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Figure 1: LORAMI produces physically-based facial deformations across a continuous space of identities. By combining rig controls and
identity encodings, our method generalizes across identity variations without the need for retraining or fine-tuning.

Abstract
Physics-based simulation can augment facial rigs with high-quality deformations, but at steep computational costs. While
neural surrogates can substantially reduce computation time, existing methods do not generalize across identity variations and
instead require expensive per-case retraining. In this work, we present LORAMI—a method for learning physics-based face
rigs over a continuous space of identities using low-rank adaptation. LORAMI addresses the challenge of identity variation
through a novel architecture that combines a shared neural surrogate with low-rank weight adaptations. Instead of training
a dense model across identity space, we modulate a shared base network using low-rank factors. These factors are scaled by
diagonal matrices predicted from identity parameters. This design enables efficient modeling of identity-dependent variations
while preserving the generic deformation behavior of the underlying physics-based rig. Our experiments show that LORAMI
achieves deformation accuracy on par with single-identity models and outperforms fully dense identity-conditioned networks.
As a result, our method enables real-time physics-based facial animation with continuous identity control.

CCS Concepts
• Computing methodologies → Physical simulation; Neural networks;

1. Introduction

Digital humans—virtual doubles of real-world individuals with
realistic appearance and behavior—are widely used in film pro-
duction, game technology, and medical applications. Nevertheless,
achieving realistic soft-tissue deformation during speech, facial ex-
pressions, and other dynamic motion remains a central challenge.
Physics-based simulation can greatly enhance realism by augment-

ing static facial geometry with deformations that capture interac-
tions between skin, muscle, and skeletal structures. When inte-
grated into facial rigs, such physics-based models enable expres-
sive, anatomically grounded motion that is difficult to achieve with
purely kinematic or blendshape-based approaches.

Despite their visual fidelity, physics-based facial simulations
come at a steep computational cost. Accurately modeling elastic
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deformation requires iterative numerical solvers, which typically
preclude real-time applications. This tension between physical ac-
curacy and practical usability has motivated a growing body of
work on learning-based surrogates for facial deformation.

Recent advances in learning-based deformation models have
shown that neural surrogates can approximate physics-based facial
simulations at a fraction of the computational cost of a conven-
tional simulator [CPH∗25]. By learning a direct mapping from rig
controls to surface deformation, these methods enable real-time in-
ference while retaining much of the visual fidelity of the underlying
simulation. However, existing physics-based neural approaches are
largely restricted to a single identity and do not generalize across
variations in facial geometry or anatomy. Extending such meth-
ods to new identities typically requires costly retraining, precluding
their employment in applications that require instant generalization
to unseen characters or continuous identity variations.

Generalization across identities presents a unique challenge for
physics-based facial rigs. Identity variation affects not only the
shape of the outside surface (i.e., the skin) but also the volumet-
ric tissue layer and bone structure underneath. As a result, the me-
chanical response of the human face to applied loads and con-
straints can vary substantially between individuals. Naively train-
ing a single neural model across multiple identities often leads to
either underfitting, where character-specific details are lost, or to
prohibitively large dense models with poor time and data efficiency
during training. Furthermore, unconstrained interpolation or ex-
trapolation across identity space can quickly produce implausible
deformations, undermining the physical credibility that motivates
simulation-based approaches in the first place. Addressing iden-
tity variation thus requires models that can share structure across
identities while retaining the ability to adapt to character-specific
deformation behavior.

In this work, we present LORAMI, a method for learning
physics-based face rigs over a continuous space of identities using
low-rank adaptations. LORAMI extends learning-based surrogate
models beyond single characters by building identity-dependent
adaptation directly into the network architecture. Instead of train-
ing a generic dense model across identity space, we adopt an
identity-conditioned design that combines a shared neural sur-
rogate with low-rank weight adaptations. The shared base net-
work captures deformation behavior common to all identities,
while compact, identity-specific adaptations modulate this behav-
ior to account for individual anatomical differences. We represent
identity-dependent updates using shared low-rank factors whose in-
fluence is scaled by a set of learned, subject-specific coefficients
predicted from identity parameters. By conditioning the network in
this manner, LORAMI efficiently captures identity-dependent vari-
ation while preserving the inductive bias and stability of the un-
derlying physics-based rig. Compared to other modulation strate-
gies, this design has the advantage of significantly reducing the
number of network weights that must be learned to model identity
variation. Furthermore, the separation between shared deformation
behavior and identity-specific modulation promotes generalization
across identities, enabling smooth interpolation within a continuous
identity space.

We train and evaluate LORAMI on a dataset of facial mod-

els constructed from topologically consistent skin, tissue, and
bone meshes. Our learned multi-identity rig closely matches
ground-truth physics-based simulations and achieves accuracy
comparable to single-identity surrogate models. In particular, our
experiments demonstrate that LORAMI achieves substantially
lower error than fully dense alternatives and other conditioning
strategies. In summary, our work makes the following contribu-
tions:

• A multi-identity learning framework for physics-based facial
rigs, extending real-time neural surrogates beyond single indi-
viduals.

• An identity-conditioned low-rank adaptation architecture that ef-
ficiently models identity-dependent deformation while sharing
structure across individuals.

• A practical method for continuous identity control that pre-
serves the physical plausibility and deformation behavior of
simulation-based rigs.

• Experimental evidence showing improved training efficiency
and high accuracy relative to both dense multi-identity models
and single-identity baselines.

Together, these contributions enable scalable, real-time
physics-based facial animation across a continuous space of
identities, bridging the gap between high-quality simulation and
practical multi-character deployment.

