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Figure 1. Our method takes an appearance reference as input and generates its talking head with disentangled control over lip motion, head
pose, eye gaze&blink, and emotional expression, where the driving signal of lip motion comes from speech audio, and all other motions
are controlled by different videos. As shown, it well disentangles all motion factors and achieves precise control over individual motion.

Abstract

We present a novel one-shot talking head synthesis
method that achieves disentangled and fine-grained control
over lip motion, eye gaze&blink, head pose, and emotional
expression. We represent different motions via disentangled
latent representations and leverage an image generator to
synthesize talking heads from them. To effectively disen-
tangle each motion factor, we propose a progressive disen-
tangled representation learning strategy by separating the
factors in a coarse-to-fine manner, where we first extract
unified motion feature from the driving signal, and then iso-
late each fine-grained motion from the unified feature. We
leverage motion-specific contrastive learning and regress-
ing for non-emotional motions, and introduce feature-level
decorrelation and self-reconstruction for emotional expres-

sion, to fully utilize the inherent properties of each motion
factor in unstructured video data to achieve disentangle-
ment. Experiments show that our method provides high
quality speech&lip-motion synchronization along with pre-
cise and disentangled control over multiple extra facial mo-
tions, which can hardly be achieved by previous methods.

1. Introduction
Talking head synthesis is an indispensable task for cre-

ating realistic video avatars and enables multiple applica-
tions such as visual dubbing, interactive live streaming, and
online meeting. In recent years, researchers have made
great progress in one-shot generation of vivid talking heads
by leveraging deep learning techniques. Corresponding
methods can be mainly divided into audio-driven talking
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head synthesis and video-driven face reenactment. Audio-
driven methods focus more on accurate lip motion syn-
thesis from audio signals [9, 44, 52, 54]. Video-driven ap-
proaches [50,59] aim to faithfully transfer all facial motions
in the source video to target identities and usually treat these
motions as a unity without individual control.

We argue that a fine-grained and disentangled control
over multiple facial motions is the key to achieving lifelike
talking heads, where we can separately control lip motion,
head pose, eye motion, and expression, given correspond-
ing respective driving signals. This is not only meaningful
from the research aspect which is often known as the dis-
entangled representation learning but also has a great im-
pact on practical applications. Imagining in a real scenario,
where we would like to modify the eye gaze of an already
synthesized talking head, it could be costly if we cannot
solely change it but instead ask an actor to perform a com-
pletely new driving motion. Nevertheless, controlling all
these factors in a disentangled manner is very challenging.
For example, lip motions are highly tangled with emotions
by nature, whereas the mouth movement of the same speech
can be different under different emotions. There are also
insufficient annotated data for large-scale supervised learn-
ing to disentangle all these factors. As a result, existing
methods either cannot modify certain factors such as eye
gaze or expression [75, 76], or can only change them alto-
gether [26,32], or have difficulties providing precise control
over individual factors [26].

In this paper, we propose Progressive Disentangled
Fine-Grained Controllable Talking Head (PD-FGC) for
one-shot talking head generation with disentangled con-
trol over lip motion, head pose, eye gaze&blink, and emo-
tional expression1, where the control signal of lip motion
comes from audios, and all other motions can be individu-
ally driven by different videos. To this end, our intuition is
to learn disentangled latent representation for each motion
factor, and leverage an image generator to synthesize talk-
ing heads taking these latent representations as input. How-
ever, it is very challenging to disentangle all these factors
given only in-the-wild video data for training. Therefore,
we propose to fully utilize the inherent properties of each
motion within the video data with little help of existing prior
models. We design a progressive disentangled representa-
tion learning strategy to separate each factor control in a
coarse-to-fine manner based on their individual properties.
It consists of three stages:

1) Appearance and Motion Disentanglement. We first
learn appearance and motion disentanglement via data aug-
mentation and self-driving [6,75] to obtain a unified motion
feature that records all motions of the driving frame mean-
while excludes appearance information. It serves as a strong

1We define the emotional expression as the facial expression that ex-
cludes speech-related mouth movement and eye gaze&blink.

starting point for further fine-grained disentanglement.
2) Fine-Grained Motion Disentanglement. Given the

unified motion feature, we learn individual motion repre-
sentation for lip motion, eye gaze&blink, and head pose,
via a carefully designed motion-specific contrastive learn-
ing scheme as well as the guidance of a 3D pose estima-
tor [14]. Intuitively, speech-only lip motion can be well
separated via learning shared information between the uni-
fied motion feature and the corresponding audio signal [75];
eye motions can be disentangled by region-level contrastive
learning that focuses on eye region only, and head pose can
be well defined by 3D rigid transformation.

3) Expression Disentanglement. Finally, we turn to the
challenging expression separation as the emotional expres-
sion is often highly tangled with other motions such as
mouth movement. We achieve expression disentanglement
via decorrelating it with other motion factors on a feature
level, which we find works incredibly well. An image gen-
erator is simultaneously learned for self-reconstruction of
the driving signals to learn the semantically-meaningful ex-
pression representation in a complementary manner.

