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(1) Learning-based volumetric hair deformation
(2) Coarse-to-fine hair deformation dynamics 
(3) Differentiable dynamic hair appearance optimization

Hair  strand 

Cylindrical 
Gaussian primitives

Gaussian hair 

length ≫ radius

"!"#

"!

Hair  tangent 

"!$#

#!"#

#! $
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Hair Length Distribution Hairstyle Distribution 

w/o tan.&blend w/o blend Ours full  Ground truth  

Ours Gaussian Haircut [9] 3D GS [34]
Subject PSNR" SSIM" LPIPS# PSNR" SSIM" LPIPS# PSNR" SSIM" LPIPS#

Subject 1 28.026 0.906 0.101 23.248 0.873 0.101 20.747 0.852 0.132
Subject 2 24.817 0.820 0.169 20.921 0.791 0.180 19.972 0.772 0.215
Subject 3 24.987 0.744 0.227 20.960 0.742 0.236 19.972 0.687 0.287
Subject 4 27.534 0.955 0.071 24.181 0.906 0.078 20.246 0.894 0.101
Subject 5 29.681 0.933 0.069 26.053 0.924 0.058 23.605 0.906 0.083
Average 27.009 0.871 0.127 23.073 0.847 0.131 20.908 0.822 0.164

Table 1. Comparison with others baselines on hair appearance. We report PSNR", SSIM", and LPIPS# for
each groomed subject to compare our method with other baselines in rendering quality.

Metrics. We evaluate the quality of rendered images via reconstruction fidelity (PSNR [54]), local
structural similarity (SSIM [54]), and perceptual similarity (LPIPS [52]) between the synthesized
images and the ground truth. We evaluate per-frame motion via the L2 error, Chamfer distance [55],
between our dense hair point cloud and the ground truth. We evaluate the temporal consistency of the
hair motion via the L2 error between the flow vectors in the predicted and ground-truth point cloud
sequences, and we show the flow error of different settings in Fig. 7

Baselines. Our framework learns dynamic hair motion and time-varying appearance using Gaussians
in a differentiable manner. We compare against 3DGS [34] and Gaussian Haircut [9], retraining both
on our synthetic dataset for each static hairstyle. Since dynamic hair modeling is underexplored, we
integrate our dynamics model into each baseline, optimize their canonical hair appearance, and re-
animate hair using our estimated motion for fair comparison. We further benchmark dynamics against
two references: rigid-transformed canonical hair (lower bound) and physics-based XPBD [53] results
(upper bound). Full baseline-training and implementation details are provided in the Appendices.

Setting Error#
Ours w/o SDF 0.1269
Ours w/o motion 0.0964
Ours w/o atten. 0.0909
Ours full 0.0832

Table 3. Hair dynamics ablation. We show the L2
error across settings on deformed hair test sets.

Setting PSNR" SSIM" LPIPS#
Ours w/o tan. & blend 20.89 0.80 0.19
Ours w/o blend 25.08 0.88 0.18
Ours full 28.12 0.90 0.19

Table 4. Hair appearance ablation. We compare dif-
ferent appearance model settings on rendering quality.

Sample frames: camera view 1 Sample frames: camera view 2

Figure 6. Dynamic Gaussian Hair qualitative evaluation. We present qualitative visual results across various
hairstyles and camera views, where the driven motion is obtained from the Mixamo MoCap data [56].

4.1 Results

Tab. 2 shows that our deformation model significantly enhances realistic hair deformations and
reduces errors compared to rigid transformations on static hair. As shown in Fig. 4, applying
rigid transformations to static hair leads to unnatural deformations, such as the absence of gravity
effects and hair penetrating the body mesh. Tab. 1 presents a quantitative comparison of our
method with GH (Gaussian Haircut) [9] and 3DGS [34] on our synthetic dynamic hair dataset.
Our approach consistently achieves the highest PSNR and SSIM across all subjects, indicating high-
fidelity rendering quality. In Fig. 5 and 6 we further demonstrate dynamic hair appearance across
different frames and hairstyles. Qualitative comparisons demonstrate that without our appearance
optimization, both 3DGS and strand-based Gaussian representations suffer from degraded rendering
quality due to hair self-occlusions. In contrast, our motion-dependent appearance model is robust
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Evaluation

(1) In the wild strand-level dynamic hair capturing is challenging.
(2) High complexity and poor generalization due to intricate physical 

interactions across diverse hairstyles
(3) Heavy computation required for realistic simulation and rendering
(4) Weak dynamic control in NeRF/3DGS avatars, where hair motion is largely 

rigid with minimal non-rigid effects.

