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Figure 1: An example of an editing workflow with our shape-preserving model that supports additive deformation layers, user-defined editing
regions (green), and arbitrary layouts of control points (blue) for both coarse and fine edits. Given an initial shape (left), the user performs
two coarse deformations on the forehead and mouth using a few sparse control points. The result is then used as the base for a new layer,
allowing for precise, fine-grained edits. The user can then increase the density of control points and reduce the editing region to manipulate
specific areas, such as the eyelids and mouth corners, to achieve the final, desired shape (right). ©Disney/Pixar

Abstract
Facial animation is one of the most labor-intensive aspects of animation and VFX, as traditional rigging consumes weeks of
expert time and forces animators to spend countless hours manipulating hundreds of controls to achieve varied expressions.
This technical complexity creates a barrier between artistic vision and execution, limiting creative exploration and iteration.
In this paper, we introduce CANRig, a fully automated neural facial rigging approach that simplifies the process of creating
and editing facial poses by benefiting from global correlations learned from data. Unlike existing neural face models that either
sacrifice local control or demand extensive manual region setup, our method introduces continuous local control through a novel
conditioning mechanism that operates on a variable region. By modeling deformation as cross-attention between control handles
and mesh vertices—modulated by a user-defined region—we enable seamless transitions from precise local adjustments to broad
global changes. We further expand our method with a shape-preserving workflow that enables iterative edits, guaranteeing
that changes remain untouched even as controls are reconfigured. Our method delivers the best of both worlds: the automation
and naturalness of neural methods with the granular control that professional animators demand, and we demonstrate its
effectiveness across multiple applications in both animation and high-end visual effects pipelines.

CCS Concepts
• Computing methodologies → Shape modeling; Animation; Machine learning;
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1. Introduction

Creating compelling facial animations is notoriously challenging
and time-consuming. The traditional workflow is highly manual,
requiring significant effort to rig a character and then painstakingly
coordinate a multitude of controls to achieve a desired pose. In con-
trast, learned face rigs present a powerful paradigm shift [DZX∗23,
QSA∗23, VRWW20, BCR∗21, CPH∗25, GZC∗16, AC24, SSR20,
RdGM20]. Thanks to advances in deep learning, neural rigs can
automatically learn the complex nonlinear rig from raw data and
enable faster animation by leveraging global correlations. These
capabilities unlock profound applications, including rapid posing,
performance editing, and animatable asset transfer to different soft-
ware without manual rigging work [YLL∗25, AGB∗23, GXM∗25].

However, a critical limitation persists in current neural rigging
methods. The global correlations learned from data must be broken
down into local face regions for artistic editing. For example, when
an artist edits the lip shape they do not expect the eyebrows to move,
but such a correlation may exist in the training data. As such, existing
methods typically create this local control by naively dividing the
face into a fixed set of predefined regions before training [RSJ∗21,
MCY19]. At runtime, local control is then constrained to those
regions. This lack of user-specified control over the deformation
area at runtime prevents artists from fully realizing their creative
vision, forcing them to work within the rigid boundaries of the rig.
To overcome this, we introduce CANRig, a novel neural architecture
that provides dynamic, user-controlled locality. Our model provides
continuous control over the region of influence, allowing an artist to
precisely define the area for any given control handle at runtime.

Our approach achieves this natural and precise local control by
formulating deformation as a cross-attention between a set of control
handles and the vertices of the mesh. The attention matrix is then
constrained by per-vertex weights, derived from the user-specified
local radius. During training, our model is exposed to a wide range
of continuous local regions, enabling it to learn and infer natural
deformations with a controllable area of influence. Furthermore, to
provide a pleasant and seamless workflow, we address a significant
challenge that arises when transitioning between different control
radii during a sequence of progressive edits. Without a solution,
changing the control radius can cause the previous pose to suddenly
deform, destroying the artist’s prior work. We solve this by design-
ing a novel shape-preserving bias into our network architecture,
which ensures that previous edits are maintained as the artist fluidly
changes the control configuration, providing a truly robust and non-
destructive editing experience. Additionally, the shape-preservation
also results in zero error inversion when editing captured perfor-
mances in live-action.

We design CANRig for both animation and high-end visual ef-
fects. In animation, the facial rigs have relatively low resolution (e.g.
1000s of vertices) and attention from all control handles to all ver-
tices is feasible (Figure 1, top row). In high-end visual effects, face
models tend to be higher resolution (e.g. up to 100,000s vertices),
and a dense attention matrix becomes infeasible. There, we propose
a simple extension of our network to model facial deformation using
a common patch blendshape system [CCGB22] with hundreds of
small patches instead of per-vertex deltas (Figure 1, bottom row),
allowing the same powerful neural rig architecture in a wide variety

of applications. Finally, we showcase the capabilities of CANRig in
several production scenarios, including quick posing from an exist-
ing frame, post-production performance editing, facial expression
transfer, and iterative continuous editing.

In summary, we propose

• A novel rigging architecture that enables continuous, user-
controlled deformations without pre-defined localities, and with-
out manually painted weights.

• An iterative editing workflow that facilitates progressive, shape-
preserving modifications, allowing artists to refine complex ge-
ometries through successive operations.

• Cross-domain versatility, demonstrating our system’s effective-
ness and scalability in both high-end feature animation and live-
action production pipelines.

2. Related Work

In the following we present related work in different fields of con-
trollable facial deformation, starting with more generic morphable
face models, then moving on to traditional and more modern facial
rigging approaches.

2.1. Morphable Face Models

For a long time, researchers have shown interest in modeling the de-
formation space of human faces. Initial methods analyzed 3D facial
scans and built the first 3D Morphable Models (3DMMs) [BV99,
VBPP05, LBB∗17]. These models were not explicitly designed for
artistic control, rather as parametric models for downstream tasks
like fitting faces to images [FFBB21], however 3DMMs can be
considered as rudimentary facial rigs.

