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Abstract

Speech-driven 3D facial animation has garnered lots of at-
tention thanks to its broad range of applications. Despite
recent advancements in achieving realistic lip motion, cur-
rent methods fail to capture the nuanced emotional under-
tones conveyed through speech and produce monotonous fa-
cial motion. These limitations result in blunt and repetitive
facial animations, reducing user engagement and hindering
their applicability. To address these challenges, we introduce
DEEPTalk, a novel approach that generates diverse and emo-
tionally rich 3D facial expressions directly from speech in-
puts. To achieve this, we first train DEE (Dynamic Emo-
tion Embedding), which employs probabilistic contrastive
learning to forge a joint emotion embedding space for both
speech and facial motion. This probabilistic framework cap-
tures the uncertainty in interpreting emotions from speech
and facial motion, enabling the derivation of emotion vec-
tors from its multifaceted space. Moreover, to generate dy-
namic facial motion, we design TH-VQVAE (Temporally
Hierarchical VQ-VAE) as an expressive and robust motion
prior overcoming limitations of VAEs and VQ-VAEs. Uti-
lizing these strong priors, we develop DEEPTalk, a talking
head generator that non-autoregressively predicts codebook
indices to create dynamic facial motion, incorporating a novel
emotion consistency loss. Extensive experiments on various
datasets demonstrate the effectiveness of our approach in
creating diverse, emotionally expressive talking faces that
maintain accurate lip-sync. Our project page is available at
https://whwjdqls.github.io/deeptalk.github.io/

Introduction
Speech-driven 3D facial motion generation has a wide range
of applications, encompassing avatar animation for game or
cinematic productions, virtual chatbots, and immersive vir-
tual meetings within virtual reality environments. Despite
substantial advancements in accurate lip synchronization
with speech, as demonstrated by recent research (Richard
et al. 2021; Fan et al. 2022; Xing et al. 2023; Stan, Haque,
and Yumak 2023), most of these methods still produce blunt
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Figure 1: Overview of DEEPTalk. Starting with an emo-
tional speech input (left), we extract probabilistic emotion
embeddings (depicted as blobs), and sample from these em-
beddings to generate diverse emotional facial animations
aligned with the input speech (right).

and unexpressive facial expressions. Since facial expres-
sions are crucial for conveying nonverbal cues, this limita-
tion significantly reduces their effectiveness in scenarios re-
quiring realistic interactions, such as interactions with non-
player characters in games or emotionally responsive virtual
chatbots. Therefore, it is essential to focus on enhancing the
full range of facial expressions, not just the lip movements.

Previous studies on talking faces have generated expres-
sions using either emotion labels (Daněček et al. 2023; Gan
et al. 2023; Pan et al. 2023; Ji et al. 2021) or reference ex-
pressions (Ji et al. 2022; Tan et al. 2024; Ma et al. 2023a;
Liang et al. 2022). Using emotion labels provides expres-
sive but limited outcomes, while reference expressions offer
more diversity at the cost of needing numerous expressive
references. Moreover, both approaches fail to capture vo-
cal nuances, often leading to misalignment between facial
expressions and speech. As shown in Figure 1, the phrase
”That’s just what I needed!” can carry different meanings
based on the emotion it conveys (e.g., happiness or anger),
emphasizing the importance of facial expressions that reflect
the intended sentiment. Without this alignment, expressions
may appear unnatural from spoken words, contributing to
uncanny valley effect (Wang, Lilienfeld, and Rochat 2015).
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Therefore, the most effective approach to generating non-
verbal facial expressions from speech is to leverage the rich
information embedded within the speech, which simultane-
ously conveys the speaker’s intentions and emotions. Cen-
tral to this process is prosody, encompassing non-linguistic
elements such as pitch, speed, volume, and tone variations.
Prosody is crucial due to its intricate link with facial expres-
sions as shown in (Cvejic, Kim, and Davis 2010)(Pell 2005).

