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Abstract

Neural volume rendering techniques, such as NeRF,
have revolutionized 3D-aware image synthesis by en-
abling the generation of images of a single scene or ob-
ject from various camera poses. However, the high com-
putational cost of NeRF presents challenges for synthe-
sizing high-resolution (HR) images. Most existing meth-
ods address this issue by leveraging 2D super-resolution,
which compromises 3D-consistency. Other methods
propose radiance manifolds or two-stage generation to
achieve 3D-consistent HR synthesis, yet they are lim-
ited to specific synthesis tasks, reducing their universal-
ity. To tackle these challenges, we propose SuperNeRF-
GAN, a universal framework for 3D-consistent super-
resolution. A key highlight of SuperNeRF-GAN is its
seamless integration with NeRF-based 3D-aware im-
age synthesis methods, enabling simultaneously enhance
the resolution of generated images while preserving 3D-
consistency and reducing computational cost. Specifi-
cally, given a pre-trained generator capable of produc-
ing a NeRF representation, we first perform volume
rendering to obtain a low-resolution image with corre-
sponding depth and normal maps. Then, we employ a
NeRF Super-Resolution module which learns a network
to obtain a HR NeRF representation. Next, we propose a
Depth-Guided Rendering process which contains three
simple yet effective steps, including the construction of
a boundary-correct multi-depth map, a normal-guided
depth super-resolution and a depth-guided NeRF ren-
dering. Experimental results demonstrate the superior
efficiency, 3D-consistency and quality of our approach.
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StyleNeRF[20] X ¢ ¢ ¢ X X
StyleSDF[32] X ¢ ¢ ¢ X X
GRAM-HD[43] v ¥ ¢V X X X
EG3D [11] X v b 4 4 v v
SH-HD [49] v b 4 v b 4 v v
Ours v Vv v vV v VvV

Table 1: Comparison of 3D-aware image synthesis methods
based on various criteria.

Keywords: Generative models, image synthesis, 3D-
consistency, super-resolution

1. Introduction

The introduction of neural volume rendering techniques,
such as NeRF [31, 4, 5, 12], has significantly advanced
3D-aware image synthesis, enabling the generation of im-
ages from various camera poses for a single scene or object.
These models learn NeRF representations, which can then
be rendered into images at specified camera poses. How-
ever, the high computational cost inherent in NeRF limits
their ability to synthesize high-resolution (HR) images. To
address this, most existing methods [28, 30, 46, 15, 42] use
a 2D super-resolution (SR) module, which often compro-
mises 3D-consistency. While these inconsistencies might
not be evident in static images, they become apparent in
free-view videos, hindering applications in areas like video
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Figure 1: The effectiveness of our proposed SuperNeRF-GAN. The images in the first row are synthesized by a pre-
trained EG3D [! 1] model without the use of 2D image super-resolution. The second row shows images super-resolved
by SuperNeRF-GAN in a 3D-consistent manner. Please zoom in to see the detailed differences between the original and

super-resolved images.

games and virtual reality.

Relatively few studies focus on 3D-consistent image
synthesis. GRAM-HD [43] proposes using HR radiance
manifolds to achieve 3D-consistent HR image synthesis.
However, the inability of GRAM-HD to synthesize im-
ages from large viewpoints limits its capability for full-body
and full-head image synthesis. SemanticHuman-HD (SH-
HD) [49] introduces a two-stage generation strategy for 3D-
consistent HR image synthesis. However, it suffers from
boundary depth issues due to its simplistic neighbor-aware
depth aggregation, leading to failure in portrait synthesis.
Other 3D-consistent methods struggle with HR image syn-
thesis due to their high computational cost.

To address these limitations, we propose SuperNeRF-
GAN, a universal 3D-consistent super-resolution frame-
work that achieves HR image synthesis while maintaining
3D-consistency. This framework can be seamlessly inte-
grated with NeRF-based 3D-aware image synthesis meth-
ods. Given a NeRF representation generated by a pre-
trained model, we first perform volume rendering to ob-
tain a low-resolution image with corresponding depth and
normal maps. We then employ the NeRF Super-Resolution
module, which learns a network to generate a HR NeRF
representation. Following this, we introduce a novel Depth-
Guided Rendering process that includes constructing a
boundary-correct multi-depth map through depth aggrega-
tion and normal-guided depth super-resolution, and finally
performing depth-guided NeRF rendering to synthesize HR
images in a 3D-consistent way.

To evaluate the effectiveness of our method, we apply
SuperNeRF-GAN to pre-trained models from state-of-the-
art (SOTA) methods for portrait, cat face, and full-body im-
age synthesis. The experimental results demonstrate signif-
icant improvements in 3D-consistency and efficiency com-

pared to the original pre-trained models, as well as en-
hanced universality, 3D-consistency, and quality over other
SOTA methods. Additionally, we conduct comparative ex-
periments against other SOTA methods to further validate
the superiority of our proposed approach.

In summary, the main contributions of this paper are:

* We propose SuperNeRF-GAN, a universal 3D-
consistent super-resolution framework that enhances
the resolution and 3D-consistency of synthesized im-
ages. SuperNeRF-GAN is designed to be univer-
sally applicable, making it easily deployable on NeRF-
based 3D-aware image synthesis methods.