Recent approaches have extended classical 3DMMs with powerful
neural representations for face modeling and editing. For example,
Chandran et al. [CGB20] proposed Semantic Deep Face Models
(SDFM), one of the first deep morphable face models offering non-
linear deformation and explicit separation of identity and expression.
Giebenhain et al. [GKG∗23] propose a Neural Parametric Head
Model (NPHM) that represents identity as a canonical signed dis-
tance field and facial expressions as a learned deformation field.
Zheng et al. [ZZY∗25] introduce ImFace++, a nonlinear 3DMM
built from implicit neural fields, which learns separate deformation
fields for identity and expression plus a refinement displacement
field, and even a “neural blend-field” that adaptively blends local
shape details. These neural 3DMMs achieve high-fidelity recon-
struction and explicitly disentangle identity and expression, which
helps preserve identity under edits. Style-based generative models
have also been applied. Yan et al. [YWW∗25] uses a StyleGAN-
like decoder conditioned on latent codes, achieving state-of-the-art
3D-aware face reconstruction with disentangled controls for iden-
tity, expression, and appearance. In the implicit domain, Chen et al.
[COBG23] decompose facial deformations into multiple local im-
plicit fields centered on semantic handles, with 3DMM coefficients
modulating each field. Aneja et al. [ATDN23] use differentiable
rendering and CLIP-based losses in a self-supervised framework for
text-guided editing of textured 3D morphable face models allowing
high-quality texture synthesis and expressive 3D face animation in
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a single forward pass. Potamias et al. [PTPZ24] uses a 3D diffu-
sion model that allows localized shape editing based on diffusion
inpainting. [TPO∗24] enables fine-grained local editing by using a
patch-based Transformer or MLP-Mixer to overwrite encoded ge-
ometry via sparse control-point displacements. However [TPO∗24]
lacks user-specified locality and its global backbone means edits can
influence other regions. Although morphable face models are very
powerful tools for exploring facial deformation, they are not gener-
ally appropriate for production-level facial rigging and animation.

2.2. Traditional Face Rigging

The most common approach to facial rigging is through blend-
shapes [OBP∗12, LAR∗14, LA10], where the facial deformation is
created by linearly interpolating static facial expressions. The ex-
pressions in a blendshape model often follow specific muscle Action
Units (AUs), defined by the historic Facial Action Coding System
(FACS) [EF78]. The main problem with blendshape models is that
hundreds and often thousands of shapes are required to achieve
realistic facial animation. Nevertheless, many facial rigs used in
production today are still largely based on blendshapes.

Over the years, researchers proposed several improvements in
the space of linear face rigging. Example-Based Facial Rigging
(EBFR) [LWP10] is an approach to automatically compute a blend-
shape rig given a number of example posed expressions, reducing
the rig construction cost. Some methods aimed to provide more
flexibility in the blendshape models by defining local editing re-
gions [TDlTM11, NVW∗13]. Other approaches explored free-form
expression posing [LCXS09] and enriching blendshape rigs with
physical simulation for added realism [KBB∗17]. Overall, facial
rigging has always been an important problem in computer graph-
ics research, but modern approaches focus more on deep neural
methods learned from data.

2.3. Neural Rigs

Neural animation rigs learned from data have advanced facial anima-
tion pipelines in recent years. Qin et al. [QSA∗23] present Neural
Face Rigging (NFR), an end-to-end system that trains an autoen-
coder on both synthetic and real data, with a latent expression space
aligned with FACS-style parameters to allow artist-friendly edits.
Earlier work like RigNet [XZK∗20] similarly shows that mesh-based
deep networks can predict complete rigs (skeletons and skinning
weights) for articulated characters from geometry alone. Building on
captured data, Zhao et al. [ZWG∗23] automatically infer semantic
joint positions and blendshape parameters from 4D facial sequences,
enabling ultra-fast rig generation with AU-like semantics. Cha et al.
[CYSN25] enables mesh-agnostic and fine-grained facial expression
transfer via predicting per-vertex skinning weights. Real-time neural
avatar frameworks demonstrate these ideas in practice. For example,
Raina et al. [RTT∗25] constructs a hybrid mesh–volumetric head
model rigged by a prism lattice and a 3DMM, then distills it into a
mesh with neural textures for fast rendering; the resulting avatar runs
at 60 fps on mobile devices while preserving high visual fidelity.

The two closest related methods to the proposed CANRig are
the Shape Transformer [CZG∗22], a global transformer-based

autoencoder from sparse handles to a full shape, and Ani-
matomy [CEM∗22], which uses local one-dimensional blendshapes
to simulate virtual muscles (we refer to the video for a demo). In
Table 1 we compare the features of these two techniques with ours.
Shape Transformer encodes all handle edits into a global latent code
and can thus not preserve local edits. Animatomy’s locality is limited
by the predefined muscle layout and cannot be changed by the artist
directly. For global correlations, an additional autoencoder MLP is
employed. In contrast, our method allows both global and local edits,
with the locality freely defined by the artist at runtime. Addition-
ally, we introduce iterative editing that allows for non-destructive
layering and lossless editing of existing performances.

Table 1: Comparison of the features offered by the Shape Trans-
former [CZG∗22] and Animatomy [CEM∗22] compared to the pro-
posed CANRig. Shape Transformer is only global, Animatomy sup-
ports both global edits and local edits restricted to predefined virtual
muscles. Our rig can freely and dynamically adapt from global to
local and also supports iterative editing.

Method global edit local edit iterative edit

Shape Transformer
Animatomy * *

CANRig (ours)
* Animatomy is global with an MLP and local up to the size of its predefined regions.

3. Method

We begin by describing the core architecture of our model (Figure 2),
which uses a set of handles to predict the deformations of a 3D mesh.
Subsequently, we introduce modifications to our model to enable a
non-destructive iterative editing workflow.

