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Abstract

Automatic facial rigging across heterogeneous mesh
topologies remains challenging because high-quality ex-
pression supervision is often tied to canonical templates,
while deformation transfer to arbitrary meshes can intro-
duce geometric artifacts and correspondence errors. We
present TopoRig, a topology-agnostic facial rigging frame-
work that predicts FACS-conditioned deformations directly
on input mesh vertices while preserving the original topol-
ogy. Starting from the ICT FaceKit expression model,
we construct complementary supervision from accurate but
template-biased common-topology rigs, topology-diverse
but noisier transferred rigs, and targeted image-based cues
for controls poorly captured by geometric transfer. TopoRig
combines local surface geometry, landmark-relative seman-
tic features, global shape context, and FACS controls to
predict per-vertex displacements. We train on 3,496 gen-
erated identities using 45 non-gaze expression controls
from the 53-control ICT FaceKit vocabulary. On held-
out identities and unseen mesh topologies, TopoRig more
faithfully reproduces the reference expression space than
prior neural facial-rigging methods, while qualitative re-
sults show consistent localized deformations across diverse
character geometries. Ablations demonstrate that semantic
landmark features and complementary supervision improve
cross-identity and cross-topology generalization. Overall,
TopoRig amortizes heterogeneous and imperfect expression
supervision into a single topology-preserving deformation
model.

1. Introduction
Facial rigging transforms a static neutral face into a con-
trollable asset capable of producing a range of expres-
sions [11, 17]. It is an important component of creat-
ing digital characters for user-controlled animation, perfor-
mance retargeting, generated avatars, speech-driven anima-
tion, and stylized expression manipulation [12, 18, 21, 25].
Facial rigs commonly represent expressions using blend-
shapes corresponding to the Facial Action Coding System
(FACS) [4, 8, 9], providing interpretable controls that can
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Figure 1. Overview of TopoRig. (A) Starting from the
ICT FaceKit AU rig, we construct complementary supervision
from common-topology fitted rigs, expression transfer to custom
topologies, and targeted image-based cues for AUs with unreliable
3D targets. TopoRig jointly learns from these sources. (B) At in-
ference time, it produces AU-conditioned deformations for diverse
identities and previously unseen mesh topologies while preserving
the input topology.

be adjusted individually or combined to form more complex
expressions. However, manually constructing high-quality
facial rigs requires substantial artist effort, resulting in high
production costs and long production cycles [6, 14, 23].

Traditional automatic methods reduce this effort by fit-
ting a predefined facial template and transferring its blend-
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shapes to a target mesh, but this process often relies on tem-
plate registration, dense correspondence, or topology nor-
malization [1, 3, 16]. Recent neural approaches instead pre-
dict facial deformations directly, with some supporting ex-
pression transfer across meshes with different connectivity
and other combining global expression controls with local-
ized deformation [2, 15, 17]. However, methods built on
a canonical mesh representation, such as AU-Blendshape,
remain limited to a shared topology. Template-registration
approaches such as OmniFaceRig support more diverse in-
put meshes, but construct the final facial rig through fitted
template geometry and blendshape transfer [12, 22]. Rig-
AnyFace supports varied input topology and expands train-
ing through 2D supervision, enabling facial rigging across
diverse mesh structures [15].

Despite the progress, a central challenge in topology-
agnostic facial rigging is obtaining supervision that is si-
multaneously accurate, geometrically diverse, and applica-
ble across heterogeneous mesh connectivity. To address this
challenge, we construct a multi-source training corpus us-
ing the open-source ICT FaceKit expression model [13] to-
gether with diverse neutral 3D faces generated by an off-
the-shelf image-to-3D model [10]. We derive 3D expres-
sion supervision through two complementary routes. First,
we fit the ICT FaceKit template to the generated identities,
producing accurate and internally consistent expression tar-
gets on a shared topology, although the resulting geometry
remains biased toward the template. Second, we transfer the
ICT FaceKit expression deformations directly onto the gen-
erated meshes, preserving their identity-specific geometry
while substantially increasing topology diversity. Although
the transfer procedure includes geometric smoothing and
expression-specific corrections, local correspondence am-
biguities can still produce imperfect targets, particularly
around closely separated facial surfaces such as the eye-
lids and lips. Moreover, the procedure requires substantial
per-identity processing. We therefore use these transferred
meshes as supervision for an amortized deformation model
rather than as the final rigging procedure. For action units
that are poorly captured by geometric transfer, we addition-
ally incorporate targeted image-based supervision obtained
using an off-the-shelf image editing model [5].

We propose TopoRig, a topology-agnostic facial rig-
ging framework that learns a single deformation model
from complementary supervision sources. Rather than re-
lying on one automatically constructed rig representation,
TopoRig combines accurate but template-biased fitted rigs,
topology-diverse but noisier transferred rigs, and targeted
image-based supervision for controls that are difficult to
obtain reliably through geometric transfer. The network
conditions each input vertex on local geometry, optional
landmark-relative semantic features, global facial geome-
try, and the requested FACS control, and directly predicts

expression-dependent displacements on the original mesh
vertices. This preserves the input vertex count, connectiv-
ity, and UV parameterization while amortizing the expen-
sive per-identity fitting and transfer process into a single
forward pass.

Fig. 1 summarizes the construction of the three supervi-
sion sources and the topology-preserving inference process.
In summary, our main contributions are:
• Complementary multi-source supervision: a training

strategy that derives complementary supervision from a
common AU rig through fitted common-topology targets,
deformation transfer to identity-specific topologies, and
targeted image-based cues for controls with unreliable 3D
targets.

• Amortized topology-preserving facial deformation: a
FACS-conditioned deformation model that jointly learns
from these heterogeneous supervision sources and pre-
dicts expressions directly on previously unseen input
meshes without running the fitting and transfer pipeline
at inference time.

