LegacyAvatars: Volumetric Face Avatars For Traditional Graphics Pipelines
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Real-time Animation and View Synthesis

Figure 1. We present a novel representation for rendering animatable volumetric 3D face avatars using meshes and textures. From an
enrollment sequence of a subject, we learn a layered mesh and blend-textures that model the geometry, appearance and deformations, and
a simple linear transformation that maps tracked face model parameters to blend weights. Our representation is readily compatible with
existing streaming infrastructure and can be deployed in traditional graphics pipelines in a device- and platform-agnostic way.

Abstract

We introduce a novel representation for efficient classi-
cal rendering of photorealistic 3D face avatars. Leveraging
recent advances in radiance fields anchored to paramet-
ric face models, our approach achieves controllable volu-
metric rendering of complex facial features, including hair,
skin, and eyes. At enrollment time, we learn a set of ra-
diance manifolds in 3D space to extract an explicit lay-
ered mesh, along with appearance and warp textures. Dur-
ing deployment, this allows us to control and animate the
face through simple linear blending and alpha composit-
ing of textures over a static mesh. This explicit represen-
tation also enables the generated avatar to be efficiently
streamed online and then rendered using classical mesh and
shader-based rendering on legacy graphics platforms, elim-
inating the need for any custom engineering or integration.
https://syntec-research.github.io/LegacyAvatars/

1. Introduction

Practical realization of real-time 3D face avatars [7, 37] de-
mands progress on several fronts—capture (or enrollment),
streaming, animation, and 3D rendering (or view synthe-
sis). Over the last decade, modeling and rendering of
these avatars have seen significant progress by enhancing
surface-based geometry representation of parametric face
models [12, 29] with volumetric components such as point
clouds [62], neural radiance fields [1, 2, 18, 64], or 3D
Gaussians [8, 32, 41, 58]. Such volumetric techniques have
improved the overall visual quality of the avatars and en-
abled data-driven modeling of the rigid and non-rigid dy-
namics of the human face [17, 26, 28, 51].

Current volumetric avatars still face several practical
drawbacks that limit their large-scale, real-world applica-
tions. First, these representations are not natively com-
patible with the widely available rendering infrastructure.
Most avatar applications on real devices are built using


https://syntec-research.github.io/LegacyAvatars/

legacy platforms such as game engines (like Unity or Un- of appearance and UV-warp texture maps that need to be
real) and design and rendering software (like Blender or streamednly onceat the beginning, using standard mesh
Maya), which have been optimized over decades to ef - and image compression. We achieve temporal animation

ciently use meshes and textur&acondthey are notimme-  of the avatar by streaming only the tracked face model pa-

diately compatible with the existing streaming infrastruc- rameters ( 2KBs per frame), which are then linearly trans-
ture for real-time applications, unlike 2D image and video formed to linear-blend coef cients for the texture bases to
streaming, which are widely used across devices and ap-achieve the nal layered appearance texture. Our assets can
plications due to dedicated hardware, driver software, andbe rendered on any device using a single pass of a simple
compressed data formats. Modern volumetric representaprogrammable shader for linear compositing followed by
tions typically parameterize the scene density and radiancestandard rasterization. In summary,

with a neural network [34], hash grids [35], or 3D Gaus-
sians [22], which have been demonstrated with custom-built
proprietary back-end infrastructure, but cannot easily oper-
ate across graphics platforms, limiting their practical adop-
tion [9, 50]. Recently, game engine plugins have emerged
that support static and dynamic volumetric scenes using 3D
and 4D Gaussians [31, 40], but streameagmatableor
controllable volumetric content like face avatars into such
legacy graphics platforms remains an unsolved problem.

Motivated by these limitations, we develop a represen-
tation that allowsanimatablevolumetric rendering of face

We present a novel representation for volumetric 3D face
avatars that models geometry, appearaand,deforma-
tion of the scene using only legacy graphics primitives
of a layered triangle mesh and a set of texturesh-

out relying on ML inference for rendering. This allows
native compatibility with widely available graphics plat-
forms and online streaming infrastructure.

