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Abstract

A fundamental challenge in text-to-3D face generation is
achieving high-quality geometry. The core difficulty lies in
the arbitrary and intricate distribution of vertices in 3D space,
making it challenging for existing models to establish clean
connectivity and resulting in suboptimal geometry. To ad-
dress this, our core insight is to simplify the underlying geo-
metric structure by constraining the distribution onto a sim-
ple and regular manifold, a topological sphere. Building on
this, we first propose the Spherical Geometry Representation,
a novel face representation that anchors geometric signals
to uniform spherical coordinates. This guarantees a regular
point distribution, from which the mesh connectivity can be
robustly reconstructed. Critically, this canonical sphere can
be seamlessly unwrapped into a 2D map, creating a perfect
synergy with powerful 2D generative models. We then in-
troduce Spherical Geometry Diffusion, a conditional diffu-
sion framework built upon this 2D map. It enables diverse
and controllable generation by jointly modeling geometry
and texture, where the geometry explicitly conditions the tex-
ture synthesis process. Our method’s effectiveness is demon-
strated through its success in a wide range of tasks: text-to-3D
generation, face reconstruction, and text-based 3D editing.
Extensive experiments show that our approach substantially
outperforms existing methods in geometric quality, textual fi-
delity, and inference efficiency.

Introduction

High-quality 3D face generation is essential for many appli-
cations in the computer graphics and movie industry, includ-
ing virtual reality, computer games, and movie production.
Although recent advances have enabled impressive text-
driven control, a fundamental challenge persists: achieving
high-quality and topologically sound mesh geometry. Many
existing methods still produce meshes with significant arti-
facts and require excessive inference time.

The ultimate goal of 3D face synthesis is to generate a
high-quality triangle mesh, the industry-standard represen-
tation renowned for capturing intricate detail. However, the
explicit and unstructured nature of the mesh topology makes
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Figure 1: We present Spherical Geometry Diffusion as a
novel framework for 3D faces generation using Spherical
Geometry Representation. For Text-based Geometry Gen-
eration, we achieve flexible control through text conditions.
For Geometry-aware Texture Generation, we create texture
conditioning on the geometry through SGR’s alignment.
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it exceptionally challenging for generative models to learn
directly. This has led to two main approaches, each with sig-
nificant limitations. The first approach involves simplifying
the problem using the 3D Morphable Model (3DMM) (Wu
etal. 2023; Aneja et al. 2023; Kirschstein et al. 2024; Zhang
et al. 2023; Chen and Kim 2021). By operating in a low-
dimensional parametric space, 3DMMs offer easy control
but at a steep price: the generated geometry is fundamentally
limited by the expressive capacity of the 3DMM prior, pre-
cluding high geometric accuracy. To break free from these
constraints, a second and more recent approach uses flexi-
ble implicit representations to represent facial geometry (Liu
etal. 2024; Zheng et al. 2022, 2024; Yenamandra et al. 2021;
Wang et al. 2023). These methods offer a more accurate ge-
ometric approximation by learning the signed distance from
dense points to the surface. However, to produce a usable
mesh, these methods must employ a post-processing algo-
rithm such as Marching Cubes (Lorensen and Cline 1998).
This final step reintroduces the problem of defining clean
vertex connectivity, often resulting in noisy artifact meshes.

The connectivity problem lies in the arbitrary and un-
structured distribution of vertices in the 3D space, where
unpredictable spatial relationships make clean topology re-
construction fundamentally challenging. Our key insight



is to profoundly simplify this problem by constraining
the geometry to a regular manifold. Instead of learning
points in an arbitrary 3D space, we map the facial geome-
try to a canonical sphere. By anchoring geometric signals
to uniformly distributed spherical coordinates, connectiv-
ity between points becomes trivial and robust to establish.
This strategy has a two-fold advantage. First, it efficiently
solves the connectivity problem. The spherical anchoring in-
herently defines the mesh topology, eliminating complex ex-
traction and ensuring a high-quality mesh. Second, and just
as importantly, this canonical sphere can be seamlessly un-
wrapped into a 2D map. This creates a structured grid-like
domain for the geometry, unlocking the potential to leverage
powerful 2D generative models.

