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Dynamic Avatar

Fig. 1: DynHair is a novel method for learning hair dynamics of 3D strands from data.
It leverages multi-view video input to learn a dynamic hair strand deformation model
based on the velocity and acceleration of the human head.

Abstract. We present DynHair, a novel method for tracking and mod-
eling dynamic hair for human head avatars. From video input, we recon-
struct a dynamic head avatar with an explicit strand-based hair represen-
tation using structured 3D Gaussian Splatting. In contrast to the face
region of human head avatars, which can be modeled with 3D Gaus-
sians that are attached or generated with respect to some expressive
3D head model, hair is particularly challenging as it exhibits dynamic
motion effects. Therefore, we present a novel method that models the
dynamic deformations of the hair strands using a temporal network that
is conditioned on angular velocity and acceleration of the head, as well
as relative gravity. Specifically, an LSTM encodes the motion history
and modulates per-point strand features via FiLM conditioning which
is then used by an MLP to produce physically plausible displacements
to the canonical hairstyle. We jointly optimize this motion and appear-
ance representation of the hair, with a 3DGS-based representation of
the face-region, via differentiable Gaussian splatting with photometric,
geometric, and physics-based supervision. As a result, we obtain hair
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tracking of the training video data and an animatable head avatar with
controllable hair dynamics. In our experiments, we demonstrate state-
of-the-art performance in terms of hair dynamics, temporal consistency,
and generalization across subjects. Our data and code are available at
https://dynhair.is.tue.mpg.de/.

Keywords: Digital Humans - Dynamic Hair Modeling - Hair Tracking

1 Introduction

In the past few years, there has been tremendous progress in modeling photo-
realistic 3D digital human appearance for applications in e-commerce, entertain-
ment, and telepresence in AR/VR [73]. Especially, the introduction of neural
radiance fields [39] and 3D Gaussian splatting [30] has led to a series of works
(9112411291152, 55] focusing on visual quality [18,31,/47,/62|, runtime [26}(70L(71],
few-shot reconstruction [10,/32}(72|, and disentanglement [14,[54]. In addition to
photorealism, realistic motion [3}12}/53] is a critical aspect for immersive avatars.
Avatars should behave like their physical counterparts. However, current avatar
methods concentrate mostly on the face region, where they use 3D morphable
model-based [33,/43] conditioning to handle expression-dependent deformations,
ignoring dynamic hair motion. The lack of dynamic hair breaks the sense of re-
alism as the avatars do not follow physical principles. When the head rotates to
the side, the hair should follow the direction of gravity. When the head shakes,
the hair should lag behind, swing with inertia, and exhibit physically plausible
follow-through and settling behavior.

Such behavior can be modeled with physics-based simulation [1,|{11], requir-
ing a strand-based reconstruction of the hair and appropriate physics parameters
for mass, stiffness, damping, friction and more. Recovering such a strand-based
reconstruction is highly challenging as most of the hair strands are occluded
and only the outer hair layer is visible. Existing works that aim at reconstruct-
ing strand-based hair [4}21|46}/50.|60,/65] from images and video assume static
hair geometry and exploit learned hairstyle priors that help reconstruct the in-
ner structure of the hair. They demonstrate animation with such reconstructed
hairstyles, but the physics parameters for simulation are hand-tuned and not
recovered from the observations. Automatically finding realistic physics parame-
ters for simulation is currently an unsolved problem, as it would require efficient
differentiable hair simulation. In contrast, we propose to learn hair dynamics
directly from data with physics-based losses.

Specifically, we propose DynHair, a method to learn dynamic strand-based
hair directly from multi-view video. It captures appearance through strand-
aligned 3D Gaussians that follow the underlying hair geometry. The canonical
hairstyle is initialized from a strand-based hair prior [50] and deformed at each
timestep based on the head motion history. The key component is the tempo-
ral motion model for the hair that is conditioned on gravity, and the velocity
and acceleration of the head. Specifically, we extract angular velocity, accelera-
tion, and relative gravity from 3D head tracking and encode a sliding window of
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these to condition an LSTM to produce a temporal motion embedding. Based
on this motion embedding, we use FiLM [44] conditioning to modulate per-
point strand features before a strand MLP predicts displacements of the 3D
Gaussians. A learnable root attenuation factor encodes the physical prior that
strand roots anchored to the scalp move less than free-moving tips. To train the
method end-to-end, we combine photometric losses (RGB, SSIM, perceptual)
with hair-geometric supervision (silhouette, orientation, penetration), physics-
based regularization (elastic stretch preservation), and color regularization for
spatially and temporally coherent hair appearance. In addition to the hair, we
jointly render and train the upper body region as an unstructured set of 3D
Gaussians, whose positions and attributes are conditioned on facial expression
and pose via deformation MLPs following |62].