Through qualitative and quantitative comparisons on a
publicly available dataset [57], we demonstrate that our
representation achieves ef cient rendering on a tradi-
tional graphics platform like WebGL on a consumer lap-

avatars using only legacy primitives like meshes and tex- top, while maintaining volumetric visual quality.

tures without relying on ML inference, facilitating native

compatibility with standard graphics platforms. To achieve 2. Related Work

this, our key insight is to discretize and quantize all continu-

ous scene components of a face avatgeemetryappear- Early methods. The rst real-time 3D avatar systems
ance anddeformatior—into classical primitives and modu-  Were realized using differentiable 3D morphable face mod-
late them using an animation control signal. We draw inspi- €S (3DMMs) [5, 12], enabling ef cient optimization frame-
ration fromradiance manifolds (RM)LO] that representthe ~ Works for canonical performance capture and playback. But
volumetric radiance domain using a set of continuous non-these models typically suffer from insuf cient representa-
intersecting surfaces. Previous works have leveraged RMtional capacity since they are inherently low-dimensional
for 3D playback of pre-recorded dynamic sequences [33]@nd cannot model complex, high-frequency effects in ge-
by discretizing the surfaces and exporting them as a layered®Metry and appearance, limiting the output visual quality.

mesh and transparent RGBA texture that can be rendereq g, metric methods. Complex geometry and appearance
through the standard graphics pipeline with additional al- of taces; including hair and eyes, have recently been mod-
pha compositing. A similar paradigm was used for cre- gjeq ysing volumetric methods. Park et al. [38, 39] show
ating animatable avatars [11] by learning deformable RM 4t radiance elds can be combined with a learned defor-
using a 3D morphable face model, which relies on neural 4400 eld to reconstruct a high-quality 3D canonical face
networks to generate the animated appearance, leading 10 gqqe|, including minute details such as hair strands. Such
complex rendering pipeline that disallows native compati- jjeas have been extended to real-time avatars by enhanc-
bility and easy interoperability between graphics platforms. ing 3DMMs with volumetric radiance elds [1, 3, 7, 14, 18,
While these methods utilize RM for discretizing scene ge- 27, 30]. More recently, point clouds [62] and 3D Gaus-
ometry and appearance, they do not provide any means tQans [g, 28, 32, 41, 46, 53, 58] have been used to achieve
discretize or explicitly control the scemeformation best-in-class real-time avatars using similar strategies, but
We build on these ideas by tackling the problem of dis- they suffer from other challenges that limit their applica-
cretizing and controlling theleformationand animation tions. For example, Gaussian splatting (GS) implementa-
We uniquely show that animation control does not require tions are typically ne-tuned for speci ¢ compute archi-
deforming the layered mesh vertices, but simply offsetting tectures like GPUs, hence cannot be easily deployed in a
the UV coordinates that are used for sampling the RGB hardware-agnostic setting. GS also suffers from the famous
and alpha textures. We also show that these UV-offsets forissue ofpoppingphenomenon due to the primitive ordering
a given expression can be modeled using a simple linearduring view-dependent rendering, causing distracting arti-
transform of the tracked face model parameters. Our re-facts in the scene. While there exist methods that intro-
sulting assets consist of a single layered mesh and a basiduce sorting-free GS [19, 42], they are tailored for general,



Figure 2. Training pipeline for enroliment phase. Our model consists of three separate modules: a manifold predictoa warp
predictorW, and a texture predictoF . Here,M is a scalar eld that de nes layered implicit surfaces. The intersections with these
surfaces are spherically mapped to the UV-space via a learnable fufictidren, the output subsequently queNEsto obtain a basis of
UV-offsets. These offsets are then linearly blended as a function of expression parameters of a face model and added to the original values.
Finally, the new coordinates are fed throufhwhich predicts a basis of RGBA appearances that are also linearly blended as a function of
expression parameters. Each module takes in learned latent cadles ; + for multi-subject training, whil&V andT take in learnable
embedding matriceB,, andE; to output bases of warps and textures.