Building on this insight, we propose Spherical Geome-
try Representation (SGR). This representation parameter-
izes the 3D face onto a sphere and then unwraps it into a
unified 2D map, where each pixel corresponds to a point
signal on the sphere. Crucially, this unified map is versatile,
capable of encoding not only the 3D vertex positions (ge-
ometry), but also the corresponding texture and fine-grained
displacement in a unified format. The nature of this map pro-
vides an implicit definition of vertex connectivity, allowing a
high-quality mesh to be reconstructed by efficient Delaunay
spherical triangulation (Fortune 2017).

With geometry and texture elegantly aligned in corre-
sponding 2D structures, we introduce Spherical Geome-
try Diffusion, a framework designed to efficiently gener-
ate high-quality facial geometry, as demonstrated in Fig. 1
and Fig. 2. Our core innovation is a latent diffusion model
that synthesizes a complete geometry in a single forward
pass. This native approach stands in stark contrast to con-
ventional text-to-3D methods that require iterative optimiza-
tion and grants our framework a significant advantage in ef-
ficiency. The unified nature of SGR enables seamless ex-
tension to diverse applications beyond pure geometry gen-
eration. The framework naturally supports geometry-aware
texture synthesis by directly conditioning on the geometry
through SGR’s shared spherical coordinates, bypassing the
complex depth rendering required by traditional pipelines.
Furthermore, the architecture enables new face reconstruc-
tion and intuitive text-based editing, making it a comprehen-
sive solution for 3D face manipulation.

Beyond the core framework, our work introduces two
technical innovations that ensure geometric integrity and
training stability. First, to preserve the topology, we de-
velop a novel Center-symmetric Padding scheme. This
technique respects the inherent spatial continuity of SGR,
effectively eliminating the geometric cracks and boundary
artifacts caused by standard 2D convolutions. Second, we
propose Geometric Regularization to stabilize the train-
ing process. Our regularization leverages SGR’s efficient re-
construction properties to provide direct geometric feedback
during training, ensuring that the learned latent representa-
tions correspond to valid and high-quality facial geometries.
This geometric grounding significantly improves both the
training efficiency and the final output quality.

We conducted comprehensive experiments on large-
scale datasets, evaluating our performance across text-to-
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Figure 2: Qualitative comparison of reconstructed mesh
quality, where the mesh is reconstructed from the implicit
function obtained by ImFace++. A magnified view of the
marked region is shown on the right.

geometry generation, face reconstruction, and geometry-
aware texture synthesis. The results demonstrate that our
method achieves superior performance across all evalua-
tions, producing high-quality geometry that closely matches
text prompts and delivering high visual quality.

In summary, our main contributions are as follows.

* We propose Spherical Geometry Representation, which
enables faithful bidirectional mapping between 3D and
2D spaces, allowing us to leverage mature diffusion mod-
els for the 3D face while ensuring high-quality geometry.

We introduce Spherical Geometry Diffusion, an effi-
cient framework for controllable 3D face generation, tak-
ing advantage of SGR to simultaneously achieve high-
quality geometry and texture alignment.

* We develop two technical innovations, Center-symmetric
Geometric Padding and Geometric Regularization,
which ensure geometric quality and stable training.

