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Abstract: While neural radiance field (NeRF) methods have shown promising results in generating talking faces, existing studies primarily fo-
cus on the correlation between avatars and driving sources. However, these studies often overlook emotion modeling, resulting in the genera-
tion of emotionless or unnatural facial animations. In response, this paper introduces an audio-driven and emotion-editing dynamic NeRF
(AED-NeRF) approach, designed for the real-time generation of expressive talking face avatars driven by audio inputs. Specifically, we inte-
grate audio features into a grid-based NeRF to compensate for the lack of a deformation channel, successfully capturing lip dynamics and en-
abling end-to-end generation from audio-driven sources to talking face avatars. Emotion labels, comprising emotion categories and intensity
levels, guide the proposed NeRF framework to implicitly model visual emotions, allowing for explicit control and editing of facial expressions.
Extensive qualitative and quantitative experiments validate the effectiveness and advantages of our proposed method, demonstrating its ability
to achieve real-time, photo-realistic talking face avatar generation across different audio and emotion scenarios.
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1 Introduction
ith the rapid evolution of deep learning'"! and gen-
erative modeling?, talking face avatars are under-

B8 and have

going unprecedented development

been progressively integrated into our visual expe-

riences, such as virtual video conferences, film redubbing,

and digital human representation. Despite these advance-

ments, talking face generation encounters numerous chal-
lenges in practical applications.

Image-based methods generate talking face avatars by em-

ploying

tion! !

transla-
[12- 14]

techniques including image-to-image

and generative adversarial networks (GANs)
Nevertheless, the absence of 3D perception tends to result in
flat and unrealistic visual results. Model-based approaches ex-
plicitly construct 3D talking faces based on intermediate rep-

[15] [16]

resentations such as facial landmarks and

[4]

, coefficients

vertices™. While leveraging 3D face modeling produces
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higher-quality results, cumulative errors and information loss
during the intermediate representation prediction can lead to
semantic mismatches between lip movements and audio cues.
Recently, the emergence of neural radiance fields (NeRF)!'”!
has provided a novel framework for talking face generation.
NeRF-based methods can render realistic talking face avatars
at high resolutions from novel views with reduced training
data™"*"

is insufficient to meet the real-time requirements of audio-

I However, the inference speed of the vanilla NeRF

driven talking face avatars in practical applications. Moreover,
existing works fail to fully implement emotional modeling for
talking face avatars, resulting in emotionless or unnatural hu-
man faces™ 2.

In this paper, we propose an audio-driven and emotion-
editing dynamic NeRF (AED-NeRF) for real-time and expres-
sive talking face avatar generation. Our method consists of
three processing modules and two NeRF models. In the pro-
cessing pipeline, we introduce an audio processing module, an
emotion encoder, and a pose estimation module, where the au-
dio encoder extracts features from audio sequences, and the
emotion encoder encodes explicit emotion labels based on
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their category and intensity, obtaining emotion features. We
employ an off-the-shelf method® > to estimate 3D head pose
for additional spatial control. Besides, we employ two NeRF
models to render the head and torso separately by taking tar-
get identity video sequences, synchronized audio sequences,
and emotion labels as inputs. In the modeling parts, AED-
NeRF utilizes spatial features, audio features, and emotional
features as inputs to neural radiance fields, implicitly model-
ing identity as volume density and RGB color. During the in-
ference stage, given arbitrary head pose sequences, driving au-
dio, and emotion labels, AED-NeRF performs volume render-

B according to the predicted volume density and color

ing
learned in the training stage, generating an expressive 3D ava-
tar matching the driving source in real time.

Our contributions are summarized as follows:

* We introduce audio and emotional features to compensate
for the lack of a deformation channel in the grid NeRF, implic-
itly modeling head dynamics and enabling end-to-end talking
face avatar generation.

* We consider implicit emotion modeling in talking face
avatars with emotion labels for diverse emotional expressions,
guiding NeRF to implicitly model facial expressions and ex-
plicitly control the emotional editing of talking face avatars
during the inference stage.

* Extensive experiments demonstrate that AED-NeRF can
generate photorealistic, expressive talking face avatars in real
time under different audio and emotional conditions.