• Large-scale training and analysis: a training corpus
containing 3,496 generated identities, using 45 non-
gaze controls from the 53-control ICT FaceKit vocab-
ulary, together with evaluations and ablations studying
cross-topology generalization, semantic landmark fea-
tures, complementary training sources, and data scale.

2. Related Work
Automatic facial rigging has traditionally relied on regis-
tering a canonical template and transferring blendshape or
skinning deformations to a target mesh [1, 3, 16], often re-
quiring reliable correspondence and per-character process-
ing. Neural approaches instead learn deformation mappings
across identities and mesh structures.

Neural Face Rigging (NFR) introduced a deformation
autoencoder trained using interpretable controls from a lin-
ear 3D morphable model and detailed deformations from
4D facial captures [17]. This combination allows NFR to
retain user-controllable expression parameters while repro-
ducing fine-grained details from real facial performances.

Neural Face Skinning later combined a global expres-
sion representation with localized facial deformation [2].
The method predicts per-vertex skinning weights that lo-
calize the influence of a global expression representation to
different facial regions. These weights are learned using
facial segmentation labels, while FACS-based blendshapes
provide interpretable expression supervision.

AUBlendNet instead predicts 32 personalized AU blend-
shape bases from a FLAME-based neutral identity mesh
[12, 14]. Its accompanying AUBlendSet dataset contains
artist-created AU blendshapes for 500 identities. Because
all identities share the fixed FLAME topology of 5,023 ver-
tices, AUBlendNet does not directly address facial meshes
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Figure 2. TopoRig architecture. Per-vertex geometric, landmark, and Fourier features are processed using the input mesh connectivity,
while a global mesh representation and AU control jointly condition the deformation network. The model predicts a 3D displacement for
each input vertex, preserving the original topology.

with arbitrary topology.

RigAnyFace directly predicts FACS-conditioned dis-
placements on the vertices of an input neutral facial mesh
using a deformation network built on DiffusionNet [15, 19].
The DiffusionNet blocks are modified to incorporate FACS
conditioning, while a global encoder allows information to
be shared across disconnected components such as the face
and eyeballs. To reduce its dependence on expensive artist-
rigged data, RigAnyFace combines 3D supervision from
professionally rigged meshes with image-based supervision
generated for unrigged meshes. Since its predicted dis-
placements are applied directly to the original vertices, the
input topology is preserved.

Most recently, OmniFaceRig introduced a template-
based pipeline that converts a static surface-only character
into an inner-mouth-aware facial rig [22]. The resulting rig
contains up to 155 FACS blendshapes together with proce-
durally fitted teeth, gums, and tongue. Its selected facial
template is rigidly and non-rigidly registered to the input
before the blendshapes and inner-mouth components are
transferred. Unlike RigAnyFace, which predicts displace-
ments directly on the input vertices and therefore preserves
their connectivity, OmniFaceRig constructs the rigged fa-
cial region through template fitting and fusion. Conse-
quently, although it accepts diverse input topologies, it does
not preserve the original facial connectivity.

TopoRig is most closely related to RigAnyFace in that
both predict FACS-conditioned deformations directly on the

vertices of the input mesh and therefore preserve its origi-
nal connectivity. Our focus, however, is on constructing
and combining complementary supervision from a single
canonical AU rig. We derive accurate but template-biased
common-topology targets, topology-diverse transferred tar-
gets on identity-specific meshes, and targeted image-based
supervision for controls where geometric transfer is unreli-
able. TopoRig then learns a single amortized deformation
model from these heterogeneous sources, avoiding the per-
identity fitting and transfer procedure at inference time.

3. Method
3.1. Overview
TopoRig is a topology-preserving facial rigging framework
that predicts expression-dependent deformations for a neu-
tral mesh. Given neutral vertex positions V, vertex normals
N, vertex landmark features L, mesh connectivity T , and
an action-unit control vector cAU, the network predicts a
three-dimensional displacement, ∆̂V, for every input ver-
tex:

fθ (V,N,L, T , cAU) = ∆̂V. (1)

The expressed mesh is obtained by adding the predicted dis-
placements to the neutral vertices:

V̂expr = V + ∆̂V. (2)

The network combines local surface geometry, facial land-
mark features, global facial geometry, and the requested ex-
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pression. Since the predicted displacements are applied di-
rectly to the original vertices, TopoRig preserves the vertex
count, faces, and connectivity of the input mesh.

Here, topology-agnostic means that TopoRig does not re-
quire a fixed canonical topology, vertex ordering, or corre-
spondence across input meshes; the connectivity of each in-
dividual mesh is still used to define its local neighborhoods.
The overall architecture is illustrated in Fig. 2.

3.2. Per-Vertex Input Features
Let the neutral mesh contain nv vertices and nf triangular
faces, where both values may vary between meshes. It is
represented by vertex positions V ∈ Rnv×3, unit vertex
normals N ∈ Rnv×3, and face indices T ∈ Nnf×3.

TopoRig can optionally augment each vertex with facial
landmark features that provide semantic information about
nearby facial regions. A landmark detector provides a set of
semantically consistent 3D facial locations with fixed in-
dices. For each mesh vertex i, we select its KL nearest
landmarks. For each selected landmark, we encode five val-
ues: three coordinates for the 3D offset from the vertex to
the landmark, one value for their Euclidean distance, and
one normalized landmark index. Concatenating these val-
ues over the KL landmarks gives the feature li ∈ R5KL .
During training, we improve robustness to incomplete land-
mark information using two forms of landmark dropout.
Modality dropout removes all landmark features, while re-
gion dropout removes landmarks from a randomly selected
facial region before the nearest-landmark features are con-
structed. In both cases, the per-vertex input dimensionality
remains fixed.