Related Work

3DMM-based Face Generation. 3DMM-based Face Gen-
eration focuses on learning the mapping between conditions
and 3DMM parameters (Wu et al. 2025; Zhuang et al. 2025).
The Describe3D method, proposed by Wu (Wu et al. 2023),
learns a mapping function that translates text information in
natural language into 3DMM parameters. Many approaches
use trained 3DMM parameters as the initial state for a face
model and refine geometric details through Score Distilla-
tion Sampling (SDS) (Poole et al. 2022). Methods such as
FaceG2E (Wu et al. 2024), DreamFace (Zhang et al. 2023),
HumanNorm (Huang et al. 2024), and AvatarCraft (Jiang
et al. 2023) treat the parametric model as the starting geo-
metric configuration and employ SDS techniques to improve
the geometry. This improvement is achieved by incorporat-
ing 2D depth information and performing a coarse-to-fine
optimization process to refine geometric details. Spherical
Geometry Diffusion, on the other hand, learns directly from
the original 3D data, allowing it to achieve high-quality ge-
ometry without the limitation imposed by 3DMM.

Implicit Function for Face Reconstruction. Implicit rep-
resentations offer an alternative to traditional irregular mesh
representations. These representations model 3D shapes by
learning continuous deep implicit functions, which can cap-
ture shapes at any resolution by querying the occupancy
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Figure 3: Overview. Our pipeline comprises two stages. (a) In the first stage, we construct and compress the Spherical Ge-
ometry Representation into Geometric Latent Representations. Geometric Regularization and Center-symmetric Padding are
introduced to enhance geometric quality and accelerate convergence. (b) Using these compact latent space, we train a condi-
tional diffusion model through two sequential phases: (1) Text-based Geometry Generation, which generates 3D faces from text
prompts, and (2) Geometry-aware Texture Generation, which creates textures conditioned on both text and the geometry SGR.
The final latent codes are then decoded to reconstruct 3D meshes of high-quality.

value of points. This approach holds significant promise
for high-precision modeling. In recent years, implicit neu-
ral representations have been incorporated into 3D face
modeling. For example, i3DMM (Yenamandra et al. 2021)
was the first implicit representation model specifically de-
signed for human faces, although its reconstruction accu-
racy remains suboptimal. Subsequent work, including Im-
Face (Zheng et al. 2022), ImFace++ (Zheng et al. 2024), and
other recent approaches (Giebenhain et al. 2023; Hong et al.
2022), has further explored implicit representations for 3D
face modeling.Despite these advancements, implicit neural
representations still depend on post-processing to generate
explicit meshes, which results in suboptimal geometric qual-
ity. Spherical Geometry Diffusion addresses these chal-
lenges by producing high-quality explicit meshes through
efficient transformations, ensuring superior geometry.

Method

Given a text description, our task is to generate high-fidelity
3D facial meshes. Our innovations are a novel representation
for 3D face and modified Latent Diffusion Models (LDMs)
tailored for efficient generation. The overview of the pro-
posed method is illustrated in Fig. 3. The following sections
detail our approach. We begin by introducing SGR for rep-
resenting 3D facial geometry and texture. We then describe
our Vector Quantized Variational Autoencoder (VQVAE)
tailored for geometry SGR. Finally, we present a conditional
diffusion strategy for generating high-quality 3D faces.

Preliminaries

Latent Diffusion Models. Diffusion models are powerful
generative models that learn to synthesize data by revers-
ing a fixed forward process that incrementally adds Gaussian
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noise € to an input xy. A noisy sample z; at any time step
t can be directly formulated as z; = /o + 1 — aue,
where a; follows a predefined noise schedule. The reverse
process is driven by a network eg(z¢, t), which is trained to
predict the noise e from x;.

LDMs (Rombach et al. 2022) perform this entire diffusion
process in a compressed latent space to mitigate the pro-
hibitive computational cost. An autoencoder first maps the
data x to a latent code zg = &(x). For conditional synthe-
sis, text embedding C' is injected into the denoising U-Net
€p through cross attention. This leads to the objective:

Liom = Ee(u),c.enno,) |Il€ — €0(ze,,C)|l5 (1)

Spherical Geometry Representation

To constrain the complex distribution of sampling points in
the 3D space, we leverage spherical parameterization and
uniform sampling to obtain uniformly distributed sampling
points in the sphere. The sampling point values are derived
via barycentric interpolation of different signals.