2 Related Work

1) Image-based talking face generation. Image-based meth-
ods generate 2D talking face avatars using image-to-image
translation or GANs. Zhou et al.
audio-visual system to disentangle identity and audio content

proposed a disentangled

through adversarial learning, improving lip synchronization for

1. 27" employed cascaded

2D talking face avatars. Das et a
GANs to separately learn general lip motion and identity-
specific texture. Zhou et al.""! animated a single image with an
audio clip by predicting landmark displacement from disen-
tangled audio content and identity. Though these methods
work well for stylized facial images, they have difficulty in gen-
erating realistic human face avatars due to the lack of 3D per-
ception information.

2) Model-based talking face generation. Model-based meth-
ods explicitly generate 3D talking faces based on intermediate
facial representations such as landmarks, coefficients and verti-
ces. Kumar et al.'" utilized long short-term memory (LSTM) to
learn the mapping from driving audio sources to lip landmarks,
and then generated pixel-to-pixel Obama avatars via UNet.
Thies et al."® proposed a general audio-to-expression network
to predict the expression coefficients of a 3D face model based
on audio features, and a UNet-based neural rendering network
to render talking face avatars from expression coefficients, thus
enabling cross-identity audio driving. Richard et al.” designed

a categorical latent space using 3D face vertices as the interme-
diate representation based on cross-modality loss. This space
disentangles audio-correlated and audio-uncorrelated informa-
tion and thus results in reasonable movements in audio-
uncorrelated facial regions. Though model-based methods can
generate high-quality talking face avatars, they suffer from prob-
lems including complex pipelines, expensive data labels, and
information loss of driving source.

3) NeRF-based talking face generation. Neural radiance
fields!” have achieved great success in natural rendering and
provide a new implementation for end-to-end talking face avatar
generation. Gafni et al.” introduced NeRF to the field of talking
face generation and proposed the first dynamic face radiance
fields. They trained multilayer perceptron (MLP) conditioned on
latent codes based on face coefficients and camera poses recon-
structed by a face tracker, realizing face reconstruction and pose
control of talking face avatar. Guo et al.”! proposed audio-driven

hB audio features

neural radiance fields which take DeepSpeec
as conditional input to MLP and individually model head part
and torso part of talking face avatars. Hong et al."" designed a
parametrized general model for representing faces under differ-
ent views, expressions and lighting, and significantly improved
the rendering speed of NeRF via integrating a 2D neural render-
ing strategy into it. Shen et al."® conditioned NeRF on 2D face
images to learn the face prior and fine-tune the face radiance
fields with few identity images to generalize to a new identity
rapidly. aforementioned NeRF-based methods
struggle to meet real-time requirements in practical application

However,

due to the slow rendering speed.

4) Emotional talking face generation. Though talking face
avatar generation has made significant progress in recent years,
most works focus on the correlation between digital avatars and
driving sources (e.g., audio, text, etc.) while neglecting emotion
modeling, which leads to emotionless or unnatural human faces.
Therefore, some researchers have turned to the study of emotion
modeling for expressive talking face avatars. Eskimez et al."”!
improved emotional expressions by encoding emotion catego-
ries and designing an emotion discriminator to supervise the
training. Ji et al.” proposed an implicit emotion displacement
learner to modify facial dynamics for realistic emotion patterns.

1.5 extracted emotion embeddings from audio as que-

Tan et a
ries and utilized a memory network to retrieve the best-
matching expressions for talking face avatars. However, NeRF-
based emotion modeling has not been fully explored. We show
a simple but effective method to integrate emotion into NeRF

modeling in Section 3.

3 Methods

3.1 Overview

In this section, we present our AED-NeRF framework in
Fig. 1. The inputs to the network include target identity video
sequences, synchronized audio sequences, and emotion la-
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Figure 1. An overview of AED-NeRF framework

bels. We utilize an off-the-shelf method™ ** to estimate 3D
human poses for further spatial features. We adopt an audio
encoder to extract audio features from the audio sequences
and a one-hot encoder to encode explicit emotion labels ac-
cording to their category and intensity to obtain emotion fea-
tures. Then, AED-NeRF takes spatial, audio, and emotion fea-
tures as the inputs to the neural radiance fields and implicitly
models the identity, which is represented by volume density
and RGB colors. In the inference stage, given an arbitrary ref-
erence of head pose sequences, driving audio and emotion la-
bels, AED-NeRF performs volume rendering based on the vol-
ume density and color predicted in the training stage, and gen-
erates an expressive 3D digital human that matches the driv-
ing source in real time.