* SuperNeRF-GAN overcomes the limitations of SH-
HD and GRAM-HD, which are restricted to specific
synthesis tasks. In contrast, SuperNeRF-GAN demon-
strates high versatility, making it suitable for various
synthesis tasks.

* Quantitative and qualitative results validate the superi-
ority of our proposed method, particularly in terms of
3D-consistency and efficiency.

2. Related Work
2.1. 3D-Aware Image Synthesis

With the advent of generative adversarial networks
(GANSs) [19, 25, 26, 38] and diffusion models [22, 9, 33,
34], generative models have demonstrated impressive per-
formance in image synthesis. Some works [40, 35, 2]
achieve pose control by integrating parametric models such
as SMPL [8] and 3DMM [18]. However, due to the lack
of inherent 3D representations, these approaches do not
achieve true 3D-aware image synthesis.



GRAF [36] first introduces NeRF [31] into generative
models by learning a neural radiance field that can be ren-
dered into an image at a given camera pose. However, us-
ing an MLP to model this field results in high computa-
tional costs, limiting the ability to synthesize high-quality
images. Subsequent works like StyleSDF [32] and StyleN-
eRF [20] use volume rendering to obtain a low-resolution
(LR) image and then upsample it to a high-resolution (HR)
image. VolumeGAN [44] employs an explicit 3D feature
volume to model the radiance fields, achieving high-fidelity
image synthesis. However, increasing the resolution with
this 3D volume representation results in a cubic growth in
computational cost, making it inefficient for HR synthesis.
EG3D [ | 1] addresses this by proposing a tri-plane represen-
tation, reducing the cubic growth to a quadratic level. EG3D
achieves SOTA performance in both image and geometry
quality, and most current 3D-aware image synthesis meth-
ods [17,45,47,27, 3,39, 24] build upon it. However, these
methods commonly employ a 2D super-resolution mod-
ule, which compromises 3D-consistency while achieving
HR image synthesis. As a result, these methods struggle
to maintain 3D-consistency across different camera poses,
limiting their application in areas such as virtual reality,
where both efficiency and 3D-consistency are crucial.

2.2. 3D-Consistent HR Image Synthesis

GRAM-HD [43] generates HR radiance manifolds [16]
instead of NeRF, thus avoiding the need for dense sam-
pling and direct generation of 3D features. This approach
ensures 3D-consistency by eliminating the need for image
super-resolution. However, using radiance manifolds leads
to suboptimal image and geometry quality. Rather than in-
troducing a new representation like tri-plane representation
or radiance manifolds, SemanticHuman-HD (SH-HD) [49]
proposes a two-stage generation strategy that achieves effi-
cient 3D-consistent synthesis without compromising image
quality. In the first stage, an LR image with a correspond-
ing depth map is rendered using dense sampling. In the sec-
ond stage, the depth map is aggregated using neighboring
points to produce a multi-channel depth map, which can be
unprojected into 3D points instead of relying on dense sam-
pling. Although this method achieves HR image synthesis
with 3D-consistency and efficiency, it suffers from bound-
ary depth issues due to its simplistic depth aggregation. This
limitation restricts SH-HD to generating depth-smooth im-
ages, such as full-body images, and prevents it from gener-
ating images in scenarios with more complex depth varia-
tions, such as portraits.

Beyond NeRF- and radiance-manifold-based ap-
proaches, several generative models explicitly emphasize
3D consistency by enforcing geometric constraints or
adopting alternative 3D primitives. EVA3D [23] incorpo-
rates explicit geometric supervision to improve multi-view

consistency in 3D-aware image generation. Recent
Gaussian-based generative models [|] represent scenes
using collections of 3D Gaussian primitives, enabling
more stable multi-view synthesis due to the explicit and
continuous nature of the underlying geometry. Veri3D [13]
further strengthens 3D consistency by jointly modeling
appearance and geometry and verifying geometric align-
ment across viewpoints. Additional works [48, 37, 0]
have explored similar directions. While these methods
improve cross-view consistency, they often face challenges
in scaling to high-resolution image synthesis or achieving
efficient generation.

In conclusion, existing methods struggle to efficiently
achieve 3D-consistent HR image synthesis for both por-
traits and full-body images. Our proposed SuperNeRF-
GAN framework addresses these challenges by offering a
universal solution that enhances both image and geometry
quality while maintaining 3D-consistency.

3. Method

Fig. 2 illustrates the pipeline of our SuperNeRF-GAN
framework, which is designed to seamlessly integrate with
existing NeRF-based 3D-aware image synthesis methods.
For demonstration, we use EG3D [11], a SOTA method in
3D-aware image synthesis, as a case study to introduce our
SuperNeRF-GAN pipeline. Initially, our framework lever-
ages the tri-plane representation produced by the pre-trained
EG3D model to render a low-resolution image, along with
associated depth and normal maps. Unlike EG3D, which
performs image super-resolution in a 2D manner, our ap-
proach maintains 3D-consistency throughout the process.
Specifically, we employ the NeRF Super-Resolution mod-
ule and the Boundary-Correct Multi-Depth Map Construc-
tion technique to generate the high-resolution (HR) tri-
plane representation and depth map. These components
are then utilized in the Depth-Guided Rendering process,
which efficiently synthesizes HR images while preserving
3D-consistency. To fully understand our methodology, we
first introduce the essential preliminaries, including volume
rendering [31] and EG3D [11].