The relative offsets, distances, and landmark indices pro-
vide semantic localization cues without requiring vertex
correspondence, helping the network identify facial regions
across meshes with different vertex orderings and connec-
tivity.

We normalize the vertex coordinates of each mesh by
subtracting the mesh centroid and scaling by the maximum
vertex distance from the centroid, yielding ṽi. To provide
additional spatial information, we apply a Fourier positional
encoding with two frequency bands to these normalized co-
ordinates [20]. Let γ(ṽi) denote this encoding. The com-
plete per-vertex feature is then

zi = [ṽi, ni, li, γ(ṽi)] ∈ R58, (3)

where ni is the unit surface normal and li is the
landmark-relative feature defined above.

3.3. Conditional Deformation Network
TopoRig represents facial expressions using a 53-
dimensional control vector, denoted by cAU, whose en-
tries correspond to the expression controls provided by ICT
FaceKit. These controls follow the AU-based naming used

by ICT FaceKit throughout this work. In all training and
evaluation experiments, each target expression activates a
single control and is therefore represented by a one-hot vec-
tor.

A vertex encoder Ev, implemented as an MLP, maps
each per-vertex input feature zi to an initial feature for the
deformation network,

x
(0)
i = Ev(zi). (4)

In parallel, inspired by the pooled global representa-
tion used in RigAnyFace [15], a separate global encoder
summarizes the geometry of the complete neutral mesh
into a mesh-level representation. While the deformation
branch operates primarily on local vertex neighborhoods,
this global representation provides identity-level shape con-
text that is shared across the entire mesh. Its input MLP
Eg,in maps the same per-vertex feature to

h
(0)
i = Eg,in(zi). (5)

The triangular faces induce a bidirectional vertex adja-
cency A ∈ {0, 1}nv×nv , with self-edges included for all
vertices.

At layer l of the global encoder, each vertex computes
the mean feature over itself and its adjacent vertices,

m
(l)
i,g =

∑nv

j=1 Aijh
(l)
j∑nv

j=1 Aij
. (6)

The current feature, neighbourhood mean, and their dif-
ference are combined by an MLP E

(l)
g and added residually

to the current representation,

u
(l)
i = E(l)

g

(
[h

(l)
i ,m

(l)
i,g,m

(l)
i,g − h

(l)
i ]
)
, (7)

h
(l+1)
i = LayerNorm

(
h
(l)
i + u

(l)
i

)
. (8)

After Lg such layers, an output MLP Eg,out is applied to
each vertex feature and the resulting features are averaged
to obtain a global representation of the neutral identity,

g =
1

nv

nv∑
i=1

Eg,out

(
h
(Lg)
i

)
. (9)

The global representation g is concatenated with the AU
control vector cAU and passed through a control MLP Ectrl

to produce the expression condition

c = Ectrl([cAU,g]). (10)

The condition c is then broadcast to every vertex in the
deformation network. In this way, each local deformation
is conditioned not only on the requested expression but also
on the global geometry of the input identity.
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Figure 3. Effect of Stage 2 image-guided refinement. For left
eye blink, Stage 1 inherits weak closure from unreliable trans-
ferred targets, while Stage 2 image supervision produces stronger
and more complete eyelid closure on both validation identities.

The main deformation network then applies Ld condi-
tional aggregation layers, starting from the vertex features
x
(0)
i . Using the same adjacency matrix, each layer first com-

putes

m
(l)
i =

∑nv

j=1 Aijx
(l)
j∑nv

j=1 Aij
. (11)

The current vertex feature, its neighbourhood mean, and
their difference are then combined by an MLP E

(l)
surf to form

a local feature,

s
(l)
i = E

(l)
surf

(
[x

(l)
i ,m

(l)
i ,m

(l)
i − x

(l)
i ]
)
. (12)

The expression condition c is concatenated with this lo-
cal feature and processed by a second MLP E

(l)
cond. The

resulting feature is added residually to the current vertex
representation,

x
(l+1)
i = LayerNorm

(
x
(l)
i + E

(l)
cond

(
[s

(l)
i , c]

))
. (13)

This operation propagates information according to the
input mesh connectivity while conditioning each vertex on
the requested expression. After Ld conditional layers, the
final vertex feature is concatenated with the expression con-
dition and passed through a displacement MLP Edisp,

∆v̂i = Edisp

(
[x

(Ld)
i , c]

)
. (14)

The displacement head outputs a three-dimensional dis-
placement for each input vertex. Its final layer is initialized
to zero, so the untrained network initially predicts zero dis-
placement and reproduces the neutral input mesh.

3.4. Training Objectives
TopoRig is trained in two stages. Stage 1 learns the FACS-
conditioned deformation model from mesh-supervised sam-
ples. Stage 2 initializes from Stage 1 and jointly uses mesh-

and image-supervised samples. For mesh-supervised sam-
ples, the primary vertex loss Lvtx supervises the predicted
displacement field against the target expression deforma-
tion. We additionally use a landmark loss Llmk and an
active-landmark loss Lactive to increase supervision around
semantically important facial regions and landmarks associ-
ated with the selected AU, respectively. The mesh objective
is

Lmesh = Lvtx+λlmkLlmk+λeff
activeLactive+Lgeom. (15)

The geometric regularizer Lgeom combines displacement
smoothness, relative edge-length preservation, surface-
normal consistency, and displacement-magnitude penalties:

Lgeom = λsmoothLsmooth + λedgeLedge

+ λnormalLnormal + λmagLmag. (16)

Landmark features provide semantic localization, while
the landmark losses directly supervise deformation near
expression-relevant facial regions.

For image-supervised samples, target optical flow be-
tween the neutral and expressed images is estimated using
WAFT [24]. We apply image-based supervision only to a
subset of eight eye-region controls for which the transferred
3D blendshapes are noisy or insufficiently reliable, particu-
larly for eyelid closure and opening.