Utilizing this groundwork, we propose a talking head
model, DEEPTalk, that leverages both emotion and motion
priors to generate diverse emotional 3D facial expressions
directly from speech inputs. We first utilize cross-modal
contrastive learning to capture the emotional correlation be-
tween speech and facial expressions. Unlike (Albanie et al.
2018), which used this correlation primarily for emotion
recognition from unlabeled data, we aim to use it to de-
velop a joint embedding space, which we call DEE(Dynamic
Emotion Embedding). Given the inherent ambiguity in both
speech and facial expressions—where multiple expressions
can correspond to a single piece of speech—we utilize prob-
abilistic embeddings (Chun et al. 2021; Chun 2023). These
embeddings are designed to model the uncertainty associ-
ated with the inputs and facilitate sampling from the prob-
ability distribution. This allows the generation of diverse
emotional faces from the same speech input as illustrated by
the red lines in Figure 1. After constructing a joint embed-
ding space for facial motion and speech, we use it as a strong
emotion prior to train an emotional talking head model.

We then aim to build an expressive motion prior that is ro-
bust to perceptual losses. Recent studies have demonstrated
that by learning motion priors from discrete codebooks, it is
possible to generate a diverse range of facial and body mo-
tions (Li et al. 2021; Yi et al. 2023; Xing et al. 2023; Ng et al.
2022). However, due to the dynamic nature of emotional
talking faces, VQ-VAE(Van Den Oord, Vinyals et al. 2017)
alone struggles to capture the entire motion space fully. Rec-
ognizing that facial motion encompasses different temporal
hierarchies—for instance, the mouth region exhibits high
frequencies while the upper face displays lower temporal
frequencies—we train a hierarchical discrete motion prior
to effectively address these variations effectively.

Building on the aforementioned robust emotion and mo-
tion priors, DEEPTalk is specifically engineered to non-
autoregressively map emotional speech to our codebook in-
dices. To ensure that generated expressions consistently re-
flect the input speech emotions, we introduce a novel emo-
tion consistency loss. Training incoporates Gumbel-Softmax
(Jang, Gu, and Poole 2016) and differentiable rendering
to ensure end-to-end differentiability. Our qualitative and
quantitative assessments, including extensive user studies,
demonstrate that DEEPTalk excels at generating diverse
emotional facial motions while also outperforming lip syn-
chronization.

In summary, our main contributions are as follows: we
design a Dynamic Emotion Embedding (DEE) that jointly
learns from speech and facial motion sequences through
probabilistic contrastive learning. Additionally, we propose
a novel temporally hierarchical VQ-VAE (TH-VQVAE) to
construct a motion prior that is both expressive and robust.

Finally, we train a talking head model, DEEPTalk, leverag-
ing these strong priors to generate diverse and expressive
emotional facial motions while also outperforming state-of-
the-art models on lip synchronization.

Related Work
Speech-Driven 3D Face Animation. The availability of
large 4D mesh datasets synchronized with audio (Richard
et al. 2021; Fanelli et al. 2010) has greatly advanced deep
learning-based 3D face animation, enabling robust lip syn-
chronization. Extending these advancements, VOCA (Cud-
eiro et al. 2019) improves realism by generating anima-
tions from any speech inputs, employing time convolutions
with a speaker identity one-hot vector. FaceFormer (Fan
et al. 2022) uses a transformer-based model to generate fa-
cial movements auto-regressively. However, despite accu-
rate lip synchronization, the generated upper face remains
static as it is less correlated with input speech. MeshTalk
(Richard et al. 2021) addresses this by disentangling audio-
correlated and uncorrelated movements using a categori-
cal latent space to model upper face dynamics. Similarly,
CodeTalker (Xing et al. 2023) utilizes a discrete motion prior
with VQ-VAE to reconstruct dynamic facial motions across
the entire face. However, these methods generate determin-
istic motion, overlooking the inherently non-deterministic
relationship between facial motion and speech. Therefore,
FaceDiffuser (Stan, Haque, and Yumak 2023) addresses the
limitation of deterministic models by employing a diffusion
model, which is probabilistic in nature, to generate multi-
ple facial motions for a given speech. However, it still falls
short in capturing the diverse emotional expressions con-
veyed through speech, which is crucial for enhancing inter-
activeness for talking face models.

