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Fig. 1. Based on a novel parametric representation, CHARM provides a generative framework for 3D anime hairstyle modeling.

We present CHARM, a novel parametric representation and generative
framework for anime hairstyle modeling. While traditional hair modeling
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methods focus on realistic hair using strand-based or volumetric repre-
sentations, anime hairstyle exhibits highly stylized, piecewise-structured
geometry that challenges existing techniques. Existing works often rely on
dense mesh modeling or hand-crafted spline curves, making them inefficient
for editing and unsuitable for scalable learning. CHARM introduces a com-
pact, invertible control-point-based parameterization, where a sequence of
control points represents each hair card, and each point is encoded with only
five geometric parameters. This efficient and accurate representation sup-
ports both artist-friendly design and learning-based generation. Built upon
this representation, CHARM introduces an autoregressive generative frame-
work that effectively generates anime hairstyles from input images or point
clouds. By interpreting anime hairstyles as a sequential “hair language”,
our autoregressive transformer captures both local geometry and global
hairstyle topology, resulting in high-fidelity anime hairstyle creation. To
facilitate both training and evaluation of anime hairstyle generation, we con-
struct AnimeHair, a large-scale dataset of 37K high-quality anime hairstyles
with separated hair cards and processed mesh data. Extensive experiments
demonstrate state-of-the-art performance of CHARM in both reconstruction
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accuracy and generation quality, offering an expressive and scalable solution
for anime hairstyle modeling. Project page: https://hyzcluster.github.io/charm
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1 Introduction

Hair modeling is a long-standing research challenge in computer
graphics. It plays a vital role in creating expressive and immersive
digital avatars for animation, filming, and games. Among various
types of digital hairstyles, anime hairstyle has emerged as a distinct
and popular category, characterized by its stylized, exaggerated
shapes and vibrant aesthetics.

So far, modeling anime hairstyles remains underexplored. Tradi-
tional methods primarily focus on realistic hair, where a rich body
of work has explored explicit (e.g. strands [Chen et al. 1999; Koh
and Huang 2001; Liang and Huang 2003; Yang et al. 2000], hair
mesh [Yuksel et al. 2009]), implicit (e.g. implicit functions [Rosu
et al. 2022; Sklyarova et al. 2023a]) and hybrid (e.g. strand-guided 3D
Gaussians [Luo et al. 2024; Zakharov et al. 2024]) representations. In
contrast, anime hairstyle is deliberately stylized with non-uniform
strand thickness, variable hair density, non-fixed root positions and
intra-hair structures, making it difficult to directly apply techniques
developed for realistic hair.

Some existing character modeling methods [He et al. 2024b; Yan
etal. 2024] create anime hairstyles directly as a monolithic polygonal
mesh. Despite generality and simplicity, the lack of hair structural
separation significantly complicates further editing and animation.
In practice, artists often rely on parametric primitives and curves,
such as Bézier splines, to define anime hair shapes. While intuitive
and flexible for manual design or interaction, they present challenges
for automatic reconstruction and generation, since fitting Bézier
curves or learning to create those is highly non-trivial. Thus, a
compact, structured parametric representation for anime hairstyle
is essential, yet still absent, for enabling scalable and learnable
modeling pipelines.

To address this gap, we propose a novel parametric representation
for anime hairstyles (Fig. 1). Our design is inspired by the modeling
format adopted in the popular industry platform VRoid Hub [VRoid
2022], which represents hair using repetitive geometric hair “units”
(see Fig. 2). Rather than directly modeling these units with full-
resolution meshes—as done in VRoid, which is highly redundant
and suboptimal for learning—we introduce a compact control-point-
based parameterization. Each unit is defined by a control point with
only five parameters indicating 3D position, width, and thickness. A
sequence of such control points then constitutes a single hair card.
By further developing an optimization system that supports conver-
sion between our proposed parametric model and conventional 3D
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mesh formats, we achieve a fully invertible, editable, and lightweight
parameterization for anime-style hair geometry. This parametric
representation is efficient, accurate, and also intuitive to manipulate
and well-suited for integration with data-driven generative models.