2. Related Work

2.1. Facial Animation

Blendshape-based and Data-driven Animation Facial ani-
mation has been a central topic in computer graphics for
decades [EST∗20]. A widely adopted paradigm is based on blend-
shape rigs [LA10,LCF00], where facial expressions are constructed
by combining a set of artist-designed deformation shapes. This rep-
resentation enables intuitive control and fast evaluation, which has
made it the standard choice in many practical systems. However,
since the deformation space is defined a priori by a fixed set of
shapes, the resulting motion is inherently restricted in its ability
to reproduce complex, nonlinear behavior. To address these limi-
tations, more recent approaches augment blendshape models with
learned corrective deformations and anatomically inspired compo-
nents [CEM∗22], improving expressiveness while retaining their
efficiency. In the context of speech animation, data-driven methods
have been proposed to learn deformation behavior from images,
text, or video [CBL∗19, RZW∗21, MSS∗21, PLX∗25, WSGW25].

Physics-Based Animation Physically-based approaches model
facial deformation by simulating the underlying biomechanical be-
havior of soft tissue, typically using numerical solvers such as New-
ton methods or projective dynamics [BML∗14,IKKP17]. By incor-
porating elastic material models [ZBLJ20] and anatomical struc-
ture [MSE∗11], these methods can reproduce complex deforma-
tion effects beyond the capabilities of purely kinematic techniques.
However, these methods require minimizing the mechanical energy
for the physical system at runtime, which leads to high computa-
tional cost and limits their applicability in practical settings.
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(a) Neural-Rig Logic (b) Neural Architecture

Figure 2: (a) LORAMI integrates identity encodings p and rig controls q into a unified architecture, where identity codes define anatomical
head models and rig controls define facial deformations. For any pair h = (q,p), a linear rig computes bone and teeth positions alongside
an initial soft-tissue deformation x0(h)+ dxlinear(h). A neural network, parameterized by ψ, then predicts a physically-based correction
dxneural(h) to reach mechanical equilibrium. Our self-supervised training strategy minimizes the system’s total mechanical energy. Details
on the rig logic are provided in Section 4. (b) LORAMI extends the original NeuRiPhy network (backbone, left) by incorporating identity
modulation via low-rank adaptations (right). For each hidden layer, the linear parameters (Wl ,b) and the adaptation matrices (Al ,Bl ,Λl)
are trained jointly. Here, (zl ,zl+1) denote the input and output of each hidden layer. See Section 6.2 for more architectural details.

Learning-Based and Neural Simulation Methods Recent work
has explored the use of neural networks to approximate the be-
havior of physically-based systems, providing efficient alternatives
to traditional numerical solvers. These approaches aim to learn
mappings to equilibrium configurations or deformation states, ei-
ther from simulation data or by incorporating physical principles
into the training process [FMD∗19, HDDN19, RCPO21, SYS∗21,
SRJ∗23, WDCT24]. In the context of facial animation, data-driven
methods have been proposed to learn deformation behavior from
physically-based simulations, captured performances, or artist-
crafted animations, enabling fast evaluation at runtime [BODO18,
BODO20, RdGM20, MSS∗21, SWR∗21, QSA∗23].

Among existing approaches, NeuRiPhy [CPH∗25] is particularly
relevant, as it learns a neural surrogate for physics-based facial
rigs by mapping control parameters directly to soft-tissue deforma-
tions. By incorporating physical energy terms into the training ob-
jective, the method produces deformations that are consistent with
an underlying biomechanical model while achieving real-time per-
formance and an intuitive control through a set of rig parameters.
However, such approaches are trained for a single identity, and ex-
tending them to new subjects requires retraining, limiting their ap-
plicability in settings with varying anatomy.

Recent work has started to address this limitation by in-
corporating identity variation into neural deformation models.
[YZC∗24] learns a data-driven model of a generalized physical face
that can be adapted to new identities through a learned latent repre-
sentation. Once fitted to a target character, the method produces
animation-ready, physics-based deformations and supports retar-
geting across identities. While this enables generalization across
characters, it relies on supervised training with precomputed data
and necessitates both per-identity fitting and FEM simulation at
evaluation time.

2.2. Network Finetuning and Low-Rank Adaptation

Parameter-efficient adaptation methods aim to modify a pretrained
neural model using a small number of additional parameters while
keeping the base network fixed [DQY∗23]. A prominent approach
is Low-Rank Adaptation (LoRA), which represents weight updates
as the product of two low-rank matrices [HSW∗22]. While origi-
nally proposed in the context of large language models, this for-
mulation has since been applied across a wide range of domains,
including image and video diffusion models [Ryu23, YMD∗25,
LTJ24, ZCYZ25] and geometric foundation models [LYX∗24].

The standard principle of LoRA is to take a pretrained model and
specialize it to a target domain through low-rank weight updates.
However, the low-rank formulation itself does not rely on the pres-
ence of large pretrained models and can also be applied to instance-
specific adaptation. For example, [TMKLS25] use low-rank up-
dates to efficiently modify trained neural fields, enabling structured
perturbations of geometric representations. Similarly, [WBZ22] ap-
ply low-rank updates to generative models in order to match edited
outputs. These approaches demonstrate that low-rank parameteri-
zations provide a flexible mechanism for encoding structured vari-
ations in neural networks.

In facial animation, models must capture identity-dependent
variation while preserving shared control semantics across subjects.
This motivates representations that can encode structured variations
efficiently. Low-rank parameterizations provide a natural mecha-
nism for this, as they enable compact updates to a shared model
while preserving its overall structure.

3. Face Model and Identity Representation

3.1. Anatomical Model and Rig Controls

Our simulation-ready head models follow the anatomical rig for-
mulation of [CPH∗25]. Each identity is represented using a multi-
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layer anatomical model compatible with physics-based simulation,
including soft tissue, skull, mandible, and teeth.

