
OrthoPlanes: A Novel Representation for Better 3D-Awareness of GANs

Honglin He1,2†∗ Zhuoqian Yang1,3‡∗ Shikai Li1 Bo Dai1 Wayne Wu1�

1 Shanghai AI Laboratory 2 Tsinghua University
3 School of Computer and Communication Sciences, EPFL

hehl21@mails.tsinghua.edu.cn zhuoqian.yang@epfl.ch lishikai@pjlab.org.cn

daibo@pjlab.org.cn wuwenyan0503@gmail.com

Figure 1: We build a new hybrid explicit-implicit 3D representation - OrthoPlanes. Our model can synthesize diverse objects with
reasonable geometry without target-specific 3D priors (Left). Furthermore, as a general representation, our approach can be translated to
conditional tasks expediently (Right).

Abstract

We present a new method for generating realistic and
view-consistent images with fine geometry from 2D im-
age collections. Our method proposes a hybrid explicit-
implicit representation called OrthoPlanes, which encodes
fine-grained 3D information in feature maps that can be
efficiently generated by modifying 2D StyleGANs. Com-
pared to previous representations, our method has better
scalability and expressiveness with clear and explicit in-
formation. As a result, our method can handle more chal-
lenging view-angles and synthesize articulated objects with
high spatial degree of freedom. Experiments demonstrate
that our method achieves state-of-the-art results on FFHQ
and SHHQ datasets, both quantitatively and qualitatively.
Project page: https://orthoplanes.github.io/.
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1. Introduction

Recovering 3D world from 2D images, known as in-
verse rendering, is a typical problem in computer vision
and computer graphics. It has many practical uses in VR/AR
and other domains like movie production and virtual try-
on. Physically-based methods [9, 12] can yield superior
outcomes, but they are associated with notable costs and
intensive labor requirements. On the other hand, data-centric
approaches stand out for their adaptability, ease of use, and
photorealism [56]. In this study, our objective is to develop a
novel data-driven representation that enhances the 2D GAN’s
understanding of 3D geometry, enabling it to produce more
detailed and realistic images of diverse objects.

3D-aware GANs have advanced rapidly to synthesize
images that are consistent across multiple views from 2D
image collections [6, 5, 18, 43, 41, 49, 62, 22, 65, 51]. These
methods combine unsupervised learning, neural rendering
and super resolution to produce realistic results. However,
they continue to face challenges in accurately reconstructing
3D shapes from 2D images, a crucial step in rendering 2D
GAN genuinely aware of 3D contexts. Certain methods at-
tempt to address this issue utilizing a tri-plane representation
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[5] or through the use of multiple parallel images [64] for
the reconstruction of 3D entities. However, these strategies
fall short when dealing with non-rigid entities like human
figures that exhibit asymmetrical poses and varied appear-
ances, which cannot be adequately represented by merely
three orthogonal or parallel projections.

Inspired by successful scene-specific representations [38],
we present a method for efficiently upscaling the generaliz-
able tri-plane representation [5]. The main idea of our work
is that a representation indexed via sectional projection can
better represent 3D world than one that is indexed via or-
thogonal or parallel projection, because it has more explicit
3D information such as projection direction and distance.
Based on this intuition, we introduce a novel hybrid explicit-
implicit 3D representation, OrthoPlanes, as shown in Fig.
2 (d). We introduce a pre-defined location embedding to
each feature map [28] to make them location-aware. The
renderings exhibit better view consistency owing to this ex-
plicit data. Moreover, the geometry can be more detailed
since the codebook size and density surpasses that of the
representations based on orthogonal projections.

With acceptable increase of computing costs over EG3D
[5], our approach can improve image quality, deal with more
difficult viewing perspectives and generate articulated ob-
jects with high spatial variability, e.g., human bodies, as
shown in Fig. 1. Our experiment show state-of-the-art re-
sults for 3D-aware image synthesis from 2D collections on
diverse datasets including FFHQ [27] and SHHQ [15].