3.1. Preliminary
3.1.1 Volume Rendering

NeRF [31] introduces volume rendering to synthesize im-
ages from given camera poses. For each pixel, a ray r(t)
is cast from the camera position o along the direction d:
r(t) = o + td, where ¢ represents the distance from the
camera position. The color C(r) of this pixel is accumu-
lated along the ray using volume rendering, which can be
formulated as:

Cr) = / T o(e(t) - e(x(t) - dt, (1)

n
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LR/HR: Low-Resolution/High-Resolution

DA: Dilation and Erosion for Depth Aggregation
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Figure 2: Pipeline of the proposed SuperNeRF-GAN framework. Given a random noise z, the pre-trained generator of
existing 3D generative models maps it to a low-resolution (LR) NeRF representation. This LR representation can be rendered
into a corresponding LR image along with depth and normal maps. Next, the LR NeRF representation undergoes the NeRF
Super-Resolution module to produce a high-resolution (HR) NeRF representation. Simultaneously, Dilation and Erosion for
Depth Aggregation and Normal-Guided Depth Super-Resolution are applied to the LR depth map to construct a boundary-
correct multi-depth map. This map guides the rendering process of the HR NeRF representation, enabling efficient and

3D-consistent HR image synthesis.

where T(f) = exp (— /tt U(r(s))ds) o

Here, c(r(t)) and o(r(t)) denote the color and density of
the 3D point r(t), respectively, while T'(¢) represents the
accumulated transmittance along the ray from ¢,, to t. No-
tably, by replacing the color c(r(t)) with the normal value
n(r(t)) and distance ¢, this formula can also be used to ren-
der the normal value N (r) and depth value D(r) of the ray.
In practice, this formula is discretized. For more details
about volume rendering, please refer to NeRF.

3.1.2 EG3D as Pre-trained 3D Generator

The generator of EG3D is adapted from StyleGAN2 [26],
which achieves SOTA performance in image synthesis.
Given a random noise z sampled from a Gaussian distribu-
tion, the generator maps it into a feature map with dimen-
sions 256 x 256 x 96. This feature map is then reshaped
into a tri-plane representation Tz, where the three planes
correspond to the XY, YZ, and ZX orientations. Each plane
consists of 32 channels with a resolution of 256 x 256. For
a 3D point X, we project it onto these three planes and
perform bilinear interpolation to extract its features from
each plane. These features are then fed into an MLP, which
outputs the color ¢(X) and density o(X). These values
are subsequently used in volume rendering, as described in
Eq. 1.

3.2. 3D-Consistent Low-Resolution Image Synthesis

Using random noise z as input, the pre-trained EG3D
model generates a low-resolution tri-plane representation
T r. This representation is rendered from a given camera

pose to produce a low-resolution image I r, along with the
corresponding depth map D r and normal map N g, each
at a resolution of 2562. In this process of low-resolution im-
age synthesis, we employ dense sampling as used in EG3D.
Specifically, for each pixel, 36 points are sampled along
the ray using uniform sampling and an additional 36 points
using importance sampling. Although dense sampling is
computationally intensive, its overall computational cost re-
mains manageable due to the low resolution of the output.

3.3. 3D-Consistent Super-Resolution

3.3.1 NeRF Super-Resolution

To obtain an HR 3D representation T, we utilize the
NeRF Super-Resolution module, which is based on the ar-
chitecture of StyleGAN2. This module takes the LR tri-
plane representation T, and the corresponding noise z as
input, and outputs an HR representation T 7 at a resolu-
tion of 10242. Importantly, the module uses the same noise
z as the pre-trained 3D generator to ensure consistency in
the distribution between LR and HR images.

3.3.2 Depth-Guided Rendering

We construct an HR multi-depth map D ;7 p with three chan-
nels using the Boundary-Correct Multi-Depth Map Con-
struction, as detailed in Section 3.4. This map is used
to guide the sampling process, thereby avoiding the dense
sampling employed by EG3D. Our Depth-Guided Render-
ing approach is adapted from Eq. 1 and formulated as fol-
lows:
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Figure 3: The left two figures demonstrate the effectiveness
of Depth Aggregation (DA), note that the results are syn-
thesized by untrained SuperNeRF-GAN models for better
demonstration. The right two compare different DA tech-
niques, highlighting that Neighbor-aware DA in SH-HD in-
troduces noticeable artifacts, especially at depth discontinu-
ities.
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C(r) = ZE (1 — exp(—046;)) ci, 3)
i=1
i—1
where T; = exp [ — Z oid; | - 4
j=1

Here, §; = D; 1 — D, represents the distance between ad-
jacent depth values, where D) is the 4., value of DyR. o;
and c; are the density and color interpolated from the HR
3D representation, with the interpolation coordinates pro-
jected from the depth map. Notably, as shown in Eq. 3, the
number of sampling points is reduced from 64 (as explained
in Section 3.2) to 3, achieving efficient rendering at a 10242
resolution.

