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Abstract

Recent works in implicit representations, such as Neu-
ral Radiance Fields (NeRF), have advanced the genera-
tion of realistic and animatable head avatars from video
sequences. These implicit methods are still confronted by
visual artifacts and jitters, since the lack of explicit geomet-
ric constraints poses a fundamental challenge in accurately
modeling complex facial deformations. In this paper, we in-
troduce Dynamic Tetrahedra (DynTet), a novel hybrid rep-
resentation that encodes explicit dynamic meshes by neu-
ral networks to ensure geometric consistency across vari-
ous motions and viewpoints. DynTet is parameterized by
the coordinate-based networks which learn signed distance,
deformation, and material texture, anchoring the training
data into a predefined tetrahedra grid. Leveraging March-
ing Tetrahedra, DynTet efficiently decodes textured meshes
with a consistent topology, enabling fast rendering through
a differentiable rasterizer and supervision via a pixel loss.
To enhance training efficiency, we incorporate classical
3D Morphable Models to facilitate geometry learning and
define a canonical space for simplifying texture learning.
These advantages are readily achievable owing to the effec-
tive geometric representation employed in DynTet. Com-
pared with prior works, DynTet demonstrates significant
improvements in fidelity, lip synchronization, and real-time
performance according to various metrics. Beyond pro-
ducing stable and visually appealing synthesis videos, our
method also outputs the dynamic meshes which is promising
to enable many emerging applications. Code is available at
https://github.com/zhangzc21/DynTet.

1. Introduction

Talking head synthesis is a long-standing task with a wide
range of applications, such as digital humans, metaverse
and filmmaking. The set up of this task can be roughly
categorized to two lines: 1) learning from a large-scale
dataset to drive arbitrary portrait images by the motion sig-
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nal [7, 40, 41, 50, 62, 70, 77, 78]; and 2) building a person-
alized animatable head model from a several-minute video
of a specific person [23, 31, 37, 53, 60, 61, 64, 67, 74].
We concentrate on the latter one, since it generally delivers
high-quality synthesis results with intricate details and 3D
naturalness, suitable for professional scenarios.

Building such an exquisite talking head avatar from
video data poses challenges in faithful appearance, mo-
tion control, as well as low running cost. One line of
methods [14, 19, 20, 28, 30, 61, 67] explicitly rely on 3D
Morphable Models (3ADMM) [3] to reconstruct and ani-
mate human faces by estimating the person-specific pa-
rameters. While these methods allow for efficient ren-
dering and dynamic deformation, the fixed face topology
makes them often fall short in generating characteristic de-
tails, e.g., hairstyle, glasses, and inner mouth. Recently,
neural implicit representations, especially Neural Radiance
Fields (NeRF) [43], provide a new way to realize faithful
generation. Some seminal work [16, 23, 37, 53, 64] learn a
direct mapping from the control signal to the talking head,
meanwhile the efficient neural representations like voxel
grid [15, 34, 57] and hash encoding [44] have been intro-
duced to improve training and inference speed.

Despite the expressive capabilities, these implicit meth-
ods still need to improve many subtle issues in realism, e.g.,
head jitters, motionless mouths, and occasional artifacts.
Researchers have discussed these issues from various as-
pects, e.g., introducing a canonical space for easier appear-
ance learning [1, 49], developing compact models for more
efficient training [31, 60], and using expressive driving con-
ditions for better control [64, 65], against the naive base-
line of NeRF. Essentially, the implicit definition for 3D ob-
jects complicates the analytical alternation of the underly-
ing object geometry, leading to ineffective disentanglement
of static appearance and motion from dynamic data, as op-
posed to the explicit meshes and vertex displacements for
3DMM. In viewing of this, it is appealing to incorporate the
expressivity of implicit methods with an effective geometric
control to take advantage of both lines of works.

We introduce Dynamic Tetrahedra (DynTet), a novel hy-
brid approach that encodes dynamic meshes within neural
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networks to assist explicit deformation. In essence, DynTet
employs neural networks to predict attributes of underly-
ing surfaces, from which explicit meshes can be extracted
to fast render images with a differentiable rasterizer. On
one hand, distinguished from implicit methods, the explicit
geometry enables DynTet to learn a consistent 3D model
across frames and directly express deformation as vertex
displacement, thus DynTet is convenient to model the dy-
namics of talking head. On the other hand, unlike 3DMM
with a preset topology, DynTet end-to-end learns personal-
ized meshes and texture suitable for the given video.