We summarize our contributions as the follows: 1) We
present a 3D representation termed orthoplanes aimed at en-
hancing the 3D awareness of 2D GANs, which significantly
improves view-consistency and geometry. 2) we add a new
branch to the 2D generator ensuring both training efficiency
and heightened scalability.

2. Related Works
Neural scene representation. Neural scenes optimized
through differentiable neural representations from collec-
tions of 2D-images and corresponding camera pose [37,
1, 19, 55, 47, 14, 31, 32, 29, 50, 24, 63, 60] and rendered
via volume rendering [35] has been gaining attention. The
essence of these scene representations revolves around asso-
ciating each spacial location with a feature vector, which can
range from color, density, to signed distance [44], among
others. Generally, this mapping technique, or the 3D-scene
representation, can be categorized into two primary types:
point-wise processing [37, 63, 44] and methods based on
lookup procedures [14, 5, 38].

Point-wise methods include fully-implicit and local-
implicit representations. The fully-implicit representations
utilize a coordinate neural network and depict the scene as
a continuous function. Although they tend to be efficient
in memory usage, rendering a scene using these implicit

(d) Ours (OrthoPlanes)

(a) Voxel (b) Multi-Resolution 
Hash Table

(c) Tri-Plane

Figure 2: Look-up based 3D representations. Dense voxel grid
[53] (a) uses explicitly located anchor-point table to store the scene.
Multi-resolution hash table [38] (b) uses multiple hash tables to
store the at with different resolutions. Tri-plane [5] (c) projects
3D spatial points onto three orthogonal planes, each of which
stores compressed features of scene. Our orthoplanes (d) uses three
orthogonal plane-groups to store the scene, each plane stores com-
pressed features of the scene but preserves information associated
with projection distance.

approaches can be time-consuming in practice. This is be-
cause every queried point must be processed through deep
neural networks. On the other hand, local-implicit methods
[47, 23, 7, 4] rely on manually designed partitions. A point
within a specific partition can query its corresponding shal-
low neural network to ascertain its features, which offers
numerous advantages.

Look-up based methods include explicit and hybrid repre-
sentations. Explicit representations such as voxel grids [53],
are fast to query but memory unfriendly. Hybrid explicit-
implicit representations [38, 5, 34] which bring together the
advantages of both forms, are often favored. Conceptually,
these approaches serve as codebooks storing the spatial or
temporal features [58, 13] of a scene. The representational
capacity of these methods is intrinsically tied to the size of
their codebooks and spatial distribution of the codes. As
illustrated in Fig. 2, our proposed representation employs
three orthogonal groups of parallel planes to encode the
scene. On the one hand, the increased number of planes
result in increased density of 3D information. On the other
hand, the dispersion of this 3D data facilitates the spread of
gradients throughout the 3D scene during training.
3D-aware image generation. Generative adversarial net-
works [17] have achieved photo-realistic 2D image quality
[27, 28, 26]. A recent trend in image synthesis is to generate
high-quality multi-view-consistent images with high-fidelity
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Figure 3: Our unconditional GAN framework. Our generator comprises of: a codebook generator with a mapping network, a neural
renderer implemented by orhtoplanes representation with a lightweight MLP-based feature decoder, a volumetric renderer and a super
resolution module. The discriminator employs dual-discriminator design to ensure view-inconsistency.

geometry from 2D image collections. Previous works used
voxel-based GANs, in which 2D-CNN are replaced by 3D-
CNN [16, 20, 39, 40]. Due to the use of voxel grids and 3D
convolutions, the memory requirements of these approaches
are so high that it makes high-resolution training infeasible.
These limitations seen a lift thanks to the development of
neural implicit representations [37, 49, 6]. Nevertheless,
since these methods process each spatial points by a deep
MLP, it is still challenging to generate images at a resolution
achieved by state-of-the-art 2D methods.

