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Figure 1: We present a Neural Graphics Pipeline, a GAN-based model that samples a coarse 3D model, provides direct control over
camera and illumination, and responds to geometry and appearance edits. NGP is trained directly on unlabelled real images. Mirrored
balls (right-bottom) indicate corresponding illumination setting.

Abstract

In this paper, we leverage advances in neural networks towards forming a neural rendering for controllable image generation,
and thereby bypassing the need for detailed modeling in conventional graphics pipeline. To this end, we present Neural
Graphics Pipeline (NGP), a hybrid generative model that brings together neural and traditional image formation models. NGP
decomposes the image into a set of interpretable appearance feature maps, uncovering direct control handles for controllable
image generation. To form an image, NGP generates coarse 3D models that are fed into neural rendering modules to produce
view-specific interpretable 2D maps, which are then composited into the final output image using a traditional image formation
model. Our approach offers control over image generation by providing direct handles controlling illumination and camera
parameters, in addition to control over shape and appearance variations. The key challenge is to learn these controls through
unsupervised training that links generated coarse 3D models with unpaired real images via neural and traditional (e.g., Blinn-
Phong) rendering functions, without establishing an explicit correspondence between them. We demonstrate the effectiveness of
our approach on controllable image generation of single-object scenes. We evaluate our hybrid modeling framework, compare
with neural-only generation methods (namely, DCGAN, LSGAN, WGAN-GP, VON, and SRNs), report improvement in FID scores
against real images, and demonstrate that NGP supports direct controls common in traditional forward rendering. Code is
available at http://geometry.cs.ucl.ac.uk/projects/2021/ngp.

CCS Concepts
o Computing methodologies — Rendering; Shape modeling;

1. Introduction rendering parameters, the main bottleneck of the classic approach is

content creation, that is the explicit need to author detailed scenes.
Computer graphics produces images by forward rendering 3D Neural networks have recently given raise to neural rendering as an
scenes. While this traditional approach provides controllability in alternative approach wherein specialized networks are trained end-

the form of direct manipulation of camera, illumination, and other
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to-end to operate on deep features stored on sparse geometry (e.g.,
voxels [ALS16,STH 19,NPLBY18,NPLT 19,MGK 19,ZZZ 18,
SZW19], points [AUL19], surface patches [GFK 18]) to directly
produce pixel colors. Neural rendering revolutionizes image synthe-
sis workflow by bypassing the content creation stage, however, they
lack the level of controllability supported in traditional rendering.

In this work, we leverage advances in neural networks towards
forming a neural rendering for controllable image generation, and
thereby bypassing the need for detailed modeling in conventional
graphics pipeline. As a first attempt along this avenue, we introduce
Neural Graphics Pipeline (NGP), a hybrid generative approach that
uses neural network to produce coarse 3D content, decorated with
view-specific interpretable 2D features, that can then be consumed
by traditional image formation models — see Figure 3. The approach
relaxes the need for modeling a fully detailed scene model, while
retaining the same traditional direct control over illumination and
camera, in addition to controls over shape and appearance variations
— see the controllable image generation results via these control
handles in Figure 1.

NGP (see Figure 3) consists of four modules: (i) a GAN-based
generation of a coarse 3D model, (ii) a projection module that
renders the coarse geometry into a 2D depth map, (iii) a set of
neural networks to produce image-space interpretable appearance
features (i.e., normal, diffuse albedo, specular map, roughness), and
(iv) a 2D renderer that takes these appearance maps along with
user-provided conventional illumination (i.e., light positions with
intensity) to produce the final images.

Training NGP is challenging because there is no direct supervi-
sion available in terms of paired or unpaired input and corresponding
2D interpretable features. We present an unsupervised learning setup
for the proposed neural modeling framework. Note that by generat-
ing interpretable intermediate maps, we link the 3D and 2D images
without any explicit correspondence information between them. The
core of NGP consists of a network that parameterically translates a
depth image to an image with realistic appearance. These additional
parameters, which disambiguate the translation, are in fact the han-
dles that controls the image generation of the trained network. A
notable feature of NGP, which is based on unsupervised unpaired
training, is the ability of collectively learn from synthetic data and
real images.