In addition to optical flow, we use an eyelid objective
Leyelid that supervises normalized projected eyelid motion
and eyelid-gap reduction, together with a localized depth-
anchor term. We further regularize the predicted deforma-
tion with an image-branch geometric regularizer Limg

geom and
an outside-region anchor loss Lanchor that suppresses mo-
tion away from the supervised facial region. The image ob-
jective is

Limage = λflowLflow + Leyelid + Limg
geom + λanchorLanchor.

(17)
During Stage 2, mesh- and image-supervised samples are
trained jointly. The loss applied to each sample depends on
its available supervision:

L = Lmesh + Limage. (18)

Detailed definitions of the individual mesh and image loss
terms are provided in Sec. B of the supplementary material.
At inference time, the network directly predicts a displace-
ment field for a requested AU control on the neutral mesh.
Since only the vertex positions are modified, the original
vertex count, faces, and connectivity are preserved.
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4. Experiments

4.1. Datasets and Metrics
Datasets. We use 3,496 facial identities generated using
Nano Banana [5] and reconstruct their neutral meshes using
Pixal3D [10]. The identities are divided into 2,796 training,
350 validation, and 350 test identities.

We obtain 3D supervision by fitting ICT FaceKit [13]
to each reconstructed identity. This produces both a
common-topology ICT mesh and an expression-transferred
mesh that preserves the original Pixal3D topology. The
original-topology meshes are simplified to approximately
100,000 faces (denoted Pixal3D-100k), and MediaPipe
landmarks [7] are transferred to the simplified geometry.
Further construction details are provided in Sec. A. The full
ICT FaceKit control vocabulary contains 53 expression con-
trols. For mesh-supervised experiments, we use the 45 non-
gaze controls available in our fitted ICT stream. Four of
these have unreliable transferred targets and are therefore
omitted from the Pixal3D stream, leaving 41 controls. Im-
age supervision is applied to eight eye-region controls and
uses 17,504 expression pairs from 2,779 identities.

The Pixal3D expression meshes are automatically con-
structed by transferring ICT expression deformations to the
original Pixal3D topology. We therefore treat them as trans-
ferred reference targets, rather than independent ground-
truth rigs. Evaluation on this set measures how well a
method preserves the canonical expression space while gen-
eralizing to previously unseen identities and mesh topolo-
gies. Importantly, lower error does not necessarily imply
higher perceptual rig quality, since the transferred refer-
ences may contain local correspondence artifacts. We there-
fore use this evaluation as a measure of transfer fidelity and
topology generalization, complemented by qualitative re-
sults on diverse character meshes.

The held-out evaluation set contains 350 identities,
yielding 15,750 ICT and 14,350 Pixal3D mesh–expression
samples. All methods use the same identities, controls, pre-
processing, scale normalization, and evaluation masks.

Evaluation Metrics. Predictions are evaluated as dis-
placement fields rather than absolute vertex positions. Each
neutral head is standardized to a height of 240 mm, and
evaluation is restricted to vertices whose reference displace-
ment exceeds 0.01 mm. We report coordinate-wise MAE
and the 95th percentile (Q95) of per-vertex Euclidean dis-
placement error, averaged equally across identity–control
pairs. MAE captures average deformation error, while Q95
emphasizes larger localized deviations.

4.2. Implementation Details
We use KL = 8 nearest landmarks, two Fourier frequency
bands, and two aggregation layers in both the global en-
coder and deformation network. Training uses AdamW

Table 1. Quantitative comparison with prior facial-rigging
methods. Pixal3D-100k errors measure agreement with automat-
ically transferred ICT reference expressions on held-out identities
and topologies, rather than with independently authored ground-
truth rigs.

Method ICT Pixal3D-100k

MAE (mm) ↓ Q95 (mm) ↓ MAE (mm) ↓ Q95 (mm) ↓
NFS [2] 1.476 4.358 1.416 4.260
NFR [17] 1.928 5.480 1.273 4.145
TopoRig (Ours) 0.400 1.257 0.274 0.975

with a global batch size of 16. Stage 1 is trained for 20
epochs with mesh supervision, while Stage 2 is initial-
ized from Stage 1 and refined for 10 epochs using joint
mesh and image supervision. Image supervision is applied
to eight eye-region controls, and Stage 2 additionally in-
cludes mesh-only refinement for selected higher-error con-
trols. Full optimization, loss-weight, augmentation, and re-
finement settings are provided in the supplementary mate-
rial.

4.3. Comparison with baselines
We compare TopoRig with Neural Face Rigging (NFR) [17]
and Neural Face Skinning (NFS) [2] using their publicly re-
leased pretrained checkpoints. RigAnyFace [15], although
closely related, is not included because neither its imple-
mentation nor pretrained models are publicly available. For
each control, we provide the corresponding ICT expression
together with the neutral test mesh to each baseline. Since
both baselines also predict a neutral reconstruction, expres-
sion displacements are measured relative to their predicted
neutral output. All methods use the same test identities,
shared controls, preprocessing, evaluation masks, scale nor-
malization, and metrics described in Sec. 4.1.

As shown in Tab. 1, TopoRig substantially outperforms
both prior methods on common-topology ICT meshes
and on identity-specific Pixal3D meshes. Relative to the
strongest baseline, TopoRig reduces MAE by 72.9% on
ICT and 78.5% on Pixal3D-100k, with similarly large re-
ductions in Q95. On Pixal3D-100k, the lower errors indi-
cate that TopoRig more faithfully reproduces the transferred
reference expressions across nonuniform, identity-specific
topologies; they should not be interpreted as an indepen-
dent measure of perceptual rig quality. Overall, TopoRig
more accurately reproduces the reference expression targets
on previously unseen identities and mesh structures.

