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Abstract

We present a real-time system for animating photore-
alistic 3D Gaussian head avatars driven by motion data
from consumer facial mocap systems. At the core of our
framework is an efficient regression model that maps mocap-
derived blendshape parameters to the expression space of
parametric face models, enabling direct control over Gaus-
sian avatars without iterative optimization. Our design in-
corporates a lightweight expression regularization mecha-
nism that improves stability and expressiveness by encour-
aging semantically disentangled, identity-specific deforma-
tions. Through extensive evaluations—implemented using
ARKit as the mocap source and FLAME as the target para-
metric model—we show that our method outperforms both
fitting-based and regression-based baselines in animation
quality and latency. The system supports both live streaming
and offline reenactment, enabling efficient, real-time avatar
control for virtual meetings and social telepresence.

1. Introduction

Recent advances in 3D Gaussian Splatting [11] have led to
highly realistic neural head avatars with efficient real-time
rendering. To enable animation control, many recent sys-
tems leverage parametric face models as a structural prior,
encoding facial motion into interpretable low-dimensional
parameters, providing a controllable abstraction that sup-
ports dynamic avatar synthesis and facilitates cross-identity
reenactment.

In this setting, expressions from a source actor can be
estimated by fitting the parametric model to monocular in-
put, and the resulting facial parameters can be applied to a
target identity to animate a distinct avatar. However, these
fitting-based methods often incur significant computational
overhead and temporal latency, limiting their suitability for
real-time applications such as live avatar streaming or inter-
active communication. Moreover, they typically ignore the
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expression distribution of the target avatar, making direct
parameter transfer prone to identity mismatch or deforma-
tion artifacts.

To address this limitation, we present a real-time sys-
tem that controls Gaussian head avatars directly from facial
motion capture (mocap). Our method learns a lightweight
regression model that maps mocap-derived blendshape pa-
rameters to the expression space of a parametric model, en-
abling fast and stable animation without iterative fitting. In
addition, we introduce an expression regularization strategy
that constrains the learned mapping toward semantically dis-
entangled and identity-consistent deformations.

In our implementation, we adopt Apple’s ARKit [2] as
the mocap source and FLAME [15] as the target model due
to their wide availability and compatibility. The system sup-
ports both live streaming and offline playback, running at
up to 60 FPS on standard consumer GPUs. We evaluate
our method on the NeRSemble [12] dataset and benchmark
against both fitting-based and regression-based alternatives.
Results demonstrate that our expression-regularized model
consistently outperforms existing baselines in terms of geo-
metric accuracy, temporal stability, and perceptual quality.

In summary, this paper contributes a real-time avatar
control framework that combines facial motion capture in-
put with Gaussian rendering, featuring a novel expression
mapping strategy enhanced by expression regularization,
along with a comprehensive evaluation across realistic an-
imation scenarios.

2. Related Work
2.1. 3D Morphable Models

3D Morphable Models [6] (3DMMs) are a class of para-
metric models that represent the geometry and appear-
ance of human faces using a set of low-dimensional la-
tent parameters. By decomposing facial geometry into dis-
tinct subspaces—typically shape, expression, and pose—
3DMMs enable controllable facial reconstruction and ani-
mation.



Early 3DMMs, such as the Basel Face Model
(BFM) [20], focused on modeling identity through
PCA over 3D face scans. Later extensions, including
FaceWarehouse [3], introduced expression modeling by
incorporating RGB-D facial sequences across multiple
subjects, thus expanding 3DMMs beyond static identity
modeling. Among recent models, FLAME [15] has become
a widely adopted standard, offering detailed control over
identity (B, Av), expression (¢), jaw, neck and eye pose
(8). With PCA-based shape and expression spaces, its com-
patibility with mesh-based deformation makes it a powerful
backbone for tasks involving dynamic face tracking and
controllable avatar animation.

2.2. Gaussian Head Creation

Recent methods have integrated 3D Gaussian Splatting [11]
with parametric face models to create photorealistic and
controllable head avatars. These hybrid approaches leverage
the structural prior of models like FLAME to guide Gaus-
sian deformation in response to facial motion.

