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Abstract

The objective of stylized speech-driven facial animation is
to create animations that encapsulate specific emotional ex-
pressions. Existing methods often depend on pre-established
emotional labels or facial expression templates, which may
limit the necessary flexibility for accurately conveying user
intent. In this research, we introduce a technique that enables
the control of arbitrary styles by leveraging natural language
as emotion prompts. This technique presents benefits in terms
of both flexibility and user-friendliness. To realize this ob-
jective, we initially construct a Text-Expression Alignment
Dataset (TEAD), wherein each facial expression is paired
with several prompt-like descriptions. We propose an inno-
vative automatic annotation method, supported by ChatGPT,
to expedite the dataset construction, thereby eliminating the
substantial expense of manual annotation. Following this, we
utilize TEAD to train a CLIP-based model, termed ExpCLIP,
which encodes text and facial expressions into semantically
aligned style embeddings. The embeddings are subsequently
integrated into the facial animation generator to yield expres-
sive and controllable facial animations. Given the limited di-
versity of facial emotions in existing speech-driven facial an-
imation training data, we further introduce an effective Ex-
pression Prompt Augmentation (EPA) mechanism to enable
the animation generator to support unprecedented richness in
style control. Comprehensive experiments illustrate that our
method accomplishes expressive facial animation generation
and offers enhanced flexibility in effectively conveying the
desired style.

Introduction

In recent years, speech-driven facial animation has gained
importance due to its widespread applications in diverse
fields such as gaming, virtual reality, and film production
(Zhen et al. 2023). Currently, most research focuses on im-
proving the synchronization between lip movements and
speech (Cudeiro et al. 2019; Fan et al. 2021; Chen et al.
2022; Xing et al. 2023). This emphasis only allows for con-
veying speech content, not style, resulting in a lack of emo-
tional expressions in generated facial animations. A few
works (Karras et al. 2017; Danécek et al. 2023) have at-
tempted to integrate emotions into facial animation by pro-
viding the model with specific emotional labels or use ref-
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erence facial expressions as style guidance. However, they
either have limited flexibility in expressing diverse emo-
tions or necessitate searching for a reference image or video,
which may be impractical for users.

In this study, we propose to adopt natural language as
the style prompt for emotional facial animation genera-
tion, which offers both flexibility and user-friendliness. A
straightforward approach is to collect animation data with
paired text prompts and train a text-guided animation gen-
erator. However, the scarcity of such data and the high cost
of annotation make this approach infeasible. To address this
challenge, we propose a novel CLIP-based model called Ex-
pCLIP in this paper. ExpCLIP is designed to learn an em-
bedding space where the representations of text and facial
expressions are semantically aligned. By leveraging the ca-
pabilities of ExpCLIP, we can train the animation generator
by specifying representative facial expressions as prompts,
which can be easily extracted from animations, and utilize
text prompts for inference purposes.

To train ExpCLIP, a large-scale text-expression dataset is
required. However, currently available datasets (Wang et al.
2020; Kollias 2022) only have limited tag-level emotion la-
bels. To address this issue, we propose a novel automated
annotation method to construct a Text-Expression Aligned
Dataset (TEAD). Specifically, we leverage the visual under-
standing capability of ChatGPT (OpenAl 2023) to accom-
plish the annotation task. We find that LLMs are capable of
describing the facial expressions corresponding to an emo-
tional text. By harnessing the power of ChatGPT, we collect
a rich emotional corpus and use meticulously engineered
prompts to ask the ChatGPT to output the corresponding de-
scription of facial expressions. Here, we use activated facial
Action Units (AUs) to describe facial expressions.

Building upon ExpCLIP, which is trained on TEAD, we
propose an emotion-controllable facial animation generator.
During the training phase of the generator, we employ a
self-attention module to extract the expression prompt from
an animation clip. Subsequently, the expression prompt is
fed into ExpCLIP to obtain the emotion embedding, which
is then fused with the input speech to generate the target
facial animation. During the inference stage, we can use
text prompts to achieve the desired style control, which is
attributed to the alignment of facial expressions and text
embeddings achieved by ExpCLIP. We show several exam-
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AUs: Nose wrinkler and lip
stretcher

Emotion: Tearful

Text: Having a good time with
family and loved ones.