3.4. Boundary-Correct Multi-Depth Map Construction

As introduced in Section 3.3.2, we need a multi-depth
map to guide the rendering. This section details how to con-
struct this map. A straightforward approach is to perform
bilinear interpolation on the low-resolution (LR) depth map
Dy r. However, this often leads to incorrect depth values
at the boundaries due to depth discontinuities. Specifically,
consider two adjacent pixels on the boundary, which have
non-continuous depth values. Direct interpolation will re-
sult in an averaged value that does not align with either of
the two pixels’ actual depth values.

To address the boundary depth issue, SH-HD [49] pro-
poses aggregating depth values of neighboring pixels be-
fore performing bilinear interpolation on the depth map.
While this method is effective for full-body image synthe-
sis, it struggles with portrait synthesis. This limitation arises

Normal-Guided

Bilinear Interpolation

Figure 4: Effectiveness of Normal-Guided Depth Super-
Resolution. The dashed rectangle highlights inaccuracies at
depth discontinuity using bilinear interpolation, which re-
sult in artifacts as in the synthesized image.

because neighbor-aware depth aggregation does not funda-
mentally solve the boundary issue but merely alleviates it.
Therefore, SH-HD performs well in depth-smooth scenar-
ios, such as full-body image synthesis, but fails in other
cases. To obtain a boundary-correct high-resolution depth
map, our solution involves Dilation and Erosion for Depth
Aggregation and Normal-Guided Depth Super-Resolution,
which are introduced below.

3.4.1 Dilation and Erosion for Depth Aggregation

Different from SH-HD, we employ erosion and dilation op-
erations to aggregate the depth map. Erosion is a morpho-
logical operation that shrinks the boundaries of objects in an
image. For a given depth map D and a structuring element
B, the erosion operation is formulated as:

(De B)(z,y) = min {D(z+s,y+t)— B(s,1)}, (5)
(s,t)eB

where (z,y) are the coordinates of a pixel in the depth
map D, and (s,t) are the coordinates within the structur-
ing element B. This operation slides the structuring ele-
ment B over the image D and replaces each pixel by the
minimum value of the image pixels covered by B minus the
corresponding value of B. Conversely, dilation expands the
boundaries of objects in an image. The dilation operation is
formulated as:

(D® B)(z,y) = max {D(z+s,y+t)+ B(s,t)}. (6)
(s,t)eB

The choice of the structuring element B significantly af-
fects the results of erosion and dilation. In our case, we
use a square structuring element. By applying erosion and
dilation to the LR depth map D, we obtain the dilated
depth map Dy;; and eroded depth map D.,,, which are
then concatenated with Dy g, resulting in an aggregated
map D,4, with three channels. This aggregated map ad-
dresses the boundary depth issue by storing depth values
from both sides of the boundary, as shown in Fig. 3 (right).



3.4.2 Normal-Guided Depth Super-Resolution

Naive bilinear interpolation on the aggregated depth map
results in multi-depth values at boundaries, which include
values from both sides of the boundary. However, these
depth values may not be accurate as the bilinear interpo-
lation relies solely on the information within the aggre-
gated depth map. To address this, we propose a Normal-
Guided Depth Super-Resolution module, which leverages
the normal map to provide supplementary geometric infor-
mation. Specifically, we assume that the depth surface is
locally semi-smooth and can be approximated by a piece-
wise planar model within a small neighborhood, such that
surface normals provide reliable first-order cues for local
depth propagation.

Given a normal map N = (N, N, IV,), the differences
in depth values can be computed as: A, = N, /N, and
Ay = N, /N,. This formulation follows the standard geo-
metric relationship between surface normals and local depth
gradients under perspective projection, and is used here as a
directional prior rather than an exact metric reconstruction.
The super-resolved depth map Dgg at 5122 resolution can
be expressed as the original depth map plus the differences
with respect to x and y, formulated as:

Dsr(z,y) = Drr(m,n) + A(z,y), N

wx(xa y) . AT(mvn) + wy(x,y) i Ay(ma”)
V(Bs(m,n)? + (A (m,n))? &

where w;(z,y) and wy(x,y) are weight functions depen-
dent on = and y. The normalization term controls the mag-
nitude of the propagated depth offset, while the relative con-
tributions from the z and y directions are determined by
their geometric reliability.

The weight function is defined as:

Az,y) =

)

e_‘Am(m77l)| . (_1)]1(9:=2m—1)7

©))
and wy(x,y) is defined analogously by swapping A, and
A, and replacing the indicator with I(y = 2n — 1), where
I is an indicator function while m and n are integers related
to the coordinates x and y by:

|z +1 _ly+1
) Py

For a 2x upsampling, each LR pixel (m, n) corresponds to
a 2 x 2 HR sub-grid; the indicator I(zz = 2m — 1) encodes
the relative horizontal sub-pixel position, yielding a nega-
tive sign for the left sub-pixel and a positive sign for the
right sub-pixel, such that the normal-implied depth gradient
is applied with the correct direction during depth propaga-
tion.

we(2,Y) = K G T e 1A, (mn)]

The remaining part of the weight function is a softmax
function inspired by BiNi [10], which assumes that the
depth map is semi-smooth. This means that the depth map
is one-sided differentiable, with larger weight assigned to
the direction with smaller differences. Intuitively, directions
with large |A| are more likely to cross depth discontinu-
ities and yield unreliable extrapolation; the softmax weight-
ing therefore acts as a robust gating mechanism that favors
the relatively smoother direction for depth propagation. We
emphasize that normal maps do not explicitly encode depth
discontinuities; instead, they provide local surface orienta-
tion cues. In our formulation, normals are used indirectly
as a reliability prior: directions with large normal-implied
depth variations are more likely to correspond to cross-
boundary extrapolation and are therefore down-weighted,
while relatively stable directions are favored.