3.2 Audio Processing Module

The vanilla NeRF""! is only suitable for static scene model-
ing. To apply it to dynamic talking faces, we introduce audio
features to compensate for the deformation channel of NeRF to
model dynamic lip motions. Our audio processing module is il-
lustrated in Fig. 2. The module first ex-
the

Speech® audio features from the in-

tracts corresponding  Deep-
put audio for each frame using a pre-
network

(RNN) model. Then, an audio attention o-@

trained recurrent neural

network aggregates DeepSpeech audio Audio
features of neighboring frames in a
self-attention manner to obtain smooth
high-dimensional audio features a,.

Previous NeRF-based methods®™ '®
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DeepSpeech RNN

directly concatenate high-dimensional audio features with spa-
tial features and feed them into NeRF. However, this leads to
high-dimensional inputs for the MLP, significantly increasing
computational cost and resulting in slow training and render-
ing. To meet the real-time demand of digital human applica-
tions, we adopt the grid NeRF**to replace a portion of MLP
forward propagation to query the spatial and audio features
with linear interpolation. It compresses the size of MLP and
accelerates the rendering speed effectively. Specifically, for
any point x in the dynamic scene, it is firstly encoded as spa-
tial grid features x, by a 3D spatial grid encoder £ :paﬁal. Then,
high-dimensional audio features a, are fused with the spatial
grid features x, and compressed to 2D audio features @, by an
MLP. This explicitly conditions audio features on the spatial
position to ensure that the effect of audio sequences is con-
strained to the facial region only, rather than the torso or back-
ground. Finally, 2D audio features a, are encoded as audio
grid features a, by a 2D audio grid encoder E? ... and then fed
into NeRF.

=h -

” LR BEE Audio

. ? S.-. attention =

i network

Raw audio Tempor.al i
o ! aggregation Smooth audio
eatures features a,
RNN: recurrent neural network

Figure 2. Audio processing module
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3.3 Emotion Modeling and Editing

Diverse emotional expressions ef-
fectively represent the emotional state
of a digital human and contribute to a

Emotion labels

more realistic and vivid talking face
avatars. We propose an explicit
method for emotion control and edit-
ing based on emotion labels. Specifi-
cally, we set five basic emotion cat-
egories (i. e., neutral, angry, fearful,
happy, and sad) and three levels of
emotion intensity (i.e., weak, medium,
and strong), and the combination of a specific emotion cat-
egory and intensity is regarded as an emotion label. As illus-
trated in Fig. 3, given an emotion label as input, the emotion
category and intensity are encoded into category features e,
and intensity features e, by one-hot encoders, respectively. We
concatenate category features e, and intensity features e, as
the emotion feature e = (ep,ei), which is fed into NeRF as the

guidance of expression modeling. In the inference stage, facial
expressions can be explicitly controlled and edited by combin-
ing different category features e, and intensity features e, Ex-
periments demonstrate that emotion labels and the simple but
effective emotion encoder are enough for NeRF to model the
dynamics of facial expressions through MSE loss and generate
expressive talking face avatars.

To achieve this, our head NeRF F 4 takes spatial grid fea-
tures x, , view direction d, audio grid features a, and emotion
features e as inputs to predict density o and RGB color ¢ of

samples in camera rays. This can be formulated as:

]:Ghe“d:(xg,dﬂg,e) — (o,c) (1).

3.4 Torso Modeling

Compared with the head part, torso movements are rela-
tively slight and weakly correlated with our driving source.
Thus, we follow SSP-NeRF*! and design a deformation-based
NeRF for torso modeling. Specifically, given a point x, in the
2D image space, we condition it on the head pose p to predict
the deformation of torso movements Ax via an MLP. This en-
sures that torso movements are synchronized with the head to
avoid mismatched results caused by independent modeling of
the head and torso. Then, the deformation Ax is added to the
initial position x, and fed to the 2D torso grid encoder E? _ to
obtain torso grid features ¢,. Finally, we feed grid features ¢,
into our torso NeRF to predict the density o, and RGB color ¢,

of the torso part. This can be formulated as:

‘7:(:)01.50:<tg) - (O-t’ct) (2).

Category encoder —— ’

Category features e,

o
ﬁ Emotion features e

Intensity features e,

Intensity encoder ——

Figure 3. Illustration of emotion encoder

3.5 Implementation Details

1) Volume rendering. Given the density o and RGB color c,
we follow the rendering process of vanilla NeRF""”. Specifi-
cally, we accumulate the density and RGB color of samples
along the camera rays cast through each pixel to compute the
output color under the specific view direction for talking face
avatars. Given the camera center o and view direction d, the
camera ray is represented as r(¢) = o + td. Let near and far
bounds be ¢, and ¢, , and the expected output color C is:

C'(r;@,ag,e)=fT(t)G(r(t))c(r(l),d)dt a)

where T'(¢) denotes the accumulated transmittance along the

ray from ¢, to £:

t

T(t) = exp| - fc(r(s))ds
1, (4).

