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Fig. 1. Our method GAIA generates animation-ready Gaussian avatars. GAIA supports photorealistic novel view synthesis and individual control of identity

and expression. With efficient generation and rendering, GAIA is readily available for interactive animation and editing.

3D generative models of faces trained on in-the-wild image collections have
improved greatly in recent times, offering better visual fidelity and view
consistency. Making such generative models animatable is a hard yet re-
warding task, with applications in virtual Al agents, character animation,
and telepresence. However, it is not trivial to learn a well-behaved animation
model with the generative setting, as the learned latent space aims to best
capture the data distribution, often omitting details such as dynamic appear-
ance and entangling animation with other factors that affect controllability.
We present GAIA: Generative Animatable Interactive Avatars, which is
able to generate high-fidelity 3D head avatars for both realistic animation
and rendering. To achieve consistency during animation, we learn to gen-
erate Gaussians embedded in an underlying morphable model for human
heads via a shared UV parameterization. For modeling realistic animation,
we further design the generator to learn expression-conditioned details for
both geometric deformation and dynamic appearance. Finally, facing an
inevitable entanglement problem between facial identity and expression, we
propose a novel two-branch architecture that encourages the generator to
disentangle identity and expression. On existing benchmarks, GAIA achieves
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state-of-the-art performance in visual quality as well as realistic animation.
The generated Gaussian-based avatar supports highly efficient animation
and rendering, making it readily available for interactive animation and
appearance editing.
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1 INTRODUCTION

Generating photo-real animatable 3D faces is a crucial component
in the modeling of humans with widespread applications in content
creation, 3D video conferencing, and telepresence. It is non-trivial
to create and animate 3D faces with realistic appearance using tradi-
tional graphics pipelines [Alexander et al. 2009; Deng and Noh 2008],
as it often requires specialized artistic skill, manual adjustment of
geometry and textures and highly curated multi-view reference
data [Kirschstein et al. 2023; Saito et al. 2024]. Recent 3D-aware
generative models (e.g., 3D GANs) that learn 3D faces from large
diverse in-the-wild collections of 2D images are promising towards
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improving photorealism [Chan et al. 2022] and, recently, 3D con-
sistency [Kirschstein et al. 2024; Trevithick et al. 2024]. They also
reduce the need for costly specialized data collection and provide
improved generalization to in-the-wild operating conditions.

While 3D-aware GANSs are paving the way towards fast uncondi-
tional or sparse-view conditioned [Trevithick et al. 2023] generation
of highly photo-real 3D digital human faces, most solutions only
allow for explicit control over the subject’s identity (appearance and
shape) through user-provided inputs. However, controlling facial
expressions independently from identity remains largely unsolved.
In this work, we address this fundamental challenge of conferring
3D-aware GANSs for facial synthesis with the ability to explicitly and
independently control both the subject’s identity and expressions
via intuitive user-provided controls, in other words, of creating
animatable 3D-aware generative models for faces.

A few prior works [Bergman et al. 2022; Hong et al. 2022; Sun et al.
2023; Wu et al. 2022] have attempted to solve this problem. However,
all employ either neural radiance fields (NeRF) [Mildenhall et al.
2021] or their efficient triplane representation [Chan et al. 2022]
to model and animate faces. These scene representations while
powerful at achieving photorealism, learn deformations implicitly
and therefore do not allow precise and intuitive control of the face.
Furthermore, their NeRF-based renderer is slow and hence requires
upsampling of the low-resolution rendered images, compromising
3D consistency especially for details such as hair and wrinkles.

Several previous works [Chen et al. 2024; Deng et al. 2024b,a;
Hong et al. 2022; Qian et al. 2024; Xu et al. 2024] achieve high qual-
ity avatar reconstruction and reenactment utilizing a reconstruction
loss from multi-view or monocular videos. However, learning an-
imatable 3D-aware GANSs for faces from unstructured 2D image
collections is a more challenging problem due to weaker supervi-
sion signals provided by the adversarial loss. 3D generative models
typically learn a latent space that is representative of the training
dataset. Walking on such a latent space results in images that encode
not only different identities, but also illumination conditions, acces-
sories, expressions and other deformations of the face, resulting in
significant entanglement between these various factors. However,
in tasks such as character animation, facial expressions often need
to vary over time while other extraneous factors such as identity
and illumination conditions should remain fixed. Hence, to achieve
such controlled generation with 3D GANs, one must disentangle
facial expression-related factors from the latent space. Additionally,
it is well established in traditional computer graphics that modeling
high-quality detailed animation such as wrinkles requires the mod-
eling of dynamic textures conditioned on the character’s animation
state [Gotardo et al. 2018]. Yet, this fact is overlooked in current
3D-aware generative models for faces.

