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Abstract. Hair simulation and rendering are challenging due to com-
plex strand dynamics, diverse material properties, and intricate light—hair
interactions. Recent video diffusion models can generate high-quality
videos, but they lack fine-grained control over hair dynamics. We present
CONTROLHAIR, a hybrid framework that integrates a physics simulator
with conditional video diffusion to enable precise and controllable dy-
namic hair rendering. CONTROLHAIR adopts a three-stage pipeline: it
first encodes physics conditions into per-frame geometry using a simu-
lator, then extracts per-frame control signals, and finally feeds control
signals into a video diffusion model to generate videos with desired hair
dynamics. This cascaded design decouples physics reasoning from video
generation, supports diverse physics, and makes training the video diffu-
sion model easy. Trained on a curated 10K video dataset, CONTROLHAIR
outperforms text- and pose-conditioned baselines, delivering precisely
controlled hair dynamics. We also demonstrate three use cases of CON-
TROLHAIR, including dynamic hairstyle try-on, bullet-time effects, and
cinemagraphic. Project page: https://linwk20.github.io /controlhair-web.

Keywords: Hair simulation - Controllable Video diffusion - Physics-
informed rendering

1 Introduction

Human hair simulation and rendering are long-standing research problems in
computer graphics [2,|13][25}/31,/45], with applications ranging from films and
games [5,/17] to VR/AR and digital humans [46,/49]. However, hair is excep-
tionally complex, involving tens of thousands of interacting strands as well as
intricate material properties and light scattering. This complexity makes simu-
lation and rendering challenging and computationally demanding.

Video diffusion models [11}|21,{30,/40,51] have demonstrated the ability to
generate high-quality videos rivaling professional production. Beyond common
text- and image-conditioned generation, recent works have explored fine-grained
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Fig. 1: Given a reference image, CONTROLHAIR converts physics conditions (e.g., hair
stiffness, wind, or human motion) into per-frame control signals using a physics sim-
ulator. These signals, combined with a reference image, guide a diffusion model to
generate photorealistic videos with controlled hair dynamics.

and multi-modal controls to enable practical usecases. Examples include condi-
tioning video generation with human pose 7 lighting , or speech and
music . This suggests a promising direction for dynamic hair rendering: one
can formulate it as a conditioned generation problem, where physics parameters
serve as input conditions and the output is a video with desired hair dynamics.
Fig.[T]illustrates the overall setting: user-specified physics conditions are con-
verted into geometry controls that guide video generation from a reference image.
However, none of the existing conditional video diffusion methods support fine-
grained control over dynamic hair rendering. This limitation arises from two
challenges: (1) There are numerous physics parameters that influence hair dy-
namics, including intrinsic hair properties (e.g., mass, stiffness, damping) and
external forces (e.g., gravity, wind). There is still no general encoding mechanism
that can accommodate the diverse conditions. (2) training such conditional mod-
els would require videos annotated with ground-truth physics. However, physics
like hair property or wind direction/strength are difficult to infer from videos.
To overcome the above challenges and enable dynamic hair rendering using
diffusion models, we first formulate hair simulation and rendering as an image
animation problem in the context of conditional video generation (Sec. . We
then introduce CONTROLHAIR, a video diffusion framework for physically-based
hair rendering, targeting portrait and digital-human hair rendering.
CONTROLHAIR uses a physics simulator to convert physical parameters into
per-frame geometry, which then conditions the diffusion model. This design
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makes CONTROLHAIR agnostic to the specific physics input and reduces an-
notation cost, since training only requires per-frame geometry rather than hard-
to-infer physical parameters. CONTROLHAIR consists of three key components:

Simulator-based Physics Encoding. Physics conditions for hair rendering
span a wide range of intrinsic parameters and external forces, often specific to the
scene, task, or physics model. A straightforward approach is to directly feed these
parameters into a diffusion model. However, this introduces two key challenges.
First, there may be tens of parameters, making it difficult for the diffusion model
to learn the effects of different physics factors. Second, any change in input
physics requires redesigning the diffusion model, recollecting training data, and
retraining the model, which limits flexibility and generality.