Our approach combines the rendering quality of Gaussian-based avatars with
the geometric fidelity and physical plausibility of explicit strand representations.
The experiments demonstrate state-of-the-art results on dynamic head avatars,
with improved hair dynamics, temporal consistency, and generalization across
subjects and motion patterns compared to existing methods. In summary, our
main contributions are:

— We propose a dynamic hair motion model based on structured hair strands.
An LSTM encoder processes head-local angular velocity, acceleration, and
relative gravity as temporal conditioning signals. The resulting pose fea-
tures modulate canonical hair point features via FiLM layers, which are
then passed to an MLP to predict non-rigid hair motion.

— We propose an avatar reconstruction approach that disentangles hair and
upper body regions, with region-dependent motion modeling and appearance
representations learned from multi-view video.

2 Related Work

Head avatars. Early head avatar approaches rely on explicit geometric repre-
sentations, including meshes [6}7,[19,/27,[59] and volumetric primitives [17,/36].
Subsequently, following NeRF [39], implicit representations |38}/39}/64] have be-
come predominant [15,16}29,[31,/40H42//67[71]. Initial efforts focus on deformable
NeRFs; for instance, Park et al. [42] learn a hyperspace that maps observation
space to a canonical space via a learnable latent code. Parametric face models
such as FLAME 33| and BFM [43] are widely used to guide the deformation
from observation space to canonical space [15}/16}[71]. For example, Kirschstein
et al. |31] introduce a deformation field and an ensemble of 3D multi-resolution
hash encodings to construct high-fidelity human heads from multi-view videos.
IMavatar |67] learns an expression-conditioned occupancy network from monoc-
ular video similar to SNARF [8].

Although implicit representations achieve high realism, they require dense
sampling in 3D space, which limits rendering efficiency. To overcome this, recent
works use Gaussian Splatting [30] for head avatar modeling [94|18}[32}/45}/48] 54!
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551/611/62], offering real time rendering while maintaining visual fidelity. Gaussian
Head Avatar (GHA) [62] conditions Gaussians on BFM parameters and incorpo-
rates a super resolution module for high quality rendering. GaussianAvatars [45|
attaches Gaussians to a rigged FLAME mesh to enable controllable animation.
SplattingAvatar [48] embeds Gaussians on a triangular mesh using barycentric
coordinates. Similarly, FlashAvatar [61] embeds Gaussians in the UV space of a
FLAME mesh with a learnable offset for fine details. GaussianHead [55] uses a
parametric face mesh to describe large scale motion and stores view-dependent
appearance in tri-planes. Unlike our approach, all the above methods treat hair
implicitly as part of the head representation, limiting strand-level detail and hair
motion. We disentangle the hair and the face, introducing a new hair model, and
represent the head following GHA [62].

Hair Animation. Hair motion plays a crucial role in character animation,
games, and virtual avatars, yet remains challenging due to the large number
of strands, complex physical behavior, and frequent self- and body-collisions.
Methods that model hair dynamics can be broadly categorized into physics-
based simulators [5}|13}22}|25], approaches that approximate simulator behavior
with learned models [51,|56} 68|, and methods that learn dynamics from image
observations [35.[57}/58,63].

Physics-based simulators generate hair dynamics using numerical solvers and
are widely integrated in production [1,/2,/11},20]. While stable and interpretable,
they are computationally expensive and require manual parameter tuning for
each hairstyle type.

Learned approzimations of simulation. Recent methods, such as GroomGen [68]
and DGH [56|, approximate the simulator’s behavior by training a neural net-
work on 3D data generated in Houdini. Quaffure [51] extends this direction
with self-supervised learning of hair dynamics conditioned on body pose using
physics-based constraints. However, none of these methods are personalized, nor
do they model full avatar appearance.