To address these challenges, we present GAIA: Generative Anima-
table Interactive Avatar for high-fidelity 3D head avatar generation
with controllable realistic animation and fast rendering. We identify
that using an expressive morphable parametric model (FLAME) [Li
et al. 2017] with its inbuilt explicit expression-controlled defor-
mation, provides a strong and intuitive prior for modeling facial
expressions. Hence in GAIA, we generate Gaussians, via an effi-
cient StyleGAN architecture, that are embedded on an underlying
FLAME model for human heads via a shared UV parametrization.
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We explicitly offset the Gaussian primitives [Kerbl et al. 2023] with
FLAME-parameterized expression deformations to model facial ex-
pressions. The adoption of Gaussian splatting further improves
fine-detail generation (such as hair), and view consistency of faces
along with rendering speed. However, coarse deformations applied
via FLAME only model deformations of the facial region. To model
fine-grained high-fidelity animation for the entire head, inspired by
traditional computer graphics, we further design our generator to
learn expression-conditioned details for both geometric deformation
and dynamic appearance by explicitly conditioning it on expres-
sion, besides identity and viewpoint. While this approach faithfully
models the appearance of the training distribution, it invariably
entangles identity and expression controls during generation. We
disentangle them in two steps: (a) similar to the pose-conditioned
discriminator introduced in EG3D [Chan et al. 2022], we adopt a dual
discriminator that is expression and shape conditioned, and (b) we
adopt a two-branch architecture to separately learn to apply identity
and expression related residuals, trained with a multi-stage training
procedure and regularization strategies. On various benchmarks,
GAIA achieves state-of-the-art performance in visual quality as well
as realistic animation, while maintaining 3D viewpoint consistency.
The generated Gaussian-based avatars support highly efficient ani-
mation and rendering at interactive speed.
The contributions of this paper are as follows:

e We propose GAIA, an animatable 3D-aware generative model
for high-fidelity 3D head avatar generation with controllable
realistic animation and fast rendering.

o We achieve this goal by an expression-conditioned generation ar-
chitecture that disentangles expression and identity controls and
generates animatable Gaussians through the UV parametrization
and joint articulations from a FLAME morphable model.

e We achieve state-of-the-art performance in visual quality as well
as realistic animation and build a real-time interactive application
demonstrating controllable character animation.

e We release our source code at https://research.nvidia.com/labs/
amri/projects/gaia/.

2 RELATED WORK

In this section, we discuss related research on 3D generative adver-
sarial networks and their applications to animating human avatars.

2.1 3D Generative Adversarial Networks

3D Generative Adversarial Networks (GANs) allow the learning
of implicit or explicit 3D representations from unstructured col-
lections of 2D images. Early works in 3D GANSs defined implicit
voxel-based representations and CNN-based neural renderers [Hen-
zler et al. 2019; Nguyen-Phuoc et al. 2019, 2020; Niemeyer and Geiger
2021; Xue et al. 2022]. Neural Radiance Fields (NeRF) [Mildenhall
et al. 2021] and its differentiable volume rendering method im-
proved 3D consistency and photo-realism in later works, but with
increased computational costs [Bergman et al. 2022; Cai et al. 2022;
Chan et al. 2021; Deng et al. 2022; Gu et al. 2022; Schwarz et al.
2020]. The triplane representation was proposed in [Chan et al.
2022] to reduce computational complexity. Still, its super-resolution
post-processing step resulted in inconsistent details which were
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improved by training at higher-resolutions via patch-based discrimi-
nation [Skorokhodov et al. 2022; Xiang et al. 2023], distillation [Chen
et al. 2023], and learnable ray sampling [Trevithick et al. 2024].
The introduction of 3D Gaussian Splatting (3DGS) [Kerbl et al.
2023] allowed fast and high-resolution rendering via a collection
of explicit Gaussian primitives and a differentiable rasterization
method. The explicit nature of 3DGS allows for higher multi-view
consistency and association with known 3D geometries as demon-
strated in GSM [Abdal et al. 2024] and GGHead [Kirschstein et al.
2024]. While GSM allowed human pose articulation using the un-
derlying SMPL model [Loper et al. 2023], GGHead used the FLAME
model [Li et al. 2017] only as a static template mesh, without the
possibility to independently control the identity and expression of
the face. In contrast, GAIA’s expression-conditioned GAN approach
captures fine details such as wrinkles with 3D consistency and also
allows precise independent control of expressions, gaze and pose.

2.2 Neural Animatable Human Avatars

While 3D GAN s can learn to capture 3D understanding from 2D im-
ages, it is challenging to simultaneously learn a method that allows
faithful animation. Such animation capabilities are important for
human avatars, as evidenced by the introduction of diverse models
for controlling the shape and texture of the human face or body,
such as morphable models (3DMM) [Blanz and Vetter 1999; Dai
et al. 2020; Li et al. 2017; Loper et al. 2023; Ploumpis et al. 2020].
Early neural face animation works used 3DMMs [Thies et al. 2016]
or keypoints [Wang et al. 2021; Zakharov et al. 2019] for driving
face deformation. More recent works adopted the triplane repre-
sentation and used a 3DMM [Chu and Harada 2024; Li et al. 2024],
semantic maps [Sun et al. 2022], or implicitly learned representa-
tions [Deng et al. 2024b,a; Hong et al. 2022; Tran et al. 2024] to
transfer facial expressions from one image to another while exhibit-
ing good 3D consistency. Works such as Gaussian Head Avatars [Xu
et al. 2024] and MonoGaussianAvatar [Chen et al. 2024] combined
3DMMs with Gaussian Splatting for improved visual fidelity and
view consistency. Unlike 3D GANSs, these methods were trained
with precise ground-truth and image reconstruction losses. Several
3D GAN works for body articulation and animation have been pro-
posed [Abdal et al. 2024; Hong et al. 2023; Noguchi et al. 2022], but
few works have addressed the task of training an animatable 3D
GAN for faces [Bergman et al. 2022; Sun et al. 2023; Wu et al. 2022].
Most related to our work is Next3D [Sun et al. 2023], which
incorporates a 3DMM with neural textures. Next3D follows the
design of EG3D [Chan et al. 2022] and adopts a super-resolution
post-processing step, resulting in a lack of details such as wrinkles
and low 3D consistency in the renderings. The architecture built on
top of implicit representations makes it tricky to achieve fine-level
animation control or efficient inference. In contrast, our approach
GAIA takes advantage of the coarse yet reliable expression model
from FLAME [Li et al. 2017], and learns to generate expressive
dynamic details on top of it with expression-conditioned Gaussians
and achieves photorealistic rendering, expressive animation, eye
control, high 3D consistency as well as interactive rendering speeds.

