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Abstract

Synthesizing high-quality 3D head textures is crucial for gaming, virtual reality,
and digital humans. Achieving seamless 360° textures typically requires expensive
multi-view datasets with precise tracking. However, traditional methods struggle
without back-view data or precise geometry, especially for human heads, where
even minor inconsistencies disrupt realism. We introduce HairFree, an unsuper-
vised texturing framework guided by textual descriptions and 2D diffusion priors,
producing high-consistency 360° bald head textures—including non-human skin
with fine details—without any texture, back-view, bald, non-human, or synthetic
training data. We fine-tune a diffusion prior on a dataset of mostly frontal faces,
conditioned on predicted 3D head geometry and face parsing. During inference,
HairFree uses precise skin masks and 3D FLAME geometry as input conditioning,
ensuring high 3D consistency and alignment. We synthesize the full 360° texture by
first generating a frontal RGB image aligned to the 3D FLAME pose and mapping
itto UV space. As the virtual camera moves, we inpaint and merge missing regions.
A built-in semantic prior enables precise region separation—particularly for iso-
lating and removing hair—allowing seamless integration with various assets like
customizable 3D hair, eyeglasses, jewelry, etc. We evaluate HairFree quantitatively
and qualitatively, demonstrating its superiority over state-of-the-art 3D head avatar
generation methods. https://hairfree.is.tue.mpg.de/

1 Introduction

Generating realistic and consistent textured 3D head avatars is essential for applications in gaming,
virtual reality, and digital human modeling. Achieving 360° appearance consistency in head texturing
is a persistent challenge, especially, because scalp visibility varies dramatically with dynamic hair
animations and different hairline shapes (e.g., straight, rounded, widow’s peak, M- or V-shaped,
receding), see Figurem Existing methods [[15} [16} [17, [14} 128 30,140} 1311 34, 164} 2, [70]] either bake
hair (and its specific hairline) directly into the texture—leading to visible artifacts when swapping to
any other hairstyle—or limit textures to the facial region, neglecting the full scalp. Moreover, other
approaches rely on large-scale multi-view datasets of human heads with precise tracking, making
them resource-intensive and less flexible.

This lack of flexibility undermines true compositionality, where any 3D hairstyle or other assets (hats,
helmets, eyeglasses, jewelry) can be seamlessly added, swapped, or animated without visible seams
or mismatches. For practical applications, a fully disentangled, hair-free scalp and face texture is
crucial, serving as a neutral base for compositional 3D layering. In this paper, we introduce HairFree,
an unsupervised generative texturing framework that generates high-quality, 360° head textures,
providing a fully bald, neutral base for 3D asset integration. Unlike existing methods, HairFree uses a
diffusion-based inpainting approach guided by textual descriptions and produces consistent, detailed
head textures without relying on any texture, back-view, bald, non-human, or synthetic training
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Figure 1: HairFree is a hybrid 2D/3D neural rendering method that synthesizes diverse, high-fidelity
360 bald human head textures given a 3D head mesh and a textual description. The generated bald
textures (columns 1, 4, 7) seamlessly integrate into classical graphics pipelines, allowing compatibility
with any 3D hairstyle—regardless of hairline type (in green)—in a fully compositional manner.

data. Our method is based on a compositional 2D human head prior, trained on 100K mostly frontal
images of faces, conditioned on RGB background, 3D head geometry, and partial facial semantics.
The 3D head geometry and facial semantics are estimated using off-the-shelf methods (Spectre [12],
FPM [68])).

At inference time, HairFree begins by generating a high-quality frontal view image of a face,
conditioned on accurate 3D FLAME geometry [35] and precise skin masks. This initial image is
projected onto the 3D FLAME texture space, creating a base texture. As the virtual camera moves
around the head, a progressive inpainting process is applied—rendering the visible regions and
filling in missing areas using the diffusion model in image space. These completed regions are then
re-mapped to texture space, maintaining texture consistency. The entire process is guided by the
same 3D-consistent FLAME geometry and skin masks, ensuring precise alignment across all views.
The semantic conditioning allows for skin-hair separation, effectively isolating and removing hair,
producing a clean bald texture. The final result is a complete 360° bald head texture, fully compatible
with various 3D assets, such as strand-based hairstyles (Figure ).

Our results demonstrate that HairFree generates high-quality, consistent, and detailed 360° textures
for fully bald heads, including both human skin (Figure[d) and non-human skin textures (Figure 3).
This opens up new possibilities for creating customizable 3D head avatars using textual descriptions,
without the need for extensive multi-view datasets or supervised training. Finally, we evaluate
HairFree both quantitatively and qualitatively, showing its superiority over state-of-the-art methods.

