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Dynamic Layered Gaussian Head Avatars

With Simulation-Ready and Editable Hair

Figure 1. We introduce PhysHead, a novel method for creating photorealistic head avatars with dynamic hair from multi-view videos. We
leverage a vision language model to create a layered representation of the avatar, decomposed into a head and a hair layer (left). The two
separate layers enable localized control of facial expressions with a 3DMM and physics-guided simulation of the hair. The strand-based
representation of the hair works seamlessly with physics engines and enables hair geometry and appearance editing (right). Reference

images are shown in orange.
Abstract

Realistic digital avatars require expressive and dynamic
hair motion; however, most existing head avatar methods
assume rigid hair movement. These methods often fail to
disentangle hair from the head, representing it as a sim-
ple outer shell and failing to capture its natural volumet-
ric behavior. In this paper, we address these limitations
by introducing PhysHead, a hybrid representation for an-
imatable head avatars with realistic hair dynamics learned
Sfrom multi-view video. Our approach combines a 3D para-
metric mesh for the head with strand-based hair, which can
be directly simulated using physics engines. For the ap-
pearance model, we employ Gaussian primitives attached
to both the head mesh and hair segments. This represen-
tation enables the creation of photorealistic head avatars
with dynamic hair behavior, such as wind-blown motion,
overcoming the constraints of rigid hair in existing meth-
ods. However, these animation capabilities also require
new training schemes. In particular, we propose the use of
VLM-based models to generate appearance of regions that

*This work was conducted while Wojciech Zielonka was at TU Darm-
stadt.
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are occluded in the dynamic training sequences. In quan-
titative and qualitative studies, we demonstrate the capa-
bilities of the proposed model and compare it with existing
baselines. We show that our method can synthesize phys-
ically plausible hair motion besides expression and cam-
era control. For additional results and code, please refer to
https://phys—head.github. io.

1. Introduction

Human hair in real life is dynamic. It moves in differ-
ent directions when we rotate our heads or blow in the
wind. Modeling hair dynamics for digital avatars is chal-
lenging as hair is complex, composed of thousands of tiny
strands. Thus, most data-driven approaches for animatable
head avatar reconstruction often assume static hair. Despite
being photorealistic [23, 59], there is no clear separation be-
tween the head and the hair in these approaches. When the
head moves, the hair moves rigidly with it. Recent works
have addressed this problem by disentangling the hair from
head [17, 31, 82], however, it does not solve the problem
of the head avatar having static hair. Concurrent follow-
up methods extend this approach by capturing hair dynam-
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ics data and learning hair dynamics from the data [42, 43].
While promising, it is simply not feasible to capture all pos-
sible hair dynamics and effects such as wind, since chang-
ing wind source direction would affect the hair dynamics.
Unfortunately, these methods cannot generalize to unseen
hair dynamics scenarios.

In contrast, explicit strand-based hair of digital avatars
in movies and games is simulated using physical simula-
tion systems [6, 15, 37] and the appearance is carefully
crafted by artists. Strand-based representation gives artists
full control over hair properties such as stiffness or damp-
ing. There are methods to obtain such a representation from
multiview [68, 69, 88, 94] or one-shot images [87, 96, 98].
Strand-based hair reconstruction methods typically focus on
the geometry of the hair, and when hair strands are ani-
mated, a user-defined appearance model is manually incor-
porated [15]. Since the focus is on hair geometry and ap-
pearance [97], facial expressions are ignored.