Capture-based methods learn dynamics directly from an observed video. Yang et
al. |63| reconstruct dynamic hair from a monocular video using separate networks
for spatial occupancy and temporal motion. HVH [58| represents hair volumetri-
cally and learns dynamics via guide-strand tracking with RGB and optical flow
supervision. NeuWigs [57] learns a compressed appearance representation fol-
lowed by a temporal transfer module for latent-space dynamics. HHAvatar [35]
models hair with unstructured Gaussians and predicts deformations via an MLP
conditioned on past hair states and head poses. PhysHead |28] first reconstructs
a static strand-based hairstyle using Neural Haircut [49], then animates the re-
sulting Gaussians with dynamics from the physics-based simulator Maya. While
PhysHead optimizes hair appearance from a static time step, we optimize from
a dynamic sequence. Concurrent work HADES [34] also uses strand-based ge-
ometry and learns dynamics conditioned on head pose for full-body avatars, but
conditions on a history of past hair states and models only a sparse set of strands,
interpolating the rest via nearest neighbors.
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Fig. 2: Method overview. Given multi-view video input, we first initialize a canon-
ical hybrid model for the upper body and hair. Hair strands are initialized using the
Im2Haircut prior model, and the upper body is represented with unstructured 3D
Gaussians . We then jointly optimize hair and head deformations with two separate
motion models. The hair deformation is conditioned on BFM motion history with an
additional rigid transformation, while the head deformation is conditioned on facial
expressions and pose parameters. Finally, the hair and upper body Gaussians are com-
posited and rendered via differentiable splatting to produce the output images.

In contrast to these capture-based methods, we model hair motion in a struc-
tured manner using a strand-based representation. We predict deformations for
all strands relative to canonical hair, rather than from a history of past states,
and optimize appearance directly from a dynamic sequence rather than a static
one. We further incorporate acceleration and gravity as explicit inputs and intro-
duce a physics-based elastic term to improve the realism of the resulting motion.

3 Method

Our method models a dynamic head avatar with explicit strand-based hair from
multi-view videos. As shown in Figure [ our proposed method disentangles hair
and the upper body. Both regions, and especially their deformations, are handled
differently. Following [62], the upper body is represented with an unstructured
set of 3D Gaussians whose positions and attributes are conditioned on facial
expression and pose. In contrast to [62], which does not disentangle body and
hair, we model the hairstyle separately as a set of explicit polyline strands with
strand-aligned Gaussian primitives and a learned dynamic deformation module
that is conditioned on the head motion history and gravity. At each timestep, we
predict deformations of both the upper body and the hair, concatenate all their
Gaussians, and render them jointly via differentiable Gaussian Splatting to
obtain RGB color, segmentation labels, and strand orientation maps enabling
joint supervision through photometric losses, hair-geometric constraints, and
physics-based regularization. In the following, we introduce our novel hair mod-
eling, while the upper body model is detailed in the suppl. material.
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3.1 Modeling Dynamic Hair

Our dynamic hair modeling consists of two stages: static hairstyle reconstruction
at the initial timestep, followed by learning a head motion-conditioned deforma-
tion network for dynamic animation of hair.

Canonical representation. We model the hairstyle H as a set of N poly-
lines originating from a scalp mesh: H = {S,}~,, where each strand S; =
{p,-j}]L:1 consists of L points. To obtain the canonical hairstyle, we leverage
Im2Haircut [50], a PCA-based hair prior with learned coarse-to-fine encoders.
Given multi-view images at the initial timestep (¢=0), the encoder predicts PCA
coefficients that are decoded into strand geometry through a learned shape ba-
sis. The resulting strands are upsampled to the target resolution, filtered using a
scalp silhouette mask to remove spurious strands, and then resampled to L = 40
points per strand. We jointly optimize the strand geometry using the Im2Haircut
reconstruction losses and additional regularization for geometric consistency:

»Cstatic = [’im2haircut +)\pca['pca+)\Iength£16ngth+)\smooth£smooth+)\consist£conszst)a

1
where Ly, regularizes PCA coefficients, Liength and Lgmooth €ncourage nearby
strands to have similar lengths and shapes (measured via root-based KNN), and
Leconsist enforces that the PCA distribution of back-view strands matches that
of front-view strands, improving geometry in occluded regions. This yields the
canonical hairstyle H used as input for the dynamic stage.