One line of research [14, 19] models expression changes
as weighted Gaussian blendshapes. They interpolate Gaus-
sian attributes—such as position, color, and opacity—based
on FLAME expression coefficients, enabling smooth and
expressive control. Another line of work [22, 24, 27] estab-
lishes a direct binding between Gaussians and mesh surfaces
by associating each Gaussian with a specific triangle. This
surface-aware strategy enhances geometric consistency and
offers improved controllability during animation.

As shown in Figure 1, these systems typically per-
form cross-identity reenactment by extracting expression
and pose parameters (¢g,6fs) from a source video using
optimization-based fitting, and transferring them to a tar-
get identity (Br, Avr) for rendering. High-fidelity pipelines
such as VHAP [21] and INSTA [30] optimize over entire se-
quences to achieve temporally consistent reenactment, but
are computationally expensive and inherently offline.

Rather than optimizing over entire video sequences, sev-
eral methods estimate facial parameters from individual
frames using both FLAME [4, 8, 23] and BFM [5, 13] mod-
els. While these approaches are more efficient than multi-
frame optimization, they still fall short in responsiveness
and temporal stability, limiting their suitability for real-time
avatar control.

2.3. Mocap to Parametric Expression Mapping

EMAGE [18] addresses the challenge of translating mocap-
derived blendshape parameters into a parametric expres-
sion space by proposing a linear projection model that maps
large-scale ARKit sequences from the BEAT [17] dataset
into FLAME parameters, despite lacking ground-truth su-
pervision. It constructs 52 reference meshes—one neu-
tral and 51 with isolated blendshape activations—and fits
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Figure 1. Traditional Cross-identity reenactment pipeline. Source
dynamic parameters (¢s, 0s) are estimated via FLAME fitting and
applied to a target identity (B, Avr).

FLAME parameters by minimizing vertex distances to these
handcrafted targets.

While EMAGE uses these meshes as direct regression
targets, our approach leverages them in a different role to
guide the projection process. We further adopt a supervision
strategy tailored to each subject, as detailed in Section 3.

3. Method
3.1. System Overview

Our system enables real-time animation of Gaussian head
avatars, driven by facial motion capture signals. It builds
upon GaussianAvatars [22], a framework that binds 3D
Gaussians to the FLAME mesh for photorealistic head re-
construction and expression control. On top of this ren-
dering backbone, we introduce an efficient regression-based
expression mapping module and a dual-mode rendering
pipeline that supports both live streaming and offline play-
back. We adopt ARKit as a representative mocap source
due to its widespread use and robust tracking capabilities on
consumer devices. Beyond ARKit, the framework general-
izes naturally to other mocap systems inspired by the Facial
Action Coding System (FACS) [7] that output interpretable
blendshape coefficients.

As illustrated in Figure 2, the pipeline comprises three
main components: (1) Expression Mapper, (2) Gaussian
Head Renderer, and (3) a graphical user interface (GUI).

In live mode, ARKit blendshape data is streamed from
an iPhone via Open Sound Control (OSC) using the Face
Cap [1] 108 application. These inputs are processed in real
time by our pretrained subject-specific expression mapper,
which projects them into the FLAME expression space. The
resulting dynamic parameters are passed to the Gaussian
head renderer, where they are combined with static identity
parameters to update the avatar at 60 FPS under the desired
camera pose. Head and eye poses are extracted directly from
ARK:it and remapped to the pose parameter space to ensure
complete articulation.

In recording mode, the blendshape data stream is cap-
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Figure 2. System overview. Solid boxes denote system modules, while dashed boxes indicate user inputs. Motion capture input is processed
through a learned expression mapper to estimate FLAME dynamic parameters. These are passed to a Gaussian head renderer, where they
are combined with static identity parameters to animate head avatars in either live or recording mode. The GUI supports both streaming

and manual expression control.

tured and saved as timestamped sequences. These can be
replayed and applied to arbitrary avatars, facilitating consis-
tent evaluation across different identities. Figure 3 demon-
strates cross-identity reenactment results using the same ex-
pression sequence mapped to multiple Gaussian avatars.

To support intuitive inspection and debugging, the sys-
tem includes an interactive GUI adapted from the offi-
cial GaussianAvatars [22] viewer. In addition to real-time
streaming, the interface provides a dedicated control panel
for manually activating blendshapes. Compared to the orig-
inal PCA component sliders, this adjustment method offers
clearer semantic interpretability, as each blendshape coeffi-
cient corresponds to a well-defined facial action unit.