Facial motion is controlled by a set of rig parameters q ∈ Rm,
with m = 14, which induce transformations of the anatomical com-
ponents while respecting biomechanical limits. The controls are
structured into distinct groups corresponding to different modes of
actuation. In particular, we consider mandible controls qm ∈ R4,
representing jaw articulation via three rotations and one transla-
tion, and orthognathic controls qo ∈ R3, which model clinically
inspired bone displacements within anatomically feasible bounds.
These skeletal transformations define boundary conditions for the
soft tissue, which deforms elastically in response.

Realistic facial expressions are incorporated through a dual-
representation approach that combines surface-level blendshapes
{Bi} with soft-tissue expression operators {FEi}. The expression
parameters qe ∈ R7 control these operators, including six expres-
sion controls and an additional parameter representing the rest con-
figuration, which acts as the neutral reference state of the model.
Together, the full control vector q = (qm,qo,qe) defines the actu-
ation of the anatomical model and provides a consistent, semanti-
cally meaningful control space across identities.

Compared to [CPH∗25], we increase the number of expression
controls from 3 to 7 and provide greater flexibility by enabling
mandible and surgical controls within the same rig. We refer to the
supplementary material for details on the expression operators, the
anatomical model, and its components, such as teeth, soft-tissue,
and rendering layers.

3.2. Identity Representation

Each identity is represented by a collection of anatomically consis-
tent components, including soft tissue, skull, mandible, and teeth.
Specifically, we define an identity vector

φ = [ST Rest ,ST Neutral ,S,M,Tupper,Tlower], (1)

which concatenates the linearized meshes of the corresponding
anatomical structures. Here, S and M represent the skull and
mandible, Tupper and Tlower correspond to the upper and lower
teeth geometries, and ST Rest and ST Neutral share the same topol-
ogy and denote two configurations of the soft-tissue meshes.
ST Rest defines the rest configuration used in simulation, where
slightly intersecting lips ensure realistic rest stresses. Conversely,
ST Neutral represents the unactuated pose with touching lips, used
for skinning and as the simulation’s starting point.

We construct a dataset of anatomical head models using scans
and fitting techniques. A shared soft tissue template is then reg-
istered to these models using rigid and non-rigid alignments. To
model identity variation, we construct a low-dimensional statistical
shape model by performing principal component analysis (PCA)
on a set of identity vectors {φi}. Each identity is then encoded by a
coefficient vector p ∈ RP, where P denotes the number of retained
principal components. The coefficients are obtained by projecting
φ onto the learned subspace. Given a coefficient vector p, the full
anatomical configuration can be reconstructed via the inverse PCA
transform.

This representation captures the dominant modes of anatomical

variation across subjects while preserving structural consistency re-
quired for simulation. The resulting identity space is continuous
and enables interpolation between subjects, allowing the genera-
tion of novel identities within the span of the training data. During
training, identity parameters are sampled within this space to ex-
pose the model to a diverse range of anatomies.

We refer to the supplementary material for additional details on
the anatomical model, dataset construction, and statistical model.

3.3. Physics-based Face Model

Our method builds on the physics-based facial rig introduced by
NeuRiPhy [CPH∗25], which computes facial deformations as equi-
librium states of a biomechanical system. A set of rig controls q
induce boundary conditions on the anatomy, and the resulting soft-
tissue deformation is obtained by minimizing the total potential en-
ergy. We extend this formulation by introducing identity encodings
p, granting control over the geometry of the anatomical structures.

Our simulation-ready head models closely follow the definition
of NeuRiPhy. The soft tissue is represented as a tetrahedral finite
element mesh, and its deformation is governed by elastic forces de-
rived from a nonlinear material model. The total energy combines
several physically motivated components. The elastic energy mod-
els the stress response of the soft tissue to strain, while attachment
constraints enforce coupling between soft tissue and rigid struc-
tures such as the skull and mandible. Our attachment formulation
differs from the model in NeuRiPhy, as we opt for hard constraints
instead of soft penalties. Contact interactions account for collisions
between anatomical components, including lip–lip and lip–teeth in-
teractions, and prevent interpenetration during articulation.

Facial expressions are modeled through expression operators
that modify the rest configuration of the soft tissue via deforma-
tion gradients, following [CPH∗25]. These operators are driven by
the expression controls qe and act as kinematic constraints within
the physical system, enabling the synthesis of complex facial defor-
mations while maintaining physical consistency. In our framework,
these operators are adapted to each identity to ensure consistent se-
mantic behavior across varying anatomies, following [YZC∗24], as
detailed in the supplementary material.

The equilibrium configuration x of the soft tissue is obtained as
the solution to the minimization problem

x(h) = argmin
x

E(x,h) . (2)

The above expression defines a mapping h 7→ x(h), where h =
(q,p), to equilibrium facial configurations, and E = Eelastic +
Econtact is the total mechanical energy. The identity parameters p
determine the geometry of the model and therefore influence the
resulting deformation under fixed material parameters. We refer
to [CPH∗25] and the supplementary material for details on the in-
dividual energy terms.

4. Two-Layer Rig Representation

We approximate the mapping h 7→ x(h) defined by the physics-
based model using a structured rig composed of a linear and a neu-
ral component.

© 2026 The Authors.
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Linear Rig Our multi-identity rig consists of two components.
The linear rig provides an initial estimate of facial deformation by
sequentially applying bone transformations via linear blend skin-
ning, followed by expression blendshapes,

xlinear(h) = x0(h)+dxlinear(h) , (3)

dxlinear(h) = B(h)+LBS(h) , (4)

where x0(h) is the neutral configuration of the soft tissue for the
selected identity. The blendshapes B(h) vary across identities. To
adapt the scan-derived base expression blendshapes to unseen iden-
tities, we compute template-to-target deformation gradients and use
them to deform these shapes. The skinning function LBS(h) is
similarly personalized using the target identity’s neutral configura-
tion. We further detail B(h) in the supplemental material.