CONTROLHAIR addresses above issues by cascading a physics simulator be-
fore the diffusion model. We first estimate a 3D hair model from the input image.
The simulator then takes physics parameters as input and use them to generate
per-frame hair geometry (Sec. |4.1)). This simulation-+diffusion hybrid approach
has two advantages. First, it offloads dynamics generation to the simulator, re-
laxing the burden of physics reasoning in the diffusion model. Second, we unify
the diffusion model input as per-frame geometry. This decouples the diffusion
model from specific physics settings: whenever the physics conditions change, we
only need to swap the simulator, without redesigning downstream modules.

Per-frame Control Signals Extraction. After obtaining the per-frame
hair geometry, we convert it into control signals for the video diffusion model
(Sec. . We first project the 3D geometry onto 2D images along the desired
camera trajectory. From these projections, we extract per-frame hair strand
maps [56] and human poses [50] as control signals, which guide the video diffusion
model on a per-frame basis. This control-signal design is motivated by three
reasons. First, by projecting 3D geometry to 2D, we can control the poses of
the generated frames. Second, strand maps and human poses depend only on
geometry, which is available from simulation. Third, these per-frame control
signals can be easily extracted from 2D frames in real-world videos, making data
annotation easy. This greatly reduces the difficulty of training data annotation
compared to inferring precise 3D geometry or underlying physics.

Conditioned Video Diffusion for Hair Rendering. Finally, we design a
conditioned video diffusion model that takes a reference image (for appearance)
and the per-frame control signals to generate desired RGB video (Sec. . The
reference image is encoded using Wan encoder [40|, while the per-frame control
signals are encoded with a 3D convolution neural network. For training, we col-
lect a large set of high-quality real-world videos containing hair and annotate
them with strand maps and human poses to construct input control signals. The
reference image is sampled from the video. The model is then trained to map the
reference image and control signals to RGB videos. To leverage the prior of pre-
trained models, our model is finetuned from pretrained model using LoRA [14],
which adapts the model with low-rank updates to the weight matrices.

Unlike purely data-driven models that lack fine-grained control over the
physics in generated videos, CONTROLHAIR conditions on user-defined physics
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simulation, enabling detailed, interpretable, and editable dynamics. Experiments
show that CONTROLHAIR outperforms existing video diffusion models in control-
lable dynamic hair rendering. We further showcase its applicability with diverse
use cases, including dynamic hair try-on, bullet-time effects, and cinemagraphic
animation. Our contributions are summarized as follows:

— We formulate controllable dynamic hair rendering as a conditional video
generation problem with physics inputs.

— We introduce the first video diffusion framework that incorporates a physics
simulator to support fine-grained hair-related physics control.

— We design a control signals extraction pipeline to bridge simulators and diffu-
sion models, enabling pose control and simplifying training data annotation.

— We design a conditional video diffusion model for hair rendering and con-
struct a large-scale, high-quality training set.

2 Related Work

2.1 Controllable Video Diffusion Models

Video diffusion has achieved significant quality improvements through both data
and computational scaling, with powerful closed-source models |9{10,[30,(32] and
open-source counterparts [21,[401[51,/57]. Among them, the Wan series |[40] has
achieved extraordinary quality. Our diffusion model builds on the Wan 2.1 archi-
tecture, with modified interfaces and extra encoder modules to enable control-
lable dynamic hair rendering. Beyond text and image conditions, recent works
incorporate additional control signals such as human pose [42}/43], sketch |18]/48],
camera trajectory [12], audio [3}/39], style [52], and lighting [22]. PhysAnima-
tor [47] uses a simulator to guide dynamics generation, but is limited to 2D
mesh deformation. None of the existing works investigate control over the phys-
ical dynamics of fine human hair structures. Our work uniquely combines video
diffusion with a physics simulator to encode hair-related physics.

2.2 Hair Simulation and Rendering

Human hair simulation and rendering are long-standing challenges in computer
graphics. Simulation must account for tens of thousands of interacting strands,
while rendering requires handling complex materials and light-scattering effects.