In summary, we make the following contributions:

» Compositional 2D head prior: a diffusion model that generates high-quality, photorealistic
face images, conditioned on 3D geometry, facial semantics, and text prompts, enabling precise
separation of hair and skin regions.

* 360° bald head texturing pipeline: a robust, unsupervised texturing method that synthesizes
consistent, high-quality 360° bald head textures from text prompts. The pipeline leverages
our compositional 2D head prior in combination with a generic inpainting prior. This method
integrates image-space inpainting with texture mapping onto a FLAME-based head mesh in UV
space. It generates full head textures without relying on any texture, back-view, bald, non-human,
or synthetic data, and generalizes to both human and non-human skin types.

* A dataset of 1,000 generated, high-quality, photorealistic human head textures, providing a diverse
and scalable resource for realistic avatar and face model development.

2 Related Work

Related work spans three areas: 2D image synthesis, mesh texturing, and 3D character generation.
While GAN- and diffusion-based models excel at face image creation and 3DMM or reconstruction
methods yield plausible head textures, none offer a compositional 2D prior that cleanly separates hair
and skin for full-head texturing on arbitrary meshes. Below, we review key advances in each area and
show how our approach fills this gap.



2D Image Synthesis: Generative Adversarial Networks (GANE]][and their StyleGAN suc-
cessors25,23,124,(3] have set the standard for photorealistic image generation across objects and
human facesg1, 162,132, [56], with StyleAvatar extending StyleGAN to texture maps for 3SDMM-based
avatars|g5,163]. More recently, diffusion model#1B, 52,51, (1] 55,/45,/44] trained on LAION-5B [57]
surpass GANs in quality and diversity, powering robust text-to-image syntfhiarid supporting
ne-grained control through arbitrary image-conditioning—landmarks, segmentation masks, depth
maps, or rendered geometry—via ControlNEl|[ We ne-tune Stable Diffusion with ControlNet
conditioning to provide precise, identity-preserving guidance for our avatar texturing pipeline.

Texturing and Face Textures: 3D morphable models (3DMMs1(d], such as the Basel Face
Model [47], use PCA on textured scans to represent facial geometry and texture, becoming standard
for face tracking(T2] and neural rendering techniques like NeRBJ[and Gaussian splattin@T].
However, their texture spaces lack diversity due to limited 3D data used to create it. Methods like
FlameTex|L1], Slossberg et al§9], Gecer et all16,[17], and CLIPFace2] expand texture variety

using in-the-wild images. CLIPFace uses the FLAME mog8§]| fvith a StyleGAN-like architecture

for high-quality textures. DreamFadé(] uses CLIP-based selection for coarse geometry, then

re nes details with Score Distillation Sampling (SDS), combining generic and texture latent diffusion
models to generate diverse, high-quality frontal textures of the facial region. FE®I€GAN
inversion), Relightify f6] (diffusion), and Luo et al.40] (StyleGAN) reconstruct photorealistic
facial textures directly from images but also cover only faces, not full heads, same as U\BBDM |
Most of these methods bake at least some hair into the texture, preventing compositional layering
with separate hair assets.

3D Character Generation: Several recent works generate 3D textures and geometry via “gen-
eration by reconstruction,” synthesizing multiple 2D views and then lifting them into33P4p,

4, 42, 53, 13, 7]. General-purpose methods like TEXTuS], Text2Tex [B], and SceneTexy|

use diffusion-based priors in a generate-then-re ne pipeline to texture arbitrary objects and scenes.
Human-speci ¢ approaches include TAD&§] and HumanNormZ21], which recover full body assets

via DMTet [58] and SDS optimization49], and FaceLift 1], which directly predicts multi-view im-

ages with a latent diffusion model before reconstructing with Gaussian splatting. T&SC#fther
introduces mesh-volumetric disentanglement of skin and hair under an SDS loss. Arc228gtar [
produces high-quality 3D heads from single images by leveraging a human face foundation model
and full 3DMM integration for superior realism and identity preservation. None of these methods are
designed to generate speci cally bald textures or fully disentangle hair. In contrast, our compositional
2D diffusion prior disentangles hair from skin in a single-stage process, yielding fully editable,
high- delity 360° head textures.

3 Preliminaries: Diffusion Models

Our 2D human head prior is a latent diffusion model (LDMJ], ne-tuned to transform rendered
head meshes, partial face parsing masks, and RGB backgrounds into photorealistic human heads.