Parameterization and Sampling. Given a 3D face mesh
M, we first map M to a spherical mesh S using spherical
parameterization ¢ : M — S (Praun and Hoppe 2003).
Formally, let 7 = {Ax } | be the set of triangular faces in
M, where each A is defined by its vertices vy, Via, V3.
The spherical parameterization maps each triangle Ay to a
spherical triangle A} on S with vertices Sy1, Sk2, Sk3:

e =U(AR) = {(vi), ¥(Vi2), ¥ (vi3)}, (2
Ski :1/)(Vki)7 1= 17273' (3)

SGR is structured as a 2D image G = {Gij}f{:’}/"/jzl, where
W, H is the resolution R of the SGR. We perform uniform



sampling in the rectangular domain U/, producing a discrete
position w;; = (5, %) for i € [1,W],j € [1, H]. Each
sample point u;; is then assigned to S via an area-preserving
bijective mapping ¢ : U — S (Clarberg 2008), resulting in

a corresponding position s € R? on the sphere:
Sij = (b(uij)a Vi € [17W]7 .7 € [17H] (4)

G;; at each position u;; represents a weighted surface ge-
ometry calculated by barycentric interpolation. Specifically,
let s/ lie within a spherical triangle A/, on S with vertices
Sk1,Sk2, Sk3, where the signals are pg1, Pr2, Pk3, respec-
tively. The barycentric coordinates (Ao, A1, A2) of ¥ with
respect to these vertices are:

5\ — Area(s¥, Sk(c+1)> Sk(c+2))
.=
Area(sg1, Sk2, Sk3)

&)

. c=0,1,2.

where the indices are taken modulo 3 and Area() denotes
the spherical area formed by the points. With these barycen-
tric coordinates, the interpolated value G; is given by:

Q)

It should be noted that signals px1, Px2, Pk3 are optional, al-
lowing SGR to represent not only geometry but also diverse
attributes such as texture, colors, and displacement maps
through adaptable sampling. Fig. 6 demonstrates SGR’s 2D
representation of geometry, textures, and displacement map
with the corresponding 3D meshes.

Furthermore, SGR supports arbitrary resolution. We can
improve efficiency or preserve topology by reducing res-
olution or mapping only the original vertices. Reconstruc-
tion results and error at various resolutions are presented in
Fig. 6. Limiting the mapping to the original vertices pre-
serves the input topology (as shown in Fig. 6). In this work,
we employ a consistent resolution to align meshes with dif-
ferent vertex counts and ensure a uniform point distribution,
which is crucial for high-quality reconstruction. For details
of spherical mapping, please refer to Appendix A.

Gij = AoPr1 + A1Pr2 + A2P3.

Mesh Reconstruction. When reconstructing SGR into an
explicit mesh, we first use ¢ : Y — S from Eq. 4 to map
G = {Gij}g—imzl to {Sij}f{:’mzl, and then compute the
triangulation on the sphere. The Delaunay triangulation of
spherical points is equivalent to computing the convex hull
function [y, () (Fortune 2017). Eventually, the triangular

face reconstruction 7" of G is efficiently given by:
T" = fran({S7} )-

Geometric Latent Representations

HW
i=1,j=1

(N

Being a 2D image structure, our SGR naturally aligns
with conditional latent diffusion frameworks. To exploit this
property, we first train an encoder F, and a decoder D, to
compress the geometry SGRs into Geometric Latent Rep-
resentations for effective generation. Although a standard
VQVAE (Esser et al. 2021) architecture can be applied, we
significantly enhance its performance by tailoring the model
to the unique properties of our SGR. We introduce two tar-
geted modifications: a novel padding scheme that preserves
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Figure 4: (S) We obtain the spherical domain S via Spheri-
cal Parameterization M — &, where (/) denotes the unfold
SGR grid. Identical colors indicate corresponding regions.
(U) The proposed Center-symmetric Padding mitrors the
values symmetrically about the center of each edge. The pur-
ple color indicates averaging, with identical values marked
by the same letters and colors.

the spatial continuity of the sphere, and a geometric regu-
larization term that leverages SGR’s efficient reconstruction
capabilities to accelerate convergence.