Instead, we look for a solution with the following prop-
erties: (1) a photorealistic head avatar which is driven by a
standard 3D morphable model (3DMM), and (2) a hair rep-
resentation which is compatible with classical physics en-
gines, while providing a photorealistic appearance. To this
end, we propose PhysHead, a fully controllable head avatar.
Specifically, we use a layered representation for the face and
hair based on a 3D Gaussian appearance model. The dy-
namics of the face are driven by FLAME [40], while the hair
is represented by strands, and the hair dynamics are driven
by a physics simulator [6, 12]. This layered representation
is flexible, however, there are challenges: (i) As our method,
uses physics simulator, it generalizes to unseen head poses.
However, these unseen head poses also reveal the unob-
served head regions, such as ears and neck during anima-
tion. This is especially visible for actors with long hair,
where the hair often covers the ears or side views. (ii) Dur-
ing animation of the hair, previously occluded hair Gaussian
primitives will become visible. To address the first chal-
lenge, we propose to use a vision language model (VLM) to
complete the head that is occluded by hair. Specifically, we
task the VLM [11] to edit the captured images to remove the
hair and generate bald images. As the VLM does not guar-
antee the generation of a consistent appearance across all
frames of our training sequence, where the subject shows
different facial expressions, we first optimize for a shared
texture of the FLAME model using differentiable render-
ing. We then generate bald training frames by blending the
rendered shared texture with visible skin parts of the cap-
tured images. We use these additional generated images to
train a dynamic head avatar without hair. Then, in a second
stage, we optimize hair appearance as an additional layer on
top of the bald avatar. To address the second challenge, we
design a color consistency loss for unobserved hair regions,
ensuring that hair appearance remains consistent, even in
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areas like inner strands that are not directly observed in the
images.

Extensive experiments show the effectiveness of our
novel approach. We compare against state-of-the-art dy-
namic avatar methods, including the concurrent work Hair-
Cup [31] which also disentangles hair and skin using SDS-
based training schemes. In summary, our main contribu-
tions are:

* A two-stage framework for reconstructing 3D head
avatars with physics-guided animation of hair.

A method to generate dynamic bald avatars leveraging
a vision language model (VLM) efficiently with differ-
entiable rendering, then combining them with real cap-
tures through image-based blending, enabling generaliza-
tion across diverse skin tones.

A strand-level regularization that allows occluded strands
to transfer appearance from views where the hair is visi-
ble, yielding plausible hair appearance during animation.

2. Related Work

This work focuses on generating high-quality Gaussian
avatars with realistic and dynamic hair, positions itself
within the broader landscape of hair reconstruction, hair
simulation, compositional head avatars, and holistic head
avatar reconstruction. For a comprehensive overview
of neural rendering for photorealistic face and full-body
avatars, we refer to the reports on face tracking and recon-
struction [105], morphable models [14], and two neural ren-
dering surveys [77, 78].

2.1. Animatable Head Avatar

A common approach to controllable avatar creation is di-
rectly optimizing the parameters of a 3DMM [7, 40]. Early
works, such as Thies et al. [79, 80], employed custom
second-order GPU optimizers for real-time performance,
inspiring numerous follow-up methods [58, 73, 76, 102].
However, PCA-based appearance models limit reconstruc-
tion quality, and typical 3DMMs omit hair geometry, hin-
dering realistic novel-view synthesis.

To improve fidelity, several methods leverage NeRFs to
capture fine structures like hair, skin, and eyes [1,2, 4, 5, 19,
21, 22,27-29, 38, 44, 51, 83, 101]. Gafni et al. [19] intro-
duced the first NeRF-based animatable avatar conditioned
on expression coefficients, while others employ triangle-
based deformations [101], triplanes [27], mixtures of vol-
umetric primitives [44], tetrahedral meshes [22], or multi-
level voxel blendshapes [21]. Despite high-quality facial
animation, these methods ignore hair dynamics, producing
static hair during motion or lacking explicit strand model-
ing. PhysHead addresses this by jointly modeling facial ex-
pressions and strand-based hair dynamics.

The emergence of 3D Gaussian Splatting (3DGS) [30]
led to Gaussian-based avatar methods [3, 16, 18, 23, 33,