Fig. 4 provides a qualitative comparison for jaw open-
ing, showing more consistent deformation across the ICT
template and identity-specific Pixal3D topologies than NFR
and NFS. Fig. 5 further demonstrates generalization to
stylized in-the-wild characters whose facial geometry and
appearance differ substantially from the training identi-
ties. Additional qualitative results across held-out valida-
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Figure 4. Qualitative comparison with NFR and NFS for jaw opening. Columns show the ICT FaceKit topology and two Pixal3D
identities with custom topologies. For Pixal3D, error maps show per-vertex Euclidean distance to the transferred reference target on a
shared 0–15mm scale; gray denotes vertices outside the evaluated region. TopoRig produces more consistent deformation across common
and custom topologies.

Table 2. Ablation and training analysis. Effects of input fea-
tures, supervision sources, training-set size, and Stage 2 refine-
ment. Errors are computed on moving vertices after normalization
to a 240 mm head height relative to the held-out reference expres-
sion targets.

Model ICT Pixal3D-100k

MAE (mm) ↓ Q95 (mm) ↓ MAE (mm) ↓ Q95 (mm) ↓
No landmark input 0.641 1.940 0.373 1.456
No Fourier encoding 0.446 1.438 0.282 1.008

ICT only 0.372 1.089 1.086 4.153
Pixal3D only 1.165 3.974 0.286 1.039

25% data 0.768 2.260 0.351 1.255
50% data 0.512 1.737 0.308 1.115
75% data 0.494 1.624 0.291 1.044

Full Stage 1 0.416 1.333 0.275 0.983
Full Stage 2 (TopoRig) 0.400 1.257 0.274 0.975

tion identities and facial controls are provided in Sec. C of
the supplementary material.

4.4. Ablation and Training Analysis
Tab. 2 analyzes the input representation, the value of com-
plementary supervision and data diversity, and the effect of
Stage 2 refinement.

Landmark-relative features are the dominant input cue.
Relative to Full Stage 1, removing them increases MAE by
54% on ICT and 36% on Pixal3D-100k, whereas remov-
ing Fourier encoding causes only a small degradation. This
indicates that semantic localization is particularly impor-

tant for cross-topology generalization, with Fourier features
providing a complementary benefit.

Training on either the ICT or transferred Pixal3D su-
pervision alone produces clear domain-specific behavior,
while joint training performs well across both common and
identity-specific topologies. Performance also improves
consistently with additional training identities, indicating
that both complementary mesh supervision and identity di-
versity support generalization.

Stage 2 changes aggregate MAE and Q95 only slightly
because it targets a small subset of controls with unreliable
transferred 3D supervision. Its benefit is more evident qual-
itatively: as shown in Fig. 3, image-guided refinement pro-
duces stronger and more complete eyelid closure than mesh
supervision alone.

4.5. Discussion and Limitations
The results highlight a useful trade-off between the different
supervision sources used by TopoRig. Common-topology
ICT targets provide consistent expression supervision, but
constrain the training geometry to a canonical mesh struc-
ture. In contrast, transferred Pixal3D targets expose the
model to substantially more varied identity-specific geom-
etry and connectivity, at the cost of correspondence noise
introduced by deformation transfer. The single-source abla-
tions in Tab. 2 reflect this trade-off: training on either source
alone produces strong domain-specific behavior, whereas
joint training achieves substantially more balanced perfor-
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Figure 5. Generalization to in-the-wild character meshes. TopoRig produces localized AU-conditioned deformations on three stylized
characters with geometry and appearance distinct from the training identities, while preserving their character-specific shape. The character
meshes are publicly available CC0 assets from BlendSwap: Cartoon Guy V1.2 by mjedewaard, Ed from Cartoon Character Pack 1 by
VMComix, and Wicked Witch by squibblejack. These meshes are used only for qualitative evaluation and are not part of the TopoRig
training data.

mance across the two mesh domains. These results are con-
sistent with the two supervision sources providing comple-
mentary geometric biases, although the ablation does not
fully disentangle this effect from the additional supervision
available under joint training.

The evaluation should nevertheless be interpreted with
several limitations. Because the Pixal3D expression tar-
gets are themselves constructed by automatic deformation
transfer, they are not independently authored ground-truth
rigs. Quantitative performance on Pixal3D-100k therefore
measures agreement with the transferred canonical expres-
sion space and generalization across unseen mesh struc-
tures, rather than perceptual rig quality in isolation. The
in-the-wild examples in Fig. 5 provide additional qualitative
evidence that the learned deformation model can operate on
character geometries outside the generated training distribu-
tion, but these examples likewise lack artist-authored target
rigs and are therefore not used for quantitative evaluation.

Our current expression supervision also focuses on indi-
vidual AU controls: all training and quantitative evaluation
targets activate a single control. Although the network ac-
cepts an AU control vector, compound expressions have not
been systematically supervised or evaluated. In addition,
image-guided refinement currently targets eight eye-region
controls for which transferred 3D supervision is particularly
unreliable. Extending this supervision to other difficult fa-
cial regions, evaluating combinations of controls, and col-
lecting artist-authored rigs or perceptual judgments would
provide stronger measures of animation quality beyond de-
formation transfer fidelity.

5. Conclusion

We presented TopoRig, a topology-agnostic facial rigging
framework that predicts AU-conditioned deformations di-
rectly on the vertices of an input mesh while preserving
its original topology. TopoRig learns from complementary
supervision sources comprising accurate common-topology
targets, topology-diverse transferred targets, and targeted
image-based cues for controls with unreliable 3D supervi-
sion.

Across held-out identities, TopoRig achieves substan-
tially lower deformation error than the evaluated neu-
ral baselines on both common-topology ICT meshes and
identity-specific Pixal3D meshes. Qualitative results
demonstrate consistent localized deformations across di-
verse identities and stylized in-the-wild character meshes.
Our ablations show that landmark-relative semantic fea-
tures, complementary mesh supervision, and increased
identity diversity contribute to cross-topology generaliza-
tion, while image-guided refinement improves localized de-
formations such as eyelid closure.