Denoising Diffusion Probabilistic Model (DDPM): In the DDPM framework 20], noise-
corrupted samples are progressively denoised duamesteps. The forward process adds Gaussian
noise N (0;1) in T steps using a variance schedulg §:
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Latent Diffusion Model (LDM): Operating in the latent space, LDM®$H] use a pre-trained VAE

to map images to latent codes, reformulating thehobjective as:

Liom =Eew; noyr K (zi; K3 ; 4)
where 2z is the latent code at timestep t.



Figure 2. System Overview: (A) Data Processing: Estimate face parsing, 3D head mesh, and
remove the foreground to form compositional inputs. (B.1) Training Prior: Fine-tune an LDM via
ControlNet using these inputs and a generic “face” prompt. (B.2) Inference Prior: Swap in a generic
LDM-Inpainting prior. (C) Texture Generation: Generate a frontal view, map to UV space, iteratively
render "seen" and inpaint "unseen" regions while moving the camera, building a full 360° texture.

4 Method

Figure 2 outlines our system. We rst train a compositional 2D head prior via latent diffusion on
predominantly frontal face images, conditioned on rendered FLAME meshes, face parsing masks,
and backgrounds. At inference, we use the FLAME model to condition the generation of a frontal
view, project it into UV space, and then iteratively Il in unseen texture regions. The following
sections describe (1) our diffusion prior and its training and (2) the progressive texturing process.

4.1 Compositional 2D Human Head Prior

We ne-tune a Latent Diffusion Model (LDM)34] using ControlNet 71] to generate high-quality
images conditioned on speci ¢ input features. ControlNet operates as a trainable copy of the base
diffusion model (Stable Diffusion 2.5H]), which is kept frozen in locked mode during training. This
ensures stable training while ControlNet learns to map conditions from a dataset of 100K images
(FFHQ [26] and CELEB-A-HQ [22]).

We condition our model using a set of inputs, collectively denoted ,ashich include skin masks
(Cskin), hair maskscnair), ears and accessory masksfd, a 3D head mesltfesy rendered in 2D,
and background information §gkground- These conditions are combined as follows:

C =fC skin; Chair; Cears Cmesh Chackgroun@- %)
The training objective is de ned as: H )
i

Leono = Ezgte Ny K zi;tC K (6)

To further enable text-based conditioning, we employ a CLIP text encoder, transforming prompts into
embeddings that guide image generation via cross-attention layers. Classi er-free guidance (CFG) is
applied to balance text adherence and image quality, adjusting the model's prediction as:

(z;C)=(1+1) (zi;C) ! (z0); (7
where ! controls the guidance strength.

Guided Inpainting: At inference, we replace the locked LDM with an inpainting variant, allowing
for guided completion of missing texture regions. We introduce an inpainting rngask)(specifying
areas to be lled, while maintaining coherence with the existing texture using the same conditioning
set C. The inpainting objective is de ned as: )
i
Line = EzpitCic mas N(OI1) K Zi;1,C; C mask k% : (8)

Training Details: Our prior is trained for 1500 GPU hours on an NVIDIA H100 (see [54, 71]).



4.2 3D Texturing Pipeline

First, we render skin and ear masks aligned to the 3D FLAME m@&&ffom multiple viewpoints

and use them to condition our 2D diffusion prior, producing consistent pixel outputs. Next, these
pixel colors are projected onto the mesh's UV atlas in an iterative process: visibility checks ensure
only previously untextured regions are lled, while morphological erosion and bilinear interpolation

re ne boundaries and smooth transitions. Together, these steps yield a high-quality 360° head texture.

Rendering 3D-Consistent Input Controls: At test time, we generate 3D-consistent conditioning
signals using the FLAME model. Speci cally, we extract skin and ear maps aligned with the FLAME
mesh, while omitting features like hair, earrings, and eyeglasses to ensure clean, bald head generation.
The background is set to a uniform color to minimize artifacts, keeping the model's focus on the head
region. The FLAME model, a 3D Morphable Model (3DMM), parameterizes human head shapes and
expressions through a low-dimensional latent space. It outputs a 3D headhweShe ave(; ;)

whereM is represented by verticég; 2 R3gl, and a xed topology of faceE. These vertices are
controlled by shape parametersexpression parametersand pose parametersenabling precise
manipulation of head structure and expressions.

