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Figure 1: Example renderings at 10242 resolution produced by our 3D Consistent Gaussian splatting
GAN (CGS-GAN). Unlike prior methods that recompute the scene for each individual view to ensure
high quality, our method is capable of preserving quality while synthesizing a fully 3D consistent
scene that can be ported into explicit 3D settings like game engines or VR environments.

Abstract

Recently, 3D GANs based on 3D Gaussian splatting have been proposed for high
quality synthesis of human heads. However, existing methods stabilize training
and enhance rendering quality from steep viewpoints by conditioning the random
latent vector on the current camera position. This compromises 3D consistency,
as we observe significant identity changes when re-synthesizing the 3D head with
each camera shift. Conversely, fixing the camera to a single viewpoint yields
high-quality renderings for that perspective but results in poor performance for
novel views. Removing view-conditioning typically destabilizes GAN training,
often causing the training to collapse. In response to these challenges, we intro-
duce CGS-GAN, a novel 3D Gaussian Splatting GAN framework that enables
stable training and high-quality 3D-consistent synthesis of human heads with-
out relying on view-conditioning. To ensure training stability, we introduce a
multi-view regularization technique that enhances generator convergence with
minimal computational overhead. Additionally, we adapt the conditional loss
used in existing 3D Gaussian splatting GANs and propose a generator architecture
designed to not only stabilize training but also facilitate efficient rendering and
straightforward scaling, enabling output resolutions up to 20482. To evaluate the
capabilities of CGS-GAN, we curate a new dataset derived from FFHQ. This
dataset enables very high resolutions, focuses on larger portions of the human
head, reduces view-dependent artifacts for improved 3D consistency, and excludes
images where subjects are obscured by hands or other objects. As a result, our ap-
proach achieves very high rendering quality, supported by competitive FID scores,
while ensuring consistent 3D scene generation. Check our our project page here:
https://fraunhoferhhi.github.io/cgs-gan/

39th Conference on Neural Information Processing Systems (NeurIPS 2025).
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1 Introduction

Synthesizing high-quality 3D human heads remains a major challenge in computer vision with wide
applicability in film and gaming industries. However, this often requires expensive 3D capturing
studios or high manual labor. For this reason, there is a high demand for automating and simplifying
the synthesis process while maintaining high rendering quality. 3D GANs trained on 2D images
with known camera poses have emerged as a powerful framework, enabling both generation and
manipulation of facial geometry and appearance. Earlier approaches such as 2.5D GANs encode
camera viewpoints directly into the generator features, allowing for multi-view synthesis but often
lacking consistency across viewpoints.[32, 2, 6, 28]. 3D-aware GANs based on Neural Radiance
Fields [4, 26] improve view disentanglement by rendering from an intermediate 3D volume, but
suffer from slow inference and limited resolution scalability [38, 7, 8, 3, 31]. More recently, 3D
Gaussian Splatting (3DGS) [21] has been integrated into generative models, providing explicit scene
representations with real-time differentiable rendering capabilities. Methods like GSGAN [15] and
GGHead [23] demonstrate that high-quality 3D Gaussian head synthesis is feasible within GAN
frameworks. However, they rely on view-conditioning, where the camera parameters are fused with
latent codes to guide synthesis. While this aids training convergence for 3DGS based GANs, it leads
to strong view-dependent variations in geometry and identity.

To address this, we introduce CGS-GAN, a novel 3DGS-based generative framework that achieves
stable training and 3D-consistent synthesis of human heads without the need for view-conditioning.
Unlike existing methods, CGS-GAN achieves very high rendering quality from any camera pose
without re-synthesizing the 3D scene for each view. This is made possible through a lightweight
multi-view regularization strategy that stabilizes the training and encourages geometric consistency
with minimal computational overhead. To support high-resolution synthesis and scalability, we
propose an efficient generator architecture that minimizes GPU memory usage while enabling output
resolutions up to 20482. Additionally, we apply random background augmentation to mitigate hole
artifacts. To underline the capabilities of our new GAN framework, we curate a high-quality dataset
derived from FFHQ, including entire heads by recropping from 4K sources, excluding occluded faces,
and reduce view-specific biases. Our key contributions are:

• We propose a novel 3DGS-based GAN framework that synthesizes consistent 3D human heads.

