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Motivation
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Pre Knowledge: What Is canonical views?
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Novelty
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Key Components
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Figure 1: Scene created from objects reconstructed by our method from RGB images at 256> resolution. See the
supplementary video for better viewing https://sites.google.com/site/mvdnips2018]
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Example super-resolution results, when increasing from 323resolution to 2563 resolution.
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Deep Learning with 3D Data
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H 2D Super-Resolution
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1 2D Super-Resolution with diffusion

Solving Diffusion ODEs with
Optimal Boundary Conditions
for Better Image Super-
Resolution (Ma et al., 2023)

Waving Goodbye to Low-Res: A
Diffusion-Wavelet Approach for
Image Super-Resolution (Not
listed, 2023)

Spatio-Angular Convolutions
for Super-resolution in
Diffusion MRI (Lyon et al., 2023)

It details a method to improve super-resolution
image quality by solving diffusion ODEs with
optimal boundary conditions, effectively
reducing the randomness in the image
generation process.

Combines denoising diffusion probabilistic
models with discrete wavelet transformations to
enhance super-resolution, outperforming
existing diffusion-based methods.

Presents a novel convolutional framework for
enhancing the resolution of diffusion MRI
images, showcasing a significant reduction in
required parameters and improved performance
in clinical analyses.

* |ICLR 2024

* No submission reported

* No submission reported
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1K 2D Super-Resolution with U-Net

S.No.

Paper Title (Author, Year)

Super-Resolution of Brain MRI via U-
Net Architecture (Kalluvila, 2023)

MLE?*A?U-Net: Image Super-
Resolution via Multi-Level Edge
Embedding and Aggregated Attentive
Upsampler Network (Mehta et al.,
2023)

UArch: A Super-Resolution Processor
With Heterogeneous Triple-Core
Architecture for Workloads of U-Net
Networks (Duan et al., 2023)

D?UNet: Dual Decoder U-Net for
Seismic Image Super-Resolution
Reconstruction (Not listed, 2023)

Insight from Abstract

Demonstrates the effectiveness of U-Net
for super-resolving MRI scans,
emphasizing its potential to reduce costs
and enhance diagnostic capabilities.

Introduces an innovative U-Net
architecture with attention mechanisms
for improving the balance between
contextual and spatial details in image
super-resolution.

Proposes a novel processor architecture
designed to optimize U-Net performance
for medical imaging, enhancing
throughput and reducing latency.

Describes a dual decoder U-Net that
significantly improves the resolution and
fidelity of seismic images by focusing on
edge and detail reconstruction.

Citations

Not
available

Not
available



H Efficient 3D Representations
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4K Efficient 3D Representations

* 3D Gaussian Splatting
* NeRF
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Overview
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Architecture Overview

Low-resolution Object Reconstruction
Result as input (see appendix B). Original

data is RGB image.
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Figure 3: Our Multi-View Decomposition framework (MVD). Each ODM prediction task can be decomposed
into a silhouette and detail prediction. We further simplify the detail prediction task by encoding only the residual
details (change from the low resolution input), masked by the ground truth silhouette.



Orthographic Depth Map Super-Resolution
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—> challenge
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Architecture
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Architecture
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where ¢(-) denotes up-sampling using nearest neighbor interpolation.



Up-sampling using nearest neighbor
Interpolation
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Training Loss
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where o is the Hadamard product. The total variation penalty is used as an edge-preserving denoising
which smooths out irregularities in the output.



Result
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Dy denotes our predicted high resolution ODM which can then be mapped back onto the original low
resolution object by model carving to produce a high resolution object. Each of the 6 high resolution

ODMS are predicted using the same 2 network models, with the side information for each passed
using alforth channelfin the corresponding low resolution ODM passed to the networks.
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3D Model Carving (G T4H7)
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3D Model Carving
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3D Model Carving
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3D Model Carving
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3D Model Carving
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Result




super-Resolution loU Results against
nearest neighbor baseline

Category Baseline Depth Variation (faop) Silhouette (fs;.) MVD (Both)

Car 73.2 80.6 86.9 89.9
Chair 54.9 58.5 67.3 68.5
Plane 39.9 50.5 70.2 71.1

Table 1: Super-Resolution IoU Results against nearest neighbor baseline and an ablation over individual networks
at 256 from 32> input.



3D Object Reconstruction loU at 2567

Category AE HSP[9] MYVD (Ours) Category AE OGN [44] MVD (Ours)

Car 55.2 70.1 72.7 Car 68.1 78.2 80.7

Chair 36.4 37.8 40.1 Chair 37.6 - 43.3

Plane 28.9 56.1 56.4 Plane 34.6 - 58.9
(a) Datagsp (b) Datasp_Rron2

Table 2: 3D Object Reconstruction IoU at 256>, Cells with a dash - indicate that the corresponding result was
not reported by the original author.



3D object reconstruction surface sampling
-1 scores

Category 3D-R2N2 [3] PSG[6] N3MR [14] Pixel2Mesh [45] MVD (Ours)

1

Plane 41.46 68.20 62.10 TL12 87.34
Bench 34.09 49.29 35.84 S f 1 69.92
Cabinet 49.88 39.93 21.04 60.39 65.87
Car 37.80 50.70 36.66 67.86 67.69
Chair 40.22 41.60 325 54.38 62.57
Monitor 34.38 40.53 28.77 51.39 57.48
Lamp 32.35 41.40 27 .97 48.15 48.37
Speaker 45.30 32.61 19.46 48.84 53.88
Firearm 28.34 69.96 322 7320 78.12
Couch 40.01 36.59 25.04 51.90 53.66
Table 43.79 53.44 28.40 66.30 68.06
Cellphone 42 31 55.95 27.96 70.24 86.00
Watercraft 37.10 51.28 43.71 5512 64.07
Mean 39.01 48.58 33.80 5972 66.39

Table 3: 3D object reconstruction surface sampling F1 scores.



Sk = &]: Super-resolution rendering results

at 5123
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(a)
Figure 4: Super-resolution rendering results. Each set shows, from left to right, the low resolution input and the
results of MVD at 512°. Sets in (b) additionally show the ground-truth 512° objects on the far right.




Sk = &]: Super-resolution rendering results
at 2563
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Figure 5: Suger—resolution rendering results. Each pair shows the low resolution input (left) and the results of
MVD at 256 resolution (right).




- 3D Reconstruction result
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Figure 6: 3D object reconstruction 256> rendering results from our method, MVD (bottom), of the 13 classes
from ShapeNet, by interpreting 2D image input (top).
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Fvaluation
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