To capture a complete 360° representation, we render the mesh from 14 viewpoints by rotating a
virtual camera around the head. Each vextex (X i;Vi; zj)” is projected onto the 2D image plane
using a perspective transformation, where the camera intriksiaad extrinsicRR;t de ne the
projection ap; = (K(Rv ; +1)) . The perspective division is given bix) = %; % fora 3D

pointx = (x;y;z) ~.

These rendered meshes and accurate skin/ear segmentation masks serve as the conditioning signals
for our compositional 2D image prior.

Progressive UV Mapping: Guided by our 3D-consistent input controls, the generated images of
the 2D prior align with the FLAME mesh. Each vertex on the 3D mesh has a corresponding
UV coordinate(u;;Vv;), allowing us to map surface points to a 2D texture space. For each view,
visible pixels on the 2D render are mapped to UV coordin@ige) based on the surface-to-UV
correspondence. Each pixgt y) in the rendered frame has an RGB color vadogx; y) = [r; g; b] ,
which we splat to the texture space at the corresponding (u; v) locations.

Instead of computing the images of all views at once, we iteratively render the images using already
existing texture parts. To improve texture quality and avoid blending artifacts near boundaries, we
apply a morphological erosion operation to the existing UV texture mask before accumulating new
color information. Speci cally, for a pixe(x; y) , we compute its corresponding UV coordinates

(u; v) using precomputed channels:

U = buchanne(Y; X) RC;
V = bBVchanne(y; X) RC;

9)

whereUchannei@NdVehanneiare UV maps providingu; v) coordinates for each pixel afl denotes the
image resolution. Theg@; v) values are rounded down to the nearest integer for indexing into the
texture map.

We conditionally update the UV texture based on visibility checks, ensuring that only new visible
regions accumulate:
col(x;y) if visible at (u; v);

T(uv) = T(u;v)  otherwise:

(10)

For each pixe(x; y) with colorcol(x;y) =[r;g;b] inthe512 512 image space, we compute its UV
coordinates on th&024 1024 atlas and de neaig = buc, u; = due, vg = bvc, andv; = dve. We
then “splat’col(x; y) into each of the four texel@i; v-) 2 f(u o;Vo); (U1;Vo); (Uo; V1); (U1;V1)g
by setting:

T(uk;v) =col(x;y) ifthattexel is not yet lled: (12)

This effectively closes small gaps and holes in the accumulated texture. Applying this process across
all pixels and viewpoints yields a full 360° UV texture.



Figure 3: Qualitative Comparison with State-of-the-Art: We compare HairFree against recent
3D avatar techniqgues—FaceLi#]], Arc2Avatar [L8], DiffSplat [38], HumanNorm p1], Dream-
Craft3D [60], Magic123 [50], TECA [69], TADA! [36], Relightify! [46], Zero123-XL [39], Dream-
Face [70], and FitMe R9—on “Mark Ruffalo” and “Beyonce” with explicit bald-head constraints.
HairFree delivers the most accurate 360° head shapes, realistic textures, and uniform lighting.

5 Experiments

We evaluate our proposed method in two critical aspects: (1) the compositional 2D human head prior
and (2) the texture generation pipeline. Our 2D head prior offers precise, region-speci ¢ control over
facial components, including skin, hair, and ears. The texture generation pipeline is assessed based
on its ability to produce photorealistic, high-quality human head textures, maintaining diversity in
ethnicity, age, and style, ensuring accurate texture synthesis throughout the full 360° range.

5.1 2D Human Head Prior

Comparison with State-of-the-Art 2D Bald Proxy Methods: To qualitatively evaluate the 2D
human head prior, we compare it as a bald proxy method with the following approaches: (i) diffusion-
based generic inpainting (LDMf]), (i) GAN-based 2D bald proxy estimation (HairMapp®&7]),

and (iii) the state-of-the-art hair editing method HairCLIPGB][ The results highlight the ability of



Figure 4: Photorealistic Rendering Results. Without using any captioned text prompts during
training, our method accurately follows text prompts at test time. (A) Demographics Attributes:
Rendered textures demonstrating variations in age and demographics across head avatars. (B)
Celebrity Renderings: Multi-view renderings and textures of famous celebrities. (C) Varied Meshes
and Nationalities: Showing additional variety in nationality-based text prompts applied to different
meshes. Corresponding text prompts, additional results and camera views are available in Appendix A.

our approach to preserve more accurate head shapes and poses while effectively removing hair. The
results are shown in Appendix A.

Quantitative Evaluation - ControlNet Strength (CS): We evaluate our model using FID, KID,
LPIPS, and PSNR, across different ControlNet strengths (CS). By reducing CS, we can generate
more diverse examples, enabling the synthesis of novel head views that do not exist in the training
data, see Table 2 and Figure 6 (C).