This modular architecture allows for flexible operation
across real-time and offline scenarios, while preserving
high-fidelity animation.

3.2. Expression Mapper

3.2.1 Problem Formulation

ARKit provides a 51-dimensional blendshape vector x €
R3! to represent facial expressions in a semantically mean-
ingful format. While this representation is effective for real-
time motion capture, it is defined in a proprietary space and
not directly compatible with FLAME expression space.

FLAME represents expressions using a 100-dimensional
PCA-based expression parameter ¢ € R'?, and models jaw
movement as part of the pose parameters, specifically as a 3-
dimensional rotation vector @,y € R3. Therefore, in order
to animate a FLAME-based Gaussian avatar using ARKit
inputs, we aim to learn a mapping function:
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Figure 3. Recording mode allows the same blendshape sequence
to be applied to different Gaussian avatars.

which projects the blendshape vector x to the FLAME ex-
pression and jaw pose vector y = [@, Ojaw] € R103,

This task is formulated as a supervised regression prob-
lem, where the training data consists of temporally aligned
pairs of blendshape vectors and corresponding FLAME ex-
pression and jaw pose parameters. The goal is to find a map-
ping function f that generalizes well across expressive be-
haviors and captures the nuanced relationships between the
two representation domains.

3.2.2 Data Preparation

We conduct all experiments on the NeRSemble dataset [12],
a multi-view facial performance corpus designed for neural



head reconstruction. Each sequence is captured simultane-
ously by 16 synchronized RGB cameras with calibrated pa-
rameters, enabling high-fidelity expression modeling.

To supervise our expression mapper, we collect paired
sequences of ARKit blendshapes and FLAME expression
parameters. FLAME parameters are extracted using a multi-
view fitting pipeline based on VHAP [21], which jointly
optimizes shape, expression, and pose across views and
time using photometric and landmark-based losses. The im-
plementation uses the 2023 FLAME model with manually
added rigid teeth geometry for improved visual realism.

For ARKit blendshape capture, we use the same front-
view camera video frames from the multi-view sequences
employed in the previous FLAME-fitting step to ensure
frame-level synchronization. These frames are played back
as the capture stimulus and recorded using the Face Cap
app [1] on an iPhone’s TrueDepth camera. This procedure
yields well-aligned training data, with each frame repre-
sented by a 51-dimensional blendshape vector and a set of
FLAME expression and pose parameters.

3.2.3 Model Selection

We evaluate three types of regression models with increas-
ing complexity: k-Nearest Neighbors (KNN), ridge regres-
sion, and a shallow multi-layer perceptron (MLP). These
models are chosen for their simplicity and suitability for
real-time applications.

KNN serves as an instance-based baseline but suffers
from poor generalization due to its reliance on sample den-
sity. MLPs offer greater expressive power but are less stable
and harder to interpret in low-data, subject-specific settings.

Ridge regression offers the best trade-off between accu-
racy, robustness, and real-time performance. Its linearity
provides interpretability and stability, while ¢, regulariza-
tion prevents overfitting and promotes generalization. As a
result, we adopt ridge regression as the core of our expres-
sion mapping module.

3.2.4 Expression Regularization

While ridge regression provides a good balance between ac-
curacy and efficiency, it often entangles unrelated blend-
shapes and results in non-localized deformations (e.g., eye
closure causing unintended jaw drop).

To address this, we introduce an expression regulariza-
tion (ER) prior, implemented as a matrix Wgr € RI1X103
that encodes the ideal FLAME response when each ARKit
blendshape is activated in isolation. This prior constrains
the mapping function toward semantically disentangled and
spatially localized deformations.

As shown in Figure 4, the ER prior is constructed us-
ing 52 canonical meshes from the EMAGE framework [ 18],
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Figure 4. Illustration of the expression regularization (ER) prior.
Each row represents the FLAME response to activating a single
ARK:it blendshape.

including one neutral face and 51 expressions with iso-
lated blendshapes activated. We refit each mesh using the
FLAME 2023 model to extract consistent expression ¢ and
0jaw parameters, holding shape fixed. Stacking the resulting
51 vectors row-wise yields Wgg.

