PerspectiveNet: A Scene-consistent Image Generator
for New View Synthesis in Real Indoor Environments

David Novotny Benjamin Graham Jeremy Reizenstein
Facebook Al Research
London
{dnovotny,benjamingraham,reizenstein}@fb.com

Abstract

Given a set of a reference RGBD views of an indoor environment, and a new
viewpoint, our goal is to predict the view from that location. Prior work on new-
view generation has predominantly focused on significantly constrained scenarios,
typically involving artificially rendered views of isolated CAD models. Here we
tackle a much more challenging version of the problem. We devise an approach
that exploits known geometric properties of the scene (per-frame camera extrinsics
and depth) in order to warp reference views into the new ones. The defects in the
generated views are handled by a novel RGBD inpainting network, PerspectiveNet,
that is fine-tuned for a given scene in order to obtain images that are geometrically
consistent with all the views in the scene camera system. Experiments conducted
on the ScanNet and SceneNet datasets reveal performance superior to strong
baselines.

1 Introduction

Decisions often have to be made on the basis of incomplete information about our visual environment.
Humans instinctively fill the gaps in from prior experience. This is an enabler of many tasks such
as navigation, and machine learning should strive to match this ability. One way of quantitatively
measuring it is via generating new views within a partially explored environment. Many variants of
this problem, known as new view synthesis, exist, ranging from a category-specific setup, where the
hallucinated views are conditioned on image(s) of an isolated instance of a well defined visual object
category (car, chair) [9], to inferring new photo-realistic pictures of outdoor or indoor scenes given
a set of reference images [[13]]. The former can be seen as a subtask of the latter, since real scenes
contain many instances of various object categories in an arbitrary geometric configuration. Perhaps
due to the challenging nature of the more unconstrained setup, the community in recent years mostly
focused on the category-specific scenario, restricting a large portion of the experimental evaluation to
clean synthetic datasets such as ShapeNet [4].

In this work, we take a step toward the more complex task of generating new views of real indoor
environments. Historically, the new view synthesis task has been addressed with either learning
based methods [43l 20, [19], that leverage deep nets to map an encoding of a viewpoint and style to a
new view, or methods that exploit geometric properties of a given scene to warp reference images
into a target viewpoint, usually with some human intervention, possibly followed by an inpainting
step that fills the newly appearing holes [[17,[7]. While learning based methods are suitable for the
category-specific setup, where the viewpoint-to-image mapping is less complex, due to the regular
geometric structure of object categories, the indoor scene synthesis was predominantly addressed
with different variants of the render-inpaint technique. Similar to previous approaches, we tackle the
task by devising a novel variant of the render-inpaint approach.
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Figure 1: New view synthesis in real indoor environments. Given a sparse set of reference RGBD
room views, our goal is to generate new views of the same room.

Our main contribution is a novel scene-level multi-camera optimization scheme termed PerspectiveNet.
The crux of the method lies in regarding the joint set of reference and generated test views as a
calibrated optical system. Its known physical properties allow for exploiting powerful constraints
that enforce consistency of the newly generated views across all present cameras. Combined with a
latent representation of pixels in each view, we optimize over the set of latent image codes to generate
globally consistent set of views of a considered room.

We conduct one of the first systematic evaluations of the new view synthesis task in the context of
real indoor environments. Our method is compared with a variety of strong baselines that either
follow the render-inpaint paradigm, or reason about scene contents in 3D space with 3D convolutions.
Evaluation on the ScanNet and SceneNet datasets reveals that our method outperforms all baselines
both qualitatively and quantitatively.

2 Related Work

Category-specific new view synthesis Neural networks can successully learn complex mappings,
including changes of appearance induced by a camera movement. Therefore they have been the
method of choice in tackling new view synthesis. The task was mostly explored for isolated object
categories such as chairs or faces, since their regular structure significantly constrains the problem.
Given an encoding of a relative transformation and a reference image, Transforming Autoencoder [[16]
produced its transformed version. While [[16] applied the architecture to images of digits, Multiview
Perceptron [46] synthesized views of human faces.