3.1. Attention-based Local Deformation

The goal of our work is to enable local deformations of a facial
mesh by directly manipulating a set of handles, which act as con-
trol points. To achieve this, we formulate shape deformations as a
cross-attention between handles and vertices, with a modification
to enforce a user-defined and flexible locality. The standard cross-
attention layer is unsuitable for predicting localized deformations
because it allows every handle to influence every vertex, an inher-
ent property of attention that creates global dependencies. While
these dependencies are great for fast posing, they do not permit
user-controlled local refinement.

To overcome this limitation, we introduce a method based on
local influence masks, which limits the deformation to user-defined
local regions using a multiplicative mask in the attention layer. To
implement this, we define S as the target 3D shape, which we want
to reconstruct, with N vertices. The canonical shape, S0, is defined
as the character in a neutral pose with its mouth open. Next, we
define a set of handles, denoted as H, which serve as the control
points. Each handle, h, is specified by three components: its position
on the canonical shape ph ∈R3, a user-defined displacement relative
to this position ∆h ∈ R3, and an influence mask Mh ∈ [0,1]N . The
influence mask determines how much each handle’s displacement
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Figure 2: The user moves the handles a), which are defined by their position on a canonical mesh and a delta position representing the user’s
edit. We encode the handles with learned MLPs to form the keys and values of the attention mechanism, while the canonical mesh b) provides
the query. The attention then correlates the handle displacements with the mesh vertices to predict the full face deformation. To control the
influence and ensure locality, the attention is masked so that handles only affect vertices within an artist-specified radius c), see Section 3.1.
The output deformations are then added to the canonical mesh d) resulting in the final predicted shape e) (after multiple edits). Note that the
value and output MLPs (*) are zero-preserving which we will discuss in Section 6.1. The extensions to support iterative edits from arbitrary
base shapes, see Section 3.2, are marked in blue. ©Disney/Pixar

affects the vertices. More formally, the influence of h on vertex vi is
computed as:

Mh,vi = 0.5
(

1− tanh
(
d(h,vi)− rh)γh

))
, (1)

where d(h,vi) is a distance measure between h and vi, γh is a falloff
parameter, and rh is a radius. These parameters are further illustrated
in Figure 3. γh and rh can be tuned by the user at runtime to control
the locality of the edit (see Figure 4). We compute d(h,vi) using
a weighted geodesic distance on the mesh, where each edge is
weighted by its 3D Euclidean distance. For more discussion on the
distance measure, we refer to Appendix A.

d

M(d)

0

1

rh

1/γh

Figure 3: The influence of a handle h on a vertex at distance d is
controlled by the handle’s radius rh and falloff parameter γh.

Next, as shown in Figure 2, the single layer cross attention con-
nects the handles to the vertices. We construct the attention queries
from the vertices of the canonical shape S0, while the keys and
values are derived from the handle positions (ph) and their displace-
ments (∆h), respectively. We then multiply the attention matrix by

the attention mask M, an N ×H matrix that concatenates the indi-
vidual influence masks Mh. When handles compete for the same
vertex, M acts as an additional constraint in the attention mechanism.
Given A as the attention matrix, our masked attention is formulated
as follows:

AM = σM(A) =
exp(A)M

∑
H
h=1 exp(Ah)Mh

∈ RN×H . (2)

For simplicity, we omit the multi-head attention dimension in the
description above.

In our implementation, we use multi-layer perceptrons (MLPs)
[Hay94], Φ, to process the attention layer inputs and outputs. A
problem with vanilla MLPs is that when a user creates a new handle,
the inherent bias term in the MLP can cause undesired deformations,
as shown in Figure 6. In other words, a zero displacement by the
user may not translate to a zero deformation in the MLP output. To
address this issue, we enforce a zero-preservation property by:

1. Removing the bias parameter in the value and output MLPs,
Φ
∗
value and Φ

∗
output, and

2. Using an activation function where a(0) = 0 (we use GELU
[HG16] for Φ

∗
value and Tanh for Φ

∗
output).

Finally, the output deformations will be added with S0 to form the
final prediction, Spred . We then train our network to reconstruct the
full face S using an MSE loss:

LL2 = ∥S−Spred∥2
2 . (3)
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Figure 4: Deformations using a single control handle (blue) with
two varying user-defined editing region, indicated by 0 1.
Note that with a small radius, the eyelids remain unaffected, whereas
with a large radius, the eyelids move along with the eyebrow.
©Disney/Pixar

3.2. Shape-preserving Iterative Editing

Initial testing with artists on the task of pose authoring indicated that
controlling the influence of multiple control points at the same time
was challenging and time-consuming. Recent work in the context of
body posing [AGB∗23] has introduced a concept of previous pose,
or base pose, which preserves the previous edits of the user in an
iterative workflow. This concept can also be used for editing a cap-
tured performance (see Section 7.2). The ability to bias our model
towards preserving the captured frame enables direct manipulation
without a lossy solve or manual setup. However, a challenge in
implementing this concept is the lack of authoring data, since we do
not have pairs of faces with user edits, but only the final movements.
While Agrawal et al. [AGB∗23] solved this with data augmentation,
we found that their solution led to unnatural deformations in the
context of dense face meshes. Rather than relying on data augmen-
tation, we achieve a preservation towards the base shape, denoted
as SB, entirely via architecture and loss function designs, which are
described below and highlighted in blue in Figure 2.

Architecture. First we modify the model’s input and output to be
relative to the base shape rather than the canonical shape. In this
way, Φ

∗
value now takes handle deltas relative to the SB as input and

Φ
∗
output generates vertex deltas from SB. The model still requires the

base shape and corresponding handle positions as input so that its
output is aware of the previous shape. Thus, we pass this informa-
tion to Φ

∗
value and Φ

∗
output, by multiplying their inputs with handle

positions on base shape, denoted as bh, and base shape respectively.
To match the dimension, we use a single linear layer to transform the
Euclidean positions to the latent dimension of the Φ

∗
value and Φ

∗
output.