In summary, our contributions are as follows: 1) We pro-
pose a novel one-shot and fine-grained controllable talk-
ing head synthesis method that disentangles appearance,
lip motion, head pose, eye blink&gaze, and emotional ex-
pression, by leveraging a carefully designed progressive
disentangled representation learning strategy. 2) Motion-
specific contrastive learning and feature-level decorrelation
are leveraged to achieve desired factor disentanglement. 3)
Trained on unstructured video data with limited guidance
from prior models, our method can precisely control di-
verse facial motions given different driving signals, which
can hardly be achieved by previous methods.

2. Related work
Audio-driven talking head synthesis. Audio-driven
talking head synthesis [3,4] aims to generate portrait images
with synchronized lip motions to the given speech audios.
The majority of works [9,37,44,52,54,77] focus on control-
ling only the mouth region and leave other parts unchanged.
Some recent works enable control over more facial proper-
ties such as eye blink and head pose [8, 55, 68, 72, 73, 76].
More recently, several methods [26, 27, 32, 57] try to intro-
duce emotional expression variations into the synthesis pro-
cess as it is a crucial property for vivid talking head gener-
ation. However, integrating expression control into talking-
head synthesis is very challenging due to the lack of ex-
pressive data. Some methods [26,27,58] build on manually
collected emotional talking head dataset [58], yet they can-
not well generalize to large-scale scenarios due to the lim-
ited data coverage. A recent work GC-AVT [32] leverages
in-the-wild data for expressive talking head synthesis. They
achieve disentangled control over expression by introducing
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mouth-region data augmentation to separate lip motion and
other facial expressions. Different from them, we leverage
a feature-level decorrelation to disentangle the two factors.
Moreover, our method can synthesize arbitrary talking head
with a disentangled control over lip motion, head pose, eye
gaze&blink, and expressions, while previous methods can-
not achieve individual control over all these factors.

Video-driven face reenactment. Video-driven face reen-
actment targets faithful facial motion transfer between a
driving video and a target image. The literature can be
mainly divided into warping-based methods [19, 21, 25, 40,
46, 50, 59, 60, 66, 71] and synthesis-based approaches [6,
30, 35, 45, 53, 56, 62, 64]. The warping-based methods pre-
dict warping flows between the source and target frames
to transform target images or their extracted features to
align with source motions. The synthesis-based methods
instead learn intermediate representations from input im-
ages and directly send them to a generator for image syn-
thesis. The representations can be landmarks [35, 53, 64],
3D face model parameters or meshes [7, 30, 46, 56], or la-
tent features extracted from images [2, 6, 60]. Some recent
methods [33, 69] also exploit prior knowledge from a pre-
trained 2D GAN [29] for animating face images. Our pro-
posed method also builds on a synthesis-based approach,
where we learn disentangled latent representations for mul-
tiple facial motions by our designed progressive disentan-
gled representation learning strategy. In addition, different
from video-driven approaches, we control the lip motion via
audio signals.

Disentangled representation learning on the face. Dis-
entangled representation learning for faces is a longstanding
task and has been widely explored in the literature. Plenty
of works [11, 12, 17, 24, 31, 34, 39, 61] focus on unsuper-
vised representation learning, where InfoGAN [12] and β-
VAE [24] are two representative works. However, these
unsupervised methods cannot guarantee meaningful latent
representations well aligned with human perceptions [36].
More recently, several methods [47–49, 63, 74, 78] explore
latent space editing of a pre-trained 2D GAN [29] with
the help of certain classifiers to achieve disentangled con-
trol over desired facial properties. Nevertheless, their con-
trollability is often confined by the linear classifiers and
the data distribution of the pre-trained generator. Some
methods [15, 18, 20, 45, 46, 65] leverage more powerful
prior knowledge such as 3D face model [43] or expression
model [45] to guide the representation learning, and de-
velop specific training schemes [18, 65] on structured data
to achieve desired factor disentanglement. We achieve dis-
entangled representation learning via a carefully designed
progressive training scheme on videos and introduce certain
prior models [14] to help with accurate factor control.

3. Method
Given an image of an arbitrary person, our goal is to syn-

thesize a talking-head video of it, where we can separately
control different facial motions in each frame, including lip
motion, head pose, eye gaze&blink, and emotional expres-
sion. We expect the lip motion to be derived from an au-
dio clip and other motions from different respective driving
videos. To this end, we propose to represent all control-
lable facial motions along with their appearance by disen-
tangling latent representations of the input visual and au-
dio signals and learning a corresponding image generator to
synthesize desired talking heads from them. We introduce
a progressive disentangled representation learning scheme
to learn the latent representations in a coarse-to-fine man-
ner, as shown in Fig. 2. We first disentangle the appear-
ance with the facial motions to obtain a unified motion rep-
resentation that records all motion information (Sec. 3.1).
Then, we isolate each fine-grained facial motion, except
the expression, from the unified motion feature via motion-
specific contrastive learning (Sec. 3.2). Finally, we separate
the expression from other motions via feature-level decor-
relation, and simultaneously learn the image generator for
fine-grained controllable talking head synthesis (Sec. 3.3).

3.1. Appearance and Motion Disentanglement

We argue that to achieve disentanglement over multiple
fine-grained motion factors, a primary thing to do is to learn
a unified motion representation that records all kinds of mo-
tion information meanwhile excludes appearance (i.e. iden-
tity) information. Such a unified motion feature serves as a
strong starting point for further fine-grained factor disentan-
glement from it. To this end, we follow [6] to disentangle
appearance and facial motions.

