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Abstract

Recent photo-realistic 3D talking head via 3D Gaussian
Splatting still has significant shortcoming in emotional
expression manipulation, especially for fine-grained and
expansive dynamics emotional editing using multi-modal
control. This paper introduces a new editable 3D Gaus-
sian talking head, i.e. EmoDiffTalk. Our key idea is a
novel Emotion-aware Gaussian Diffusion, which includes
an action unit (AU) prompt Gaussian diffusion process
for fine-grained facial animator, and moreover an ac-
curate text-to-AU emotion controller to provide accurate
and expansive dynamic emotional editing using text in-
put. Experiments on public EmoTalk3D and RenderMe-360
datasets demonstrate superior emotional subtlety, lip-sync
fidelity, and controllability of our EmoDiffTalk over previ-
ous works, establishing a principled pathway toward high-
quality, diffusion-driven, multimodal editable 3D talking-
head synthesis. To our best knowledge, our EmoDiffTalk
is one of the first few 3D Gaussian Splatting talking-head
generation framework, especially supporting continuous,
multimodal emotional editing within the AU-based expres-
sion space.Please visit our website for more details and
information:https://liuchang883.github.io/EmoDiffTalk/

1. Introduction

Photo-realistic 3D talking head has achieved remarkable
progress using representations such as 3DMM [39, 48, 49,
51, 59], neural radiance fields (NeRF) [2, 18, 20, 29, 40,
52, 63, 69] and 3D Gaussian Splatting (3DGS) [9, 14, 17,
30, 32, 34, 36, 42, 58, 65, 66]. However, most of cur-
rent 3D talking head focus on photo-realistic portrait ren-
dering quality [12, 46, 53, 60] and audio-lip synchroniza-
tion [8, 44], which are still limited in semantic-level talking
head editing such as emotional expressions [16]. One of
the main challenging for emotional talking head manipula-
tion lies in the ambiguous audio-to-emotion and emotion-
to-expression mappings, which makes it difficult to conduct
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Figure 1. Text-to-AU based emotion editing results of our EmoD-
iffTalk. Our EmoDiffTalk not only supports fine-grained speech-
driven (third row) 3DGS talking head generation (first row), but
also enabling expansive and accurate text-based emotion editing
(second and fourth rows). The AU Code (bottom) are also demon-
strated. Please refer to our demo video for more text driven 3D
talking head editing results.

accurate emotional editing within the dynamic 3D talking
head space [15, 70]. Some early works such as EAMM [25]
adopt to perform emotional editing within the implicit la-
tent space using control signals such as reference images.
For more better emotional-expression editing, EmoTalk [39]
and the subsequent works [19] proposed to disentangle the
emotion from speech to rich 3D facial generation. Recent
Hallo3 [11] utilize text prompt to the audio-diffusion process,
which has achieved impressive emotional 3D talking head
generation. However, the quality of emotional editing but
not only stylization [51] or personalization [3] is still limited,
especially for fine-grained and expansive emotional editing
using multi-modal control.

To address such issue, this paper proposes a new emo-
tional controllable 3D talking head based on 3D Gaussian
splatting [19], called EmoDiffTalk, which generates high
fidelity dynamic portrait rendering quality while enabling
fine-grained emotional editing using cross-modal input such
as text. Unlike previous emotion editing talking heads
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incorporating speech and emotion within implicit feature
space [25, 39] or direct diffusion process [11], our key in-
sight is to model the emotion-to-expression mapping via
action unit (AU) code space [13], and introduce the AU code
as effective emotional embedding to prompt the Gaussian
diffusion process to predict the dynamic Gaussian primitive
attributions. This formulates as a novel emotional-aware
Gaussian diffusion, within which we first build a AU-prompt
Gaussian diffusion for fine-grained facial animator, and then
introduce a text-to-AU emotion controller to distill the Gaus-
sian diffusion for accurate emotion editing using text in-
put. Benefit from the emotional-aware Gaussian diffusion,
our EmoDiffTalk can reconstruct photo-realistic 3D talking
head with more better fine-grained expressions, and enables
high accurate and easy-to-use emotion editing using texts as
shown in Fig. 1.

