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Abstract

Listening head generation aims to synthesize a non-verbal
responsive listener head by modeling the correlation be-
tween the speaker and the listener in dynamic conversion.
The applications of listener agent generation in virtual in-
teraction have promoted many works achieving diverse and
fine-grained motion generation. However, they can only ma-
nipulate motions through simple emotional labels, but cannot
freely control the listener’s motions. Since listener agents
should have human-like attributes (e.g. identity, personality)
which can be freely customized by users, this limits their
realism. In this paper, we propose a user-friendly framework
called CustomListener to realize the free-form text prior
guided listener generation. To achieve speaker-listener co-
ordination, we design a Static to Dynamic Portrait module
(SDP), which interacts with speaker information to trans-
form static text into dynamic portrait token with completion
rhythm and amplitude information. To achieve coherence
between segments, we design a Past Guided Generation
module (PGG) to maintain the consistency of customized
listener attributes through the motion prior, and utilize a
diffusion-based structure conditioned on the portrait token
and the motion prior to realize the controllable generation.
To train and evaluate our model, we have constructed two
text-annotated listening head datasets based on ViCo and
RealTalk, which provide text-video paired labels. Extensive
experiments have verified the effectiveness of our model.

1. Introduction

Listening Head Generation (LHG) is to generate listener
motions (face expressions, head movements, etc.) that re-
spond synchronously to the speaker during face-to-face
communication. Good communication is a two-way pro-
cess, and the roles of speakers and listeners are equally
important [4]. Whether the listener responds promptly
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Figure 1. The process of text-guided listener generation in our
CustomListener. The text prior provides the basic portrait style of
the listener, which is input into CustomListener and combined with
the speaker’s information to obtain the listener’s motions.

will affect whether the speaker can actively express the
follow-up content [17, 19]. Unlike speaker head generation
(SHG) [7, 16, 31, 38], listeners can only convey information
through non-verbal feedback (nodding, frowning, etc.), and
their responses are affected by both sides of the interaction
(speaker’s motion, tone, and listener’s own personality and
emotion state). Currently, many applications, such as digital
avatar generation [8, 20] and human-computer interaction
[43], use the listener agent to simulate more realistic conver-
sations, which has promoted many studies in LHG.

Some early works manually integrate motions based on
rules [1, 5, 35], or rely on 2D facial keypoints [11, 26]
to manipulate the head, but they are limited in the vari-
ety of motions and the detailed control ability. Recent
works [15, 21, 25, 34, 44] have introduced 3D face coef-
ficients [9], combined with the post-rendering module to
achieve more precise control. Specifically, RLHG [44] uses
a sequence-sequence structure as the baseline method for de-
coding 3DMM coefficients. PCH [15] further improves the
render module to inpaint image artifacts. L2L [25] quantizes
listener motions into the discrete one-dimensional codebook
by VQ-VAE [36], and ELP [34] expands the codebook to a
composition of several discrete codewords to achieve more
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Figure 2. Overall framework of CustomListener. Given the text prior providing the listener’s static portrait style, SDP-Module transforms
the static portrait into a dynamic one. Then in PGG-Module, the dynamic portrait token are combined with motion prior generated from
Past-guided Module and are utilized as conditions of the diffusion-based structure to realize the controllable generation. The *C’ in the figure
denotes concatenation and the small pink squares denotes diffusion time-step token.

fine-grained manner. MFR-Net [21] achieves the preserva-
tion of listener’s identity and the diversity of generation.
Regarding the listener’s motion status, L2L [25] focuses
on the diversity but cannot explicitly control specific actions.
RLHG [44], PCH [15], MFR-Net [21] achieve controllable
generation conditioned on the input emotion, but the emotion
is limited to a few labels and cannot specifically control the
expression and posture of each emotion. Although ELP [34]
represents the latent space under different emotions in a fine-
grained manner through the codebook, what the user can
control is still the input emotion rather than the fine-grained
motions. In this way, the listener’s response to each emotion
may depend on the data distribution of the training set.
Conditional motion generation: The motion generation
task derives applications under a variety of conditions. For
example, body motion conditioned on text descriptions
[13, 18,27, 28, 41], motion trajectory conditioned on scene
image [3], and dance motion conditioned on music [39]. Re-
cently, large language models promote the development of
free-form text conditioned generation based on auto-encoder
[28], hierarchical model [13], and diffusion models [18]. We
also generate motions conditioned on free-form text. How-
ever, for our responsive interaction, in addition to focusing
on the matching of motion and text like the above methods,
we also need to make the motion and the speaker’s action,
speech, tone and rhythm harmonious to express the listener’s
empathy. In our paper, we adopt the SDP module to achieve
this harmony. For long-term generation, to ensure the co-
herent fluency between clips under different text commands,
some methods have adopted transition sampling [40], speci-
fying noise [42], etc. However, the coherence for the custom
listener, which has some motion habits, is more complex.
It is not just a simple motion switch, but is related to past
habits and styles, and our PGG module solves this challenge.