Neural Rig The neural layer adds a per-vertex correction that en-
sures physical equilibrium. The result is a neural architecture that
combines linear rig and neural surrogate

Nψ(h) = xlinear(h)+dxneural(h) . (5)

5. Training Strategy

Our method aims to achieve real-time performance for both identity
sampling and deformation evaluation. To this end, we learn a neural
approximation of the mapping from identity and control parameters
to equilibrium configurations.

5.1. Unsupervised Learning

We learn the mapping h 7→ x(h) in a self-supervised fashion. Fol-
lowing the approach of [CPH∗25], we incorporate the physical en-
ergy directly into the loss function.

To ensure coverage of the identity and control space, we sam-
ple new values of identity and control parameters at each training
epoch. Given M sampled inputs {hi}M

i=1, the network parameters ψ

are optimized as

ψ̂ = argmin
ψ

1
M

M

∑
i=1

E
(
Nψ(hi),hi

)
, (6)

where Nψ(hi) denotes the predicted soft tissue configuration.

5.2. Controls and Identity Sampling

We extend the training strategy of the baseline NeuRiPhy frame-
work [CPH∗25]. While it traditionally processes only rig controls
q, we augment it to incorporate identity encodings p.

Rig Controls During training, the neural simulator is given an ar-
bitrary configuration of the boundary conditions, and if the teeth
penetrate the soft tissue, the training process might not be able
to recover. To address this problem, the baseline implementation
[CPH∗25] gradually expands the control values from an initial seed
q0 during the training procedure:

q(e,D) = q0 +g(e,D) · (q−q0) , (7)

where g ∈ N2 → [0,1] maps the current epoch e to a progressive
control scale, q0 is the seed, and D is the time to reach 1. The ini-
tial seed state q0 is assumed to contain no intersections, allowing
the network to learn increasingly difficult contact interactions. Rig
controls are sampled uniformly in the selected ranges. To boost ac-
curacy on individual rig controls, we sample individual directions
progressively with probability p, setting all other controls to zero.

Identity Identity sampling poses an additional challenge, as the
PCA latent space is unbounded: naively drawing from a Gaus-
sian p ∼N (0,{λi}), using the PCA standard deviations λi, makes
the network encounter anatomically implausible extrapolations far
from any real training subject. Those identities can greatly destabi-
lize training, causing large spikes in the gradient and loss profiles.
To avoid this issue, we restrict sampling to convex combinations
of identities within our dataset. We first define the convex hull en-
compassing the training identity codes. For each training identity,
we solve a linear program to determine if the identity can be ex-
pressed as a convex combination of the remaining identities. If the
linear program is infeasible, the identity is a vertex of the convex
hull. During training, we sample identity codes as convex combi-
nations of the convex hull vertices. Mixture weights γ ∼ Dir(α) are
drawn from a symmetric Dirichlet distribution, and the resulting
identity code is computed as

p = γ
⊤P , (8)

where P ∈ RN×P represents identity codes of the training set. By
construction, every sampled identity is a convex combination of the
input anatomies, with the concentration parameter α governing the
sparsity of the mixture. During training, we also extend the control
expansion to our identity codes, learning deformations for increas-
ingly diverse identities.

6. Identity-Conditioned Neural Architecture

Identity information is incorporated into the neural rig. Rather than
committing to a single formulation, we consider a design space of
identity-conditioned architectures and derive our final model from
this perspective.

6.1. Design Space for Identity Adaptation

A central question is how identity should influence the neural ar-
chitecture NΨ. We consider three complementary strategies, corre-
sponding to different points in the design space.

Input-Level Conditioning (Dense) The simplest multi-identity
baseline is a plain MLP that receives both the rig controls and
the identity code as a single concatenated input vector. The net-
work then follows the same architecture as the single-identity Neu-
RiPhy [CPH∗25] with GELU activations. No explicit modulation
mechanism is introduced; the network must learn implicitly, from
data alone, how the identity code interacts with each rig control
to produce the correct deformation. This formulation incorporates
identity at the input level, requiring the network to jointly model
control and identity effects in an unstructured manner.

© 2026 The Authors.
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Feature Modulation (Conditioning) Rather than relying on im-
plicit interactions, identity can be incorporated as a continuous con-
ditioning signal (in the style of [YZC∗24]). An identity PCA code
p is first projected by a shared conditioning MLP to a feature vector
gφ(p) ∈ Rdc . At each hidden layer ℓ, gφ(p) is fed into an activated
linear layer to produce the per-layer scaling vector sℓ(gφ(p)) ∈Rdh

that modulates the layer’s weight matrix after activation,

yℓ = sℓ(gφ(p))⊙σ(Wℓyℓ−1 +bℓ) , (9)

where Wℓ and bℓ are the weight matrix and bias vector for the layer
ℓ, ⊙ is the element-wise product of two vectors, and σ is the GELU
activation function. A single network is thus shared across all train-
ing subjects, operating on novel identity codes without retraining.
Compared to dense conditioning, this formulation introduces struc-
ture by modulating intermediate features, but identity still affects
the network indirectly through activation scaling.

Weight-Space Adaptation (Low-Rank) A more direct approach
is to incorporate identity into the weights of the network. Moti-
vated by the observation that deformation behavior is largely shared
across identities, while identity variation is low-dimensional, we
consider low-rank adaptations of the network weights. We learn,
for each hidden layer ℓ, two low-rank matrices Aℓ ∈ Rr×dh and
Bℓ ∈ Rdh×r, shared across all identities. The identity code p is en-
coded by a shared MLP to produce a latent vector gφ(p).

