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Fig. 1. Given an input mesh with patch-level localized expressions (left), ScaffoldAvatar can synthesize ultra-high fidelity multi-view consistent photorealistic
avatars. Our avatars can synthesize high frequency facial details as shown in two-level zoom-ins (right). Our method is capable of generating realistic and
high-quality animations including freckles and other fine facial details with real-time rendering.

Generating high-fidelity real-time animated sequences of photorealistic 3D
head avatars is important for many graphics applications, including immer-
sive telepresence and movies. This is a challenging problem particularly
when rendering digital avatar close-ups for showing character’s facial mi-
crofeatures and expressions. To capture the expressive, detailed nature of
human heads, including skin furrowing and finer-scale facial movements,
we propose to couple locally-defined facial expressions with 3D Gaussian
splatting to enable creating ultra-high fidelity, expressive and photorealistic
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3D head avatars. In contrast to previous works that operate on a global
expression space, we condition our avatar’s dynamics on patch-based local
expression features and synthesize 3D Gaussians at a patch level. In partic-
ular, we leverage a patch-based geometric 3D face model to extract patch
expressions and learn how to translate these into local dynamic skin appear-
ance and motion by coupling the patches with anchor points of Scaffold-GS,
a recent hierarchical scene representation. These anchors are then used
to synthesize 3D Gaussians on-the-fly, conditioned by patch-expressions
and viewing direction. We employ color-based densification and progres-
sive training to obtain high-quality results and faster convergence for high
resolution 3K training images. By leveraging patch-level expressions, Scaf-
foldAvatar consistently achieves state-of-the-art performance with visually
natural motion, while encompassing diverse facial expressions and styles in
real time.

CCS Concepts: » Computing methodologies — Rasterization; Procedural
animation.
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1 INTRODUCTION conditioned on learned local features and local expression parame-
The creation of realistic digital human avatars is a fast-evolving ters. The sca old anchors are attached to patch centers of a tracked

eld with many applications in virtual telepresence, movies and 3D mesh, where we use a localized patch-level facial expression,
entertainment. The resulting digital avatar should be photorealis- following Chandranet al.[2022] who showed that a patch blend-
tic, animatable, allow novel viewpoint rendering in real-time, and ~ Shape model is both very expressive and cheap to compute. The
must preserve a high degree of spatial delity, such as ne-scale Systém s trained end-to-end on multi-view dynamic performance
expression-speci ¢ skin details during animation. Developing a 3D  Seguences with 3K high resolution images. Furthermore, unlike ex-
representation that can capture high-frequency appearance and iSting methods that use positional gradients for densi cation, we
accurate motion dynamics of human heads represents a major chal- US€ View-space color gradients to recover sharper skin texture and
lenge, in particular under novel close-up views of the face where €Mmploy progressive training for faster convergence.
the skin exhibits many details. We require a representation that can ~ Sc@ oldAvatar has the capacity to represent ne-scale skin de-
jointly reconstruct the facial motion while simultaneously retaining ~ t@ils, including dynamic wrinkles, freckles, and high frequency facial
capacity to facilitate high- delity re-rendering. details (as depicted in Fig. 1). Since our MLPs are conditioned on
Recent advances in computer vision and graphics, in particular Patch-based expression blendweights, we can regress expression-
3D Gaussian Splatting (3DGS) [Kerbl et2023], has quickly gained ~ dependent appearance like wrinkles and blood ow. Once trained,
popularity in many application domains due to its simplicity and ~ OUr method supports real-time inference with control over expres-
rendering speed, combined with its di erentiable formulation that ~ Sion and viewpoint like existing Gaussian-based avatars, but at
can be optimized to reconstruct a scene given a set of images from higher spatial delity than current methods. To summarize, we
di erent viewpoints. Several works have extended 3DGS to adapt Present the following contributions:
it for multi-vew consistent animatable human avatars [Giebenhain
et al 2024b; Qian et ak024; Teotia et ak024; Xu et al2023a],
achieving a new state-of-the-art in realistic digital humans. These
existing methods achieve most of the criteria required: photorealism,
animatable, novel viewpoints, and real-time, but they fall short on
actor delity. For example, the recent GaussianAvatars [Qian et al
2024] method opened the door to real-time photoreal human heads,
but it did not focus on high actor delity, so re-rendering appears
blurry when zoomed in and expression-dependent appearance de
tails like wrinkles are not supported. Neural Parametric Gaussian
Avatars (NPGA) [Giebenhain et .a2024b] achieves dynamic ex-
pression wrinkles, but still loses delity and appear blurry when
zoomed in. Gaussian Head Avatars (GHA) [Xu et2fl23a] make =~ 2 RELATED WORK
a rst attempt at high- delity by training on 2K images, which is We rst discuss 3D face and head models that primarily focus on
nearly double the resolution of previous methods. However, as we geometry, and then cover more recent photorealistic 3D human
will show in the results, zoom-in regions still lack the necessary head animation techniques.
details to recover the actor's appearance with su cient delity. This
lack of ne-scale facial expressions is due to the use of global ex-
pressjlor? condmgnmg from existing 3D face mode_ls [Gerig et al 21 Geometric 3D Face and Head Models
2017; Giebenhain et.8&2024a]. Such global expression spaces lack
expressiveness for ne-grained facial regions, and the inaccurate The seminal work of Blanz and Vetter [1999] introduced a model-
motion representation due to the low-dimension expression codes Pased approach to represent variations in human faces using PCA.
leads to blurred out appearance. In summary, existing methods lack Thereafter, more advanced face models were introduced, including
the representative capacity to re-render photoreal ne scale details multilinear models for identity and expression [Bolkart and Wuhrer
in dynamic human faces, which is the problem we tackle in this 2015; Brunton et a014], as well as recent methods combining

