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ABSTRACT

In recent years, text-guided 3D head generation has advanced considerably with
the development of 3D morphable models (3DMMs) and their integration with
vision–language models (VLMs). Nevertheless, existing approaches remain lim-
ited by the coarse level of detail in commonly used 3DMMs, which restricts their
ability to synthesize fine-grained facial geometry and complex expressions. To ad-
dress this limitation, we propose a novel framework for text-guided expressive 3D
head generation. Unlike prior works that directly operate on mesh-based repre-
sentations, our method leverages geometry images as the core 3D shape represen-
tation. Our method begins by computing a measure-preserving parameterization
for each head mesh, minimizing area distortion while allowing local magnification
of regions of interest. This parameterization enables the construction of geometry
images, which we then use to train a conditional Denoising Diffusion Probabilistic
Model (DDPM). By reformulating 3D generation as a 2D image synthesis prob-
lem, our framework excels at capturing fine-grained geometric details and expres-
sive deformations that mesh-based pipelines often fail to reproduce. Extensive
quantitative and qualitative experiments demonstrate that our approach produces
high-quality human avatars and consistently outperforms existing methods.

1 INTRODUCTION

3D head modeling and generation have become increasingly important across industries such as
virtual and augmented reality (VR/AR), film production, and gaming. Traditional approaches typ-
ically depend on manual sculpting, which requires skilled artists and is both time-consuming and
labor-intensive. A major breakthrough came with the introduction of the first 3D Morphable Model
(3DMM) by Blanz & Vetter (1999), which is a statistical model for deforming a template mesh
through parameter adjustments to achieve accurate 3D head fitting. Building on this foundation,
numerous 3DMM-based methods have been developed for 3D head synthesis (Cao et al., 2013; Li
et al., 2017; Sanyal et al., 2019). With the rapid advancement of vision–language models, text-
guided 3D generation has emerged as a prominent research direction, allowing the synthesis process
to be explicitly controlled by natural-language prompts (Poole et al., 2022; Lorraine et al., 2023;
Liang et al., 2024). Within this domain, considerable attention has been devoted to text-guided 3D
head and face generation or editing (Wu et al., 2023; 2024; Zhang et al., 2023; Liao et al., 2024).
These methods typically employ neural networks to adapt 3DMM templates and to generate corre-
sponding textures conditioned on textual input.

However, the heavy reliance of these methods on 3DMM templates fundamentally limits the quality
of the generated faces. Unlike high-resolution head scans obtained through 3D scanning, which
typically contain 400k to over one million vertices, 3DMMs generally consist of fewer than 40,000
vertices. This coarse resolution hinders the ability to capture fine-grained geometric details and
to represent complex facial expressions. There are also works (Chen et al., 2024; Luo et al., 2025)
generate high-quality 3D face using neural implicit representations, such as NeRF (Mildenhall et al.,
2021) and Gaussian Splatting (Kerbl et al., 2023). However, they require additional algorithms,
such as Marching Cube (Lorensen & Cline, 1998), to convert the generated results into triangular
meshes in order to fit common computer graphics pipeline, which typically results in significant
time consumption and loss of precision.
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Recently, Geometry image (Gu et al., 2002; Sander et al., 2003), as a 3D representation, is increas-
ingly being used in 3D generation tasks (Alhaija et al., 2022; Elizarov et al., 2025; Yan et al., 2025).
First introduced by Gu et al. (2002), this technique encodes 3D surfaces into 2D image formats,
allowing 3D data to be processed within the 2D domain and can save huge memory usage and com-
putational cost. Later, Sander et al. (2003) proposed multi-chart geometry image to handle surfaces
with high genus or multiple boundaries by partitioning the 3D surface into smaller patches. This
approach has since been adopted for 3D object generation under class- or text-conditioned settings
(Elizarov et al., 2025; Yan et al., 2025). However, a key drawback of these methods is that the gen-
erated 3D results often exhibit noticeable cracks, since the correspondence across patch boundaries
is discarded when generating geometry images. Additional stitching algorithms are required dur-
ing 3D reconstruction, which incurs extra computational time and does not guarantee good quality.
Moreover, these methods are not tailored for 3D face or head generation, and their reliance on multi-
chart geometry images often leads to suboptimal results or even complete failure when applied to
facial data (Elizarov et al., 2025).