Building on this representation, we further introduce an autore-
gressive generative model for creating anime hairstyles from casual
inputs, such as point clouds or images. Leveraging the sequential na-
ture of our representation, we conceptualize the anime hairstyle as
a hair language, where each hair unit functions as a word, and each
hair card as a sentence (see Fig. 4). This language-like innovative
representation for anime hairstyle naturally captures both intra-hair
and inter-hair structural relationships, and facilitates the genera-
tion of varying hair card counts and lengths. An auto-regressive
transformer network is designed to effectively learn to generate
this geometric hair language, under the condition of point clouds or
images. Additionally, to train this model at scale, we construct Ani-
meHair, a large-scale dataset of 37K high-quality anime hairstyles
derived from publicly available VRoid models. Each hairstyle is pro-
cessed to isolate individual hair cards, and low-quality samples are
filtered out. By training on this curated dataset, our model achieves
high-quality and high-fidelity anime hairstyle generation, demon-
strating the strong capability in both faithful reconstruction and
creative hairstyle synthesis. Fig. 1 shows some examples of our
generated anime hairstyles.

Our contributions are summarized as follows: 1) We introduce
a novel, efficient, and accurate parametric representation tailored
for anime hairstyle modeling, which is not only easy to edit or
interact by human users, but also structured and scalable for learning
deep models to reconstruct or generate with, 2) We formulate the
anime hairstyle generation as a sequential language-like task via the
proposed parametric representation, and design an autoregressive
transformer network that effectively learns to synthesize hairstyles
from diverse inputs, 3) A carefully curated dataset of 37K anime
hairstyles with separated hair cards and high-resolution meshes,
providing a solid foundation for both training and evaluations of
anime hairstyle generation, 4) Extensive experiments demonstrate
that our system can generate high-fidelity anime hairs, establishing
new state-of-the-art for anime hairstyle generation.

2 Related Works
2.1 Hair Representation

2.1.1 Realistic Hair Representation. Modeling realistic virtual hair
has been widely studied in computer graphics. Due to the high
geometric complexity of hair and the variety of hairstyles, most
parametric methods are based on controlling collections of hair
strands, where, for simplification, a strand is parameterized by a
sequence of connected 3D points. Various representations have been
explored for hair strands, including parametric surfaces [Koh and
Huang 2001; Liang and Huang 2003; Noble and Tang 2004], general-
ized cylinders [Chen et al. 1999; Kim and Neumann 2002; Xu and
Yang 2001; Yang et al. 2000], and hair meshes [Yuksel et al. 2009]. For
characterizing individual hair strand geometry, researchers have
proposed generalized helicoids [Piuze et al. 2011], which represent
both a single hair strand and its vicinity through three intuitive
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curvature parameters and an elevation angle. Volumetric represen-
tation is also used for realistic-style hair modeling. [Saito et al. 2018]
proposes to use volumetric orientation fields as an intermediate
representation. However, the low resolution of voxels limits the
fine detail reconstruction. CT2Hair [Shen et al. 2023] established
a coarse-to-fine approach by creating density volumes of hair re-
gions and estimating orientation fields to generate dense strands.
Recently, hair modeling methods incorporating neural rendering
methods [Wu et al. 2024]. GaussianHair [Luo et al. 2024] and Za-
kharov et al. [2024] design 3D Gaussians to represent the control
points of the strands. The works [He et al. 2024a; Rosu et al. 2022;
Sklyarova et al. 2023a,b] utilize neural scalp textures in UV-space as
the base hair representation for explicit 3D geometry and appear-
ance of strands, employing various generative models for hairstyle
synthesis.

2.1.2  Anime Hair Representation. Anime hairstyle modeling aims to
support virtual avatar creation and computer-aided cartoon produc-
tion by non-photorealistic rendering. Unlike realistic style modeling,
where hair strand thickness is usually uniform, anime hairstyle is
deliberately stylized with varying strand thicknesses to create
the iconic clustered appearance essential to the anime aesthetic.
While most research has focused on photorealistic solutions, para-
metric modeling techniques specifically for anime hairstyles remain
underexplored. Some attempt to use implicit surfaces [Sakai and
Savchenko 2013], particle-based approaches [Shin et al. 2006], and
cluster polygons [Mao et al. 2004]. However, these approaches have
shown limited effectiveness as they result in incomplete hairstyles
and still require manual modeling by artists. Another stream of
works [Liu et al. 2013; McCann and Pollard 2009; Rivers et al. 2010;
Yeh et al. 2014; Zhang et al. 2012] focused on 2.5D layered cartoon
processing but lacked hair-specific design considerations or relied
on 2D segmentation techniques that extract layers from reference
views rather than generating complete 3D hairstyles. Our repre-
sentation for anime hairstyles captures diverse 3D shapes while
preserving anime aesthetics, offering a compact and invertible struc-
ture that is well-suited for generative learning frameworks.