Motion conditioning. Hair dynamics result from both rigid head motion and
non-rigid deformations caused by inertia and gravity. To model these dynamics,
we extract the global pose P, = {R;, T}, S;} from the parametric face model [43]
at each timestep ¢ and compute the angular velocity, acceleration, and relative
gravity direction. The angular velocity and acceleration of the head are computed
using central differences. At each timestep ¢, they are given by:

T world world
wworld _ LOg<Rt+1 Rtfl) ovorld — Wiyl — Wi

- e o S et S 2
¢ 2 At ’ ¢ 2 At ’ (2)

where Log(+) converts a rotation from SO(3) to R3. Both signals are then rotated
into the head-local frame to obtain pose-invariant conditioning: w, = R, w}°rld
and o = R} o', The relative gravity direction, defined as the gravity vector

in the head-local frame, is obtained by rotating the canonical gravity vector:
g: = normalize(R, [0, —1,0]"). (3)

For training and inference stability, we normalize w. and o, per-axis by precom-
puted maximum absolute values from the training set and clamped to [—1, 1].

Hair deformation network. We train a hair deformer network Dy, that
predicts non-rigid per-point displacements for the canonical hairstyle, condi-
tioned on the head motion history of the past T frames. Specifically, for each
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frame 7 in the sliding window {t—T),...,t}, we form the conditioning vector
¢, = [wr,a,,g;] € R% Each c, is mapped through positional encoding ~(c,)
and then processed by an LSTM with learnable initial hidden states (hg,cg) to
produce a temporal motion embedding z;:

2z, = LSTM({7(c;)}o—i—13 hosco) - (4)

The motion embedding z; modulates per-point strand features via Feature-wise
Linear Modulation (FiLM) [44]. A linear layer maps z; to scale and shift param-
eters (Yaum, Baim), Which modulate the positional encoding of strand point p;;:

(Yfitm» Baim) = Linear(z;),  FiLM(psj) = 7(ij) © (1 + Ygim) + Bgim-  (5)

The modulated features are concatenated with a strand position embedding
(encoding the normalized position j/L along the strand) and passed through a
strand-wise MLP to predict per-point displacements:

Ap;; = MLP (FiLM(PiJ’)ﬁ(j/L)) “Pjs (6)

where p; is a learnable root attenuation factor initialized as a linear ramp from
small values near the root to 1.0 at the tip. This encodes the physical prior
that strand roots anchored to the scalp exhibit less displacement than free-
moving tips. The final MLP layer is initialized near zero to ensure small initial
deformations and stable early training. The deformed hairstyle is:

Hi = Ho + AHy, (7)

which is rigidly transformed to world coordinates using the head’s global pose.

Strand-aligned Gaussian rendering. Following |37.|65/69], we constrain the
3D Gaussian primitives to lie on the strand polylines S;. The mean of each
Gaussian is placed at the midpoint of a line segment, its primary scale axis is
aligned with the segment direction (with magnitude proportional to the segment
length), and the two cross-sectional scale axes are set to a fixed strand width.
The Gaussian rotation quaternion is computed via parallel transport from the
reference axis to the segment direction. We taper the Gaussians near strand
roots to reduce visual artifacts at the scalp boundary.

3.2 Joint Training and Losses

We concatenate the 3D Gaussians for the hair and upper body and jointly ren-
der them via differentiable Gaussian Splatting [30] to obtain RGB images, seg-
mentation masks for hair and body, and orientation maps for hair. Training is
performed in two stages: (i) the static initialization stage, where we optimize
for the canonical hairstyle H, using the first timestep across all views; and (ii)
the dynamic training stage, where we jointly train the hair deformation network
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Dhair, Ho with small learning rate, head deformation networks, and hair appear-
ance. The objective combines photometric, hair-geometric, physics-based, and
color-regularization losses:

‘Cdynamic = Ephoto + £hair + Ecolorireg- (8)

Photometric losses. We supervise the rendered images using a combination
of pixel-wise, structural similarity, and perceptual losses:

£ph0to = )\rgb‘crgb + Assimﬁssim + )\Vgg‘cvgy (9)

where L,gp, is the L1 distance between the rendered and ground-truth images.
The structural dissimilarity loss Lesim = 1 — SSIM(f ,I) penalizes deviations
in local image structure using a Gaussian-windowed SSIM computation. The
perceptual loss Lz, is the LPIPS distance [66] computed with a pre-trained
VGG backbone, encouraging realistic texture and high-frequency detail.