Note that this way of modulation maintains the zero-preservation

property of the model while also improving the model performance
over no modulation, as illustrated in detail in Figure 8.

Attention to base shape. Our second change is a novel control
mechanism: we incorporate a new attention column, β, to guide
the model towards the base shape. This new column, β, has the
effect that when the handle influences are small, the base shape
control, β, will dominate the softmax normalization, resulting in
a strong bias towards inferring the base shape. Conversely, when
handle influences are large, their attention values will dominate.
Note that in the extreme case of having only a single handle, without
β, the softmax normalization results in an equal influence over all
vertices within the radius. However, adding β, which effectively is a
constraint active at all times, resolves this issue of normalizing over
a single entry, thus, properly maintaining the actual weight of the
influence mask.

Adding β results in a dimensionality discrepancy in the attention
matrix. To ensure dimensional consistency, we append an extra
row of zeros to the input value. Note that choosing zeros is zero-
preserving, and prevents the added β column from introducing any
unwanted deformation. More formally, the attention output o is now
given by:

o = σM([A;β])∗ [v;0] . (4)

Note that we keep β fixed during training, but can be controlled by
the user to control the amount of bias towards the base shape when
editing. In a practical implementation, we additionally clamp the
influence of a handle to zero if it is below a small threshold (in our
case 10−2).

Shape-preserving loss. We further enforce a bias towards pre-
serving the base shape by introducing a shape-preserving loss, Lsp,
which smoothly blends the base and target shapes, guiding the model
to respect previous edits while still learning the desired modifica-
tions. The loss is defined as:

Lsp = ∥S− (Spred M̂+SB (1− M̂))∥2
2 . (5)

Here, M̂ is a per-vertex blend mask where values range from 0 to 1
and denoting element-wise multiplication. The value of M̂ for each
vertex is determined by the maximum influence of all active handles.
This ensures that regions highly influenced by user edits (where M̂
is close to 1) are predominantly learned from the predicted shape,
while regions with minimal handle influence (where M̂ is close to 0)
are biased towards the base shape.

4. Scalability to High-Resolution Meshes

While meshes typically encountered in feature animation (see Fig-
ure 2 and Figure 4) have a fairly low resolution (≈6,000 vertices),
in a live action setting, the shapes coming from studio capture se-
tups [BHB∗11] feature much higher resolution details and intricate
wrinkles (≈100,000 vertices). Representing these details in the atten-
tion system would require a drastic increase in the network capacity.
To keep the system lightweight and real-time, we instead adopt local
patch blendshapes as an intermediate representation.

Patch blendshapes (PBS) [CCGB22] is a local blendshape system
capable of representing a wide range of expressions of a character

© 2026 The Author(s).
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(a) (b) (c)

(d)

Figure 5: Patch Blendshapes (PBS) [CCGB22] split the face into
small regions (a), each equipped with a small blendshape system
derived from 20 basis shapes (d). Predicting patch blend weights
instead of per-vertex positions allows our method to scale to high-
resolution meshes (b) that can preserve high-frequency details (c)
from the input scans (d). ©Disney

and capturing fine details from just a small number B of basis shapes.
Its core idea is to split the face into P small regions, or patches, as
shown in Figure 5a. Each patch then represents a small blendshape
system of dimension B, with local basis shapes extracted from the
complete B basis shapes (see Figure 5d). To avoid seams between
the patches, they are expanded by three vertex rings and the positions
are smoothly interpolated in this overlapping region, resulting in the
final shape Figure 5b.

The locality and ease of setup inherent to PBS align perfectly with
our goals, making it an ideal candidate for adapting our model to
high-resolution meshes. In our implementation, we follow Chan-
dran et al. [CCGB22] with P = 457 patches and B = 19 basis
shapes. The B basis shapes are extreme expressions extracted from
the training data along with a single neutral shape (the rightmost in
Figure 5d).

Formally, the proposed local attention encoder predicts an output
shape Spred ∈ RP×B, i.e. we treat the patches as “vertices” and
the blendshape dimension as spatial dimension. We convert the
predicted patch blendshapes into per-vertex blendshapes Svbs ∈
RN×B,

Svbs = WlayoutSpred , (6)

where Wlayout ∈ RN×P is a sparse matrix that encodes how much
each vertex i is influenced by patch j given the current patch layout.
By representing the canonical, neutral face as a vector S0 ∈ R3N

and combining the B basis shapes into a matrix Sbasis ∈ RB×3N of
offsets to the neutral shape, we can reconstruct the final shape as
follows:

Soutput = Sneutral +SvbsSbasis . (7)

The advantage of the PBS system over direct vertex prediction
for high-resolution meshes is that small details like expression wrin-

kles in the eye or mouth region (see Figure 5c) do not need to be
learned by the attention networks—they are contained in the basis
shapes Sbasis. Note that since we define the basis shapes as offsets
to the neutral shape, an all-zero network prediction Spred = 0 will
result in exactly the neutral shape, playing well together with the
zero-preservation introduced in Section 3.1. In the Iterative Editing
scenario, the attention mechanism predicts a delta in PBS shape over
the base shape expressed as PBS weights.