static scenes. Finally, Gaussian primitives are not natively ibility with traditional 3D rendering and streaming systems.
compatible with the existing streaming infrastructure, hence But it does not explicitly discretize or control face defor-
streaming them requires specialized engineering [49]. mations and merely captures them in appearance textures

Several avatar representations have focused on ef cientor Playback, providing no means to control or animate the
engineering by discretizing the 3D volume to achieve real- f2ces. We build on these ideas to achieve animation by 1) in-
time results. Tri-plane representations learn features in or-iroducing a warping mechanism to represent most geomet-
thogonal planes and project them to 3D [4, 44, 45, 48]. Hash"C changes in UV-space deformations instead of of oading

grids [64] and hash ensembles [3, 25] voxelize the 3D spacea” variations_ to alpha composition of appearance textur_es,
while promoting quick spatial queries, leading to real-time 2) representing warp and appearance as linear combinations

rendering of radiance elds. Tetrahedral elds have been Of @ xed basis of assets to achieve ML-free rendering, and
used to directly deform a volumetric representation to real- 3) l€veraging synthetic data to enable generalization in the
ize animatable avatars [16, 20, 60]. But similar to Gaussian-/0W-dimensional expression parameter space without real-
based approaches, these methods also require custom endng the full SDMM mesh.

neering for deployment to real-world scenarios. An avatar system most similar to our representation is

Another class of methods extends classical mesh-basedpakedAvatar [11], which similarly extracts layered mesh
blendshapes to volumetric representations by introduc-and textures from learned implicit surfaces. But differ-
ing blendable bases using neural elds [15] or Gaussian €ntly, they perform face animation by explicitly deform-
primitives [32]. Although our method follows a similar ing their layered meshes using per-vertex FLAME defor-
principle—as we also combine a xed set of assets to syn- mation weights [29]. In the fragment shader, they rely on
thesize novel expressions—these methods rely on explicitan MLP to dynamically compute blend weights, which lin-
3D deformations to represent changes in the face geomeg&arly combine multiple pre-baked textures to produce the
try. Moreover, like their conventional neural eld or 3D nal pixel color. Since these non-linear deformations and
Gaussian-based counterparts, they are notimmediately suitteural network inference demands custom engineering dur-

able for practical telepresence systems. ing deployment, their representation is not natively com-
patible with legacy renderers. In addition, their per-pixel

Implicit surface-based methods. We draw inspiration ~ MLP queries also make scaling to higher resolutions in-
from a class of methods that learn a collection of im- creasingly more expensive. Whereas in our method, we
plicit surfaces [10, 13] to discretize the 3D volume [11, 33, 1) model deformations discretely and linearly in the UV
56, 59]. These methods were rst used in a GAN-based space of a static mesh without having to deform it, and 2) do
pipeline to generate 3D renderings of novel human identi- not rely on any neural networks at deployment time, which
ties [10] and then extended to control their generated posehelps us achieve real-time performance at high resolutions
or expression [56, 59]. FaceFolds [33] uses radiance mani-on consumer devices, as well as backward compatibility
folds to model pre-recorded videos of dynamic face perfor- and streamability trivially. We perform a thorough evalu-
mances of real people and exports them as a static layeredtion against BakedAvatar [11] to adequately demonstrate,
mesh textured with an RGBA video, demonstrating compat- both qualitatively and quantitatively, the improvements our



method offers—in terms of both visual qualignd com-
pute ef ciency and while, most importantly, being readily
compatible with legacy graphics pipelines.

wheref g%, andf gi_, are a set of weights obtained
as a learnablénear function ofp.