Figure 1: Illustration of our text-guided emotional speech-driven facial animation generation, our approach accommodates
diverse textual inputs for style control, encompassing AUs, emotion tags, and other forms of natural language.

ples in Figure 1. Notably, our framework can be readily ex-
tended to support facial images as input prompts. This can
be achieved by augmenting ExpCLIP with an image encoder
and training it on paired facial images and facial expres-
sions. The paired data can be easily obtained with monoc-
ular 3D face reconstruction methods (Guo et al. 2022; Lei
et al. 2023; Chai et al. 2023).

Moreover, we propose an effective Expression Prompt
Augmentation(EPA) mechanism to enable the animation
generator to handle unseen emotions. This mechanism in-
volves incorporating random perturbations to the expression
prompt and devising a lip motion constraint to ensure the
generated lip motions remain consistent with the original
motions. The underlying assumption is that when individ-
uals articulate the same sentence with different emotions,
their lip motions tend to be consistent.

In summary, the main contributions of our research are:

* We leverage the visual understanding capability of Chat-
GPT to propose an automatic annotation method for in-
ferring facial expressions from emotional text. This en-
ables us to construct a large-scale text-expression aligned
dataset.

* We propose ExpCLIP, which is capable of aligning the
semantic representations of text and facial expressions,
empowering the inference of emotional styles from natu-
ral language descriptions.

* We present the first attempt to use natural language text
as prompts to achieve flexible and controllable emotional
speech-driven facial animation generation.

Related Work
Speech-Driven Face Animation

This field has witnessed a surge of substantial efforts
in recent years. VOCA (Cudeiro et al. 2019) interprets
the mapping from speech to animation as a regression
problem. FaceFormer (Fan et al. 2021) leverages trans-
formers to capture the long-term dependencies inherent in
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speech. Meshtalk (Richard et al. 2021) prioritizes address-
ing the model’s scalability and realism by segregating audio-
correlated and audio-uncorrelated information. However, all
these methods primarily focus on enhancing lip synchro-
nization, falling short in conveying emotional expressions.

Emotion Guided Generation

The incorporation of emotional expressions has been con-
sidered in recent works. (Karras et al. 2017) uses a train-
able variable to represent the emotion state and (Danécek
et al. 2023) uses predefined emotion labels to guide the an-
imation generation. Similar approaches have also been ob-
served in several works(Sadoughi and Busso 2019; Ji et al.
2021; Wuet al. 2021; Liang et al. 2022; Sinha et al. 2022) re-
lated to talking face generation. (Ji et al. 2022) and (Ma et al.
2023) propose to extract emotional information from refer-
ence videos. (Wang et al. 2023) utilize a static facial image
as an emotional condition for styled talking face generation.
These methods either have limited flexibility in expressing
diverse emotions, or necessitate searching for a reference
image or video, which may be impractical for users.

CLIP-Based Content Synthesis

CLIP (Radford et al. 2021) has demonstrated its efficacy text
guided image editing (Rombach et al. 2022; Ramesh et al.
2023; Schaldenbrand, Liu, and Oh 2021). It can also be ex-
tended to the integration of text with other modalities, such
as employing CLIP for 3D motion generation (Tevet et al.
2022). However, to the best of our knowledge, no prior work
has utilized CLIP for 3D facial animation generation. In this
paper, we propose, for the first time, the use of CLIP for
text-guided speech-driven facial animation generation.

Method

In this section, we first present the construction of TEAD,
followed by an overview of the training process for Ex-
pCLIP. Finally, we introduce the proposed text-guided
speech-driven facial animation method.
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Figure 2: Overview of our framework. We first train ExpCLIP to establish semantic alignment between text ,facial expressions
and facial images. Then, we employ it for the generation of emotional speech-driven facial animation. The animation generator
supports both images and natural language prompts for emotion control.