34, 41, 42, 50, 53, 59, 62, 65, 75, 82, 90, 92, 103, 104].
Qian et al. [59] rigs Gaussians to a 3DMM for real-time
performance with high-quality rendering, while others em-
bed Gaussians on the mesh surface with neural corrective
fields for wrinkles and self-shadows [34, 41, 65, 74, 90, 92,
103, 104]. Gaussian Head Avatars (GHA) [91] first recon-
structs per frame head meshes, and later deformations are
learned by MLPs. An additional super-resolution module
enables synthesizing high-quality avatars. Advanced meth-
ods like RGCA [62] learn relightable primitives for ultra-
realistic rendering. However, these methods do not explic-
itly model hair strands, which limits their applicability for
physics-based hair simulation. This limitation extends to
multi-person avatar models. GPHM [92] employs a neural
parametric Gaussian model controlled by shape and expres-
sion coefficients, analogous to PCA-based 3DMMs. Syn-
Shot [104] leverages synthetic training data and bridges
the domain gap through pivotal fine-tuning. CAP4D [74]
adopts a two-stage pipeline similar to [20], first regress-
ing per-subject images using a multi-view diffusion model,
then constructing drivable avatars. Avat3r [34] directly re-
gresses Gaussian primitives in a single stage, producing
high-quality, multi-view-consistent avatars. Despite these
advances, none enforce strand-level hair modeling, making
them unsuitable for physics-based hair simulation which is
an aspect explicitly addressed by PhysHead.

2.2. Compositional Human Modeling

A growing body of work [8, 9, 17, 25, 31, 52, 82, 93, 95]
decomposes human geometry and appearance into semanti-
cally distinct components (face, hair, and clothing) for mod-
ular and controllable representations. Independent mod-
eling enables flexible editing and cross-person manipula-
tions, such as hairstyle or outfit transfer. PEGASUS [8]
and PERSE [9] focus on generating animatable 3D per-
sonalized avatars with disentangled and editable facial at-
tributes. DELTA [17] and TECA [95] leverage the para-
metric SMPL-X [54] model for body and face geometry
while integrating volumetric representations [48] to capture
hair and clothing. More recently, MeGA [82] represents the
face using the FLAME [40] model with additional displace-
ments and models hair with 3D Gaussians [30]. Similarly,
3DGH [25] introduces an unconditional generative model
for 3D human heads with composable face and hair compo-
nents using separate Gaussian primitives. Concurrent work
HairCUP [31] builds a universal compositional prior by first
modeling the bald head and then representing hair and face
as disentangled Gaussian primitives. It uses Score Distil-
lation Sampling (SDS) [57] to obtain bald images. In con-
trast, our method benefits from recent VLM models and op-
timizes for shared texture UV maps from sparse views. It
is personalized and employs a strand-based hair representa-
tion coupled with structured Gaussians, enabling physically
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plausible hair animation through a physics engine.

2.3. Hair Modeling and Simulation

Strands are a widely used representation for hairstyles in
modern computer graphics engines, essential for realistic
rendering, editing [24], and simulation [13, 24, 70, 99].
However, creating accurate strand-based hair geometry is a
challenging task that typically requires skilled artists. To
simplify this process, various methods have been devel-
oped to reconstruct realistic strand-based hairstyles from
monocular video [45, 60, 67, 72, 88, 94], from multi-
view images [35, 49, 100], from single images [26, 61, 81,
87, 96, 98], and even from CT scans [66]. For hairstyle
simulation, earlier works such as [68, 94] leverage Un-
real Engine [15] to generate realistic hair motion. How-
ever, these approaches often derive the appearance model
directly from the simulator, which limits their ability to
capture person-specific characteristics. Data-driven meth-
ods [42, 43, 85, 86] model hair motion by learning from
multi-view images. While effective, these approaches are
often hairstyle-specific, require large and diverse training
datasets, and may fail in out-of-distribution scenarios. In
addition, most do not incorporate dynamic physics-based
priors, which can result in unrealistic motion and inaccurate
collision handling. GroomGen [99] trains a neural hair sim-
ulator using synthetic data. In contrast, Quaffure [70] em-
ploys physics-based self-supervised losses [63, 64, 71], re-
moving the need for data generation. Although these meth-
ods achieve realistic results and generalize well across dif-
ferent poses and hairstyles, they are not personalized and do
not explicitly model hair appearance.