Consequently, the aggregated depth map Dgq is pro-
cessed through the Normal-Guided Depth Super-Resolution
module twice, resulting in a boundary-correct multi-depth
map D g g at 10242 resolution. Notably, to facilitate Depth-
Guided Rendering, the three-channel depth values of this
multi-depth map are sorted. A visualization of this module
is provided in Fig. 4.

3.5. Training Pipeline
3.5.1 Training Strategy

Our method can be directly applied to pre-trained 3D gen-
erative models, such as EG3D and SH-HD. During training,
we freeze the pre-trained generator and focus on training the
NeRF Super-Resolution module. Notably, the discriminator
has been redesigned to process high-resolution images and
is jointly optimized during training.

3.5.2 Loss Function

We use the loss functions from the original method to en-
sure training consistency. Specifically, the adversarial loss
Lcan from the original 3D generative model is retained
to supervise high-resolution image synthesis. Additionally,
we adopt the unsample loss from SH-HD to guide the train-
ing of the NeRF Super-Resolution module by penalizing
inconsistency between high-resolution and low-resolution
images. Formally, the overall training objective is defined
as:

L= Laan + Munsample: (11)

where ) is a weighting factor. The unsample loss is defined
as

»Cunsample - ||D(IHR) - ILR||1 3 (12)

with I r denoting the low-resolution image rendered from
the original NeRF representation, I the high-resolution
image rendered from the super-resolved NeRF representa-
tion, and D(-) a differentiable downsampling operator.



4. Implementation Details
4.1. Training Setup

Our experiments were conducted on a server equipped
with 4 NVIDIA A40 GPUs, each with 48GB of memory.
The models were trained for 2 to 4 days, depending on the
complexity and size of the dataset. Specifically, for portrait
and cat face image synthesis tasks, we used a batch size of
16, while a batch size of 4 was employed for full-body im-
age synthesis due to the increased computational demands.

4.2. SH-HD for Portrait and Cat Image Synthesis

To facilitate portrait and cat face image synthesis, we in-
tegrate key components from SH-HD [49] into pre-trained
EG3D models. These components include the two-stage
generation strategy, feature super-resolution module, un-
sample loss, and neighborhood-aware depth aggregation
technique. Despite these adaptations, SH-HD exhibits limi-
tations in portrait and cat face image synthesis, resulting in
a drop in image quality for these specific tasks, as demon-
strated in Fig. 3. The results underscore the superior univer-
sality of our proposed method.

5. Experiments
5.1. Experimental Setting
5.1.1 Datasets

We train our models on three distinct datasets for specific
synthesis tasks: FFHQ [25], which includes 50K portrait
images at a resolution of 10242, is used for portrait syn-
thesis. For cat face synthesis, we use the AFHQ [14],
which contains 5.5K cat face images at a resolution of
10242. For full-body image synthesis, we employ Deep-
Fashion [29], which provides 7K full-body images at a res-
olution of 10242, along with corresponding segmentation
maps. Additionally, due to the requirement in SH-HD [49],
we also incorporate normal maps from SH-HD and human
poses from AG3D [17].

5.1.2 Baselines

For portrait and cat face image synthesis, our model
leverages pre-trained EG3D [11] models. We compare
our results with GRAM-HD [43], StyleNeRF [20], and
StyleSDF [32], all recognized for their high-resolution
image synthesis capabilities. However, StyleNeRF and
StyleSDF rely on 2D super-resolution, compromising the
3D-consistency of the synthesized images. In contrast,
GRAM-HD’s manifold representation limits image qual-
ity, geometry accuracy, and universality. For full-body im-
age synthesis, our model builds on the pre-trained SH-HD
model. We compare it with EVA3D [23], VeRi3D [13],

Dataset Method FID] KID| PSNRT SSIM?T Res

EG3D[11] 465 127 33.67 0.893 512

FFHQ cours 513 170 3436 0920 512
510 154 3644 0935 1024
AFHQ EG3DII] 319 038 3261 0843 512

+Ours 377 1.09 33.01 0.861 512

Table 2: Effectiveness of our proposed SuperNeRF-GAN
for portrait (FFHQ) and cat-face (AFHQ) image synthe-
sis. Note that all KID scores in this paper are multiplied
by 1000.

Method DeepFashion1024 FFHQ1024 AFHQS512 Tlime

FID| KID] Mem FID/ KID} Mem FID| KID| Mem 10242

SH-HD 8.70 4.04 31G 31.9 27.8 25G 8.77 11.7 12G 0.14s
Ours 8.47 3.68 14G 5.10 1.54 11G 3.77 1.09 8G 0.11s

Table 3: Quantitative comparison with SH-HD [49].
“Mem” indicates the GPU memory consumption during
training, while “Time” reports inference latency per image.
Since SH-HD is not directly applicable to the FFHQ and
AFHQ datasets, we modified it to enable training on these
datasets.

and GSM [ 1], which are noted for their 3D-consistent im-
age synthesis. Nevertheless, their reliance on vertex-based,
MLP-based, or Gaussian shell-based representations im-
poses limitations on the quality of the generated images.