3 METHOD

We illustrate an overview of our method, GAIA, in Fig. 2. GAIA is
able to generate high-fidelity animation-ready head avatars. The key
to achieving high-quality animation control is to properly decom-
pose the generation procedure into a structure that is compatible
with the animation process, i.e., factorizing control variables such
as identity and expressions. Towards this goal, we first introduce
an expression-conditioned Gaussian generation architecture, which
disentangles identity and expression variations by two separate
branches (Sec. 3.2). To animate the generated 3D Gaussians, we
adopt a generalized skinning formulation (Sec. 3.3). We then pro-
pose strategies to effectively regularize the generated 3D Gaussians
(Sec. 3.4) and a multi-stage adversarial training scheme to effectively
train the generators on in-the-wild image datasets (Sec. 3.5).

3.1 Background

3.1.1 Gaussian Splatting. [Kerbl et al. 2023] proposed 3D Gauss-
ian Splatting (3DGS), which models a 3D scene by a collection
of Gaussian primitives. Each Gaussian g; contains five attributes:
gi = {pi, Si, Qi> 0i, ¢i }, including the position of the Gaussian p; € R3,
scale vector s; € R3, quaternion vector q; € R*, opacity o; € [0,1]
and spherical harmonic coefficients c; for view-dependent appear-
ance. Given all the Gaussians of the scene G = {g;} and camera
parameters sz, 3DGS utilizes an efficient tile-based rasterizer R to
render the 3D representation to an image,

I=R(G, 7). (1)

3.1.2  Head Morphable Models. FLAME [Li et al. 2017] is a differ-
entiable function # that produces N = 5023 deformed vertices
V € RN>3 given control variables shape B, expression g and pose
0,ie,V=F (B, p,0). The shape parameter B € R3 captures the
diversity of identity shapes. The expression parameter ¢ € R1%0
controls the facial expression. FLAME further models the surface
deformation due to bone activation of a human head, with pose
parameters 8 € R3X being K = 5 joint rotations (in axis angles) for
the root joint, neck, jaw and the two eyeballs. The pose changes
manifest by applying a Linear Blend Skinning (LBS) function S on
the pre-skinning template vertices Vr,

V=8(VrJ,0,W), (2)

where J € RK>3 are the activated 3D joint locations and ‘W is the

blendweight matrix that models the influence of each joint on all
vertices. The pre-skinning vertices V1 are computed by applying a
combination of linear components on the template mesh vertices V,

V1 =V +Bsf +Beyp + B, f(0), 3)

where B, are linear base tensors for shape (s), expression (e) as
well as pose correctives (p) to prevent LBS artifacts. The linear
coeflicients for pose correctives are a transformed version of pose
parameters 6. Please refer to [Li et al. 2017] for further details.

3.2 Expression-conditioned Gaussian Generation

3.2.1 UV-based Gaussian Attributes. To achieve photorealistic gen-
eration, we choose 3D Gaussians [Kerbl et al. 2023] as our repre-
sentation. However, as a point-based representation, Gaussians are
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Fig. 2. Overview. GAIA generates animation-ready head avatar at high visual and animation fidelity by only learning from in-the-wild 2D images.

inherently unstructured, which poses challenges to properly regular-
ize them under deformation. Similar to [Kirschstein et al. 2024], our
model generates Gaussian attributes on UV maps Ay € RTXT*P«
for all attribute categories1 *x € {p,s,q,0,c}, where T is the resolu-
tion of the UV maps and Dy is the dimension of Gaussian attribute *.
Generation on the UV maps takes advantage of existing powerful 2D
generative backbones such as StyleGAN [Karras et al. 2020]. More
specifically, we choose the UV parametrization that corresponds to
the FLAME face model, which builds up a bridge between the 3D
Gaussian primitives and the underlying morphable and articulate
structure of the FLAME model. We will detail this in Sec. 3.3.

3.2.2 Conditioning Generator with Shape and Expression. Existing
unconditional generative avatars [Kirschstein et al. 2024] model
all variations of the face with a purely learned latent space z and
camera conditions sr, which does not support factorized control
for animating expression or editing identity. To support factorized
animation control, we add FLAME shape (identity) f and expression
@ in the Gaussian attribute generator as additional conditioning
variables. Another motivation of this design is to model expression-
conditioned geometry and appearance changes, as these are crucial
details to reach high realism (e.g., wrinkles) during animation.