3. Method

Our method takes multiview video to learn facial expres-
sions, along with a 360-degree static capture of a hu-
man head for hair reconstruction. From this data, we re-
construct a disentangled, animatable head avatar that can
change expressions, be rendered from different camera
views, and support physics-based animations through an
attached physics simulator. Figure 2 shows an overview
of our method. As described in Section 3.1, we pro-
pose a layered optimization to disentangle the face from
the hair. Our representation consists of two key compo-
nents: a strand-based hair H and a dynamic face module
D, where Gaussian primitives are attached to the paramet-
ric face model FLAME [40] and move consistently with dif-
ferent expressions, similar to recent work Gaussian Avatars
(GA) [59]. As described in Section 3.4, we use photomet-
ric and silhouette-based losses and we regularize the ap-
pearance of unseen hair Gaussians using nearest neighbor
strands. After obtaining the appearance model, we use guid-
ing hair strands and a physics engine to simulate head pose-
dependent effects and transfer the motion to the dense 3D
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Figure 2. Overview. PhysHead reconstructs an animatable 3D human head avatar (e) from a multiview input video. It is based on a 3D
Gaussian appearance representation that is split into a face (c) and a hair region (d). The face region uses 3D Gaussians that are attached to
a 3DMM-based mesh (FLAME [40]), which allows for parametric facial expression as well as head pose control (a,c). To enable physics-
based animation of the hair region, we rely on a strand-based hair model (b). The appearance of the individual hair strands is represented
as structured 3D Gaussians attached to each hair strand segment (d).

Gaussian primitives, see Section 3.3.

3.1. Layered Representation of Human Head

An essential aspect of our method is to disentangle the face
and hair from real-world captures. This is challenging, as
the exact separation between head and hair in real data is
unknown, and image captures show head and hair together.
Modeling head with a single layer of 3D Gaussian primi-
tives is insufficient for disentanglement and results in arti-
facts, such as skin peeling off when animating the hair. To
achieve a clean layered representation, we propose a two-
stage optimization of the Gaussians. In the first stage, only
the regions represented by a tracked FLAME [40] mesh are
optimized, while regions outside FLAME’s representation,
such as hair, are optimized in the second stage. In the fol-
lowing, we detail the two layers, namely the expression-
dependent head part and the physics-driven hair part.

Expression-dependent Head Part D
set of 3D Gaussians, denoted as follows:

is represented by a

Gr = {1k 5k, Gk, Ok, ck, SHi }

The parameters are mean position py, scale sy, rotation
qr represented as a quaternion, opacity oy, color cg, and
spherical harmonics coefficients SHy. Following Gaussian
Avatars (GA) [59], we attach the 3D Gaussian primitives
to the FLAME mesh. Instead of optimizing the global po-
sitions of the Gaussians, we attach them to the FLAME tri-
angles and move the triangles, allowing them to move with
FLAME'’s expression and motion parameters. This binding
strategy is simple but effective for modeling the face part,
as it allows us full control of the head avatar using FLAME.
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Hair Part H is represented as a collection of strands,
initially obtained by NeuralHaircut [67]. This gives us
the vertices of the hair strand polylines defined as H &
RNaxNwex3  where H represents the dense set of hair
strands, Ny is the number of dense strands, and N, is the
number of segments per strand.

This strand-based reconstruction results in a large num-
ber of points. These points are not uniformly distributed
along the curves, which causes problems for simulation. To
address this, we redistribute the points along the strand and
uniformly sample m = 60, 000 3D hair strands and n = 16
points per strand while preserving the strand shape.

We assign a 3D Gaussian primitive to each hair strand
segment following [45, 94, 100] and use Frenet—Serret
frames (TNB frames) to compute their rotations (ggr =
[T'N B]) using the tangent T, normal N, and binormal B.
Given two points p; and ps of a segment, we define an elon-
gated Gaussian with the following properties:

gmean(plaPZ) = (pl +p2)/2, Sscale = (||p2 _p1||7 k, k)

where £ = 0.0001. These Gaussians are splatted using a
differentiable tile-based rasterizer [30, 106] and are super-
vised by ground truth images. In addition to color and per-
ceptual losses, we use a strand-level color consistency loss
to regularize the appearance of unseen hair, see Section 3.4.