For the creation of an effective 3D GAN capable of pro-
ducing high-resolution images with precise geometry, EG3D
[5] was introduced. Leveraging StyleGAN2 as the founda-
tion to generate 2D feature maps that serve as codebooks
for point features, and combined with upsampling layers
and a dual-discrimination approach, it proves both efficient
and expressive. While it successfully delivers high-quality
images with detailed geometry for rigid objects, the mere
three projections fall short in adequately representing artic-
ulated objects possessing a greater spatial complexity. We
discover that the quality of generated image and geometry
is associated with the size of the codebooks, not only the
resolution but also the spatial distribution features. We are
thus motivated to improve the expressiveness of this hybrid
explicit-implicit representation by increasing the number of
feature planes and placing them evenly across the 3D scene.

Approaches for 3D-aware image synthesis like GMPI
[64] and EpiGRAF [54] demonstrate impressive image qual-
ity. The core difference between these works and ours is
that we design a novel 3D representation used for volumetric
rendering of generator motivated by enlarging the size of
neural codebook while GMPI is based on multiplane im-
age rendering which is 2.5D and EpiGRAF paid attention
to developing efficient discriminators for training to syn-
thesize high-resolution images directly based on existing
representations.

3. Methodology
Our goal is to use orthoplanes in GAN to synthesize

high-quality multi-view-consistent image with high-fidelity
geometry on diverse datasets. In this section, we first intro-
duce our motivation and the design of orthoplanes (Sec. 3.1).
While improving the expressiveness based on well-defined
planes, we maintain the efficiency based on our new design
of generator (Sec. 3.2). We discuss inference of our model
on both unconditional (Sec. 3.3) and conditional (Sec. 3.4)
generation tasks.

3.1. OrthoPlanes 3D Representation

As discussed in EG3D [5], to train a high-resolution 3D-
aware GAN, the representation should be both efficient and
expressive. The tri-plane representation projects each 3D
coordinate to three axis-aligned orthogonal feature planes,
each with size N ×N × C where N is the resolution and
C is the number of channels. The feature associated with
the location x ∈ R3 is given by Fxy + Fyz + Fzx, each
summed term extracted from its corresponding plane via
bilinear interpolation. The color and density used for volume
rendering [37] is obtained by processing this feature with a
lightweight MLP.

From our perspective, a tri-plane is essentially a codebook
for storing 3D information efficiently like other methods
[53, 38]. For a 3D space with a resolution of N , it scales at
O(N2) complexity, which is more efficient than the O(N3)
complexity of voxel [53]. However, if one wish to enlarge
the size of the codebook from N2 to KN2, K must be the
power of 4, and if K = 4i, the backbone of StyleGAN2
must be with i more layers, which is inefficient based on the
design of StyleGAN2.

In our orthoplanes formulation, we use three axis-aligned
orthogonal groups of feature planes, each with K parallel
planes with resolution of N ×N × C, as shown in Fig. 2d.
Each plane is anchored along its projection direction, and

22998



Triplane-
3 x 2H x 2H x C

Triplane-
3 x H x H x 4C

OrthoPlanes-
3 x 4 x H x H x C

Figure 4: Single-scene overfitting on the ficus scene. Please zoom
in for details.

lego ficus family caterpillar
Tri-plane (H2, 4C) 26.56 23.13 30.59 22.03

Tri-plane ((2H)2, C) 28.66 23.50 30.48 22.32
Ours (H2, C;K = 4) 31.12 26.83 32.06 23.93

Table 1: Quantitative evaluation of PSNR on SSO cases.

distributed evenly along the axis. We associate each spatial
location with a combination of three sectional projections
onto the neareast planes on three orthogonal directions. Take
FXfYfZc

as an example, it denotes the feature extracted
from plane group XfYf , projected along Zc, using trilineaer
interpolation.

We demonstrate the expressiveness of orthoplanes with a
single-scene overfitting (SSO) experiment. We show quanti-
tative results in Tab. 1 and one example scene in Fig. 4. As
shown in Tab. 1, our model archives better PSNR in all cases
compared to tri-plane, while maintaining consistent parame-
ter values among methods. As shown in Fig. 4, our approach
recovers the color tone of ficus, especially asymmetric parts
like sparse leaves and protruding branches.