We empirically find that adding shape and expression as addi-
tional conditioning variables helps the generator to better capture
the data distribution. However, this comes with a cost that the gen-
erator tends to rely on the expression label to memorize the identity.
This causes entangled generation where a change in expression
parameters can affect the identity, which is a behavior clearly not
acceptable for an animation system. We show these observations
in Tab. 2 and Fig. 6 in Sec. 4.2.3. To prevent entanglement between
identity and expression, we propose a novel expression-conditioned
generation architecture, which consists of two separate branches to
model identity and expression respectively, as shown in Fig. 2.

3.2.3  Two-Branch Architecture. We propose a two-branch genera-
tion architecture to decouple the generation processes of identity
and expression. We design the identity branch to capture most of the
geometry and appearance related to the person’s identity. To pro-
duce the expression-dependent appearances and deformations (e.g.,
wrinkles), the expression branch learns to produce offsets based on
the output from the identity branch, which mimics the dynamic

! Abbreviation of the Gaussian attribute categories: position (p), scale (s), rotation (q),
opacity (o) and color (c).
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displacement [Cao et al. 2015; Nagano et al. 2015] in traditional
facial animation.

We generate identity-conditioned attributes with the shape branch.
The shape branch firstly takes shape parameter § as well as latent
code z and camera parameter st through the mapping network
M to obtain an intermediate latent variable ws. Then we adopt
a StyleGAN-style [Karras et al. 2020] backbone B to generate
identity-related Gaussian attributes UV maps A, for all Gaussian
attribute categories x € {p, s, q,0,c},

Ws = M(Z3 T, ﬁ)’ ﬁ* = BS(“’S)- (4)

We design another StyleGAN generator B, to generate expression-
conditioned attributes S A based on the expression input ¢ and
the intermediate feature w from the shape branch,

OAx = Be(Ws, ). (5)

We obtain the final Gaussian attribute maps by applying the
expression-conditioned attributes on the identity-conditioned at-
tributes as offsets. In particular, we apply a binary UV mask of the
face region M on § A4 to further constrain the influence of the ex-
pression branch (e.g., facial expressions usually do not affect the hair
regions). This masking, together with the regularization (Sec. 3.4)
and multi-stage training scheme (Sec. 3.5), improves decoupling
identity and expression.

Ax = ﬁ*+M®(Sﬂ*. (6)

3.3 Animatable Gaussian Avatar

Given the Gaussian attribute maps Ax generated by the expression-
conditioned generators, we lift the attributes to the 3D space and
then animate them with a generalized skinning function.

3.3.1 Lifting Gaussian Attributes. Our Gaussian representation is
embedded on the predefined UV parameterization of the FLAME
head template. For animation, we need to lift the Gaussians into the
canonical 3D space. Each valid texel t; € [0..T — 1]? corresponds
to the ith template Gaussian gr,. All 3D Gaussian attributes * except
for the positional and scale attributes are directly sampled from the
corresponding UV-based attribute maps.

*7; = I (Ax,ti), V* € {go,c} ™

where 7 (-) is the bilinear sampling function on the UV map.
We regularize the range of the scale attributes by applying an
additional non-linear transformation after the bilinear interpolation,
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similar to [Kirschstein et al. 2024],
ST, = exp(—Smax — SOftpluS(_(I(ﬂs, ti), —Sinit) = Smax))- (8)

The positional attribute map A, is interpreted as offsets on the
corresponding points on the morphable FLAME template (Eq. 3),

p1, = 2" (Vr,ti) +yp - tanh(Z (Ap, t;)) ©)

where 7' (-) is the bilinear sampling function on the mesh vertices.
We apply a tanh(-) transformation to the offsets to further limit their
range. We empirically choose smax = 3, sinit = 5 and y = 0.25. The
generated Gaussian attributes Ax (Eq. 7, 8 and 9) can be interpreted
as additional corrective “blendshapes” as well as detailed appearance
attributes, which are not modeled in a morphable model.

3.3.2 Generalized Skinning Function. Given the template Gaussians
Gr computed by Eq. 7, 8 and 9, we then apply a generalized skin-
ning function § to animate the Gaussians. The function takes a
similar form of the original skinning function (Eq. 2) in FLAME.
We bilinearly sample the original blendweight matrix ‘W via the
existing barycentric weights and produce a blendweight matrix W},
establishing the influence of the joints on all generated Gaussians,

G =S8(Gr.J. 0. Wy). (10)

The generalized skinning function naturally inherits the existing
FLAME facial rig, which improves realism and offers compatibility
with existing graphics pipelines.

3.4 Regularization

We propose regularization strategies, which effectively encourage
the generator to maintain reasonable animation behavior and facili-
tate the decoupling between identity and expression.