To evaluate the effectiveness of our EmoDiffTalk, we
conducted extensive evaluation on public EmoTalk3D [19]
and RenderMe-360 [38] datasets, comparing with previ-
ous SOTA approaches such as EAMM[25], SadTalker[69],
Real3D-Portrait[64], EmoTalk3D[19], Hallo3[11] and
EchoMimic[7]. From the experiments, on average our
EmoDiffTalk boosts PSNR (+4.56 dB vs EmoTalk3D) and
CPBD (+16.1% vs Hallo3) on EmoTalk3D, retains best
LPIPS and lowers LMD, and on RenderMe-360 cuts LMD
by 29.4% and adds 1.28 dB PSNR over Hallo3; user studies
also exceed Hallo3 in video fidelity (+5.3%), image qual-
ity (+4.7%) on EmoTalk3D, video fidelity (+1.7%), and
emotion control (+2.2%) on RenderMe-360. To our best
knowledge, our approach becomes a new state-of-the-art
emotional controllable 3D talking head, especially in simul-
taneously delivering photo-realistic dynamic reconstruction
and precise, text-driven emotional editing with superior ex-
pression accuracy, naturalness, and flexibility.

2. Related Work

2.1. From 2D Generation to 3D Talking Heads

The pursuit of photorealistic talking heads has evolved along
two primary paradigms. 2D-based methods prioritize gen-
eration efficiency and frame-wise realism, achieving sig-
nificant success in audio-lip synchronization [8, 44] and
one-shot video editing [6, 24, 31, 45, 47, 50, 57]. For in-
stance, EAMM [24] enables emotional editing via reference
images in a latent space, while Hallo3 [11] and EchoMimic
[7] leverage powerful video diffusion models for highly dy-
namic portraits. However, these methods often struggle
with 3D consistency and free-viewpoint synthesis [33]. This
limitation has spurred the advancement of 3D-aware ap-
proaches. Early models relied on 3D Morphable Models
(3DMM) [27, 39, 48, 59] for explicit control but were con-
strained by their linear expressivity. The emergence of neural
fields, particularly NeRF [18, 20, 21, 52, 63, 69], and more

recently, 3D Gaussian Splatting (3DGS) [26] , has enabled
high-fidelity novel view synthesis. Recent efforts have signif-
icantly pushed the boundaries of 3DGS for high fidelity 3D
scene reconstruction [41, 43] with ultrafast rendering [62],
physical based deferred rendering [61], and 4D dynamics
reconstruction [28], which inspired many subsequent talk-
ing head reconstruction [9, 19, 30, 66]. But these talking
head approaches mainly focus on photorealism appearance
reconstruction. Precise and expansive semantic-level control,
particularly for fine-grained emotional expressions, remains
a critical challenge in 3D talking heads [16].

2.2. Emotion Control and AU-Based Synthesis
A central challenge in controllable talking head generation
is the ambiguous mapping from audio or semantic prompts
to expressive facial dynamics [15, 70]. Research has ex-
plored various control signals. While methods like EmoTalk
[39] and its 3DGS extension [19] disentangle emotion from
speech, and diffusion-based approaches like Diffposetalk
[51] and Hallo3 [11] use text prompts for stylization, they of-
ten operate on holistic expressions or implicit features, lack-
ing fine-grained anatomical grounding [54]. In contrast, the
Facial Action Coding System (FACS) [1, 13], which defines
Action Units (AUs) corresponding to specific facial muscle
movements, provides a foundational, interpretable frame-
work for precise expression modeling. Although widely
used in analysis and 3DMM-based animation [32, 39], the
integration of AUs as a central control mechanism for ed-
itable 3D Gaussian-based avatars is novel. Our work bridges
this gap by introducing an explicit AU code space to mediate
between multi-modal inputs (speech, text) and the Gaussian
diffusion process, enabling anatomically-aware fine-grained
emotional editing.

3. Method
Given a subject’s multi-view images I = {Ii} accompanied
with a facial template Tf as like EmoTalk3D [19], our goal
is to reconstruct the dynamic 3DGS primitives representa-
tion G = {git}, which can be driven with fine-grained facial
expression by any speech input, and more importantly sup-
ports emotion editing using text input. As show in Fig. 2,
we first perform a canonical Gaussian rig reconstruction
(Sec. 3.1) to get a basic canonical 3DGS rig along with high
accurate Gaussian color fetching. Then we set up a novel
emotion-aware Gaussian diffusion, by which we can drive
the canonical 3DGS rig using any speech input and perform
text-based emotion editing simultaneously.