Various physics simulation methods have been proposed for hair dynam-
ics, such as mass-spring chains [33|, rigid multi-body chains [1], discrete elastic
rods [2], Material Point Method [6], hybrid approaches [13], and learning-based
methods |24]. These simulations are built on different physics models tailored for
different tasks. Ideally, we should select the most suitable model given a task.
However, the diversity of physics parameters across models makes it difficult
to design a single diffusion model for all possible physics parameters input. For
hair rendering, prior works have explored physically based [|27}29}31,/58] and
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Table 1: Input conditions for conditional video generation.

Reference Image Hair Properties External Forces Camera Trajectory

Human, hair, Mass, stiffness, Wind, gravity, Pose per frame,
environment lighting damping, thickness friction, human motion viewpoint changes

data-driven methods [25,45|. However, they either require complex modeling or
fail to produce photorealistic results.

Our framework is compatible with arbitrary physics parameters and simu-
lators because we unify the diffusion model input as per-frame geometry. This
allows us to switch freely across different simulation models for a given task
without redesigning the diffusion model. For hair rendering, we adopt video dif-
fusion priors to avoid complex hair material and light modeling, while producing
photorealistic and temporally consistent results.

Related hair-avatar systems, such as HHAvatar |23], DGH [41], and HAAR [37],
focus on reconstructing or generating hairstyles, and are complementary to CON-
TROLHAIR’s focus on controllable dynamic hair rendering.

3 Problem Formulation

We first formulate dynamic hair rendering within a conditional video generation
framework. This formulation extends naturally to physics-conditioned genera-
tion of other deformable objects. Concretely, we model it as image animation
problem:the inputs include a reference image I,.f, physics parameters P, and a
camera trajectory Tcam. The output is a video V that preserves the reference
appearance while following the dynamics dictated by P and camera trajectory
defined by T¢am, which can be written as:

V= g(Irefytpa’]zam) (]-)

where G denotes the conditional video generator. We now specify the physics
parameters P that govern hair dynamics. We categorize them into two groups:
intrinsic hair properties (Phair) and external forces (F). The former characterizes
hair geometry and physical attributes that determine how strand responses to
external stimuli (e.g. mass, stiffness). The latter captures external forces in the
scene such as wind or gravity. We summarize the conditions and examples in
Thl. [I}] Note that the physics parameters P are not fixed, as they depend on
the task and the underlying physical modeling principles. We can rewrite the
formulation in Eqn. [1] as:

V= g(Irefa 7)ha»ira ]:; 7—cam) (2>

where G must fuse Ief, Phair, F, and Team to produce a video in which ap-
pearance, hair dynamics, and camera motion are faithfully controlled. However,
directly feeding these conditions into G makes generation difficult. To address
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Fig. 2: CoNTROLHAIR enables controllable dynamic hair rendering via three stages: (1)
Simulator-based Physics Encoding (Sec. , (2) Per-frame Control Signal Extraction
(Sec. , and (3) Conditioned Video Diffusion for Hair Rendering (Sec. .

this, people usually employ some form of encoder that transforms the conditions
into control signals better suited for G. For instance, one of the most widely
adopted approaches, ControlNet 53|, unifies all conditions into control signals
that share the same shape as the target output, i.e., the video V in our formu-
lation. Based on this idea, we can rewrite Eqn. [2] as:

V= g(EI(Iref)7 Ehair(Phair>7 EF (]:)7 ET (7::am)) (3>
where E, Eyair, Er, E7 denote encoders that transform the corresponding input
conditions into control signals consumed by G. Prior work has studied encoding
the reference image for appearance control [40] and encoding camera trajecto-
ries for pose control [12|. However, accurately encoding dynamics-related physics,
such as Phair and F, remains unexplored. The difficulty arises because of two
reasons: (1) the effects of physics parameters are often highly entangled, making
it difficult for a model to disentangle their effects. For example, lower damping,
weaker gravity, or stronger wind can all lead to similar visual outcomes, such as
elevated hair strands. (2) The parameter set P may vary across physics mod-
els designed for different tasks, which makes it challenging to design a single
diffusion model that handles all inputs. Based on these reasons, an ideal condi-
tion encoding mechanism must both ease model learning and remain flexible to
accommodate diverse physics inputs.