Can a photorealistic digital human truly feel alive if their hair never moves?
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Curvature-based Gaussian blending. Unlike continuous surfaces, Gaussian hair treats each segment
as an independent shading unit, each with its own tangent vector ti. In high-curvature regions, large
angular differences between adjacent tangents (ti, ti+1) can cause shading discontinuities. Although
increasing segment density can alleviate this issue, hair tracking typically uses a fixed number of
segments per strand. Here we present a simplified hair diffuse shading formulation:

Ii / max(0, ti · l),

|Ii � Ii+1| / |max(0, ti · l)�max(0, ti+1 · l)| .
(7)

where Ii is the shading intensity of the i-th hair segment, ti is its tangent direction, and l is the
light direction. The shading discontinuity between adjacent Gaussians is represented by |Ii � Ii+1|,
and this value increases with curvature. To address this, we introduce a curvature-based blending
algorithm that adaptively adjusts the interpolation of Gaussian parameters (color and opacity) based
on local strand curvature. For each segment i, we compute the tangent vector ti, curvature i, and
normalized curvature ̃i, which is used as the blending weight wi:

ti =
pi+1 � pi

kpi+1 � pik
, i = kti � ti�1k,

̃i =
i

max + ✏
, wi = ̃i,

(8)

where pi denotes the 3D position of the i-th point along the strand, max is the maximum curvature
across the strand, and ✏ is a small constant for numerical stability. We apply wi to blend spherical
harmonics (SH) coefficients and opacity ↵ between adjacent Gaussians:

SHblended,i = SHi · (1� wi) + SHi�1 · wi,

↵blended,i = ↵i · (1� wi) + ↵i�1 · wi.
(9)

As shown in Fig. 8, our curvature-based blending significantly improves the visual continuity of hair
rendering, particularly in curved regions. This blending is jointly optimized with other Gaussian
parameters (e.g., position, scale, SH, opacity) during training, enabling more realistic and temporally
coherent appearance in dynamic hair sequences.

3.3 Inference and Implementation Details

We train our model on a single A100 GPU using the Adam optimizer and a learning rate of 1⇥ 10�4

for both stages. In Stage I, each iteration samples 200k points from the hair point cloud. Here we
provide the formal definitions for Eq. 1, including the point loss Lpoint =

1
N

PN
i=1kp̂i � pGT

i k
2
2 and

the SDF penalty loss LSDF = 1
N

PN
i=1 max(0, � SDF(p̂i)), where p̂i is the predicted 3D hair point,

pGT
i is the corresponding ground-truth hair point, and SDF(p̂i) denotes the signed distance to the

body surface. We penalize points inside the mesh via the ReLU (i.e., max(0, ·)) operation. For Eq. 1,
we set �p=1.0 and �SDF=0.01; for Eq. 6, we set �rgb=1.0, �ssim=0.1, and �lpips=0.1.

During inference, we are given a head motion sequence and a canonical hair groom. For t = 0,
we apply only the coarse stage to initialize the dynamic hair. At t = 1, the fine stage is used
with self-attention over the result from t = 0, and the input flow F

0
flow is set to 0. For t > 1, the

pipeline operates recurrently as described. Once the dynamic hair sequence is obtained, we infer
hair appearance based on the tracked hair positions to achieve dynamic hair rendering. For further
implementation details (runtime and memory analysis), please refer to the Appendices.

4 Experiments

Dataset. Due to the lack of real hair tracking data, we generate a synthetic dataset using XPBD-based
physics simulation [53]. It includes dynamic sequences across diverse hairstyles, driven by motion-
captured head movements. Each simulated groom consists of 1500k hair strand with 24 vertices per
strand. For each hairstyle, we simulate 100 motion sequences of 100 frames, totaling 10k frames.
Each frame includes deformed hair positions, head motion parameters, and the upper-body mesh.
To generate our dynamic hair appearance dataset, we simulate 500 frame sequences per groom and
render multi-view videos from 24 camera angles in Blender. See the Appendices for dataset details.
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