A general formulation introduces identity-dependent scaling of
both low-rank factors (VeRA-style adaptation [KBA24]). For each
hidden layer ℓ, we define two diagonal scaling matrices sA

ℓ =

sA
ℓ (gφ(p)) ∈ Rr and sB

ℓ = sB
ℓ (gφ(p)) ∈ Rdh , where (sA

ℓ ,s
B
ℓ ) results

from two separate single-layer MLPs. The weight matrix for the
hidden layer becomes

Ŵℓ = Wℓ+diag(sB
ℓ ) ·Bℓ ·diag(sA

ℓ ) ·Aℓ . (10)

This formulation allows identity to directly modulate the network
in weight space while maintaining a shared low-rank structure
across identities.

6.2. LORAMI

Within the above design space, we seek a formulation that pre-
serves the benefits of weight-space adaptation while minimizing
the number of identity-dependent parameters. We observe that scal-
ing both low-rank factors is unnecessary. Instead, identity variation
can be captured by scaling a shared low-rank subspace with a single
diagonal matrix. We therefore define the effective weight at infer-
ence as

Ŵℓ = Wℓ+Bℓ ·diag(sℓ) ·Aℓ . (11)

Here, Aℓ and Bℓ are shared across all identities while sℓ =
sℓ(gφ(p)) ∈ Rr is an identity-dependent scaling vector. In this for-
mulation, identity influences the network by scaling each of the r
low-rank directions, rather than constructing the full weight update.
For both VeRA-style adaptation and LORAMI, we jointly optimize
the base network weights, adaptation matrices, and diagonal scal-
ing parameters, rather than training adaptation components on top
of frozen pretrained weights or fixed low-rank adaptations. This de-
sign provides a compact and structured representation of identity-
dependent deformation behavior, forming the core of our method.

6.3. Single-Identity and Transfer Baselines

For completeness, we also consider single-identity models and
transfer-based approaches. These approaches provide strong per-
identity accuracy, but require per-subject optimization and do not
support continuous identity control.

Single-Identity Network (NeuRiPhy) The baseline architecture
is NeuRiPhy, a fully-connected MLP with L = 4 hidden layers of
width dh = 1024 and GELU activations. It maps a rig-control vec-
tor zc ∈ Rnc directly to a soft-tissue displacement field dx ∈ Rnv ,
where nv = 3|V| and V is the set of tetrahedral mesh vertices. Fol-
lowing [CPH∗25], a frozen zero-trick bias ensures that the net-
work’s predicted deformation vanishes given zero rig controls and
the mean identity, thereby yielding an intersection-free configura-
tion at the start of training. This is implemented either by setting
the backbone network biases to zero or by applying a subtractive
bias τ = f (0). Because no identity information enters the network,
a separate instance must be trained from scratch for every new sub-
ject.

LoRA Identity Transfer. To adapt a pre-trained source network
to a new target identity without full retraining, we wrap each hid-
den linear layer with a LoRA [HSW∗22] module. Each hidden
layer’s effective weight matrix becomes Ŵℓ = Wℓ+BℓAℓ, where
Aℓ ∈ Rr×dh and Bℓ ∈ Rdh×r are the low-rank factors with rank r.
The backbone weights W are fixed and only Aℓ and Bℓ receive
gradients. This yields a parameter-efficient transfer from source
to target with only 2Lrdh trainable parameters (excluding biases),
roughly two orders of magnitude fewer than the full backbone.

Full Finetuning As an alternative, all hidden weights W and bi-
ases b are fine-tuned with standard gradient descent, giving full
expressive capacity (Ld2

h trainable parameters, excluding biases).

7. Implementation

Network and Training We provide a detailed description of our
architectures, in terms of layer size and number of parameters, in
Table 1. Additionally, we provide a visual representation of the ar-
chitectures in the supplementary material. To ensure fair compar-
isons in our experiments, all the architectures use the same back-
bone with 6 hidden layers of size 1024 and GeLU activations. The
neural network receives a rig-control vector of size nq = 10 as in-
put. Each network is trained using the Adam optimizer using learn-
ing rates in the range [1,5]× 10−5. For the identity and control
range expansion during training, we set the growth duration to 5000
epochs and use an increasing cosine scheduler with values in [0,1].
Our PCA model for identity is trained on a dataset of 93 anatomical
head models. We furthermore use an isotropic elastic material with
Poisson ratio ν = 0.4 and Young modulus E = 5000 along with a
penalty weight of wc = 105 for contact. Eyebrow controls are im-
plemented only as blendshapes, as they do not affect areas where
elastic deformations and contacts happen. The rest configuration is
also excluded from the neural control vector, as it represents the
default state in the absence of other expressions.

Interactive Rig Application Our rig can be queried using an in-
teractive application. To enhance usability, related rig controls are
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Table 1: We report parameter counts for each architecture using the following dimensions: neural rig-control input size nq = 10, hidden
width dh = 1024, output size (nodal displacements) nv = 24,108, and identity-code dimension np = 40. The network consists of L = 6 hidden
layers. Where modulation is employed, the relevant layers have size dc = 128 and low-rank adaptations have order r = 12. For clarity, bias
terms are omitted from the expressions. The shared output layer, which accounts for approximately 24.7M parameters (dhnv), is excluded
from the count of trainable parameters. The ID-logic metric specifically denotes parameters used to encode or process identity information.
For a fair comparison, all architectures maintain identical depth and hidden layer dimensions. The first section of the table details single-
identity models, whereas the second section focuses on multi-identity models.