Center-symmetric Padding. When the SGR is unwrapped
in a 2D image, it inherently retains spherical continuity.
We observed that directly applying traditional zero padding
leads to cracks in 3D shapes, as illustrated in Fig. 5. To
address this issue, we propose a new padding, Center-
symmetric Padding, to better adapt to the spherical con-
tinuity of the SGR. Specifically, as illustrated in Fig. 4,
each edge of U is centrally symmetric in S, and the
four corners of U are averaged in S. The pseudocode for
Center-symmetric Padding is shown in Appendix B. We use
centrally-symmetric pixels as outer padding to convey 3D
connectivity, thereby mitigating discontinuities.

Zero
Padding

Center-Symmetric
Padding

Center-Symmetric
Padding

ero
Padding

Figure 5: Impact of Center-symmetric Padding.

Geometric Regularization. Inspired by VQVAE (Esser
et al. 2021), we incorporate pixel Ly, perceptual Ly, and
adversarial losses L,qy in our model. The loss function L.,
is a weighted sum of :

£rec = Epix + £per + )\advcadv (8)

Aadv controls the weight of L,4y. For details of Ly, Lper, and
Ladv, please refer to Appendix B.

However, traditional VQVAE suffers from high training
costs and slow convergence. Leveraging the efficient con-
version of SGR to 3D meshes, we introduce geometric reg-
ularization from a mesh perspective, which accelerates con-
vergence and significantly boosts performance.



Given a reconstructed mesh M = (V, F'), where V de-
notes the vertices and F’ represents the faces, we define reg-
ularization as a weighted sum of the following losses.

Normals consistency loss, L., encourages the align-
ment of the normals of adjacent faces in the mesh. For two
neighboring faces f and f; with respective normals 71y and
n1, the loss is calculated as:

z)(l

<f0 ) fl
Laplacian smoothing loss, L,,,, promotes smoothness
across the mesh by penalizing large variations in vertex po-
sitions. It is defined as:

N,
Liap = Y _ | Lvi’
i=1

where NV, is the number of vertices in the mesh, and L is the
Laplacian matrix applied to the vertex v;.

Edge length regularization loss, L4, penalizes the for-
mation of distorted vertices. For each edge e in the mesh, the
loss compares its actual edge length ||e|| to a target length eq:

Ny,
Cotge=— 3 = 3" (llell — e0)”
g N = Em

eem
where NV, is the number of meshes, F,, is the number of
edges in each mesh, and ||e|| represents the length of edge e.
The total loss of our geometric VQVAE is given by

o - N1

Loor = SRl
" Inoll[Imal

€))

(10)

(11)

Etatal = Qnor 'Enor +alap '['lap"_aedg : Eedge +£rec (12)

where avpor, Qiap, and oeqq are the respective weights for
each loss term, allowing controlled emphasis on different
aspects of Geometric Regularization.

Spherical Geometry Diffusion

By representing 3D assets as structured 2D maps, our
Spherical Geometry Diffusion bypasses the complexities
of 3D convolutions and irregular mesh processing. This re-
frames 3D generation as a 2D synthesis problem, allowing
us to harness the pre-trained weights and optimization strate-
gies of mature image diffusion models to boost performance.

We implement this through a decoupled two-stage pro-
cess. First, Text-based Geometry Generation provides fine-
grained control over facial structure from text prompts. Sec-
ond, Geometry-aware Texture Generation leverages SGR’s
intrinsic alignment, using the geometry map as a perfect
pixel-aligned condition for texture synthesis. This strategy
guarantees geometric-textural consistency, a common fail-
ure in end-to-end models.