4 Method

In CONTROLHAIR, we investigate physics encodings that is both general and
precise, which also reduce training data annotation cost. CONTROLHAIR adopts
a three-stage pipeline as shown in Fig. [2| First, we encode physics conditions
into per-frame hair geometry using a physics simulator (Sec. . Second, we
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extract per-frame control signals by (1) projecting the geometry onto the 2D
image along the camera trajectory and (2) extracting strand maps and human
poses (Sec. . Finally, the per-frame control signals, together with the reference
frame, are fed into a video diffusion model to generate the output video (Sec. .
We can also map stages in CONTROLHAIR to Eqn. [3] The first two stages
encode physics conditions and camera trajectories to produce control signals,
corresponding to Eqair, EF, Er. The final stage employs Ej from Wan 2.1 [40]
to encode the reference image and uses a video diffusion model as G that jointly
processes all encoded control signals. We describe each stage in detail below.

4.1 Simulator-based Universal Physics Encoding

Motivation. Encoding physics into video generation is challenging. First, many
parameters have highly entangled effects. For example, decreasing hair mass,
increasing wind force, or reducing gravity can all amplify hair motion, making it
difficult to disentangle their contributions and learn the correct physics. Second,
different target effects often require different physical modelings, which introduce
distinct physics parameters. It is therefore difficult to design a universal video
diffusion that can handle arbitrary parameters across diverse physics models.

To address the above challenges, CONTROLHAIR cascades a physics simulator
before running video diffusion (Stage 1 in Fig. . The simulator takes as input
user-defined physics parameters, i.e., intrinsic hair properties and external forces
(Thl. , together with a 3D hair strand model estimated from the reference
image. It then performs time-step simulations on the 3D hair model to infer
per-frame hair geometry. The process can be formulated as:

Hy.r = S(H, Phair, F), (4)

where H is the 3D hair model estimated from the reference image, Phair, F
represent hair intrinsic properties and external forces, respectively, and S is a
physics simulator Hy.p is per-frame hair geometry over T frames.

We encode Ph,ir by configuring hair-related physical parameters in the sim-
ulator. For external forces F, standard settings cover most cases, such as wind
strength /direction and gravity. To account for the effect of human motion (a com-
ponent of F) on hair dynamics, we instantiate a digital human in the simulator,
attach hair strands to its scalp, and drive the character with the desired motions.
This setup allows human motion to directly influence hair behavior. The simula-
tor finally outputs Hy.r. The Hy.7 is then encoded into per-frame control signals
(Sec. , which will be used to guide the video generation (Sec. . Note
that we are free to switch among different simulators (S) and physics conditions
(Phair, F) as long as the output of the simulator is per-frame hair geometry.

This cascaded, decoupled design offers two key advantages. First, it delegates
the physics reasoning to simulator, leaving the video diffusion model to focus on
photorealistic inpainting based on simulated geometry, thereby reducing its bur-
den. Second, it unifies diverse physics parameters into a common representation:
per-frame hair geometry. As a result, users can modify the parameter set for
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different tasks simply by switching to a suitable simulator, without altering the
downstream design. However, estimating 3D hair strands from a single image
may introduce geometric errors, as it is an under-constrained problem. These
errors could propagate into the generated video. Fortunately, we observe that
the diffusion model, guided by the reference image, often corrects mismatches
caused by this imperfect reconstruction. We further discuss this in Sec. [0}