In this paper, we present a novel framework for text-guided expressive 3D head generation using
geometry images as the core 3D shape representation. Instead of directly operating on raw 3D mesh
data as in prior works, we reformulate the problem by training a text-guided Denoising Diffusion
Probabilistic Model (DDPM) on geometry images. The model samples geometry images, which are
then reconstructed into high-quality textured meshes with expressions faithfully aligned to the input
text prompts. Our main contributions are as follows:

• To the best of our knowledge, we are the �rst to apply measure-preserving geometry images
as the 3D representation in text-guided expressive face generation.

• We train a text-guided conditional Denoising Diffusion Probabilistic Model for geometry
image generation to obtain 3D human heads by generating 2D images.

• We demonstrate the superior performance of our framework through extensive qualitative
and quantitative experiments, consistently surpassing prior 3DMM-based methods in terms
of geometric detail, expressiveness, and realism.

The advantages of our methods are the following.

• Dimension reduction. Applying 2D geometry images as 3D representations reduces stor-
age usage and related computational cost, allowing generated high-resolution meshes with
more vertices and triangles.

• Excellent details and facial expressions. The measure-preserving optimal transport en-
sures that geometry images retain more facial features, resulting in generated 3D heads
with more realistic details and expressions.

• Texture and and texture mapping. Texture images are generated alone with geometry
images and texture mapping is also inherently provided.

• Compatibility. It is easy to apply post-processing algorithms to the generated results,
such as Laplacian smoothing (Vollmer et al., 1999). Moreover, the generated results can
be easily compatible with common computer graphics pipelines and rendering techniques
such as normal mapping (Cohen et al., 1998).

2 METHOD

In this section, we elaborate the detailed processes of the proposed OT-based geometry image gener-
ative framework, which includes computing parameterization, generating geometry images, training
the neural network, 3D reconstruction and post-processing. The pipeline is shown in Figure 1.

2.1 INITIAL PARAMETERIZATION

Since a 3D human head can be represented as an oriented surface with zero genus and one boundary
(i.e., a topological disk), there always exists a homeomorphism (global parameterization) between
such a surface and a planar square. Consequently, a single global parameterization is suf�cient for
our task, avoiding the need for multi-chart geometry images that often introduce cracks and seams.
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Figure 1: Pipeline of the proposed generative framework. Textured mesh data are converted to
geometry images using measure-preserving parameterization. During training, geometry images
and corresponding text embedding are fed into the DDPM. During inference, the model takes a
text prompt describing the expression and gender, and samples geometry images which match the
prompt. The sampled images can be further reconstructed into 3D head meshes with textures.

We �rst apply the Ricci Flow algorithm (Jin et al., 2008) to compute an initial conformal parame-
terization so the 3D surface is mapped to a 2D rectangular domain. Ricci Flow is a powerful tool to
compute a metric on a surface which satis�es any given target curvatures, as long as the curvatures
meet the Gauss-Bonnet Theorem. For any textured mesh of a human head, which is a surface with
zero genus and one boundary, we select four vertices on the boundary as the corner points and set
their target curvatures to�4 , and zero elsewhere. The objective is to optimize the Ricci energy

E(u) =
Z u

0

X

i

( �K i � K i )dui ; (1)

where u; �K and K are the conformal factor, target and current Gaussian curvature, respectively.
Such energy can be optimized in Newton's method, by calculating the gradient (�K i � K i )T , and
Hessian (

@Ki
@ui

= �
P

j wij on the diagonal;
@Ki
@uj

= @Kj

@ui
= w ij elsewhere:

(2)

where wij are the cotangent edge weights. After the optimization converges, we embed all edges
and obtain a conformal parameterization of the 3D mesh on the 2D domain, which is a rectangle
with four selected vertices at the corners. We refer readers to Jin et al. (2008) for more details of the
theory and computation.

2.2 MEASURE-PRESERVING PARAMETERIZATION

A conformal parameterization preserves angles locally but will inevitably introduce large area dis-
tortions. Regions away from the boundary may be densely clustered in some small areas of the
2D parameterization domain, which causes uneven sample density and detail loss during the recon-
struction, as shown in Figure 2. To address this issue, we followed the optimal transport algorithm
(Zhao et al., 2013) to generate a measure-preserving parameterization from the initial conformal
parameterization.

We brie�y review the computation method of optimal transport. The optimal transport problem was
originally proposed by Monge (1781).