Emotional 3D Face Animation. Recent studies have un-
derscored the critical role of emotion in creating realistic and
expressive 3D facial motions by integrating additional emo-
tional information. Specifically, EMOTE (Daněček et al.
2023) employs one-hot labels to control emotion, produc-
ing emotional facial motions through an emotion-content
disentanglement loss. Chen et al. (Chen, Zhao, and Zhang
2023) utilized the logits from an emotion classifier applied
to reference images as an emotion prior during training,
generating emotional facial motion through an emotion-
augmented network. However, these methods require ex-
plicit control, lacking a direct connection to the emotion
conveyed in the actual speech. The work most related to
ours is EmoTalk (Peng et al. 2023), which aims to generate
emotional blendshapes from audio input only, utilizing an
emotion-content disentangling method. However, the train-
ing of EmoTalk’s emotion-content disentangling encoder is
constrained to specific datasets like RAVDESS (Livingstone
and Russo 2018), containing the same sentences expressed
in multiple emotions. This constraint limits the use of larger,
more diverse datasets such as MEAD (Wang et al. 2020),
ultimately hindering the model’s ability to generalize emo-
tional expressions on other datasets. Unlike previous meth-
ods that either disentangle content and emotion from speech
or rely on explicit conditioning, our approach establishes a
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Figure 2: Overall Architecture of Our Method. (a) Eaudio and Eexp are trained to predict mean and variance for a joint audio-
facial emotion embedding space, DEE. (b) We train TH-VQVAE with separate codebooks, Zb and Zt, for low and high-
frequency motions, respectively. (c) DEEPTalk first extracts face features, predict top and bottom codebook indices, and use
frozen TH-VQVAE decoders to decode the quantized motion features. To ensure emotion alignment between input audio and
the predicted facial expressions, we introduce an emotional consistency loss Lemo by utilizing DEE.

robust emotion prior by leveraging the natural correlation
between speech and facial expressions, enabling seamless
integration into the talking face training pipeline.

Method
Overview Our goal is to synthesize emotional facial mo-
tion solely from speech. However, the complex many-to-
many relationship between speech and facial expressions
poses challenges for generating expressive emotional faces.
To overcome this, we build (1) DEE, a joint probabilistic
emotional space to encode both audio and facial motion.
DEE sample emotion embeddings from audio, and enable
generated facial motions aligned to the corresponding em-
bedding. Also for robust and expressive motion prior, we
design (2) TH-VQVAE to learn a discrete motion space ca-
pable of capturing both high and low-frequency motions.
Building on these priors, we train (3) DEEPTalk to map
emotional audio to motion codebooks, resulting in facial ani-
mations that are both emotionally expressive and accurately
lip-synced. Additional details on each component are pro-
vided in the Supplementary.

Formulation. Our task can be formulated as follows: Let
A1:T = (a1, . . . ,aT ) be a sequence of input speech snip-
pets where each at ∈ RD has D sampled audio, and let
F 1:T = (f1, · · · ,fT ), where f t ∈ Rdexp+3 is a sequence
of FLAME expression parameters Ψt ∈ Rdexp concatenated
with jaw parameters θjaw

t ∈ R3.

f t = [Ψt,θ
jaw
t ], (1)

Our goal is to analyze the content and emotion of A1:T

and, together with the one-hot speaker identity cid, predict
FLAME expression parameters F̂ 1:T = (f̂1, · · · , f̂T ) that
align with the input speech. As our talking head model is
non-auto-regressive, denoting θ as model parameters, our
end-to-end procedure can be written as

F̂ 1:T = DEEPTalkθ(A1:T , cid), (2)

DEE: Dynamic Emotional Embedding
Emotion feature extraction. We utilized the recently pro-
posed emotion2vec (Ma et al. 2023b) to extract emotion
features in our audio encoder. Denoting feature extractor as
Faudio, this process is defined as :

Faudio(A1:T ) → ϵaudio (3)