4.2 Per-frame Control Signals Extraction

After obtaining per-frame hair geometry Hi.1 from the simulator, we convert
it into control signals for video diffusion. Here, the inputs include Hi.r and a
human model sequence Mj.1, defined by the sequence of human poses in F. This
stage then outputs per-frame control signals for the video diffusion model, which
control both hair dynamics and human motion. Inspired by recent controllable
generation [42,[43]53], we define the control signals to have the same shape as
the output video (T x H x W), thereby providing pixel- and frame-wise control.
We impose two requirements on the control signals: (1) they must reflect the
desired camera trajectory Tcam to allow camera pose control, and (2) they should
depend only on geometry, as the physics simulator produces purely geometric
results. CONTROLHAIR generates the control signals in two steps (Stage 2 in
Fig.[2): (1) trajectory-aware 3D-to-2D perspective projection and (2) geometric
feature extraction. The first step ensures that the camera trajectory is encoded,
and the second ensures the control signals depend only on geometry.
Trajectory-aware perspective projection. To generate control signal for
frame t, we first project the hair geometry and human model at time t to 2D im-
age using the camera pose Tcam,t, producing a projected image Iproj,¢. Formally:

Iproj,t = H(Htu Mt; Tcam,t) (5)

where I1(-) denotes the perspective projection, which projects 3D objects onto
a 2D image with the same resolution as the target video. H; is the simulated
hair geometry at time t, and M represents the human model at time t, decided
by the human pose at time t. This operation is applied to all frames along the
camera trajectory, yielding Iproj1.7. This design enables explicit control over
camera pose, as validated by the bullet-time effect in Fig. [7]

Geometric feature extraction. After obtaining I, 1.7, we extract geo-
metric features as control signals. For hair, we use strand map [56], which re-
semble orientation map but disambiguate directional conflicts. For human pose,
we use sparse 2D Dwpose encodings |50]. Since the simulated 3D geometry is
available at inference time, strand maps can also be extracted analytically, which
may be more efficient. However, since analytical strand maps are unavailable for
the training data, we use estimated strand maps as in HairStep [56] and apply
the same estimator at inference time to maintain training-inference consistency.

The two features are then merged into a three-channel RGB control image
using a hair mask By, that indicates where hair occludes the human body.
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nals from a projected image. Control sig-  tracting our control signals from videos
nals are then fed into the diffusion model.  is easier than inferring the physics.

Formally, the geometric extraction G can be written as:
Ct = G(Iproj,t) = ¢strand(1pr0j,t> . Bhair + ¢pose(1proj,t) . (1 - Bhair) (6>

where Pgirand(-) and Ppose(-) denote the feature extraction processes for strand
map and human pose, respectively, both are neural networks in our implementa-
tion. Cy is the control signal for frame t which has same resolution as the output
video. We show an example of control signal extraction in Fig. [3] We obtain
Cyi.1 by applying this extraction to all projected frames Ip.j,1:1, which serve as
per-frame control signals for video diffusion model (Sec. [4.3)).

4.3 Conditioned Video Diffusion for Hair Rendering

With per-frame control signals Cq.7 and the reference image I,.f, we use a con-
ditional video diffusion model G to generate the video V.1 (Stage 3 in Fig. [2)):

VI:T = g(El(Iref)v ECSD(CI:T)7 ECZD(G(Iref))) (7)

where Cq.7 provides frame-wise geometric constraints, while the reference im-
age Lf, encoded by Ej, specifies appearance constraints. We use Wan 2.1 en-
coder [40] as E;. Before feeding the control signals into the diffusion backbone,
we encode them using a 3D convolutional network Fcsp. In addition, we extract
geometric features (Eqn. @) from the reference image, encode them with a 2D
convolutional network Ecop. Our design follows previous controllable diffusion
models [42,/43/53]. All encodings are fed into a Wan 2.1 diffusion transformer
(DiT), which generates video with controlled hair dynamics and human motion.
Data Annotation Made Easy. No existing diffusion model supports our
control signals. To address this, we fine-tune a pretrained model with paired
control signals and RGB videos. Through this training, the model learns to map
control signals, together with a reference image, into video. To obtain such data,
we annotate RGB videos with control signals and sample one frame from each
video as the reference image. Specifically, we run geometric feature extraction
(Eqn. @ on every video frame, with By, estimated by a hair segmentation
network. This gives us the control signals. We show annotation in Fig.
CONTROLHAIR makes training data annotation easier because inferring un-
derlying physics from videos is challenging. To enable high-quality training, we
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collect 30K real-world videos containing hair. We crop each video to focus the
upper body and hair, and filter samples by resolution and aspect ratio. After
annotation, we obtain a curated dataset of 10K videos. Training. To leverage
priors from pretrained diffusion models, we initialize our model with pretrained
weights from UniAnimate-DiT [43] and fine-tune it with our annotated dataset
to learn the mapping from new control signals to videos. During training, we
keep the Wan encoder and decoder 40| fixed. We fully fine-tune only the con-
volutional networks. For the DiT backbone, we apply LoRA [14], which adapts
the model by adding only low-rank components to the weights. The motivation
is that the DiT backbone contains most of the parameters and prior knowl-
edge; using low-rank fine-tuning not only reduces computation but also prevents
overfitting to our dataset.