The supervision sources play complementary roles:
canonical-topology targets provide consistent expression
supervision, transferred meshes introduce geometric and
topological diversity, and targeted image cues address re-
gions where geometric transfer is unreliable. Overall,
TopoRig amortizes this heterogeneous supervision into a
single topology-preserving model, avoiding per-identity fit-
ting and transfer while preserving the connectivity and
identity-specific structure of unseen character meshes.
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TopoRig: Topology-Agnostic Facial Rigging via Multi-Source Supervision

Supplementary Material

A. Template Fitting and Blendshape Transfer
To generate expression-capable training meshes while pre-
serving the topology of each target identity, we use the ICT
FaceKit Light model [13] as a canonical facial deformation
template. ICT FaceKit provides a common facial topology
together with 53 expression blendshapes, allowing a consis-
tent expression space to be transferred across identities with
different geometry and connectivity.

Given a neutral target mesh and the neutral ICT tem-
plate, we first align the two meshes using corresponding
facial landmarks. The ICT template is then non-rigidly de-
formed to match the target identity while retaining its orig-
inal connectivity. The resulting identity deformation is ap-
plied consistently to the ICT neutral mesh and its expression
shapes, preserving the expression displacement fields. Fi-
nally, the fitted ICT blendshape displacements are spatially
transferred onto the vertices of the original target topology.

The overall procedure consists of four stages: (i)
landmark-based similarity alignment, (ii) non-rigid ICT
template fitting, (iii) blendshape-preserving identity defor-
mation, and (iv) deformation-field transfer to the target
topology.

A.1. ICT FaceKit Expression Template
We use ICT FaceKit Light [13], which provides a canonical
neutral facial mesh and 53 expression blendshapes regis-
tered to a common topology. The model includes localized
deformations of the brows, eyelids, cheeks, jaw, and mouth,
with asymmetric expressions represented independently for
the left and right sides of the face.

The ICT expression meshes share the same vertex order-
ing and connectivity as the neutral template. We therefore
represent each expression k as a per-vertex displacement
field relative to the neutral mesh. Let v0

i denote vertex i
of the neutral ICT mesh and vk

i denote the corresponding
vertex under expression k. The expression displacement is

δki = vk
i − v0

i . (19)

These deformation fields form the canonical expression
space that is subsequently adapted to each target identity.

A.2. Landmark-Based Similarity Alignment
Let

MICT = (VICT,FICT) (20)

denote the neutral ICT template and

MT = (VT,FT) (21)

denote the neutral target mesh.
Before non-rigid fitting, the target mesh is placed into

the coordinate frame of the ICT template using correspond-
ing facial landmarks. Given shared landmark positions
{pICT

l }Ll=1 and {pT
l }Ll=1, we estimate a similarity transfor-

mation consisting of a scale s, rotation R, and translation
t:

p̂T
l = spT

l R+ t. (22)

To improve robustness to inaccurate landmark corre-
spondences, landmarks with large residual errors are re-
moved using percentile-based trimming and the transforma-
tion is re-estimated using the remaining correspondences.
The resulting transformation is then applied to the complete
target mesh.

A.3. Non-Rigid ICT Template Fitting
Following global alignment, the ICT template is non-rigidly
deformed to match the geometry of the target identity while
retaining the original ICT mesh connectivity. Let v0

i denote
the original position of ICT vertex i and vi its current fitted
position. The corresponding identity displacement is

di = vi − v0
i . (23)

The fitting procedure combines surface correspondence,
semantic landmark constraints, and topology-aware dis-
placement smoothing.

Surface Correspondence. Each ICT vertex is associated
with its nearest point on the aligned target surface. The re-
sulting correspondence term can be interpreted as

Lsurf =
∑
i

∥vi −NNT(vi)∥22 , (24)

where NNT(vi) denotes the nearest target surface sam-
ple. Large-distance correspondences are removed using
percentile-based trimming. A lower-weight reverse corre-
spondence from the target surface to the ICT template is
additionally used to encourage coverage of the target geom-
etry.

Landmark Constraints. Nearest-surface correspon-
dence alone does not enforce semantic alignment between
facial structures. We therefore constrain ICT landmark
vertices to their corresponding target landmark positions:
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Llm =

L∑
l=1

wl

∥∥vil − p̂T
l

∥∥2
2
. (25)

Landmark influence is propagated to nearby vertices us-
ing spatially decaying weights, providing smooth semantic
guidance around the eyes, mouth, nose, and brows.

Topology-Aware Smoothing. To maintain a coherent
surface during fitting, neighboring ICT vertices are encour-
aged to undergo similar identity displacements. For the one-
ring neighborhood N (i) of vertex i, the mean neighboring
displacement is

d̄i =
1

|N (i)|
∑

j∈N (i)

dj . (26)

The corresponding regularization can be written as

Lsmooth =
∑
i

∥∥di − d̄i

∥∥2
2
. (27)

The fitting process can therefore be interpreted as bal-
ancing

Lfit = λsurfLsurf + λlmLlm + λsmoothLsmooth, (28)

although the implementation performs iterative weighted
displacement updates rather than explicitly optimizing a
scalar objective through gradient descent.

A.4. Geometric Refinement
After the initial non-rigid registration, the fitted displace-
ment field is further refined to improve local surface cor-
respondence. A higher-resolution sampling of the target
surface is used for local detail projection, while additional
smoothing and outlier removal suppress isolated artifacts.

Region-specific constraints are applied around sensitive
structures such as the eyelids and lips, where closely sep-
arated surfaces can otherwise result in incorrect nearest-
neighbor correspondences.