3.2. Generation of Bald Training Images

To train the head layer, we remove hair from the training se-
quences using VLM-based editing [1 1], shown in Figure 3.
Specifically, we use Nano-Banana [11] to automatically re-
move the hair from the first frame and filter views that are
not multiview consistent. Based on these sparse multiview
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Figure 3. We use a VLM-based editing to remove the hair from
the first frame of the multi-view input sequence (a). From this,
we construct an appearance proxy (b) based on differentiable ren-
dering of the FLAME head model. We use this appearance proxy
to remove the hair part in the entire dynamic sequence (c) by em-
ploying Poisson image editing [56]. These new images are used as
targets for the Gaussian splatting based appearance optimization
of the head layer.

consistent views, we use a differentiable rasterizer [36] to
optimize a shared texture map of the FLAME model, re-
ferred to as T’ € R2048%2048x3,

As the FLAME model [40] does not properly represent
the geometry of the mouth interior, the textures also might
contain artifacts in these regions (e.g., baked-in teeth on the
lips, etc.). Despite this, texture map 7" serves as an appear-
ance proxy of unobserved regions, i.e., regions covered by
hair such as the ears or the scalp, as these regions do not de-
form a lot compared to the facial expressions. To this end,
we render the appearance proxy 7' with the head pose and
expression of a particular video frame and blend it with the
face region of the original image using dilated and blurred
segmentation masks. We employ a blending scheme that
is based on Poisson image editing [56, 89]. In contrast to
HairCUP [31], this scheme allows optimization for a head
layer without strong boundary artifacts and generalizes to
diverse skin tones.

3.3. Simulation of Hair Strands

For simulation of the hair, we use sparse guiding strands at-
tached to the scalp, and create a hair particle system. We use
tracked FLAME head poses to guide our character. In our
framework, we employ a physics engine [12] that integrates
rigid-body dynamics using a semi-implicit Euler method.
Newton’s second law governs the translational dynamics:

dv_F o odx_
it~ m’ At
with discrete updates given by:
vit+ Al = v(t) + T Ay ()
x(t + At) = x(t) + v(t + At) At. (2)
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Figure 4. Using strand-skinning [10], the dense strands are af-
fected by k = 10 sparse strands. The skinning weights are in-
versely proportional to the distance from the sparse hair strands.
Specifically, if d; is smaller than ds in the figure, then w; is larger
than wa.

An iterative constraint solver is utilized to resolve collisions
and to enforce joint or contact constraints, ensuring a stable
and realistic simulation. Here, x is the particle position, v
is the velocity, and F is the applied force vector.

From sparse simulation to a dense hairstyle. The
physics simulator [6] gives us sparse segment locations per
frame that require interpolating guide strands to complete
the groom [46]. Between the dense hair strands and the
sparse guiding hair strands, we find the k-nearest neighbor
strands and transfer only the relative displacement instead
of the absolute locations of the guiding hair particles, see
Figure 4.

3.4. Optimization and Regularization

First, we only optimize the head appearance layer with the
generated training sequence (Section 3.2). Then, both the
head and the hair appearance layer are rendered jointly, and
only the hair part is optimized to match the original training
data, see Figure 2. For the head layer, we optimize FLAME-
attached 3D Gaussians similar to [59]. However, we incor-
porate facial masks and ignore the regions which FLAME
cannot represent (i.e. hair). Specifically, we adapted the
tracker from GA [59] to only track the facial part without
hair. The optimization of the 3D Gaussian primitives is su-
pervised with a combination of £, and D-SSIM terms.

‘Crgb = (1 — )\) L1+ X Lpssm, with A=0.2. (3)
Similar to GA [59], to reduce spiky Gaussian primitives,
we apply the position and scaling regularizations, resulting
in the loss function for the bald head part:

L= ACrgb + )\pos['pos + /\scalingﬁscaling' (4)

From this optimization stage, we obtain the head layer,
which is denoted as D, where all 3D Gaussian parameters
Gr = {k, Sk, Gk, Ok, Ck, SHy } are optimized for.