Furthermore, since the encoder operates on a patch level instead
of a vertex level and the number of queries is an order of magnitude
lower than even the low-resolution case, we replace Φ

∗
output by a

dedicated per-patch MLP. This allows it to independently learn how
to transform the latent information from the handle into its patch
blend weight versus a global, implicit MLP that is conditioned on the
canonical mesh. While the per-patch MLP increases the number of
trainable weights by a factor of P, the impact on the inference time is
negligible and it produces more consistent movement prediction. We
refer to Section 6.4 for a comparison. For training, we combine the
MSE loss on the predicted shapes from Section 3.1 with a regularizer
on the PBS weights:

L= ∥Sshape-gt −Sshape-pred∥2
2 +∥Spbs-gt −Spbs-pred∥2

2 . (8)

5. Training and Implementation Details

All of our models are trained on proprietary subject-specific datasets
of facial motion. This includes hand-crafted motion for animated
characters sourced from production movies, consisting of dialogue-
heavy frames and performance-captured motion for live-action char-
acters, which is highly diverse and includes expressive facial work-
out routines. Table 2 shows the number of frames for each character.
Notice how dataset sizes and mesh resolutions can vary, highlighting
the robustness and generality of our method. Table 3 also shows the
effect of dataset size on the model reconstruction error. This implies
that if a limited animation dataset were similarly expressive, such a
large volume would not be necessary.

Table 2: The size of the dataset (i.e. number of training shapes) for
each character

Type ID Dataset Size Mesh Resolution

Animation A1 100478 6032
Animation A2 50526 6323
Animation A3 70034 15000
Live Action L1 1010 95035
Live Action L2 679 95035
Live Action L3 773 95035

To train our network, we sample random vertices to be our control
handles, with varying influence regions. The network is trained to
reconstruct a target face from these handles. For shape-preservation,
we sample a random base shape from the dataset 90% of the time.
The remaining 10% of the time, we use the previous frame of the
target shape as the base shape to expose the model to more subtle
deformations.

We set the input and output latent dimensions of the attention layer
to 64. Similarly, each MLP within the network has a latent dimension
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Table 3: The impact of training dataset size on the reconstruction
error using 1000 random and extreme samples for one character. As
the dataset size increases, the error consistently decreases. Further-
more, by training on a smaller but more expressive dataset (similar
to the live-action case) and removing redundant frames, we can
achieve a comparable level of error.

Training Data Size Test Reconstruction Euclidean Error
Random Samples Extreme Samples

1000 0.540mm 0.845mm
1000 Expressive 0.481mm 0.713mm

5000 0.483mm 0.759mm
10000 0.465mm 0.739mm
50000 0.458mm 0.713mm

100000 0.454mm 0.710mm

of 64 and a total of 3 layers each. We use the Tanh activation function
for Φoutput and the GELU activation function [HG16] for other
MLPs (we refer to Section 6.2 for the detailed explanation of why
Tanh was chosen for Φoutput). We use Adam [KB15] as the optimizer
with a learning rate of 10−3. The networks typically converge after
around one hour of training time on an NVIDIA RTX 4090 GPU,
depending on the character and number of available frames. The
model’s inference time is 9 ms for low-resolution animation data
and 23 ms for high-resolution live-action meshes on the NVIDIA
RTX 4090 GPU. This demonstrates the model’s capability to be
integrated into commercial editing software tools.

6. Ablations and Comparisons

In this section, we ablate our models to evaluate the impact of
different design choices made throughout the architecture. This
includes evaluating the effects of zero-preservation, the selected
activation functions, number of control handles, and the modulation
method introduced in our approach. Furthermore, we quantitatively
compare our method against Shape Transformer [CZG∗22], one of
the state-of-the art models in shape modeling.

6.1. Preserving Zero Edits

Section 3.1 introduced zero-preserving MLPs to avoid jumps if new
handles are added. Figure 6 shows that with a bias in the MLP, jumps
are clearly visible when new handles are added, even if they have a
zero deformation. Designing the MLPs to be zero-preserving avoids
these unwanted deformations.

6.2. Activation Function

Figure 7 compares the use of GELU or Tanh as the activation func-
tion for the output branch. While we found that the choice of ac-
tivation function has no impact on the reconstruction metrics on
test data, we observed a strong influence for out-of-distribution
data, such as large manual edits from users. Due to GELU being
unbounded, large edits also lead to unbounded deformations, see
Figure 7a. In contrast, Tanh restricts the output to the range [−1,+1].
Hence, using it in the inner layers of Φ

∗
output constrains the network’s

(a) (b) (c)

Figure 6: When modifying a base shape (a) without zero-preserving
MLPs, the shape of the mouth changes suddenly as soon as the user
activates the handles in yellow (b). By designing MLPs to preserve
zero displacements, activating new controls preserves the shape of
the original mouth (c). ©Disney

(a) Only GELU (b) Tanh in the output

Figure 7: Comparison of the activation function for the output MLP:
While having no impact on the reconstruction quality, using Tanh (b)
instead of GELU (a) for the output MLP limits the range of motion
to a more reasonable scale for extreme user edits. ©Disney

predictions within a bounded region and prevents deformations from
producing extreme out-of-distribution poses that could introduce
artifacts, see Figure 7b.

6.3. Handles

The control handles and radii in our model can be assigned to any
arbitrary vertex and value, as the model was exposed to random
pairs during training. However, transitioning from a fixed starting
pose A to a fixed target pose B using varying numbers of handles
and radii may result in different levels of accuracy. Table 4 shows
a comparison of the results when reaching the target pose with dif-
ferent handle and radius settings. This suggests that to accurately
reconstruct the target pose, a higher number of handles with smaller
radii is required. However, beginning the edit process with a small
number of handles and a large radius provides a solid initial recon-
struction, which can then be fine-tuned with smaller radius to reach
the target pose more accurate.

6.4. Modulation

The Output MLP of our model (see Section 3.1 and Figure 2) pro-
cesses the output of the attention layer and predicts the final defor-
mation. Figure 8 shows the behavior if a single handle is edited, as
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Table 4: The impact of number of control handles and edit radius
on the reconstruction error using 1000 random samples for one
character. As we increase the number of control handles, the error
decreases, demonstrating that more handles allow for a more accu-
rate reconstruction of the target face, specifically the fined grained
details. Furthermore, choosing an excessively small radius hinders
the reconstruction, as fewer handles are able to influence each point
on the face mesh.