5.1.3 Evaluation Metrics

We use Frechet Inception Distance (FID) [21] and Kernel
Inception Distance (KID) [7] to assess the quality of syn-
thesized images. Note that all KID scores are multiplied
by 1000. To evaluate 3D-consistency across images synthe-
sized from different camera poses, we adopt Peak Signal-to-
Noise Ratio (PSNR) and Structural Similarity (SSIM) met-
rics, as used in GRAM-HD. Higher scores indicate better
3D-consistency. Specifically, we reconstruct a NeuS [41]
model from images synthesized from various camera an-
gles and calculate the PSNR and SSIM scores between the
synthesized and reconstructed images. These scores are av-
eraged across 50 entities. For each entity, we generate im-
ages from 30 uniformly sampled yaw angles ranging from
-0.4 to 0.4 radians. These images are used to construct a
NeuS [41] representation, utilizing NeuS’s default settings
to ensure consistency and comparability in our experiments.
The constructed NeuS representation is subsequently ren-
dered into reconstructed images from the specified angles
to facilitate evaluation.
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Figure 5: Qualitative comparison among 3D-aware image synthesis methods. The results of other methods are taken from
their respective papers to ensure a fair and consistent comparison. Since the 3D-inconsistency might not be evident in
static images, we provide additional comparisons of 3D-consistency in our Supplementary Video, where StyleNeRF [20],
StyleSDF [32], and EG3D [ 1] show noticeable inconsistencies.

5.2. Comparisons

We evaluate 3D-aware image synthesis methods across
various criteria, with the results presented in Table 1. Note
that only our method achieves 3D-consistent HR image syn-
thesis with high universality. Specifically, GRAM-HD is
unable to synthesize full-body images due to inherent limi-
tations in its manifolds, and SH-HD struggles with generat-
ing high-quality portraits because of boundary issues, which
restrict their universality.

As our models are deployed on the pre-trained 3D gen-
erators of EG3D and SH-HD, we compare our approach
with these methods, as illustrated in Table 2 and 3. Com-
pared to EG3D, our method shows stable improvements
in 3D-consistency, albeit with a slight compromise in im-
age quality. We argue that the 2D super-resolution used
in EG3D significantly improves the image quality, whereas
SuperNeRF-GAN leverages Depth-Guided Rendering to
ensure 3D-consistency. It is worth noting that the quanti-
tative improvements in 3D-consistency may appear subtle,
as they are constrained by the limitations of the reconstruc-
tion method NeuS. We encourage readers to refer to the

FFHQ1024 AFHQS512
PSNRT SSIM{ PSNRT SSIM?t

*StyleNeRF [20]  30.0  0.804 - -
*StyleSDF [32] 31.1 0.836 266  0.749
*GRAM-HD [43] 33.8 0.872 28.8  0.807
Ours 364 0935 33.0 0.861

Method

Table 4: Quantitative comparison of 3D-consistency.
*Results taken from GRAM-HD.

Supplementary Video for more qualitative comparisons,
where the advantages of our method are clearly evident. As
for SH-HD, which also ensures 3D-consistency, our method
outperforms it in both efficiency and image quality. No-
tably, SH-HD performs poorly on the FFHQ and AFHQ
datasets due to its naive depth aggregation technique.



FFHQ1024 AFHQ512
FID, KID| FID, KIDJ

*StyleNeRF [20] 9.45 2.65 - -
*StyleSDF [32] 9.44 2.83 7.91 3.90
*GRAM-HD [43] 12.0 5.23 7.67 341
Ours 5.10 1.54 3.77 1.09

Method

Table 5: Quantitative comparison of image quality among
methods that achieve high-resolution (1024 x 1024) image
synthesis. *Results are taken from GRAM-HD.

Method FID|{ KIDJ| Resolution Memory
EVA3D [23] 15.89 9.25 512 33G
GSM [1] 15.78* - 512 -
VeRi3D [13] 21.4* - 512 34G
SH-HD [49] 8.70 4.04 1024 31G
Ours 10.56  5.60 512 11G
4 847  3.68 1024 14G

Table 6: Quantitative comparison among methods that
achieve full-body image synthesis with 3D-consistency.
*Results taken from their papers.

5.2.1 3D-Consistency

The comparison of 3D-consistency is shown in Table 4.
StyleNeRF and StyleSDF exhibit poorer 3D-consistency
due to their 2D super-resolution module. While GRAM-
HD performs better than the aforementioned methods, its
radiance manifolds constrain image quality. Consequently,
our method consistently delivers superior performance in
both 3D-consistency and image quality. We also present ad-
ditional qualitative comparisons among various 3D-aware
image synthesis methods, as illustrated in Fig. 5. The re-
sults from other methods were directly taken from their re-
spective publications to ensure a fair and consistent com-
parison. Since 3D-inconsistency might not be evident in
static images, we provide additional comparisons of 3D-
consistency in our Supplementary Video, where StyleN-
eRF, StyleSDF, and EG3D show noticeable inconsistencies.
In contrast, both GRAM-HD and our method achieve 3D-
consistent synthesis. However, GRAM-HD introduces ar-
tifacts when viewed from large angles, where our method
performs well.