Specifically, an appearance encoder Eapp and a motion
encoder Emot are introduced to extract corresponding fea-
tures from an appearance image and a driving frame, re-
spectively. An extra generator G0 is applied to synthesize
a face image with the identity of the appearance image and
the facial motion of the driving frame. Self-driving and re-
construction are applied to learn the whole pipeline, where
data augmentation is introduced to the motion branch to
force the motion encoder to neglect appearance variations
and only focus on motion extraction. To further improve the
accuracy of extracted motion feature, we introduce a motion
reconstruction loss on top of the training losses in [6]:

Lmot = ∥ϕ(I0)− ϕ(Ig)∥2 + ∥ψ(I0)−ψ(Ig)∥2, (1)

where ϕ(·) and ψ(·) are features extracted by the 3D face
reconstruction network and the emotion network of [14], I0
is the image synthesized by G0 given appearance and mo-
tion features, and Ig is the ground truth image. The above
training scheme helps us to learn a unified motion feature
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Figure 2. The overview of our method. We achieve factor disentanglement for different facial motions via a progressive disentangled
representation learning strategy. We first disentangle appearance with all facial motions to obtain a unified motion feature for further
fine-grained disentanglement. Then, we separate each fine-grained motion feature from the unified motion feature via motion-specific
contrastive learning and the help of a 3D prior model. Finally, we disentangle expression with other motions by feature-level decorrelation
and simultaneously learn an image generator for controllable talking head synthesis.

that faithfully represents all facial movements, which fur-
ther helps us to achieve fine-grained motion disentangle-
ment to be described in the following sections.

3.2. Fine-Grained Motion Disentanglement

Based on the unified motion feature from the previous
stage, we introduce three extra encoders to further extract
fine-grained motion features from it, including lip motion
feature, eye gaze&blink feature, and head pose feature. The
key intuition is to design motion-specific contrastive learn-
ing based on the unique property of each individual motion
or to leverage the guidance of a prior model if a motion can
be well described by it. We do not separate expression in
this stage as it can be highly tangled with other factors. We
leave its disentanglement in the final stage (Sec. 3.3) where
all other factors are effectively separated.

Lip motion contrastive learning. Lip motions can be
well separated from other motions by exploring shared in-
formation between the unified motion feature and the corre-
sponding speech audio, as shown by previous method [75].
Therefore, we follow [75] to learn the lip motion feature
with audio-visual contrastive learning. Given a set of video
frames {vi} and their corresponding audio signals {ai},
we introduce a lip motion encoder Elip and an audio en-
coder Eaud, and extract lip motion features {fv

i } = {Elip ◦
Emot(vi)} and audio features {fa

i } = {Eaud(ai)} via the
two networks, where Emot is the pre-trained motion en-
coder from the previous stage. We then construct a posi-
tive audio-video pair (fa

i , f
v
i ) and K negative audio-video

pairs (fa
i , f

v
k ), k ̸= i for each sampled audio feature fa

i ,
and vice versa. We enforce the InfoNCE loss [41] follow-
ing [75] to maximize the similarity between positive pairs

and minimize the similarity between negative pairs:

La2v = −log[
exp(S(fa

i ,fv
i ))

exp(S(fa
i ,fv

i ))+
∑K

k=1 exp(S(fa
i ,fv

k ))
], (2)

Lv2a = −log[
exp(S(fv

i ,fa
i ))

exp(S(fv
i ,fa

i ))+
∑K

k=1 exp(S(fv
i ,fa

k ))
], (3)

where S(·, ·) is the cosine similarity. This loss ensures that
lip motion features predicted by Elip and Eaud are close to
each other for corresponding video frames and audio. Since
the audio signal merely contains lip motion information, it
helps with better factor disentanglement. Moreover, we can
leverage the audio encoder for audio-driven lip motion syn-
thesis for our controllable talking head.

Eye motion contrastive learning. Eye motions, includ-
ing eye gaze and blink, are local movements and have lim-
ited influence on other facial regions. Therefore, if we sub-
stitute the eye region of a person with that of another person
to composite a new image, the extracted eye motion feature
from it should be identical to that of the latter person. Based
on this observation, we design a dedicated contrastive learn-
ing scheme to disentangle the eye motions.

Specifically, given two driving frames, namely v1 and v2,
we construct an anchor frame va by compositing the eye re-
gion2 of v1 and other regions of v2, as shown in Fig. 2.
We introduce an extra encoder Eeye to extract eye motion
features f1, f2, and fa from the corresponding unified mo-
tion feature of the above frames, and construct a positive
pair (f1, fa) and a negative pair (f2, fa). We then enforce a

2We use an off-the-shelf method [70] to detect eye landmarks, and warp
the eye region of v1 to align with that of v2.
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similar InfoNCE loss between these pairs to learn Eeye:

Leye = −log[
exp(S(f1, fa))

exp(S(f1, fa)) + exp(S(f2, fa))
]. (4)

It helps the eye motion encoder to only focus on eye region
motions and neglect the variance of other regions.

Head pose learning. Since head pose can be well defined
by a 6D parameter consisting of three Euler angles (i.e.
pitch, yaw, roll) and 3D translations, we propose to directly
regress them via a head pose encoder Epose with the guid-
ance of a 3D face prior model:

Lpose = |Ppred − Pgt|1, (5)

where Ppred is the predicted pose parameter by Epose, and
Pgt is the ground truth pose parameter obtained by the off-
the-shelf 3D face reconstruction model [14].