Ablation - Inpainting (RGB): We compare the performance of our approach with and without
inpainting. As shown in Figure 6 (A), the model without inpainting is limited to generating accurate
frontal views, while using gradual inpainting from front to back enables the synthesis of a broader
range of views, including extreme side, back, and top perspectives (not present in the training data).

5.2 3D Textured Avatar Synthesis

Comparison with State-of-the-Art 3D Methods: We conduct a qualitative comparison against
recent state-of-the-art 3D avatar generation methods. Zero123Xkifhd Magic123 $0] rely on

2D diffusion-based priors using Score Distillation Sampliag][ which often leads to oversaturation,

low detail preservation, and inconsistent geometry across views. B&fjatfhich is specialized for
humans, is also SDS-based and struggles with oversaturation, while Huma4jomtrpduces
unnatural reddish skin tones. DreamCraft3D][and DiffSplat 38] leverage 3D Gaussian splatting,
which improves ef ciency but tends to produce low-frequency details and blurry textures. T&TA [
generates clothing in addition to the head. Facelif] produces relatively accurate head shapes but
may hallucinate hair instead of adhering to the bald constraint, and like many other methods, it suffers
from extreme view-speci c illumination artifacts (e.g., shadows). Arc2Avat&}, [Relightify [46],



Figure 5: Generalization Properties. Our method enables blending between photorealistic and
stylized renderings through the classi er-free guidance (CSG) and control strength (CS) parameters.
Despite being ne-tuned only on realistic human faces, it generalizes strongly to diverse, non-uniform
bald textures, enabling appearances beyond natural human skin. CSG: Impacts the alignment with the
text. CS: Lower values relax the model's adherence to our prior, allowing for greater style diversity
(see row 3). Additional results are available in Appendix A.

Method Runtime  Stages Quality
FitMe minutes 2 Mid CS PSNR" MSE# LPIPS# FID# KID#
DreamFace  minutes 2 Mid 10 1838 0018 024 66 00027
Zerol-3 minutes 1 Low
i : . 075 17.14  0.023 0.29 11.5  0.0056
Relightify minutes 2 Mid 0 150 0.03 0.39 279 00167
Tada! 1 hour 1 Low S 505 035 ’ ’ ’
TECA minutes 1 Low 025 1253  0.060 0.53 78.9 0.0518
Magic123 1 hour 5 L ow 0 1027 0.097 0.7268 384 0.4706
Dlﬁ?nn;ﬁ,r\%ﬂrﬁ? Slr;]%frs g mi%h Table 2: Quantitative Analysis/Ablation: We
DiffSplat seconds 1 Mid vary ControlNet Strength (CS) from 0 to 1 and
Arc2Avatar  1-2hours  2-3 Mid measure image similarity over 10K samples. At
[FacelLift seconds 1 High  CS = 1.0, outputs closely match the input; as CS
HairFree (Our)  minutes 1 High  decreases, diversity increases, enabling the synthe-

Table 1: Quantitative Comparison with sis of bald, back-view, and extreme side-views.
State-of-the-Art: Runtime, stages, quality.

DreamFace((], and FitMe p9] all struggle to generate a complete, bald scalp. Arc2Avatar produces

a full 360° avatar but suffers from entanglement issues, with visible clothing and a non-bald scalp
showing a hairline instead of clear skin. Relightify and FitMe both reconstruct texture and geometry
together rather than focusing on texturing, limiting their ability to produce consistent high-quality
results. Neither method effectively addresses hair removal, and their outputs are of medium quality.
DreamFace is further limited to generating only the face region without the scalp, and has limited skin
diversity. Most of the baselines fail to enforce baldness, introducing unwanted hair despite explicit
constraints. Additional quantitative analysis with respect to runtime, method complexity, and image
quality is given in Table 1. Our approach achieves the highest delity 3égtures, setting a new
benchmark for textured 3D avatar quality (Figure 3).

Qualitative Evaluation: We demonstrate the diversity and realism of our textures across various
text prompts, including photorealistic, celebrity, and stylized outputs (Figures 4 and 5). Additional
results covering fantasy, artistic styles, animal faces, and material synthesis are in Appendix A.

Ablation - Classi er-Free Guidance (CSG): In Figure 6 (B), we demonstrate how varying CSG
affects the alignment of the output with text. Higher CSG values lead to outputs more aligned with
the text prompt, while lower values relax this alignment and result in a photorealistic appearance.
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