3. Method
3.1. Overview

In our CustomListener framework, under the guidance of
the fine-grained text prior, we can synthesize natural and
controllable listener motions, which can seamlessly integrate
the speaker’s information (motion, speech content, audio)
to give interactive non-verbal responses. Let L,,, € RT*70
denote the listener motions to be generated, and 7' is the
number of frames, 70 denotes 64-dim expression and 6-dim
pose. Given speaker’s motions S,, € RT*70 audio S,,
speech content S, and text prior R, our framework can be
formulated as:

LnL = CuStOm(Sm7Sa7SC;R) (1)

The overview of our proposed framework is shown in
Figure 2. Before generation, for each video segment, we
use GPT to generate a text prior based on user-customized
listener attributes and the speaker’s speech content, which
provides the listener’s static portrait reference. Then, we
extract the speaker’s audio features from the Audio Encoder
and speaker’s motion coefficients from a pre-trained face re-
construction model [9]. Following this, we generate realistic
listener motions through a two-stage process: (1) Static to
Dynamic Portrait generation (SDP-Module): it can transform
static portrait tokens into the dynamic through audio-text
responsive interaction and speaker-motion based refinement.
The dynamic portrait token includes the time-dependent in-
formation about the motion completion and rhythm, and
makes the speaker-listener motion fluctuations correlated;
(2) Past-guided Listener Motion Generation (PGG-Module):
to produce coherent motions and maintain the listener’s pre-
vious behavioral habits in long-term generation, we use a
past guided module to produce the motion prior, combined
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with the diffusion denoising process with a fixed initial noise
to generate the listener coefficients. Finally, listener videos
are obtained through the post-rendering process.

3.2. Static to Dynamic Portrait generation

In this section, we first introduce the generation of the static
portrait-token, and then present SDP-Module, which can
convert static tokens into dynamic one by two stages: (1)
Audio-text Responsive Interaction: static portrait tokens are
converted into time-dependent portrait tokens, which reflects
the completion time and rhythm of motions according to
the semantics and intonation in the audio, ensuring gradual
motion changes; (2) Speaker Motion-based Refinement: it
refines the listener’s motions according to the fluctuations
of speaker’s motions, producing the final dynamic portrait
token combined with the time-dependent portrait token.

Static Portrait-token Generation To establish a better
connection between the user-customized listener attributes
(identity, personality, relationship, attitude, etc.) and the
listener’s motions, we leverage the powerful GPT for se-
mantic understanding of both user-customized contents and
speaker’s speech contents, and generate the text prior that
accurately describes the listener’s expressions and poses.
Following this, we use RoOBERTa [22], a robust and efficient
model with high natural language understanding capability,
to encode the text prior into text embeddings. To obtain
portrait-related tokens, we further employ a mapping net to
convert text embeddings into portrait tokens. We consider
these portrait tokens to be static portrait tokens since the text
prior describes the listener’s static portrait (eg. expressions
and poses) in the entire video clip.

Audio-text Responsive Interaction Since static portrait
tokens from text prior provide a comprehensive representa-
tion of listener head in a video segment, it lacks the time-
dependent information. Thus, the model would be limited
to generating constant motion and cannot effectively con-
vey gradual variation in movement without a specific design.
To address this critical issue, we make use of the semantic
knowledge in speaker’s utterances, which serves as a guid-
ance for motion shifts. Specifically, we choose the speaker
audio to provide semantics instead of speech contents. The
underlying intuition is the former contains not only semantic
information but also the temporal information. This entire
process can be split into two parts, part A and part B.

Part A In this part, we generate a weight matrix through
responsive interaction between speaker audio features and
the static portrait tokens obtained from text prior. It provides
the correlation degree between the speaker’s semantics at
each timestamp and the motion description in the text prior.
For example, as shown in Figure 3, if the phrase “love you”
in the speaker’s audio at time stamp k exhibits the strongest
correlation with the phrase “raised lip corner” in the descrip-
tion texts, the corresponding weight value will reach its peak
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Figure 3. Illustration of Audio-text Responsive Interaction. We first
generate a weight matrix by responsive interaction between audio
features and static portrait-token (SP Token), and then generate
time-dependent portrait token (TP Token) guided by weight matrix.