5 Evaluation

5.1 Experimental Setup

Dataset. We train CONTROLHAIR on a dataset (Sec.[4.3)) covering diverse videos.
To characterize the training data, we annotate the visual appearance and motion
of randomly sampled videos and report in the Supplementary Material [B]

For image animation evaluation, we use long-hair images from FFHQ-Wild |20]
to assess rich hair dynamics, since short hair exhibits limited motion. For control-
signal-to-video evaluation (Sec. [5.3), we generate ~100 candidate videos with
wind- or human-motion-driven hair dynamics using Google VEO 2 [10], filter
visually similar clips, and select 10 diverse videos as the evaluation set.

Implementation Details. We describe the design choices of each module in Fig. [2}

— In Stage 1, we adopt DiffLocks [34] to extract 3D hair strands from a single
image, and use Blender’s particle system [7] to simulate hair dynamics. The
simulator exposes configurable physical parameters, including hair proper-
ties such as mass, stiffness, and damping, and external forces such as wind,
human motion, and gravity. We use these parameters as user controls for
better controllability and keep unspecified parameters at their default val-
ues. Unless otherwise specified, we use mass = 0.1, stiffness = 6, damping
= 9, wind strength = 10, and gravity = 1 (scale factor) as a stable default
setting. For specific cases, users may tune these parameters, and future work
could use vision-language models to predict suitable values.

— In Stage 2, we use Blender’s camera system for perspective projection. The
strand maps are extracted with a pretrained U-Net from HairStep [56], and
2D human poses are estimated using DWPose [50].

— In Stage 3, we follow the network design of UniAnimate-DiT [43] and adopt
the encoder, decoder, and DiT from Wan 2.1 [40]. We set the output video
resolution to 81 x 832 x 480 (TxHxW) for all experiments.

During training of diffusion model, we fix the encoder and decoder from Wan,
fully finetune the convolutional network, and train the DiT with LoRA [14] (rank
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Fig.5: Qualitative comparison with baselines under strong wind (top) and human
motion (bottom). Only CONTROLHAIR generates desired control of hair dynamics.

= 128) to enable hair-conditioned video diffusion. Training is performed with a
learning rate of 1 x 1074, a batch size of 4, and 10K iterations, taking three days
on four H100 80GB PCle GPUs.

Runtime Analysis. We report the runtime of CONTROLHAIR on a machine
equipped with an AMD EPYC 9354 CPU and an NVIDIA RTX Pro 6000 Max-
Q GPU for generating an 81-frame video. Hair reconstruction takes 22 seconds,
Blender simulation takes 326 seconds, control-signal extraction takes 21 seconds,
and video diffusion takes 853 seconds. The full pipeline therefore takes 1222 sec-
onds, or about 20 minutes, per video. The current system is designed for offline
generation rather than real-time rendering. The main runtime bottlenecks are
Blender simulation, which lacks GPU acceleration in our setup, and high-quality
video diffusion inference. We treat real-time interactive inference as future work.

Baselines. Since no prior video generation method targets controllable hair
physics, we compare CONTROLHAIR with two intuitive alternatives to show that
CONTROLHAIR enables more precise and detailed control over hair dynamics:

— Wan2.1 : a strong video diffusion model that supports image-to-video
generation conditioned on text prompts. We provide detailed text prompts
to describe the physics.