Given a 3D pointx 2 S; and its UV-coordinatelr, we
compute the warped UV-value$ = u+ W, (u), which are
used to query the blended texture eld to obtain color and

A 3D avatar system generally consists of two phases, antransparency as = Ti(u). We design our pipeline in a
) ; . . way that the implicit surfaces and the warp and texture bases
enrollmentphase in which the avatar is created using data

captured from a subject, anddeploymenphase in which can be ef ciently discretized and exported into a layered

the avatar is streamed, animated, and rendered on the clierlg]e.sh and_UV—space maps in p|xel—spa_ce, allowing them to
. . . i . . e immediately deployed to any graphics platform without
device from a desired viewpoint. Our goal is to design

a volumetric avatar representation that is compatible with relying on custom rendering algorithms or ML tools.

legacy rendering platforms during the deployment phase.3 2 Dataset

We achieve this by exporting our enrolled volumetric avatar

to classical graphics primitives like meshes and textures TO train our model, we use multiview videos from the
that can be rendered ef ciently using simple programmable NeRSemble dataset [25], which consists of a set of subjects
shaders on any graphics platform without additional cus- with various facial expressions and talking sequences. We
tom engineering, agnostic of the underlying device hard- t @ parametric face model to the video sequences of each
ware or software. We also aim to make our representationSubject to obtain per-frame expression coef cients as well
conducive to online streaming, which includes the ability to @S per-pixel UV-values to explicitly supervise correspon-

trade off quality and data bandwidth via data compression, dences between different frames. As a preprocessing step,
similar to today's online video streaming systems. we transform the camera extrinsics to align faces across

frames to a canonical 3D face in order to account for strong
head rotations during the capture. We downsample the orig-
inal images t@B02 550resolution.

3. Methodology

3.1. Avatar as Layered Mesh

Given the calibration video of a subject, our objective is
to learn a single layered mesh representation of the subjecExpression generalization.Learning an expressive geom-
that can be dynamically textured using expression coef - etry and appearance model that also generalizes to novel ex-
cients of a parametric face model in real-time. Similar to pressions outside of the calibration sequence is a challeng-
previous methods, we use radiance manifolds [10] to modeling and ill-posed problem. Furthermore, sampling across
the geometry as a set of static 2D implicit surfaces [33, 59], 2D discrete surfaces instead of the entire 3D volume intro-
and the appearance as a UV-mapped dynamic radiance corduces more instability in training, which can cause shelling

trolled by the 3DMM coef cients [11].

Our geometry is modeled by learning a setMfim-
plicit surfacesfSigl., de ned by a single manifold pre-
dictorM : R® ! R, which takes in a 3D point 2 R3
and outputs a scalar valse R. We rst map all points on
these surfaces vialaarnablefunctionf : S ! [ 1;1P

artifacts in extreme poses [33]. To aid generalization to
novel expressions and to mitigate stability issues arising in
joint learning of geometry and appearance, we introduce a
multi-subject training paradigm. Uniquely, we make use of
a publicly available synthetic multi-view multi-expression
image dataset [6]. In our experiments, we combine each

to obtain UV-space coordinates. In the UV-space, we learnsypject in the NeRSemble dataset [25] with a number of

a set ofW warp elds andT RGBA texture elds for each

surface by parameterizing the following functions as MLPs:

Wi u7! u
Tik :u7lc;

@)
)

whereu 2 [ 1;1F is a UV-space coordinatey 2 R? is a
UV-space offsetc 2 RY includes a scalar alpha value and

synthetic subjects that have similar face shapes to the real
subject. We show that such joint training helps avoid over-
tting to the expressions from the calibration sequence of
the target subject and prevents artifacts. Please see the sup-
plementary results for more details.

3.3. Model Architecture and Training

View-dependent color parameterized using Spherica' har_our architecture consists of three modules: a manifold pre-

k 2 f1;2;:::;Tg. Given a set of face model parameters
p 2 RP of a single frame, a layered warp e ;g\,
and a layered texture elfl ;g\, are obtained by

XY X
Wi = i Wij
j=1

and T = k Tik

k=1

®)

dictorM , a UV-space warp predict®¥, and a texture pre-
dictor T, which we illustrate in Fig. 2.