We incorporate Wgr as a soft prior in the training loss,
encouraging the model to associate each blendshape with
its corresponding facial region, thereby promoting semantic
disentanglement while preserving learning flexibility.

3.2.5 Training Objective

The expression mapper learns a projection matrix W €
R31*103 that maps blendshape inputs x; € R>! to FLAME
parameters y; € R!9, comprising 100 expression coef-
ficients and 3 jaw pose values. The training objective is
a weighted combination of data loss, ridge regularization
(RR), and expression regularization (ER):

T
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T denotes the number of training samples and «, AgR are
hyperparameters controlling the RR and ER weights.

Lsg enforces accurate reconstruction, Lgg stabilizes the
solution under limited data, and Lgr encourages disentan-
glement by penalizing deviation from the precomputed WgR.
This formulation balances accuracy and stability, while the
ER prior further enhances the semantic separation of indi-
vidual blendshape coefficients.

Training the Gaussian Avatar To enable photorealistic
reenactment, we adopt the training pipeline from Gaus-
sianAvatars [22] to reconstruct a Gaussian head avatar. The
same video frames and FLAME parameters used for train-
ing the expression mapper are reused to supervise the avatar
reconstruction, ensuring consistency in expression represen-
tation. Figure 5 illustrates the joint pipeline comprising both
the expression mapping module and avatar training.



Figure 5. Overview of the joint training pipeline. The top branch
optimizes a projection matrix W € R>¥19 using temporally
aligned ARKit and FLAME sequences. The bottom branch shows
the training of the Gaussian Avatar model using the same FLAME
sequences and video frames.

3.3. Performance Analysis

Our system is designed for real-time streaming applications,

where low-latency response is critical. To assess its practical

performance, we benchmark the full pipeline—from mocap

input to Gaussian rendering—under live streaming condi-

tions on an RTX 3090 GPU. The system includes:

1. Blendshape acquisition via iPhone (~60 FPS)

2. Expression mapping using ridge regression with expres-
sion regularization (matrix multiplication, ~40,000 FPS)

3. Gaussian avatar rendering (~60 FPS)

The end-to-end pipeline achieves 60 FPS, with rendering
being the most computationally demanding stage.

In contrast, while widely used for facial parameter es-
timation, existing fitting-based methods such as DECA [8]
and SMIRK [23] achieve only 2 FPS and 20 FPS during ex-
pression estimation, respectively, when benchmarked under
identical hardware conditions (excluding Gaussian render-
ing). This substantial gap underscores the efficiency of our
lightweight mapping design, making it more suitable for in-
teractive scenarios such as live telepresence, meetings, or
virtual media.

4. Experiment
4.1. Experimental Setup

We conduct experiments on a customized subset of the
NeRSemble dataset [12], comprising over 10,000 frames
from nine subjects with varied demographics. Data acqui-
sition and preprocessing follow the procedure described in
Section 3.2.2. Gaussian Head Avatars are trained per subject
using 1,000-1,500 frames.

4.2. Evaluation Metrics

We evaluate the generated animations using five metrics
categorized into two types: vertex-based and image-based.
These metrics jointly assess mesh-level precision, motion
smoothness, and perceptual consistency.

Vertex-based Metrics.

* Mean Vertex Error (MVE) [25] is the average, over all
frames, of the maximum per-vertex L2 distance between
predicted and ground-truth meshes, reflecting geometric
fidelity.

* Facial Dynamics Deviation (FDD) [25, 28] evaluates
how well the predicted facial motion matches the tempo-
ral dynamics of the ground truth by comparing standard
deviations of vertex displacement.

* Motion Stability Index (MSI) [16] quantifies temporal
smoothness by computing the inverse variance of vertex
acceleration.

Image-based Metrics.

* Inter-frame Similarity Index (ISI) [9, 10] computes
SSIM [26] between adjacent rendered frames to measure
structural consistency.

¢ Inter-frame Transformation Fidelity (ITF) [9, 10] mea-
sures PSNR between neighboring frames, capturing low-
level frame-to-frame fidelity and flicker.

