
correction stabilizes ODE sampling. For the refinement loss, (wy,,w;) = (0.7,0.3)
achieves the best balance between boundary accuracy and surface smoothness.

4 Conclusion

We propose FDMMBone for accurate medical bone completion in triangle-mesh
form. Our method performs conditional flow matching in a DMTet space with a
lightweight projection-correction step for stable, condition-consistent sampling,
followed by subdivision-based deformation refinement. Experiments show con-
sistent improvements across metrics and strong generalization.
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