Note that our method scales at O(KN2) complexity,
which means we can control the codebook size by manipu-
lating K. Meanwhile, just like a voxel with inhomogeneous
resolution, it’s still much more efficient than voxel grids
when K is much smaller than N . Furthermore, based on
the StyleGAN2 backbone, we can generate these planes
efficiently using the method detailed in Sec. 3.2.

3.2. Codebook Generator

The feature codebook of our orthoplanes representation
is generated with a StyleGAN2 [28] generator. The random
latent code z sampled from normal distribution is processed
by the mapping network to get the style vector w, used to
modulate the convolution kernels in synthesis layers.

To make the plane location-aware, we introduce a location
embedding li to mark the position of each plane. Each plane-

Mapping 
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Location
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K Feature Maps

Synthesis Block

const

Synthesis Block

Synthesis Block

...

Figure 5: Architecture of orthoplanes generator. The structure of
synthesis blocks follow StyleGAN2 [28]. We replace the ToRGB
layer by our ToFeature layer to generate location-embedded feature
maps in parallel.
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Figure 6: Implementation of our generator. There are K parallel
ToFeature layers with shared weights in a single synthesis layer.
We reuse the intermediate feature map synthesized by StyleGAN2
synthesis layer to ensure efficiency.

group is a set of tuples (Ii, li), i ∈ {1, 2, ...,K}, where Ii ∈
RH×W×C denotes the feature map of the i-th plane, while
li ∈ [−1, 1] denotes the location embeddings of the i-th
plane along corresponding projection direction. In practice,
we use a StyleGAN2 generator to generate tensors of shape
K ×N ×N × 3C, and reshape it to 3×K ×N ×N × C
by split and permutation to obtain the three orthogonal plane
groups, where N is the resolution and 3C the number of
channels.

The same process can be viewed as generating K tri-
planes in parallel. Inspired by GMPI [64], we choose to
reuse the same intermediate feature map synthesized in each
synthesis block across all tri-planes, repeat them K times,
and modulate the results in ToRGBLayer using the style
vector w with location embeddings li. Specifically, we use
R = {4, 8, 16, ..., N} to denote the resolution of the results
synthesized by each synthsis block. The intermediate feature
maps at each resolution h ∈ R are computed with a synthesis
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FID ↓ # FLOPs ↓ T.Speed ↑ T.Mem. ↓
EG3D (2562, 32) 14.1 126.25G 1× 1×
EG3D (5122, 32) 14.2 (+0.7%) 150.14G(+18.9%) 0.51× 1.55×

EG3D (2562, 128) 11.6 (−17.7%) 149.38G(+18.3%) 0.41× 1.75×
Ours (2562, 32;K = 4) 11.2 (−20.6%) 129.57G(+2.6%) 0.82× 1.16×

Table 2: Quantitative evaluation on 100K-SHHQ. CB. size de-
notes relative codebook size, i.e. K×H2×C. T.Speed and T.Mem
denote the speed and GPU memory usage during training, respec-
tively. I.Speed denotes inference speed. CB.Size, T.Speed, T.Mem
and I.Speed are all reported relative to the EG3D (2562, 32) model.

block fSyn,h, i.e.,

Fh = fSyn,h(w),∀h ∈ R (1)

The i-th feature codebook F̂ i
N ∈ RN×N×3C used in

volumetric rendering, with resolution of N , is obtained by
accumulating intermediate results at all resolutions, i.e.,

F̂ i
h =

{
F̃ i

h + Upsample(F̂ i
h
2

), h ∈ R\{4}
F̃ i

h, h = 4
(2)

where F̃ i
h is the residual given by ToFeature Layer fToFeat,h

at resolution h, and F̃ i
h the feature codebook. fToFeat,h

takes Fh and concatenated vector (w, li) as input, to get the
location-specific feature codebook. Based on this design,
fToFeat,h operates on each tri-plane individually, and the
operation can be done in parallel. Furthermore, it uses the
same intermediate feature map Fh as input. These character-
istics preserve the efficiency while expanding the expressive
power of 3D representation. In Table. 2, compared to enlarg-
ing the resolution or the number of channels of the generated
feature map, our method can generate larger codebooks with
less memory and time.

