HM-Talker: Hybrid Motion Modeling for High-Fidelity Talking Head Synthesis

Supplementary Material

Overview

This supplementary document provides additional materi-
als that complement the main paper. We first extend the
discussion of Related Work (Sec. 1), offering deeper con-
text on talking head synthesis and explicit motion repre-
sentations. We then provide detailed Implementation In-
formation, including the preprocessing pipeline (Sec. 2.1)
and network architectures (Sec. 2.2). Subsequently, we
present Additional Experiments, featuring comprehensive
ablation studies (Sec. 3.1) that further validate our model
design. This section also demonstrates the application
of our method to a few-shot personalization framework
(Sec. 3.2) and includes qualitative results on diverse identi-
ties (Sec. 3.3). Finally, we offer further Discussions (Sec. 4)
on the benefits of our personalized motion modeling and
different inference modes.

1. Related Work
1.1. Audio-driven Talking Head Synthesis

Talking head synthesis aims to model the intricate relation-
ship between speech and facial motion, ensuring that gen-
erated faces articulate speech with realistic expressiveness
and temporal coherence. Early 2D-based methods [18, 19,
27, 28] directly mapped acoustic features to lip textures
through generative networks, yet lacked geometric reason-
ing, often producing rigid or implausible expressions.

The emergence of 3D-aware representations such as
Neural Radiance Fields (NeRF) [16] and 3D Gaussian
Splatting (3DGS) [9] has significantly improved realism
and view consistency in talking head generation [11]. AD-
NeRF [7] first projected audio features into dynamic ra-
diance fields to drive head and torso motion, while later
works optimized efficiency through multi-resolution hash-
ing [21] and structured motion encoding [12]. However,
their fully implicit audio-to-motion mappings limit inter-
pretability and local articulation control.

To improve speech—articulation alignment, recent
works have incorporated explicit motion supervision.
SyncTalk [17] learns audio-visual synchronization through
a cross-modal encoder, while TalkingGaussian [13] decom-
poses facial regions, controlling upper-face motion via Ac-
tion Units (AUs) and modeling lips implicitly from au-
dio. PointTalk [23] further captures fine-grained articula-
tion through point clouds but remains implicit for lower-
face motion. These studies reveal a growing trend toward
hybrid strategies that combine explicit control with data-
driven flexibility.

Explicit motion representations are also widely adopted
as intermediate priors in generalizable talking head frame-
works [8, 10, 15, 20, 22, 24, 29]. For instance,
SadTalker [25] maps audio to 3DMM coefficients for dis-
entangled 3D rendering, while GAGAvatar [3] and MG-
GTalk [6] employ 3DMM-guided reconstruction to gener-
alize across identities. Yet, their reliance on video-driven
or low-accuracy audio-predicted 3DMM limits fine-grained
expressiveness and personalized motion synthesis.

1.2. Explicit Motion Representations

Explicit motion features provide interpretable and anatomi-
cally grounded representations of facial dynamics, enabling
precise motion control and improved cross-modal supervi-
sion.

3D Morphable Model (3DMM). 3DMM [ 1] encodes facial
geometry via low-dimensional shape and expression bases
derived from PCA over 3D scans. These coefficients offer a
compact and continuous representation widely adopted for
motion control [3, 6, 25], but are often limited in captur-
ing subtle, non-linear dynamics such as muscle contractions
and micro-expressions.

Action Unit (AU). Based on the Facial Action Coding Sys-
tem [4], AUs represent muscle activations through semanti-
cally meaningful, anatomically localized units. Each AU
corresponds to a distinct movement (e.g., AU12 for lip
corner pulling), providing a physiologically interpretable
bridge between visual cues and speech articulation. This
property makes AUs especially effective for synchronizing
audio-driven facial motion [2, 5].