• We introduce a multi-view regularization that stabilizes training and promotes 3D consistency.

• We propose a memory-efficient generator design supporting scalable, high-resolution synthesis.

• We apply a random background augmentation method that reduces common artifacts.

• We curate a high-quality FFHQ-based dataset for high-fidelity, 3D consistent head modeling.

2 Related Work

Generative adversarial networks (GANs) were first introduced by Ian Goodfellow in 2014 [13]. Ever
since, GANs have received high attention for their real-time photorealistic synthesis capabilities.
In its core, GANs are constructed as a non-cooperative game between a generator that synthesizes
images from random latent vectors and a discriminator that differentiates between fake images and
real images from a training dataset. The training pipeline is differentiable so that the generator
can be optimized to produce outputs that the discriminator confuses with real images. As both
networks improve during training, the generator converges towards the training data distribution. As
synthesizing from random latent vectors creates only limited control, conditional GANs (cGANs)
[27] have been introduced as an extension to GANs, allowing annotations to be incorporated into the
GAN training framework.

Although in recent years diffusion-based approaches have surpassed the rendering quality of GANs
for 2D image synthesis or video generation, GANs still stand out for their efficient real-time editing
and rendering capabilities and their clear advantage not to require ground-truth data. The latter
is especially important for 3D synthesis, as good 3D ground-truth data is very difficult to obtain.
Consequently, current approaches that utilize diffusion based models for synthesizing 3D human
heads, either take the 3D ground truth data from a pre-trained 3D GAN [25], or from 2D diffusion
models [10], which are very slow to query.
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2.1 3D GANs

While early 3D GANs were based on conditional 2.5D GANs [32, 2, 6, 28] or voxel grids [12, 36],
there have been drastic improvements since the introduction toNeural Radiance Field (NeRF)[4, 26].
NeRFs provide a differentiable renderer that allows for high quality synthesis, by querying a small
Multi-layer PerceptronMLP to decode color and opacity during ray tracing. By designing a generator
that directly produces the weights of a NeRF (MLP), PI-GAN [8] and GRAF [31] were the �rst works
to include a NeRF renderer in a 3D GAN framework. Although the rendering quality was promising,
these approaches were slow to render and limited in output resolution. Addressing this, EG3D [7]
proposes an ef�cient 3D GAN architecture that introduces a lightweight tri-plane representation,
which allows using 2D features to describe a 3D volume that can be rendered using a very small NeRF
MLP. This architecture considerably sped up the training and inference. Nevertheless, EG3D still
relied on 2D super-resolution to render in high resolutions after the 3D rendering, which harms the
3D consistency. To achieve better 3D consistency for 3D GANs, several works [34, 9, 37] proposed
extensions to EG3D that allow for removing the super-resolution part after the NeRF rendering. This
was mainly achieved by moving the super-resolution in front of the NeRF rendering. While this
slows down the rendering, we observe considerably better 3D consistency in the rendered 3D heads.
Nevertheless, since these methods use NeRF rendering, the generator model always outputs a 2D
image of the implicit 3D model, making it dif�cult to use the results in explicit 3D environments.