For the expression feature extractor in the expression en-
coder, we first trained an emotion classification model using
the AffectNet dataset (Mollahosseini, Hasani, and Mahoor
2017). As Affectnet is an image dataset, we applied a 3D
flame parameter reconstruction method (Daněček, Black,
and Bolkart 2022) to generate 3D pseudo ground truth for
each image in AffectNet and trained an emotion recognition
model. The trained encoder was then repurposed as the facial
expression feature extractor Fexp. This process is defined as:

Fexp(F 1:T ) → ϵexp (4)

Emotional space construction. With both audio and ex-
pression feature extractors in place, DEE trains the audio
and expression encoders separately. The overview of DEE
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is illustrated in Figure 2(a). Each encoder E comprises two
distinct heads, followed by a Generalized Pooling Oper-
ator (GPO) (Chen et al. 2021), with one head dedicated
to µ and the other to log σ2, similar to the approach in
PCME++(Chun 2023). The final probabilistic emotion em-
beddings for audio and expression can be written as follows:

Eaudio(ϵaudio) → Za ∼ N(µa, σ
2
a) (5)

Eexp(ϵexp) → Ze ∼ N(µe, σ
2
e) (6)

Objectives. We train DEE on the Closed-Form Sampled
distance (CSD), between audio and expression probabilistic
embeddings Za, Ze:

CSD(Za, Ze) = ∥µa − µe∥22 + ∥σ2
a + σ2

e∥1 (7)

TH-VQVAE: Temporally Hierarchical VQ-VAE
We addressed the challenge of modeling high-frequency lip
movements and slower facial motions by extending VQ-
VAE2(Razavi, van den Oord, and Vinyals 2019) into the
temporal motion domain, creating TH-VQVAE. This model
uses distinct codebooks for different motion frequencies, en-
hancing reconstruction quality and the capabilities of the
Talking Head Generator. It enables fine-grained lip move-
ments and dynamic facial expressions while also offering
controllability at each hierarchical level.

Model Architecture. TH-VQVAE consists of a bottom
encoder ENCbottom, a top encoder ENCtop, a bottom de-
coder DECbottom, a top decoder DECtop, and two facial mo-
tion codebooks Zb and Zt. Each codebook can be formu-
lated as

Zb =
{
zbk ∈ RCb

}Nb

k=1
,Zt =

{
ztk ∈ RCt

}Nt

k=1
(8)

where each represents fine and coarse facial motion. Any
sequence of facial motion F 1:T can be represented by
one item on each codebook zb

i , z
t
j and decoded through

DECbottom into the corresponding facial motion. As de-
picted in Figure 2(b), the input motion segment x = F1:T ∈
RT×(dexp+3) is first encoded to a bottom motion feature and
then encoded to top motion feature.

ẑb = ENCbottom(x) ∈ Rτb×(Cb−Ct), (9)

where τ b = T
qb

and τ t = τ
qt is the length of the sequence di-

vided by bottom quant factor qb and length of the sequence
of the bottom motion feature divided by top quant factor qt.
Using the top motion feature, we obtain a top quantized se-
quence ztq , then use this to get decoded top features ztd as

ztq = arg min
zt
t∈Zt

∥∥ẑt − ztt
∥∥ ∈ Rτt×Ct

. (10)

ztd = DECtop(z
t
q) ∈ Rτb×Ct

, (11)

and stack ẑb and ztd along the feature dimension and obtain
zbq by

zbq = arg min
zb
t∈Zb

∥∥[ẑb, ztd]− zbt
∥∥ ∈ Rτt×Cb

. (12)

Finally, we upsample ztq from τ t to match the temporal di-
mension τ b and decode the stacked upsampled top quantized
feature and bottom quantized feature to reconstruct the orig-
inal facial motion inputs.

x̂ = DECbottom

(
[Upsample(ztq), z

b
q]
)

(13)

where x̂ is a reconstruction of the input motion sequence
x. We use the standard VQ-VAE loss to train TH-VQVAE.
Details are included in the Supplementary.

DEEPTalk: Talking Head Generator
Shown in Figure 2(c), the Talking head generator is com-
posed of two distinct modules. 1) Face Feature Extractor that
extracts facial features from audio and emotion inputs, and
2) Codebook Predictor that predicts codebook indices given
facial features.