3.3. Expression Disentanglement

The challenge for expression disentanglement is two-
fold. On one hand, the emotional expression can be highly
tangled with other motions (e.g. mouth movements can
be different under different emotions even if the speech
contents are identical), which makes it difficult to design
motion-specific contrastive learning as done previously. On
the other hand, existing expression estimators [14, 16, 38]
usually include other motion information in their expression
representation, which cannot provide accurate guidance for
the expression disentanglement in our scenario. To tackle
these challenges, we propose a feature-level decorrelation
strategy to disentangle the expression with other motions,
along with a self-reconstruction of the driving frame to learn
precise expression representation in a complementary man-
ner. The hypothesis behind this is that if an extracted ex-
pression feature is independent of the features of other mo-
tions, meanwhile its combination with the others can still
faithfully reconstruct all facial motions in the driving sig-
nal, then it is a precise latent representation of the ground
truth expression. We describe the learning strategies in de-
tail below.

In-window decorrelation. We observe that the expres-
sion variation in a video sequence is usually less frequent
than the changes in other motions. Therefore, if we take
the average expression feature within a time window, the
other motion information stored in certain dimension of
the expression feature should be averaged out, leading to
a clean expression feature uncorrelated with other motions.
Therefore, given a driving frame, we define a window of
size K around it and augment the frames within the win-
dow with random rotation, scaling, and color jittering. We
then extract the expression features from their correspond-
ing unified motion features via an expression encoder Eexp,

and calculate their average feature as the expression feature
for the center driving frame. The average feature will be
then sent into a generator G for image synthesis and self-
reconstruction described in the following paragraph3.

Lip-motion decorrelation. We further introduce a lip
motion decorrelation loss to achieve better expression dis-
entanglement by forcing independence between the expres-
sion feature and the lip motion feature (i.e. audio feature):

Ldecor =
1

D

∑
B,D

cor(F̄ e, F a)2, (6)

where F̄ e ∈ RB×D is a matrix consisting of average ex-
pression features within a batch of size B, F a ∈ RB×D

is the corresponding audio feature matrix, D is the feature
dimension, and cor(·, ·) calculates the feature dimension
correlation between the two matrices. In practice, comput-
ing the correlation between two variables requires a large
batchsize to reach enough accuracy. However, it is diffi-
cult to maintain such a large batchsize during training due
to memory limitation. To tackle this problem, we maintain
two memory banks for the expression feature and the audio
feature to compute the correlation, instead of using only the
current batch of features. The memory bank always keeps
M latest features inside to compute Eq. (6) during training,
where M is much larger than the batchsize of each iteration.
The gradient will only back-propagate through the current
batch of features to update the network weights.

Complementary learning via self-reconstruction. The
above two decorrelation strategies ensure feature indepen-
dence between expression and other motions, yet the ex-
tracted expression feature still lacks semantic meaning.
Therefore, we leverage an image generator G to take the ex-
pression feature along with the features of appearance and
other motions as input, and synthesize an image with de-
sired facial motions via self-reconstruction of the driving
frame, as shown in Fig. 2. In order to faithfully reconstruct
the driving frame, the expression encoder is forced to learn
complementary information that is not included in all other
motion features, which is exactly the expression informa-
tion. We enforce multiple losses to learn the expression en-
coder Eexp and the image generator G:

Lvgg =

N∑
i=1

∥V GGi(If )− V GGi(Ig)∥1, (7)

where V GGi(·) is the feature map of the i′s layer in a pre-
trained VGG19 [51] network. We also adopt the adversar-
ial loss and the discriminator feature matching loss follow-
ing [6] to improve the synthesized image quality.

3During inference, we use the expression feature of each frame instead
of the average one, as we find the expression encoder learned following
our training strategy can well disentangle expression with other motions.
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In addition, to ensure that the synthesized image well
follows all facial motions of the driving frame, we further
introduce a motion-level consistency loss:

Lcon = exp(−S(V lip(If ), Eaud(ag)))

+ ∥G(If ),G(Ig)∥1 + Lmot,
(8)

where Eaud is our audio encoder learned in the previous
stage, V lip is a pre-trained encoder to extract lip motion fea-
tures from images, G(I) is a gaze estimator [1], and S(·, ·)
is the cosine similarity; If , Ig and ag are our synthesized
image, ground truth image, and audio, respectively; Lmot is
the motion reconstruction loss defined in Eq. (1).

The above self-reconstruction process, together with the
feature-level decorrelation strategy, helps to disentangle the
expression feature from the unified motion feature. More-
over, the image generator G learned in this step naturally
achieves disentangled and controllable talking head synthe-
sis with all disentangled motion features and the appearance
feature as input. We, therefore, take G as our final image
generator for talking head synthesis.

