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Figure 1: We present RigAnyFace (RAF), an auto-rigging framework that supports facial meshes of
diverse topologies with multiple disconnected components such as eyeballs. These meshes are drawn
from diverse sources and cover both humanoid and non-humanoid heads. Given only a neutral facial
mesh and explicitly controllable FACS parameters specifying activated action units, RAF accurately
deforms the input mesh into corresponding FACS poses, creating an expressive blendshape rig.

Abstract

In this paper, we present RigAnyFace (RAF), a scalable neural auto-rigging frame-
work for facial meshes of diverse topologies, including those with multiple discon-
nected components. RAF deforms a static neutral facial mesh into industry-standard
FACS poses to form an expressive blendshape rig. Deformations are predicted
by a triangulation-agnostic surface learning network augmented with our tailored
architecture design to condition on FACS parameters and efficiently process dis-
connected components. For training, we curated a dataset of facial meshes, with a
subset meticulously rigged by professional artists to serve as accurate 3D ground
truth for deformation supervision. Due to the high cost of manual rigging, this
subset is limited in size, constraining the generalization ability of models trained
exclusively on it. To address this, we design a 2D supervision strategy for un-
labeled neutral meshes without rigs. This strategy increases data diversity and
allows for scaled training, thereby enhancing the generalization ability of models
trained on this augmented data. Extensive experiments demonstrate that RAF is
able to rig meshes of diverse topologies on not only our artist-crafted assets but
also in-the-wild samples, outperforming previous works in accuracy and generaliz-
ability. Moreover, our method advances beyond prior work by supporting multiple
disconnected components, such as eyeballs, for more detailed expression animation.
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1 Introduction

Facial rigging aims to make a static neutral facial mesh animatable by defining a set of controllable
deformations, typically represented either as blendshape rigs driven by activated action units in
FACS-based systems [49, 31, 32, 54, 8, 7, 50] or as skeletal rigs driven by joint positions [64, 27, 48].
This is an essential step for creative AI, bringing digital avatars to life by enabling expressive and
realistic facial movements across a wide range of applications. However, creating a rig for facial
animation is laborious and expensive, often requiring skilled artists tens of hours to complete a single
asset. In this paper, we propose a fully automated and generalizable facial rigging framework that
alleviates the reliance on manual labor while achieving high-quality facial rigging.

Typically, facial auto-rigging methods transfer a complete set of blendshapes from a predefined
template mesh to a neutral target facial mesh, often necessitating dense correspondences [47, 58, 33,
11] or a fixed mesh topology between the template and the target [34, 6]. Recent approaches [65, 12]
utilize per-face VQ-VAEs [65] to build transferable latent spaces between faces or triangulation-
agnostic networks [12] to bypass these limitations. However, a template blendshape rig is still required,
which can compromise accuracy when the template and target shapes differ substantially. NFR [50]
is currently the only approach capable of directly rigging facial meshes from explicitly controllable
Facial Action Coding System (FACS) [49] parameters without relying on a template, although it has
so far been demonstrated primarily on humanoid heads. Furthermore, existing approaches, including
NFR, have yet to accommodate meshes with multiple disconnected components, such as eyeballs
or teeth, limiting their ability to animate highly expressive avatars; for example, an “eye lookdown”
pose is difficult to reproduce if the mesh lacks eyeballs.

To address the above challenges, we aim to build a facial auto-rigging framework with the following
advantages: (i) it eliminates the reliance on predefined template blendshapes, removing the constraint
that target facial meshes must rigorously resemble a predefined template; (ii) it is capable of animating
in-the-wild facial meshes with varying topologies and shapes, including humanoid and non-humanoid
samples as shown in Fig 1; and (iii) it supports facial meshes with multiple disconnected components
to enable realistic and expressive 3D face animations.

We present RigAnyFace (RAF), a scalable and generalizable framework for facial auto-rigging. RAF
employs a facial mesh deformation network built on DiffusionNet [55], a triangulation-agnostic
backbone for meshes of different topologies. Guided by explicitly controllable FACS parameters,
this network deforms a neutral facial mesh into a predefined set of FACS poses to form a blendshape
rig. Compared to the original DiffusionNet, we introduce two key modifications: (i) a conditional
diffusion block that extends the original diffusion block to incorporate FACS parameters as addi-
tional conditional inputs, and (ii) a global encoder designed to capture holistic mesh characteristics,
enabling effective handling of multiple disconnected components. For network training, we curated
a comprehensive dataset of facial meshes encompassing a wide variety of shapes with detailed
disconnected components such as eyeballs and teeth. A subset of these meshes was meticulously
rigged by professional artists to provide accurate ground-truth for 3D deformations.