By incorporating knowledge from graphics pipeline into neural
image synthesis, we demonstrate the effectiveness of our approach
for controllable image generation results of single-object scenes. We
extensively evaluate our hybrid modeling framework against sev-
eral competing neural-only image generation approaches [ALS16,
MLX 17,ACB17,Z77 18,SZW19], rate the different methods us-
ing the established FID score [HRU 17,LKM 18] (see a preview
in Figure 2), and present ablation studies to show the importance
of our design choices. Our tests demonstrate the superiority of our
method (i.e., lower FID scores) compared to other state-of-the-art
alternatives, on both synthetic and real data.

2. Related Work

GAN-based image generation. Since the introduction of Gen-
erative Adversarial Nets (GANs) [GPAM 14], many GAN vari-

ants [ALS16, MLX 17, ACB17, YKBP17] have been proposed
to synthesize images conditioned on control variables sample
from a Gaussian distribution. State-of-the-art GAN-based meth-
ods are now able to generate images with high level of real-
ism [BDS19, WLZ 18,KLA19]. While it is increasingly possible to
provide guidance through conditional latent code [MO14,00S17],
structured latent space [NPRM 20,EKJP20,vSKG18,KHK18], style
example [GEB16], or semantic specifications [PLWZ19], it still re-
mains difficult to directly control generated imagery by updating
all of geometry, camera, illumination, or material parameters. We
were particularly inspired by the recently proposed visual object
network [ZZ7Z 18] that takes a generated rough shape and trains a
2D texture network for adding texture to synthesize images. Dif-
ferent from ours, they directly output final RGB images, and do
not provide access to interpretable intermediate features, and thus,
prevents direct illumination control. We use unsupervised training,
avoiding associating images with attributes or tags to allow scaling
in terms of variety, richness, and realism.

3D generative neural networks. Researchers have also devel-
oped various generative networks for automatic content creation,
ranging from single object generation [WZX 16,CZ19,PFS 19,
LXC 17,ZXC 18,GYW 19,MGY 19, YHH 19], indoor scene
synthesis [MPF 18, WLW 19,RWL19,YJL 18], urban landscape
and terrain generation [KGS 18,ZLB 19]. The generated geome-
try, however, is still not sufficiently detailed and/or assigned with
plausible materials, to be directly rendered by traditional forward
rendering to produce high-quality images.

Neural rendering. A particularly exciting breakthrough is neural
rendering, where deep features are learned on coarse geometry (e.g.,
voxels, points), and then neurally rendered to produce a final image.
Most of the proposed approaches use supervised training and/or
largely target novel view synthesis task [STH 19,TZN19,MGK 19,
NPLBY18,SZA 19,AUL19,ZYM 18,SZW19,BSP 19,0TW 19,
MST 20], with the output optionally conditioned using latent vec-
tors (e.g., appearance vectors in [MGK 19]). In the unsupervised
setting, GQN [ERB 18] and HoloGAN [NPLT 19] allow camera
manipulation and model complex background clutter. However,
since the learned features are deep, they cannot, yet, be manipu-
lated using traditional CG controls. For example, one cannot freely
control illumination in such an image generation pipeline.

3. Formulation
3.1. Overview

Traditional computer graphics follows a model-and-render pipeline,
where a 3D scene is first modeled, and an image is then produced by
rendering the 3D scene via a conventional renderer, a process that
simulates the flow of light in physical world. While NGP follows
a similar paradigm, it bypasses the need to directly model an elab-
orated scene with all essential assets in 3D for rendering. Figure 3
presents an overview of NGP at inference time : we first sample a
coarse 3D shape using a neural network, followed by a set of learned
generators producing view-specific interpretable reflectance prop-
erty maps, along with a neural-rendered specular map. We assume
the reflectance of the viewed content in the scene is characterized by
a set of property maps: diffuse albedo, surface normal, monochrome
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Figure 2: Left: image samples generated from existing approaches on cars and chairs categories; Right: image samples generated from NGP
The models have all been trained on the same datasets.