3.4.1 Expression-conditioned Generation. The entanglement issue
between identity and expression often manifests as the expression
parameters have an overly high influence on the generated results.
To ensure that the expression-conditioned generator produces plau-
sible attributes, we propose several regularization techniques. To
constrain the influence of the expression branch, other than limiting
the offsets in face region by a mask in Eq. 6, we disable the generated
position and scale attribute offsets, as the expression-dependent de-
tails (e.g., wrinkle) are mostly a local effect. Furthermore, we apply
Ly regularization on the Gaussian attribute offsets A,

Log= Y, IMOA,. (11)

*x€{q,0,c}

3.4.2 Inner Mouth. The inner mouth region is usually difficult to
model as the oral cavity contains intricate internal structure such
as the teeth and tongue. Similarly to FlashAvatar [Xiang et al. 2024],
we stitch the inner mouth of the FLAME template mesh to prevent
hole artifacts. We find that adding position and scale offsets in the
mouth region helps to model the teeth, tongue and some light and
some light interaction between them (e.g., shadows). We then only
add position and scale offset in the mouth region.

3.4.3 Eyeballs. An important difference in design compared to
existing methods is that our generated attributes are applied on a
full-fledged and more detailed FLAME model with eyeball modeling.
To maintain the original shape of eyeballs and reduce artifacts when

the eyeballs are rotated, we apply a Total-Variation (TV) loss on the
attributes maps of the eyeball region (by mask Meyeballs),

Loy = Z TV(Meyeballs © ﬂ*)~ (12)
*

3.4.4 All Gaussians. Similar to [Kirschstein et al. 2024], we also
apply regularization terms on the final Gaussian attribute maps Ax
to constrain the evolution of Gaussians during training, resulting in
better geometric and animation quality,

Ly = ”ﬂpuz,Ls = [|Asllz» Lo = Beta(Ao), (13)

where Beta(-) is the negative log-likelihood term of Beta(0.5, 0.5)
distribution from [Lombardi et al. 2019].

3.5 Multi-Stage Adversarial Training

We design a multi-stage adversarial training scheme to effectively
train the two-branch expression conditioned architecture.

3.5.1 Stage 1: Shape Only Training. In this stage, we only use the
shape branch to generate the Gaussian attributes, i.e., Ax = Ax.
We pair the shape branch with a shape-conditioned discriminator
Dy (L; B, ), where I = R(G(Ax)) is the rendered images of the
shape-only generation. The generator 85 and the mapping function
M is trained by the standard non-saturating GAN loss [Goodfellow
et al. 2020] with R1 regularization [Mescheder et al. 2018].

L34, = softplus(=Ds (R(G(A)), B, ). (14)
The total training loss is
votal = Lady +ApLp + AsLs + 20 Lo + AuvLuv- (15)

To efficiently train the shape branch, we first train the generator
at 2562 rendering resolution as well as 2562 UV resolution, with
around 65K Gaussians. We then train the generator at 5122 for both
the rendering resolution and generated UV map resolution, which
leads to around 262K Gaussians. When increasing the rendering
resolution from 256 to 512, we add additional layers at both the
generator and discriminator.

3.5.2  Stage 2: Joint Shape and Expression Training. We add the
expression branch and train it along with the shape branch. We
further design an expression-conditioned discriminator D, (I, g, 1),
where I = R(G(Ayx)) is the rendered images of the full generation
at 5122 resolution,

£2,, = softplus(~De(R(G(A)). ¢, 7). (16)
The total training loss of this stage is
LY a1 = ALy gyt Adz L2 4, +Ap Lot As Lo +do Lo+duy Luv+Aexp Lexp. (17)
We add additional convolution layers with zero initialization [Zhang
et al. 2023] to minimize the influence of the expression branch at
the beginning of the training.

4 EXPERIMENTS
4.1 Evaluation Settings

4.1.1 Datasets. We conduct our experiments on the FFHQ [Karras
et al. 2019] dataset which contains 70K in-the-wild human face
images. We follow EG3D [Chan et al. 2022] to crop the image to
5122 resolution based on facial landmarks, and compute the camera
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Fig. 3. Qualitative Comparison on Novel View Synthesis. We evaluate our generated image quality on random samples. Our method can generate

comparable quality images and 3D-consistent results.

poses using 3DMM fitting [Deng et al. 2019]. We further deploy
SMIRK [Retsinas et al. 2024] to estimate the FLAME [Li et al. 2017]
shape and expression parameters. Finally, we use MODNet [Ke et al.
2022] to remove the background of the images.

4.1.2 Baselines. We compare our method against the following
state-of-the-art (SotA) methods. (1) EG3D [Chan et al. 2022] is a SotA
method that generates high-quality 3D faces based on a triplane rep-
resentation and super-resolution network. (2) GGHead [Kirschstein
et al. 2024] is a SotA method that synthesizes 3D heads by embed-
ding 3D Gaussian on UV map of a static template. Note that EG3D
and GGHead generate avatars based on learned latent code, which
does not support animation with factorized control of identity and
expression. (3) Next3D [Sun et al. 2023] is a SotA method that can
generate animatable 3D faces with learnable neural texture and a
super-resolution network to upsample the rendered image.