5.2.2 Image Quality

In terms of image quality, our method shows signifi-
cant improvements, as shown in Table 5. Notably, al-
though GRAM-HD employs generative radiance mani-
folds to achieve 3D-consistent image synthesis, it com-

promises on image quality compared to super-resolution-
based methods such as StyleNeRF and StyleSDF. This
trade-off highlights that achieving strong 3D-consistency
imposes stronger constraints on generators, often leading
to a degradation in image quality. Consequently, we argue
that the slight compromise in image quality in our method,
as compared to EG3D (Table 2), is acceptable. On the
other hand, while our method prioritizes 3D-consistency,
it still achieves better image quality than StyleNeRF and
StyleSDF, and is comparable to EG3D. Furthermore, we
evaluated the image quality of 3D-consistent methods on
full-body image synthesis task, with results presented in
Table 6. Our method not only achieves the highest image
quality but also supports high-resolution image synthesis
with low memory consumption, thanks to our efficient 3D-
consistent super-resolution module.

5.2.3 Efficiency

Our method significantly enhances efficiency in high-
resolution image synthesis due to its Depth-Guided Render-
ing approach, which reduces the number of sampling points.
To assess the efficiency of our method, we perform compar-
ative experiments with other 3D-consistent image synthesis
methods. As shown in Table 6, our method offers substan-
tial improvements in efficiency, achieving 10242 resolution
image synthesis with only 14G of GPU memory. In addition
to memory consumption, we further report the inference la-
tency for high-resolution image synthesis. As shown in Ta-
ble 3, our method achieves faster generation at the 10242
resolution compared to SH-HD, demonstrating improved
efficiency in terms of both memory usage and runtime.

5.2.4 Universality

As noted in the GRAM-HD paper, this method cannot syn-
thesize images from wide viewpoints due to its reliance on
the near-plane manifold representation for efficient render-
ing. In contrast, our method leverages depth-guided ren-
dering, which is compatible with any NeRF representation
and enables the synthesis of images from wide viewpoints,
such as full-body images. Another 3D-consistent method,
SH-HD, struggles with unsmooth depth values, as shown in
Table 3, due to its naive neighbor-aware depth aggregation
technique. This issue is further evidenced in Fig. 3. Con-
sequently, our method stands as the only 3D-consistent im-
age synthesis approach with robust universality, as demon-
strated in Table 1.

5.2.5 Geometry Quality

We conduct a qualitative comparison of geometry quality, as
shown in Fig. 6. GRAM-HD employs radiance manifolds to
achieve efficient rendering, with each manifold being nearly



GRAM-HD

StyleNeRF

StyleSDF

Figure 6: Qualitative comparison of geometry quality. EG3D [11] and our method generate results with more detailed
geometry than other methods. The results for GRAM-HD [43], StyleNeRF [20], and StyleSDF [32] are directly taken from

their respective papers.

planar. As a result, the generated geometries are essentially
the combination of several ”’planes,” which limits the overall
quality. StyleSDF and StyleNeRF generate NeRF represen-
tations at relatively low resolutions (e.g., 32), which further
constrains their ability to capture fine geometric details. In
contrast, our method produces high-resolution NeRF repre-
sentations, achieving the same geometry quality as EG3D.

5.3. Ablation Study

5.3.1 Depth Aggregation

The results in Fig. 3 confirm the effectiveness of our depth
aggregation technique, as discussed in Section 3.4. Specif-
ically, without depth aggregation, noticeable holes appear
in the generated images due to the inaccuracies caused by
straightforward bilinear interpolation. In contrast, the naive
neighbor-aware depth aggregation proposed in SH-HD suf-
fers from artifacts at depth discontinuities. This approach
only partially mitigates the boundary issue without funda-
mentally resolving it. This claim is further supported quan-
titatively in Table 3, where our method demonstrates greater
universality compared to SH-HD, primarily due to the dif-
ferences in depth aggregation techniques.

To further investigate depth aggregation, we conduct a
quantitative ablation study, as presented in Table 7. Our
default design constructs a 3-channel aggregated depth
map, which aims to capture the dominant depth hypothe-
ses around boundaries (e.g., near-side vs. far-side depth
candidates) that are most relevant for subsequent depth-
guided rendering. In this study, we apply additional dila-
tion and erosion operations to produce a 5-channel aggre-

DeepFashion FFHQ1024  AFHQ512
FID, KID| FID| KID| FID| KID]

(D&E)? 9.10 471 647 295 450 127
D&E 847 3.68 510 154 377 1.09

Method

Table 7: Ablation study on depth aggregation methods.
”D&E” denotes the dilation and erosion operations used in
our method, while (D&E)? signifies performing dilation and
erosion twice to yield 5 depth values per pixel.

gated depth map. The results show that doubling the depth
aggregation does not improve performance and instead in-
troduces depth inaccuracies. We attribute this to the fact
that additional channels derived from the same local neigh-
borhood tend to be redundant or noisy, and may even am-
plify errors at depth discontinuities, thus weakening the ef-
fectiveness of depth guidance. While our Normal-Guided
Depth Super-Resolution mitigates these inaccuracies, the
additional depth values fail to yield benefits. Therefore,
using three depth channels provides a favorable trade-off
between representing the essential boundary depth candi-
dates and maintaining robustness, which is consistent with
the saturation behavior observed in Table 7.