Technically, the proposed DynTex is inspired by re-
cent advancements in tetrahedral techniques [17], origi-
nally developed for 3D reconstruction [45] and synthe-
sis [18, 54]. The key insight is a parameterized tetrahe-
dral grid: Coordinate-based networks are used to learn the
signed distance field (SDF) and refinement for the grid,
then the meshes are subsequently decoded through the
Marching Tetrahedra algorithm. Since these prior meth-
ods [17, 18, 45, 54] primarily work for static scenes, they
can hardly render images with deformation, nor keep the
mesh topology under different conditions [18]. This also
largely prevents the parallelized rendering and training pro-
cesses. In contrast, we redesign the framework that exclu-
sively determines the mesh topology with SDF, while a new
branch controls the geometric variations with deformation
signals. We also estimate the elastic score of each ver-
tex to specify the rigid (e.g., forehead) and non-rigid re-
gions (e.g., mouth) of the head, so as to achieve precise de-
formations in local regions while maintaining stability in
other parts. These designs ensure the topological consis-
tency and expressivity across all decoded meshes, enabling
a customized dynamic mesh beyond 3DMM. To improve
training efficiency, we introduce geometry losses that super-
vise shape and motion using the 3DMM priors. This replen-
ishes the limited depth information available in frontal talk-
ing videos. Moreover, we establish an interpretable canoni-
cal space for the dynamic mesh, reducing the complexity of
texture learning. In summary, our contributions include:

(1). We propose DynTet, a novel hybrid representation
that encodes dynamic head meshes in neural networks,
where the explicit geometry delineated by tetrahedra facili-
tates appearance and motion learning.

(2). This is the first work that successfully extends the
static tetrahedral representation to dynamic head avatars
by a new elaborated architecture, a canonical space, and
3DMM guidance for modeling dynamic meshes.

(3). DynTet presents evident advantages in terms of fi-
delity, lip-sync precision, stability and runtime by thorough
evaluation compared with prior works.

The learned dynamic head meshes are promising to-
gether with existing 3D assets or AR/VR techniques for
emerging applications such as human avatar and the meta-

verse, which may inspire further study on the hybrid repre-
sentation for dynamic 3D objects.

2. Related Work

Talking head synthesis. Most existing methods for talk-
ing head synthesis can be classified into three categories in
terms of the modeling approaches. 2D-based methods [50,
68, 69, 76, 78] utilized generative models [21, 26, 29] as
renderers to produce photorealistic portraits. While, these
methods often fall short in achieving 3D naturalness and
consistent pose control due to the absence of an explicit 3D
model. 3DMM-based methods [14, 19, 20, 28, 30, 61, 67]
leveraged 3D face knowledge to drive facial expression, re-
sulting in quite natural talking style. As a trade-off, due
to the lack of complete head topology they cannot guaran-
tee consistency or fidelity beyond the facial region such as
hair and inner mouth. Neural head avatar [22, 74, 75] has
emerged as an attractive way for automatically creating 3D
facial models. While earlier approaches [51, 66] required
detailed scanning data, NeRFs [5, 43, 49] offer a solution
to learn models from video clips, driven by the factors like
3DMM coefficients [16], audio feature [23], or facial land-
marks [65]. Several recent works have enhanced control
effects [1, 37, 64], system efficiency [31, 60] and few-
shot training [32, 53]. Despite great progress, neural avatars
still face challenges in realism and plausible motion, not to
mention that NeRF rendering is computationally expensive
when generating high-resolution images.

Neural 3D representation. Neural implicit functions are
emerging as an effective representation of 3D object [35,
42,43, 48, 55] using coordinate-based MLPs [44, 56, 59].
While prior methods [42, 48] required 3D supervision, sev-
eral recent works [33, 36, 43, 47] demonstrated differen-
tiable rendering for training directly from images. Mean-
while, NeRF [43] and followups [15, 44, 57, 73] performed
volume rendering [27] on a continuous field for density
and color, achieving impressive results for multi-view syn-
thesis. As density is ambiguous to depict geometric de-
tails [63], they cannot explicitly edit shape or extract a high-
quality surface with Marching Cubes [39], which makes it
challenging in formulating deformation for dynamic scenes.
Recent works [17, 54] proposed to convert deformable
tetrahedral grid into surface meshes via the differentiable
Marching Tetrahedral algorithm [11], where the SDF val-
ues are implicitly learned. The following methods [18, 45]
further extended to jointly learn geometry and texture from
image data. They can render photorealistic images compet-
itive with NeRF in real-time. However, as these methods
only work for static scenes, they cannot learn dynamics for
modeling head avatars. We present an original effort to ad-
dress this issue to learn dynamic tetrahedral meshes.
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3. Preliminaries

We provide some background concepts and notations. At
first, we define operations between sets as element-wise op-
erations, and functions are mapped element-wise as well.