4.1.3  Metrics. We use Fréchet Inception Distance (FID) [Heusel
et al. 2017] to measure image quality. We evaluate the faithfulness
of the animation using the Average Expression Distance (AED), Av-
erage Pose Distance (APD), and Identity Consistency (ID). Note that
Next3D measures the AED (AED-exp) on the FLAME expression
parameters which does not include eyelid and jaw. In contrast, We
additionally measure AED-eye and AED-jaw to evaluate the ani-
mation of eyelid and jaw. We evaluate identity consistency (ID) by
calculating the similarity of the ArcFace features [Deng et al. 2019].
We provide additional evaluation details in the Appendix A.
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4.1.4 Implementation Details. Our model is implemented in Py-
Torch [Paszke et al. 2019]. We use a batch size of 32 and adopt the
learning rate and R1 gradient regularization [Mescheder et al. 2018]
from EG3D [Chan et al. 2022]. We set the weight of R1 regular-
ization to 1 in the first stage, and 2 in the second stage. We train
stage 1 for 25M iterations at 2562 resolution and 5M iterations at
5122 resolution. we then train stage 2 for 4M iterations. In order to
train smoothly, we increase ;5 from 0 to 0.5 in 1M iterations and
set Ag; = 1 — Agy. We set the regularization weights as 1, = 0.1,
As = 0.05, 4o = 1, Ayp = 5, and Aexp = 60. The full training takes
around 5 days on eight NVIDIA A100 GPUs. We use one-degree
spherical harmonics in the generated Gaussians. We use the same
extended FLAME model as in [Retsinas et al. 2024], with additional
eyelids blendshapes, and extended expression parameters including
the original expression, jaw and eyelid parameters. The blinking
motion is mostly controlled by these eyelid blendshapes. For inner
mouth, we assign blendweights for upper and lower teeth Gaussians
following [Qian et al. 2024].

4.2 Results

We provide comparison results and ablation studies to demonstrate
our method. We strongly recommend the reader to watch our Supp.
Video? to better evaluate the photorealism of our results. Additional
evaluations are provided in the Appendix A.

4.2.1  Comparison on Novel View Synthesis. In Fig. 3 and Tab. 1, we
compare the novel-view rendering of our generated samples to the

2Please visit the project website: https://research.nvidia.com/labs/amri/projects/gaia/.
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Table 1. Quantitative Results on FFHQ Datasets. As EG3D and GGHead
do not support explicit animation control, we mark N/A for their metrics
on animation quality. Our method has the best animation quality and
comparable image quality with 3D-consistency without 2D super-resolution.

Method FID| AED-exp| AED-eye| AED-jaw| APD| IDT

/SR EG3D 3.28 N/A N/A N/A N/A N/A
Wi

Next3D 3.18 0.93 0.149 0.046 0.031 0.74

Jo SR GGHead  4.06 N/A N/A N/A N/A N/A
w/o

Ours 3.85 0.53 0.083 0.040 0.027 0.72

Table 2. Ablation Studies on FFHQ Datasets. We analyze the effect of
different designs of the generation architecture and deformation method.

Method FID| AED-exp| AED-eye| AED-jaw| APD| 1ID7
One Branch Uncond. 4.94 1.27 0.187 0.062 0.053 0.90
+ Shape Cond. 4.13 0.76 0.125 0.046 0.030 0.84
+ Expr. Cond. 3.81 0.52 0.076 0.039 0.029 042
+ Shape & Expr. Cond. 5.52 0.56 0.085 0.039 0.028 0.62
Naive Two-branch 4.21 0.53 0.084 0.041 0.026 0.61
Ours w/ Nearest Blendweight ~ 8.65 0.58 0.095 0.039 0.027  0.71
Ours w/ Surface Field 12.36 0.74 0.136 0.040 0.032 0.76
Ours 3.85 0.53 0.083 0.040 0.027 0.72

existing methods. Our method produces comparable high-quality
images with the state-of-the-art methods. Quantitatively, both with-
out the use of 2D super-resolution, GAIA achieves better FID than
GGHead as shown in Tab. 1. EG3D and Next3D can generate high-
quality images but suffer from 3D view-consistency due to the use
of a 2D super-resolution network. To further investigate this, we
follow GGHead to compare the Epipolar Line Images (EPI) [Bolles
et al. 1987] with Next3D in Fig. 4. For view consistent images, the
EPI should be smooth, whereas noise and ripple artifacts reveal
the 3D inconsistencies. As shown in Fig. 4, Next3D produces more
ripple and noise artifacts in the EPI while ours is smoother.

4.2.2  Comparison on Animation Quality. We compare our method
with Next3D in terms of animation quality. As shown in Tab. 1,
our method has better AED, APD, and comparable ID consistency
compared to Next3D. It shows that our method can animate the
avatar more accurately. Although Next3D has a better FID score,
it suffers from low 3D consistency due to the use of a 2D super-
resolution network. We further show in Fig. 5 that our method
outperforms Next3D in terms of animation accuracy and quality.
Specifically, Next3D cannot precisely control the eyelid, jaw and
eyeball due to the implicit neural texture representation, while our
method can accurately animate the avatar with wrinkles in the
forehead. This is thanks to our learned animatable features in the
expression branch. Furthermore, our method can also control the
avatar with accurate eyeball motion due to our TV loss which is
applied to the eyeball UV region.