Geometric losses. To supervise geometry, we introduce losses on the silhouette,
strand orientation, head-hair penetration and inextensibility constraints:

»Chair = )\seg»cseg + )\orient»corient + )\penetr»cpenetr + )\elastic»celastio (10)

The segmentation loss L, encourages the rendered hair silhouette to match

the ground-truth hair mask M}. We use an asymmetric recall formulation that
penalizes missing ground-truth coverage more strongly than over-coverage:

Lieg = ;N%:max(Mh—Mh, 0) +O(.25|%:maX(Mh—Mh; 0) ) (11)

where My}, is the predicted hair silhouette and 2 denotes the set of visible pix-
els. An exponential decay schedule is applied after a warm-up period to avoid
over-constraining the silhouette. The orientation loss Lorient matches predicted
2D strand orientations with ground-truth orientation maps. Since undirected
orientations have 180° ambiguity, we use a wrap-aware formulation:

U .
‘Corient - m Zmln(w;)red - 9gt|7 |9pred - egt - 1‘7 |9pred - egt + ]-|) 9 (12)
n

where (2;, is the intersection of predicted and ground-truth hair masks. The
penetration l0ss Lyenetr prevents hair strands from penetrating the head mesh.
We randomly sample up to 10,000 strand points and use signed queries to iden-
tify points inside the head mesh M. For inside points, we penalize the squared
distance to the nearest mesh triangle:

1

7|,Pin| Z d*(p, M), P = {pij : inside(p;;, M)}, (13)

PEPin

Epenetr =

where d?(p, M) denotes the squared point-to-mesh distance. The elastic regu-
larization term penalizes stretching and compression of hair segments during
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deformation. For consecutive strand points p; and p;i1, let d*** = p? 1 pg
and dPosed = ph41 — P denote the segment vectors in the rest and posed config-
urations, respectively. We apply this loss only after static initialization:

N L-1

1 osed res 2
Lormsic = 57 2 > (Il = llaz]) " (14)
i=1 j=1

Hair color regularization. We introduce three complementary color regular-
ization terms to ensure spatially and temporally coherent hair appearance:

[/colorireg = /\cgﬁcg + )\csﬁcs + )\ccﬁcc- (15)

The color gradient loss L.s penalizes abrupt color changes between consecu-
tive points along each strand: Lo = 77 doiglleije — ¢ j|I*. The spatial color
smoothness loss L.s encourages spatially nearby Gaussians (across different
strands) to share similar colors, computed via k-nearest-neighbor (k=8) match-
ing: Los = ﬁ P apyen llca = cp||?. The color consistency loss L. encourages
uniform color along each strand by penalizing the deviation from the per-strand
mean color: L. = ﬁ Zi’j llci.; — @l|?. See suppl. material for loss weights.

4 Experiments

Dataset details. We train DynHair on two multiview datasets: three scenes
from the HHAvatar dataset [35] and two from a newly captured dataset. HHA-
vatar has 4 synchronized cameras, about 3 minutes per scene at 2048 x 2048
resolution, with diverse hair motion and facial expressions. Our new dataset
captures actors with 15 synchronized cameras following a setup similar to [31].
It includes a predefined set of diverse hair motions, spanning slow to rapid ac-
celerations, nodding, tilting, rotations, lateral moves, sudden stops, with varied
facial expressions. All participants performed the same 22 actions, 10 targeting
hair dynamics. Sequences are at 4k and 72 FPS. We provide an additional 360°
coverage with and without hairnet for static geometry estimation.

Training details. We train DynHair in three stages. In Stage 1, we train a
mesh-based head model to obtain canonical head geometry. In Stage 2, we first
reconstruct the canonical hairstyle using Im2Haircut [50] from all views and then
we train the hair deformation and optimize the head and hair Gaussian primitives
jointly. We train our full model for 320,000 iterations on a single A100, increasing
the VGG perceptual loss weight for the last 80,000 iterations to enhance fine-
grained appearance details. In all experiments, we use a resolution 1024 x 1024,
window history of 5 frames, 40 points per strand, and around 11,000 strands
depending on hairstyle. See details in suppl. material.