Tetrahedral meshes have been studied in deep learn-
ing [17, 54] as a hybrid representation for 3D shape mod-
eling. Consider an object lying in a unit cube, a tetrahedral
grid denoted as (Viet, Tter) is pre-defined to tetrahedralize
the cube into 72 resolution. Each tetrahedron T}, € T
is defined by four vertices {vq,, Vb, , Ve, , Vd, }» Where K
is the total number of tetrahedra. Additionally, each ver-
tex v; contains a learnable SDF value s; € R to express
the distance away from the underlying surface, and a small
offset Av; € [—1,2]3 from its initial coordinates to re-
fine the grid as v} = v; + Av;. We let S = {s,}X | and
AV = {Av,;}X . Notably, the surface shape within the
tetrahedral grid is primarily determined by the SDF values
S as AV is confined within the resolution boundaries.

Marching Tetrahedra (MT) is an iso-surface extraction al-
gorithm [11] to generate triangular meshes from tetrahedral
meshes. Given SDF values {s,, sp, S¢, sq4} Of a tetrahedron,
MT determines the surface topology inside the tetrahedron
based on the signs of these values, where the 24 configura-
tions in total fall into 3 unique cases after considering rota-
tion symmetry [54]. A simplified 2D example can be found
in Figure 1. Once the topology is identified, a new vertex
denoted as v,; by example, is located at the zero crossings
of linear interpolation along the tetrahedral edges:
lerp(Va, Vi, 8, 83) = e, (1
Sa — Sb
the same for other vertices. Note that this equation is eval-
uated only when signs differ (sign(s,) # sign(sp)) to pre-
vent singularity. Leveraging MT on the deformed tetrahe-
dral grid (Vie; + AV, Ty,), the triangular surface of the
encoded object can be acquired in a differentiable manner.
We omit constant symbols and represent this process as

Viri, Ters = MarTet(S, AV), 2)

where V,,; and T,; are the sets of vertices and connectiv-
ity of the triangular meshes, respectively.

3D Morphable Models provide generic parametric mod-
els [3] for synthesizing face shapes, usually expressed as

VSdmm. - VSdmm + Uld’)’ -+ Uezpa. (3)

Here Vsgmm denotes a mean shape, U;y and U, are
the matrices of basis vectors in the identity and expression
space, respectively. v and c are coefficients for the identity
and expression, allowing for a tractable control over facial
variations. The parameter ¢ has been served as a versatile
representation for driving facial deformation [13].

4. Methodology

In this section, we introduce a framework called Dynamic
Tetrahedra (DynTet) to rapidly learn 3D head avatars from
short video sequences, and enable real-time rendering of
high-quality talking heads. Generally, DynTet upgrades re-
cent tetrahedral representation [17, 18, 45] tailored for dy-
namic head modeling. As shown in Figure 1, neural net-
works are trained to encode head shapes within a tetrahedral
grid [54], and then the Marching Tetrahedra (MT) [11] de-
codes the meshes for photorealistic rasterization rendering.
In the following, we delineate the talking head task through
the lens of tetrahedral representation (Sec.4.1), and eluci-
date our improvements in the geometry model (Sec.4.2),
rendering process (Sec.4.3), and training losses (Sec.4.4).

4.1. Problem statement

Given a sequence of head images {I;}?_,, we aim to reenact

the specific head driven by motion signals, which typically
includes camera parameters {P;}?_, for rigid motion, and
talking signals which we represent using 3DMM expression
coefficients {c; } ; for non-rigid facial expressions.