5.3.2 Normal-Guided Depth Super-Resolution

To evaluate the effectiveness of our proposed Normal-
Guided Depth Super-Resolution module, we perform a
quantitative comparison against bilinear interpolation. As



Method FID, KID| PSNR{ SSIM?t

Bilinear Interpolation 5.08 1.51 3575 00915
Normal-Guided 508 148 3644 0.935

Table 8: Ablation study on interpolation methods. Our
proposed Normal-Guided Super-Resolution achieves im-
provements on 3D-consistency. The models are trained on
the FFHQ1024 dataset, as high-resolution better highlights
these improvements.

Figure 7: 3D-consistent image synthesis. The images syn-
thesized from different camera poses exhibit consistent 3D
structures.

shown in Table 8, our method achieves notable improve-
ments in 3D-consistency. These improvements stem from
the module’s ability to accurately super-resolve depth maps
with guidance from the normal map. As illustrated in Fig. 4,
compared to naive bilinear interpolation, our normal-guided
approach leverages the normal map to identify and handle
depth discontinuities at boundaries more effectively. This
capability ensures smoother and more accurate depth tran-
sitions. For a detailed explanation, please refer to Sec-
tion 3.4.2.

5.4. Applications
5.4.1 3D-Consistent Image Synthesis

In Fig. 7, we showcase images synthesized from different
camera poses. The results clearly demonstrate the high level
of 3D-consistency achieved by our method. For an even
more comprehensive demonstration of 3D-consistent image

synthesis, please refer to our Supplementary Video, which
provides dynamic visualizations that further highlight the
3D-consistency of our approach.

5.4.2 High-Resolution Image Synthesis

Fig. 8 showcases high-resolution portraits synthesized by
our method. To balance image quality and diversity, we
use a truncation technique where the latent code w is de-
fined as a weighted average of two components: w =
0.5 X Waveraged + 0.5 X Wrandom. Here, Wayeraged 18 the
averaged latent code, ensuring high-quality synthesis, while
Wrandom 1Ntroduces diversity. For each generated entity, we
provide images from different viewpoints, demonstrating
the 3D-consistency of high-resolution image synthesis—a
challenge for previous methods.

5.4.3 Interpolation in Latent Space

Fig. 9 demonstrates the results of interpolation in latent
space. Specifically, given two random latent codes, we
interpolate between them and feed the interpolated codes
into the generator. This process produces smooth transi-
tions in the synthesized images. Notably, each interpolated
result exhibits 3D-consistency, demonstrating that images
synthesized across the entire latent space can maintain 3D-
consistency, thanks to our direct rendering strategy.

6. Limitations

Our method achieves stronger 3D-consistency than pre-
vious approaches by directly rendering high-resolution im-
ages. However, this also results in a slight degradation in
image quality compared to methods based on 2D super-
resolution. Exploring approaches that balance both strong
3D-consistency and high image quality would be valuable
for broader industrial applications. Additionally, while our
method enables efficient synthesis of high-resolution im-
ages through depth-guided rendering, it still requires dense
sampling during the low-resolution stage, which can hinder
real-time rendering. Replacing NeRF with 3DGS presents
a promising alternative, though this direction remains rel-
atively underexplored. We provide several representative
failure cases in Fig. 10. Two typical types of failures are ob-
served: (a) due to the stochastic nature of GAN-based gen-
eration, different random samples may occasionally lead to
suboptimal synthesis results; and (b) under large viewpoint
changes, the generation quality may degrade due to the lim-
ited viewpoint coverage in the training data. We emphasize
that both failure modes reflect common limitations of cur-
rent 3D-aware GAN frameworks rather than issues specific
to our method.



Figure 8: High-resolution (1024 x 1024) portrait synthesis. Our method produces high-quality portraits with rich details.

7. Conclusion

In this paper, we present SuperNeRF-GAN, a uni-
versal framework for 3D-consistent super-resolution.
SuperNeRF-GAN can be seamlessly integrated with ex-
isting 3D-aware image synthesis methods to enhance
the resolution of synthesized images while maintaining
3D-consistency and efficiency. The core innovation of
SuperNeRF-GAN lies in generating a boundary-correct
multi-depth map, which is employed in depth-guided ren-
dering to achieve high-resolution image synthesis with en-
hanced 3D-consistency and efficiency. Compared to ex-
isting 3D-consistent methods, our approach consistently
demonstrates improvements in both universality and qual-
ity. Meanwhile, it is important to note that while our super-

resolution framework ensures 3D-consistency, it slightly
compromises image quality compared to methods employ-
ing 2D image super-resolution. How to achieve 3D-
consistent high-resolution image synthesis while ensuring
the high image quality similar to the 2D-based methods re-
mains an important direction for future work.
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Figure 9: Interpolation in the latent space produces smooth transitions, with each intermediate result maintaining 3D-
consistency.

(a) Sampling-related failure (b) View extrapolation failure

Figure 10: Failure cases. (a) Occasional degradation caused by the stochastic nature of GAN-based generation, where random
sampling may lead to suboptimal visual quality. (b) Degraded results under extreme viewpoint extrapolation due to limited
viewpoint coverage in the training data. Both cases reflect common challenges in 3D-aware generative modeling.
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