Face Feature Extractor. In order to generate emo-
tional face features aligned with input speech, we employ
Wav2Vec 2.0 (Baevski et al. 2020) to encode content and
DEE’s audio encoder Eaudio to encode emotion. During
inference, we can sample from the output distribution of
Eaudio and control its uncertainty through scaling the log σ2

of Eaudio output with the uncertainty control factor α. Both
features are concatenated and fed into a transformer model
to generate emotional face features.

Codebook Predictor. Instead of predicting each code-
book’s index at once, we utilize two separate models: the
top codebook predictor and the bottom codebook predic-
tor. First, we obtain low-frequency motion features and use
them as a condition to predict high-frequency motion fea-
tures. Specifically, the top codebook predictor first predicts
the logit distribution of the top codebook and indexes the
top quantized features, which contain low-frequency motion
information. It is then decoded by DECtop and concate-
nated with face features. The bottom codebook predictor
then predicts the bottom codebook’s logit distribution and
indexes the bottom quantized features. Both quantized fea-
ture sequences are concatenated and fed to the pretrained
and DECbottom to produce FLAME expression Ψ̂ and jaw
pose θ̂jaw parameter sequence. During training, we utilize
the straight-through Gumbel-softmax (STGS) to make in-
dexing of codebooks differentiable, and during inference,
we sample from the logit distribution by controlling each
codebook’s temperature τb and τt.

Objectives. We employed three distinct loss functions to
optimize performance : (i) reconstruction loss, (ii) lip loss,
and (iii) emotion consistency loss.

Ltotal = λ1Lrec + λ2Lemo + λ3Llip (14)

Reconstruction Loss. We computed the Mean Squared
Error between the pseudo-GT and predicted vertices, de-
noted as Lrec.

Emotion Consistency Loss. To ensure that the generated
face motion reflects the same emotion as the input audio,
we propose an emotion consistency loss. By leveraging the
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Method CREMA-D RAVDESS HDTF MEAD
FID↓ FFD↓ Emo-FID↓ LSE-D↓ FID↓ FFD↓ Emo-FID↓ LSE-D↓ FID↓ FFD↓ Emo-FID↓ LSE-D↓

FaceFormer 17.05 62.88 27.69 8.659 27.43 50.40 40.45 11.88 31.40 78.62 35.67 10.70
EmoTalk* 64.75 - 149.1 9.132 - - - - 88.33 - 228.9 10.77
FaceDiffuser 14.78 79.45 23.24 8.686 17.06 81.74 31.23 12.48 30.93 119.2 68.30 10.93
EMOTE 22.24 85.13 33.72 8.612 20.22 62.05 27.40 12.38 27.22 93.17 16.83 10.73
Ours 11.58 50.00 11.99 8.535 11.94 32.82 11.44 11.83 26.07 64.02 15.16 10.65

Table 1: Quantitative Evaluation Results. Best performance in bold, and the second best underlined. *EmoTalk does not predict
FLAME parameters preventing evaluation of FFD and was trained on RAVDESS and HDTF. LSE-C reported in Supplementary.

trained DEE, we predict the mean from audio input µa and
generated motion µe and enforce a high cosine similarity be-
tween these pairs to ensure they represent the same emotion.

Lemo =
µa · µe

∥µa∥∥µe∥
(15)

Lip Loss. To provide additional lip supervision, we use lip
reading perceptual loss Llip (Daněček et al. 2023).

Experiments
Datasets. We utilize MEAD for train and test, and in-
corporate CREMA-D (Cao et al. 2014), RAVDESS, and
HDTF (Zhang et al. 2021) for evaluation. MEAD, CREMA-
D, and RAVDESS are lab-recorded emotional talking face
videos, while HDTF comprises YouTube-sourced talking
face videos. Due to RAVDESS’s limited utterances and
HDTF’s lack of emotion, we evaluate only emotion and lip
sync, respectively. Additionally, MEAD’s overlapping ut-
terance between train and test datasets make unsuitable for
fair comparisons with models untrained on it, and given no
clear benchmark for lip generalization on emotional in-the-
wild speeches, we constructed an audio test set, Emo-Vox,
derived from VoxCeleb2. To create a reliable pseudo-3D
ground truth dataset, we employ the SOTA 3D face recon-
struction method (Daněček, Black, and Bolkart 2022) exclu-
sively on lab setting datasets for accurate FLAME parameter
extraction. Further details are in the Supplementary.