4.3. Quantitative Evaluation

We quantitatively evaluate our animation framework in
terms of accuracy, temporal consistency, and generaliza-
tion. Experiments cover three settings—self reenactment,
cross-identity reenactment, and subject generalization—
each targeting a distinct challenge in facial animation.

4.3.1 Self Reenactment

This experiment assesses the accuracy and stability of differ-
ent regression models on held-out sequences from the same
subject. We adopt a 90/10 train-test split for each of the
nine subjects. Four regressors are compared: MLP, KNN,
ridge regression (RR), and our proposed regression with ad-
ditional expression regularization (RR+ER).

All models share fixed hyperparameters: RR and RR+ER
use @ = 0.1, with the latter additionally applying Agr = 1;
MLP has two hidden layers (32 and 64 units) with ReLU
activations; KNN uses k = 3.

This setting focuses on subject-specific learning, exclud-
ing fitting-based baselines (e.g., DECA [8], SMIRK [23])
that cannot leverage training data from the same individual.
The experiment thus serves as an ablation to isolate the ef-
fect of regression strategies under strong priors.

Table 1. Comparison of regression models on all metrics (averaged
across 9 subjects). VHAP results are omitted from vertex-based
metrics, as it serves as the reference for supervision.

Model MVE (x10°) | FDD (x10%) ] MSI(x10%1 1ISIT  ITF]

RR 5.1969 0.6770 8.8959 0.9867 42.4660
RR+ER 6.1654 0.2762 8.9847 0.9879  43.1688
KNN 6.9952 2.5272 8.2742 0.9848 41.9741
MLP 6.9252 1.3253 8.7088 0.9853 41.7221
VHAP - - 0.9878 42.7841




Table 1 shows that RR achieves the best geometric accu-
racy (lowest MVE), while RR+ER slightly increases recon-
struction error due to regularization, but yields significant
gains in temporal metrics (FDD, MSI).

Notably, RR+ER achieves the highest scores in both
image-based metrics (ISI, ITF), outperforming all baselines,
even including VHAP, which consistently ranks second. Al-
though VHAP serves as our pseudo ground truth, its tracking
may retain subtle micro-movements inherent in real-world
facial motion. In contrast, the regularized regression sup-
presses such motion-level jitter, resulting in more tempo-
rally stable outputs.

These results validate the expression regularization as
an effective structural prior that promotes temporal stabil-
ity and smoother motion. Detailed per-subject metrics are
included in the supplementary material.

4.3.2 Cross-identity Reenactment

To evaluate generalization to unseen source actors and real-

world videos, we test our system on monocular sequences

from actors not present in the training set, using them to

drive Gaussian Head Avatars trained on different identities.

This one-shot reenactment setup enables fair comparison

with optimization-based methods. We select three test se-

quences with diverse motion complexity:

* A (monocular capture): Calm expressions (e.g., blink-
ing, smiling), recorded via iPhone.

* B (NeRSemble [12]): High-strain expressive motions
from an unseen dataset subject.

e C (HDTF [29]): Speech-driven facial motion with rapid
articulation.

We compare our RR+ER model against DECA [8] and
SMIRK [23], two fitting-based baselines. While DECA and
SMIRK extract expression and pose from video via fitting,
our method regresses ARKit blendshapes into the FLAME
space. The resulting parameters drive a target avatar, with
all methods equally unfamiliar with the source actor.

Table 2. Cross-identity reenactment results on metrics MSI, ISI,
and ITF. MVE and FDD are excluded, as no ground-truth FLAME
parameters exist for these test subjects.

Sequence Metric DECA SMIRK Ours
MSI (x10°H 7 [ 7.50 8.79 9.74

A ISI T 0973 0978  0.987
ITFE | 36.67  36.80  44.48

MSI (x10°H 7 | 2.74 9.16 9.56

B ISI T 0913 0971  0.986
ITE | 27.89 3432  41.85

MSI (x107%) 7 | 8.50 8.81 9.51

C INE 0960  0.963  0.971
ITF 1 33.01 3248 3597

Table 2 shows that our method consistently achieves

higher temporal stability and perceptual smoothness across
all sequences. Improvements are especially pronounced
in Sequence B, where high-intensity expressions challenge
temporal coherence.

Qualitative analyses in Section 4.4.2 further illustrate
how our subject-specific mapping preserves expression se-
mantics from unseen source actors while maintaining plau-
sible target-specific deformations, outperforming fitting-
based baselines without access to actor-specific priors.