Text-based Geometry Generation. To efficiently generate
the geometry SGR G from text embedding C', we model the
distribution p(G|C') within the latent space of our geomet-
ric VAE. The geometric UNet €g is trained to denoise the
latent 2§*°, conditioned on the timesteps ¢ and CLIP em-
beddings C' of the text prompt. C'is injected through cross-
attention to minimize our objective in Eq. 1. At inference
time, this trained model reverses the process. Starting from
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a random Gaussian latent noise, €y iteratively denoises the
latent vector, conditioned on the text embedding C. The re-
sulting clean latents are then decoded by the geometric VAE

decoder D, to produce the final geometry SGR G.

Geometry-aware Texture Generation. For the second
stage, we learn to synthesize a corresponding texture SGR
T. We frame this as a conditional image-to-image transla-
tion task, which is motivated by the intrinsic pixel-level cor-
respondence of SGR. This key decision allows us to bypass
depth rendering for alignment and instead leverage the pre-
trained image diffusion checkpoint.

Specifically, we implement this by fine-tuning a texture
generator €,, to denoise a latent texture z;™. Following In-
structPix2Pix (Brooks et al. 2023), we first distill the com-
prehensive prompt y into a texture-specific description yyey,
which is then embedded to embedding c;.,.. This is achieved
by template prompts and GPT (Brown et al. 2020). Cru-
cially, a strong geometric prior is supplied by concatenating
the latent representation of the geometry, E,(G), with the
noised texture latent 2| along the channel dimension. We
minimize the following latent diffusion objective:

Lix =B, (1),5,(G),Cres, [I€ — €6(2, 1, Bg(G), Ctea)||3] -
e~N(0,1),t
(13)

Experimental Results

Implementation Details. We define the geometry SGR
resolution (W, H) as 256x256, yielding reconstructed
meshes with 65,536 vertices. For the corresponding texture
SGRs, we employ a higher resolution of 512x512. Geome-
try SGRs are stored as 16-bit, three-channel PNGs, whereas
all other SGRs utilize an 8-bit, three-channel format. For the
text-based geometry generation stage, we train the Latent
Diffusion Model for 500,000 steps on four NVIDIA A100
GPUs with a learning rate of le-4. The geometric regular-
ization loss weights are set to apor = 0.1, cyap = 0.5, and
aegg = 0.1. To ensure training stability, we introduce an ad-
versarial loss (A\,gy = 0.1) after the first 100 epochs. We
employ the DPM-Solver++ scheduler (Lu et al. 2022) with
Classifier-Free Guidance (Ho and Salimans 2022). For the
geometry-aware texture generation stage, the model is fine-
tuned from the official Stable-Diffusion-XL (SDXL) check-
point (Podell et al. 2023). Further implementation details are
available in Appendix C.

Datasets. We evaluate the performance of our method on
various datasets, including Describe3D (Wu et al. 2023),
FaceScape (Yang et al. 2020), and COMA (Ranjan et al.
2018). Describe3D contains 1,627 high-quality 3D face
meshes paired with fine-grained textual descriptions, cov-
ering a wide age range and diverse ethnic backgrounds.
FaceScape is a large-scale dataset that contains 16,572 3D
scans of 847 individuals, each captured with 20 different ex-
pressions. The COMA dataset contains diverse sequential
expression sequences from 12 individuals, totaling 17,794
meshes. Since FaceScape and COMA lack fine-grained text
descriptions, we constructed structured text based on their
attribute annotations, such as age, gender, and expression.



Method | DIVE | DIVAIDT | SP(mm)l
Training data | 1.00 | 1.00 | -

3DMM 0.72 0.59 2.30
MAE 0.79 0.28 2.00
CoMA 0.69 0.52 2.47
Facial GAN 0.96 0.58 2.01
D3FSM 0.77 0.81 0.84
Ours 0.93 0.88 0.82

Table 1: Quantitative results of conditional geometry gener-
ation with respect to Diversity and Specificity.