A novel method capable of synthesizing ultra-high delity
photorealistic avatars, due to our unique network formulation
similar to Sca old-GS with conditioning on localized patch-
level facial expressions, which can reconstruct negrained
facial details like freckles and wrinkles.

By leveraging progressive training and view-space color gra-
dient for densi cation, our method can synthesize sharp skin
texture and converge faster for 3K high resolution images.

work. linear shape spaces with articulated head parts [Li e2&i17]. In con-
To this end, we present Sca oldAvatar, a novel patch-based method {rast to these model-based approaches relying on global expression
for real-time digital avatars that explicitly tackles high spatial -  Plendweights, techniques based on local patch blendweights [Chan-

delity with a novel formulation to increase representative capacity, dran etal 2022; Neumann et 282013] can produce much more accu-
beyond what is achievable with current state-of-the-art methods. ate deformations. For instance, Neumaenal.[2013] demonstrate
We achieve this by operating on localized patch expressions. Our that by separating facial performances into localized deformation
approach has similarities to Sca old-GS [Lu et 8D24], a spatially ~ cOmponents, they can produce high-detail deformations like mus-
hierarchical 3DGS approach that gives us local control of small facial ¢le bulges. Similarly, Chandraet al.[2022] show that operating
regions. Our unique architecture provides local network capacity ©ON small patches on the mesh surface result in more accurately

dedicated to recovering Gaussian parameters for the local regions, 'etargeted facial performances. Similar to these works, we leverage
local patch blendweights to achieve high frequency details with our

patch-based 3DGS avatar.
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2.2 Photorealistic 3D Human Head Animation

Early approaches for reconstructing photorealistic head avatars
were based on NeRFs [Mildenhall et 2021], which store the radi-
ance eld of the scene in a neural network and render novel views
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is very expensive in terms of memory to store thousands to mil-
lions of primitives. More details can be found in the supplemental
material.

To improve scene coverage and avoid redundant Gaussian primi-

of the scene via volume rendering. Recently, 3D Gaussian Splatting tives and redundant parameters, Sca old-GS [Lu et2d124] intro-

(3DGS) [Kerbl et aR023] has emerged as an e cient representation
for reconstructing ne geometric structures with real-time render-
ing, leading to a lot of interest in point-based representations for

duces a hierarchy of primitives. First, the initial scene is discretized
into a sparse voxel grid. The center of each volt positionxg is
called ananchorand is equipped with a local feature vectgt 2 R .

animatable avatars. We discuss both of these approaches below in Each visible anchor at pointe spawns! Gaussian primitives with

more detail, in the context of animatable human head avatars.