Formulation. Drawing inspiration from the seminal work
of [54], which applied tetrahedral meshes for multi-view re-
construction, we propose a basic paradigm for talking head
modeling: (1) A geometry mapping F' first predicts S and
AV from a and V. (2) The outputs from F' are pro-
cessed based on Eq. (2) to obtain the triangular mesh, which
are then rasterized given camera pose P to get the coordi-
nates of image pixels in the model space. (3) An appearance
mapping G predicts the materials, which is incorporated
with a lighting model L for the physically-based render-
ing (PBR) [4]. We summarize the overall process as
1L .
Ao, ; Loss(1;,1;)

“4)

where I, = Rendering(F, G, L, a;, P;).
Herein, Rendering denotes the PBR procedure, and the loss
function comprises a set of constraints on the predictions.

Challenges. Prior works [17, 18, 54] commonly parame-
terize F' using a neural network f to predict SDF values and
relative offsets, i.e., S, AV = f(Vi.), while introducing
the talking signal o to f as a condition will bring several
problems. First, once SDF values vary along with the con-
ditions, it is difficult to learn the intricate deformation of the
facial area with a simple MLP. Second, modern GPUs do
not support parallelization for meshes with a variable topol-
ogy, resulting in inefficient training and running processes.
Lastly, previous approaches were designed for 360° data,
while our training data only includes frontal head images.
Consequently, this inaccurate estimation of geometry leads
to evident artifacts in the rendered videos.
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Figure 1. Illustration of the proposed DynTet for modeling a talking head. Left panel: The top branch predicts topology-related information,
including SDF values s and elastic scores. The bottom branch, conditioned by talking signals, predicts the offset vectors scaled by the
elastic scores to yield deformation vectors Av for driving the tetrahedral grid. Then, the Marching Tetrahedra (MT) algorithm decodes
the meshes. Right panel: The pixel coordinates are projected into a canonical space. Then the physically-based materials and lighting are

sampled for rendering images.

4.2. Geometry modeling

To address the mentioned challenges, we initially disentan-
gle topology and geometry from head shapes within the
tetrahedra grid, allowing for generating dynamic meshes
with a consistent topology. Furthermore, we enhance the
tetrahedral attributes by introducing a novel elastic score,
facilitating precise control over deformation. These im-
provements are incorporated by modifying the internal
structure of the geometry mapping as

F Vtet,a —)S,AV

5
where Sangl(vtet)a AV:g’f2(Vtetaa)' ©)

Here, f1 and f5 are coordinate-based MLPs, while £ :=
[f1(Viet)] represents the set of non-negative elastic scores.

Shape representation. Ideal face models exhibit topo-
logical invariance regardless of deformation. While im-
plicit SDF representations present challenges in fulfilling
this property, it is clear for explicit meshes like 3DMM [3]
to maintain the number of vertices and their relationship.
By employing Eq. (1) within MT algorithm, we have

vl =lerp(va, Vi, Sq, 8p) + lerp(Av,, Avy, 84, 5p) -

(6)

topology and identity geometry and expression

Given that vertices v, and v}, are pre-defined in the tetrahe-
dral grid, the first term is just affected by the SDF values.
Hence, our design in Eq.(5), which segregates SDF from
the talking signal, results in a topologically invariant mesh.
Meanwhile, the second term indicates that the geometry of
mesh explicitly relies on the tetrahedral grid offsets. Ad-
ditionally, a comparison with Eq. (3) reveals that DynTet
functions as a quasi-3DMM hybrid model, enabling addi-
tive changes to facial shapes driven by neural networks.

Elastic estimation. Our design necessitates relaxing the
range of Av; € [—1 1]3 to allow greater flexibility in
geometric variations. However, this relaxation potentially
leads to local jitters that significantly impact visual qual-
ity. We introduce an elastic scoring mechanism for each
vertex within the tetrahedral grid to regulate deformation.
These scores £ are predicted by the neural network f; to
quantify the non-rigid properties across different regions of
the human head. For instance, areas like the forehead and
nose exhibit near-rigid behavior with minimal changes dur-
ing talking, while regions like the mouth and eyes are more
flexible and primarily contribute to deformations. In this
way, the offset vectors are scaled using the elastic scores to
determine the deformable vectors AV.

Architecture details. As shown in Figure 1, we formu-
late neural networks f; and f> as a composition of regular
lightweight MLPs and a frequency positional encoding [59]

v(v) =< (sin (2l7rv) ,COS (Qlwv)) >t (7

We find that the simple frequency coding outperforms hash
grid encoding [44] which tends to generate surfaces with
significant noise. To maintain temporal consistency, we fol-
low [41, 52] to represent the deformation of any timestamp
by the window of adjacent 27 frames of expression coeffi-
cients, which are averaged into a 256-dimensional feature
vector by a trainable convolutional encoder.