4.1 Comparison and Results

Baselines. To our knowledge, there is no publicly available method that learns
hair dynamics from data for direct comparison. Therefore, we evaluate our ap-
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Input image Simulator GA GHA Ours

Fig. 3: Self-reenactment comparison. Each row shows a different test frame or
subject. Columns from left to right: ground-truth image, physics-based simulator from
Maya , GaussianAvatars , Gaussian Head Avatar , and our method. Our ap-
proach produces sharper strand-level detail and more temporally coherent hair motion.

proach against state-of-the-art multi-view dynamic head avatar methods, Gaus-
sian Head Avatar (GHA) and GaussianAvatars (GA) [45] as well as a physics
simulator (Maya |[1]) that computes hair dynamics via numerical integration of
Newtonian forces. Since it outputs geometry only, we apply our estimated colors
and drive Gaussians using the simulated motion.

Qualitative evaluation. We compare with the baselines under both self-
reenactment and cross-reenactment settings by evaluating appearance fidelity
and motion realism in each scenario. Figure [3| shows self-reenactment results on
held-out test sequences. Our method produces sharper hair details and more tem-
porally coherent strand motion than baselines, which produce over-smoothed and
flickering hair regions. The physics-based simulator deviates from the true hair
motion due to manually obtained parameters and the bounded accuracy of the
physical model. Moreover, directly attaching learned appearance to simulator-
driven strand positions results in degraded rendering quality (see Figure |3} mid-
dle row). This further motivates our joint learning approach.

Figure [4] presents cross-reenactment results, where the driving signal comes
from a different subject. Our explicit strand-based representation, conditioned on
relative motion, produces geometry-consistent hair animation for novel driving
sequences, while baselines struggle to preserve identity and realistic dynamics.

Quantitative evaluation. For quantitative comparison, we report pixel-aligned
metrics (PSNR, SSIM) alongside perceptual LPIPS and measure distribu-
tion realism (FID) |23|. We evaluate on both full images and the hair region,
computed on a test set of three subjects. Our method achieves slightly lower
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Table 1: Quantitative comparison. Self-reenactment results averaged across test
sets of 3 subjects. As pixel-wise alignment metrics are insufficient to fully capture hair
motion quality, we additionally report tLPIPScx as a dedicated temporal measure.

tIoU{’ . is equal to 0.946, and tLPIPSe.x should be close to 0.

Full Image Hair Region Temporal | Motion (x10~3)
Method |PSNRt SSIM{ LPIPS| FIDJ|PSNRt SSIMt LPIPS| IoUpai + tloUpair + FIDJ |tLPIPSex |velt  accel.l
GA |45] 20.17 0.7787 0.2536 45.73| 19.94 0.7335 0.1362 - - 126.93 | -0.0230 | 0.40 0.08
GHA [62]| 22.33 0.7925 0.2056 36.25| 22.15 0.7446 0.1086 - - 81.07 | -0.0127 |2.17 0.24
Maya* 19.39 0.6610 0.2465 62.64| 17.89 0.5182 0.1484 0.776 0.925 121.97| 0.0183 |2.38 0.11
Ours 21.60 0.7638 0.2010 30.06| 21.01 0.6885 0.1101 0.878 0.936 37.51 0.0045 | 2.41 0.19

PSNR and SSIM compared to GHA [62]. This behavior is expected: enforcing
strand-level geometric consistency prevents the model from arbitrarily smooth-
ing high-frequency structures. While this introduces small pixel-wise deviations
that negatively affect reconstruction metrics, it better preserves fine strand-level
details and overall geometric fidelity. The marginally higher hair LPIPS similarly
reflects a fundamental metric mismatch, as LPIPS penalizes any deviation from
a single GT strand configuration regardless of physical plausibility, and thus
favors appearance memorization over dynamic correctness. As a method that
explicitly models hair dynamics, ours generates temporally coherent, physically
plausible motion rather than reproducing one specific GT realization. We show
superior performance in terms of the FID metric, which measures perceptual
realism and better reflects the goals of hair dynamics learning than pixel-aligned
reconstruction scores. To measure temporal flickering, we compute tLPIPS.y =

~

-1

— [LPIPS (It O My, It © Mt) — LPIPS (1} &My, Ir © Mt) } ,
t=1

where M, = clamp (fIt + ﬁt+1, 0, 1). Here, I; and I, denote the predicted and
ground-truth images at frame ¢, respectively, and H, is the ground-truth hair
segmentation mask at frame ¢. LPIPS between consecutive frames measures per-
ceptual temporal variation. Subtracting the corresponding ground-truth tempo-
ral LPIPS isolates excess perceptual change introduced by the model, yielding
a measure of temporal fidelity beyond natural motion. Values near zero indicate
alignment with the ground truth, positive values indicate excess variation, and
negative values indicate over-smoothing.