Figure 3: NGP at inference timeAt test time, starting from a sampled noise ve@oand a set of user control signals (marked in yellow),
NGP uses a combination of learned networks (marked in mustard) and xed functions (marked in blue) to produce a range of interpretable
feature maps, which are then combined to produce a nal image |

roughness and specular albedo, which are then combined using thalirect editing and latent control; and (iv) appearance handle
Blinn-Phong Re ection Model to manipulate the appearance of the object via direct editing and
latent control. The NGP is designed such that the output image

More speci cally, to generate an image using NGP at inference . ST
meaningfully adapts to the user speci cations.

time, a coarse shap®is rst generated from a latent shape code
S:= GshapdZs), the shape is then projected from a viewpoint sample  Next, we detail the individual modules in NGP and elaborate on
vto form a 2D depth magd := P(S). The maps generation mod- how we train the networks without intermediate supervision. As
ule then produces a set of intermediate maps, wigltontrolling training data, we assume access to a collection of 3D shapes, a
the appearance (diffuse albedo). The generated re ectance mapsollection of re ectance maps, and a collection of real-world images
from Gorop := ( Gyas Gn; Gr; Gsg) are then fed into a xed function  for learning respective data prior. Note that, similar to common
Blinn-PhongrenderelR gp (see Appendix A in the appendix for ~ GANs for image generation that usually assume no paired data (i.e.,
details) to illuminate the viewed content under a given light setting a random Gaussian sample is paired with a corresponding ground
L. Blending the resultant rendering image with the realistic specular truth image for supervising the generator) available for training the
map generated b@é%a', our image formation ow generates the networks, we dmot have the correspondences between the shape
nal image by sampling the space dk( v, g5, L) at inference time:  geometries, re ectance maps and nal images, and the random

I = Rep Gorop(Pv(Gsnapd2s))iZaa)iL G _E,%al(Pv(GshapéZs))); samplings in the space df( v, z4,, L) for training our networks.

where denotes the image blending operation.

NGP provides the user with several handles (highlighted in yellow 3.2. Leaming geometry synthesis

in Figure 3) to control the output image: (icamera handl®ffers We start with a category-speci ¢ 3D shape prior to capture rough
direct control to rotate the camera view; (ii)lamination handle geometry of the objectyithoutany re ectance properties. A large
offers direct control to specify the lights (position, intensity, and collection of 3D shapes are used for training to learn this shape prior.
count); (iii) a shape handldo control the coarse geometry via We adopt the recently proposed IM-GAN [CZ19], which uses shape
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Figure 4: Learning re ectance maps generatiorilhe proposed architecture for training to jointly generate re ectance property maps from
depth images using adversarial losses and cycle consistency losses to enable unpaired training. Top: the cycle between the real depth imac
and the generated diffuse image composited from generated re ectance maps. Bottom: the cycle between real diffuse image composited frot
real re ectance maps, and the generated depth maps.

latent codes to produce implicit signed distance elds corresponding 3.4. Learning re ectance maps generation
to realistic shapes, although alternate 3D generative models can b

used %\lext, we elaborate on the modules to generate re ectance maps from

a coarse depth mag including two constant function moduleGsg
andG, for specular albedo and roughness maps, respectively) and

More speci cally, we pretrain a 3D autoencoder with the implicit .
eld decoder to produce a compact shape latent space for representEWO learned ngtworksﬁ’ia andG, for diffuse albedo and normal
maps, respectively).

ing 3D shape implicit elds and use latent-GAN [ADMG17] on the
trained shape latent space to produce realistic shape latent codes. As (i) Specular albedo and roughness maps generatioabsence
aresult, we learn a generatBapeto map the Gaussian-sampled  of diverse specular albedo and roughness data to learn the data
shape codes to a shapes:= Gshapd ). prior, we simply realiz&ssz andG as constant functions in the form:
Gsdd) : 1€a= cM (d) andG(d) : a% = aM (d); wherel; is the
generated specular albedo maf,the generated roughness map,
M () generates the mask dfby thresholding the deptlt, is a
constant specular albedo (set to white) arid a constant roughness
3.3. Depth projection (set to 4.0).

(ii) Learning to generate diffuse albedo and normal mdgs.the
training data to leargy, andG,, we only have access to example
‘real' re ectance maps that comprise of real diffuse albedo maps
I5,= f15,0 and detailed normal map¢’ = f N'g, along with corre-
sponding viewpoints. Note that, given the light settinfmodelled
as a set of white directional lights during training), each set of real
re ectance maps, denoted t();{,a; N"), can be used to render a real
diffuse imagd s using the diffuse re ection component (denoted
asR ;) in the Blinn-Phong equation.