2.2 3DGS GANs

With the introduction of 3D Gaussian splatting (3DGS) [21], we obtained a fully explicit method
which allows for fast rendering that is qualitatively similar to NeRFs. Ever since, many works have
demonstrated very good rendering quality for synthesizing 3D human heads [33, 30, 11, 39]. Often,
however, these methods rely on multi-view input data to over�t a single human head. This data is
dif�cult to come by, as it either requires an expensive multi-camera setup [24] or a video of a person
remaining perfectly still. As this is not required when training a 3D GAN, which learns 3D geometries
from 2D data, there is a high demand for 3DGS based GANs. The �rst method to achieve 3DGS
human head synthesis from a latent space is the GSGAN Decoder [5]. It directly converts tri-plane
features from a pre-trained EG3D model into Gaussian splatting scenes, enabling all advantages of
GANs (i.e. synthesizing fakes, inverting or editing) to be employed in an explicit 3DGS setting. On
the downside, however, the GSGAN Decoder adds computational overhead, loses some detail and
always requires a pre-trained EG3D model. The second 3DGS GAN method, GGHead [23], was
proposed as the �rst method to train 3D human heads in a GAN training framework. Similarly to
EG3D, GGHead �rst synthesizes 2D features using a StyleGAN2 backbone. However, instead of
aligning the features in tri-plane and sampling the volume with a NeRF decoder, the output feature
maps are used as UV-maps on a �xed template head mesh. Such a UV-map is constructed for each of
the 3DGS attributes (color, position, scale, opacity, and rotation), where the position UV-map denotes
an offset to a �xed position on the template mesh. As a result, GGHead's generator produces a 2D
grid of Gaussian primitives that are used to model the surface of a head model. This method has
demonstrated strong performance, producing competitiveFréchet Inception Distance (FID)results
while rendering with explicit 3D Gaussians. The third method to achieve Gaussian splatting GAN
training is GSGAN [15]. GSGAN follows a different approach to GGHead, as it does not model
the surface on a head mesh, but directly predicts the Gaussian splatting scene using transformer
models [35] that are speci�cally designed for point clouds [14, 40, 29]. Similarly to a StyleGAN
architecture, GSGAN produces coarse Gaussian primitives in earlier layers, and adds �ne-detail
Gaussians in subsequent layers. Finally, all Gaussian primitives from all layers are concatenated into
a single 3DGS scene that can be rendered and forwarded to the discriminator. With this con�guration,
GSGAN �nds a good balance between large Gaussians that model smooth regions like skin regions,
and small Gaussians that model �ne details like hair. To create a relationship between the layers,
GSGAN builds a hierarchical data structure, where smaller Gaussian primitives are attached to larger
ones from previous layers. As a result, GSGAN produces good quality 3D heads with competitive
FID results. For our method, we will use GSGAN as a basis.
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Figure 2: Overview of the proposed CGS-GAN framework. The generator is built on the generator
of GSGAN [15] with key modi�cations for improved 3D consistency and scalability. In contrast to
view-conditioned approaches, our method omits camera labels in the mapping network and instead
stabilizes training through ef�cient multi-view rendering of the 3DGS head during each training step.
Additionally, we render with random backgrounds to reduce hole artifacts.

3 Method

In this section, we present the core components of CGS-GAN, our novel framework for high-
�delity, 3D-consistent synthesis of human heads using 3D Gaussian Splatting. Our method is
designed to achieve stable training without relying on view-conditioning, while enabling ef�cient and
scalable rendering. We �rst introduce our tailored generator architecture, which supports ef�cient
high quality and high resolution rendering. We then describe our multi-view regularization that
enforces consistency across viewpoints during training. In addition, we propose a modi�ed loss
formulation adapted to our unconditional setting and introduce a background augmentation technique
that mitigates hole artifacts and improves the geometric quality of the resulting 3D scenes.

