Pioneering exploration of Computer Graphics
& Machine Learning in Industry
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Data-driven Interior Plan Generation for Residential Buildings
http://staff.ustc.edu.cn/~fuxm/projects/Deepl ayout/index.html
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« Locating Elements (Room)
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« Predicting Boundary & Regularization
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Adversarial Monte Carlo Denoising with Conditioned Auxiliary Feature Modulation

BING XU, KooLab, Kujiale, China
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RUI WANG, State Key Laboratory of CAD & CG, Zhejiang University, China
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RUI TANG, KooLab, Kujiale, China

NFOR (0.0748) RAE (0.1260)

) Noisy Input (0.7947)
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http://adversarial.mcdenoising.org/

Noisy Input NFOR KPCN Ours Reference
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Fig. 1. Left to right; top to bottom: (a) 32 s| pp ylmag gen ing a ptht er; (b) NFOR [Bitterli et 12016]()R r [Chaitanya
et al. 2017]; (d) KPCN [Bako et al. 2017] (e) ou IMCd (f) eference pa tht ced image with 32k spp. Number. d ate metric (1-SSIM).
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Problem Domain & Contribution
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Problem Domain & Contribution

e H4 82837 https://zhuanlan.zhihu.com/p/41269520

K IRIRIRIE R

- Adversarial MC Denoiser
e L1?7L270Or???

« Conditioned feature Modulation
* How to use cheap auxiliary features
* Normal
* Depth
* Albedo
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Overview of our adversarial framework (First GAN MC Denoiser)
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Fig. 2. (a) Overview of our adversarial framework; (b) Illustration of the residual block (ResBlock) for conditioned feature modulation; (c) EncoderNet;
(d) CriticNet. Interpretation of network layer annotations: e.g, k3n128s1 indicates that kernel size is 3, number of feature channels is 128 and stride is 1.
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Fig. 11. Comparisons of different feature utilizing methods. From left to
right: (a) Training with no auxiliary features; (b) Concatenate the auxil-
iary features and noisy color as fused input; (c) Full model of CFM with a
combination of shifting and scaling; (d) Reference.

Ours Noisy Input NFOR RAE KPCN Ours Reference

BathRoom

1-SSIM (0.498707)  (0.023738)  (0.036035)  (0.019587)  (0.015482)
RMSE  (0.015005)  (0.000601)  (0.000909)  (0.000411)  (0.000254)
PSNR  (23.433917)  (38139083)  (36.114381)  (30.167406)  (41.241905)

HorseRoom

1-SSIM  (0.794728)  (0.074805)  (0.125990)  (0.059955)  (0.058085)
RMSE  (0.161283)  (0.006406)  (0.025274)  (0.003189)  (0.003164)
PSNR  (16278891)  (32375395)  (22.700146)  (33.744695)  (34.194759)

WhiteRoom

T 9T P I 9 9
1-SSIM (0.699543) (0.037186) (0.043571) (0.036390) (0.033788)

RMSE (0.031997) (0.002764) (0.007465) (0.002906) (0.0013%9)
PSNR (21.263119)  (36.410523)  (34.737302)  (37.440158)  (38.455508)
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InteriorNet: Mega-scale Multi-sensor
Photo-realistic Indoor Scenes Dataset

https://interiornet.org/

Wenbin Li, Sajad Saeedi, John McCormac, Ronald Clark, Dimos
Tzoumanikas, Qing Ye, Yuzhong Huang, Rui Tang and Stefan Leutenegger

Imperial College London Kujiale.com
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Imperial College IE3 OOS rFeY Tt
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Real-world dataset

* Needed by various learning based system
* Images data with good photorealistic effects
* A small amount of ground truth

* Manual labelling data

* Low quality ground truth
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Image (specular) Image (diffuse) Depth Surface Normal Albedo Phong Model Semantic Segmentation  Glossiness Segmentation
| !
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SUNCG Dataset + Ground Truth

Synthesised dataset

*Easy to create large amount of data
*Easy to generate perfect ground truth
eLack of photorealistic effects - images look fake
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- Synthesised Data Real-world Data

Realistic gap between synthesised and real-world data

* An ideal dataset may

* Be big enough for represent the diversity of real world

* Need photorealistic effects as good as real-world data

* Content ground truth as perfect as synthesised data

* Contain flexible configurations for different requirements
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Real Decorations Our Rendering
InteriorNet is to bridge this reality gap

* Huge dataset with photorealisitic images and perfect ground truth
* The production level furniture CADs

* The same digital layouts of the real-world decorations

* A good realistic renderer
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Simulating Tool + Mega Data
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NiA=2i)\50- InteriorNet
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Input window of velocities from
base trajectory

Random realistic trajectory generation

* Create random trajectory as a base Our Synthesised Trajectory
e Use a variation of WaveNet

e Learn realistic momentums from training data

* Apply the realistic motion onto base random trajectory
e Good simulation to a handheld camera motion

e Support various translation and rotation speed
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