Our emotion-aware Gaussian diffusion consists of
two key components: (1)AU-prompt Gaussian Diffusion
(Sec. 3.2), which encodes audio signals into Action Unit
(AU) codes and subsequently decodes them to predict Gaus-
sian position along with all other fine-grained Gaussian
splatting attributes, and (2)Text-to-AU Emotion Controller
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Figure 2. Overall Pipeline of EmoDiffTalk. We first reconstruct the canonical Gaussian rig from a subject’s multi-view images, and then
perform an emotion-aware Gaussian diffusion, including a AU-prompt Gaussian Diffusion process and Text-to-AU Emotion Controller, to
animate the canonical Gaussian rig with any speech and text-based emotion prompt input, ultimately enabling free-viewpoint rendering via
the 3DGS splatting.

(Sec. 3.3), which establishes a direct mapping from a tex-
tual emotion prompt to an Activation vector enabling freely
editable emotional adjustment.

3.1. Canonical Gaussian Rig Reconstruction
Before conducting speech driven talking head generation,
we first reconstruct the subject’s canonical 3DGS rig from
the multi-view image input as like EmoTalk3D [19], which
divides the 3D head into facial and non-facial regions and
then creates a motion-binding between such two regions.
Using the canonical 3DGS rig, we can focus on the facial
dynamics during the thereafter talking head animation, since
the non-facial region can be driven along with the facial
region automatically and efficiently.

Different from previous canonical 3DGS rig [19] that
utilizes Spherical Harmonics (SH) to fetch view-dependent
Gaussian’s color appearance, we employ a triplane-based
Gaussian color prediction, which can achieve better color
attribution fetching especially in the Gaussian attribution
decoding processing of our AU-Prompt Gaussian diffusion
(Sec. 3.2) thereafter. Specifically, the color c for each point
is generated by:

c = M(Fxy(x, y)⊕ Fxz(x, z)⊕ Fyz(y, z)), (1)

where M is an MLP decoder and Fxy , Fxz , Fyz are triplane
feature maps.

We denote the canonical 3DGS G0 = {µ0, S0, R0,
α0, c0}, and during the speech driven animation, the color
attribution c0 will be updated by fetching the triplane based
color prediction, while leave the other attributions by the
AU-Prompt Gaussian diffusion.

3.2. AU-prompt Gaussian Diffusion
Based on the canonical 3DGS rig, we propose to map the
speech feature to dynamic 3DGS attribution using an AU-
prompt Gaussian diffusion on the facial region, which mainly
consists of three stages: (1) Speech-to-AU Encoder, which
maps the speech feature to AU Codes, (2) AU-prompt Gaus-
sian Diffusion, serving as speech-to-facial motion prompted
with the AU Codes, and (3) Dynamic Appearance Decoder,
which decodes the dynamic attribution offsets relative to the
canonical 3DGS rig, ultimately generating a high-quality 3D
talking head.

Speech-to-AU Encoder. As shown in Fig. 2, we first
extract self-supervised HuBERT [23] features from raw au-
dio, which encode richer phonetic/prosodic information than
spectrograms. The feature sequence is denoted as:

A0:T−1 = {At | t = 0, . . . , T − 1}, At ∈ R768. (2)

Then we use a multi-layer Transformer Enc(·) processing
A0:T−1 to predict AU Codes:

E0:T−1 = Enc(A0:T−1; θ), (3)
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where lower layers use constrained attention to capture rapid
articulatory changes (e.g., lip closure), while upper layers
model slower prosodic variations.

AU-prompt Gaussian Diffusion. To incorporate the AU
Codes obtained from the first stage into facial motion mod-
eling, we further build an AU-prompt Gaussian diffusion
model, which is inspired from Diffposetalk [51]. Specifi-
cally, we first utilize AU Codess E0...ET−1 extracted from
audio features as one input to guide the denoising process,
rather than style information extracted from 2D video. Then
we employ mesh point positions P as the initial template,
with the network learning the offsets of all mesh points ∆Pt

no longer represents the 3DMM coefficients β. Naturally,
learning point offsets presents greater challenges than pre-
dicting a priori 3DMM coefficients. Therefore, we designed
a series of losses to constrain facial structural changes and
conducted ablation experiments comparing our approach
with simpler GRU networks predicting point offsets with-
out diffusion strategies. The denoising process of our AU-
prompt Gaussian diffusion model is formulated as:

x̂0
0:T = Dθ(x

n
0:T ,P ,E0:T ,A0:T , n), (4)

which establishes a fine-grained binding between AU Codes
dimensions and specific facial point motions, effectively
learning the relationship between Action Units and facial
movements.