2.2 Hair Modeling and Synthesis

Hair representation presents unique challenges in computer graph-
ics, requiring specialized techniques for both reconstruction from
existing data and generation of new hairstyles. While general head
reconstruction methods [Gafni et al. 2021; Giebenhain et al. 2023;
Hong et al. 2022; Zhang et al. 2020] incorporate hair, they typically
produce only coarse outer shells with smooth geometry unsuitable
for natural hair dynamics.

Specialized hair reconstruction approaches employ diverse tech-
niques, from 3D orientation fields [Nam et al. 2019; Takimoto et al.
2024] to patch-based optimization [Wu et al. 2024] for high-fidelity
exterior linemaps. Recent works have advanced along either design-
ing more efficient representations [Luo et al. 2024] or leveraging
data-driven approaches [Sklyarova et al. 2023a; Zakharov et al. 2024]
that incorporate priors to enhance reconstruction quality in chal-
lenging scenarios. However, these methods are primarily designed
for realistic hair reconstruction and still face limitations when re-
constructing complex occluded regions.
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3D generation has witnessed remarkable progress, ranging from
general object synthesis [Petrov et al. 2024; Zhang et al. 2024], avatar
creation [He et al. 2024b; Wang et al. 2024] to specialized realis-
tic hair generation [He et al. 2024a; Long et al. 2025; Sklyarova
et al. 2023b; Zhou et al. 2023]. For realistic hair generation, Neu-
ralStrands [Rosu et al. 2022] and GroomGen [Zhou et al. 2023]
employ modulator-synthesizer architectures and GAN-based gener-
ators respectively. Recently, HAAR [Sklyarova et al. 2023b] encodes
hairstyle in UV feature space, and then leverage the latent diffusion
model [Podell et al. 2023] for strand generation. TANGLED [Long
et al. 2025] developed a multi-view lineart conditional diffusion ap-
proach followed by parametric braid inpainting. While it generates
high-fidelity hair strands across diverse input styles, the resulting
hair strands remain limited to realistic representations, which are
unsuitable for anime character model requirements.

A key distinction exists between realistic and anime-style hair
requirements. Anime hairstyle features deliberately stylized strands
with non-uniform thickness, variable hair density, and irregular
root positioning. These properties make fixed-resolution UV-space
mapping unsuitable. StdGEN [He et al. 2024b] attempts to generate
decomposed anime hair meshes along with cloth and body, but it
suffers from over-smoothing. Auto-regressive transformers, which
have excelled in language modeling [Brown et al. 2020; Radford
et al. 2019] and 3D mesh generation [Chen et al. 2024a; Siddiqui
et al. 2024], offer promising solutions for generating variable-length
sequences. However, efficiently modeling anime hairstyle within
an AR framework remains non-trivial due to the stylistic complex-
ity and geometric variability inherent in such representations. Our
anime hairstyle representation is both compact and invertible, en-
abling efficient learning in auto-regressive generation.

3  Method

Our proposed CHARM is the first comprehensive framework ded-
icated to 3D anime hairstyle generation. In Sec. 3.1, we formally
define 3D anime hairstyle and describe our dataset construction
process. Sec. 3.2 explores our novel hair parameterization approach,
while Sec. 3.3 elaborates on the hairstyle transformer architecture
and sequence formulation for auto-regressive generation. Finally,
Sec. 3.4 outlines the training and inference mechanisms.

3.1 Definition and Dataset for 3D Anime Hairstyles

Anime hairstyles are widely utilized on non-realistic characters in
video games, virtual reality, and other digital environments. They
differ fundamentally from realistic hair representations. Realistic
hair is typically represented as strands, where each individual hair is
treated as a strand with positional information but lacking 3D struc-
tural details. Additionally, realistic hair models generally maintain
a fixed number of strands with predetermined root positions.

In contrast, anime hairstyle consists of multiple independent
3D meshes, each representing a single hair card. These individual
hair cards are composed of several small, repeating 3D units con-
nected end-to-end, with variable root positions across the scalp.
As illustrated in Fig. 2, the left side displays a complete anime
hairstyle, with a highlighted hair card enlarged to reveal its struc-
ture. This individual hair consists of multiple quadrilateral pyramids
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Fig. 2. lllustration of the Anime hairstyle structure. Left: A complete
hairstyle sample. Middle: Repeating units in the highlighted hair card. Right:
Mesh connection pattern of a single unit.

connected sequentially, featuring diamond-shaped top and bottom
faces. Within each repeating unit, the mesh edge connections fol-
low consistent and regular patterns, while maintaining connectivity
between adjacent units despite variations in size. In the current
industry production pipelines and available data, these repeating
units are predominantly of two types: diamond-shaped quadrilateral
pyramids and triangular pyramids. Each hair card typically com-
prises 20-60 repeating units, with a complete hairstyle consisting of
25-130 individual hair cards.