Baseline Impelmentations. To compare DEEPTalk with
facial parameter-based models, we train FaceFormer,
FaceDiffuser, and EMOTE on MEAD dataset. As EmoTalk
employs a unique training approach specifically tailored for
RAVDESS and utilizes an in-house blend shape reconstruc-
tion method, we utilize its pre-trained weights. Additionally,
we conduct experiments with vertex-based models (Face-
Former, FaceDiffuser, MeshTalk, CodeTalker) trained on the
ground truth face mesh from the VOCASET dataset.

Quantitative Evaluation
Evaluation Metrics. We adopt FID to evaluate the real-
ism of rendered faces. To further assess the realism of facial
movements in the FLAME parameter space, we developed
FFD (Frechet Face Distance), inspired by FGD (Yoon et al.
2020), and computed it on sequences of FLAME parame-
ters using an encoder trained on MEAD and BEATv2 (Liu
et al. 2024). To evaluate emotional expressiveness, we com-
pute Emo-FID, an adaptation of FID that uses an emotion

feature extractor from AffectNet (Mollahosseini, Hasani,
and Mahoor 2017), replacing the inception network to fo-
cus on emotion properties. For lip-sync evaluation, we used
SyncNet metrics (Chung and Zisserman 2016) LSE-D (Lip
Sync Error Distance) and LSE-C (Lip Sync Error Confi-
dence) following (Aneja et al. 2024). Unlike Lip Vertex Er-
ror (LVE), which is unsuitable for DEEPTalk due to its di-
verse emotional faces, these metrics evaluate lip-sync with-
out requiring ground truth lip movements. Finally, we mea-
sure Diversity (Ren et al. 2023).

Evaluation on Realism and Emotion. For realism com-
parison, DEEPTalk outperforms all other methods in FID
and FFD across all datasets, shown in Table 1, indicating su-
perior natural expressions and facial movements. DEEPTalk
significantly surpasses other methods in Emo-FID, demon-
strating superior emotional expressiveness that closely re-
sembles real human expressions. It is noteworthy that, de-
spite utilizing ground truth emotion labels to generate ex-
pressions, EMOTE still lags behind our approach due to its
lack of diversity and tendency for exaggerated expressions.

Method Train Dataset LSE-D↓ LSE-C↑
FaceFormer VOCASET 11.55 0.763
MeshTalk VOCASET 11.54 0.555
CodeTalker VOCASET 11.51 0.782
FaceDiffuser VOCASET 11.82 0.707
EmoTalk RAV/HDTF 11.40 0.658
FaceDiffuser MEAD 11.61 0.569
FaceFormer MEAD 11.31 0.893
EMOTE MEAD 11.40 0.879
Ours MEAD 11.28 0.889

Table 2: Lip sync results on Emo-Vox.

Evaluation on Lip sync. In Table 1, DEEPTalk achieves
the highest performance on LSE-D and ranks first or sec-
ond on LSE-C across the MEAD test set and other datasets,
demonstrating strong generalization and precise lip sync.
We also conducted evaluations on Emo-Vox to assess lip
sync, while ensuring a fair comparison with both parameter-
based and vertex-based models. As shown in Table 2, our
model excels in LSE-D and ranks second in LSE-C, demon-
strating effective generalization of lip movements to emo-
tional, in-the-wild audio. This performance further indicates
our bottom codebook’s capability to capture high-frequency
details, enhancing dynamic lip movements. Moreover, due
to the limited scale of the ground truth scan dataset, vertex-

4279



“s
u.

.”
 