Text-Expression Aligned Dataset

In order to train a model capable of aligning the semantic
representations of natural language and facial expressions, a
text-expression dataset is required. However, currently avail-
able datasets only provide limited emotion labels (Cao et al.
2014; Wang et al. 2020), which are insufficient for achieving
the desired alignment at a fine-grained level. To address this
limitation, we propose a Text-Expression Aligned Dataset
(TEAD), which is automatically constructed with the assis-
tance of ChatGPT(OpenAl 2023).

Motivation To generate paired emotional text and corre-
sponding facial expression data using ChatGPT, it is imper-
ative to represent facial expressions as textual descriptions.
Fortunately, the Facial Action Coding System (FACS) (Ek-
man and Friesen 1978) offers a systematic approach to de-
scribe human facial movements by decomposing facial ex-
pressions into independent AUs, with each AU possessing an
exhaustive textual description. Therefore, our objective is to
let ChatGPT generate corresponding activated AUs from the
emotional text. This necessitates that ChatGPT demonstrate
cross-modal understanding capability, that is, the ability to
“imagine” corresponding facial expressions that depict the
emotion in the text, and subsequently translate the expres-
sions into activated AUs. Through our testing, we find that
ChatGPT can successfully accomplish this task with a care-
fully designed prompt through in-context learning.

Automatic Data Generation We utilize the abundant cor-
pus from text emotion classification tasks (Mohammad and
Bravo-Marquez 2017), which encompass rich real-world hu-
man emotions. The emotional transcripts are fed into the
ChatGPT for text emotion classification and detection of ac-
tivated AUs. Specifically, given an emotional transcript ¢, the
ChatGPT predicts its emotional tags e, where e contains sev-
eral emotional labels, usually 3 to 5, and the activated AUs
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Emos:
1. Angry
2. Trritated
3.
AUs:
Brow lowerer,
Upper lid raiser,
ChatGPT
Sentences:
1. Stuck in traffic.
2. A student receiving unfair treatment.
3.

Transcript:

I’'m so angry that I feel
like I have to go through
life not being as carefree
as [ want to be

Prompt:

You will be given an
explanation about FACS
and AUs...

Figure 3: An example of data generation of TEAD.

with a one-hot vector u = {u;,7 = 1,..., N, }. Ny is 36
in our work. Note the combination of these AUs enables
a wider range of emotions compared to existing datasets
that have only a few emotion labels. We further prompt
the ChatGPT to describe situations that may evoke inferred
emotions, generating sentence-level labels s. An instance is
shown in Figure 3.

In addition, we enlist a professional facial animator to de-
vise a mapping rule to convert AUs into blendshape weights.
Then, we transform the AUs vector u into a set of blend-
shape weights b € R52, enabling us to leverage publicly
available datasets that represent facial expressions as blend-
shape weights. Consequently, TEAD can be represented as
a set of quadruples:7 = {(¢, e, b, s);|i = 1, ..., Np}. About
50,000 quadruples are included.

ExpCLIP

We utilize TEAD to train a CLIP-based model, named Exp-
CLIP. As illustrated in Figure 2, ExpCLIP is an autoencoder
framework designed to align multimodal signals, encom-
passing diverse human facial expressions, textual descrip-
tions of emotions, and realistic facial images.
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Text-to-Expression We propose a blendshape encoder £
that maps a given set of blendshape weights b into an em-
bedding. Subsequently, a decoder D reconstructs the blend-
shape weights from the embedding. In parallel, we utilize
a CLIP text encoder &;.,: based on the work of (Radford
et al. 2021), along with a text projector Pi.,¢ to map the
emotion text, sampled from {t, e, s}, into the joint embed-
ding space. Due to the strong generalization capability of
pre-trained CLIP, we keep Eiey+ frozen during training to
leverage its acquired extensive knowledge.