Architecture Trainable (with output layer) Frozen Trainable ID-logic
NeuRiPhy nqdh +Ld2

h +dhnv — ∼ 6.3M —
LoRA Finetune 2rLdh nqdh +Ld2

h +dhnv ∼ 147K ∼ 147K
Full Finetune Ld2

h nqdh +dhnv ∼ 6.3M ∼ 6.3M
Dense (nq +np)dh +Ld2

h +dhnv — ∼ 6.3M ∼ 40K
Condition nqdh +dc(np +dc)+Ldh(dh +dc)+dhnv — ∼ 7.1M ∼ 808K
VeRA nqdh +dc(np +dc)+L(d2

h +2rdh + rdc +dhdc)+dhnv — ∼ 7.3M ∼ 965K
LORAMI nqdh +dc(np +dc)+L(d2

h +2rdh + rdc)+dhnv — ∼ 6.5M ∼ 178K

grouped into unified sliders. For instance, a single UI element may
map to the lateral transitions of the lips or the vertical range be-
tween a frown and raised eyebrows. While these controls are cou-
pled for the user, the underlying network treats each expression
control as a distinct input.

Simulation To evaluate LORAMI, we compare the neural predic-
tions with ground-truth simulation. Our baseline simulator is im-
plemented in Python, using the L-BFGS optimizer with line-search
from PyTorch. We guarantee consistency between LORAMI and
the simulator by using the same mechanical energy. To obtain reli-
able ground-truth data, our baseline simulator makes use of double-
precision arithmetic. Simulations are considered converged when
the norm of the residual force falls below 10−5.

Performance We train all networks for 12000 epochs, each con-
sisting of 1000 random samples. For the single-identity NeuRi-
Phy baseline, training lasts approximately 7 hours; however, for
the multi-identity models, training requires about 2 days. This in-
creased duration is due to the expression personalization process, as
detailed in the supplementary material. Since the identities are ran-
domly generated during training, personalization must be repeated
for every new combination. We observe that this overhead can be
eliminated by fixing the dataset size and pre-computing the expres-
sion blendshapes and actuations for each training sample, at the
cost of exposing the network to a smaller subset of identities. We
note that the expression operators are only required during training;
for evaluation, the underlying deformations are already embedded
in the neural architecture.

Detailed evaluation runtimes for each architecture are provided
in Table 2. The timings are produced using an NVIDIA RTX 4080
Super.

8. Results

We evaluate our method through experiments, baseline compar-
isons, and ablation studies, which we present in the following sec-
tions.

8.1. Experiments

Continuous Interpolation in Identity Space We evaluate the be-
havior of the model across identity space by interpolating between
PCA identity codes while keeping the rig controls fixed. In Fig-
ure 3, we select three random identities and linearly interpolate be-
tween them in latent space, maintaining the same expression across
all samples. Our method produces smooth transitions in both geom-
etry and deformation. The effect of the controls is preserved along
the interpolation path, while adapting to identity-specific anatomi-
cal features. In particular, nonlinear deformation patterns and con-
tact interactions evolve coherently across identities. The model sup-
ports real-time variation of identity parameters, enabling interactive
exploration of the identity space under fixed or varying controls.

Applications of Continuous Identity Control In Figure 4, we
simulate orthognathic surgery by varying the shape of the skull
and mandible, resulting in different bite configurations (underbite,
overbite, normal bite). Our anatomical model supports bone cuts,
enabling the simulation of pre- and post-treatment states within a
unified framework. Using a single neural model, LORAMI captures
these variations across identities while maintaining stable deforma-
tions and consistent contact interactions between tissue, lips, and
teeth. The model remains robust under large anatomical changes
and supports jaw roto-translations and expressions, allowing visu-
alization of both static outcomes and dynamic motion after surgical
interventions. While this model serves as a promising prototype,
translating it to medical applications requires further validation.

In Figure 5, we present the simulation of an edentulous case,
comparing configurations with and without teeth. The absence of
teeth induces a forward translation and upward rotation of the facial
structure, affecting the contact region between the lips. The model
reproduces these changes while maintaining physically plausible
expressions, including lip–lip interactions under smile activation.

In addition to structural variations, we show facial expressions
across identities in Figure 1. Expressions are driven by different
control configurations for each identity, showcasing our architec-
ture’s ability to produce diverse facial deformations. Our method
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p0 2/3 p0 + 1/3 p1 1/3 p0 + 2/3 p1 p1 2/3 p1 + 1/3 p2 1/3 p1 + 2/3 p2 p2

p0 2/3 p0 + 1/3 p1 1/3 p0 + 2/3 p1 p1 2/3 p1 + 1/3 p2 1/3 p1 + 2/3 p2 p2

Figure 3: Latent-space interpolation between randomly chosen identities for fixed controls. LORAMI achieves smooth transitions.

Underbite Overbite Normal Bite
Figure 4: Orthognathic surgery simulation. We show facial defor-
mations predicted by multi-identity LORAMI on different identities.

enables the application of the same set of rig controls across vary-
ing facial geometries within a single, unified model.

8.2. Comparisons with Baselines

We compare LORAMI with both multi-identity and single-identity
baselines, evaluating the effect of different architectural choices on
the physical plausibility of the predicted deformations. We measure
the deviation from the corresponding physics-based (FEM) simu-

(a) Neutral and Smile, Without Teeth

(b) Neutral and Smile, With Teeth

Figure 5: Edentulous case. We show the effect of teeth presence on
facial appearance in the neutral state and during smiling.

lation (GT) in terms of vertex error, mechanical energy, and force
norm.