H
ap

py
 

“o
ily

” 
A

ng
ry

 
“g

av
e”

 
Su

rp
ris

ed
 

GT Faceformer(MEAD)FaceDiffuser(MEAD)Ours EMOTE EmoTalk

Figure 3: Qualitative results on MEAD test set. Each row displays the predicted facial motions for each utterance and corre-
sponding emotion (left) generated by baseline models. Lip motion deviations from the ground truth are highlighted in red, while
incorrect or neutral emotional expressions are indicated in purple. EMOTE, being conditioned on emotion labels, exhibits a high
degree of emotional expressiveness. However, this conditioning sometimes results in exaggerated expressions, highlighted in
pink in the enlarged images. In contrast, DEEPTalk generates natural emotional faces while maintaining accurate lip sync.

Method α τ Diversity↑ LSE-D↓
FaceDiffuser - - 21.56 10.93

Ours 1 argmax 19.23 10.65
Ours 0.1 argmax 25.48 10.60
Ours -2 argmax 25.50 10.60
Ours -4 argmax 25.55 10.60

Ours mean τt = 1, τb = 0.1 9.91 10.65
Ours mean τt = 0.1, τb = 1 13.03 10.65
Ours mean τt = 4.5, τb = 1 23.22 10.68

Table 3: Diversity results on the MEAD test set. DEEPTalk
generates diverse faces while maintaining accurate lip sync.
LSE-C reported in the Supplementary.

based models fail to achieve accurate lip sync compared
to those using pseudo ground truth. Notably, FaceFormer,
trained on MEAD, produces nearly neutral expressions (see
Figure 3), whereas ours are more expressive, benefiting
FaceFormer’s lip-sync performance due to the emotion and
lip-sync trade off, as demonstrated in ablation studies.

Evaluation on Diversity. DEEPTalk provides control
over the diversity of generated facial motions in two ways:
1) diverse emotional facial motions from the same speech
input by adjusting the control factor α, and 2) diverse facial
motions from the same speech and emotion by modifying
the temperature of the bottom (τb) and top (τt) codebook
predictors. We evaluated each controllability factor by vary-
ing them independently while keeping the other factor de-
terministic. We continued this process until our method sur-
passed FaceDiffuser in terms of diversity, after which we as-
sessed lip synchronization. As shown in Table 3, DEEPTalk
demonstrates superior lip synchronization, even with in-
creased diversity, compared to FaceDiffuser on both control
factors, illustrating the model’s effectiveness in generating
diverse yet accurate facial motion. Notably, these two meth-

Audio Embedding Expression Embedding

Figure 4: Embeddings are clustered by emotion categories.

ods of control are orthogonal and can be used independently,
potentially leading to even greater diversity.

Qualitative Evaluation
Visual Comparison. Figure 3 compares our method with
SOTA methods on the MEAD test set. While most meth-
ods generate natural lip movements, they often misalign
with the ground truth, such as opening or closing lips in-
correctly. Additionally, except for EMOTE, other methods
produce incorrect or unexpressive expressions. This high-
lights the effect of DEE and Lemo on our framework. While
EMOTE generates emotional expressions using emotional
labels, it often produces exaggerated faces, like unnaturally
wide eyes or flat eyebrows, deviating from the ground truth.
In contrast, DEEPTalk generates natural emotional expres-
sions that closely resemble the ground truth without emotion
labels by leveraging emotions inherent within the speech.

Effect of Emotion Embedding. Figure 4 shows that our
emotion embedding clusters by emotions using T-SNE, cap-
turing a meaningful emotion space. Furthermore, to evalu-
ate its efficacy in generating emotional expressions, we ran-
domly selected two audio samples with distinct emotions
and interchanged their emotion embeddings from DEE’s au-
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Vertex-based

Strongly ours Weakly ours Equal Weakly others Strongly others

CodeTalker 25 27 13 13 15 27 20 21 16 7
FaceDiffuser 38 24 22 8 4 36 23 24 10 2

MeshTalk 38 28 14 12 946 27 18 5 4
FaceFormer 30 24 16 16 1440 24 15 11 10

Parameter-based Emotional alignment (%) Lip synchronization (%)