4.2.3 Ablation Studies on Generation Architecture. In Tab. 2, we
compare several alternative designs for generating Gaussian at-
tribute maps. The baseline “One Branch Uncond” indicates that
only one generator backbone is used, with only the default con-
ditioning variables 7 and z, while using the FLAME mesh during
animation. We find that without the additional condition to the

Table 3. Comparison on Inference Speed and Memory Consumption.
For inference time, we measure the average time to generate and render
an avatar per frame, as well as the full inference time in frames per second
(FPS). The time measurements are averaged over 500 frames. GAIA achieves
higher efficiency in both time and memory compared to Next3D.

Method Generation | Render | FPST  Memory |
Next3D 36.61 ms 16.69 ms 18.76 701.3 MB
Ours 21.96 ms 1.09 ms 43.38 463.8 MB

Next3D

Fig. 4. Analysis of 3D Consistency. We compare our 3D consistency with
Next3D using Epipolar Line Images [Bolles et al. 1987]. Next3D produces
noise and ripple artifacts while GAIA renders smoothly without flickering.

generator and discriminator, the model cannot accurately animate
the generated avatar, thus this leads to unsatisfactory AED and APD.
As shown in Fig. 6, the expressions of the driver are not captured,
resulting in an inflated ID consistency score. Next, we add various
combinations of additional conditioning variables to the generator.
Adding the shape condition (i.e., stage 1 of GAIA) helps the gener-
ation and animation with better FID and AED, but the results still
lack expression accuracy as shown in Fig. 6. We find that adding the
expression condition improves the image quality and expression ac-
curacy, but breaks ID consistency, i.e., the identity of the generated
avatar changes during animation. We then try to add both shape
and expression conditions on a one branch network to yield better
ID consistency but this sacrifices animation accuracy. In order to
achieve both high animation accuracy and ID consistency, we use
a two-branch network with separate shape and expression condi-
tioning. Without the proposed regularization schemes, the naive
two-branch network can achieve accurate animation but lower ID
consistency. With our regularization schemes applied on the ex-
pression branch, our final model is able to exhibit good animation
accuracy and ID consistency.

4.24 Ablation Studies on Animation Formulation. We ablate dif-
ferent animation formulations. Nearest Blendweight method, used
in [Zhao et al. 2023; Zheng et al. 2022, 2023; Zielonka et al. 2023], de-
forms the Gaussian points based on the nearest FLAME blendweights.
Surface Field is the deformation method proposed in GNARF [Bergman
et al. 2022]. As shown in Fig. 6, replacing our deformation method
with these two alternative designs produces artifacts in the synthe-
sized results while our method presents robustness.

4.2.5 Runtime and Interactive Animation. We compare the inference
time and memory usage to Next3D in Tab. 3. Our method outper-
forms Next3D in terms of efficiency in both time and memory. Note
that we can further accelerate to 52 FPS by caching the output of the
generator’s shape branch if the identity of the character is constant.
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Next3D

Ours

Fig. 5. Qualitative Comparison on Animation Quality. We estimate the FLAME parameters from several frames of video clips and use the parameters to
animate the generated avatar. Our method shows more precise and detailed animation than Next3D especially wrinkles in forehead and eyeball motion. The
two driver video clips are from Next3D [Sun et al. 2023] and IMAvatar [Zheng et al. 2022], respectively.

A '\
One Branch
Expr.-cond.

One Branch One Branch
Uncond. Shape-cond.

One Branch
Shape & Expr.-cond.

~ a1\

Naive w/ Nearest w/ Surface
Two-Branch Blendweight Field

Fig. 6. Ablation Study. Our two-branch network with regularization has both good animation and ID consistency compared to other model designs and our
deformation method is more robust without producing artifacts. The driver video clip is from Next3D [Sun et al. 2023].

Fig. 7. Real-time Interactive Animation and Editing. GAIA supports
efficient generation and rendering of photorealistic animation-ready avatars,
with an interactive speed of 43 FPS on an NVIDIA RTX A6000 GPU.

As shown in Fig. 7, we develop an interactive viewer that supports
real-time animation and editing, showcasing accurate control of
expression, identity, and fast rendering possibilities of GAIA.
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4.2.6 Limitations and Future Work. While GAIA is effective in the
control of the expression and shape of 3D face avatars, it could be
further extended to the full body. Similarly, modeling and allowing
control of the tongue, face accessories and environmental illumina-
tion would further expand application possibilities. While our work
allows animation over time, details such as hair and clothing will
not deform based on the expectation of real-world physics. To al-
low physically-based modeling, research into 4D and physics-aware
generative models may be useful. We discuss the future work on
datasets as well as facial tracker in the Appendix A.

5 CONCLUSION

We present GAIA, an advanced 3D GAN framework designed for
high-fidelity rendering with exceptional view consistency and in-
teractive animation with intricate deformations, including wrinkles.
We achieve this by incorporating a morphable FLAME model with
animatable Gaussians through shared UV parameterization, and
designing a two-branch generation architecture that learns to apply


https://github.com/MrTornado24/Next3D
https://github.com/zhengyuf/IMavatar
https://github.com/MrTornado24/Next3D
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shape and expression independently, allowing for disentanglement
while animation. GAIA out-performs the state-of-the-art in animat-
able 3D GANSs in both qualitative and quantitative measures, while
allowing for animation in real-time, enabling interactive applica-
tions involving character animation and editing.
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A APPENDIX
A.1  One-shot Avatar Generation with GAN Inversion

With the trained GAIA generators, we adopt the Pivotal Tuning
Inversion (PTI) [Roich et al. 2022] to obtain a person-specific 3D
avatar given one input image. As shown in Fig. 8, our model can
create photorealistic animatable avatars from real-world images.