2.2.1 NeRF Based Reconstructgafni et al.[2021] introduced
one of the rst methods conditioning NeRFs on the expression fea-
tures from monocular videos. Following this, INSTA [Zielonka et al
2022] deforms query points to a canonical space by nding the
nearest triangle on a FLAME mesh [Li et @017], combined with
InstantNGP [Miiller et al2022] to achieve fast rendering. NeRF-
BlendShape [Gao et.@&022] models a dynamic scene by blending
hash tables with 3DMM parameters. AvatarMAV [Xu et 2D23b]
decouples motion and appearance, blending voxel grids only for
the motion eld. Nersemble [Kirschstein et a2023] uses spatio-
temporal NeRFs and learns deformation elds for coarse motion
and hash grid encodings for ne scale deformations and is trained
using high quality multi-view video data.

2.2.2 3DGS Based Reconstructidreng et al. [2023] explored
point-based representations with di erential point splatting by
de ning a point set in canonical space and learning a deforma-
tion eld conditioned on FLAME's expression space for animating
the avatar. GaussianAvatars [Qian et aD24] is the seminal work
proposing a method for dynamic 3D representation of human heads

each position'. de ned as:

fr1e"""erg=xg,fO12"""O g B @

where fO1+™© g 2 R' 3 represents the learnable o sets and
B: is the scaling factor from the associated anchor. These o sets
are learned per anchor. The remaining 3DGS attributes including
opacityU, colorc, rotation g, and scales are predicted by individual
but global MLPs y* 2* @ g conditioned on the learned anchor
feature vectorg and view direction3g. Note that the parameters of
each Gaussian primitive per anchor are predicted at the same time,
for example opacity is predicted as:

fUe = Ve @

Colorsf2 g, rotation quaterniond @g and scalesBg are predicted
in a similar fashion. These spawned Gaussian primitives are then
rasterized following standard 3DGS [Kerbl et al. 2023].

4 DATA CAPTURE AND PREPARATION

We begin by describing the data we captured for each actor, and the
required pre-processing steps.

based on 3DGS by rigging the anisotropic 3D Gaussians to the faces 4.1 Capture Setup and Mesh Tracking

of the FLAME mesh. GaussianHeads [Teotia e2@R4] predict RGB

Our main capture setup consists of 9 synchronized video cameras

color and opacity in the UV space of FLAME mesh and deform the spread out in the hemisphere in front of the actor (8 of which are
canonical gaussians using MLP. GaussianHeadAvatars (GHA) [Xu used for training, one center camera for validation). For the sake
et al 2023a] optimizes neural 3D Gaussians with MLP-based de- of hardware availability, we use a combination of 12MP and 20MP
formations driven by the global expression space of BFM [Gerig color cameras, with a combination of 60mm and 85mm lenses, all
et al 2017] for handling the dynamics. Very recently, Neural Para- shooting at 24fps. We capture between 5-8 performance sequences
metric Gaussian Avatars (NPGA) [Giebenhain et 2024b] also for each actor, where the sequences contain various localized muscle
learns canonical 3D Gaussians and deforms them using a MLP con-movements, overall facial workouts, natural expressions, and dialog
ditioned on the rich expression space of neural parametric head performances. The multi-view sequences are reconstructed to obtain
models [Giebenhain et a2024a]. While both GHA and NPGA are  a topology-consistent tracked mesh of the facial skin and head
capable of producing quality animations with expression-dependent region using the highly accurate tracking method of Vi al.[2016],
deformations and re ning the results with a screen-space CNN, they extended to multi-camera inputs.
cannot produce ne-scale facial details when zoomed-into di erent A second capture setup, which consists of 8 static DSLR cameras
regions of the avatar's face. arranged in 4 stereo pairs, is used to scan 20 blendshapes of each

In contrast to these techniques based on global expression fea- actor [Beeler et al2010], which are used to build the tracking model
tures, we leverage local patch level expression blendweights and used on the dynamic performances above, as well as to build a local
predict patch level deformations and Gaussian parameters, thus our patch-based model that we describe next.
method is capable of producing ner details for facial zoom-ins.