4.3. Neural rendering

This procedure aims to automatically texture the triangu-
lar meshes (Vy,.;, Ty;) extracted by MT algorithm, and
generate photorealistic images I given camera pose P and
talking signal . In the realm of deformable reconstruc-
tion [38, 38, 46, 49], the canonical or template model
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serves an important role in reducing the complexity of tex-
ture parametrization. Thanks to the well-designed geome-
try model in DynTet, defining a canonical space becomes
straightforward. We upgrade the vanilla rendering process
by incorporating a canonical projection, thereby unifying
both shading and lighting within a single space.

Canonical projection. We propose the canonical projec-
tion CanProj to map the pixel coordinates Coq4 from an ar-
bitrary camera pose P into a canonical 3D space where the
mean expression lies. This process is expressed as

é3d == CanPrOj (CQda VtTia Pa VtTi7 Tt?"i)a
where & = X7 o /n, (8)
and Vt'r’ia Tt”' = MatTet(F(Vtet, (_I))

In practical implementation, CanProj can be executed
readily using a modern mesh rasterizer to derive coordinates
Csq and 2D barycentric coordinates within (V.;, Ttri).
Then, Cs,4 positioned in the canonical space, is computed
through barycentric interpolation over (V.;, T4y).

Appearance model. We follow previous work [4, 45] to
adopt a physically-base material model, which allows easy
integration of 3D assets within existing engines. To parame-
terize the appearance mapping G, we employ a coordinate-
based neural network comprising a hash grid encoder [44]
for querying spatial features and a lightweight MLP for pre-
dicting materials. This network takes the projected coordi-
nates and talking signal as inputs:

ICd7 ICorm = G((/T?)da a) (9)

Here, 4 comprises three-channel diffuse albedo, and /Cy,1r,
is the set of occupancy k,, roughness k., and metalness
factors k,, for the GGX normal distribution function [9].
Unlike prior works, we do not predict normals, but in-
stead compute them directly using the triangular mesh in
the model space, which yields similar results.

Lighting model. We leverage the image based lighting
model, where the environment light is given by a trainable
mapping L. For each position v € C34 with a normal vector
n, the color along direction w, is computed by

L(v,w,) = Lg(v) + Ls(v,w,), (10)

where L is the diffuse intensity and L, is the specular in-
tensity. Consider a hemisphere with the incident direction
Q= {wi cwlin > O}, the first diffuse term is computed by

Lo(v)=(1- km)kd/ L; (v,w;) (w! n)dw;. an

Q
And the second term is based on Cook-Torrance microfacet
specular shading mode model [9] r(w,, w;) to compute

Li(v,w,) = k:S/ r(wo,wi)Li(v,wi)(wiTn)dwi, (12)
Q

where the specular color ks = (1 — ky,) - 0.04 + k. kq.
Following [45], we parameterize L with a cube map with
resolution 6 x 512 x 512, and the calculate the hemisphere
integration by the split-sum method [25]. By aggregating
the rendered pixel colors along the camera pose, we obtain
the rendered image I = {k, - L(v,w,)|v € C34)}.

4.4. Training losses

Thanks to its hybrid representation, DynTet possesses an
interpretable SDF space and a cost-efficient rendering pro-
cedure. This unique combination allows us to supervise its
training in both image and geometry space, facilitating the
estimation of reasonable 3D models from frontal images.

Image supervision. Given an image I and its prediction
I, we train DynTet with the MSE loss for pixel-level recon-
struction, and apply the overall LPIPS loss [71] for enhanc-
ing sharp details [31]. Besides, we find silhouette loss is
important to provide shape guidance. The image loss is

Acv',mg = Acmse (i7 I) + L"mse(ioa Io) + )\IACLPIPS (i7 I)7 (13)

where I, and I,, denote the binary masks of head regions.
We combine the head, background and torso together to
train in practice to prevent noise around the facial contours.