Dynamic Appearance Decoder. After the AU-prompt
Gaussian diffusion, we then decode the dynamic appearance
attributions of the 3DGS primitives. To effectively decode
the fine-grained 3DGS dynamic attributions, we set up sep-
arate attribution decoders with the guidance of AU Codes,
including rotation and opacity respectively.

For rotation decoder, we introduce a RotNet, which con-
sists of a 3-layer MLP that predicts rotation parameters for
each Gaussian point by integrating motion cues with AU
information:

Rt = NRot(R0, Et, µt), (5)

where µt represents the deformed Gaussian position at
timestep t derived from the diffusion output.

For opacity decoder, we designed a compact Feature Line
whose initial purpose was to store implicit features regarding
variations in flame expression coefficients [55]. Here, we re-
purpose it to store fine-grained features of AU Codes changes
related to opacity. The learnable feature line F ∈ R17×Q×16

captures AU-specific opacity patterns, where Q is the num-
ber of facial Gaussian points. This continuous AU-based
representation enables smooth expression interpolation and
infinite blending possibilities. Then we use an OPCNet,
another 3-layer MLP, processes the aggregated features to
predict opacity changes conditioned on both motion infor-
mation and AU Codes:

∆αi
t = NOPC(f

i
t ,Et, µt), (6)
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Figure 3. Text-to-AU Emotion Controller pipeline (left) and AU-
based emotion editing for Gaussian appearance inference (right).

where f it is the feature combination weighted by AU inten-
sities. Please refer to our supplementary materials for more
details.

3.3. Text-to-AU Emotion Controller
Finally, to support accurate text-based emotion editing, we
further introduce a Text-to-AU Emotion Controller [4] .As
shown in Fig. 3, this module maps a textual emotion prompt
(e.g., “the person is smiling”, “the person is sad”) to a binary
AU activation vector y ∈ {0, 1}K , where yk = 1 denotes
AU k should be emotionally up-regulated, and yk = 0 im-
plies suppression. Then We apply a lightweight enhance-
ment–suppression transform to those AU Codes Et selected
by user for activation by the binary mask y. Each resulting
Emotional AU Code Ẽt is computed as

Ẽt = Et ⊙ (1 + αy)− β(1− y)⊙Et, (7)

where α, β > 0 are enhancement and suppression coeffi-
cients, respectively, and ⊙ denotes element-wise multiplica-
tion. Intuitively, activated AUs (yk = 1) are amplified by a
factor 1 + α, while inactive AUs (yk = 0) are attenuated by
1− β. After modulation, we obtain the emotional AU Codes

Ẽ0:T−1 = {Ẽt}T−1
t=0 , (8)

which replaces E0:T−1 as the conditioning input to the AU-
aware Diffusion Transformer. This guides the prediction of
dynamic Gaussian positions and related attributes, inject-
ing controlled affect while preserving articulation fidelity
inherited from the original speech-driven codes.

3.4. Training
Our training pipeline employs a coherent four-stage opti-
mization strategy that systematically builds upon the core
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components of our EmoDiffTalk framework. Below we
outline the macro-level training stages corresponding to
Sec. 3.1- 3.3, with detailed implementations available in
our supplementary material.

Stage 1: Speech-to-AU Encoder Training. We first train
the transformer-based encoder to map audio features to AU
Codes, establishing the foundation for emotional semantics.
The training utilizes a combination of regression loss(Lreg)
for AU intensity prediction and temporal consistency loss
(Ltemp) to maintain coherent emotional dynamics across
frames.