2) Loss function. We utilize the mean squared error (MSE)

loss to minimize pixel-level reconstruction error:
2
L =€~ 6.

where Cis the rendered color and C,, is the ground truth. As lip
synchronization is crucial for talking face avatars, the pixel-
level loss struggles to learn the complex semantic mapping from
audio features to lip movements. Therefore, an additional
learned perceptual image patch similarity (LPIPS)P loss is in-
troduced for fine-tuning in the lip region:

Lypips = LPIPS (P’ Pg!) (6),

where P is the rendered lip patch and P, is the ground truth.

Besides, for more accurate rendered results, we introduce
the entropy regularization loss to encourage transmittance to
be closer to 0 or 1:

L,=-3(loga + (1 - a)log(l - a)) (7),
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where o is the transparency of each rendered pixel.

We assume that the driving source only affects the facial re-
gion rather than the torso or background. Therefore, we adopt
an L, regularization loss:

Laud = :E: |al|

a € Ry, (8)7

where R

to be 0 and avoids artifacts in the non-facial region.

denotes the non-facial region. This encourages «a,

face

Finally, the overall loss function can be formulated as:

L= LMSE + /\LPIPSLLPIPS + )taLa + A Laud (9)

aud

3) Training details. We set the window size to 16 for the
DeepSpeech RNN and 8 for the audio attention network. Our
NeRF is composed of a 5-layer MLP with 64 hidden dimen-
sions. For a specific identity, we first train the head NeRF for
20 000 epochs and fine-tune lip regions for 5 000 epochs.
Then, torso NeRF is trained for 20 000 epochs. At each ep-
och, we randomly sample 256X256 camera rays and 16
samples for each ray and utilize the Adam optimizer with a
learning rate of 0.000 5 to optimize the loss function. The loss
coefficients are set to 0.01 for A ppg, 0.001 for A, and 0.1 for
A0 For a 4-minute 25-fps video with resolution 512x512, the
training time for the head NeRF and torso NeRF in a single
RTX4090 is 5 h and 2 h, respectively.

4 Experiments

4.1 Experimental Settings

1) Datasets. For audio driving, we follow previous stud-
ies® "™ to collect several public speech videos of different ce-
lebrities to construct the celebrity dataset. The average video
length is about 5 min, and both the recording camera and
background are kept static. For emotion editing, we select
MEAD"" as the experimental data. MEAD is a large-scale
audio-visual dataset, including abundant 3 - 5 s video clips of
60 actors speaking with 8 different emotions at 3 different in-

tensity levels. We collect front-view video clips of 5 basic emo-
tion categories (neutral, angry, fearful, happy, and sad) and 3
levels of emotion intensity (weak, medium, and strong) from
MEAD for emotion editing experiments.

2) Data preprocessing. We first employ a face detection al-
gorithm to locate the facial regions in all videos. Based on
these facial regions, we crop the videos to a resolution of 512X
512 with the faces in the center and resample them to 25 fps.
Since a single video clip from MEAD is not enough for train-
ing, we combine the video clips conditioned on the same emo-
tion category and intensity level from the same identity into a
90 - 120 s video as the data for the corresponding emotion la-
bel. Finally, we utilize a face parsing algorithm to annotate the
head, torso, and background regions, and extract each part in-
dividually for each frame.

3) Metrics. We adopt peak signal-to-noise ratio (PSNR) and
LPIPS®* as image quality metrics. Note that PSNR only takes
pixel-level differences into account and cannot faithfully re-
flect human perception of image quality. In comparison,
LPIPS captures semantic information and structural similarity
of images and is more consistent with subjective perception.
For audio-visual synchronization evaluation, we adopt land-
mark distance (LMD)P®, SyncNet confidence (Sync-C), and
SyncNet distance (Sync-D)™' as metrics. LMD measures the
distance between lip landmarks and the ground truth. Sync-C
and Sync-D measure alignment and misalignment between au-
dio and video streams via SyncNet, respectively.