No. Handles Test Reconstruction Euclidean Error
Small Medium Large

20 0.96mm 0.75mm 0.71mm
75 0.62mm 0.48mm 0.49mm

200 0.51mm 0.46mm 0.47mm

(a) Neutral (b) No Mod. (c) Multiply (d) Patch-MLP

Test error: 0.604mm 0.516mm 0.495mm

Figure 8: Comparison of different ways to condition the implicit
Output-MLP with the input shape, visualized qualitatively using a
single-handle edit and quantitatively using the reconstruction loss
on the test set: (b) no modulation of Φ

∗
output, (c) multiplying the base

shape as in Section 3.2, per-patch MLPs as in Section 4. ©Disney

well as overall reconstruction loss on the test set for different config-
urations of conditioning this MLP. First, multiplying the canonical
shape position, see Section 3.2, leads to a more plausible mouth
shape (Figure 8c vs. b). Second, for the PBS-parameterized faces
in a live-action setting, Section 4, using per-patch MLPs further
reduces the reconstruction loss (Figure 8d vs. c).

6.5. Comparisons to Shape Transformer

As the closest method to CANRig in terms of input modality, Shape
Transformer [CZG∗22] also reconstructs a full shape from sparse
input handles. Table 5 shows the reconstruction quality of the val-
idation set using 265 uniformly distributed handles. Since Shape
Transformer does not support iterative editing, all handles are de-
fined relative to a canonical shape, we also disable the base shape
in CANRig here. As seen in the table, our method consistently
outperforms Shape Transformer with a 2− 3× lower Euclidean
reconstruction error. Additionally, Shape Transformer required 14
hours of training time vs. CANRig with only 1 hour.

Table 5: Quantitative comparison on the reconstruction quality
from 265 uniformly distributed handles on the held-out test set
for three live-action datasets. Our proposed method consistently
reconstructs the shapes with a lower average Euclidean error (the
standard deviation is shown in brackets) than the Shape Transformer
by Chandran et al. [CZG∗22]. For a fair comparison, we disable
iterative editing and reconstruct relative to the canonical shape.

Subject # shapes Shape Transformer CANRig (Ours)

L1 90 0.652mm (0.194) 0.285mm (0.060)
L2 86 0.663mm (0.226) 0.326mm (0.081)
L3 90 0.405mm (0.065) 0.163mm (0.032)

7. Results

To evaluate our model’s capabilities, we designed use cases that
simulate various scenarios an artist might encounter when using
our system. Together, these scenarios examine both the technical
performance of the model and its practical usability in production.
In the following subsections, we present each use case in detail.

7.1. Pose A to Pose B Workflow

In this experiment, our objective is to deform an initial pose A, into
a target pose B. This use case measures how accurately the model
transforms one state into another, as well as how easily a user can
generate animations between the two poses. Figure 9 shows several
examples of the transformations across 6 different characters. The
accompanying video further demonstrates the complete process of
transitioning from pose A to pose B. Our model can accurately
reconstruct the target shapes with a relative low error, showing the
effectiveness of our method and its ability to capture fine-grained
geometric details using an arbitrary set of handles.

7.2. Clip Editing

Another use case is clip editing, which has significant applications
in both animation and live-action production. After a performance is
captured or animated, artists may need to adjust or correct specific
frames within a longer clip. To achieve this, a user can define a
region of interest using handles and an influence mask, perform the
desired edit on that region, and then seamlessly integrate the modi-
fied frame back into the clip. This scenario highlights our model’s
capability for targeted frame-level manipulation within a video se-
quence, where it can smoothly integrate an edited frame while
preserving temporal coherence. This capability is demonstrated in
two production scenarios: one showing single-frame editing and
smooth integration in a motion-capture sequence (Figure 10), and
the other illustrating dialogue replacement from a source to a target
sequence (Figure 11).

7.3. Clip Editing – Comparison to Related Methods

To compare our method quantitatively to related works, we re-
peat the clip editing scenario using two other methods: Shape-
former [CZG∗22] (adjusted to the full-head topology) and global
blendshapes (GBS). First, by using the iterative layering, CANRig
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Figure 9: Demonstration of the A-to-B workflow: For each subject,
we demonstrate in two situations a base shape A (column 1 and 4)
can be edited using the displayed handles to arrive at the target
shape B (column 3 and 6). The network prediction is given in col-
umn 2 and 5, colored with the Euclidean error to the target shape,
using a scale from 0mm 10mm. The rows follow the
ordering of Table 2. ©Disney/Pixar

simply uses the input shape as the base shape, leading to zero rig
inversion error. Shapeformer and GBS use landmarks to deform the
neutral face to the input shape, leading to up to 1mm error (Fig-
ure 12 and Table 6, 1st row). Next, the mouth area is replaced by
adding new handles (CANRig) or moving existing ones (Shape-
former, GBS), where CANRig again leads to the smallest difference
to the target mouth shape since the handles don’t conflict with exist-
ing ones of the rest of the face. Finally, since CANRig is local to the
influence region of the handles, anything outside of the influence
region (see Figure 12 1st column, 3rd row) is guaranteed to not
change the base shape. Shapeformer and GBS, however, are global
and introduce changes to the rest of the face. Interestingly, since the
global blendshapes (the same as for the PBS decoder) are chosen
to be as semantically separate, GBS actually performs better in the
locality tests than Shapeformer.