3DMM supervision. Frontal head views in talking videos
often lack adequate depth information, resulting in flawed
geometry estimation and artifacts in synthesized profile
face. To counter this, we leverage 3DMM [3] as a geom-
etry prior to mitigate these issues in the SDF space. We
introduce two key losses to incorporate 3DMM. First, the
normal distance loss £,,4; constrains the canonical model:

ﬁndl - IESNU(—{J.,(I)Hfl (V?dmm +s- N?dmm) - SH§7 (14)

where V§, and Ng,  represent 3DMM vertices and
normal vectors generated by coefficient &, while a is a
small value which we set to 0.1. L,,4 injects facial prior
into f;, affecting the SDF values around 3DMM surface.
Consequently, it avoids excessive restraint compared to full-
space supervision [48], enabling adaptive learning in other

regions. The second facial deformation loss is expressed as

[:fdl = H[fl(VSdmm)]efZ(VBdmm7a)fUﬁzp(a*(_l)Hg. (15)

This loss helps the tetrahedral grid to mimick the 3DMM
deformation. Although these losses target 3DMM vertices,
the tetrahedral vertices are appropriately constrained due to
their spatial density covering the 3DMM vertices.

Loss function. We introduce a regularization term for the
elastic score, denoted as Res = ||[f1(V3dmm)]e||3, to rein-
force the rigid property. We incorporate the weighted com-
bination of the above constraints as follows to formulate the
loss function described in Eq. (4)

Loss = Limg + XoLpar + A3Lar + AaRes. (16)
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Figure 2. Qualitative comparison of DynTet with the prior methods [31, 50, 60, 77]. Some representative defects are marked with red
arrows, around which the generated eyes, mouths or wrinkles highlight discrepancies with real ones. The right panel presents the details of
the mouth and eye area. The results show the superior realism and motion accuracy achieved by DynTet compared to existing methods.

5. Experiment
5.1. Experimental settings

Dataset and pre-processing. For a fair comparison, we
follow recent works [23, 31, 53] to conduct experiments on
a publicly-released video dataset, which includes four high-
definition talking videos with an average length of about
6500 frames at 25 FPS. Each raw video is cropped and re-
sized to 512 x 512, except for the Obama data with the res-
olution 448 x 448. Each video is divided into training and
test sets at a ratio of 10:1. We ensure strict alignment with
the pre-processing steps outlined in AD-NeRF [23]. In or-
der to extract the 3DMM coefficients efficiently, we utilize
a pre-trained model from Deng et al. [10].

Implementation details. We implement DynTet based on
the code of Nvdiffrec' [45] for differentiable Marching
Tetrahedra and rasterization. We use a tetrahedral grid with
a resolution of 1283 [12], which is a commonly used setting
[18, 45]. For the MLPs, we equip each one with ReLU-
Linear layers. The geometry model utilizes a frequency po-
sitional encoder [59] with L = 6 and a 3-layer MLP with

https://github.com/NVlabs/nvdiffrec

128 middle neurons. Additionally, a 4-layer convolutional
encoder [52] is used for the 3DMM coefficients. The ap-
pearance model consists of a 5-layer MLP with 256 mid-
dle neurons. During training, we perform 20,000 iterations
with a batch size of 4. We employ the Adam optimizer
with an initial learning rate of 1 x 103, which exponen-
tially decayed to 1 x 107°. The default hyperparameters
are A\; = 0.1, Ay = 100, A3 = 100, and A4 = 100. All ex-
periments are conducted on a single NVIDIA Tesla V100.

Comparison baselines. We compare our method with
several recent representative one-shot and person-specific
models, including Wav2Lip [50], PC-AVS [77], NVP [62],
SynObama [58], SadTalker [72]. In addition, we also com-
pare our method with three end-to-end NeRF-based mod-
els: ADNeRF [23], RAD-NeRF [60] and ER-NeRF [31].
All these methods are implemented with their official code.

5.2. Quantitative results

Comparison settings. We follow recent works to orga-
nize our comparisons into two settings: 1) Self-driven head
reconstruction setting, in which we train a model for each
video clip and evaluate the reconstruction quality on its re-
spective test set. 2) Cross-driven lip synchronization set-
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Methods PSNR 1 LPIPS | FID | CSIM t LMD™ | LMDe® | AUE | Sync 1 Time FPS
Ground Truth %) 0 0 1.000 0 0 0 7.899 - -

Wav2Lip [50] 31.15 0.0730 20.70 0.970 3.072 2.147 2.059 8.256 - 20
PC-AVS [77] 22.06 0.1345 47.53 0.802 2.496 3.609 4.283 8.540 - 32
AD-NeRF [23] 30.41 0.0799 14.92 0.926 4.317 2.405 4.374 5.015 18h 0.08
RAD-NeRF [60] 31.51 0.0675 11.14 0.951 3.006 2.285 3.317 4.409 S5h 23
ER-NeRF7 [31] 32.50 0.0345 6.44 0.960 2.924 2.220 2.773 4.944 2h 23
DynTet 35.15 0.0619 12.23 0.975 2418 2.137 1.833 7.407 2h 46
DynTetf 34.84 0.0223 4.72 0.978 2.284 2.129 1.712 7.646 3h 46

+ supervised by overall LPIPS [71].