In summary, prior research has progressed from purely
implicit neural mappings to explicit or hybrid motion rep-
resentations. However, balancing interpretability and gen-
eralization remains challenging. Building upon this evolu-
tion, our framework introduces a hybrid motion modeling
paradigm that integrates prosody-aware implicit audio fea-
tures with anatomically grounded explicit representations.
By leveraging Action Units as a cross-modal alignment sig-
nal, our method enables fine-grained, identity-agnostic con-
trol of articulation while preserving the natural expressive-
ness of 3D Gaussian avatars.

2. Implementation Details

2.1. Video Preprocess Pipeline

Our preprocessing pipeline follows the procedures of
SyncTalk and TalkingGaussian to ensure consistency and
reproducibility.  Specifically, we adopt the audio fea-
ture extraction and head pose normalization process from



SyncTalk. A pre-trained Audio-Visual Encoder is used to
extract rich audio representations, which serve as the driv-
ing signal for subsequent motion synthesis. For camera pa-
rameter estimation, we utilize a Head-Motion Tracker to-
gether with a Head-Points Tracker to analyze each video se-
quence, allowing us to normalize the head pose and stabilize
the subject in a canonical coordinate space. For facial and
intra-oral region segmentation, we follow the preprocess-
ing setup of TalkingGaussian. We first apply BiseNet for
semantic portrait parsing on each frame to obtain a coarse
facial mask. The result is then refined using EasyPortrait
to generate a detailed teeth mask. This two-stage process
produces a high-fidelity facial mask that separates the head
from the background and provides an accurate representa-
tion of the mouth interior, which is essential for high-quality
composition and rendering.

2.2. Network Architecture

The audio features - extracted from Audio-Visual Encoder
are first concatenated over 8 consecutive frames to capture
short-term temporal context, and then passed into AudioNet
for dimensionality compression. AudioNet comprises three
fully connected layers, each followed by a LeakyReLU ac-
tivation, progressively halving the feature dimension to ob-
tain an intermediate representation of shape (8,32). This
representation is then input to AudioAttNet, which applies
temporal attention to emphasize speech-relevant segments.
Specifically, AudioAttNet processes the intermediate fea-
tures through several 1D convolutional layers, followed by
a SoftMax activation along the temporal dimension (of size
8) to compute attention weights. These weights are applied
to the intermediate features and aggregated via weighted
summation across time, producing the final implicit motion
feature ¢!, ; € R'*%2,
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Figure 1. Architecture of AudioNet and AudioAttNet.
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3. More Experiments

3.1. Ablation Study

Hybrid Motion Modeling Module. We adopt a three-
path training strategy with a fixed ratio of Pgen : Probust :
Psiyte = 4:4:2. Ablation studies reveal the influence of dif-
ferent path configurations on performance. When Py, is
fixed and varying the ratio between Pyyie and Propust, all
evaluation metrics consistently drop (Fig. 2 group 1), high-
lighting the importance of personal style learning. We at-
tribute this to the role of Pgyie in capturing fine-grained,
identity-specific articulatory dynamics that cannot be recov-

PSNR (1) LMD (4)

= -8~ Growp 1 -~ Group 1
Group 2 Group 2

346 B

& i ’L’L S b° ‘)N b:t ;f’ ’Lu N‘q Qb

r S N D A S D D o
IRt gt g g g

RGO PSRNV R S

Figure 2. Ablation study of path proportion in Hybrid Motion
Modeling Module.

ered from the robustness-oriented or generation paths alone.
Furthermore, by fixing Py and varying the ratio between
Pgen and Propus (Fig. 2 group 2), we observe that perfor-
mance deteriorates when Piopyst 18 €ither too high (7) or too
low (1), confirming the validity of our balanced configura-
tion.

To further investigate the masking effect within Propyst,
we evaluate different masking ratios M,. As shown in
Fig. 3, performance peaks at M, = 0.2 and declines as
the value deviates. We therefore employ a stochastic mask-
ing strategy, sampling M, uniformly from 0.1 to 0.3 during
training, which balances regularization with representation
capacity.