A.5. Blendshape-Preserving Identity Deformation
Let v0

i denote the neutral ICT vertex and vk
i the same vertex

under expression k. The canonical expression displacement
is

δki = vk
i − v0

i . (29)

After fitting the neutral ICT template to the target iden-
tity, let the identity deformation be

∆i = vfit
i − v0

i . (30)

The same identity deformation is applied to both the neu-
tral template and every expression shape:

v̂0
i = v0

i +∆i, (31)

v̂k
i = vk

i +∆i. (32)

Therefore,

v̂k
i − v̂0

i =
(
vk
i +∆i

)
−
(
v0
i +∆i

)
(33)

= vk
i − v0

i (34)

= δki . (35)

Thus, fitting changes the identity represented by the ICT
template while retaining its canonical expression deforma-
tion fields.

A.6. Blendshape Transfer to the Target Topology

The fitted ICT mesh acts as an intermediate deformation
template. To retain the connectivity of the original tar-
get mesh, the ICT expression displacement fields are trans-
ferred onto the target vertices.

For target vertex qj , a local set of neighboring fitted ICT
vertices NICT(j) is identified. The transferred displace-
ment for expression k is

δkj,T =
∑

i∈NICT(j)

wjiδ
k
i . (36)

The unnormalized interpolation weights are defined us-
ing a Gaussian kernel,

w̃ji = exp

(
−1

2

d2ji
σ2

)
, (37)

where dji denotes the Euclidean distance between target
vertex j and fitted ICT vertex i. The normalized weights are

wji =
w̃ji∑

m∈NICT(j) w̃jm
. (38)

Correspondences exceeding a maximum transfer dis-
tance are rejected. The resulting target expression is then

qk
j = q0

j + δkj,T. (39)

This allows the canonical ICT expression deformation
space to be transferred to target meshes with different vertex
counts and connectivity.
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A.7. Semantic Expression Corrections
Spatial interpolation can produce ambiguous correspon-
dences in regions containing closely separated surfaces, par-
ticularly around the eyes and mouth. We therefore ap-
ply expression-specific semantic constraints following de-
formation transfer.

For eye-related expressions, landmark-derived masks re-
strict transferred motion to the relevant eyelid and surround-
ing facial regions. Additional constraints suppress unin-
tended deformation of nearby interior eye geometry, while
blink expressions use a localized eyelid closure correction.

Mouth-related expressions are similarly constrained us-
ing lip landmarks. In particular, jaw-opening deformation is
stabilized near the upper and lower lip boundaries to reduce
incorrect correspondence between nearby mouth surfaces.

A.8. Resulting Training Meshes
The final representation preserves the geometry and con-
nectivity of the generated target identity while inheriting the
canonical ICT expression space:

Target identity + Target topology
+ transferred ICT expression blendshapes.

(40)

These expression-specific target meshes are subse-
quently used as mesh supervision during training.

B. Training Loss Details
We provide the definitions of the mesh- and image-
supervised loss terms introduced in Sec. 3.4. Let ∆v̂i and
∆vi denote the predicted and target displacement of vertex
i, respectively, and let v̂i = vi +∆v̂i.

B.1. Mesh-Supervised Losses
Vertex and landmark losses. We divide vertices into ac-
tive and inactive sets according to the target displacement,

A = {i : ∥∆vi∥2 ≥ τ}, I = {i : ∥∆vi∥2 < τ},
(41)

with τ = 10−3 in normalized coordinates. For a vertex set
S, define

E(S) = 1

3|S|
∑
i∈S

∥∆v̂i −∆vi∥1. (42)

The primary vertex loss balances active and inactive regions
and normalizes by the target expression magnitude,

Lvtx =
1
2 [E(A) + E(I)]

max
(

1
|A|
∑

i∈A ∥∆vi∥2, 10−3
) , (43)

where an empty region is omitted from the average.

Let K denote the MediaPipe landmark vertices and
Kact = K ∩A. The landmark terms are

Llmk = E(K), Lactive = E(Kact). (44)

The active-landmark coefficient is adaptively balanced as

λeff
active = min

(
20,

5Lvtx

Lactive + ϵ

)
, (45)

while λlmk = 5.

Geometric regularization. Let E and F denote the mesh
edges and triangular faces. We use

Lsmooth =
1

3|E|
∑

(i,j)∈E

∥∆v̂i −∆v̂j∥22, (46)

Ledge =
1

|E|
∑

(i,j)∈E

(
ℓ̂ij − ℓij

max(ℓij , 10−4)

)2

, (47)

Lnormal =
1

|F|
∑
f∈F

(
1− n⊤

f n̂f

)
, (48)

Lmag =
1

nv

∑
i

[max (∥∆v̂i∥2 − 0.12, 0)]
2
, (49)

where ℓij and ℓ̂ij are the neutral and deformed edge lengths,
and nf and n̂f are the corresponding unit face normals.
These terms form Lgeom as defined in Eq. (17); their
weights are reported in Sec. 4.2.

B.2. Image-Supervised Losses
Optical-flow loss. WAFT provides a target flow Ftgt,
while differentiable projection of the neutral and predicted
meshes gives Fpred. For supervision mask M , we use the
masked Charbonnier loss

Lflow =

∑
p Mp

∑
c∈{x,y}

(√
(F pred

p,c − F tgt
p,c )2 + ϵ2 − ϵ

)
2
∑

p Mp
,

(50)
with ϵ = 0.01.