LAU = λregLreg + λtempLtemp (9)

Stage 2: AU-prompt Gaussian Diffusion Training. we
condition the diffusion model on the AU Codes produced in
Stage 1 to model temporal position offsets of facial Gaus-
sians. Instead of a generic noise prediction loss, we employ
a unified geometric objective combining global vertex recon-
struction, velocity/acceleration temporal coherence, defor-
mation regularization, and fine-grained lip fidelity:

Lstage2 = λvertexLvertex + λmotionLmotion + λdeformLdeform + λlipLlip.
(10)

Stage 3: Dynamic Appearance Decoder Training. This
Stage centers on two lightweight networks:RotNet for stable
primitive updates via a simple reconstruction loss and OPC-
Net for expressive refinement through reconstruction plus
motion-aware regularization.
Specifically, we apply four terms in OPCNet training: mixed
reconstruction, motion–amplitude coupling, sparsity + tem-
poral smoothness, and displacement limiting:

LOPC = Lrecon + Lreg + Lopcmotion + Ldist. (11)

Stage 4: Text-to-AU Emotion Controller Training. Fi-
nally, we train the Text-to-AU Emotion Controller to map
textual emotion prompt to AU activation vector. This module
employs a multi-objective learning strategy:

Lcontrol = λBCELBCE + λinfoNCELinfoNCE (12)

where binary cross-entropy loss ensures accurate AU acti-
vation prediction, and InfoNCE loss aligns text embeddings
with AU semantics.

4. Experiment
4.1. Datasets
We conduct experiments on two widely-used talking face
datasets to evaluate our method: EmoTalk3D [19] and
RenderMe-360 [38].

EmoTalk3D Dataset is a high-quality 3D emotional talk-
ing face dataset. It contains multi-view video recordings
with synchronized audio and 3D facial annotations. The
dataset covers multiple subjects expressing various emotions
including neutral, happy, sad, angry, surprised, and disgusted.

Each sequence includes accurate 3D ground truth, making it
suitable for training and evaluating 3D-aware talking head
generation with emotion control.

RenderMe-360 Dataset is a large-scale high-fidelity
multi-view human head avatar dataset. It provides syn-
chronized 60-view 2K video captures with audio and rich
3D/semantic annotations. The collection spans 500 diverse
subjects performing speaking, facial expressions, and hair
motion under varied appearance conditions. Each sequence
bundles calibrated cameras, per-frame images, and struc-
tured labels, enabling training and evaluation of controllable
high-fidelity talking head, view synthesis, expression editing,
and hair-aware avatar generation methods.

4.2. Implementation Details
Training details. Our model is trained on a single NVIDIA
RTX 5090 GPU (32GB) for approximately 3 days, with the
training time carefully allocated to optimize different com-
ponents: one day is dedicated to the Canonical Gaussian
Rig Reconstruction, one day to the combined training of the
Speech-to-AU Encoder and AU-prompt Gaussian Diffusion,
and another day to the Dynamic Appearance Decoder. The
Text-to-AU Emotion Controller requires less than an hour
due to its lightweight design. This structured approach en-
sures efficient learning of both static and dynamic Gaussian
attributes.The learning rate is set to 1e-4 with cosine anneal-
ing schedule. Batch size is 4 for canonical reconstruction, 8
for diffusion training, and 16 for emotion controller training.
We use AdamW [35] optimizer with gradient clipping. Input
images are resized to 512×512. More details are provided in
the supplementary materials.

4.3. Evaluation
Baseline and Metrics. To comprehensively assess the effec-
tiveness of our approach, we select representative methods
from two mainstream paradigms that cover key recent ad-
vances as baselines: 2D video generation methods include
EAMM [24], Hallo3 [10], and EchoMimic [6]; 3D-aware
methods include SadTalker [68], Real3D-Portrait [64], and
EmoTalk3D [19].

To quantitatively evaluate the talking head rendering
quality, we use PSNR [22] and SSIM [56] to quantify
overall image fidelity, LPIPS[67] to measure perceptual
similarity to the ground-truth videos, Landmark Distance
(LMD) [5] to evaluate the alignment between lip movements
and speech, and the Cumulative Probability of Blur Detec-
tion (CPBD) [37] to assess image sharpness.