Image-to-Expression We propose an extension to incor-
porate facial images as emotion prompts by integrating an
image encoder into ExpCLIP and aligning the embeddings
of images and expressions. A SOTA 3D face reconstruction
method (Guo et al. 2022) is used to create paired blendshape
weights for facial images. We leverage the pre-trained im-
age encoder &y, 4 from CLIP and employ an image projector
Pimg to map facial images into the joint embedding space.
During this step, we only finetune P;,,4, while keeping the
the weights of &g, £, and D fixed.

Objective Function ExpCLIP is trained via three types of
losses: auto-encoder reconstruction loss, embedding align-
ment loss, and cross-modal reconstruction loss:

L= )\1[@@ + )\2ﬁgmb + )‘3£gross7 (1)

where d € {text,image}. Note that d = text indicates
the text-to-expression training, and d = image refers to
the image-to-expression finetuning. The auto-encoder re-
construction loss £,. measures the L2 distance between the
input blendshape weights b and the predicted ones:

Loe = EbNTHD(g(b)) - bH 2
We align the embeddings of text (or images) and expres-
sions using cosine embedding loss:

Ll =1—cos(Pa(Ea(S)) — E(b)), 3)
where S represents text in (¢, e, s) when d = text, and facial
images when d = image.

To better improve the multi-modal alignment, we propose
a cross-modal reconstruction loss, which enforces the blend-
shape weights reconstructed using text (or image) embed-
dings close to its paired ones, namely:

L(d:'ross = EbNTHD(Pd(Ed(S))) - b” 4

We propose several strategies to enhance the model’s gen-
erality. They include fully exploiting the TEAD dataset by
randomly extracting samples from ¢, e, and s as text in-
puts for training. Additionally, we borrow text augmenta-
tion techniques from the natural language processing litera-
ture (Wei and Zou 2019), such as stop-word removal, syn-
onym replacement, and sentence shuffling. Furthermore, we
augment the blendshape weights by applying minor random
perturbations. Experiments show all these strategies improve
the model’s robustness.

Text-Guided Speech-Driven Facial Animation

Our aim is to automatically generate emotionally expressive
facial animation, where the content is determined by speech
and the emotional style is controlled by a text prompt. The
overview of our method is shown in Figure 2.
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Training Workflow Leveraging the semantic alignment
between text and facial expressions achieved by ExpCLIP,
we can employ expression prompts for training and text
prompts for inference. Yet, annotating expression prompts
for each animation clip is costly. To address this, we pro-
pose a self-attention mechanism to automatically extract
representative expressions from the animation clips. Conse-
quently, the training workflow of our model is as follows:
Let AT = (al, e ,aT) denotes a sequence of speech
snippets. B1T = (b',...,bT) is the synchronized facial
animation, each frame is represented by a set of blend-
shape weights b’. We propose a transformer-based self-
attention pooling module, denoted as &,, to derive the at-
tention weights for individual frames within the animation
clip. Subsequently, we aggregate all frames of the clip ac-
cording to the attention weights, resulting in the generation
of the expression prompt b. Next, we feed the expression
prompt b into the expression encoder £ of ExpCLIP to ob-
tain the style embedding. During the training process, the
parameters of £ are kept frozen. Simultaneously, we uti-
lize a pre-trained wav2vec2.0 model (Baevski et al. 2020) to
convert raw waveform input into contextualized speech fea-

tures. We employ a transformer decoder to predict 5’ LT _
(b' Loy T) from speech features, with style embedding

incorporated into the decoding process via cross-attention.
A simple L1 loss is utilized for reconstruction:

1 T
Lroe= =3 o' — bt
T;' |

Expression Prompt Augmentation The currently pub-
licly accessible speech-driven facial animation datasets ex-
hibit insufficiency in terms of emotional richness. They are
typically constrained to a limited number of coarse-grained
emotion labels, thereby impeding the model’s ability to han-
dle unseen fine-grained emotions. To address this issue, we
propose an Expression Prompt Augmentation (EPA) mech-
anism. Specifically, we add perturbations to the expression
prompts. In order to make the perturbed prompts show cer-
tain emotions instead of random weird expressions, the per-
turbations are obtained by randomly sampling a facial ex-
pression by from TEAD. Subsequently, we blend bg,,4 into
the original expression prompt using a random weight A.