7.4. Shape-preserving Iterative Editing

In this experiment, we demonstrate the capability of our model for
iterative edits that preserve the deformations of the starting shape.
First, we show a simple scenario in Figure 13. By starting from
different base shapes and applying an identical edit, using only a few

(a) Original (b) Target (c) Handles (d) Edited Pose

(e) Input Performance

(f) Edited Performance

Figure 10: A common task in production is to start from a captured
sequence (e) and edit a single frame (a), e.g. to make it more read-
able or expressive. In this example we want to open the mouth wider
as in shape (b). For that purpose, we select handles around the
mouth and chin (c) and move them towards the target pose, giving
us shape (e) that fully preserves the non-edited regions. This edit
can then be smoothly integrated into the performance (f) by fading
the handle edit in and out. We refer to the video for the full sequence.
©Disney

Table 6: Quantitative comparison between CANRig, ShapeTrans-
former [CZG∗22] and global blendshapes (GBS) for dialog replace-
ment. Averaged over the test sequence we measure the error to invert
the shape into the rig, the difference to the target mouth shape, and
the change to the rest of the face. Images for an example frame and
the masks used to evaluate the differences can be found in Figure 12.

Task CANRig Shapeformer GBS

Rig Inversion 0.0mm* 0.98mm 0.38mm
Difference to target mouth 1.01mm 2.14mm 1.43mm

Change to the rest of the face 0.0mm 0.35mm 0.28mm
*Assuming PBS is used for face reconstruction as well.

local handles, our model smoothly integrates the local deformation
into the edited region, while preserving the non-edited region of the
base shapes in the mouth region.

Then, to highlight the non-destructive property of our approach
more systematically, we re-evaluate the Pose A to Pose B exper-
iment in an iterative manner. As shown in Figure 14, after each
edit, the reconstruction error decreases, leading to an increasingly
accurate reconstruction. This improvement is especially significant
for poses, where target shape is far from the initial shape or even
out-of-distribution from the training data, e.g. row 1 and 4. Quan-
titatively, we show this trend of iteratively improving the edit in
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(a) Input Sequence

(b) Target Sequence (source for the mouth)

(c) Edited Sequence (mouth replaced)

Figure 11: Given an input sequence (a), we want to replace the
mouth with the shapes from the target sequence (b), e.g. for dialog
replacement in dubbing. We use the same pipeline as in Figure 10,
i.e. select a set of handles around the mouth and move them to the
target shape. Here, we apply it to every frame, resulting in the edited
sequence (c). We refer to the video for the full sequence. ©Disney
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Figure 12: Comparison to related methods on frame 40 of the
test sequence with replaced mouth (Figure 11, last column). First
column: target/base shape with masks to compute the differ-
ences as reported in Table 6. All error images use a scale from
0mm 5mm. ©Disney

Figure 13: Starting with 6 distinct base shapes (1st row), applying
an identical local edit (eyebrow raise) with a few handles, results in
distinct final shapes (2nd row). Note that the deformation smoothly
integrated into the editing region, while the non-edited parts, such
as the mouth and chins region remain unchanged. ©Disney/Pixar

Figure 15. The error decreases with each edit and converges with
a residual error that could potentially be removed with a more fine
grained handles outline.

7.5. Artist Feedback

CANRig is currently being tested for production and below is the
feedback we received from artists so far:

Advantages

• The implementation is very rigging friendly.
• The handles are very interesting to manipulate in ways that normal

controls cannot offer.
• It is very exciting that the deformations are highly specific to the

actor.
• It is nice that the handles have adjustable areas of influence.

Limitations

• While some areas succeed greatly at adhering to their handles
(such as the lips), other areas may need a small “cleanup” pass,
such as the eyelids.

• The rig is a little opaque as to how the controls affect the mesh
since it is data-driven.

8. Limitations and Discussion

Our simple yet effective approach to learning a direct manipulation
rig via attention enables fast posing and local refinement. How-
ever, for creating a complex pose from scratch, artists still need
to select many handles and managing them simultaneously can be
time-consuming. While our iterative editing capability allows to
break this down into simpler steps, a fundamental challenge for the
artist is selecting the right handles. Therefore, in the future, when
integrating CANRig into existing artist tools, we envision ways to
combine our handles into semantically meaningful groups that can
be controlled together. For instance, a jaw bone could be used to
move multiple handles around the jaw, or parametric curves that
outline the lips and eyes could help artists to move the handles in a
coordinated manner.

The introduction of the base shape enables the artist to do iterative
editing. While this is a core feature of our proposed system, it holds
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Figure 14: The effect of shape-preserving iterative editing. Start-
ing from the neutral face (column 1), using the displayed handles,
our system predicts the target face (column 5) with a single edit
(column 2). By updating the base shape to the intermediate results,
additional edits can be applied, leading to a more accurate recon-
struction of the target face. The Euclidean reconstruction error
relative to the target face is represented by color, using a scale from
0mm 10mm. ©Disney/Pixar

its own limitations. When the artist chooses a base shape that is
conflicting too much with the desired pose, the bias might be too
strong, requiring the artist either to lower the bias strength or change
the base shape. While both options are supported in CANRig, it
comes at the cost of additional authoring.

One of the strengths of CANRig is the ability to stay in model
and prohibit unfeasible shapes, which means the deformations do
not break the model and preserve the character’s identity. This is a
crucial requirement in the live-action VFX scenario. On the other
hand, in the animation domain, artists often need to push the rig
beyond the range of the training data. While we have seen that the
iterative editing workflow allows us to reach more extreme poses in

Figure 15: The plot shows the normalized reduction of reconstruc-
tion error (L2 distance) using the shape-preserving iterative editing
approach. Errors are normalized by the error after the first edit and
averaged over 1,000 samples. Because the first edit already achieves
a strong reconstruction, we highlight the improvements from sub-
sequent edits. This result demonstrate that our model can further
reduce the error until convergence using multiple layers of edits,
while remaining non-destructive, as the error does not increase with
additional iterations.

multiple steps, control over very extreme poses is still a challenge
for our rig.

9. Conclusion and Future Work

Creating facial expressions for animated and live-action characters
has always been a complex task in movie and video game production.
Developing the rigs used by artists requires skilled modelers, and
the rigs may lack intuitive controls.