Table 1. Quantitative results of the self-driven head reconstruction. The best and second results are in bold and underline. Wav2Lip takes
ground truth as input, thus its PSNR and LPIPS values are biased. The FPS values are tested on the resolution of 512 x 512.

3DMM

3
b9 9

ER-NeRF

DynTet

Figure 3. The triangular meshes from 3DMM [3], ER-NeRF [31]
and DynTet. The surfaces extracted from ER-NeRF using the
Marching Cubes [39] exhibit noise and undesirable topology. Note
that the backs of the meshes may have some defects due to limited
training data, but it does not impact the rendering results.

ting, where we use clips from unseen videos to drive all
methods for comparisons in lip synchronization. We extract
two video clips from the public demos of SynObama [58]
and NVP [62], which we refer to as Testset A and Testset B.

Evaluation metrics. We assess the methods with several
metrics: We evaluate the reconstruction quality using PSNR
and LPIPS metrics [71]. Realism and identity preservation
are measured using Fréchet Inception Distance (FID) [24]
and Cosine Similarity of Identity Embedding (CSIM) [41].
Driving accuracy is assessed by calculating the landmark
distances for the mouth (LMD™) and eyes (LMD®) [6],
while face motion accuracy is quantified by action units er-
ror (AUE) [2]. Temporal lip synchronization is evaluated
using the SyncNet confidence score (Sync) [8]. Addition-
ally, we report training time and frame-per-second (FPS) to
evaluate the running efficiency of the methods.

Head reconstruction. The results of the head reconstruc-
tion setting are presented in Table 1. For fairness, we pro-
vide DynTet with and without LPIPS supervision, both of
which demonstrate significant advantages in reconstructing
accurate details and precisely controlling facial movements.
While 2D-based methods such as Wav2Lip [50] and PC-
AVS [77] excel in the lip synchronization due to the pre-
training on the large-scale dataset, they fall short in the

Methods Testset A Testset B
AUE| Synct | AUE] Synct
Ground Truth 0 7.386 0 6.676
SynObama [58] 5.574 7.419 - -
NVP [62] - - 7.954 6.562
Wav2Lip [50] 5.029 8.394 7.415 9.072
PC-AVS [77] 4.359 8.087 7.450 9.964
SadTalker [72] 4,732 7.207 6.760 7.932

AD-NeRF [23]
RAD-NeRF [60]

4.277 6.041 6.731 5.567
4.172 6.541 6.733 6.786

ER-NeRF [31] 4210 6.877 6.669 7.401
DynTet 3.672 5.055 6.029 6.401
Audio2Exp + DynTet 4.316 7.055 6.541 7.335

Table 2. Quantitative results of cross-driven lip synchroniza-
tion. The best and second results are in bold and underline. To
drive DynTet with audios, we utilize an off-the-shelf model Au-
dio2Exp [72] to convert audios into 3DMM coefficients.

faithful appearance. Among NeRF-based methods, the re-
cent work ER-NeRF [31] achieves top performance in the
evaluation. As the first tetrahedra representation for talking
heads, DynTet notably outperforms on all metrics compared
to NeRF-based approaches, showcasing its advancements in
faithful reconstruction and accurate mapping from condi-
tions to facial deformation. This further validates the great
potential of tetrahedra meshes for dynamic modeling.