Currently there are no existing anime hairstyle datasets available
for data-driven learning. To facilitate the procedural generation and
manipulation of anime hairstyles, we have assembled AnimeHair, a
large-scale dataset containing 37K distinct anime hairstyles. These
samples were derived from publicly available 3D character models
on VRoid-Hub. The extraction process involved isolating the hair
components and implementing filters to eliminate corner cases or
low-quality samples that deviated from standard hair construction
principles (such as non-watertight meshes, discontinuous meshes,
or arbitrary shapes). Further details of dataset construction and
processing are provided in the supplementary material (Sec. B).

3.2 Invertible Hair Parameterization

To enable autoregressive generation of 3D anime-style hair meshes,
it is necessary to compress the original geometry before generation.
Directly generating high-resolution meshes is infeasible due to com-
putational constraints: typical hairstyles contain 7K-50K faces, far
exceeding the capacity of current autoregressive 3D mesh genera-
tion methods, making a compact representation essential.

Given the structured nature of anime hairstyles, a natural ap-
proach is to parameterize the repeating units. Upon inspecting tem-
plate data from existing game assets, we observed that most of the
hair cards are constructed using a Bézier surface and parameter-
ized through two attributes: width and thickness. Each hair card
is constrained to lie on a Bézier surface defined by a set of control
points. The segment between any two consecutive control points
can be treated as a repeating unit mentioned above. At each control
point, the width and thickness value correspond to either the diag-
onals of a diamond or the base and height of an isosceles triangle,
representing the hair’s cross-sectional dimensions. The thickness
direction aligns with the normal of the Bézier surface at that point,
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Fig. 3. lllustration of our hair parameterization. Within a single hair card,
each bottom face of a repeating unit is defined by the 3D position of the
centered control point, width, and thickness.

while the width direction is computed as the cross product of the
surface normal and the tangent vector along the control curve.

A key challenge is determining a minimal yet expressive parame-
terization of each unit. Directly storing width and thickness direc-
tions per cross-section is intuitive but redundant and less learnable.
Reconstructing the original Bézier surface from each hair card mesh
is computationally expensive, unstable, and ill-posed due to the
unknown and variable number of repeating units. This motivates
the need for a compact and invertible parameterization scheme.

To address these issues, we design a fully invertible control-point-
based parameterization tailored for anime hairstyles. Each hair card
is represented by N control points, and each control point is char-
acterized by only 5 float values: 3D position (x, y, z), width w, and
thickness ¢ (shown in Fig. 3). The tangent vector 7; at each con-
trol point i is estimated using a fourth-order accurate five-point
central difference method. Given a control point i, its tangent is
approximated using the coefficient vector [-1/12,2/3,0,-2/3,1/12]
applied to its five nearest neighbors.

Estimating reliable width vectors w; for each control point i by
only the control point sequence poses an additional challenge. A
common approach is to apply Principal Component Analysis (PCA)
to the neighboring points and use the resulting normal vector as the
width direction. However, this method performs poorly in regions
where the hair are nearly straight, often producing unstable and
noisy results. To address this, we reformulate the problem as an
optimization task with two key objectives:

(1) The projection distances of neighboring points onto the nor-
mal plane should be minimized.
(2) Normals at adjacent points should vary smoothly.

Simply calculating initial normal vectors and propagating with
Bishop frames [Bergou et al. 2008] suffers from precision issues due
to the fewer and varied-sized repeating units, as well as the higher
discretization characteristics of anime hairstyles. While gradient
descent can be used to solve this problem and yields reasonable
results, it is computationally expensive and lacks determinism, mak-
ing it unsuitable for a template-driven generation framework. To
improve efficiency and robustness, we reformulate the problem as a
least-squares optimization, removing the unit-length constraint on
normals and initializing the first normal (e.g., via PCA) to prevent



degenerate solutions. This formulation allows us to solve for all nor-
mals in a single linear system. For the coordinates p; of each control
point i, we compute the difference vectors with its neighbors:

di,prev =pi — pi-1, di,next = pi — Pi+1 (1)

We then form the data matrix:
T T
D; = di,prevdi,prev + di,nextdi’next (2)

The optimization objective consists of two terms. The first encour-
ages the estimated normal n; to be orthogonal to the local geom-
etry encoded by D;, minimizing the projection of the surround-
ing structure onto the normal direction. The second term imposes
smoothness by penalizing differences between adjacent normals.
The complete objective is given by:

Z (anDini) +A Z ||Ili —Njyq ”2 (3)
i

1

This formulation leads to a sparse linear system of the form An = 0,
where the matrix A is block tridiagonal. Where each diagonal block
is defined as A[i][i] = D;+2AI, and off-diagonal blocks that connect
neighboring normals are A[i][i + 1] = A[i + 1][i] = —AI. To avoid
the trivial zero solution, we fix the normal n; at the first control
point (e.g., via PCA initialization), effectively anchoring the solution.
The system is then solved using standard least-squares methods to
recover the normal vector n; at each control point.