With the advent of deep learning, convolutional neural networks (CNNs) enabled new view synthesis
for more complex object categories. Dosovitskiy et al. [9] generated new views of chairs from
a synthetic dataset (ShapeNet). Following [34], [34} 39} 22]] proposed a similar encoder-decoder
architecture that, differently from [9]], generated views of object instances previously unseen in the
train set. Similar to our approach, several other methods proposed an alternative that transfers pixels
from the reference views, followed by an image refinement step [T9]]. Other approaches [20]
involve an intermediate 3DCNN that aggregates information from the reference views, followed by a
learned 3D-to-image decoder. While the aforementioned methods show impressive results, they are
restricted to isolated views of object categories from a synthetic dataset. We differ by considering
a much more challenging setup with the reference views coming from real indoor environments
captured with a hand-held camera.

New view synthesis in the wild Only very few works explored unconstrained generation of new
views in real environments. Flynn et al. consider a simpler version of the task where the reference
views cover most of the frustum of the test views allowing to form the majority of the synthesized
image by copying pixels from the reference views. Eslami et al. proposed an end-to-end trained
Generative Query Network (GQN) that renders new viewpoints given a latent encoding of the scene
and a novel viewpoint. GQN can effortlessly browse simple synthetic environments, however it has
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Figure 2: Scene-consistent optimization. For a given test scene, PerspectiveNet optimizes the
latent representations of new views in order to obtain a scene-consistent set of images that satisfy
geometric re-projection constraints of the scene camera system and have similar visual style.

not been tested in a real world setup. The recent method of Meshry et al. [29] captures a complete
distribution of possible appearance variations of a, mostly hole-free, image. This differs from our aim
of inpainting large undefined regions. Recently, [33] trained a 3D ConvNet for generation of new
views of a single non-synthetic object instance.

Image inpainting Our method is also related to image inpainting. Early approaches [2, 1, 35, 10,
23] were recently outperformed by deep methods. Isola et al. [18] used a Conditional Generative
Adversarial Network cGAN to translate between different types of pixel-wise labels. Many improve-
ments of the original cGAN architecture, including [38, 45, 44], were later proposed. Avoiding the
use of GANSs, [26] leverage partial convolutions in combination with the perceptual and style losses
[14] and achieve state-of-the-art results in semantic image inpainting. Recently, Ulyanov et al. [37]
demonstrated that convolutional layers constitute a strong prior for image denoising and, as such, can
be used for image denoising without prior training on a dataset of images.

3 Method

Task and naming conventions Our goal in this paper is to generate new views of an indoor scene
given a set of reference views captured by a handheld RGBD camera. More formally, we take as input
a set of N reference RGBD views fvigfvzrif; vi 2 R>HXW annotated with their corresponding
camera extrinsic and intrinsic matrices g° 2 SE(3) and K ? 2 R*** respectively'. At some pixels,
the depth value is incorrectly recorded as zero to denote missing data. Given camera parameters

fRE 07) gVt of Nyegt test views, our method attempts to generate their RGBD content with a
Ntest

prediction f Ong test 'We denote V = fvzgl:“;f [f 0?g; 't as a set of all views in a given scene.
Throughout this paper we denote image spatial locations u = (uy;u2) 2 f 1;::;Wg f 15 Ha.
At each pixel u, we can identify the corresponding per-pixel depth d,, 2 R and color ¢, 2 [0; 1]%.
The knowledge of camera parameters and depth allows to back-project each pixel u* = (Uy; Us) from
image i to its corresponding 3D point X{, (K ‘g®) "![uy;uz; d,; 1]7 in the common coordinate
frame of the corresponding scene. Since we work with rendering algorithms that occasionally produce
holes in images (i.e. pixels with undefined color), we denote by ( V) a set of all locations U in a view
V that are non-holes (pixels with defined color).

In what follows, we describe a render-inpaint baseline followed by our main contribution consisting
of an extension of the baseline to a novel scene-consistent inpainting method, PerspectiveNet.

3.1 Inpainting with a denoising RGBD autoencoder

As outlined above, we take a pragmatic approach and start by “copying” all possible pixels from the
reference views into the test ones. While this can be achieved with depth-based image rendering

"We use upper indices to index frames, while lower indices stand for spatial locations of pixels within a frame






