Manifold predictor. We implement our manifold predictor
as asubject-speci cscalar eld that takes in 3D coordinates
in xyz-space and a learned latent cogg for each subject.
This module de nes a set ™ implicit surfaces, which are
staticfor the entire sequence of a given subject. To achieve



this, an input 3D point is rst deformed using a subject-

speci c deformation eld, and subsequently used to predict

a scalar value that determines the manifold geometry. Given

a camera ray, we rst ndxyz-space intersections of this

ray with each manifold [36] and compute an initial set of

UV-coordinates using spherical mapping [33]. But since we

are interested in learning dense UV-space correspondences

across frames consistent with the ground truth UV values, ) N ) o _

this spherical transformation is done with respect to a scene19ure 3.Radiance decompositionDuring training, the radiance

center set as a 3D learnable parameter instead of a xed one'S Modeled using spherical harmonics coef cients, which can be
decomposed into diffuse (view-independent) and specular (view-

UV-space warp predictor. Uniquely in our animation  dependent) components. The appearance can be exported as just

model, we learn a basis of UV-space offsets for each of thediffuse or both diffuse and specular texture images.

surfaces implemented as an MLP, which receives a learned

subject code , and a set ofV learned latent codes rep-

resented as an embedding matky. This de nes a set

of warp elds that can be linearly combined into a single

warp eld, which is used to add offsets to the input UV-

coordinates before querying the appearance model. In par-

ticular, we rst linearly map the per-frame expression co-

ef cients to a set of weights thdinearly blend the pre-

dicted UV warps across different surfaces. We note that theFigure 4. UV-space predictions. Given a ground truth per-pixel

blending weights are the same for all surfaces, facilitating a UV-coordinatesu g, our model is supervised to match teepec-
lightweight compute at rendering time. tation of warped coordinates® to the ground truth. We visualize

_ the expectations of the spherically mapped coordinatasd the
UV-space texture predictor. To account for the geometry  warps u for reference.

and appearance changes that cannot be fully modeled by

the UV-offsets (such as the inner mouth, eyelid motions, or per-pixel expectedUV-coordinates and ground truth UV-
complex specularities on the skin), we learn a set of UV- values computed only on skin regions of the fdcgy, is a
space explicit blend-textures that can also be linearly com-silhouette loss that guides the geometry of each layer using
bined into a single layered texture using the 3SDMM expres- per-image foreground masks [11], aheg is the regular-
sion parameters. Our texture predictor receives a learnedzation term that penalizes predicted warps, specular radi-
subject code ; and a set ofl learned latent codes repre- ances, and manifold predictor weights to promote training
sented as an embedding matiy, and it output®2-degree  stability [33]. Here, the expected UV for each pixel is ob-
spherical harmonics coef cients for radiance [43] and a tained by a weighted combinatiign of the predicted warped
scalar alpha value. Finally, given a UV-space coordinate UVs across rayéuglL, asu®, iN:l w;u?, which is su-
u®and a view direction irxyz-space, the output of our en- pervised to match the ground truth UV-values at that pixel.
tire pipeline is an RGB radiance and an alpha value, which The UV supervision is a key term to improve the model ca-

are composited across rays to produce the nal color: pacity by registering the facial features consistent with the
. UV topology of the 3DMM, so that the texture basis fo-
1 X cuses on appearance changes that cannot be explained by
Wi , i (1 j ) c= W; Cj (4)

UV-space warps. We illustrate a representative test frame
along with its per-pixel UV values and warps in Fig. 4.