3.1 Generator Architecture

Our generator architecture is designed to enable high-resolution, 3D-consistent head synthesis while
maintaining ef�ciency and scalability. We use a hierarchical generator structure similar to GSGAN
[15]. We �rst create a constant learnable feature point cloud of size(512 � 3) that is randomly
initialized and forwarded to a positional encoding function that adds higher frequencies as in NeRF
[26], resulting in size(512 � 512). The encoded representation is then processed by a series of
Adaptive TransformerBlocks from GSGAN, where each block is composed of anAdaptive Instance
Normalization Layer (AdaIN), aSelf Attention Layer, and a smallMulti-Layer Perceptron (MLP). As
shown in Figure 2 (right), the AdaIN layer normalizes the input features w.r.t. mean and standard
deviation and applies a learned offset and scale, derived from a mapped latent vectorw 2 W .
Intuitively, this operation applies thestyle of a latent vector to the learned feature point cloud
representation. This idea originates from the well established StyleGAN [19] framework, known
for its state-of-the-art rendering capabilities. The subsequent Self Attention layer enables the model
to establish meaningful correlation between the points. Finally, we apply a small MLP to create
additional capacity [35]. From the resulting feature points, we decode a 3DGS scene by forwarding
the points through fully connected layers with respective output channels for each attribute (position:
3, color: 3, scale: 3, rotation: 4 and opacity: 1) and applytanh to clip the output to a reasonable
range, while keeping differentiability. This is done for Gaussians that are rendered and Gaussians
that are used as anchors or offsets for subsequent layers. To create the next layer of Gaussians,
we again apply an adaptive transformer block to the feature point cloud of the previous layer and
convert the result to a 3DGS scene that is offset and orientated by the anchors of the prior layer.
This time, we apply point-upsampling to create four times more Gaussians than in previous layer.
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Notably, unlike GSGAN, we do not apply point upsampling within the backbone network. Instead,
we increase the upsampling ratio for each subsequent layer. This is a very important aspect when
it comes to scaling the generator for larger resolutions. Since, with our generator the number of
points in the backbone is �xed, we can �exibly add additional layers to our generator, while scaling
linearly in complexity. This is not the case for GSGAN, which performs point upsampling withing
the backbone. By doing so, GSGAN cannot apply a transformer block to the second (or higher)
layer, as the memory consumption would be too high. Instead, GSGAN applies graph convolution
layers between neighboring Gaussians, which are very inef�cient, as they require sorting distances
between all points. As a result, our proposed generator requires substantially less GPU memory while
being considerably faster. To scale our generator for higher resolutions, we add further transformer
layers and double the point-upsampling factor. With this con�guration, we end up with the following
number of Gaussian primitives for the corresponding training resolutions: {2562: 109k,5122: 240k,
10242: 502k,20482: 1M}.

3.2 Multi-view Regularization

Training instability is one of the main problems when working with GANs. Usually, the generator
cannot keep up with the performance of the discriminator, which causes the training to collapse. For
3D synthesis, this instability is ampli�ed, since the generators job of constructing a 3D head is much
more complex than the discriminators job of evaluating the realness of provided 2D images.

To encounter this training instability, we introduce a multi-view regularization that renders the
generated 3D heads from multiple views per training step and averages the resulting gradients
before backpropagation. This brings two advantages. Firstly, as we average the gradient on a larger
sample size, the direction of the gradient is less affected by stochastic variation, improving general
convergence. And secondly, as we render the same scene from multiple views per training step,
we collect gradients that do not push the weights towards one speci�c view per latent vector, but
instead evenly balance the optimization across multiple views at the same time. This is especially
important for 3DGS, given that the positional gradient is very sensitive to small changes [5, 23, 15].
Usually, when using NeRF-based GANs, like EG3D [7], such an operation would be very inef�cient,
as the rendering with NeRF is a huge bottleneck compared to the feature synthesis part. With the
ef�cient 3D Gaussian splatting rasterizer, we have the opposite case, where the rendering at >200
FPS is considerably faster than the backbone synthesis. As a result, our multi-view regularization
only creates a neglectable overhead to the overall training time.

As the discriminator is equipped with aMinibatch-Standard-Deviationlayer that collects statistics
across the batch dimension, we have to be careful not to alter the batch statistics in any way compared
to the real batches. For instance, we cannot provide the discriminator with a batch showing four times
the same person from different angles, given that no person appears even twice in the real training
data. Instead, if we apply the multi-view regularizations four times, we create four new batches where
each person is still only shown once per batch.