3.3. Unconditional GAN Framework

Fig. 3 gives an overview of our generator architecture
for unconditional 3D-aware image synthesis,. Orthoplanes
representation is used as the codebook for spatial query
during volumetric rendering. Following [41, 5], the output of
volumetric renderer is a feature image IF and a RGB image
I−
RGB , both in low resolution. A super resolution module

upsamples these images to yeild the final high-resolution
RGB image IRGB .
Orthoplanes Generator. The codebook for orthoplanes
is produced using a StyleGAN2 generator, as outlined in
[28], incorporating our supplementary branch detailed in
Sec. 3.2. Initially, the random latent code z is sampled from
a standard normal distribution N (0, I). This is subsequently
transformed by a mapping network to obtain the intermediate
latent code w from the distribution W . This code then
modulates the weights of the convolution kernels within the
codebook synthesis network.

The output of the synthesis network is of shape of K ×
256× 256× 96. We obtain orthoplanes with shape 3×K ×
256× 256× 32 through channel-wise split and permutation.
Feature Aggregation. To render an image of the 3D scene,
we sample spatial locations olong camera rays calculated
with camera parameters P , and query their features from the
orthoplanes codebook.

The feature of a spatial location from each plane-group is
obtained through trilinear interpolation. The features from
three orthogonol plane-groups are summed to yield the ag-
gregated feature. This aggregate feature is then processed
using a streamlined MLP decoder. Similar to the approach
in EG3D [5], the MLP input excludes any point-wise data
such as positional encoding.
Volumetric Rendering and Super Resolution. The volu-
metric renderer is developed with the importance sampling
strategy, as highlighted in [37]. In line with other studies
[41, 5], the renderer yields a low-resolution RGB image, de-
noted as I−

RGB , accompanied by a feature image IF . These
images are subsequently refined by a super-resolution mod-
ule to produce the final RGB image, IRGB . This super-
resolution module comprises of two StyleGAN2 synthesis
blocks, which are modulated using the style vector w. In
all our tests, the input to the super-resolution module has a
resolution of 1282 and a channel size of 32.
Dual Discrimination. As introduced in EG3D [5], we use
dual discrimination to enforce view inconsistency, and use
the camera parameters P as condition of the discriminator.

Our models in all unconditional experiments use non-
saturating GAN Loss [17] with R1 regularization [36].

Ladv,D = Ez∼Pz,c∼Pdata
[f(D(G(z; c)))] (3)

+EI∼Pdata
[f(D(I)) + λ||∇ID(I)||22] (4)

Ladv,G = Ez∼Pz,c∼Pdata
[f(−D(G(z; c)))] (5)

where f(x) = − log(1+exp(−x)), Pdata is the real data
distribution and c the camera parameter.

3.4. Conditional GAN Framework

We also examine the effectiveness of our representation
for generating articulated objects. Specifically, we build a
pose-conditional full-body human image generation model
with orthoplanes.

The model architecture of our pose-conditional generator
is given in the supplementary materials. The pose parameters
θ defined by SMPL [33] are used as the condition for both
of generator and discriminator. We follow the practice of
transforming queried coordinates to canonical human-body
space [45, 57, 2, 22, 62].
Pose-Canonical Human Generation. We leverage the or-
thoplanes representation for generation of clothed humans in
the canonical space C. Specifically, the random latent code z
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Figure 7: Curated examples at 5122. (we clip images of human bodies to the resolution of 512× 256), synthesized by models trained with
SHHQ [15], FFHQ [27] and AFHQv2-Cat [8].