At inference time, we decompose the radiance into diffuse Training details. The manifold predictor is implemented
and specular components, which provides further exibility < two cascaded-layer MLPs of widths128 which re-
on the size of the assets that are exported from the mOdelspectiver learn a subject-speci ¢ 3D warp eld and a scalar

j=1 i=1

In Fig. 3, we illustrate our renders for each component. eld that determines the manifold geometry. The warp pre-
Loss functions.We train our pipeline in an end-to-end fash- dictor is aé-layer MLP of widths128 which takes inW
ion by adopting the following loss function: learnable embeddings of dimensib28after the third layer.
The texture predictor is@&layer MLP of widths256, which
L=Lrec*t wlw* sinlsin* reglreg  (5) receivesT learnable embeddings of dimensibP8after the

third layer. The subject embeddings dr28-dimensional
whereL ¢ IS an”; reconstruction loss between predicted vectors, which condition each module individually. We op-
and ground truth pixel valuek,,, is an; loss between the timize our entire model using the Adam optimizer [24] with



initial learning rates 00:0007, 0:0005 0:0008 and expo-
nential decay rates d¥:20 per 200 000iterations forM ,

W, andT, respectively. With a batch size 82 768rays
sampled across all subjects, frames, and views, we train our
pipeline for500 000iterations, which takes approximately
36 hours oveB NVIDIA H100 GPUs.

3.4. Exporting 3D Assets and Model Deployment

Similar to previous works [33], we discretize our contin-

uous manifolds by shooting rays from a hemisphere (cen-

tered at the learned scene center) uniformly in azimuth and

elevation angles, gathering all intersections and topologiz-

ing them into a triangle mesh. We use the same set of points

to query our warp and texture predictors to obtain a basis of

UV-space offsets and appearance maps. Uniquely, we ex-

port the linear functions that map expression coef cients to Figure 5. Programmable shader. At the deployment phase, our

blend weights as individual matrices, allowing us to control 3P @SSets (a single static layered mesh and bases of warp and tex-

animation without deforming the mesh but through simple ture m"’.‘ps) can easily be used to render dynar.n'c and volumetric
. . . faces via a programmable shader on any graphics platform.

blending of our warp textures. Depending on the applica-

tion, the mesh can be decimated to reduce the number ofrom such challenges since sorting is handled using the

primitives, while UV-offset and appearance maps can be depth buffer. Finally, welo note that there are several im-

downsampled to lower resolutions. Our nal assets merely plementations of 3D Gaussian splatting and neural elds,

comprise a single layered mesh with a xed topology as including hash grids like InstantNGP [35] and hierarchical

well as warp and appearance maps, and they can easily bembeddings [23] that offer faster results, but they are often

deployed to any graphics platform for rendering. engineered for particular hardware such as a GPU or require

. custom implementations for wide-scale deployment.
3.5. Rendering P Py

The linear blending and alpha compositing is performed by 3.6. Streaming

a programmable shader that receives the exported 3D asOur method simpli es data transmission by initially send-
sets, as well as face model parametgerand the camera ing the static mesh, blend textures, and linear transforma-
viewpoint, as shown in Fig. 5. Here, blend and warp phasestions only once Subsequently, only per-frame face model
are simple linear operations, while rasterization is a projec- parameterg are streamed, which are fed directly to the
tion operation handled by the standard graphics pipeline.programmable shader in Fig. 5. Our technique also offers a
By learning a canonical geometry and modeling deforma- unique advantage imulti-avatar interactionscenarios. In
tions in the 2D UV-space instead of the 3D space, we cana 1-on-1 interaction, complete client-side rendering is ideal,
disentangle their parameterization into a single mesh and as it minimizes the amount of data that must be transmit-
set of warp maps. In our results, we show that it is possi- ted. But in a multi-avatar scenario, of oading compute to
ble to model the blend weights for the warp and appearancethe server side is more ef cient as it avoids duplication of
bases as a linear transformation of the expression paramecompute effort across multiple clients. Our pipeline allows
ters. This makes animation a very simple linear operation for expression-related computations such as warping and
without having to explicitly account for complex non-rigid blending to be performed on the server side, so that only
dynamics in 3D. This is in contrast to mesh-based avatarthe view-dependent rendering is left to the client side. Most
methods such as BakedAvatar [11], which handles anima-importantly, since the output of our warping and blending
tions by explicitly deforming meshes. operations is a set of texture maps, they can be conveniently
transmitted as a compressed video stream. This allows for a
healthy trade-off between compute and transmission band-

. . . width. Such a trade-off is not trivially available with other
icantly faster than the standard implementations of volu- : . : .