Next, we project the coarse shape to 2D via a direct depth projection
layer. Given a sampled shafend a sampled viewpoint which

is parameterized by an extrinsic mati:= [Rjt] 2 R® * and
camera intrinsick 2 R® 3, we obtain a coarse depth mdpby
projecting everyisible point p (in homogeneous coordinates) on the
surfaceSas,d := KEp;8p2 S We use OpenGL calls for ef cient
rasterization and depth rendering. As we shall demonstrate, the
original coarse depth map is itself suf cient for our end goal —
image generation. Although we tranapeSeparately, if desired,
NGP can be linked to a differentiable depth rendering layer and  Given the coarse depth imadend the viewpoint parameterized
trained end-to-end. by E andK, the task is then traininy, and G, to synthesize a
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pair of generated re ectance ma[ﬁa; N9) that can be used to
render a diffuse imagbgf. Training with supervision would be
relatively easy, and can be seen as a standard task. However, we do
not have access to ground truth maps for supervision, i.e., the shape
generated from the shape network comiéthoutany ground truth

re ectance properties. Hence, we treat this as an unpaired image-to-
image translation problem. Our key idea is to do a cycle translation
between the depth map and the diffuse image (i.e., th product of

the diffuse albedo and detailed normal map), via the xed diffuse ) . .
rendering functiorR gitr. Speci cally, we design a cycle-consistent Figure 5: The cycle-consistent adversarial network for learning to

adversarial network thgointly generateglJ_; N9 fromd. Figure 4 generate realistic specular maps from normal maps using adver-
shows the proposed architecture. sarial and cycle consistency losses. For simplicity, other essential
modules in the training cycles are omitted.
Given ‘real' depth map®" = fd"g produced from the depth

projection, we train a networé, to generate a detailed normal map
N9 = Gy(d") that fools a discriminator trained to differentiate the
real and generated detailed normal maps, and another ne@Gyork

to generate a diffuse albedo m@ that fools a diffuse albedo map
discriminator (Figure 4-top). Note that we dot enforce one-to-
one mapping from depth maps to diffuse albedo maps, but rather
condition the generation using random Gaussian samplezggde
practice, we found the netwofEy, dif cult to train in absence of 3D

the generated diffuse imadd, leads to a composite imagdé

that fools a realistic images discriminator (see Figure 5) , which is
trained to differentiate the generated nal composite images from
the real-world images. The training data here for Ieanﬂg’ﬁ' is

only a collection of real-world images. To enable training without
paired data, we again designed a cycle-consistent adversarial net-

f real i ;
object-space coordinates, as opposed to the view-dependent cameréﬁ\fOrk for le?m'ngGs_p - The key |dea_shares. the same adversarial
space coordinates provided by the depth map. Hence, we use thgycle-consstency idea as adopted in Section 3.4, and thus we do
intrinsic K and extrinsicE camera parameters, to enridh’to the not expand on more details of the network architecture. Note the
normalized object coordinates (NOC) [WS]:B]’system to obtain realistic specular generator can be linked to the networks of training
dhoe = nodd": K; E). Further, we found that the generated normal re ectance map generators, making the setup end-to-end trainable.

mapN? helps improving the generation of the diffuse albedo, as Note that this realistic specular generation, while offers furthur re-

the detailed normal map provides more detailed geometry im‘orma—fElllsm to the nal image, is only conditioned on the view-speci ¢

g g . . . . .
tion. Therefore, we giv€&y, as inputdnoc, N9, andzy, resulting in: |nput_N tf”mdld_f’ thus it rfmlﬁ'gls unafdfecteclia b)_/ the |II_u;n|ntat|on
|3a = Gua(dhoe N9: 242). Following these two generation networks, speci csv!tc;]ntsr](l.s.,luncorg)r(t) able) anl. San e |nlconS|s ent.acrosiJI
a differentiable diffuse render® yj takes as inpuN? andlf‘j to views. Wi € balance between realistic specular generation an