Relying solely on rigged heads for training limits the model’s generalizability in practice, given the
scarcity of rigged samples due to the high cost of manual rigging. This motivates us to employ 2D
supervision, which offers better accessibility and broader scalability compared to 3D supervision. We
developed a 2D supervision strategy for 3D facial mesh deformation models, integrating appearance
guidance from RGB images for prominent facial expressions and motion guidance from optical
flow-like 2D displacement field for subtle micro-expressions. Supported by a generative 2D face
animation model that synthesizes posed images from the renderings of a neutral mesh, along with
an optical flow estimator that predicts the 2D displacement between neutral and posed images as
2D supervisions, we expand the training dataset using unlabeled neutral meshes without rigs. This
enables the network to effectively distill rigging knowledge across diverse facial shapes, resulting in
more accurate and generalizable 3D facial animations even with limited labeled training data.

Experiments show that our method outperforms prior work across assets from diverse sources, in-
cluding our artist-crafted meshes and in-the-wild models from ICT FaceKit [36], Objaverse [15], and
CGTrader [9]. In addition, we demonstrate several downstream applications of our auto-rigging sys-
tem in user-controlled animation, retargeting human expressions from videos, and rigging generated
facial meshes from a text-to-3D model.
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2 Related Works

Auto-rigging. Auto-rigging facilitates ef�cient and realistic animation of 3D models by automatically
generating hierarchical control systems. For full-body character auto-rigging [3, 25, 28, 35, 40, 42,
44, 68, 23, 57, 39, 70, 18], most approaches follow a two-step pipeline: skeleton construction and
skinning to generate the Linear Blend Skinning (LBS) rig. In contrast, facial character rigs are
often anatomically-inspired, typically based on the Facial Action Coding System (FACS) [49], a
standardized framework that describes facial movements as combinations of muscle activations and
is primarily implemented using blendshapes [31, 32, 54, 8].

Previous facial auto-rigging works [47, 58, 33, 11, 34, 6, 65, 12] are mostly based on a complete
set of blendshapes from a prede�ned template mesh, transferring the template blendshapes to the
target mesh. For example, Li et al.[34] proposed a CNN-based approach that predicts offsets between
template and target blendshapes represented by 2D geometry images. Chandran et al. [12] use
a transformer with positional encodings to map meshes into a canonical space from user-marked
correspondences, enabling deformation transfer from template to target across different topologies.
Several notable works [1, 10, 71, 5, 37, 52, 26] can directly generate animatable 3D faces based on
3D Morphable Models [4]. NFR [50] is able to deform a neutral facial mesh into target expressions by
decoding FACS-aligned latent codes from a mesh auto-encoder, eliminating any template requirement.
Its triangulation-agnostic backbone, trained on several face-animation datasets, generalizes to in-the-
wild meshes with diverse topologies. Compared with NFR and other previous works, our method
enables 2D supervision for scaled training and further improves accuracy and generalizability across
a wider variety of facial meshes while natively supporting multiple disconnected components to allow
�ner-grained and more realistic expression animation.

Facial Animation Transfer from 2D. Facial animation transfer aims to retarget facial expressions
from one character to another. Recent methods (e.g., [51, 2, 13, 30, 29, 45]) show impressive results
in transferring expressions to 3D avatars from 2D images or videos. However, these methods focus
on transferring expressions to avatars that already have a rig and are hence not directly comparable to
our work, which focuses on automatically generating rigs for facial meshes.

Signi�cant progress has also been made in transferring facial animation for both single-view and
multi-view images and videos [22, 69, 66, 67, 19, 43, 63, 38, 16, 17, 62, 61]. Given a reference identity
image, these methods can generate and manipulate facial expressions for the given identity using
various control inputs, such as posed images of other identities or landmarks. Recent advancements
in generative models [24, 72] and the availability of large-scale face video datasets [46, 73] have
enabled those methods to achieve remarkable success in 2D facial expression animation. For
instance, MegActor[69] utilizes a diffusion-based generative framework, incorporating a motion
disentanglement module to separate identity and expression features, and a motion retargeting model
to map expressions onto target portraits. In this work, we utilize 2D face animation models to generate
2D supervision for unrigged heads. Our proposed framework is agnostic to the choice of 2D face
animation model, provided they deliver satisfactory animation results. In practice, we base our 2D
supervision generation on MegActor [69], which is open-source and ef�cient to �ne-tune.