With the system fully defined and the constraint applied, we solve
for the entire set of normal vectors using standard least-squares
solvers, obtaining a globally consistent and smooth field of normals
along the single hair card. The direction vectors of width w; and
thickness g; at each control point i are then defined as:

Wi =n; Y;=0;XT; (4)

With the width and thickness direction vectors defined, we can
now reconstruct the vertex positions of the bottom face of each
repeated hair unit. Taking the diamond-shaped unit as an example,
the four corner vertices corresponding to control point p; are given
by [pi + %wi,pi - %wi,pi + %lpi,pi - %l[}i]. Using these vertices, we
can assemble the geometry of each repeating unit and sequentially
reconstruct the complete 3D mesh of a single hair card.

At this point, we have established a forward pipeline that recon-
structs the full 3D mesh of a single hair card given only N control
points, where each point stores five parameters: its 3D position
p = (x,y, z), width w, and thickness ¢. The inverse process is com-
paratively straightforward. For each repeating unit, we extract the
centroid of its bottom face as the corresponding control point po-
sition. The diagonals (in the case of a diamond) or the base and
height (in the case of an isosceles triangle) are directly mapped to
the width and thickness values. Through this design, we achieve a
fully invertible and compact parameterization of anime-style hair
geometry, preserving anime styling at <2% of the original 3D mesh
token cost (Fig. 9).

3.3 Auto-Regressive Hairstyle Transformer

We now design an efficient and effective network structure with a
flexible sequence formulation to implement auto-regressive anime
hairstyle generation.
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Fig. 4. Hair sequence construction. Left: Ordering strategy showing coun-
terclockwise arrangement of hair cards around the head and root-to-tip
connectivity within each hair. Right: Sequence formulation where each row
corresponds to a single hair card terminated by a MOS token.

3.3.1 Network Structure. Our hairstyle transformer takes a condi-
tion C (in our case, a point cloud) as input and outputs a sequence
of control points that constitute a hairstyle. The architecture com-
prises three primary components: a control point encoder &, a
decoder-only transformer 7, and a cascaded decoder D. We adopt a
piecewise discretization scheme to quantize each control point i’s at-
tributes, including position p; = (x;, y;, zi), width w;, and thickness
t; (detail in supplementary Sec. C), and treat them as discrete input
tokens. These tokens are processed through learnable embeddings
€p, €y, and ey, then fed into the linear control point encoder & to
generate control point tokens h;:

hi = E([ep(pi); ew(wi);er(ti)]) (5)

The decoder-only transformer 7~ performs next-token prediction
at the control point level. Given input condition C and all previously

predicted tokens hy, . .., hj_1, it generates the feature representation
f; for the next control point:
fi =7 (C;h1,....hi-1) (6)

Subsequently, we decode specific attributes from this feature repre-
sentation. Following previous generation works [Paschalidou et al.
2021; Ritchie et al. 2019; Wang et al. 2021; Ye et al. 2025], we employ a
cascaded decoding structure that explicitly models the dependencies
among control point attributes:

pi = Dp(f), ()
wi = Dyw(fi, ep(Pi)), (©)
ti = D (fi, ep(pi), ew(Wi)) )

Where D, Dy, and D; represent the position decoder, width de-
coder, and thickness decoder, respectively. Each decoder operates
on the concatenated input of f; and the embedded representations
of past decoded attributes, outputting probability logits.

3.3.2 Sequence Formulation. Given that anime hairstyles comprise
a variable number of individual hair cards, each with different con-
trol point counts and root positions, we have designed a flexible
sequence formulation to interpret anime hairstyles as a sequen-
tial “hair language”, enabling autoregressive generation of arbitrary
hairstyles (shown in Fig. 4).
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At the hairstyle level (the “sentence” level of our “hair language”),
we first define a generation order starting from the back of the head.
Each individual hair card is ordered based on its average x,z coordi-
nates (with the y-axis pointing upward), arranged counterclockwise
when viewed from above. This ordering approach effectively cap-
tures dependencies between adjacent hair cards and facilitates con-
tinuous, stable generation, as it ensures spatial continuity between
consecutive hair cards in the generation sequence.