4.2 Quantitative Comparisons

We first evaluate the audio-driving performance of our
AED-NeRF under self-driven and cross-driven settings and
compare it with non-NeRF-based methods, e.g., Wav2Lip"!
and live speech portraits (LSP)“", and NeRF-based methods,
e.g., audio driven NeRF (AD-NeRF)* and Dynamic Facial Ra-
diance Fields (DFRF)"® baselines. The self-driven results are
shown in Table 1. PSNR, LPIPS, and LMD for LSP are not re-
ported since LSP cannot generate the same poses as the
ground truth. Our method performs best in most metrics with

Table 1. Quantitative comparison under the self-driven setting

Image Quality Audio-Visual Synchronization Rendering Speed
Methods PSNR 1 LPIPS | LMD | Sync-C 1 Sync-D 1 Training time/h ! Inference speed/fps 1
GT ® 0 0 8.897 6.325 / /
Wav2Lip 30.90 0.139 3.311 7.898 6.694 / 15
LSP / / / 5.181 8.637 / 25
AD-NeRF 28.79 0.101 3.245 3.944 10.603 36 0.09
DFRF 28.85 0.118 3.815 4.184 10.396 72 0.06
AED-NeRF 28.81 0.088 2.826 6.786 8.252 7 45

AD-NeRF: audio driven neural radiance fields

AED-NeRF: audio-driven and emotion-editing dynamic neural radiance fields

DFRF: dynamic facial radiance fields
LMD: landmark distance
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LPIPS: learned perceptual image patch similarity
LSP: live speech portraits
PSNR: peak signal-to-noise ratio
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real-time rendering speed. Specifically, we consider LPIPS as
a more informative image quality metric, and AED-NeRF gen-
erates higher-quality talking face avatars compared with both
existing non-NeRF-based and NeRF-based methods. In terms
of audio-visual synchronization, AED-NeRF achieves optimal
or sub-optimal scores in all metrics. Since Wav2Lip directly
uses SyncNet as a loss term for supervision during training, its
SyncNet scores are much better than other methods, even sur-
passing the ground truth. Our AED-NeRF achieves satisfac-
tory SyncNet scores while significantly outperforming other
methods in LMD, indicating that our method can generate syn-
chronized lip movements with the audio source. In addition,
AED-NeRF saves 80% - 90% train-
ing time and infers 500 - 750 times
faster than NeRF-based baselines, en-
abling real-time applications. The
cross-driven results in Table 2 demon-
strate that the audio-visual synchroni-
zation performance of our AED-NeRF
is second only to Wav2Lip but supe-
rior to other baselines, indicating that
our method can still generate reason-
able lip movements under the cross-
driven setting.

Table 2. Quantitative comparison under the cross-driven setting

ID A ID B

Methods
Sync-C 1 Sync-D | Sync-C T Syne-D |
Wav2Lip 8.748 7.623 8.208 7.193
LSP 3.979 9.656 5.097 8.477
AD-NeRF 3.259 10.123 3.037 10.526
DFRF 4.607 9.235 4.245 10.083
AED-NeRF 6.624 8.799 6.074 8.075

AD-NeRF: audio driven neural radiance fields
AED-NeRF: audio-driven and emotion-editing dynamic neural radiance fields
DFRF: dynamic facial radiance fields
LSP: live speech portraits

AED-NeRF

4.3 Qualitative Comparisons
Quantitative metrics have limita-

GT Wav2Lip AD-NeRF DFRF

AD-NeRF: audio driven neural radiance fields
AED-NeRF: audio-driven and emotion-editing dynamic neural radiance fields

tions in visual quality assessment and
exhibit
with subjective human perception.

sometimes inconsistencies
Therefore, we further conduct a quali-
tative evaluation of audio driving and
emotion editing.

The self-driven results are illus-
trated in Fig. 4. In terms of image
quality, Wav2Lip exhibits skin color
distortion and obvious artifacts in the
lip region; AD-NeRF loses some high-
frequency information of images and
suffers from head-torso separation
when moving heavily; in contrast, our
AED-NeRF faithfully reconstructs the

talking face avatar of the reference

Wav2Lip

identity. As for audio-visual synchro-
nization, Wav2Lip, AD-NeRF, and
DFRF deviate significantly from the
ground truth, while our AED-NeRF
synthesizes reasonable and accurate lip movements. The cross-
driven results are illustrated in Fig. 5. By analyzing the lip
synchronization, our AED-NeRF is capable of robustly synthe-
sizing audio-visual synchronized lip movements even in chal-
lenging situations such as the pronunciation of the vowel /o/.
Since none of the baselines can generate corresponding ex-