Figure 8: Curated examples on conditional SHHQ [15]. (we clip images to the resolution of 512× 256), synthesized by models trained
with SHHQ [15]. Meshes on the left side are visualization of SMPL [33].

is used to generate the canonical feature of clothed humans
via codebook generator as described in Sec. 3.2. Every point
sampled in observation space O will be transformed to the
canonical space C before querying the codebook.
Delta SDF Learning Strategy. Like concurrent works [22,
62], we use employ the Delta SDF [61] learning strategy
instead of predicting density directly. Specifically, the spatial
point x will first compute its signed distance d0(x) from
the SMPL Template mesh under given pose θ, instead of
output the density σ(x), we just output the offset ∆d(x)
from d0(x) [61], and translate SDF value d0(x)+∆d(x) to
the density value σ(x) using method proposed by StyleSDF
[43].
Training. Please see the supplement for implementation
details of our conditional GAN framework.

4. Experiments and Results

Datasets. To illustrate the effectiveness of our method,
we compare with state-of-the-art methods in both uncon-
ditional and conditional 3D-aware image generation. For the
task of unconditional generation, we compare performance
on three datasets FFHQ [27], AFHQv2-Cat [8] and SHHQ
[15] separately. FFHQ is a real-world human-face dataset.
AFHQv2-Cat is a small cat-face dataset. SHHQ is a real-
world human-body dataset with about 220K images. For
FFHQ and AFHQv2-Cat, we use the version with horizontal
flips provied by EG3D [5]. For AFHQv2-Cat, we apply
transfer learning [25] from FFHQ checkpoint provided by
EG3D [5] with adaptive data augmentation [25].

For the task of conditional generation, we compare on
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Figure 9: Images rendered on various camera poses. There are obvious distortions on extreme yaw angles in previous works. In contrast,
our method is better on both of 2D image quality and 3D geometry.

the full-body human image dataset SHHQ, SMPL pose-
condition for each image is estimated using an off-the-shelf
model PARE [30].
Baselines. We compare our method against nine state-of-
the-art methods for 3D-aware image synthesis. For uncondi-
tional generation, we compare against five methods: π-GAN
[6], StyleSDF [43], StyleNeRF [18], GMPI [64] and EG3D
[5]. For conditional GAN, we compare our method against
four methods: ENARF-GAN [42], 3DHumanGAN [59],
EVA3D [22] and AvatarGen [62].
Evaluation Metrics. We follow prior work to assess the
results using common metrics. To measure 2D qualities,
we report Fréchet Inception Distance [21] (FID) and Kernel
Inception Distance [3] (KID). For unconditional FFHQ, we
report the identity consistency (ID) [10, 11, 5] to measure
the view-consistency of generated results. For unconditional
SHHQ, we report the depth accuracy (Depth) by calculating
Mean Squared Error (MSE) between pseudo depth-maps
estimated from generated RGB images by MiDaS [46] and
the generated ones. For conditional SHHQ, we addition-
ally report Percentage of Correct Keypoints (PCK) [42] to
evaluate the effectiveness of the pose controllability.

4.1. Comparisons

Qualitative Results. Fig. 7 presents selected examples
synthesized by our model with different datasets. And Fig.
8 presents selected examples synthesized by our conditional
human body generative model. Fig. 10 and Fig. 9 provide
qualitative comparisons against baselines. StyleSDF, EG3D
and ours are all based the two-stage approach, which uses
low-resolution neural rendering followed by super resolution
modules. StyleSDF is a fully-implicit method while EG3D

FFHQ AFHQv2-Cat
FID ↓ KID ↓ ID ↑ FID ↓ KID ↓

pi-GAN 1282 29.9 35.73 0.67 16.0 14.92
StyleSDF 2562 11.5 2.65 - 12.8∗ 4.47∗

StyleNeRF 5122 7.80 2.20 - 13.2∗ 3.60∗

GMPI 5122 8.29 4.54 0.74 7.79 4.74
EG3D 5122 4.70‡ 1.32 0.77 2.77† 0.41†

Ours-S 5122 4.11‡ 1.05 0.71 2.82† 0.46†

Ours-R 5122 4.01‡ 1.23 0.73 - -
Table 3: Quantitative evaluation for FFHQ and AFHQv2-Cats.
For KID, we report all results ×103.
∗ Metrics are reported on the whole AFHQv2 dataset.
† Trained with adaptive discriminator augmentation [25].
‡ Trained with camera condition [5].