For the internal structure of each hair card (the “word” level
within a “sentence”), rather than ordering control points strictly by
position, we arrange them sequentially from root to tip according
to their connectivity relationships. This better preserves continuity
and respects the physical characteristics of hair. Considering the
natural properties of hair, we define the root of a single hair card as
the endpoint that lies closer to the top part of the y-axis (vertical
axis) passing through the hairstyle’s center.

After defining the ordering system, we concatenate all control
points into a final sequence. Similar to other autoregressive gener-
ation methods, we prepend input condition tokens followed by a
start token <SOS> at the beginning of the sequence and append an
end token <EOS> at the end. Notably, we introduce a special middle
token <MOS> between individual hair cards, which provides the
model with explicit signals to transition between different structural
components of the hairstyle. We implement two additional decoders,
Dmos and D,ps, which operate on the feature representation f; to
determine when to terminate a hair card and the entire hairstyle,
respectively. This sequence formulation enables our model to gen-
erate hairstyles with arbitrary numbers of hair cards, each with
variable lengths and control point configurations.

3.4 Training and Inference

3.4.1 Training Objective. We use the surface point cloud as the in-
put condition C and employ Michelangelo [Zhao et al. 2023] encoder
to transform it into a fixed-length token sequence. This sequence
is prepended with the <SOS> token. The hairstyle transformer is
trained using a next-step prediction objective with the following
loss function: £ = Lce+Leos + Limos, Where L. denotes the cross-
entropy loss used to supervise the discrete control point attributes
pi, Wi, ti. The terms Leos, Lmos refer to binary cross-entropy losses
applied to Deos (fi) and Dyos(fi), which guide the predictions for
hairstyle-level and hair-card-level termination, respectively.

3.4.2  Inference. Our inference begins with the input condition and
<SOS> token, from which we auto-regressively generate control
point features {f;}]"; and subsequently decode them into their cor-
responding attributes. When the MOS decoder determines that the
current hair card should terminate, the current token is replaced
with an MOS token to signal the end of that hair. Additionally, we
implement a structural coherence constraint: if a generated control
point is the sixth or subsequent point in a hair card and its position
deviates significantly from the extrapolated position predicted by
a cubic spline fitted to preceding points (we use 0.03 as the thresh-
old), we replace it with an MOS token. This constraint prevents
unrealistic geometric discontinuities within individual hair cards.
The generation process continues iteratively until the EOS judg-
ment criterion is satisfied. Specifically, we allow the entire hairstyle
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to terminate when both the number of generated individual hair
cards exceeds 10 and the feature representation f; is classified as an
EOS token by the decoder De,s, which prevents the early stop of
the hairstyle generation.

4 Experiments
4.1 Experimental Setup

4.1.1 Baselines. We randomly selected 100 hairstyles from the Ani-
meHair dataset as our test set, ensuring no overlap with the training
set. Given the absence of existing methods specifically designed for
the shape-conditioned generation of anime-style hair meshes, we
benchmark our approach against state-of-the-art shape-conditioned
3D mesh generation methods, including MeshAnything [Chen et al.
2024a], MeshAnythingV2 [Chen et al. 2024b], BPT [Weng et al. 2024]
and DeepMesh [Zhao et al. 2025].

4.1.2  Metrics. We uniformly sampled point clouds on the surfaces
of predicted anime-style hairstyle mesh predictions and compared
them against ground-truth point clouds derived from original ref-
erence hairstyle meshes. We employed four distinct quantitative
metrics: Chamfer Distance (CD), Earth Mover’s Distance (EMD),
Hausdorff Distance, and Voxel Intersection over Union (Voxel-IoU).
The Voxel-IoU metric involved a preprocessing step where both
predicted and ground-truth point clouds were voxelized at a uni-
form resolution of 16, and then computing their intersection over
union. To ensure fair comparison given the different normalization
approaches used by various methods, we standardize the evaluation
process by normalizing the point clouds according to each method’s
default normalization procedure, and then unnormalizing the gener-
ated results using the same method-specific parameters to calculate
the metrics. However, we recognize that geometric metrics alone
cannot fully capture cases where a generated hairstyle might cover
the surface adequately but exhibit poor morphological characteris-
tics. To further reflect perceptual alignment, we apply fixed lighting
conditions to all hairstyles and render each case from eight hori-
zontally equidistant viewpoints. These renderings are then encoded
using CLIP [Radford et al. 2021], and the average cosine similarity
is calculated to quantify perceptual quality.