Problem 2.1 (Monge's Problem) Suppose (X; �); (Y; �) are metric space with measures that sat-
isfy

R
X �dx =

R
Y �dy. We say a map T : X ! Y is measure preserving if for any measurable
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set B � Y , �(T �1 (B)) = �(B). Given a transportation cost function c : X � Y ! R, �nd the
measure preserving map T that minimizes the cost C(T ) :=

R
X c(x; T (x))d�(x):

In the discrete setting, suppose � has compact support on X, 
 = supp � = fx 2 Xj�(x) > 0g and

 is convex. Let Y be a discretized point set fy1; y2; : : : ; yk g with Dirac measure � =

P k
j=1 � j �(y�

yj ). We de�ne a height vector h = (h1; h2; : : : ; hk ) 2 R k . For 8yk 2 Y , we construct a hyper-
plane on X, � i (h) : hx; y i i + h i = 0: Then, function uh (x) = max k

i=1 fhx; y i i + h i g is a convex
function. Its graph G(h) is an in�nite convex polyhedron with supporting planes �i (h). Then we
can obtain a polygonal partition of 
 from the projection of G(h), which is equivalent to a power
diagram D(h),


 = [ k
i=1 Wi (h) (3)

Wi (h) = fx 2 Xju h (x) = hx; y i i + h i g \ 
: (4)

Wi (h) is the projection of a facet of G(h) onto 
 and its area is given by

wi (h) =
Z

W i (h)
�(x)dx: (5)

Since the convex function uh on each cell Wi (h) is a linear function �i (h), the gradient map,
grad uh : Wi (h) ! y i ; i = 1; 2; : : : ; k, maps Wi (h) to a single point yi . We De�ne the admissible

space of the height vectors H0 :=
n

hj
R

W i (h) � > 0;
P

i hi = 0
o

: Then, de�ne the energy E(h) as

the volume of the convex polyhedron bounded by the graph G(h) and the cylinder through 
 minus
a linear term:

E(h) =
Z



uh (x)�(x)dx �

kX

i=1

� i hi : (6)

The gradient of the energy is given by

rE(h) = (w 1(h) � � 1; w2(h) � � 2; : : : ; wk (h) � � k )T : (7)

Suppose the cells Wi (h) and Wj (h) intersect at edge eij = W i (h) \ W j (h) \ 
, the the Hessian
of E(h) is given by

@2E(h)
@hi @hj

=

(
1

jy j �y i j

R
eij

�; W i (h) \ W j (h) \ 
;

0; elsewhere:
(8)

Suppose the conformal parameterization obtained from Ricci �ow is denoted as �. Our goal is to
�nd a map  such that a measure-preserving mapping is given by  �1 � �. The detailed pipeline is
shown in Figure 1. Suppose the surface (S; g) is represented by a triangle mesh M(V; E; F ). For
any vi 2 V; i = 1; 2; : : : ; k, let p i = �(v i ); pi 2 P . For each pi , we de�ne the discrete measure �i
given by �i = 1

3

P
[v i ;v j ;v k ]2F � i � Area([v i ; vj ; vk ]), where [vi ; vj ; vk ] is a face adjacent to vi and

� i 2 [1; +1) is the scaling factor. The summation of the measure is normalized so that
P

i � i = 1.
We also de�ne a 2D square 
 with measure � such that P is inside 
 which should be the region of
the �nal parameterization. The scaling factor � can modify the original area measure, allowing the
region of interests (ROI) to be magni�ed, so that more points inside ROI can be sampled, as shown
in Figure 2. For our task, we are more interested in the facial area than in other areas such as the
back of the head and neck. Thus, we set �i be 2:5 on facial region and 1 elsewhere.

The computational procedures are shown in Algorithm 1 in Appendix A.1. Initially, we set the
height vector h = (jp1j; jp2j; : : : ; jpk j)T . Then we compute the power diagram D(h) and Delaunay
triangulation T (h). After projection and calculating the cell areas w(h) by eq. (5), we can use
Newton's method to optimize the energy eq. (6). During the iterations, the height vector is required
to be in the admissible space, so that each cell Wi (h) is non-empty. If there is an empty cell, we roll
back the calculation, half the step length and recompute h until there is no empty cell. Finally we
have  : 
 ! P; W i (h) ! p i ; i = 1; 2; : : : ; k.
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