4. Experiments
Implementation details. We train our model on Vox-
Celeb2 [13] dataset and evaluate it on both VoxCeleb2 and
Mead [58] dataset. All video frames are aligned follow-
ing the official annotations [13] and resized to 224 × 224.
Corresponding audios are extracted from the original videos
and converted to Mel-sectrograms. Our appearance encoder
Eapp is implemented as a ResNet50 [22], and the motion
encoder Emot takes the same structure as [5]. The audio
encoder Eaud adopts a ResNetSE34 [28] structure. The en-
coder for each fine-grained motion factor, including lip mo-
tion, head pose, eye gaze&blink, and expression, is imple-
mented as an MLP with ReLU activations. The image gen-
erator G0 in the first stage and the final image generator G
are both based on StyleGAN2 [29]. The dimensions of the
appearance feature and the unified motion feature are set to
2, 048 and 512, respectively. The dimensions of each fine-
grained motion features are 500, 6, 6, and 30 for lip motion
(audio), head pose, eye gaze&blink, and expression, respec-
tively. We implement our framework using PyTorch [42],
and train it on 8 Tesla V100 GPUs with 32GB memory, us-
ing a batchsize of 16 for 50 epochs. See the supplementary
materials for more details.

Baselines. We compare our method with existing talking
head synthesis methods: Wav2Lip [44] that allows only
mouth region control; MakeItTalk [76] that further intro-
duces random eye blinks and audio-aware head poses; PC-
AVS [75] with controllable head pose and lip motion; and
EAMM [26] with disentangled control over lip motion,
head pose, and expression. A recent GC-AVT [32] also

achieves expressive talking head synthesis. We do not com-
pare with it since its code is unavailable yet.

4.1. Quantitative Evaluation

We evaluate the image generation quality as well as fac-
tor control accuracy of different methods on a self-driving
setting, where we use the first frame in a test video to pro-
vide appearance and use the following audio and video
frames to provide lip motion and other motions, respec-
tively. We use the Fréchet Inception Distances (FID) [23]
between the synthesized images and the ground truth driv-
ing frames to evaluate the image quality. For the accuracy
of motion control, we leverage several metrics. We first
calculate the facial landmark distance (LMD) [10] between
the synthesized images and the ground truth to evaluate the
overall motion control accuracy. We further calculate the
mouth region landmark distance (LMDm) to evaluate the
accuracy of lip motion control. We also adopt the Lip Sync
Error Confidence (LSE-C, also known as Syncconf ) [44]
to evaluate the lip motion synchronization with the driv-
ing audio. Nevertheless, the LSE-C value of a method is
strongly correlated with its training data, which makes it
unfair when comparing methods trained on different data.
A recent method [67] also indicates that the LSE-C differ-
ence between synthesized images of a method and its train-
ing data, rather than the absolute value, better reveals lip
motion synchronization. Therefore, we propose a normal-
ized confidence score NLSE-C for a fair comparison:

NLSE-C =
LSE-Cgen − LSE-Cgt

LSE-Cgt , (9)

where LSE-Cgen is the LSE-C score of generated images,
and LSE-Cgt is the corresponding score of the training data.
The new NLSE-C measures the relative difference between
the generated images and their training data, which better
reveals if the synthesized lip motions are reasonable (i.e.
close to the training data distribution) or not. We find that
this new metric better aligns with human perception, shown
in Tab. 1 and Tab. 3.

The quantitative results are shown in Tab. 1. Our method
yields the best motion control accuracy in terms of NLSE-
C, LMD, and LMDm. We also show competitive image
generation quality with other methods. Since Wav2Lip only
generates mouth region and copies other regions from input
images, we do not evaluate its FID and LMD which can be
unfair to other methods.

We further compare our method with the others on ex-
pression and head pose control accuracy. For the head
pose evaluation, we follow the same self-driving setting as
described above, and use a 3D face reconstructor [16] to
extract head pose parameters from the synthesized images
and calculate their difference (MSE) with the ground truth.
For the expression evaluation, we find the self-driving set-
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Table 1. Quantitative comparison for audio-driven talking head synthesis on VoxCeleb2 [13] and Mead [58]. †: The LSE-C value for the
training data of each method is shown in the bracket as a reference.

Method
VoxCeleb2 Mead

FID↓ LSE-C↑ NLSE-C† ↓ LMDm ↓ LMD↓ FID↓ LSE-C↑ NLSE-C† ↓ LMDm ↓ LMD↓
GT - 7.35 0 0 0 - 1.76 0 0 0

Wav2Lip [44] - 9.23 0.183(7.80) 2.54 - - 9.17 0.176(7.80) 2.54 -
MakeItTalk [76] 19.47 2.03 0.724(7.35) 2.82 6.39 68.35 3.50 0.524(7.35) 2.68 2.56
PC-AVS [75] 14.36 8.21 0.117(7.35) 1.59 2.52 62.85 8.04 0.094(7.35) 2.28 1.92
EAMM Neutral [26] 26.06 4.75 1.699(1.76) 2.29 4.18 50.36 5.34 2.03(1.76) 2.32 2.25
EAMM Emo [26] 27.20 4.55 1.585(1.76) 2.29 4.29 50.49 5.23 1.972(1.76) 2.28 2.27

PD-FGC (Ours) 12.99 7.26 0.012(7.35) 1.15 1.93 73.80 7.24 0.015(7.35) 1.65 1.84

Table 2. Comparison for expression and pose control accuracy.

Method
Expression↓ Pose↓

VoxCeleb2 Mead VoxCeleb2
PC-AVS [75] 0.202 0.245 0.0038
EAMM emo [26] 0.196 0.245 0.0196
EAMM neutral [26] 0.192 0.248 0.0203

PD-FGC (Ours) 0.156 0.188 0.0016

Table 3. User study on talking head synthesis.