3.3 Conditional Loss

In order to learn 3D geometry from 2D data, the discriminator is provided with the annotated camera
position to learn which camera position belongs to which appearance. Once the discriminator has
learned the 3D concepts from real data, it provides meaningful feedback for the generator how to
mimic the 3D geometry. However, the way in which this feedback is created can differ quite a
lot. GSGAN for instance, applies a contrastive loss function that pulls together matching camera /
image pairs, while pushing non-matching pairs apart. Although this approach has proven to work,
we observe that it destabilizes the training after several million training iterations. This is caused
by the large training set containing quite a lot of camera / image pairs that are very similar to each
other. If we now sample a batch of images and cameras that have very similar camera positions, the
discriminator will produce high correlation between those non-matching pairs. Although it seems
to be not bad if the discriminator confuses two very similar camera labels, it will result in very
high loss terms when applying the contrastive loss. Therefore, we argue that the contrastive loss
formulation is not ideal for such an optimization problem and dataset. Instead, we use the conditional
training mechanism from StyleGAN [19]. Speci�cally, we do not directly apply a loss on the camera
parameters itself but embed the camera parameters into the image features of the discriminator, which
are then used to predict whether the provided image is real or fake. This conditioning, without an

5



Figure 3: Visualizations how GGHead (left) and GSGAN (right) rely on view-conditioning to achieve
good quality renderings from any angle. As soon as the view-conditioning does not align with the
camera pose, we observe worse quality. Additionally, we use a �xed latent vector for all four images,
underlining that view-conditioning also changes the identity and expression.

explicit conditional loss function, is well established for 2D GANs as well as 3D GANs [7, 3].While
removing the contrastive loss, we keep both regularizations from GSGAN, which penalizes Gaussian
primitives that move too far from the center and enforces the Gaussians to cluster by calculating a
KNN distance between the anchors on the lowest level.

3.4 3D Consistency

While in theory, GSGAN [15] and GGHead [23] produce 3D consistent human heads, they both make
use of camera conditioning, where they input the camera viewpoint to the mapping network of the
generator. Speci�cally, during training they forward in 50% of the time the camera information to the
mapping network of the generator. Although this was designed to give the generator the ability to deal
with view-dependent biases in the dataset and therefore improve training convergence, we observe
that the resulting generators heavily rely on this conditioning during inference as they produce poor
quality renderings when conditioning the generator to a frontal view, while rendering from the side
Figure 3. Removing this view-conditioning typically destabilizes the training, even causing it to
collapse in some cases."The necessity for such tricks is one of the main disadvantages of 3D GANs
and shows that we still need more research to �nd better 3D generative modeling paradigms"1.
As our training is now much more stable with our improved generator architecture, the multi-view
regularization and the removed contrastive loss, we are able to fully remove the camera conditioning
from the training pipeline without harming training convergence. By doing so, the generator learns to
synthesize a consistent 3D head that can be rendered from any viewpoint at high quality.

3.5 Random Background

Like GGHead, we remove the background in the training dataset using the background matting
network, MODNet [20]. GGHead then replaces the background with a white background. As a result,
we observe that the generator sometimes exploits the white background color and uses it to produce
white regions, such as re�ections, by creating holes in the surface. To remove this artifact, we replace
the white background with a random colored background that changes for each new image sample.
This way, the generator cannot rely on any color from the background, enforcing it to produce the
correct color that is required for rendering the human head itself.

4 Dataset

When training with in-the-wild images from FFHQ, we observe rendering artifacts that include large
unde�ned �oating objects in front of or next to the 3D head. Most often, these objects look like human
hands, microphones, or additional human heads. They originate from the training data that includes
several people with their hand covering the face, while drinking, smoking or holding a microphone.
As the generator is enforced to replicate the same data distribution provided in the training data, it
has to mimic the occluded training examples as well. This is a problem for several reasons: Firstly,
these occluders are frequent enough in the training data to force the generator to reproduce them,
however, they are not frequent enough to give the generator enough information to render them
realistically. As a result, they appear in many synthetic images and in poor quality. Secondly, to
avoid such artifacts during inference, often the truncation trick is applied. The truncation trick moves

1https://github.com/tobias-kirschstein/gghead/issues/19
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