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Motivation & Contributions

Humans are good at perceiving and simulating the world

with 3D structure in mind

* Previous deep generative models are often limited to a
single object, hard to interpret, and missing the 3D structure

3D-SDN (ours) vs. 2D Method
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Original image

3D-SDN (ours)

- 3D-SDNs learn and incorporate

(1) Scene semantic labels

(2) Texture encodings for objects and the background

(3) 3D geometry and pose for objects

Scene Manipulation via 3D-SDN

3D-Aware Scene Manipulation via Inverse Graphics
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3D Scene De-rendering Networks (3D-SDN)})

Overview

Semantic De-renderer

Textural De-renderer

Textural Renderer

»  Geometric De-renderer

Geometric Renderer

Geometric De-renderer & Renderer

3D Information
Instance Map

- Mask-RCNN generates object proposa
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« 3D De-renderer infers object attributes and free form
deformation (FFD) coefficients, and selects a mesh model

» predicted
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Textural De-renderer & Renderer

Image Translator Network takes a texture code map,
semantic label map, normal map, L and
object pose map as L, generating an image 1 [pix2pixHD]

GAN Loss accounts for photorealism
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Loan(G, D, E) = Ep 1 {log (D(L, 1)) +log (1 B D(L’ i))}

Feature Matching Loss stabilizes training
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Object-wise 3D Inference
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Virtual KITTI Editing Benchmark

92 pairs of images picked from Virtual KITTI dataset

Semantic + Textural De-render

<seg sky code=[0.90, 0.98, 0.43, ..]>

<obj type=car center forward black>
<obj type=car center forward red>

Geometric De-render Manipulate
Textural
Render
—
_
Geometric <obj type=car right forward black>
Render <obj type=car right forward red>

- Each pair contains operations in . json format

scale rotation 2D offset depth

3D Mesh Renderer renders silhouettes, and a normal map

(byprOdUCt and ObjeCt pOSG map) :.:ogerations": [
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“to": {
. _ “u": "804.4", "v": "227.1",
REINFORCE + regular gradient train on the loss "roi": [194, 756, 269, 865]
“zoom": “1.338",
Epred + >\reproj L:reproj " AR --,.;2: --@_;07--

Semantic De-renderer “type": “delete",

"from": {"u": “1328.5", "v": "271.3"},

DRN generates a semantic label map for the background

vkitti_editing_benchmark. json

Results

Virtual KITTI Editing Benchmark

- 2D/2D+: only texture code map and semantic label map;
naive translation and scaling (+out-of-plane rotation)

Perception Similarity Scores (lower is better)
0.200

Human Study Scores (higher is better)
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Image Editing Examples
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