Method
Lip Sync
Quality↑

Expression
Quality↑

Facial Motion
Driving Naturalness↑

Wav2Lip [44] 3.50 1.36 1.88
MakeItTalk [76] 1.81 1.89 2.65
PC-AVS [75] 4.46 3.04 3.72
Eamm [26] 1.92 1.77 1.56

PD-FGC (Ours) 4.44 4.38 4.27

ting cannot well evaluate expression controllability as the
appearance reference usually contains similar expressions
with the driving frames if they come from the same video
clip. Therefore, we conduct a cross-video setting where we
use appearance reference and driving frames from different
video clips for image synthesis (the driving audio is still
from the video clip of the appearance reference). We use
a 3D face reconstructor [16] to extract expression param-
eters in the synthesized images, and compare their differ-
ence (MSE) with those of the driving frames to evaluate the
control accuracy. As shown in Tab. 2, we achieve the low-
est expression and pose control error largely outperforming
previous methods. More details are in the supplementary
materials.

4.2. Qualitative Evaluation

Fine-grained controllable talking head synthesis. An
example of our fine-grained control over synthesized talk-
ing head is in Fig. 1. For a given appearance reference,
we can control its lip motion, head pose, eye motion, and
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Figure 3. Illustration of our factor disentanglement. Top: Con-
trolling one factor while leaving the others unchanged. bottom:
Controlling one factor and setting the others to zeros.

expression, via different respective audio signals and driv-
ing frames, and composite all motions to synthesize a vivid
talking head. Our method largely improves the controllabil-
ity of talking head synthesis upon previous methods, where
they cannot achieve separate control over all these factors.
More visual results are in the supplementary materials.

Disentangled controllability. We demonstrate factor dis-
entanglement of our method by changing one motion fac-
tor at a time given different driving signals in Fig. 3. Our
method can independently control the motion of each prop-
erty to mimic the driving source, and leave all other prop-
erties unchanged. Moreover, we can also set all motions to
their canonical positions (i.e. set features to zero) except the
motion to be controlled. These enable our method for di-
verse downstream applications with different requirements.

Comparison with prior art. We show visual compar-
isons between our method, PC-AVS [75] and EAMM [26]
in Fig. 4. For eye motion and head pose, we adopt the same
self-driving setting as in Sec. 4.1. For expression, we use
the cross-video setting. We leave the lip motion compari-
son in the supplementary materials. As shown, our method
can well mimic different motions in the driving frames com-
pared to the other methods. PC-AVS [75] can only con-
trol head pose besides lip motion, so their synthesized faces
have different eye motions or expressions compared to the
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Figure 4. Visual comparison with other methods. The first three
columns show the self-driving results. The last column shows
the cross-video results. The captions above show the factors that
should be focused on in each column.

driving frames. It also shows inferior results in head pose
control as depicted by the second right column in Fig. 4,
due to using an implicit head pose representation instead of
the explicit 3D rotation and translation. EAMM [26] can-
not well control head pose and eye motions. Moreover, al-
though it can control the expression of a synthesized face,
its produced expression is different from the driving source
as shown in the last column in Fig. 4.

4.3. User Study

We further conduct user studies for a more comprehen-
sive evaluation. We ask the participants to score from 1 to
5 for the quality of different properties in the synthesized
images (5 is the best). The results are in Tab. 3. Our method
achieves the best result in expression control quality and fa-
cial motion naturalness. And we achieve the second-best
result on lip motion synchronization and get very close to
the best one (i.e. PC-AVS). More details and a user study of
factor disentanglement are in the supplementary materials.

4.4. Ablation Study

We conduct an ablation study to validate the efficacy of
our proposed feature-level decorrelation in the expression
disentanglement stage. We conduct a similar self-driving
experiment as in Sec. 4.1, except that we use the first frame
in a driving video clip as the expression driving signal in-
stead of using the expression of each frame. The corre-

Table 4. Ablation study on expression disentanglement.

Method
Voxceleb2 Voxceleb2 Mead

LSE-C↑ NLSE-C↓ LMDm ↓ Exp↓ Exp↓

No dis 3.78 0.486 1.81 0.151 0.178
+ In-win 7.60 0.034 1.76 0.159 0.178
+ Decorr 7.02 0.045 1.66 0.157 0.173

All 7.30 0.007 1.27 0.163 0.179

Table 5. Ablation study on window size of the in-window decor-
relation strategy.

Size
Voxceleb2 Voxceleb2 Mead

LSE-C↑ NLSE-C↓ LMDm ↓ Exp↓ Exp↓
7 7.01 0.046 1.81 0.163 0.179

13 7.30 0.007 1.27 0.163 0.179
25 7.23 0.016 1.32 0.164 0.178

sponding frames and the audio in the same driving video
clip are still used as ground truth to calculate the metrics.
In theory, if the expression is well disentangled with other
motions, fixing the expression source instead of using the
expression in each frame will not influence the lip motion
accuracy and should maintain low NLSE-C and LMDm. As
shown in Tab. 4, introducing the two decorrelation strategies
significantly lowers the quantitative metrics, which indi-
cates better factor disentanglement. And leveraging both of
them leads to the best result. We further conduct the cross-
video driving experiment similar to Sec. 4.1 to evaluate the
expression control accuracy of different alternatives. Our
final solution only slightly decreases the expression control
accuracy but leads to a large improvement in expression and
lip motion disentanglement.