— UNIANIMATE-DIT : a image-to-video generation framework conditioned
on per-frame human pose and text.
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Table 2: Quantitative comparison between generated and ground-truth results.

Method PSNR 1 SSIM 1 LPIPS |

Wan 2.1 [40] 11.65 0.518  0.499
UniAnimate-DiT [43] 15.78 0.637  0.390
CoNTROLHAIR (Ours) 17.15 0.668 0.370

5.2 Qualitative Comparison

We evaluate CONTROLHAIR against baselines under two physics settings. Set-
ting 1 applies strong wind to the hair, while Setting 2 applies head motion that
induces hair dynamics The results are shown in Fig. [5}

In Setting 1 (top), we add a strong wind to blow the hair of the reference
image. The wind direction is rotated 70° clockwise (top-down view) from the
camera view, centered on the person. For the baselines, the only way to rep-
resent wind is through text prompts. We provided detailed prompts explicitly
describing strong wind effects, as shown in Fig. [5] However, even with aggressive
wording (e.g., “strong wind”), both baselines fail to move the hair, highlighting
the difficulty of controlling fine-grained physical effects via text conditions. In
contrast, CONTROLHAIR leverages control signals from a physics simulator and
is able to drive hair motion in the expected direction.

In Setting 2 (bottom), the user’s head is required to first rotate to the right
of the camera, then to the left, and finally return to the center. We evaluate two
aspects: whether the head motion follows the specified sequence, and whether the
hair dynamics are controllable. In WAN2.1, we use detailed text prompt shown in
Fig.[5l Although the prompt clearly specifies the intended motion, the generated
video shows the head turning only to the right but never to the left, violating
the required sequence. UNIANIMATE-DIT successfully controls the head pose, as
it is conditioned on human poses, however, it cannot control hair dynamics and
instead relies solely on the diffusion prior. In contrast, CONTROLHAIR achieves
accurate control of both head motion and hair dynamics by following simulator-
provided signals, yielding more controllable results.

5.3 Quantitative Comparison

We now evaluate qualitatively how well CONTROLHAIR leverages and follow the
control signals. We use the control-signal-to-video reconstruction task, which is
widely adopted in controllable generation [15]/19,/42]. Specifically, we treat videos
generated by Google VEO 2 [10] as ground truth (the user-expected video) and
extract control signals from them, which are then used to reconstruct the original
videos. For WAN2.1, we use manually annotated text prompts as control signals.
For UNIANIMATE-DIT, we include additional per-frame human poses extracted
using DWPose [50]. For CONTROLHAIR, control signals include per-frame human
poses and hair strand maps, which is extracted using Eqn. [6} Our goal is to test
if each model can follow the control signals to reconstruct the expected video.
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The results are shown in Tbl. [2] where we compare the generated and ground-
truth videos using widely adopted frame-similarity metrics: PSNR , SSIM ,
and LPIPS . The results are averaged across all frames in all videos. WAN 2.1
performs the worst, as text prompts cannot precisely capture per-frame physics.
UNIANIMATE-DIT performs better since it has additional human poses input.
Among all methods, CONTROLHAIR achieves the best results, achieving im-
provements of up to 47%, 29%, and 26% in PSNR, SSIM, and LPIPS. This
indicates: (1) CONTROLHAIR has the highest physics controllability, and (2)
CONTROLHAIR can leverage hair-dynamics control signals (strand maps).

5.4 TUse Cases

To demonstrate the applicability of CONTROLHAIR, we showcase three represen-
tative use cases: dynamic hair try-on, bullet-time hair effects, and cinemagraphic.
Dynamic Hair Try-On. Hair try-on is an important task: it allows users to
preview whether a hairstyle suits them before making changes. However, prior
work has focused only on static try-on , limiting users’ understanding
of dynamic hairstyle appearance. To enable dynamic hair try-on, we cascade
CONTROLHAIR after the static hair try-on system HairFusion .