Finally, we assess the quality of audio-predicted explicit
features via t-SNE visualization under two suboptimal set-
tings: (i) a path ratio of 1:7:2, and (ii) a high masking rate
M, = 0.9. In both cases (Fig. 4), the audio-predicted
features show weaker alignment with image-derived fea-
tures, whereas our default configuration yields tighter over-
lap, demonstrating more effective cross-modal feature fu-
sion and disentanglement.
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Figure 3. Ablation study of M, in Hybrid Motion Modeling Mod-
ule.

3.2. Application to Few-Shot Personalization

To further verify the versatility and generalizability of
our hybrid motion modeling paradigm, we apply it to
the state-of-the-art few-shot personalization framework, In-
sTaG [14]. This experiment demonstrates that our approach
can function as a universal generalizable prior, enhancing
motion fidelity and stability in few-shot talking head syn-
thesis.

Framework Integration. We replace the implicit motion
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Figure 4. t-SNE visualization of motion features over three 20-
frame clips. Each row corresponds to one clip; each column rep-
resents a different training setting.

prior in InsTaG with our hybrid motion model. Specifi-
cally, the proposed Generalizable Prior Network adopts
the HM-Talker architecture, incorporating both the Audio-
to-Visual Mapper (A2VM) and the Stochastic Feature Pair-
ing (SFP) training strategy. This network learns a univer-
sal, anatomically grounded mapping from audio to facial
motion. The lightweight Personalized Adaptation Field
in InsTaG is retained to capture identity-specific nuances
through few-shot fine-tuning. The final motion field is de-
rived by combining the outputs of the generalizable prior
and the personalized adaptation module.

Training of the Generalizable Prior. Following the In-
sTaG training protocol, we pre-train the Generalizable Prior
Network on a multi-identity dataset including “Shaheen”,
“May”, “Jae-in”, “Obama”, and “Macron”. The SFP strat-
egy is applied during this pre-training stage to ensure robust
cross-speaker generalization.

Few-Shot Adaptation and Evaluation. For personal-
ization, we select four unseen subjects from the HDTF
dataset [26]. Each model is fine-tuned using a short 10-
second reference video, during which only the Personalized
Adaptation Field is updated while the Generalizable Prior
remains frozen. This setup evaluates how effectively our
generalizable prior transfers to novel subjects with minimal
supervision.

Baseline for Comparison. To ensure fair comparison,
we re-implement the InsTaG framework under our unified
preprocessing pipeline, denoted as InsTaG*. Our hybrid-
integrated variant, InsTaG-HM, is then compared against
InsTaG* to quantify the improvements contributed by hy-
brid motion modeling.

Results and Analysis. As shown in Tab. 1, our inte-
grated framework InsTaG-HM consistently outperforms
both the original InsTaG and our re-implementation (In-
sTaG*) across four unseen subjects. It achieves higher mo-
tion quality and lip synchronization, with Sync-C improv-
ing from 4.777 (InsTaG) and 5.332 (InsTaG*) to 5.458, and
Landmark Distance (LMD) reduced to 3.208. Although
PSNR gains are marginal, this aligns with our focus on en-

Setting PSNRT AUE-(L/U)| Syne-CI LMDJ
InsTaG-HM | 29.799  0.95/0.64 5458  3.208
InsTaG* 29.631  1.01/0.70 5332 3221
InsTaG [14] | 25.594  1.08/0.82 4777 3270

Table 1. Comparison on the few-shot personalization task. We in-
tegrate our hybrid motion model into InsTaG (denoted as InsTaG-
HM) and compare it against the original method and our re-
implementation (InsTaG*). Results are averaged across four un-
seen subjects from the HDTF dataset, demonstrating that our
model serves as a superior generalizable prior.

hancing motion fidelity rather than static appearance. These
results verify that introducing our hybrid motion model as
a generalizable prior effectively stabilizes and refines few-
shot adaptation, allowing the lightweight personalization
module to capture identity-specific details while preserving
articulatory precision.