o)

baug = (L — A)b+ Abgug, A € [0,1] (6)

Due to the lack of corresponding animations for the per-
turbed expression prompts, we devise two loss functions
to ensure that the generated animations exhibit accurate lip
movements and emotional styles. We posit that when a per-
son utters the same sentence with different emotions, their
lip movements remain fundamentally consistent, meaning
that the displacement between adjacent frames remains con-
sistent. Leveraging this assumption, we formulate a lip mo-
tion loss to capture and enforce this consistency in the gen-
erated animations. We represent the animation for the per-

turbed prompt as B’}lf; = (b'tlwg, . ,b’aTug>, and the lip
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Text Sadness  Nose wrinkler, Witness a The alien

prompts: lip corner puller, person engaging creature bursts
brow lower animal cruelty  out of Kane's
chest in "Alien"
AF
Image -
prompts:
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Figure 4: Multi-modal alignment. Row 1&2: text-to-
expression. Row 3&4: image-to-expression. Note the last
two columns are out-of-domain samples.

motion loss is defined as:

T-—1
1 1
‘Clm = ﬁ Z |(b/fztg - blfzug) - (bt+1 - bt)|
t=0

L, only ensures the correctness of lip motion in anima-
tions generated based on perturbed prompts, but it does not
guarantee the desired style. To address this limitation, we
propose a style loss:

‘Cstyle - H6<gsa(8/aug)) - g(baug)” (8)
Lsty1e ensures the consistency between the emotion of the
generated animation B’,,, and the augmented expression
prompt bau g

(N

Inference Phase Since the embeddings of text and facial
expressions are semantically aligned by ExpCLIP, we can
employ text descriptions as prompts to control the emotions
of the generated animations. There is no strict requirement
for the text to adhere to a specific format. You have the free-
dom to express your text prompts in any manner you prefer.
For instance, you may provide a precise description of the
desired facial expression or simply describe the mood you
want to express. Furthermore, in cases where verbal text may
not effectively convey the intended emotions, the option of
employing a reference facial image as a prompt is also avail-
able. This capability is facilitated by ExpCLIP’s alignment
of facial images and facial expressions.

Experiments

In this section, we first introduce the used datasets and im-
plementation details. Subsequently, we present the capa-
bilities of ExpCLIP in multimodal alignment and discuss
several key factors for training ExpCLIP. Finally, we show
the promising results of style-controllable speech-driven fa-
cial animation, accompanied by detailed comparative exper-
iments and ablation studies.

Datasets

TEAD We train ExpCLIP using the proposed TEAD,
which consists of 50,000 quadruples. Each quadruple in-
cludes text, a set of emotion tags, AUs, blendshape weights,
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Text prompts:

Images retrieved:

Surprised

Inner brow raiser,
brow lower,
lip corner depressor

Get promoted at work

Feelings when the
shark attacked in
"Jaws"

Figure 5: Text-to-image retrieval on MEAD-3D.
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Figure 6: (a) t-SNE of expression embeddings in TEAD. (b)
smooth interpolations between two distant expressions.
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and situation sentences. We use 90% of the data for train-
ing and the remaining 10% for testing the text-expression
alignment of ExpCLIP.

MEAD-3D To support the image-expression alignment of
ExpCLIP, we generate image-expression paired data based
on MEAD . MEAD is a talking-face video corpus featuring
60 actors talking with 8 different emotions at 3 different in-
tensity levels. We sample 150,000 images from MEAD and
use a SOTA 3D monocular face reconstruction method(Guo
et al. 2022) to obtain the 3D facial meshes. Then we com-
pute the blendshape weights corresponding to each mesh us-
ing the SLSQP solver from SciPy(Virtanen et al. 2020). We
use 90% of the data for training and the remaining 10% for
testing the image-expression alignment effect of ExpCLIP.

BEAT We use BEAT (Liu et al. 2022) to train the speech-
driven facial animation generator. BEAT comprises 76 hours
of speech data, paired with 52D facial blendshape weights.
The dataset is collected from 30 speakers, who perform in 8
distinct emotional styles and across 4 different languages.
For our experiments, we exclusively employ speech data
from English speakers, which totals approximately 35 hours.