Eyelid objective. Let p0
k,p

1
k denote the neutral and de-

formed projected mesh landmarks and q0
k,q

1
k the corre-

sponding target landmarks. For image-derived targets, q0
k

and q1
k are detected in the neutral and expressed images,

respectively. Each domain is normalized by its neutral eye
width,

m̂k =
p1
k − p0

k

wmesh
, mk =

q1
k − q0

k

wimg
. (51)

We subtract the mean motion of the two eye corners from
both quantities before comparison.
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For paired upper–lower eyelid landmarks, we addition-
ally measure the reduction in eyelid gap. Let g0k, g

1
k denote

the neutral and deformed projected mesh gaps and g̃0k, g̃
1
k

the corresponding target gaps. We use

r̂k =
g0k − g1k
wmesh

, rk =
g̃0k − g̃1k
wimg

. (52)

Let ρβ denote the Smooth-L1 loss with transition param-
eter β. The projected-motion and gap terms are

Lmotion = ρ0.05(m̂,m), Lgap = ρ0.05(r̂, r). (53)

For the two blink controls, we replace the detected ex-
pressed landmarks with a synthetic full-closure target con-
structed from the neutral projected mesh. Each paired upper
eyelid landmark is moved 0.8 of the way toward its cor-
responding lower landmark, while the lower landmark is
moved 0.2 of the way toward the upper landmark.

Depth anchor. Because projected supervision alone does
not constrain motion along the depth direction, we penalize
depth displacement within a localized eyelid region. Let
Rdepth denote the corresponding mesh-hop region and let
z0i , z

1
i be the neutral and deformed depth coordinates. We

define

Ldepth =
1

|Rdepth|
∑

i∈Rdepth

ρ0.01

(
z1i − z0i
wmesh

, 0

)
. (54)

The complete eyelid objective is

Leyelid = λeyelid (Lmotion + 2Lgap + 2Ldepth) , (55)

where λeyelid = 3 for image-derived targets and λeyelid = 5
for the two blink controls.

Image-space geometric regularization. We additionally
penalize overall displacement magnitude,

Ldisp =
1

3nv

∑
i

∥∆v̂i∥22, (56)

and reuse the displacement-smoothness, relative edge-
length, and normal-consistency terms defined in Sec. B.1:

Limg
geom = λdispLdisp + λsmoothLsmooth

+ λedgeLedge + λnormalLnormal.
(57)

Finally, letting R denote the supervised facial region, the
outside-region anchor is

Lanchor =
1

|R̄|
∑
i/∈R

∥∆v̂i∥22. (58)

The complete image objective is given in Eq. (18) of the
main paper.

B.3. Training and Implementation Settings
Architecture and optimization. The per-vertex input has
58 channels: normalized position, surface normal, 40
landmark-relative features from the KL = 8 nearest Me-
diaPipe landmarks, and a 12-dimensional Fourier encoding
with two frequency bands. Landmark indices are normal-
ized by 467. Both the global encoder and deformation net-
work use two aggregation layers. We use LayerNorm and
SiLU activations with dropout 0.3, and initialize the final
displacement layer to zero.

Training uses AdamW with zero weight decay, a global
batch size of 16, and gradient clipping at 1.0. Stage 1 is
trained for 20 epochs with initial learning rate 5 × 10−4.
Stage 2 initializes from the Stage 1 checkpoint and is trained
for 10 epochs with initial learning rate 10−4. Both stages
use cosine learning-rate decay to 10−6. Landmark modal-
ity dropout and landmark-region dropout are applied in both
stages with probabilities 0.15 and 0.10, respectively; the lat-
ter randomly drops the left-eye, right-eye, or mouth land-
marks.

Mesh-supervised losses. The active-motion threshold is
10−3 in normalized mesh coordinates. The landmark loss
weight is λlmk = 5. The active-landmark term is adap-
tively balanced relative to Lvtx with a target loss ratio of 5
and a maximum effective weight of 20. The displacement-
smoothness, relative edge-length, and normal-consistency
weights are 0.05, 0.001, and 0.0005, respectively. The
displacement-magnitude term has weight 5 and penalizes
displacement exceeding 0.12 normalized units.

Image-supervised losses. Image supervision is applied to
eight eye-region controls. WAFT target flow is computed
at 512 × 512, while predicted mesh motion is rendered at
128× 128 using nvdiffrast. The flow loss has weight 0.1.

For the image-branch geometric regularizer, the dis-
placement, displacement-smoothness, relative edge-length,
and normal-consistency weights are 0.05, 1.5, 0.05, and
0.05, respectively. The outside-region anchor has weight
500. The supervised region extends eight mesh hops around
the relevant landmarks and twelve hops for cheek-squint
controls. The eyelid depth anchor uses an eight-hop region.
Before image-space supervision is evaluated, predicted dis-
placements at coincident vertices are synchronized using a
tolerance of 10−6.

Stage 2 refinement. The mesh and image objectives have
equal outer weights. Stage 2 additionally includes mesh-
only refinement streams from both 3D supervision sources
for AUs 24, 25, 26, 27, 28, 33, 34, and 40, with the
same unit outer loss weight. These streams provide addi-
tional training exposure to controls with comparatively high
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Neutral
AU00

Brow Down (L)

AU06

Cheek Puff (L)

AU20

Eye Squint (L)

AU25

Jaw Left

AU31

Mouth Frown (L)

AU45

Mouth Smile (L)

AU51

Nose Sneer (L)

Sample A

Sample B

Sample C

Figure S1. Additional AU-conditioned expression results. Rows show three held-out validation identities and columns show different
unilateral and asymmetric facial controls. TopoRig produces localized deformations across diverse facial regions while preserving identity-
specific geometry.

Stage 1 validation error and do not receive image supervi-
sion.

The checkpoint with the lowest mesh-only validation
MAE is retained; image losses are excluded from check-
point selection.

C. Additional Qualitative Results
Fig. S1 provides additional qualitative results on held-
out validation identities. We visualize several unilat-
eral and asymmetric facial controls spanning the brows,
cheeks, eyes, jaw, mouth, and nose. Across identities
with substantially different facial geometry and appearance,
TopoRig produces localized AU-conditioned deformations
while preserving the characteristic shape of each input iden-
tity.
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