Multi-Identity Model Comparison We first compare LORAMI
with alternative multi-identity architectures. In Figure 6 and Table
2, we compare LORAMI with Dense and Conditioning baselines.
In Figure 6, we consider an expression combining jaw opening with
lip compression. The Dense and Conditioning models fail to re-
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0 Error (mm) 3.0

(a) LORAMI (b) LORAMI (c) VeRA

(d) Conditioning (e) Dense (f) Linear

Figure 6: Comparison of multi-identity models in terms of distance
from the ground-truth simulation.

produce lip compression, generating unnaturally stretched lips. In
contrast, LORAMI and VeRA produce results closer to the ground-
truth simulation, with LORAMI achieving a better balance in terms
of number of parameters and evaluation time. The Blendshape-
LBS linear rig fails to represent the complexity of physically based
deformations. These observations are supported by the numerical
metrics in Table 2, where we evaluate 100 randomly sampled iden-
tity and control configurations. LORAMI achieves the lowest error,
energy, and residual force norm across all metrics. Our method in-
troduces a small runtime overhead compared to simpler baselines
(approximately 0.008–0.011s per evaluation). Nevertheless, it still
allows for real-time evaluation and is thus several orders of magni-
tude faster than the baseline FEM simulation.

Comparison with Single-Identity Models We further compare
LORAMI with NeuRiPhy trained on a single identity and with fine-
tuning approaches applied to a new identity. Given a training iden-
tity and an unseen evaluation identity from capture, we evaluate
the accuracy of LORAMI when using the same control configura-
tion. The target identity is reconstructed using our 40-dimensional
PCA model. Both training and evaluation identities are subjected
to a mandible opening combined with a slightly skewed expres-
sion. In Figure 7, we show that LORAMI achieves results on par
with NeuRiPhy for the training identity, with both models reach-
ing a mean error of 0.5 mm and a maximum error of ∼ 6 mm.
For the target identity, we compare LORAMI with finetuning of
the hidden layers. LORAMI reaches similar accuracy, with mean
and maximum error of 0.4 mm and 6 mm, respectively. After ap-
proximately one hour of finetuning, both Full Finetune and LoRA
Finetune achieve lower accuracy than LORAMI, with larger errors
concentrated around the lips, corresponding to approximately 0.8

mm mean error and 8 mm maximum error. We observe that Full
Finetuning converges faster than LoRA Finetuning, although indi-
vidual training epochs are slower. Additional numerical results are
provided in Table 3. We detail the accuracy of our PCA model in
the reconstruction of unseen identities in the supplementary mate-
rial.

We further expand the comparison across multiple identities
sampled from the PCA space. In Figure 8, we consider three ran-
domly sampled identities and compare LORAMI with NeuRiPhy
trained separately for each identity. LORAMI produces results that
are on par with NeuRiPhy across all configurations. We observe
that LORAMI achieves lower error on the upper lips, whereas Neu-
RiPhy shows lower error on the lower lips. These observations are
further supported by the numerical results in Table 4, where LO-
RAMI exhibits similar values in energy and error, and achieves
lower maximum error in some scenarios. In general, LORAMI per-
forms better on complex expressions involving large deformations,
while NeuRiPhy shows slightly better accuracy in contact regions
around the interfaces. We attribute this difference to the training
procedure, as LORAMI leverages multiple identities during train-
ing, favoring large-scale deformation behavior over localized con-
tact interactions.

Contact Interactions We further evaluate contact interactions at
anatomical interfaces. In Figure 9, we show the ability of LORAMI
to represent subtle teeth–lip and lip–lip interactions. The top row il-
lustrates contacts during a smile combined with mandible rotation,
while the bottom row shows lip–lip interactions for the edentulous
case. LORAMI produces results that are visually comparable to
the single-identity baseline, while significantly improving over the
linear rig. Numerically, as shown in Table 4, LORAMI exhibits a
small increase in maximum error for the smile compared to NeuRi-
Phy while maintaining comparable mean error. Results remain on
par for the edentulous case.

8.3. Ablations

We investigate the impact of the identity sampling strategy on train-
ing stability. As shown in Figure 10, the choice of distribution for
sampling identity codes is critical. When using unbounded normal
sampling, p ∼ N (0,λi), the sampled identities may be implausi-
ble and outside the data manifold, destabilizing the gradient flow
and affecting the training procedure. This manifests as large loss
spikes and can lead to complete training failure. In contrast, using a
Dirichlet distribution, p ∼ Dir(α), restricts sampling to the convex
hull of the data. This prevents the occurrence of invalid geometries
and ensures stable convergence. As illustrated in Figure 10, Dirich-
let sampling avoids the instability observed with normal sampling,
while preserving similar loss trends. Except for the spikes, the two
training curves largely agree, indicating that the sampling strategy
preserves good variability, while restricting sampling to feasible
identities. We report only the training curve, as the validation curve
is nearly identical due to random sampling.

9. Discussion

In this work, we introduced LORAMI, a novel technique de-
signed for real-time, identity-aware, physics-based facial anima-
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Table 2: Comparison of multi-identity models. The metrics are evaluated on a validation dataset of 100 random samples, with the mean,
maximum, and standard deviation reported for each measure. Notably, ’Linear’ represents the baseline blendshape-LBS linear rig. For all
the neural models, the timings are obtained by running the networks in isolation, excluding the timings for the linear rig. We omit the force
at the ground-truth, as the simulation is assumed to be converged when the force norm is ∼ 10−5.

Error (mm) ↓ Energy ↓ Force Norm ↓ Time (s) ↓
Model mean max mean max mean max mean max

Simulation (GT) — — 0.03±0.04 0.17 — — 60±19 97
Linear 0.71±0.43 2.0 0.16±0.22 1.13 16.1±22.5 114 0.050±0.001 0.060
Dense 0.31±0.16 0.70 0.04±0.04 0.19 1.14±1.04 9.37 0.005±0.0001 0.005

Condition 0.31±0.16 0.70 0.04±0.04 0.18 1.90±8.36 84.1 0.006±0.0002 0.006
VeRA 0.21±0.13 0.66 0.03±0.04 0.17 0.80±0.78 5.24 0.009±0.0004 0.010

LORAMI 0.21±0.13 0.64 0.03±0.04 0.17 0.77±0.72 4.64 0.008±0.0003 0.009

Table 3: Comparison of LORAMI with single-identity and finetune models on a dataset of 100 random controls. We employ the same metrics
as Table 2. The single-identity comparison utilizes an identity from the training set, whereas the finetune comparison employs an unseen
identity.