Temporal evaluation highlights the benefit of explicit strand-based model-
ing. Baselines produce negative tLPIPS.y, indicating over-smoothed, stiff mo-
tion, while our method better matches ground-truth hair dynamics. These re-
sults demonstrate a principled trade-off: unconstrained Gaussians optimize pixel
alignment at the cost of sharp high-frequency detail and realistic temporal be-
havior, while our structured representation prioritizes geometric and temporal
consistency, producing sharper and more dynamically faithful hair reconstruc-
tions while maintaining competitive global image quality.

We also compute the non-rigid hair velocity and acceleration by unposing the
head to a fixed canonical pose. Then, we define velocity as the mean nearest-
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Reference GHA Simulator Ours

Fig. 4: Cross-reenactment comparison. The 1st row shows left-right head rotation,
while the second row corresponds to nodding. Our hairstyle better follows physics
constraints and gravity. The image in the first column serves as a reference for human
motion. While the hairstyle should follow general dynamics, it is not an exact match.

neighbor displacement between consecutive hair point clouds in this head-local
frame, and acceleration as its finite difference. For our method and simulator,
we use the structured strand vertices; for baselines with unstructured Gaussians,
we select those whose projections fall within the hair silhouette mask at the
first frame and use the same fixed indices across all subsequent frames. Both
representations are subsampled to the same point count for fair comparison. Our
method produces higher hair velocity, indicating more expressive hair motion
(see Tab. , compared to baselines with unstructured representation. The Maya
simulator achieves lower acceleration, demonstrating more temporally coherent
hair dynamics; however, there is increased error in IoUy,;, and tIoUy;,.

4.2 Ablation Study

Tab. 2] presents an ablation of our key design choices. Hair dynamics are eval-
uated using (1) image-space temporal metrics and (2) motion-based metrics,
including velocity explosion ratio, curvature temporal smoothness, displacement
spike, and drift.

Visual metrics. For visual 2D metrics, we compute IoUy,;:, which measures
the overlap between predicted and ground-truth hair silhouettes, and tIloUy,;;,
which measures temporal stability by computing the overlap between predicted
hair masks in consecutive frames. The ground-truth tloUy,;, averaged across all
scenes is 0.951. We also include LPIPS in hair region and tLPIPS..

Physical realism. To evaluate the realism of hair dynamics beyond standard
image-quality metrics, we introduce four motion-based metrics. Let pﬁj € R3 be
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Fig. 5: We show more results on newly captured sequences with diverse hair motions.
Notably, ours recovers per-strand temporal hair motion. We include an ablation without
the non-rigid deformation module, where hair moves rigidly with the head transform.
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Dynamic Hair

the position of the j-th point on the i-th strand at frame ¢, and At the time
step. Then velocity explosion ratio (VER) is defined as the ratio of maximum to
median speed across all points and frames:

1
maxy ; j [|vf;]] . P =l

median ; ; [[vf; ]|+ 7 At

VER = (16)

We also include Curvature Temporal Smoothness (CTS), which quantifies
temporal jitter in strand curvature by averaging the frame-to-frame change in
curvature vectors across all frames, strands, and strand points. Lower values
indicate smoother, more temporally consistent hair deformation.

To detect sudden, physically implausible positional jumps, we introduce the
Displacement Spike (P95-Disp) metric, which is defined as the 95th percentile
of per-frame maximum strand displacements:

T-1
P95-Disp = Py ({max Ipi* — pﬁjll} ) : (17)
7 t=1

Finally, Angular Momentum Drift (AMD) measures violations of angular mo-
mentum conservation. In an isolated system, angular momentum should remain
constant over time:

1 T-1 ~

.3
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Fig. 6: Hairstyle manipulation. The reconstructed dynamic hairstyle can be further
manipulated by changing the brightness of Gaussians or trimming them.