3.3. Qualitative Results on Diverse Identities

To further assess the robustness of our framework beyond
the core benchmark dataset, we evaluated HM-Talker on
five additional subjects from the diverse HDTF dataset [26].
Following our standard per-subject training protocol, we
performed self-reconstruction to examine the learned per-
sonalized motion fields. As shown in Fig. 5, our method
maintains visually coherent reconstructions across a wide
range of individuals. It effectively captures distinct artic-
ulatory behaviors and accommodates diverse facial traits,
such as facial hair and expression dynamics. These re-
sults suggest that our approach generalizes well to subjects
beyond the primary benchmark, demonstrating the frame-
work’s ability to model personalized motion fields for di-
verse individuals.

4. Discussions

Why Audio-to-Visual Mapping Works? While SadTalker
predicts audio-to-3DMM motion, its explicit representa-
tions exhibit limited identity specificity, often underper-
forming implicit-only baselines. This limitation arises
from its general-purpose objective of synthesizing plausi-
ble full-face motion across arbitrary identities, which di-
lutes identity-dependent accuracy. In contrast, our Audio-
to-Visual Mapper (A2VM) establishes a personalized map-
ping from audio to lower-face visual representations that
are strongly correlated with articulatory dynamics. This
identity-specific supervision constrains the feature distri-
bution within a compact manifold, enabling a lightweight
MLP to effectively capture motion variations. The result-
ing visual features align seamlessly with our static Gaussian
representation, supporting precise and stable motion syn-
thesis. Hence, A2VM favors articulation-accurate, identity-
consistent motion generation over generic motion general-
ization.
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Figure 5. Qualitative results on diverse identities from the HDTF
dataset. HM-Talker produces photorealistic and identity-faithful
reconstructions, capturing distinct articulatory styles and facial
characteristics across subjects.

Explicit Motion Priors in Application. Selecting an ex-
plicit motion prior naturally involves balancing articulatory
detail and geometric stability. In our experiments, Facial
Action Units (AUs) capture subtle and interpretable mus-
cle activations that align well with the fine-grained dynam-
ics of speech. However, because they rely primarily on
2D appearance cues, AUs can become less reliable under
large head rotations or challenging lighting. In contrast,
3D Morphable Models (3DMMs) impose strong geomet-
ric constraints that ensure stable and consistent structure,
but their parameters often entangle multiple factors and lack
clear semantic meaning. In practice, the choice depends on
the application: AUs are preferable when articulatory preci-
sion is the priority, whereas 3DMMs are better suited when
geometric stability is more critical.

5. Limitations and Future Work.

While our method demonstrates strong performance across
identity generalization, cross-lingual animation, and robust-
ness settings, several limitations remain. First, the model
can still produce minor artifacts in underrepresented cases,
especially for subjects with long hair, beards, fine wrin-
kles, and large mouth openings, which are likely caused

by sparse data coverage in these appearance and motion
patterns. Second, artifacts may occur around challenging
fusion regions such as the neck and head—torso bound-
ary, where blending different motion and geometry cues
is inherently difficult. Third, although our approach im-
proves temporal stability, cross-lip jitter and temporal mis-
alignment can still appear in extreme cross-identity driv-
ing scenarios, particularly when there are large anatomi-
cal discrepancies or highly diverse speaking styles between
source and driving signals. Finally, the current frame-
work still relies on an identity video to construct the ini-
tial 3D model, which limits its applicability in ultra-low-
input settings. In future work, we plan to expand train-
ing data toward more diverse identities and extreme fa-
cial conditions, develop stronger boundary-aware fusion
and geometry-consistency constraints, and improve tempo-
ral modeling for cross-identity audio-driven animation un-
der severe mismatch. We also aim to explore feed-forward
3D reconstruction to support one-image inference and fur-
ther simplify the deployment pipeline.
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