4.2 Results and Comparisons

Our quantitative comparison results are presented in Tab. 1, demon-
strating that our method outperforms all other approaches across
the evaluated metrics. Most baseline methods struggle to achieve
accurate geometric reconstruction of anime-style hairstyles; even
MeshAnythingV2, which exhibits more stable performance than
other baselines, remains inferior to our approach.

Table 1. Geometric comparison on the AnimeHair test set.

Method ‘ CDh | ‘ EMD | ‘ Hausdorff | ‘ Voxel-IoU T
MeshAnything 0.0179 | 0.0190 0.0584 0.7014
MeshAnythingV2 | 0.0118 | 0.0132 0.0510 0.7503
BPT 0.0270 | 0.0317 0.0767 0.6328
DeepMesh 0.0172 | 0.0198 0.0613 0.7313
Ours 0.0117 | 0.0128 0.0497 0.7566
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Fig. 5. Qualitative comparisons with other shape-conditioned 3D mesh generation methods.

The perceptual alignment comparison in Tab. 2 reveals a more
pronounced advantage for our method, reflecting that other shape-
conditioned mesh generation approaches fail to capture the dis-
tinctive volumetric structure and stylistic features characteristic of
anime hairstyles. These methods typically model hairstyle as a con-
tinuous surface rather than as discrete, independently articulated
hairs with specific geometric properties.

Table 2. Perceptual alignment comparison on the AnimeHair test set.

Method ‘ CLIP Similarity T ‘ Ranking |
MeshAnything [Chen et al. 2024a] 0.8435 4
MeshAnythingV2 [Chen et al. 2024b] 0.8618 2
BPT [Weng et al. 2024] 0.8404 5
DeepMesh [Zhao et al. 2025] 0.8576 3
Ours 0.9258 1

This distinction becomes evident in the qualitative comparisons
illustrated in Fig. 5 as well. Other mesh generation methods produce
results characterized by incompleteness, lower resolution, and a
tendency to clump individual hair cards together. In contrast, our
method maintains complete decoupling between different hair cards,
resulting in superior human perceptual quality and physical plausi-
bility. Each hair card maintains its distinct shape, flow, and volume
while collectively forming a coherent hairstyle that preserves the
aesthetic qualities demanded by anime-style representations.

4.3 Ablation Study

To validate the effectiveness of our parameterization method and se-
quence formulation, we conducted a comprehensive ablation study.
For parameterization, we examined whether our current parameter
set for each control point (xyz coordinates, width, thickness) is opti-
mal. We introduced an alternative parameterization scheme called
Extended Vector Parameterization, which additionally incorporates
directional vectors for width and thickness as prediction parameters,
resulting in 11 float values per control point. We also tested a more
direct approach called Explicit Vertex Parameterization, where we
generate the hairstyle mesh directly by predicting all the vertices.

Table 3. Ablation study on sequence ordering and parameterization.

Method | cD| | EMD | | Hausdorff | | Voxel-IoU 1
Sequence Ordering Strategy
X-Axis Sorting 0.0127 | 0.0140 0.0531 0.7274
Y-Axis Sorting 0.0149 | 0.0154 0.0521 0.6832
Z-Axis Sorting 0.0122 | 0.0133 0.0527 0.7402
Counterclockwise (Ours) | 0.0117 | 0.0128 0.0497 0.7566
Parameterization Method
Extended Vector Param. | 0.0129 | 0.0140 0.0526 0.7411
Explicit Vertex Param. 0.0225 | 0.0233 0.0857 0.6235
Ours 0.0117 | 0.0128 0.0497 0.7566

Since adopting original mesh tokenization would exceed current
token limitations, we simplified the task by pre-specifying vertex
ordering and face connectivity patterns, then reconstructing the
original mesh and calculating metrics.

As shown in Tab. 3, the Extended Vector Parameterization exhibited
some degradation in overall geometric accuracy despite providing
more detailed control, highlighting the elegant balance between
expressiveness and learnability in our proposed parameterization.
The Explicit Vertex Parameterization demonstrated an even more
significant performance decline, underscoring the necessity of trans-
forming mesh prediction into a control-point-based hair language
parameterization (as shown in Fig. 7).