4.3.3 Subject Generalization

While the previous section 4.3.2 evaluates generalization to
unseen source actors, here we assess the complementary
case of unseen target avatars. Specifically, we train a single
RR+ER model on six subjects to form a generalized model,
and evaluate it on the sequences from three unseen subjects.

Table 3. Comparison of subject-specific and generalized models
on unseen subjects (excluded from training). Results are averaged
across 3 subjects.

Metric Subject-specific ~ Generalized
MVE (x10%) | 6.0718 9.1246
FDD (x10%) | 0.3574 0.2292
MSI (x1074) 1 9.4858 9.4437
ISI T 0.9841 0.9831
ITF 1 42.6810 422762

Table 3 compares this generalized model against a
subject-specific model trained on each unseen subject.
Compared to the subject-specific model, the generalized
model suffers from a noticeable drop in reconstruction ac-
curacy (MVE), indicating the benefit of personalized pri-
ors. However, temporal smoothness (MSI, ISI, ITF) re-
mains comparable, and even improves in FDD, suggesting
that identity-agnostic regressors can still produce perceptu-
ally stable animations. These results highlight a trade-off
between reconstruction fidelity and general applicability.

4.4. Qualitative Evaluation

While the quantitative analysis provided numerical insights
into accuracy and stability, qualitative evaluation is neces-
sary to further assess the perceptual realism, facial coher-
ence, and failure modes of the generated animations.

4.4.1 Self Reenactment

We visualize representative reenactment results correspond-
ing to the self-reenactment experiment in Section 4.3.1, fo-
cusing on two subjects—038 and 253—that best illustrate
the behavioral differences between baseline and regularized
regressors. We include only RR and RR+ER models for



clarity, as KNN and MLP exhibit consistently inferior vi-
sual quality and are omitted here.

Ground Truth ~ Pseudo GT (VHAP) RR RR+ER

Figure 6. Self reenactment results for Subject 038. Top: both
models closely match the pseudo-GT. Bottom: RR model exhibits
lower-face instability during eye blinks and lip press (highlighted
in the red box), while the RR+ER model maintains more localized
and consistent deformations.

Figure 6 presents four rows of results for Subject 038.
The top two rows demonstrate that both models faithfully re-
construct typical expressions, closely aligning with VHAP.
The bottom rows highlight critical differences: (1) the RR
model incorrectly couples eye-blink motion with jaw dis-
placement, and (2) when facing rare expressions like lip
press (unseen in training), it produces unstable deforma-
tions. These artifacts suggest that the RR baseline tends to
entangle unrelated blendshapes and is highly dependent on
the coverage of the training data. In contrast, the RR+ER
model maintains structural locality, constraining motion to
stable regions even under unfamiliar inputs. For unseen ex-
pressions like lip press, it shows slight deviations and minor
entanglement, though far less than the RR baseline.

In Figure 7, RR+ER exhibits a slightly more conservative
bias in reproducing large jaw movements than RR. While
it enhances motion stability, this may come at the cost of
reduced expression intensity in high-strain scenarios.

Together, the observations highlight a core trade-off:
RR+ER offers better semantic control and robustness to out-
of-distribution inputs, whereas RR may better preserve dy-
namic range but is prone to entangled or unstable outputs.

For completeness, supplementary material includes
video versions of the results shown in Figures 6 and 7, along

Ground Truth ~ Pseudo GT (VHAP) RR RR+ER

Figure 7. Self reenactment results for Subject 253. RR+ER yields
a slightly more conservative mouth-opening amplitude, with red
lines marking the lower lip for reference.

with qualitative comparisons to other fitting-based methods,
which are excluded from the main experiment for fairness.

4.4.2 Cross-identity Reenactment

We visualize representative cross-identity reenactment re-
sults corresponding to the experiment in Section 4.3.2, per-
ceptually comparing our approach against two per-frame
FLAME fitting baselines: DECA [8] and SMIRK [23].

As shown in Figure 8a, our method better preserves the
structural fidelity than DECA and SMIRK. In these frames,
the baseline methods often exhibit smoothing artifacts in the
mouth region (red box) and lack expressive richness. Our
approach, by contrast, maintains sharper and more plausible
facial deformations that better match the input intent while
remaining visually stable.