We also study the influence of the window size of the in-
window decorrelation in Tab. 5. A window size of 13 yields
the best result which is used as our final solution.

5. Conclusion

We presented a fine-grained controllable talking head
synthesis method. The core idea is to represent different
facial motions via disentangled latent representations. A
progressive disentangled representation learning strategy is
introduced to separate individual motion factors in a coarse-
to-fine manner, by exploring the inherent properties of each
factor in unstructured video data. Experiments demon-
strated the efficacy of our method on disentangled and fine-
grained control of diverse facial motions.

Limitations. Our method mainly focuses on disentangled
and accurate motion control. The synthesized images can
lack fine details and may not well preserve the given identity
in some cases. We leave their improvement as future works.
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[14] Radek Daněček, Michael J Black, and Timo Bolkart. Emoca:
Emotion driven monocular face capture and animation. In

Proceedings of the IEEE/CVF Conference on Computer Vi-
sion and Pattern Recognition, pages 20311–20322, 2022. 2,
3, 5

[15] Yu Deng, Jiaolong Yang, Dong Chen, Fang Wen, and Xin
Tong. Disentangled and controllable face image genera-
tion via 3d imitative-contrastive learning. In Proceedings
of the IEEE/CVF conference on computer vision and pattern
recognition, pages 5154–5163, 2020. 3

[16] Yu Deng, Jiaolong Yang, Sicheng Xu, Dong Chen, Yunde
Jia, and Xin Tong. Accurate 3d face reconstruction with
weakly-supervised learning: From single image to image
set. In Proceedings of IEEE Computer Vision and Pattern
Recognition Workshop on Analysis and Modeling of Faces
and Gestures, 2019. 5, 6, 7

[17] Zheng Ding, Yifan Xu, Weijian Xu, Gaurav Parmar, Yang
Yang, Max Welling, and Zhuowen Tu. Guided variational
autoencoder for disentanglement learning. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pages 7920–7929, 2020. 3

[18] Chris Donahue, Zachary C Lipton, Akshay Balsubramani,
and Julian McAuley. Semantically decomposing the latent
spaces of generative adversarial networks. In ICLR, 2018. 3

[19] Nikita Drobyshev, Jenya Chelishev, Taras Khakhulin, Alek-
sei Ivakhnenko, Victor Lempitsky, and Egor Zakharov.
Megaportraits: One-shot megapixel neural head avatars.
2022. 3

[20] Partha Ghosh, Pravir Singh Gupta, Roy Uziel, Anurag Ran-
jan, Michael J Black, and Timo Bolkart. Gif: Generative
interpretable faces. In 2020 International Conference on 3D
Vision (3DV), pages 868–878. IEEE, 2020. 3

[21] Kuangxiao Gu, Yuqian Zhou, and Thomas Huang. Flnet:
Landmark driven fetching and learning network for faith-
ful talking facial animation synthesis. In Proceedings of the
AAAI conference on artificial intelligence, volume 34, pages
10861–10868, 2020. 3

[22] Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun.
Deep residual learning for image recognition. In Proceed-
ings of the IEEE conference on computer vision and pattern
recognition, pages 770–778, 2016. 6

[23] Martin Heusel, Hubert Ramsauer, Thomas Unterthiner,
Bernhard Nessler, and Sepp Hochreiter. Gans trained by a
two time-scale update rule converge to a local nash equilib-
rium. Advances in neural information processing systems,
30, 2017. 6

[24] Irina Higgins, Loic Matthey, Arka Pal, Christopher Burgess,
Xavier Glorot, Matthew Botvinick, Shakir Mohamed, and
Alexander Lerchner. beta-vae: Learning basic visual con-
cepts with a constrained variational framework. 2016. 3

[25] Fa-Ting Hong, Longhao Zhang, Li Shen, and Dan Xu.
Depth-aware generative adversarial network for talking head
video generation. In Proceedings of the IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition, pages
3397–3406, 2022. 3

[26] Xinya Ji, Hang Zhou, Kaisiyuan Wang, Qianyi Wu, Wayne
Wu, Feng Xu, and Xun Cao. Eamm: One-shot emotional
talking face via audio-based emotion-aware motion model.
In ACM SIGGRAPH 2022 Conference Proceedings, SIG-
GRAPH ’22, 2022. 2, 6, 7, 8

17987



[27] Xinya Ji, Hang Zhou, Kaisiyuan Wang, Wayne Wu,
Chen Change Loy, Xun Cao, and Feng Xu. Audio-driven
emotional video portraits. In Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition
(CVPR), 2021. 2

[28] Jee-weon Jung, You Jin Kim, Hee-Soo Heo, Bong-Jin Lee,
Youngki Kwon, and Joon Son Chung. Pushing the limits
of raw waveform speaker recognition. In Proc. Interspeech,
2022. 6

[29] Tero Karras, Samuli Laine, Miika Aittala, Janne Hellsten,
Jaakko Lehtinen, and Timo Aila. Analyzing and improv-
ing the image quality of stylegan. In Proceedings of
the IEEE/CVF conference on computer vision and pattern
recognition, pages 8110–8119, 2020. 3, 6