PPR9

Source Inversion Novel View

Fig. 8. One-shot Avatar Creation. We use PTI [Roich et al. 2022] to fit an
animatable 3D avatar from real-world images.

A.2  Effect of Regularization Parameters

We set the L; regularization weight Axp to various values and
evaluate the effects of this hyperparameter. As shown in Tab. 4,
with lower Aexp, the model tends to perform better in expression
(AED), but lose the consistency in identity (ID). We choose 60 as our
final regularization weight as it leads to a better balance between
animation accuracy and ID consistency.

Table 4. Effect of Regularization Weights A¢x,. We compare the quanti-
tative results of different regularization weights of the expression branch.

Jexp FID| AED-exp| AED-eye| AED-aw| APD| IDT

30 3.95 0.52 0.081 0.040 0.026 0.69
40 4.60 0.52 0.080 0.040 0.026 0.69
50 4.02 0.53 0.082 0.040 0.027 0.70
60 (Ours)  3.85 0.53 0.083 0.040 0.027 0.72
70 4.01 0.53 0.082 0.040 0.027 0.70

A.3 Effect of the Two Generation Branches

In Fig. 9, we visualize the effects of our shape and expression
branches. The results show that our expression-conditioned branch
captures details (e.g., wrinkles) during animation.

ﬁ.‘

%“ L ~
Two Branch

Shape Branch Expression Branch

Fig. 9. Visualization of Effects of the Two Generation Branches. We
visualized the animation with only the shape branch, the expression branch,
and two branch. The results indicate that the expression branch captures
details (e.g., wrinkles) during animation.
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A.4  Results of Training at Higher Resolution

GAIA is able to produce rendering results at 1024 resolution. Based
on our trained 5122 resolution model, we finetune our model on
10242 resolution images for around 1M iterations. As shown in
Tab. 5, we can achieve high-resolution rendering without sacrificing
animation accuracy or ID consistency. We further show qualitative
results on novel view synthesis results in Fig. 10 and animation
in Fig. 11. Our model produces high quality results of novel-view
synthesis and animation quality with 10242 resolution.

Table 5. Quantitative Comparison of Training Resolutions. We fine-
tune our model (trained at 5122 resolution) on datasets at 10242 resolution.

Resolution FID| AED-exp| AED-eye| AED-jaw| APD| ID7T

Ours (512) 3.85 0.53 0.083 0.040 0.027 072
Ours (1024)  3.92 0.53 0.082 0.040 0.027  0.70

A.5 Additional Evaluation Details

For AED and APD, we randomly sample 10K camera poses and
FLAME parameters to generate 10K images. Then we calculate the
distance between the input FLAME parameters and the SMIRK [Retsi-
nas et al. 2024] estimated FLAME parameters of these generated
images. For identity consistency (ID), we follow Next3D [Sun et al.
2023] to randomly sample 1K identities, each identity with two
randomly sampled poses and expression parameters. We then use
a pre-trained ArcFace model [Deng et al. 2019] to calculate the
similarity of the pair and report the average result.

A.6  Discussion on Animating GANs

Driving GANs with mapping networks for animation is an open
problem, as it is tricky to ensure well-behaved animation while
supporting intuitive and disentangled control with purely learned
latent variables. A typical challenge is that the appearance and
sometimes even the gender will change while editing expressions.
Furthermore, only specific attribute editing (e.g., smile) is supported.
GAIA supports disentangled expression control in FLAME space.

A.7 Additional Discussion on Future Work

The limited view angles, range of expressions and coverage on the
mouth region presented in FFHQ can affect the range of rendering
and animation. Exploring datasets of wider diversity is a promising
direction. Our motion and animation transfer accuracy is bounded
by SMIRK, which we used to extract animation parameters. We
expect that future improvements in monocular face trackers will
transfer to GAIA. Furthermore, as we trained the generator with
RGB rendered images with a white background, some white regions
(e.g., collar) learned to be transparent to still satisfy the discrimina-
tor. Training with RGBA rendering or random background could
mitigate this issue.

A.8 Ethical Considerations

The creation of photorealistic, animatable head avatars raises im-
portant ethical concerns, particularly on misuse for identity theft,

privacy violation, and deepfake-based misinformation. While our
work advances the realism and controllability of such avatars, we

strongly condemn any malicious or unauthorized use. We emphasize
that this is an early step in the field and call for continued research
on safeguards, media authentication, and responsible deployment
to ensure positive impact on the society.
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Fig. 10. Novel View Synthesis Results at 10242 Resolution. We use our tuned model at 10242 resolution to generate some random samples and visualize
the novel view synthesis results at 10242 resolution.

Fig. 11. Animation Results at 1024? Resolution. We visualize the animation results of our tuned model in 10242 resolution. GAIA maintains high-quality
animation at 1024 resolution. The two driver video clips are from Next3D [Sun et al. 2023] and IMAvatar [Zheng et al. 2022], respectively.
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