is hybrid explicit-implicit. Geometry generated by SDF
is overly smooth and lack of high-frequency details. The
geometry of EG3D on SHHQ lack of details because the
dataset is extremely unbalanced on viewpose, the majority
of data is front view that it will converge to the state that
feature only depends on one projection plane. As shown
in Fig. 10, the geometry of EG3D is too flat while ours is
with the feeling of depth thanks to our design of sectional
projection.

When it comes to view-consistency, as shown in Fig. 9.
Our work performs significantly better than previous works.
Our work is capable of rendering at a consistent high quality
at large yaw angles while previous methods fail, showing
different levels of degradation and artifacts. StyleNeRF [18]
and StyleSDF [43] can only capture the information within
the distribution of dataset. EG3D [5] can synthesize reason-
able results within larger range. However, limited by the
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FID ↓ KID ↓ Depth ↓
StyleSDF 5122 33.29 25.2 0.036

StyleNeRF 5122 7.60 3.96 -
EG3D 5122 5.79 2.26 0.082
Ours 5122 4.18 2.05 0.082

Table 4: Quantitative evaluation for SHHQ. All models are
trained from scratch until convergence.

FID ↓ KID ↓ Depth ↓ PCK ↑
ENARF-GAN 1282 20.09 16.94 0.086 79.40

3DHumanGAN † 5122 9.31 5.16 - -
EVA3D † 5122 11.99 9.00 0.017 88.95

AvatarGen † ‡ 5122 4.29 - 0.365 99.49
Ours 5122 9.00 4.37 0.032 99.12

Table 5: Quantitative evaluation for conditional SHHQ.
† We quota results from their papers.
‡ AvatarGen uses 50K fake images and less than 50K real images
to compute FID, which may cause difference.

expressiveness of orthogonal projection and the sparse distri-
bution of features and gradients in space, it fails on extreme
yaw angles. With the predefined sectional projection with
projection distance, our method captures more spatial infor-
mation. As an additional benefit, the geometry of human
face is separated from the background without additional
process, as shown in Fig. 7 and Fig. 9.
Quantitative Results. Table. 3 and Table. 4 provide quan-
titative metrics comparing the proposed approach and base-
lines on unconditional generation. For FFHQ and AFHQv2-
Cat, Ours-S and Ours-R are models trained from scratch and
fine-tuned on pretrained checkpoint provided by EG3D [5],
respectively. In the config-R, the weights of our new branch
are randomly initialized, after training about 14% of EG3D’s
full pipeline training time, it demonstrates notable improve-
ments in FID scores. For SHHQ, our method is the best
on FID and KID, for the Depth metrics, StyleSDF is better
thanks to higher resolution of neural renderer. To eliminate
the possible impact of data volume, we train a model with a
small subset of SHHQ with 40K images , results are given in
the supplementary materials. For AFHQv2-Cats, since we
use the checkpoint of FFHQ from EG3D [5], there are some
key weights of ToFeature layer that cannot be transferred
from a larger dataset, limiting its performace. Additionally,
Table. 5 provides quantitative metrics on conditional genera-
tion, more results and analysis are given in the supplementary
materials.

4.2. Ablation Study

Location embeddings. As described in Sec. 3.2, we attach
a location embedding to each style vector in the orthoplane
codebook. Using a linear embedding lk = −1 + k−1

K · 2 is
able to distinguish these planes. If we want to learn finer
geometry details, high-frequency information between these
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Figure 10: Qualitative comparison on FFHQ and SHHQ. Shapes
are extracted by marching cubes.
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Figure 11: Ablation study. With frequency encoding, there will
be less artifacts. By increasing the number of planes, there will be
more details and none artifacts on geometry.

planes is needed, for which we use FE(lk) as location em-
beddings in majority of our experiments. Intuitively, fre-
quency encoding is equivalent to assigning higher weights
for the location embeddings. It’s a simple but useful solution
to represent the difference among images with different pro-
jection distance. As shown in Table. 6 and Fig. 11, frequency
encoding provides improvement in FID and geometry.