Besides,, we also conducted a user study to ask partic-
ipant score the talking head rendering results across four
dimensions: (1) S–V Sync. (Speech–Visual Synchroniza-
tion), measuring the temporal consistency between audio
and lip movements; (2) Video Fidelity, assessing the overall
realism and temporal coherence of the video; (3) Image Qual-
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Table 1. Quantitative comparison results evaluated on the Emotalk3D and RenderMe-360 datasets using different comparing approaches
respectively.

EmoTalk3D RenderMe-360

Method PSNR↑ SSIM↑ LPIPS↓ LMD↓ CPBD↑ PSNR↑ SSIM↑ LPIPS↓ LMD↓ CPBD↑

EAMM [24] 9.82 0.57 0.40 20.25 0.12 10.96 0.57 0.48 24.79 0.09
SadTalker [68] 9.90 0.64 0.47 43.49 0.11 12.20 0.65 0.41 26.80 0.19
Real3D-Portrait [64] 13.53 0.72 0.30 24.11 0.26 16.42 0.74 0.26 15.35 0.18
EmoTalk3D [19] 21.22 0.83 0.12 3.62 0.30 18.44 0.79 0.19 9.98 0.19
Hallo3 [10] 18.30 0.78 0.24 18.31 0.31 20.13 0.83 0.14 9.33 0.30
EchoMimic [6] 13.80 0.73 0.35 26.06 0.21 17.13 0.71 0.33 18.57 0.26
Ours 25.78 0.86 0.12 3.56 0.36 21.41 0.83 0.15 6.59 0.26
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Figure 4. Qualitative Comparison on the Emotalk3D Dataset. Our approach outperforms existing approaches in both lip-sync accuracy
and facial reconstruction detail than those previous SOTA talking head approaches.

ity, reflecting participants’ ratings of the generated video’s
quality; (4) Emotion Control, assessing the accuracy and
naturalness of facial expression regulation. For these user
study metrics, we collected ratings using a 1–5 point scale
(higher scores indicate better performance) and report the

mean for each metric.
Comparison with existing methods. As shown in Fig. 4

and Fig. 5, our method achieves leading performance on
both datasets for the previous 2D image-based and 3D-based
talking heads, demonstrating superiority particularly in fa-
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Figure 5. Additional experimental results on the Emotalk3D dataset and comparative evaluation results on the RenderMe-360 benchmark.

Table 2. The quantitative comparison of talking head generation quality user study using different comparing approaches respectively.

EmoTalk3D RenderMe-360

Method S-V Video Image Emotion S-V Video Image Emotion
Sync. Fidelity Quality Control Sync. Fidelity Quality Control

EAMM [24] 1.86 1.17 1.30 - 1.80 1.27 1.17 -
SadTalker [68] 3.15 2.20 3.80 - 3.10 2.57 3.92 -
Real3D-Portrait [64] 3.75 3.95 3.50 - 3.70 3.67 3.55 -
EmoTalk3D [19] 4.05 4.20 4.11 - 3.91 4.31 4.15 -
Hallo3 [10] 4.70 4.51 4.30 3.75 4.55 4.63 4.55 3.65
EchoMimic [6] 3.85 3.45 3.75 - 3.60 3.30 4.00 -
Ours 4.65 4.75 4.50 3.77 4.62 4.71 4.35 3.73

cial detail and emotional expression. As shown in Tab. 1, on
the EmoTalk3D dataset, our method matches or surpasses
existing approaches across all metrics. On the RenderMe-

360 dataset, we achieve higher PSNR/SSIM and lower LMD.
This demonstrates that compared to prior methods, our re-
constructed speaker heads enhance rendering fidelity and
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lip-sync accuracy while preserving fine-grained emotional
cues.

User Study. We conducted a user study to compare real
videos with results generated by various methods, evaluating
the subjective quality of synthetic talking heads. Specifically,
we selected five video sequences from EmoTalk3D and two
from RenderMe-360 featuring the same speech content but
different identities as evaluation materials. Participants score
the videos across four dimensions: speech-visual synchro-
nization, video fidelity, image quality, and emotion control.
Since only Hallo3 and our model support text-based emotion
control, other methods were excluded from this dimension’s
evaluation. Results are shown in Tab. 2: On EmoTalk3D,
our method achieved the highest scores across all metrics;
on RenderMe-360, we scored higher in speech-visual syn-
chronization, video fidelity, and emotion control. These
findings demonstrate our method’s superior performance in
subjective user experience.