Implementation Details

Our framework is implemented by Pytorch(Paszke et al.
2019). For ExpCLIP, we train a transformer auto-encoder
(Vaswani et al. 2017) with 8 layers for both the encoder £
and D. The text encoder and image encoder from CLIP-ViT-
B/32 are utilized. We set the values of A\ = 1,y = A3 =
10. ExpCLIP is trained with a learning rate of le-5 and a
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Datasets TEAD BEAT
w/obsaug 0.051 0.069
w/.bsaug  0.012  0.021

Table 1: MSE of blendshape weights reconstruction on the
test set of TEAD and BEAT.

Prompts: Extremely Winning a Dobby dies in

terrified  lottery ticket Harry's arms in

"Harry Potter"
w/o ) e
text aug &3 EA £A
w/. . } 4
text aug 749 £A

Figure 7: Qualitative results of ablation study for text aug-
mentation. Red words indicate out-of-domain texts.

batch size of 256. For the animation generator, we employ
a 4-layer transformer encoder as the self-attention pooling
module. An 8-layer transformer decoder is used to modu-
late the speech features and style embeddings. The anima-
tion decoder consists of 2-layer fully connected layers. Each
training sample has a duration of 64 frames with FPS=15.
The entire framework is trained using the Adam optimizer
(Kingma and Ba 2014) on a single A100 GPU.

ExpCLIP

Multi-modal Alignment ExpCLIP aligns expressions,
text, and images into a joint embedding space. We exam-
ine this capability through three types of tasks: text-to-
expression, text-to-image, and image-to-expression.

Text-to-expression transforms text to blendshape weights,
which are rendered to meshes for better visualization. In-
domain text from the test set and out-of-domain text are col-
lected for evaluation. Image-to-expression can be treated as
a 3D face reconstruction task, which transforms images to
blendshape weights. Figure 4 shows that ExpCLIP exhibits
the ability to generate subtle and nuanced expressions, ac-
commodating various types of textual input such as emo-
tion tags, AU descriptions, and sentences. Furthermore, Ex-
pCLIP also excels in the task of recovering intricate facial
expressions from in-the-wild images.

As for text-to-image, we employ a text-based image re-
trieval task to evaluate its performance. we extract image
embeddings of the test set of MEAD-3D and employ cosine
similarity to retrieve the images that are semantically closest
to the embedding of the given text. Figure 5 indicates Exp-
CLIP achieves a remarkable alignment between textual and
visual semantics.

Expression Manifold Smoothness We demonstrate the
smoothness of the learned expression manifold in Figure
6. We obtain embeddings of facial expressions in the test
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set of TEAD . These embeddings are then projected onto a
2D space using t-SNE (Van der Maaten and Hinton 2008).
Subsequently, we sample pairs of distant points and inter-
polate between them. The interpolated values are passed
through the decoder of ExpCLIP to reconstruct the corre-
sponding blendshape weights. As observed, it illustrates Ex-
pCLIP achieves smooth semantic transition between distinct
facial expressions.

Ablation Study We conduct an ablation study to validate
the effectiveness of blendshape augmentation. The mean
squared error (MSE) of blendshape weight reconstruction
on the test set of TEAD and BEAT is presented in Table 1.
The results demonstrate that blendshape augmentation sig-
nificantly contributes to reducing the reconstruction error of
ExpCLIP. To evaluate the influence of text augmentation,
we train a model without text augmentation on TEAD. The
qualitative outcomes are depicted in Figure 7. It is evident
that text augmentation enhances the consistency between the
generated expressions and out-of-domain text prompts.