Lip synchronization. DynTet offers both frame-driven
and audio-driven approaches to accomplish this task. In the
frame-driven approach, 3DMM coefficients are directly ex-
tracted from the target videos. On the other hand, the audio-
driven approach utilizes an off-the-shelf model, specifically
the Audio2Exp model in SadTalker [72], to convert au-
dios into the 3DMM coefficients. It is worth noting that
the target coefficients, denoted as «’, and the training co-
efficients ¢, may have different distributions according to
speaking habits. We find that a re-center process, expressed
as o’ 4+ (@ —@a’) is crucial to rectificate the talking style. As
shown in Table 2, the frame-driven approach of DynTet un-
surprisingly achieves the best AUE performance among all
methods. Furthermore, the audio-driven approach of Dyn-
Tet also achieves comparable results with ER-NeRF and
SadTalker, indicating its flexibility and strong generaliza-
tion properties for various applications.
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Figure 4. Qualitative results of the cross-driven setting. The top
and bottom panels show the frame- and audio-driven results, re-
spectively. We attach the estimated 3DMM shapes for reference.

Running efficiency. Table 1 shows that DynTet achieves
fast training speed and real-time inference at 512 x 512 res-
olution. Notably, DynTet maintains the same 46 FPS even
at 1024 x 1024 resolution, thanks to the cost-efficient ras-
terization rendering. In contrast, ER-NeRF and RAD-NeRF
experience a half drop in FPS. This highlights our efficiency
advantage in challenging high-resolution scenes.

5.3. Qualitative results

Figure 2 demonstrates that DynTet effectively addresses
challenges faced by prior methods. It generates photo-
realistic images with intricate details in non-rigid areas and
achieves precise control of mouth, blinks, and even wrin-
kles. Our supplementary videos showcase the impressive
temporal stability of DynTet, resulting in smooth and sta-
ble motion. In Figure 3, the comparison of meshes ob-
tained by different methods reveals that DynTet outper-
forms 3DMM and NeRF in terms of topology. Addition-
ally, Figure 4 showcases the accurate expression control
achieved by frame-driven DynTet, while audio-driven Dyn-
Tet surpasses SadTalker in producing realistic and expres-
sive results. These advancements firmly establish DynTet
as a promising approach for modeling talking heads.

5.4. Ablation study

We present the results of different structures in Table 3 and
Figure 5. It is evident that the removal of canonical projec-
tion (C.P.) has a quite negative impact, resulting in increased
LPIPS and LMD values. This is because the absence of
the canonical projection increases the difficulty of texture
learning and consequently hinders the supervision of loss
on the geometry model. Similarly, removing 3DMM super-
vision leads to flawed meshes and introduces artifacts into
the images. The visualization of elastic scores (E.S.) high-
lights its function in quantifying the non-rigid property, and

(a) i gl ; -3
DynTet 4 2\

® (>

(c) (d)
w/o C.P. GT

Figure 5. The validation of key components in DynTet. (a) Result
of DynTet. (b) Replacing frequency encoding with hash encod-
ing [44]. (c) Removing 3DMM supervision. (d) Removing canon-
ical projection. (¢) Groundtruth. (f) Visualization of elastic scores.

DynTet|-3DMM -CP. -ES.| 32 64 128 512
FPST 46 - - - 103 92 80 23

#Param | 1.41M - - - 1.1IM 1.13M 1.I9M 2.28M
PSNRT | 3484 | 33.65 3437 34.81 | 3222 3420 35.15 35.06
LPIPS| | 0.0223 | 0.0686 0.0529 0.0247|0.0539 0.0254 0.0237 0.0219
LMD™ || 2.284 | 2453 2572 2336 | 2.875 2.636 2449 2.201

Table 3. Quantitative ablation of DynTet via removing 3DMM
supervision, canonical projection, elastic score or changing the
number of middle neurons in appearance mapping from 32 to 512.
#Param denotes the parameter number of DynTet.

its removal affects the temporal stability of the results (see
the supplementary videos). Interestingly, we find replacing
frequency encoding with hash encoding leads to a cluttered
mesh, indicating that it is desirable to encode coordinates
as low-frequency signals in geometry learning. In addition,
we explore the impact of middle neuron channels within
the appearance mapping, and find that dimensions ranging
from 64 to 256 strike a balance between expressivity and
inference speed. These findings underscore the reasonable
designs of DynTet for achieving desirable results.

6. Conclusion

We introduce Dynamic Tetrahedra (DynTet), a novel hybrid
representation for realistic and expressive talking heads.
DynTet upgrades tetrahedral meshes from statics to dynam-
ics with a new architecture, a canonical space and guidance
from geometry prior. DynTet can efficiently generate high-
resolution talking videos with realism and precise motion
control beyond prior works. Our work may inspire future
research in the direction of Dynamic Tetrahedra.
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