4.2 Patch Blendweight Optimization

3 PRELIMINARIES We leverage the expressive patch-based facial blendshape model of
3DGS [Kerbl et al2023] de nes the scene as a collection of Gauss- Chandranet al.[2022] to represent dynamic local facial expressions.
ian primitives, each parameterized by positionscaleB rotation To this end, the tracked mesh topology is divided ire= 432small
quaternionq, opacityU and colorc. The scene is then rendered into  overlapping patches as shown in Fig. 2. For each p&ahthe set
images with a di erentiable rasterizer. This representation, however, of all patches?, we build a local blendshape model from the= 20
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Fig. 2. Patch Blendweight Optimziation: Given a target shape from our

weighted sum of these losses as

Eo ( = _8EB. _AsEnss, >E>* ®)
and nal patch blendweights are obtained as:
# =arg n;inE% " 9

This process is repeated for each of fhehapes in the dynamic data,
yielding a sequence of per-frame per-patch expression coe cients
fatLott2e ) g. Each actor is processed and trained separately.

5 SCAFFOLD AVATAR

We propose a novel avatar representation that combines the ex-
pressive power of local deformation models for human faces with

e cient hierarchical scene rendering (similar to Sca old-GS). Using
the local patch blendshape representation (Sec. 4.2), we assign an

tracked meshes, we fit patch blendshape model (Eq. 3) and use our PBS anchor to each patch, which spawns multiple Gaussian primitives.

Solver to find optimal per-patch blendweight#g j 8= 01" ""+% 1g,
where%is the total number of patches in our mesh. This process is repeated
for every frame in the dataset. The patch layout rendering in the bo om
row shows that same patch layout is used for all the shapes.

static scanss = fSj 8= 01 """
61
Vo.g 2% 2500,

&1

lgas:
X$ =29, 3)

whereVb.g2 R 1are patch blendweights used to linearly blend the

These primitives are represented with attributes predicted by MLPs,
conditioned on learned anchor features as well as local expression
deformation (see Fig. 3 for an overview).

A key contribution of our method is how we build the connection
between anchors and the patches of our tracked mesh (Sec. 5.1 and
Sec. 5.2) and how to spawn Gaussian primitives around the anchors
(Sec. 5.3). Additional optimization and training details are given in
Sec. 5.4 and Sec. 5.5, respectively. Hyperparameters are given in the
supplementary document.

5.1 Defining Patch Centers and A ributes

patch blendshapes. Since each patch has its own set of patch blend-rq determine the center of each patch for a given tracked mesh with

weights\k.g this formulation provides more degrees of freedom for
representing the expressions than global blendshape models,
% 1 1° = 8208otal expression parameters vs00of FLAME [Li
etal. 2017].

Next we t the local blendshape models to all the dynamic cap-
tured frames for the corresponding actor. Speci cally, given a cap-
tured shapexCat time C= 1""), we solve for all the patch blend-
weights

#=1\hup?2=1""0%81"" I1gr 4
such that the resulting deformed patches accurately describe the
local skin deformations exhibited iXC, accomplished with a least-
squares optimization as:

0
E;B =

2
X§ " Xx§ )’
?2P

®)
WhereX?S is de ned in Eqg. 3 and is global rigid transformation.

The patch coe cients are additionally regularized to remain close
to zeros as:

6 01
Ea46= KVo.gkoe (6)
?22P &1
and to stay consistent across adjacent patches,
60 o6 01
E>= Ko Vigdsie (7)

22P @N17° &1

where N1?° de nes the patches neighboring. The overall loss
for tting the patch blendshape model to a target shapé&is the
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%patches, we rst calculate the mean positiar of all vertices
belonging to that particular patcl?. Then we designate the closest
mesh vertex in Euclidean distance ¢ as the patch centev,. The
patch centerdv,j? = 1" " "« gare determined once and remain
xed throughout the experiments.

To determine the orientation and position of each patch center
V2 in global space, we de ne the TBNP (Tangent-Bitangent-Normal-
Position) matrixT» as:

t$ bS n§ v§
T,= BB MY

t by n, v,

0001

wheret,, by, andn, represents the tangent, bitangent and normal
vectors at the patch center, and denotes the position of patch
center in global space. These matrices are de ned for every patch,
computed for every frame, and later used to displace the anchors

and Gaussian primitives.

(10)

5.2 Rigging Sca old Anchors to Patches

For a given patct? we associate a set of anchors in its neighbor-
hood and let these anchors move as the patch moves for di erent
expressions. More speci cally, the anchors are static in the local
space of its parent patch but change in the global space as the patch
moves by transforming them by their parent's patch TBNP matrix.
Let Ao = fA%24°A00° " " "Ar.u g denote the set o anchors
associated with the patch center, where each anchor contains
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