: : — D . 19 . loss of full control, we offer different ways of generating images
generate a diffuse imagfl; := Rair(N% 1g5;L)- with trade-off between the realism and control (Sec. 4). Further
On the other end (Figure 4-bottom), given the “real’ diffuse albedo improving controllability, particular multi-view consistency of the

mapl{;, and detailed normal mal’, we introduce an encod&, realistic specular generation, is left to future research.

to estimate a Gaussian-distributed diffuse albedo code from the real
diffuse albedo mapjj. In addition, a ‘real’ diffuse image is rendered
via Ifj; := Rygir(N"; 15, L), taken as input to the depth network
Guepthto generate a coarse depth math= Gyepir{l ) that fools a Hyperparameters and full network architectures for NGP are detailed
coarse depth map discriminator. in the following. Training of the presented models took around 5
days per class on a single Nvidia GeForce GTX 1080. A single
orward pass takes around 180 ms and 1 GB of GPU memory. Note

3.6. Implementation details

We jointly train all the network€n, Gya, Eda, Gaepth With a set

Of. adversarial losses aqd c_ycle-con5|stency I_osses, as lllustra_te hat while training on real images, we found accurately modeling
with the dashed arrows in Figure 4. We also simultaneously train

. L . erspective effects, instead of an orthogonal camera assumption, to
corresponding discriminators to classify the real from the generated bersp 9 P

. ) . cPe important.

maps/images. More details about the training losses can be foun

in the appendix (Appendix B). We use xed light settihgluring 3D shape networkFor the coarse shape synthesis network, we

training, placing uniformly 4 overhead white directional lights to adopt the IM-GAN architecture from [CZ19]. Both generator and the

light up the scene. Note that the light settingan be dynamically discriminator are constructed by two hidden fully-connected layers,
changed at inference time, resulting in illumination control in the and the Wasserstein GAN loss with gradient penalty is adopted
generated images. to train the latent-GAN. We refer readers to the original paper of

IM-NET for more in-depth technical details.

2D detailing networksWe use a perspective camera with a fo-
cal length of 50mm (35 Im equivalent). The 2D networks takes
To add further realism to the nal image, we learn a realistic specular as input depth images @56 256 resolution, which is also the
networkGé%a', which takes as input the generated detailed normal size for all re ectance maps. For 2D maps generation networks, we
mapN9, derived from the input depth, to generate a realistic spec- use the ResNet encoder-decoder [ZPIE17, HLBK18] for all map
ular mapl . Blending this generated realistic specular map with generators. In addition, we concatenate the diffuse egg® all

3.5. Learning realistic specular generation
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Figure 6: Qualitative comparison with baselinedNGP versus DCGAN [ALS16], LSGAN [MLX7], WGAN-GP [ACB17], and
VON [ZZZ 18]. All the models were trained on the same set of real-world images.

Figure 7: Comparison with SRNsfFor fair comparison, we give SRNs [SZW19] full camera information and use the depleted NGP-BP option.
Please refer to the appendix (Appendix E) for details.

intermediate layers in the encoder@®f; [ZZZ 18], the generated generated diffuse albedo. Finally, we use the least square objective
detailed normal mapl? is fused to the rst layer of the encoder  as in LS-GAN [MLX 17] for stabilizing the training.
of Gy by concatenation. The ResNet encoder [HZRS16] is used
for constructingega. We use mid70 70) and largg(140 140
receptive eld size (RFS) for all discriminators (except the diffuse
albedo discriminator), as the generation of these maps relies onWe introduce the datasets, evaluation metrics, and compare Neu-
the mid-level and global-structure features extracted by the corre-ral Graphics Pipeline against competing GAN-based and/or neural
sponding discriminators; we use sm@é  34) RFS for the diffuse rendering baselines. Further details can be found in the appendix
albedo discriminator, as the generation of the diffuse albedo needs(Sec. D and Sec. E). We evaluate our generated images, both quali-
only low-level features extracted by the corresponding discriminator, tatively and quantitatively, on publicly-available datasets. For com-
such adocal smoothness, purity, repetitive pattern and etc. of the parisons, at test time, we use two variants of our metho® G
albedo color, paying less attention to the global structure of the as the default option, the nal image is generated by blending the
diffuse rendering oR g (Blinn-Phong specular excluded) under 4
base overhead lights (same setting as in training) with the realistic

4. Experiments
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