Method | CD (mm) | | F-score@lmm 1| AR
i3DMM 0.759 83.87 3.18
FLAME 0.662 88.18 1.84
FaceScape 0.731 79.38 1.93
NPHM 0.637 91.67 3.90
ImFace 0.553 94.67 4.10
ImFace++ 0.511 96.11 4.34
Ours 0.466 98.77 1.35

Table 2: Quantitative results of 3D face reconstruction.

As these attributes are not related to appearance, we primar-
ily use these two datasets to evaluate the face geometry.

Quantitative Comparison

Conditional 3D Face Generation. To assess the geometric
generation performance of our method, we conduct a quan-
titative evaluation on the FaceScape and COMA dataset.
Following prior work (Taherkhani et al. 2023), we employ
two metrics: Specificity (SP), which assesses how closely
generated faces fit with training data distribution, and Di-
versity (DIV), which assesses the variety among generated
samples. We compared our method with other mesh gener-
ation approaches, including 3DMM (Amberg et al. 2008),
MAE (Abrevaya et al. 2018), CoMA (Ranjan et al. 2018),
Facial GAN (Abrevaya et al. 2019a),and D3FSM (Abrevaya
et al. 2019b). Our method demonstrates impressive per-
formance across both metrics,effectively generating diverse
and high-fidelity facial geometries, as shown in Table 1. Best
performance are bolded, second-best are underlined.

Conditional 3D Face Reconstruction. We quantitatively
evaluated the reconstruction of 3D face geometry on the
FaceScape dataset. Following the official data split (Zheng
et al. 2022), we train our model and then reconstruct the
geometry from the test set using DDIM inversion (Dhari-
wal and Nichol 2021). We benchmark our approach against
state-of-the-art (SOTA) methods employing alternate geo-
metric representations, including FLAME (Li et al. 2017),
FaceScape (Yang et al. 2020), i3DMM (Yenamandra et al.
2021), NPHM (Giebenhain et al. 2023), ImFace (Zheng
et al. 2022), and ImFace++ (Zheng et al. 2024). We report
Chamfer Distance (CD) and F-score as metrics for geomet-
ric accuracy, while Aspect Ratio (AR) (Parthasarathy et al.
1994) evaluates geometric quality, as shown in Table 2. The
results demonstrate that our method achieves superior per-
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Figure 6: Our SGR enables adaptive signals and resolution.
Leveraging the diffusion framework, we also enable inverse
face reconstruction for new faces without prompts, along
with text-based editing for gradual identity aging.

Method | Scoret | Ranking-11 | Time |
Describe3D 28.01 1 0.7m
DreamFace 28.63 1 1.0m

HumanNorm 29.42 3 85 m
FaceG2E 29.74 8 50m
Ours 29.80 7 0.2m

Table 3: CLIP evaluation results on the synthesized faces.
Best performance are bolded, second-best are underlined.

formance, outperforming all competing baselines in both ge-
ometric accuracy and mesh quality.

Conditional Texture Generation. We quantitatively eval-
uate the visual performance on the Describe3D dataset
using a CLIP-based assessment. This involves comparing
our method against Describe3D (Wu et al. 2023), Dream-
Face (Zhang et al. 2023), HumanNorm (Huang et al. 2024)
and FaceG2E (Wu et al. 2024), all tested on a shared
set of 20 text prompts. In Table 3, we report the CLIP
score (Sanghi et al. 2023) for text-mesh alignment, infer-
ence time (in minutes) for efficiency, and Ranking-1 for the
times a method was ranked first according to CLIP. We use
the official DreamFace website for its time calculations. The
results demonstrate that our method achieves high fidelity
and efficiency. As a native 3D generative model, it offers a
significant advantage in computational speed over iterative
SDS-based methods.