[30] Hyeongwoo Kim, Pablo Garrido, Ayush Tewari, Weipeng
Xu, Justus Thies, Matthias Niessner, Patrick Pérez, Chris-
tian Richardt, Michael Zollhöfer, and Christian Theobalt.
Deep video portraits. ACM Transactions on Graphics (TOG),
37(4):1–14, 2018. 3

[31] Hyunjik Kim and Andriy Mnih. Disentangling by factoris-
ing. In International Conference on Machine Learning,
pages 2649–2658. PMLR, 2018. 3

[32] Borong Liang, Yan Pan, Zhizhi Guo, Hang Zhou, Zhibin
Hong, Xiaoguang Han, Junyu Han, Jingtuo Liu, Errui Ding,
and Jingdong Wang. Expressive talking head generation
with granular audio-visual control. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR), pages 3387–3396, June 2022. 2, 6

[33] Connor Z Lin, David B Lindell, Eric R Chan, and Gordon
Wetzstein. 3d gan inversion for controllable portrait image
animation. arXiv preprint arXiv:2203.13441, 2022. 3

[34] Zinan Lin, Kiran Koshy Thekumparampil, Giulia C Fanti,
and Sewoong Oh. Infogan-cr: Disentangling generative ad-
versarial networks with contrastive regularizers. 2019. 3

[35] Jin Liu, Peng Chen, Tao Liang, Zhaoxing Li, Cai Yu,
Shuqiao Zou, Jiao Dai, and Jizhong Han. Li-net: Large-pose
identity-preserving face reenactment network. In 2021 IEEE
International Conference on Multimedia and Expo (ICME),
pages 1–6. IEEE, 2021. 3

[36] Francesco Locatello, Stefan Bauer, Mario Lucic, Gunnar
Raetsch, Sylvain Gelly, Bernhard Schölkopf, and Olivier
Bachem. Challenging common assumptions in the unsuper-
vised learning of disentangled representations. In interna-
tional conference on machine learning, pages 4114–4124.
PMLR, 2019. 3

[37] Yuanxun Lu, Jinxiang Chai, and Xun Cao. Live speech por-
traits: real-time photorealistic talking-head animation. ACM
Transactions on Graphics (TOG), 40(6):1–17, 2021. 2

[38] Ali Mollahosseini, Behzad Hasani, and Mohammad H Ma-
hoor. Affectnet: A database for facial expression, valence,
and arousal computing in the wild. IEEE Transactions on
Affective Computing, 10(1):18–31, 2017. 5

[39] Thu Nguyen-Phuoc, Chuan Li, Lucas Theis, Christian
Richardt, and Yong-Liang Yang. Hologan: Unsupervised
learning of 3d representations from natural images. In
Proceedings of the IEEE/CVF International Conference on
Computer Vision, pages 7588–7597, 2019. 3

[40] Andrew Zisserman Olivia Wiles, A. Sophia Koepke. X2face:
A network for controlling face generation by using images,
audio, and pose codes. In ECCV 2018, 2018. 3

[41] Aaron van den Oord, Yazhe Li, and Oriol Vinyals. Repre-
sentation learning with contrastive predictive coding. arXiv
preprint arXiv:1807.03748, 2018. 4

[42] Adam Paszke, Sam Gross, Francisco Massa, Adam Lerer,
James Bradbury, Gregory Chanan, Trevor Killeen, Zeming
Lin, Natalia Gimelshein, Luca Antiga, et al. Pytorch: An im-
perative style, high-performance deep learning library. Ad-
vances in neural information processing systems, 32, 2019.
6

[43] Pascal Paysan, Reinhard Knothe, Brian Amberg, Sami
Romdhani, and Thomas Vetter. A 3d face model for pose
and illumination invariant face recognition. In 2009 sixth
IEEE international conference on advanced video and sig-
nal based surveillance, pages 296–301. Ieee, 2009. 3

[44] KR Prajwal, Rudrabha Mukhopadhyay, Vinay P Nambood-
iri, and CV Jawahar. A lip sync expert is all you need for
speech to lip generation in the wild. In Proceedings of the
28th ACM International Conference on Multimedia, pages
484–492, 2020. 2, 6, 7

[45] Albert Pumarola, Antonio Agudo, Aleix M Martinez, Al-
berto Sanfeliu, and Francesc Moreno-Noguer. Ganimation:
Anatomically-aware facial animation from a single image. In
Proceedings of the European conference on computer vision
(ECCV), pages 818–833, 2018. 3

[46] Yurui Ren, Ge Li, Yuanqi Chen, Thomas H Li, and Shan
Liu. Pirenderer: Controllable portrait image generation via
semantic neural rendering. In Proceedings of the IEEE/CVF
International Conference on Computer Vision, pages 13759–
13768, 2021. 3

[47] Yujun Shen, Jinjin Gu, Xiaoou Tang, and Bolei Zhou. In-
terpreting the latent space of gans for semantic face editing.
In Proceedings of the IEEE/CVF conference on computer vi-
sion and pattern recognition, pages 9243–9252, 2020. 3

[48] Yujun Shen, Ceyuan Yang, Xiaoou Tang, and Bolei Zhou.
Interfacegan: Interpreting the disentangled face representa-
tion learned by gans. IEEE transactions on pattern analysis
and machine intelligence, 2020. 3

[49] Yujun Shen and Bolei Zhou. Closed-form factorization of
latent semantics in gans. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition,
pages 1532–1540, 2021. 3
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