4.4. Ablation Study

To comprehensively validate the effectiveness of each key
module, we designed three sets of ablation experiments be-
low. Note that Codes4P injects AU Codes into diffusion-
based Gaussian offset predictors to conditionally modulate
Gaussian point shifts based on affect perception; Codes4O
injects AU Codes into OPCNet to endow its opacity predic-
tions with affect-related modulation capabilities. Compari-
son results are shown in Fig. 6 and Tab. 3.
· (A) w/o Codes4P. By removing AU Codes from the dif-
fusion Transformer, we ensure that facial Gaussian point
offsets are restored solely by speech features, mesh priors,
and diffusion time steps, while all other settings remain un-
changed. Tab. 3 and Fig. 6 show a significant performance
drop after removing Codes4P. While the model maintains ba-
sic speech-lip sync, facial structure and dynamic details are
noticeably absent. Because AU Codes provides interpretable,
region-specific constraints that align emotional semantics
with local facial dynamics; without it, the diffusion struggles
to reliably recover fine-grained expression changes based
solely on audio.
· (B) w/o Codes4O. We retain the guiding role of AU Codes
in Gaussian offset prediction, but remove AU Codes input in
OPCNet, relying solely on predicted position offsets and tri-
plane features to regress Gaussian point opacity. As shown
in Fig. 6, this variant generates plausible facial geometry
but exhibits significant deficiencies in appearance details:
dynamic wrinkles (e.g., crow’s feet and forehead lines) are
markedly weakened, muscle tension variations are indis-
tinct, and overall expressions tend toward neutrality and
flatness. This indicates that without the emotional seman-
tic constraints provided by AU Codes, OPCNet struggles
to accurately model emotion-related local appearance fea-
tures. This validates its effectiveness in modeling dynamic

emotional appearances.
· (C) w/o Diffusion In Section 3.2, we proposed multi-step
diffusion denoising via a Transformer-based temporal de-
coder to progressively restore the positional offsets of Gaus-
sian points on the face. Here, we replace the Transformer-
based diffusion denoising network with a GRU of compara-
ble parameters. Consistent with Fig. 6, this variant exhibits
amplitude shrinkage and conservatism at extreme expres-
sions, resulting in an overall appearance that tends toward
”mean-shifting.” This demonstrates that diffusion is crucial
for preserving detail intensity and diversity.

w/o Codes4P w/o Diffusion FULLw/o Codes4O

Figure 6. Visual results of Ablation Study for the key modules
within different system variants including ’w/o Codes4P’, ’w/o
Codes4O’, ’w/o Diffusion’ and our ’FULL’ respectively.

Table 3. Quantitative Comparison of Ablation Study for the key
modules within different system variants including ’w/o Codes4P’,
’w/o Codes4O’, ’w/o Diffusion’ and our ’FULL’ respectively.

Method PSNR ↑ SSIM ↑ LPIPS ↓ LMD ↓ CPBD ↑

w/o Codes4P 20.12 0.72 0.21 6.25 0.22
w/o Codes4O 22.43 0.75 0.14 4.75 0.26
w/o Diffusion 24.96 0.82 0.21 4.51 0.36
FULL 25.78 0.86 0.12 3.56 0.36

5. Conclusion and Limitations
This paper proposes EmoDiffTalk, a novel emotion-aware
diffusion framework for editable 3D talking head synthesis
via 3D Gaussian Splatting. Our key innovations include an
AU-prompted Gaussian diffusion process for fine-grained fa-
cial animation and a text-to-AU emotion controller enabling
expansive multimodal emotional editing. Experimental re-
sults on EmoTalk3D and RenderMe-360 datasets validate
superior performance in emotional subtlety, lip-sync accu-
racy, and controllability over state-of-the-art methods. How-
ever, one main limitation comes from the substantial com-
putational overhead involving multiple pre-trained networks
within our emotion-aware Gaussian diffusion. Besides, we
also have limitation for very exaggerated expression, where
our current activation-suppression-based text-to-AU emotion
controller for intricate facial expressions would fail. But this
remains challenging for all current emotion editing based 3D
talking head approaches. We hope our work could inspire
subsequent efforts for more advanced multimodal-based 3D
talking head editing, with high-fidelity rendering quality and
expansive manipulation.
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