3 Preliminary

3.1 DiffusionNet

DiffusionNet [55], proposed by Sharp et al., is a neural network that learns on 3D surfaces by
mimicking the intrinsic heat diffusion process. It diffuses per-vertex features across the surface
based on the Laplace–Beltrami operator, which captures the intrinsic geometry of the manifold. The
resulting heat operator acts as a geometry-aware smoothing �lter that blends nearby features over
time. In discrete form, DiffusionNet approximates this process using the cotangent LaplacianL and
mass matrixM , de�ned as

ht (u0) = ( M + tL ) � 1Mu 0; (1)

whereht (u0) represents the diffused features after timet, followed by a lightweight MLPs for
non-linearity. Because diffusion depends only on surface intrinsic geometry, the same learned
weights transfer across meshes with different resolutions or triangulation, making the model compact,
discretization-agnostic, and effective for tasks such as classi�cation and regression on geometric data.
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Figure 2:(a) Illustration of our artist-crafted facial mesh dataset. (i) Neutral head meshes from our
dataset, each consisting of multiple disconnected components. (ii) A subset of neutral head meshes
is meticulously annotated with blendshape rigs by professional artists. (iii) To augment the dataset,
we develop a head interpolation strategy based on standardized UV layouts.(b) 2D Supervision
Generation Pipeline: Given a posed image rendered from a rigged head and a neutral image from an
unrigged head, the 2D animation model generates an image that replicates the expression in the posed
image while preserving the identity of the neutral image. A �ow estimation model is then applied to
the neutral and generated posed images to predict the pixel offsets as 2D displacement.

3.2 Linear FACS Blendshape Rig

The linear FACS blendshape rig [31] models an animatable 3D face using a neutral meshM 0 =
(V0; F ), whereV0 represents the vertex positions andF the mesh connectivity. It also de�nes a set
of N blendshapesf M i = ( Vi ; F )gN

i =1 , each obtained by adding a vertex offsetdi to the neutral
mesh:Vi = V0 + di . Each blendshape corresponds to an Action Unit (AU) from the Facial Action
Coding System (FACS) [20], representing speci�c muscle movements such as “Right Eye Close.”
Complex facial expression animation, involving the activation of multiple action units, is achieved by
assigning a weightwi 2 [0; 1] to each blendshape and computing the �nal meshM = ( V; F), where
V = V0 +

P N
i =1 wi di :

4 Method

4.1 Data Collection

We collect a diverse set of artist-crafted facial meshes for model training and evaluation. As shown
in Fig. 2 (a)(i), our dataset includes facial meshes with multiple disconnected components, such as
separate eyeballs and features a variety of shapes, including both humanoid and non-humanoid heads.

Each dataset sample contains a neutral base meshM 0. For a select subset, artists manually annotated
each mesh with its own complete blendshape rigf M i = ( Vi ; F )gN

i =1 acrossN FACS training poses,
as described in Sec. 3.2 and illustrated in Fig. 2 (a)(ii). We setN = 96, comprising 48 FACS poses
and 48 corrective poses; further details are provided in the appendix. We also pair each blendshape
with a one-hot-like FACS vectorA i as pose representation, where activated action entries are set to 1.
Furthermore, those heads were also annotated with facial landmarks speci�ed as vertex indices. For
unlabeled heads, only a neutral head meshM 0 = ( V0; F ) is included.

Creating head meshes with complex rigs for animation is an expensive process. In order to expand
our dataset suf�ciently for training a deep neural network, we developed a data augmentation strategy
based on a standardized UV layout, enabling interpolate between different head geometries through
linear blending to increases the size of our dataset, as illustrated in Fig. 2 (a)(iii).
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Figure 3: Model Architecture.(a) Given a neutral facial mesh, our deformation model predicts the 3D
displacement needed to deform the mesh into different expressions based on the input FACS vector.
During training, 2D supervision is utilized for both rigged and unrigged heads, while 3D supervision
is exclusively applied to rigged heads.(b) We modify the original diffusion block in DiffusionNet to
support the FACS vector as an additional conditional inputs (left). Additionally, we design a global
encoder that processes vertex positions and normals of the neutral facial mesh to capture holistic
information across disconnected components (right).

4.2 Deformation network

4.2.1 Network Architecture

As shown in Fig. 3 (a), our deformation network takes the neutral facial meshM 0 = ( V0; F ) and a
FACS pose vectorA i as inputs and predicts the displacementd̂i required to deform the neutral mesh
into the corresponding posed mesĥM i = ( V̂i ; F ), whereV̂i = V0 + d̂i . The posed meshes obtained
for all FACS poses together form a linear FACS blendshape rig.