Emotional Speech-Driven Facial Animation

Baselines We compare our method with SOTA emotion-
controllable talking face generation methods including:
EAMM (Ji et al. 2022), StyleTalk (Ma et al. 2023) and
PD-FGC (Wang et al. 2023). We employ the 3D face re-
construction method (Guo et al. 2022) to reconstruct facial
meshes from their generated talking face videos for compar-
ative analysis. All these methods employ facial images or
video templates as emotional prompts. For comparison pur-
poses, we manually annotate textual descriptions for each
template. Notably, as both PD-FGC and our method accept
image-based emotional prompts, we can utilize this setting
for comparison.

Due to the lack of appropriate quantitative metrics to char-
acterize the precision of emotion control in animation gener-
ation, we only conduct qualitative evaluations and user stud-
ies to evaluate the above methods.

Qualitative Results The qualitative results are illustrated
in Figure 8. The image and video templates are extracted
from the test set of MEAD. Both BEAT and MEAD pro-
vided speech samples for evaluation.

As can be seen, our method ensures a high level of con-
sistency between the emotional expression in the generated
animation and the provided prompt, while also achieving
accurate lip synchronization. Even in the more challeng-
ing setting of using text as an emotional prompt, our ap-
proach achieves high accuracy in emotion control. In com-
parison, EAMM exhibits inferior lip synchronization and
demonstrates significant inconsistency between the emotion
of the generated animation and the reference video. Al-
though StyleTalk and PD-FGC achieve satisfactory lip syn-
chronization, their accuracy in emotion control falls short
compared to our approach. Additionally, their control meth-
ods are inconvenient for users as they require searching for
desired emotional reference templates. In contrast, our text-
based control approach is flexible and easy to manipulate.
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Figure 8: Qualitative comparisons with SOTA stylized talking face generation methods. Note that the speaking style of our
method can be guided by text description or emotional image.

Methods EAMM StyleTalk PD-FGC Ours-image Ours-text

Lipsync 2.01 3.55 3.49 3.59 3.63
EC, 2.11 3.63 3.55 3.72 3.65
EC; 1.99 3.48 3.37 3.75 3.93

Table 2: Results of the user study

User Study We further conduct user studies to evaluate
the performance of the comparative methods. We create
10 emotional animations for each method, accompanied by
corresponding reference videos or images, as well as text
prompts. We invite 20 volunteers to rate these methods from
1 to 5, with higher scores indicating better performance. The
volunteers are asked to rate the methods based on the follow-
ing three aspects: 1. Lip synchronization, 2. Emotion consis-
tency with the reference video/image, and 3. Emotion con-
sistency with the text prompt.

As shown in Table 2, our performance in lip synchroniza-
tion exceeds that of StyleTalk and PD-FGC, and markedly
surpasses EAMM. Regarding emotion consistency with
video/image (EC,), our text-based control method approxi-
mates the level of StyleTalk and PD-FGC, while our image-
based control method exhibits superior performance com-
pared to other methods. As for emotion consistency with
text (EC;), our text-based control method outperforms all
other methods, and our image-based control method also
surpasses other video or image-based approaches. The above
results demonstrate that our method not only achieves pre-
cise lip synchronization but also enables accurate emotion
control.

Ablation Study We conduct ablation studies to validate
the effect of EPA and the proposed style loss Lgyie, the
qualitative results are shown in Figure 9. Notably, to bet-
ter visualize the differences between the comparisons, we
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Figure 9: Ablation studies of EPA and style loss.

utilize blendshape weights as the prompt, rather than text.
As illustrated, when there is no EPA, if an unseen emotion
is input, the resulting animation exhibits minimal expres-
sion. This is due to the limited generalization ability of the
model toward unfamiliar emotions. However, the integra-
tion of EPA markedly enhances the emotional expressive-
ness of the animation. Despite this improvement, the con-
sistency with the expression prompt remains somewhat less
than ideal. The incorporation of style loss Ly further in-
tensifies the emotional impact.

Conclusion

This paper introduces, for the first time, text-guided emo-
tional speech-driven facial animation. To achieve this, a
large-scale text-expression dataset TEAD is proposed, and
ExpCLIP is trained on this dataset to align features of text
and expressions. Experimental results demonstrate that the
proposed framework achieves high accuracy and flexibility
in emotional-controlled animation generation.
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