To recover the hair appearance, we initialize the geome-
try with NeuralHaircut [67]. We begin optimizing hair ap-
pearance using the photometric rendering loss for 3000 iter-
ations. As we have strand-based representation and hair is
animatable by a physics-based engine, having skin color in
the hair region is undesired. To do so, we compute the loss 5
only on the masked hair region. This prevents having fewer
artifacts near hairtips, in contrast to [31, 94]. Given My
is the binary hair mask, I rend s rendered 3D Gaussians, I¢
ground truth image, formally the loss is defined as:

Lago = || (1" = I*) © M| - 5)

While this recovers the appearance of the outer hair layer,
it leads to arbitrary colors in unobserved regions—such as
back views or interior strands—due to the lack of supervi-
sion. To mitigate random colors of hidden strands, we intro-
duce a regularization that encourages neighboring strands
j € N (i) of each strand ¢ € S to have similar colors. The
hair appearance is being diffused into unseen regions with:

Econsistency = Z Z ||ci - cj”; s (6)
€S jEN(4)

where ¢; € R%9%3 is the color of strand 4. The final objec-
tive for hair appearance optimization is:

L:hair = (7)

During the optimization, the 3D Gaussian parameters
Sk, and g are initialized and kept fixed from the TNB
frames [84], o, = 1, and only c;, and SHy, are optimized.

Acrgb + )\consistencyﬁconsistency~

4. Results

Dataset. We use the Ava-256 dataset [47] with 16 cam-
eras per subject, selected via the Hungarian algorithm to
match the Nersemble dataset [32] distribution. Our subset
includes 8 expressions with one sequence held out for ex-
pression synthesis and one frontal camera for novel view
synthesis. See suppl. doc. for actor details.

Baselines. Gaussian Avatars (GA) [59] represents ap-
pearance using FLAME-rigged Gaussian primitives, with
control driven directly by the FLAME model. It is compu-
tationally efficient since no neural network is queried for ap-
pearance. However, the hair geometry is modeled through
3DMM offsets, resulting in rigid and non-dynamic hair.

Table 1. Comparison to GaussianHaircut [94]. Green indicates
the best and yellow indicates the second.

PSNRT SSIM? LPIPS|

GH [04] 3055 0915  0.071
Ours W/Leonsisieney 2824 0.893 0078
Ours 3028 0946  0.061
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Figure 5. Qualitative Comparison All methods synthesize pho-
torealistic avatars. However, both GHA [91] and GA [59] have
rigid hair when animated, as Gaussians are unstructured. In con-
trast, our method, PhysHead, benefitting from strand representa-

tion, generalizes under novel driving signals.

Gaussian Head Avatars (GHA) [91] is a Gaussian-based
head avatar approach comprising two stages. First, a
mesh head is optimized at each time step from multiview
videos. Then, a deformation MLP learns temporal deforma-
tions, followed by a super-resolution module for refinement.
GHA uses BFM [55] for expression control and produces
rigid hair, as hair geometry is not explicitly modeled.
Gaussian Haircut (GH) [94] optimizes hair appearance
by attaching Gaussian primitives to the midpoints of hair
segments and using photometric losses combined with
orientation-based regularization. Our method builds on
Neural Haircut by leveraging strand-based hair geometry
and optimizing appearance to achieve realistic hair render-
ing during physical simulations.

HairCUP [31], a concurrent universal compositional avatar
method built on UrAvatar [39], also models the head and
hair separately, enabling hair transfer in addition to expres-
sion control. However, bald avatars synthesized by Hair-
CUP exhibit artifacts in unseen regions. Moreover, al-
though the representation is decompositional, the hair is
modeled as unstructured Gaussians, leading to rigid and
non-dynamic behavior.
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Figure 6. GaussianHaircut [94] comparison. As can be seen, GaussianHaircut is not yet suitable for simulation with learned appearance,
as some hair strands penetrate the head and are assigned skin colors. In contrast, our reconstructed hair strands exhibit more consistent
coloring due to the proposed consistency loss and can be used directly in simulation.