We build our deformation network upon DiffusionNet [55] to take advantage of its triangulation-
agonistic property. However, DiffusionNet struggles to handle multiple disconnected components
as its diffusion mechanism cannot propagate information between them. Furthermore, it is limited
to processing a single mesh without additional input. In our task, we aim to deform facial meshes
with multiple disconnected components conditioned on an additional input: the FACS vector. To this
end, we introduce two key modi�cations to the original DiffusionNet: (i)Global Encoder to capture
holistic mesh characteristics across multiple disconnected components. As shown in the right of
Fig. 3 (b), this branch consists of a smaller 2-layer DiffusionNet that processes the input neutral mesh.
Global average pooling is applied to the �nal layer's per-vertex features, producing a single vector
encodingG0 that compresses information about the mesh into a global feature vector. (ii)FACS
Conditioning: We modify the original diffusion block in DiffusionNet to integrate a FACS pose
vector as a conditional input, guiding the network's generation of facial expressions. This allows the
network to learn the relationship between FACS values and corresponding mesh deformations. As
shown on the left of Fig. 3 (b), the FACS pose vectorA i is concatenated with the global feature vector
G0 to create a latent representation. This latent representation is then injected into each conditional
diffusion block of the main network. Within each block, the latent vector is replicated across the
vertex dimension and fused with the block's output features. This fused information is then processed
by a small MLP to re�ne the mesh's latent features.

4.2.2 2D Supervisions for 3D Deformation Model

Relying solely on fully rigged heads limits the training dataset size due to the scarcity of high-quality
3D ground truth, which hampers generalization to unseen facial meshes. In contrast, 2D supervision
is more readily available thanks to advancements in 2D generation models, enabling the inclusion

5



Figure 4: Illustration of our 2D displacement supervision (d), which provides denser feedback for the
subtle pose differences between (a) and (b) than the appearance-level supervision (c). Sub�gure (c)
visualizes per-pixel color-difference magnitudes between (a) and (b), whereas sub�gure (d) shows
the corresponding pixel offsets using the standard optical-�ow color map.

of unrigged heads to scale up the training dataset to enhance generalization. Thus, we introduce
2D supervision for the face auto-rigging network in terms of appearance and motion variation.
Speci�cally, for appearance, we use the front-view image and binary segmentation mask of the posed
head as supervision. We render the RGB imageÎ i and binary mask̂B i of the predicted mesĥM i
onto the 2D image plane using differentiable rendering [41, 53]. The image lossL img and mask loss
L mask are de�ned as thel1 distances between̂I i with the ground-truth imageI i and between̂B i
with the ground truth maskB i , respectively.

Using appearance-level supervisions like image and mask losses, provides a straightforward way to
optimize the 3D deformation network using 2D supervision. These losses offer strong supervisory
signals for poses that result in signi�cant changes in pixel's color value. However, many target
FACS poses involve subtle expressions, where changes are less visually apparent. For instance, as
shown in Fig. 4, comparing the neutral image in Fig. 4 (a) with the jaw-left pose image in Fig. 4
(b), the differences are barely noticeable to the human eye. Similarly, as illustrated in Fig. 4 (c),
the pixel error map on RGB value between these two images highlights that only a small portion of
pixels contribute meaningful supervisory feedback for these subtle deformations. In other words, the
magnitude of the loss remains minimal—even if the deformation model leaves all vertices �xed in
the neutral expression.

To address this challenge, we introduce another 2D supervision for the 3D deformation model
based on pixel motions. Speci�cally, we de�ne the 2D displacementd2d

i as the offset of each
pixel on the image plane between the neutral and posed images, analogous to optical �ow. This
2D displacement is computed from the 3D displacementdi in a fully differentiable manner with
differentiable rendering [41, 53] (see appendix for implementation). As shown in Fig. 4 (d), the 2D
displacement is more distinguishable for subtle facial expressions because it explicitly represents the
motion of each pixel in 2D, rather than relying on RGB value changes. This is particularly bene�cial
in areas with uniform texture, such as cheek, where RGB value changes may be unnoticeable. We
de�ne the 2D displacement lossL dis � 2d as thel2 distance between the ground truth 2D displacement
d2d

i and predicted 2D displacement̂d2d
i .

4.2.3 2D Supervision Generation

For all rigged heads, we can obtain the above 2D supervisions by rendering from 3D ground truth.
However, for unrigged heads, this is not feasible due to the absence of complete 3D ground truth
deformations. To this end, we leverage recent advancements in 2D generation models to generate 2D
supervision for unrigged heads. These models effectively distill appearance and motion priors from
large-scale 2D image and video datasets, generalizing well across diverse scenarios.