) . . . : olumetric techniques, including other layed-mesh based
metric rendering techniques such as Gaussian splatting an

L . : echniques like BakedAvatar [11].
neural elds on a per-primitive and per-pixel basis. Gaus-
sian splatting requires an expensive sorting operation, While4_ Experiments and Results
neural elds rely on tracing rays, sampling multiple points
along the ray that need to be contiguously integrated. Ras-n our experiments, we s&t = T = W = 12. Following
terizing our ordered mesh representation does not sufferfFaceFolds [33], we select a number of manifolds that al-

A note on rendering ef ciency in comparison with mod-
ern methods. Rasterizing triangles is inherently signif-



Figure 6.Novel view synthesis resultsOur model achieves pho-
torealistic volumetric rendering of 3D face avatars. Please see the
supplementary material for video demonstrations.

lows for volumetric effects while maintaining rendering ef-

ciency. Similarly, basis sizes are tuned to balance compu-

tational ef ciency with the model's expressivity. We use the

rst 9talking sequences of each subject from the NeRSem-

ble dataset [25] for training and use the last one for testing.

We hold out2 of the 16 cameras in training data to evaluate

our model's performance quantitatively. To aid the training

stability and generalization, we gath&s subjects from the

synthetic data corpus with the closest head shapes to the real

subjects, as discussed in Sec. 3.2. We measure this proxim-

ity using a variance-weighted Euclidean distance between

the PCA identity vectors. Figure 7.Qualitative comparisons.Our technique achieves com-
We compare against ve state-of-the-art ef cient vol- parable visual quality to modern neural rendering techniques while

umetric avatar techniques, BakedAvatar [11], Gaussianfacilitating 3D animations in a platform-agnostic way.

Head Avatar (GHA)_[58]’ GaussianAvatars [41], MonoA- Table 1. Quantitative comparisons. Our model attains similar

vatar++ [3], and P(_)'mAvata.r [62]. We Ch‘?se these meth_’ performance compared to the state-of-the-art methods.

ods as representative techniques that achieve fast rendering

and employ layered meshes, Gaussian splatting, or neural” \1cihod PSNR SSIM" LPIPSH

radiance elds as the underlying volumetric representation. bomtAvatar 2380 128 0872 0016 0137 0018

Note: The goal of our method is to achieve volumetric ef- o oavatar++ 27:45 243 0936 0:011 0:098 0:009

fects using legacy primitives and no ML inference. We do GHA 24:29 216 0:863 0:039 0102 0:024

not claim that we outperform continuous volumetric avatar GauisignAvatarS 27123 3162 giggé 81812 81066 81812

techniques that are based on Gaussians or NeRFs on over- Ba gu/::atar 22597 1523 i 020(1)7 oﬂ; o?oée

all visual quality. We only show comparable results with a

sample of such methods in order to visually place our tech-

nigue in the overall context of the state-of-the-art.

strations and comparisons with other methods.

4.1. Qualitative Results Self- and cross-reenactmentWe show renders of test ex-
pressions from the held-out views and compare them with
Novel view synthesisWe illustrate our novel view synthe-  baseline methods in Fig. 7. Our model achieves comparable
sis results in Fig. 6. Our method generalizes over differ- visual quality to the previous methods that rely on sophis-
ent subjects with varying face geometries and appearancedicated primitives or MLP queries at rendering time. Please
Please refer to the supplementary material for video demon-refer to the supp. video for cross-reenactment results.
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