Number of planes. Intuitively, network with more planes
can capture more information. What’s more, based on the
flexible design of ToFeature branch, the number of planes
can be scaled up easily even after training. As shown in
Table. 7, using checkpoint provided by EG3D [5] (1-plane)
with some minor additional training, we can obtain better
results. As shown in Table. 6 and Fig. 11, the increase of
planes brings improvement on FID and geometry.
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#.Plane Loc.Embed FID ↓ KID ↓ Depth ↓
4 Linear 12.85 8.81 0.098
4 Frequency 11.52 7.04 0.110
8 Frequency 10.87 7.29 0.082

Table 6: Ablating the number of planes and location embed-
dings. Measured in terms of FID, KID and Depth scores on SHHQ.

FID↓ T.C Extra T.C
EG3D 4.70 68 -

Ours (From Scratch) 4.11 68 -
EG3D + 8 plane 4.39 - 10
EG3D + 12 plane 4.01 - 10

Table 7: Ablating the number of planes and location embed-
dings. Measured in terms of FID and training cost (T.C) of V100
GPU days on FFHQ. EG3D + K plane denotes that we train from
the checkpoint provided by EG3D.

4.3. Applications

Single image 3D reconstruction. Through pivotal tuning
inversion (PTI) [48], our model can be used to reconstruct
3D shapes from single views of objects. In this manuscript,
we provide results of human body reconstruction with known
pose conditions. We use off-the-shelf pose estimator PARE
[30] to extract body-pose parameters and camera parameters.
Following PTI [48], we optimize the latent codes for 500
iterations, followed by fine-tuning the generator weights for
an additional 500 iterations.

As shown in Fig. 12, the reconstructed results are with
fine geometry. Novel views of the same identity can also
be synthesized. Furthermore, thanks to our decoupled de-
sign, we can use other poses to generate images of the same
identity with novel poses, which enables the reconstructed
person to be used as an animatable avatar.
Style mixing. Our model inherits the property of StyleGAN
[27, 28, 26] latent space, although our models are all trained
without style-mixing regularization. We use style-mixing
in both of unconditional and pose-conditional tasks, while
using the same pose as condition, the mixed samples are all
with the correct pose, showing that our conditional model de-
couples the appearance and pose. More results and analysis
are given in the supplementary.
Interpolation on latent space. Our model generates a
smooth transition between latent codes, showing that la-
tent space learned by the model is semantically meaningful.
Results are given in the supplementary materials.

5. Discussion
Limitations and future work. Although our work improves
the performance of view-consistency and geometry effec-

Input Recon
RGB

Recon
Shape

Novel
Views

Novel
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Figure 12: Inversion on SHHQ [15] (Conditional). Based on
PTI [48], our model can be used to reconstruct 3D shapes with
single image. Furthermore, based on our conditional model, using
optimized style vector and model parameters, we can synthesize
images with novel view and novel pose of the given identity.

tively compared to previous works. There are still some
artifacts at background. To tackle this problem, some model-
ing assumptions [63, 52] can be used.

Furthermore, based on the two-stage strategy, i.e., ren-
dering low-resolution feature map and upsampling, there
are some inconsistencies of the generated results under view
variation, occasionally. One possible solution is to rendering
RGB image directly. To tackle the problem of the unbearable
computing overhead of rendering high-resolution images,
some works [54] introduce other strategies, where our new
representation can be incorporated into.
Conclusion. We design a novel representation orthoplanes
to make 2D GAN more 3D-aware. Our model generates
multi-view-consistent results and fine geometry even under
extreme view angles. By introducing more explicit spatial
information, our method can synthesize diverse objects and
is not confined to rigid objects. This could foster innovative
methods for 3D reconstruction and facilitate the creation of
3D models for various applications.
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