AD-NeRF: audio driven neural radiance fields
AED-NeRF: audio-driven and emotion-editing dynamic
neural radiance fields

DFRF: dynamic facial radiance fields

Figure 4. Qualitative comparison under the self-driven setting

LSP AD-NeRF DFRF

AED-NeRF

DFRF: dynamic facial radiance fields
LSP: live speech portraits

Figure 5. Qualitative comparison under the cross-driven setting

pressions from emotion labels, we train AD-NeRF on each
emotion-labeled video individually for comparison with our
AED-NeRF. The neutral reference and generated emotion
comparison are illustrated in Figs. 6 and 7, respectively. We
replace the background with natural scenery in AD-NeRF and

keep the green screen in our AED-NeRF for easier visual com-
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(a) AD-NeRF

(b) AED-NeRF

AD-NeRF: audio driven neural radiance fields

AED-NeRF: audio-driven and emotion-editing dynamic neural radiance fields

Figure 6. Neutral reference generated by (a) AD-NeRF and (b) AED-NeRF

~ Weak ~ Medium ~ Strong Weak

Fear

Happy

sad

(a) AD-NeRF

AD-NeRF: audio driven neural radiance fields

AED-NeRF: audio-driven and emotion-editing dynamic neural radiance fields

Figure 7. Qualitative comparison of emotion editing

Front Left Right Down

Figure 8. Benefiting from NeRF architecture and background disentanglement, our AED-NeRF can
synthesize talking face avatars in novel views and support background editing

78 | ZTE COMMUNICATIONS
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(b) AED-NeRF

parison. Note that our AED-NeRF can generate different emo-
tional expressions by editing emotion labels within a single
model. By comparing the facial expressions in the same
frames, it can be found that our AED-NeRF warps facial re-
gions (e. g., forehead, eyes, and mouth) corresponding to the
emotion labels, and presents the desired expression. The warp-
ing becomes more pronounced as the intensity level increases,
which reflects the differences among the three intensity levels.

Besides, AED-NeRF can synthesize talking face avatars in
novel views and support background editing, which benefits
from NeRF architecture and background disentanglement dur-
ing data preprocessing.

4.4 Ablation Study
We conduct an ablation study to
verify the effect of emotion modeling
under the self-driven setting in Fig. 9.
Medium Strong Without the guidance of emotion la-

bels, the network has to model the vi-
sual emotion based only on audio con-
ditions, which leads to a neutral or mis-
matched face even driven by extremely
emotional audio. Our AED-NeRF gen-
erates expressive talking face avatars
with matched facial expressions and
more precise lip movements benefiting
from emotion modeling.

S Limitations

We have demonstrated that our
AED-NeRF can generate realistic
audio-driven expressive talking face
avatars in real time. However, several
limitations remain for future work.
Lips may be jittering or unsynchro-
nized with audio under the cross-
driven setting, as an English auto-
matic speech recognition model is em-
ployed to extract audio features which
is not accurate for other languages.
Therefore, how to extract general au-
dio features across different lan-
guages is significant for further audio-
visual synchronization improvement.
Though our AED-NeRF supports emo-
tion editing to generate expressive
talking face avatars, the range of edit-
ing is limited to our provided emotion
labels; that is, it cannot generalize be-
yond training data. A possible solu-
Background tion is to design an emotion recogni-
tion module to automatically classify
emotion categories and intensity lev-
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Figure 9. Ablation study on emotion modeling

els from videos, and learn a latent space for emotion embed-
ding. Besides, slight variations, such as camera parameters,
lighting and clothing, can affect modeling of one identity and
lead to unideal generated results due to the nature of vanilla
NeRF. For improved robustness to these variations, we will re-
fer to works like NeRF in the wild*" to disentangle environ-
mental variations from facial dynamics in the future.

6 Conclusions

We propose AED-NeRF for the real-time generation of
audio-driven, expressive talking face avatars. Audio and emo-
tion features are introduced as the deformation channel for
NeRF to implicitly model facial dynamics. Emotion labels
composed of categories and intensity levels are encoded as
guidance for emotion modeling of talking face avatars. Exten-
sive experiments demonstrate that our AED-NeRF can gener-
ate photo-realistic expressive talking face avatars under differ-
ent audio inputs and emotion settings in real time.

Ethical consideration: AED-NeRF can generate photorealis-
tic expressive talking face avatars in real time under different
audio and emotional conditions. However, talking face synthe-
sis techniques could be misused. We restrict our AED-NeRF
for research purposes only and support the development of
deepfake detection methods.
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