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Motivation

- 3D shape completion in a variety of fields
- Medical use:
data augmentation

synthetic datasets

change of modality
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Goals [11]

1. Realistic
2. Diverse
3. Coherent reconstruction - GT resemblance
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3D Shape Representations

- Voxel Grids 4 757

- Polygon Meshes Ry =47
- Signed Distance Function L

- Nevral fields LS 0 Ty 00 14
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Goals and Metrics

Realistic (Visual Inspection)

Diverse Total Mutual Difference (TMD 1)

Coherent reconstruction - GT Unidirectional Hausdorff Distance (UHD )
Chamfer Distance (CD )

resemblance F-Score (1)
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Cross Attention

Cross-attention block

l

what?

where?

g O o

= [

Attention energy  Output context
T

LV
o
—g3

Cross_attention(Q,K,V) = Softmax(

)V [11]

(> VC/n

Deep Learning for Medical Applications | Johannes Thyroff Juni 20, 2024 Slide 8



Methodology

Point Cloud Position Embeddings Query Points
of

Cross Attention
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Isosurface
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Shape Encoding (Sec. 5.1) KL (Sec. 5.2) Shape Decoding (Sec. 5.3)

3DShape2VecSet Framework [8]
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Methodology

Farward Diffusion Process

Add Noise Add Noise Add Noise
=]
2
Reverse Diffusion Process -g
- — |Q
Denoise __ Denoise __ Denoise =
A A & A

3DShape2VecSet Diffusion Process [8]
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Methodology
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SC-Diff Framework [9]
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Methodology

Input
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Condition \

p
Encoder (T = 1) C[ Denoise Decoder Output
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SDFusion Framework [10]

Multi-modality Conditioning

“chair with
three legs”

o

<

(s1.52) = (0,0)

D8

(s1,52) = (1,0)

X 5,
(s1,52) = (0,1)

Deep Learning for Medical Applications | Johannes Thyroff

Juni 20, 2024 Slide 12



Datasets

- ShapeNet
- BuildingNet @& | == —
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Results

3DShape2VecSet [8]
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Results

SDFusion [10]

ShapeNet BuildingNet
Method UHD | TMD 1t UHD| TMD 1

MPC [45] 0.0627 0.0303 0.1350 0.0467
AutoSDF [25] 0.0567 0.0341 0.1208 0.0649
Ours 0.0557 0.0885 0.1116 0.0745
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Results

Input AutoSDF [25] MPC [45]

SDFusion [10]

ﬁ‘\ Input Multimodal Shape Completion Input Multimodal Shape Completion

e
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Results

SDFusion [10]

Input GT Voxel Ours AutoSDF [25] ResNet2Vox ResNet2SDF Pix2Vox [46]
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Results

SCDlﬂ: [9] VS Partial TSDF  SDFusion Ours* Partial TSDF SDFusion Ours*

SDFusion [10] g
.
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Discussion and Review

- Long time to draw samples in the diffusion process
- Dimensionality & Processing Speed
- Mitigation: Diffusion process in the latent space
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Discussion and Review - SDFusion Diversity

SCDlﬂ: [9] VS Partial TSDF SDFusion Ours* Partial TSDF SDFusion Ours*

SDFusion [10]
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Discussion and Review - SDFusion Diversity

SDFusion [10] o Ours

AutoSDF [25]

MPC [45]
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Summary

- SOTA diffusion based 3D shape completion approaches yield promising
results - also for multimodal conditioned input -> cross-attention

- Key challenges: Data acquisition, dimensionality, computational limits,
drawing samples in the denoising process takes some time

- Common mitigation: Diffusion processes in latent space, subsampling
- Future work:

- Better benchmarks

- More compute

- Development of new models
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Backup
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Chamfer Distance
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F-Score

2P(d)R(d)
P(d) + R(d)

F{d) =

Precision ~ accuracy
Recall ~ completeness
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