We implement a 2D face animation diffusion model based on Megactor [69]. As illustrated in Fig.2
(b), this model takes a neutral reference image rendered from an unrigged head and a driving posed
image rendered from a rigged head, animating the neutral image to replicate the expression in the
posed image while preserving its identity. The generated images serve as image-based ground truth
for unrigged heads during the training of the 3D deformation model. In practice, we select one rigged
head, render all its FACS poses images, and use them as driving images to generate corresponding
posed images for all unrigged heads. Ground truth masks are obtained using a traditional image
segmentation model[59], as all generated images are with a clean white background.
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For the 2D displacement, we use the optical �ow estimation model RAFT [60] to predict pixel offsets
between the neutral image and the generated posed image of unrigged heads. These offsets serve as
the ground truth 2D displacement for training the 3D deformation model.

To enhance the performance of the 2D face animation and �ow estimation models on stylized faces
in our artist-crafted dataset, we �ne-tune their pre-trained weights using the ground truth renderings
from a small set of rigged heads, improving effectiveness.

4.2.4 Network Training and Inference

We train the network in a two-stage, coarse-to-�ne manner. In the �rst stage, the 3D deformation
network is trained on a large-scale dataset comprising both rigged and unrigged heads, using only 2D
supervision. We use a combination of photometric loss and 2D displacement loss, along with al2
regularization loss,L reg on the predicted 3D displacement. This regularization loss helps to improve
model convergence speed and prevent “�ying points" for non-line-of-sight vertices. The total training
loss for the �rst stage is de�ned as:

L s1 = � 1L img + � 2L mask + � 3L dis � 2d; + � 4L reg (2)

where� are weighting parameters for different loss terms.

In the second stage, we �ne-tune the pretrained model from the �rst stage using only rigged heads,
incorporating both 2D and 3D supervision to achieve high-precision deformation predictions. Since
the 3D ground truth deformed meshM i = ( Vi ; F ) for FACS posei is available for rigged heads, we
incorporate 3D supervision by applying the MSE lossL mse � 3d in 3D space between the ground truth
and predicted mesh verticesVi andV̂i .

For 2D supervision, in addition to the image loss and mask loss, we added two loss terms, landmark
lossL lmk and eye close lossL ec, as in [21] to provide supervision for speci�c facial landmarks and
poses. We omit the 2D displacement loss in this stage since the 3D displacement ground truth is
available. The total training loss for the second stage is de�ned as:

L s2 = � 1L img + � 2L mask + � 3L mse � 3d + � 4L lmk + � 5L ec: (3)

The proposed model only consists of 5.4M parameters. Training runs on an instance with 8 NVIDIA
A100 GPUs and takes about 2 days. For inference, it takes on average 8.72s on an Apple M2 Max
CPU and 3.1s on an Nvidia T4 GPU to generate a FACS blendshape rig on the test set.

5 Experiments

In this section, we evaluate RAF on both the artist-crafted and in-the-wild facial meshes and compare
it with the prior art NFR [50] and a representative deformation-transfer method [58].

5.1 Evaluation on Artist-crafted Data

Table 1: Quantitative results on our artist-crafted
dataset, validating each component of the model.

Network Supervision terms Training dataset Test Results (mm)
Global encoder L mse � 3d L img L dis � 2d Rigged Unrigged MAE # MAE Q95#

w/o Global Encoder 7 3 7 7 3 7 2.14 6.64
w/o 2D Loss 3 3 7 7 3 7 2.08 5.84

w/o Unrigged Data 3 3 3 7 3 7 2.01 5.81
w/o 2D Displacement 3 3 3 7 3 3 1.95 5.89

Full Model 3 3 3 3 3 3 1.92 5.63

Table 2: Quantitative comparison with NFR and
Deformation Transfer on 12 artist-annotated hu-
manoid heads. (* additional inputs needed)

MAE (mm) # MAE Q95 (mm)#

Deformation Transfer [58]* 2.93 8.41

NFR [50] 2.77 7.21
Ours 1.01 2.94

We evaluate our model both quantitatively and qualitatively on our artist-crafted dataset. The evalua-
tion includes two test sets: one with rigged heads for detailed accuracy analysis, and another with
unrigged heads featuring diverse species and shapes to assess generalization on out-of-distribution
samples, simulating real-world applications.

For rigged heads with 3D ground-truth deformations, we compute the Mean Absolute vertex Error
(MAE) and the 95th-percentile vertex error (MAE Q95) to capture challenging cases; both metrics
are evaluated over the full set of 96 FACS poses. During evaluation, all facial meshes are normalized
to �t within a unit sphere with a radius of 1 meter. Quantitative results are presented in Tab. 1, while
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