Table 2: Quantitative comparison on physical realism of hair motion. Results are av-
eraged across 2 scenes and 3 motion types, estimated at the same number of iterations.

Method Silhouette & Appearance Physics

IoUhair T t10Uhair T LPIPShair § tLPIPSex | VER) P95) CTS| AMDJ
Ours 0.883 0.945 0.101 0.0024 | 26.88 0.071 0.00022 7787
Maya (Reference) | 0.789 0.941 0.131 0.0080 | 33.73 0.057 0.00010 7120
w/ pose 0.885 0.945 0.101 0.0028 | 36.27 0.071 0.00019 7816
w/o acc. 0.878 0.944 0.101 0.0026 | 29.05 0.077 0.00021 8332
w/og 0.852 0.932 0.104 0.0058 | 23.13 0.070 0.00022 8159
W/0 Letastic 0.873 0.943 0.103 0.0047 | 283.75 1.159 0.00156 196993
w/o film 0.877 0.945 0.102 0.0009 | 40.46 0.104 0.00038 8277
w/ mlp enc. 0.879 0.949 0.102 -0.0010 | 32.18 0.065 0.00020 7377

where pt = ﬁzl j pﬁj is the center of mass. For all metrics, lower values

indicate more physically plausible motion.

In Tab. [2 we compute all metrics for the same number of iterations (240k),
averaged across 2 scenes with 3 motion types: nodding, left-right motion, and
head rotation. Maya-simulated strands are included for reference. While Maya
simulations expectedly produce better physics metrics (except VER), we observe
degradation in coverage metrics due to suboptimal parameters. We study the ef-
fect of each conditioning signal in the hair deformation model. Conditioning on
absolute pose worsens generalization, while removing gravity prevents strands
from falling properly (e.g., during nodding). Removing acceleration (“w/o acc”)
slightly degrades the metrics and reduces motion expressiveness. We find that
the deformation model plays a crucial role. Without it, hair motion appears rigid
and unrealistic (see “Rigid Hair” vs. “Dynamic Hair” in Fig. . Replacing the
LSTM head pose encoder with an MLP results in stiffer motion (see negative
tLPIPS.x). Modulating strand features with head pose features improves per-
formance across all metrics (compare ours with “w/o film”). Removing Ljastic
significantly degrades results. Strands tend to stretch, reducing physical plausi-
bility. See more ablations in suppl. material.

5 Discussion

Applications. Disentangled modeling of head and hairstyle provides rich pos-
sibilities for direct hair manipulation. For example, we can edit the brightness
of Gaussians or trim the hairstyle length while preserving realistic hair motion
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dynamics (see Fig. @ Furthermore, the explicit strand-based representation al-
lows us to derive physically meaningful motion signals from the reconstructed
hair geometry, see Fig. [§] which can be used for transfer applications.

Limitations. Our method models only hair-head interactions; hair-body col-
lisions are handled implicitly through data-driven priors and are not explicitly
resolved. The approach depends on hair silhouette estimates from pre-trained
segmentation models, which can be inaccurate for complex hairstyles or under
occlusion. We also observe that rendering quality at hair-head boundaries can
exhibit artifacts due to the discrete transition between the two Gaussian repre-
sentations. Additionally, reliance on the landmark detector and tracker can lead
to incorrect reconstructions when hair occludes the face. Our formulation pro-
vides a foundation for future large-scale learning of dynamic hair, where richer
datasets and explicit collision modeling can be naturally integrated.

Conclusion. In this work, we presented a novel dynamic head avatar frame-
work with explicit strand-based hair, learned end-to-end from multi-view video.
Our method represents hair as strand-aligned 3D Gaussians whose deforma-
tions are predicted by a temporal motion model conditioned on head angular
velocity, acceleration, and relative gravity. By combining an LSTM head pose
encoder with FiLM modulation and physics-based regularization, the approach
produces temporally coherent hair dynamics with strand-level geometric fidelity.
Experiments demonstrate high visual quality and improved motion plausibility
compared with state-of-the-art head avatar methods, both quantitatively and
qualitatively. We believe that explicitly modeling hair structure and dynamics
within a unified Gaussian avatar framework is a step toward more realistic and
controllable digital humans.
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