Qualitative Comparison

Conditional 3D Face Generation. In Fig. 7, we present
qualitative results of our method compared to other methods.
The results demonstrate that our method responds better to
the fine-grained details of the text prompt.

Conditional 3D Face Reconstruction. We present qualita-
tive results for Fig. 8. The results show that our method pro-
duces more accurate and detailed reconstructions. Moreover,
Fig. 2 shows that our method generates uniform meshes,
while the SDF-based methods exhibit noticeable artifacts.
Further Analysis. To demonstrate the versatility of our
SGR representation, we conducted experiments on two ad-
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Figure 7: Qualitative results of Geometry-aware Texture
Generation. Bold text indicates key aspects.

vanced tasks: direct text-based editing and out-of-domain
synthesis using an SDS framework (Poole et al. 2022). For
text-based editing, we show that modifying semantic at-
tributes in the prompt, such as age or expression, enables
precise corresponding edits to the facial geometry while pre-
serving personal identity. As demonstrated in Fig. 6, increas-
ing progressively the age in text prompt results in more pro-
nounced facial wrinkles. This highlights our method’s high
degree of control over geometric features and its ability to
capture fine details. More qualitative results, including those
from our SDS experiments, can be found in Appendix D.

Ablation Study

Center-symmetric Padding. We conduct a qualitative
ablation study on the effectiveness of Center-symmetric
Padding. As shown in Fig. 5, Center-symmetric Padding
helps to eliminate cracks and improve performance.
Geometric Regularization. We performed a quantitative
experiment comparing model with and without Geometric
Regularization, as shown in Table 4. VQVAE-mesh (with
regularization) and VQVAE-base (without regularization)
are equally trained for 30,000 steps. The results show that
Geometric Regularization helps penalize deformed meshes,
enabling faster convergence and improving efficiency.
Inversion steps. The quality of reconstruction during the in-
version process is influenced by the number of steps taken.
Generally, more steps lead to better quality, but this also in-
creases computational time. To investigate this trade-off, we
conduct ablation experiments. As illustrated in Table 4, the
performance improves with more inversion steps. However,
we observed diminishing returns, with additional steps be-
yond a certain point yielding only marginal gains. Conse-
quently, we chose 600 inversion steps for our experiments to
strike a balance between efficiency and quality.

Inference steps and guidance scale. In diffusion models,
the inference step and the guidance scale are hyperparame-
ters that regulate the generation performance. We conducted
ablation studies to examine the impact of these variables.
The results of this analysis, along with further ablation ex-
periments, are detailed in Appendix D.
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Figure 8: Qualitative results of 3D Face Reconstruction.

Setting | CD(mm) | | F-score@lmm

Inversion Steps

100 steps 1.235 66.70
200 steps 0.924 81.59
300 steps 0.693 93.00
400 steps 0.571 97.23
500 steps 0.571 97.24
600 steps 0.465 98.77
700 steps 0.465 98.76
800 steps 0.465 98.77
900 steps 0.465 98.77
1000 steps 0.466 98.76
Geometric Regularization

VQVAE-base 0.810 74.83
VOQVAE-mesh 0.666 85.16

Table 4: Ablation study on the number of inversion steps and
effectiveness of geometric regularization.

Conclusion

In this paper, we introduced Spherical Geometry Diffusion,
a framework that tackles the critical challenge of poor geo-
metric fidelity in text-to-3D face generation. By represent-
ing facial structure on a canonical sphere, our method en-
sures clean mesh topology and seamlessly leverages power-
ful 2D diffusion models, establishing a new state of the art
in geometric quality and textual alignment. We believe this
principle of regularizing complex 3D structures onto simple
manifolds offers a robust and scalable paradigm for future
high-fidelity content creation.

Limitation. Although our method marks a significant ad-
vance, its performance is strained by data availability. Public
text-3D face datasets, constrained by privacy concerns, are
much smaller than 2D image datasets. We anticipate perfor-
mance improvements as this data gap narrows.
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