For sequence formulation, we compared our counterclockwise
hair ordering strategy against common alternatives that sort hair
cards based on their average positions along coordinate axes (x-
axis, y-axis, z-axis). Tab. 3 reveals that y-axis sorting (vertical axis)
performed worst, while x-axis and z-axis sorting showed comparable
results, though still inferior to our approach. This performance
difference arises because counterclockwise hair ordering maximally
captures inter-hair patterns and minimizes unpredictable transitions
during generation. While x-axis and z-axis sorting maintain some
pattern recognition, they frequently introduce spatial discontinuities
(alternating between opposite sides of the head), whereas y-axis
sorting reveals the least consistent patterns among hair cards.
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Fig. 6. More qualitative comparisons with other shape-conditioned 3D mesh generation methods.
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Fig. 8. Our framework supports flexible 3D anime hairstyle generation through various input conditions. The images in (a) and (b) are adapted from publicly
available models on VRoid-Hub [VRoid 2022], while the remaining images are Al-generated.
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Fig. 9. Our compact and invertible parameterization achieves over 98% token compression compared to the original mesh.
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Table 4. Ablation study on sequence ordering and parameterization ap-
proaches (hair card level). The best metric is highlighted in bold, and the
second-best metric is underlined.

Method ‘ CD | ‘ EMD | ‘ Hausdorff | ‘ Voxel-IoU T
Sequence Ordering Strategy
X-Axis Sorting 0.0111 | 0.0092 0.0289 0.6338
Y-Axis Sorting 0.0136 | 0.0110 0.0320 0.6021
Z-Axis Sorting 0.0114 | 0.0092 0.0306 0.6308
Counterclockwise (Ours) | 0.0105 | 0.0085 0.0289 0.6408
Parameterization Method
Extended Vector Param. | 0.0117 | 0.0094 0.0283 0.6576
Explicit Vertex Param. 0.0149 | 0.0115 0.0317 0.6141
Ours 0.0105 | 0.0085 0.0289 0.6408

Given that our method enables decoupled hair representation,
we can compute geometric metrics at the hair card level to bet-
ter reflect the effectiveness of our approach. For each hair card in
the prediction, we sample point clouds and identify the hair in the
ground truth with the minimum Chamfer Distance; similarly, for
each hair card in the ground truth, we find its closest counterpart in
the prediction. We then calculate the average of all metrics across
these matched pairs and aggregate them over the entire hairstyle, as
shown in Tab. 4. The results indicate that our scheme also exhibits
relatively strong coherence and accuracy at hair-card level, validat-
ing our approach’s ability to generate not only globally plausible
hairstyles, but also individually well-formed hairs.

4.4 Applications

Our framework supports flexible 3D anime hairstyle generation
through various input conditions. As illustrated in Fig. 8, our ap-
proach can be integrated with StdGEN [He et al. 2024b], transform-
ing its non-decomposable hair outputs into ready-to-use hairstyles
that can be assembled with the original results to create 3D char-
acter models more suitable for practical applications. Additionally,
our framework supports image-conditioned hairstyle generation by
re-training with DINO image features via cross-attention, allowing
users to specify desired hairstyle characteristics through reference
images. Details are in the supplementary material (Sec. C).

4.5 Comparison with Realistic Hair Methods

To demonstrate the fundamental differences between realistic [Rosu
et al. 2025; Zheng et al. 2023] and anime hairstyle generation, we
conducted a qualitative comparison between image-conditioned
methods for realistic hair generation (specifically DiffLocks [Rosu
et al. 2025]) and our proposed anime-focused approach. The im-
ages used for this comparison are generated by AI and sourced
from the Al-generated content website Doubao [Doubao 2025], to
avoid the copyright and privacy complexities of using real photos.
The prompts are available upon request. As illustrated in Fig. 10,
the comparison reveals domain-specific limitations when applying
methods across different hairstyle domains. Anime hairstyles typi-
cally lack realistic elements such as permed hairs, upward-styled
curls, and long side-swept hair arrangements. This data distribution
gap results in noticeable discrepancies between our predicted 3D
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Reference
Image

DiffLocks

Fig. 10. Qualitative comparison between DiffLocks (realistic hair method)
and our approach on image-conditioned 3D hairstyle generation. The images
used for this comparison are Al-generated.

hair geometry and the input realistic hair images, as demonstrated
in the left and middle cases of Fig. 10, while DiffLocks shows better
performance. Conversely, while realistic hair generation methods
struggle to accurately predict bangs that fall across the forehead
area (even for realistic style input), our anime-specialized approach
successfully handles such hairstyles, as shown in the rightmost case.
This contrast further underscores the fundamental data distribution
differences between realistic and anime hair domains.

5 Conclusion

We present CHARM, the first framework for 3D anime hairstyle
generation, featuring a compact and invertible control point-based
parameterization that efficiently represents complex strand geome-
tries. Our specialized hairstyle transformer enables autoregressive
generation of detailed hairstyles with individually articulated hair
cards. Trained on our curated AnimeHair dataset of 37K hairstyles,
experiments show significant improvements in geometric accuracy
and perceptual quality over existing methods.
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