EMOTE 17 21 23 24 1518 16 26 23 20
FaceDiffuser(MEAD) 66 25 6 355 26 7 8 3
EmoTalk 22 27 21 21 926 27 27 14 6
FaceFormer (MEAD) 32 30 18 10 1029 23 23 7 11

Figure 5: User Study Results. Our method is preferred over most methods on emotional alignment and lip synchronization.

dio encoder, before inputting them into the Face Feature Ex-
tractor. As shown in Figure 6, this swap effectively modi-
fies the emotional expression to match the reference speech,
while maintaining precise lip synchronization with the orig-
inal speech. Further analysis is provided in Supplementary.

Figure 6: Swapping emotion embedding alters the emotional
expression while maintaining precise lip synchronization

User Studies. We conducted A/B test with 5-point Likert
scale for 98 users to evaluate model preference across two
subtasks: 1) emotional alignment between speech and ex-
pression 2) lip synchronization. We sampled twenty audio
clips from MEAD and ten from Emo-Vox. Details are pro-
vided in Supplementary. As shown in Figure 5, DEEPTalk
outperformed all parameter-based models across all tasks
except for EMOTE, which leverages ground truth emotion
labels to generate faces, serving as the upper bound for
emotional face generation. Note that EMOTE is determin-
istic and lacks expression diversity. For vertex-based mod-
els, DEEPTalk excelled in both tasks for all competitors.
Due to the scarcity and limited size of emotional ground
truth face scan datasets, vertex-based methods struggle with
emotional expression and accurate lip synchronization. This
highlights that using pseudo-3D data, as done in DEEPTalk,
is a promising approach for achieving accurate emotional
3D talking face animation with precise lip synchronization.

Ablation Studies
We conducted ablation studies on the MEAD test set
and Emo-Vox to analyze the contributions of individual
components of DEEPTalk. Specifically, we compared (1)

Emo-Vox MEAD
Methods LSE-D↓ LSE-D↓ Emo-FID↓ FID↓ FFD↓
w/ VAE 10.92 10.78 102.2 43.40 325.1
w/ VQVAE 10.87 10.70 16.58 30.10 66.98
w/o Llip 10.98 10.91 19.94 28.23 63.51
w/o Lemo 10.67 10.66 28.78 32.47 91.35
Full (Ours) 10.74 10.65 15.15 26.07 64.02

Table 4: Ablation results on Emo-Vox and MEAD test set.
LSE-C reported in the Supplementary.

DEEPTalk, (2) DEEPTalk with VAE, (3) DEEPTalk with
VQ-VAE, (4) DEEPTalk without Llip and (5) DEEPTalk
without Lemo. As shown in Table 4, utilizing a discrete mo-
tion prior is crucial, as its absence results in significant qual-
ity degradation. This is due to perceptual losses like Lemo

and Llip where enforcing such constraints leads to unnatural
expressions. Furthermore, employing TH-VQVAE enhances
performance across all metrics by effectively capturing both
low and high-frequency motion patterns. The incorporation
of our proposed Lemo significantly improves emotional ex-
pressiveness and realism, as evidenced by Emo-FID, FID,
and FFD scores. Interestingly, this enhancement results in a
minor decrease in lip synchronization, indicating a tradeoff
between emotional expressiveness and lip sync precision.

Conclusion

This paper presents DEEPTalk, a novel speech-driven talk-
ing head framework designed to generate diverse and emo-
tionally expressive facial animations. Unlike previous meth-
ods, DEEPTalk achieves precise lip synchronization while
ensuring facial expressions accurately reflecting the emo-
tional tone of the input speech. This is accomplished through
our dynamic emotion embedding (DEE), which serves as
a strong emotion prior, and a temporally hierarchical VQ-
VAE (TH-VQVAE), which functions as a robust and dy-
namic motion prior. Additionally, the probabilistic design of
DEEPTalk facilitates non-deterministic generation that can
be controlled on various levels. Extensive experiments on
various datasets demonstrate the superiority of our model
over existing methods across six metrics, with notable im-
provements in emotional realism.
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