The results are shown in Fig. [} Given a user image and a target hairstyle, we
first apply HairFusion to obtain a static try-on image. We then use CONTROL-
HAIR to introduce dynamics such as head rotations (first row) or wind effects
(second row), yielding the final dynamic hair try-on videos. The results show
that by combining CONTROLHAIR with a static try-on system, we extend static
hair try-on to dynamic hair try-on with detailed and controllable dynamics.

Bullet-Time Hair Effects. As discussed in Sec. we can control the
camera trajectory of video generation by manipulating the perspective projec-
tion. This enables bullet-time effect: at a specific moment of physics simulation,
we can freeze the simulator to lock the hair geometry and render the scene from
different viewpoints. This allows users to observe the hair from different perspec-
tives at the same instant. We showcase this application in Fig. [7] by first applying
a left-to-right wind in the physics simulator. We then freeze the simulator. After
freezing, we rotate the camera around the person: 20° to the right, followed by
40° to the left. The hair is frozen, and the camera trajectory is well-controlled.
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Freeze Simulation

\ + Move camera Bullet-time
— )
K Hair Effect
Freeze Simulation
+ Move camera Bullet-time
> Hair Effect

User Image with Generated Videos
Image wind-blown hair

Fig. 7: Bullet-Time Effects. We freeze the physics simulator and rotate the camera
around the user to produce the bullet-time effect.

+ Reverse playback
and looping

+ Reverse playback

Wind and looping

Fig. 8: Cinemagraphic. We animate only the hair and append reverse playback to the
video, achieving a cinemagraphic effect.

Cinemagraphic Effects. Beyond animating images, CONTROLHAIR can
generate unconventional physical effects such as zero gravity, extremely stiff or
soft hair, or unusually strong wind. Such effects are difficult to generate using
other diffusion models if they are absent from the training data. To showcase this
capability, we use CONTROLHAIR to generate videos with cinemagraphic effects.
Specifically, we design the effect such that the human subject remains static
while only the hair is animated, and the video is looping. Such effect is difficult
to capture in the real world, and producing them requires post-processing.

To achieve this effect, we fix the human pose in the control signals while
applying wind to the hair. Looping is enabled by appending a reversed play-
back segment to the video. The results are shown in Fig. [§ where the model
successfully freezes the human while animating the hair.

6 Discussion

CONTROLHAIR may also introduce two kinds of errors. First, the 3D hair model
estimated from a single input image in Stage 1 can be inaccurate because single-
view reconstruction is under-constrained. The video diffusion model can some-
times correct these errors using the reference image, and we show such failure
cases in the Supplementary Material Future work could mitigate this issue
by using multi-view priors to infer more accurate 3D hairstyles.
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Second, the performance of the physics simulator affects the final results.
If the chosen simulator is imperfect, the generated video may look unrealistic.
However, we observe that when the physics simulator is sufficiently accurate, as
in the control-signal-to-video tasks (Sec. , our diffusion model can generate
highly realistic results. To further improve simulation quality, one can adopt a
more advanced simulator [36] or even a neural simulator learned from data [24].

Extreme Cases. We also tested extreme scenarios such as multiple wind
sources combined with drastic human motion. Experimental results demonstrate
that CONTROLHAIR can handle these extreme cases. We found Blender physics
simulator might diverge under certain extreme physics or very short hair; how-
ever, this is related to the choice of simulator and is independent of the our
framework. We also show full-body and out-of-distribution examples with large
motion in the Supplementary Material [C} large motion may still cause blurred
frames, a common limitation of current video diffusion models.

7 Conclusion

We presented CONTROLHAIR, a three-stage pipeline decouples physics reason-
ing from video generation, integrates physics simulators with video diffusion
to enable fine-grained control over the physics. Trained on a curated dataset,
CONTROLHAIR outperforms baselines in both qualitative and quantitative eval-
uations. CONTROLHAIR also enables diverse applications, including dynamic
hairstyle try-on, bullet-time effects, and cinemagraphic. The hybrid design in
CONTROLHAIR opens possibilities for embedding physics into generative video
models, paving the way toward controllable and physically grounded rendering.
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