Figure 8b further highlights the performance gap under
extreme expressions. DECA exhibits frequent fitting fail-
ures in multiple frames, misaligning basic facial landmarks.
SMIRK, while better aligned, suffers from severe mesh ar-
tifacts such as tearing and unnatural compression, partic-
ularly under exaggerated facial deformations. In contrast,
our method consistently generates coherent outputs that pre-
serve avatar integrity.

We also observe that temporal jittering—common in per-
frame fitting approaches—is mitigated in our method. These
observations are consistent with our earlier quantitative find-
ings, reinforcing the effectiveness of a target-aware reen-
actment strategy—particularly in scenarios where animation
stability and identity preservation are prioritized over exact
frame-wise matching.

4.4.3 Blendshape Disentanglement

To qualitatively evaluate the semantic disentanglement ca-
pacity of our expression mapping, we manually activate in-
dividual blendshapes using the GUI interface and observe
the resulting avatar deformations. Figure 8c compares the
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Figure 8. Cross-identity reenactment visualization (8a, 8b) shows that our method preserves sharper geometry, structural consistency, and
emotional accuracy, whereas baseline methods exhibit varying degrees of artifacts or loss of detail. Blendshape disentanglement test (8c)
indicates that, under single-blendshape activation, RR+ER yields more localized and semantically coherent deformations compared to the

plain RR model.

output of two models—RR and RR+ER—under identical
single-blendshape activation.

Across multiple expression types, the RR+ER model
consistently yields more localized and coherent responses.
It avoids common entanglement artifacts observed in the
RR baseline, such as bilateral eye motion during unilateral
blinks, jaw deformation during eyelid activation, or over-
amplified mouth dimples. These entanglements likely stem
from uncontrolled extrapolation in sparsely represented re-
gions of the training distribution, where the baseline projec-
tion matrix fails to preserve semantic independence between
expression dimensions.

These results highlight the effectiveness of the expres-
sion regularization as a structural prior that encourages in-
terpretable and stable projection behavior.

5. Conclusion
5.1. Limitations and Future Work

1. Expression Diversity Depends on Training Data Our
model achieves stable reenactment by avoiding extrapola-
tion into unfamiliar expression regions. However, this con-
servative behavior also limits expressiveness when faced
with out-of-distribution or high-strain facial inputs. To im-
prove fidelity in emotionally rich or exaggerated perfor-
mances, future work should incorporate training data with
greater variation in speaking styles and facial dynamics.

2. Input Modality and Cross-Platform Generalization
While our experiments leverage ARKit due to its accessi-
bility and high-quality facial tracking, our method is not re-
stricted to this specific input modality. The regression-based
mapping framework is compatible with other mocap sys-
tems that provide FACS [7]-like blendshape representations,

including open-source alternatives. Future work may sys-
tematically explore cross-device performance and general-
ization, broadening deployment scenarios across platforms
and capture conditions.

3. Integration of Dynamic Gaussian Rendering in VR
Despite recent advances, real-time rendering of dynamic
Gaussian scenes on VR headsets remains challenging. The
current ecosystem for dynamic neural rendering in immer-
sive environments is still immature. Future work may ex-
plore efficient rendering strategies or hybrid representations
to enable high-fidelity avatar control in VR settings.

5.2. Summary

We present a real-time facial animation framework that
maps facial motion capture inputs to parametric expres-
sion representations via efficient regression, enhanced by
an expression regularization mechanism for semantic disen-
tanglement and temporal stability. Evaluations show that
lightweight subject-specific mappings can outperform com-
petitive fitting-based pipelines and baseline regression mod-
els in real-time scenarios, suggesting a shift toward person-
alized control systems in avatar animation.

The proposed method proves effective not only for
subject-specific control, but also generalizes well across un-
seen actors in cross-identity reenactment, accurately pre-
serving expression semantics. The system supports live and
offline modes, enabling flexible deployment for real-time
and post-processed applications using commodity devices.

These findings position our system as a promising step
toward real-time, controllable virtual humans with photo-
realistim, laying a foundation for broader applications in

telepresence, virtual communication, and interactive me-
dia.
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