Error (mm) ↓ Energy ↓ Force Norm ↓ Time (s) ↓
Experiment Model mean max mean max mean max mean max

Single-Identity
Simulation (GT) — — 0.03±0.03 0.10 — — 58±15 103

NeuRiPhy 0.26±0.14 0.59 0.03±0.03 0.11 0.68±0.40 1.73 0.005±0.0003 0.006
LORAMI 0.23±0.11 0.54 0.03±0.03 0.11 0.93±0.96 8.5 0.008±0.0003 0.009

Finetune

Simulation (GT) — — 0.03±0.04 0.13 — — 64±21 103
Full Finetune 0.50±0.18 1.04 0.05±0.05 0.20 2.30±1.42 8.16 0.005±0.002 0.006

LoRA Finetune 0.54±0.15 1.03 0.08±0.04 0.19 6.66±9.14 60.19 0.008±0.0003 0.009
LORAMI 0.26±0.15 0.84 0.04±0.04 0.15 0.94±0.38 2.17 0.008±0.0003 0.009

(a) LORAMI (b) LORAMI (c) NeuRiPhy (d) LORAMI (e) LORAMI (f) Full Finetune (g) LoRA Finetune

0 Error (mm) 7.0

Figure 7: Comparison of LORAMI with single-identity NeuRiPhy and fine-tuning techniques, in terms of distance from the ground-truth
simulation. On the left, we test an identity from the training dataset. On the right, we show generalization on an unseen identity.

Table 4: Numerical metrics for the selected comparisons for LORAMI and our NeuRiPhy (N.Phy) baseline. The Error measures the mean
distance in mm from the ground truth simulation (GT), and E and | f | are the energy and the force norm of the prediction. The ground-truth
simulation is converged when the force norm is ∼ 1e−5 for each example.

Mean Error (mm) Max Error (mm) Energy Force Norm
Scenario Lin. LORAMI N.Phy Lin. LORAMI N.Phy Lin. LORAMI N.Phy GT Lin. LORAMI N.Phy
Fig. 7, left 1.7 0.5 0.5 14.0 6.3 6.0 0.466 0.112 0.109 0.083 63.66 2.234 2.352

Fig. 9, upper 0.8 0.2 0.2 5.7 5.3 3.8 0.126 0.029 0.029 0.027 6.173 0.494 0.482
Fig. 9, lower 0.7 0.2 0.3 8.0 3.0 3.0 0.472 0.017 0.017 0.013 261.8 1.636 1.475

Fig. 8, left 1.2 0.2 0.3 10.7 2.9 3.8 0.056 0.050 0.052 0.047 73.82 1.011 0.844
Fig. 8, center 1.3 0.3 0.5 13.0 9.0 9.2 0.402 0.131 0.135 0.122 27.51 1.038 1.249
Fig. 8, right 0.5 0.3 0.3 5.7 5.4 5.4 0.186 0.004 0.004 0.002 107.2 0.454 0.460
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0 Error (mm) 5.0

(a) LORAMI

(b) LORAMI

(a) NeuRiPhy

Figure 8: Comparison of multi-identity models with NeuRiPhy and
Ground-Truth Simulation. The color plots illustrate the distance
from the ground-truth simulation.

0 Error (mm) 3.0

(a) LORAMI (b) NeuRiPhy (c) Linear

(a) LORAMI (b) NeuRiPhy (c) Linear

Figure 9: Comparison of teeth-lips contact interactions in terms of
distance from the ground-truth simulation.

(a) Sampling. (b) Loss Curves.

Figure 10: Identity Sampling. (a) Visualization of convex combina-
tions produced by a Dirichlet distribution. (b) Comparison of train-
ing losses with Normal p ∼ N (0,{λi}) and Dirichlet sampling
p ∼ Dir(α). Dirichlet sampling ensures stability, whereas Normal
sampling causes the appearance of NaN values.

tion. By leveraging low-rank factors shared across identities that
are modulated by learned diagonal matrices, LORAMI bypasses
the need for per-case retraining while maintaining the accuracy
of single-identity models. This design reflects an inductive bias
in which deformation behavior is largely shared across identi-
ties, while identity-specific effects can be captured through low-
dimensional variations. Our approach effectively bridges the gap
between physically-based facial deformations and identity model-
ing, enabling high-fidelity simulations across a continuous identity
manifold.

In its current form, the reliance on shared rig controls implies
that consistent control semantics must be maintained across iden-
tities, which is a common but non-trivial assumption in practical
animation pipelines. At the same time, the ability of our model to
represent identities is bounded by the underlying PCA model, and
our use of convex combinations restricts the identity manifold to
interpolations of the training set. As a result, the method is well-
suited for interpolating between known identities, but does not aim
to extrapolate to previously unseen anatomical configurations. Fur-
thermore, Dirichlet sampling does not entirely eliminate the risk of
implausible identity configurations, and the resulting head models
may exhibit self-intersections. This highlights a trade-off between
flexibility of the identity representation and the enforcement of ge-
ometric validity. Future research could explore non-linear embed-
ding spaces for identity, where constraints on anatomical fidelity
are explicitly enforced while still allowing for variability across
subjects.

Overall, LORAMI achieves its goal of extending the accuracy
of single-identity, physically-principled character rigs to continu-
ous identity spaces. By eliminating the need for per-case retrain-
ing, our method facilitates the creation of sophisticated digital hu-
mans and streamlines the transfer of complex deformations across
diverse identity spaces.
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