In this work, we presented CANRig, an automated direct ma-
nipulation rigging method that supports dynamic selection of the
editing region, enabling both fine and coarse deformations and of-
fering artists precise control over their work. We achieve this by
formulating deformation as a cross-attention between handles and
user-defined mesh regions at runtime.

Furthermore, to reduce the amount of control manipulation, as
well as to reduce the error of inversion to zero with captured perfor-
mances, we introduced an additional shape-preserving architecture.
This helps to preserve previous edits and performances while still
offering the flexibility to change the shape.

While our work focused on creating a dedicated neural rig for
each character, we believe our rig can be generalized to multiple
characters. In the future, we plan on extending CANRig to retarget
a character’s performance onto another, or to adapt a pre-trained
version of CANRig to a new character for which only a small num-
ber of training shapes exist; as is often the case with new animation
productions and fictional characters, which are manually sculpted.
Broadening the generalizability of these results to different charac-
ters is beyond the scope of this paper and represents a promising
direction for future work.
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Appendix A: Choice of Distance Measure

As described in Section 3.1, we chose a weighted geodesic distance
measure for determining the influence radius of a control handle.
Empirically, this approach is better than straight-line Euclidean dis-
tances or unweighted geodesic distances because it better preserves
both the spatial and topological relationships of the mesh. Especially,
the topological relationship can be crucial in regions such as the
face, where the upper and lower lip might be close together in space
but should not move together for a small influence radius.

Additionally, we tested another way of determining the influence
radius, based on a correlation prior. To do so, we precomputed the
correlation corr(vi,v j) between each vertex pair vi and v j. When
integrating the weighted geodesic distance along the edges, we mul-
tiply this with an additional scaling of 1−|corr(vi,v j)|. With this
scaling, not only are the topological and spatial relationships taken
into account, but also their prior correlation based on the data. This
results in more correlated vertices being covered first when increas-
ing the radius of a single handle. Figure 16 illustrates this effect,
showing how the influence region initially covers the forehead rather
than the upper eyebrows, unlike the weighted geodesic approach in
Figure 4. Also note how the nose is not covered at all since that de-
formation was very uncorrelated in the data and can only be moved
by selecting a handle on the nose.

While the precomputed correlation could potentially simplify the
task the model has to learn, we did not observe any improvements
(or deficits) in performance. However, from a user perspective, this
way of controlling the influence region offers an interesting property
by more clearly visualizing which regions can or cannot be moved
together. From a UI-perspective, the visualization of the attention
weights can offer a similar feedback to the user to understand the
influence of a control handle on the vertices. Nevertheless, since
the computation of the correlation matrix is challenging for high-
resolution meshes, we defaulted to the simpler weighted geodesic
distance measure in CANRig. Yet, one can also expose this way of
shaping the influence region as an additional option to the user at
runtime, since CANRig is not limited to the masks it was trained
with.

Appendix B: Detailed Equations

In this section, we present the full mathematical formulations used
throughout this paper. We begin with the equations for the non-
iterative model in Section 3.1, followed by the formulations for the
iterative approach in Section 3.2.

q = Φquery(S0) ∈ RK×N×Fi (9a)

k = Φkey(ph) ∈ RK×H×Fi (9b)

v = Φ
∗
value(∆h) ∈ RK×H×Fo (9c)

A = q∗ kT ∈ RK×N×H (9d)

AM = σM(A) =
exp(A) M

∑
L
l=1 exp(Ah)Mh

∈ RK×N×H (9e)

z = AM ∗ v ∈ RK×N×Fo (9f)

Spred = S0 +Φ
∗
output(z) ∈ RN×D (9g)
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Figure 16: Deformations using a single control handle (blue) with
two varying user-defined editing regions, indicated by 0 1,
that are additionally weighted based on a correlation prior.
©Disney/Pixar

Here, Fi,Fo are the attention input and output latent dimensions,
and K is the number of attention heads.

Similarly, the equations for the shape-preserving model are given
by:

q = Φquery(S0) ∈ RK×N×Fi (10a)

k = Φkey(ph) ∈ RK×H×Fi (10b)

v = Φ
∗
value(∆h,bh) ∈ RK×H×Fo (10c)

A = q∗ kT ∈ RK×N×H (10d)

AM,β = σM(A;β) =

[
exp(A) M

∑
L
l=1 exp(Ah)Mh

;β

]
∈ RK×N×H+1

(10e)

z = AM,β ∗ [v;0] ∈ RK×N×Fo (10f)

Spred = SB +Φ
∗
output(z,SB) ∈ RN×D (10g)

Appendix C: Additional Results

Pose A to B First, we present additional visual results of the A
to B experiment for our animated characters (see Figure 17). In all
cases, the target pose B can be hit accurately. In some cases such
as the one in fifth row, where the target pose is more extreme, the
error might be higher. However, the residual error can be further
improved by our iterative editing capabilities, as shown in the next
section.
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Figure 17: Additional examples of the A to B test. The base shape
is given in the first and fourth columns, the target pose in the third
and sixth columns, and the reconstruction is given in the second and
fifth columns. The error scale is from 0mm 10mm.
©Disney/Pixar

Iterative Editing Secondly, we give additional visual results of
the shape-preserving iterative editing in Figure 18). In all cases,
we start from the neutral pose and reconstruct the target iteratively.
By updating the base shape after each editing layer and bringing it
closer to the target shape, the reconstruction error is reduced in each
step. This is especially prominent for the second and fifth row that
show more extreme target poses.

Figure 18: Additional examples of iterative editing. Starting from
the neutral face (column 1), our system predicts the target face
(column 5). Column 2 shows the prediction with a single edit. By
updating the base shape after each layer, additional edits can be
applied, leading to a better reconstruction of the target face. The
Euclidean reconstruction error relative to the target face is rep-
resented by color, using a scale from 0mm 10mm.
©Disney/Pixar
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