4.1. Comparison

Hair reconstruction evaluation. We evaluate the qual-
ity of our obtained hair appearance model in comparison to
GaussianHaircut. In Figure 6, we show novel views of the
hair region, which is represented with hair strands and at-
tached 3D Gaussian primitives. As can be seen, Gaussian-
Haircut has hair strands inside the head region that learn
skin color, which restricts it from being animated through
simulation with learned colors. The overall static appear-
ance of the GaussianHaircut reconstruction and ours is sim-
ilar, see Table 1.

Cross-reenactment evaluation. In Figure 5 we show a
comparison to GHA [91] and GA [59]. When there is not
much hair motion, the baseline methods show similar qual-
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ity as our method (t=0). However, the difference gets clear
in a motion sequence that results in dynamically moving
hair. As our method, Physhead completes missing parts
during capture; it generalizes to very diverse motions such
as rotating head, nodding, effects like wind while baseline
methods remains with rigid hair.

Comparison of layered avatar. As shown in Figure 7,
the concurrent work HairCUP is also compositional. De-
spite being realistic when head and hair layer are combined,
the head layer has artifacts due to the underlying SDS-based
procedure. In contrast, our method utilizes an appearance
proxy generated with a vision language model and differen-
tiable rendering which is then blended with the original im-
age content to faithfully preserve its details and skin color.



= e )
% { “‘ ¥
2
<
T
-
\ §

z s & &
o

Ground Composed Hair Layer Head Layer

Truth Avatar

Figure 7. HairCUP [31] comparison. Since haircup uses SDS,
it exhibits artifacts and has tendency to generate the same type of
skin color. In contrast, we use VLM model for image generation
which is trained on a lot of data. This helps with generalization
to different skin colors. Despite being compositional, it has un-
structured gaussians which does not allow for physics simulation.
For more results, see supp mat. HairCUP images taken from their
original paper.

wlL wolL w/L

'y C i 'y i 'y

wolL

24

Figure 8. The consistency loss helps to assign meaningful colors
to hidden 3D gaussian primitives.

4.2. Ablation studies

In the supplemental document, we show ablation studies
with respect to our proposed layered representation. It is
key for being able to simulate the hair. A single-layer ap-
proach would lead to artifacts such as skin peeling. In addi-
tion, hidden regions of skin and hair would not be handled
well. Besides the layered representation, we have intro-
duced a color consistency regularization. Without this reg-
ularization, the inner hair strands will have random colors,
restricting it from being animated. We enable this regular-
ization for the hair strands after Sk iterations. The intuition
behind this is that the visible strands are initially optimized
based on the RGB images, allowing their colors to propa-
gate naturally to the hidden strands, see Figure 8.

4.3. Applications

Our method uses dense explicit strands, which consist of
connected 3D points. Thus, it can be used in several appli-
cations, such as hairstyle transfer Figure 10, hair geometry
and appearance editing Figure 9.
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Figure 9. The strand-based hair layer can be edited by the user to
change the geometry and appearance.
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Figure 10. The layered avatar representation allows for editing
operations like hair-swapping.

4.4. Limitations

While PhysHead is able to produce physically plausible hair
dynamics for animatable 3D head avatars, the appearance
quality is dependent on the quality of the foreground and
hair masks. Imperfect masks might result in wrong disen-
tanglement between hair and head. In addition, PhysHead
relies on the hair geometry quality of NeuralHaircut [67],
thus, inheriting its limitations (e.g., curly hair).

5. Conclusion

In this paper, we have presented the first method that com-
bines physics-driven hair dynamics with an animatable 3D
Gaussian-splatting-based head avatar. It is enabled by a lay-
ered representation that disentangles the face region from
hair. The face region is modeled with 3D Gaussian primi-
tives that are attached to a 3DMM which allows for facial
expression control. To handle the hair region and its dynam-
ics that are mainly dependent on the head pose, a strand-
based hairstyle reconstruction is executed to provide a rep-
resentation that is compatible to physics simulation. On
top of this strand-based representation, 3D Gaussian primi-
tives are attached which are optimized to reproduce the ap-
pearance of the hair from the input images. This layered
representation allows us to demonstrate physically plausi-
ble hair motion, as well as hair editing. We believe that
PhysHead is a stepping stone towards highly realistic hu-
man head avatars that generalize to novel poses.
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