(indicated by a pink circle dot in the weight map). This
weight matrix M (A, H) can be formulated as Equation 2.

Part B After obtaining a weight matrix M (A, H), we
can generate time-dependent portrait tokens based on static
portrait tokens with the guidance of M (A, H). Specifically,
as illustrated in Figure 3, the time-dependent portrait tokens
(TP Token) at the time stamp k is generated with the highest
weighting assigned to the static portrait tokens (SP Token)
at [ = j, which corresponds to the phrase “raised lip corner”.
This part can be formulated as Equation 3.

M(AH) = Sm(i(Linear(A) x Linear(H)T)), (2)
Va
L1
Ey=Y M(AH)iy Hij—o.c-1,t €{0,...T =1} (3)
i=0
where Sm denotes Softmax, A € RT*C is the audio feature,
H € REXC s the static portrait token, M € RT*L is the
weight map, « is a scaling factor, E; € R'*¢ is the time-
dependent portrait token at time stamp ¢. L is the length of
text embeddings, and C is the feature dimension.

With the help of two parts above, we can obtain portrait
tokens that contain time-dependent information about the
rhythm of motion completion. This enables the model to
learn the progressive changes in facial/head motions within
a single video segment, as opposed to the constant motions.

Speaker Motion-based Refinement In human-to-human
conversations, we believe that the amplitude of the speaker’s
motion fluctuation also has an impact on the changes in the
listener’s motion response[2 1, 32]. Therefore, we utilize the
past speaker’s motion changes to refine the listener’s motion
amplitude. This process can be well-designed formulated as:

t—1

— 0S5,
FE, = Z exp’ B

. “)

i=t—1—w
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E, = E, & Ey, (5)

where @ means concatenation, F;, F;, Et is time-dependent
portrait token, speaker motion-weighted portrait token and
dynamic portrait token at frame ¢, respectively. .S; denotes
speaker motion at frame 7, w is the time-window length. For
efficiency, we set w to 5, which means we only take the
past five-frame speaker motions into account. For each time
stamp t, the listener’s portrait token E} is affected by the
cumulative gradients of several previous speaker motions.
This process can be illustrated in the lower part of the SDP-
Module in Figure 2. Notably, when generating portrait token
at frame ¢, we only focus on the speaker motions up to frame
t—1. Due to the listener and the speaker communicating con-
currently, the listener’s state at frame ¢ should not influenced
by the speaker’s motion at the same frame .

3.3. Past-guided Listenr Motion Generation

The PGG-Module is to ensure that motions between seg-
ments are coherent, and the customized listener attributes in
the previous segment can be maintained in the current seg-
ment. It contains Past-guided Module and diffusion-based
motion generation module, which can generate motion prior
based on past motions and then synthesize listener motions.
Following this, a renderer is used to obtain listener videos.

Past-guided Module To produce long video with arbi-
trary length, we opt for a segment-by-segment generation
approach during inference. However, we have observed that
there are unsmooth pose transitions between segments. This
issue can be attributed to the neglect of correlations between
adjacent segments. To address this, we take past motions
into consideration.

Since our final goal is to synthesize a customized listener,
in addition to ensuring smooth transition, we also need to
take the listener’s past behavioral habits into account (e.g.
frowning when thinking). Hence, we sought assistance from
dynamic portrait tokens of two adjacent segments to guide
the generation of motion prior. Specifically, the weight we
assign to past motions at different times is determined by the
similarity between portrait tokens in the current segment and
those in the last segment. Formally, we calculate the motion
weight and obtain the motion prior Gy.¢4 1, by:

Simypivr, = Erprr X BL 4, 6)

Giprr = Sitmystr X Pi_pu, @)

where x denotes matrix multiplication, L is the segment
length, ¢ is the time stamp, Sim.¢4 1, denotes the similarity
between portrait tokens in the current segment Fy.;y 1, and
those in the last segment F;_j.;, which is the weight we
assign to past motions P;_y.;. The higher the similarity,
the greater the weight we assign. This approach can not
only encourage continuous transitions between two adjacent

segments, but also ensure the maintenance of customized
listener’s behavioral habits between two adjacent sequences.

Diffusion Model To achieve diverse and natural head mo-
tion generation, our generation module is built on denoising
diffusion probabilistic models (DDPM) [14].

During forward diffusion process q, we progressively
inject noise into the listener motion x until it becomes a
Gaussian noise 7, which can be defined as a Markov chain:

gz | zo) = | | a2t | 24—1) )

HEH

= N (251 = Biwi—1, i), €))

where 1, ..., x are noised listener motions, 31, ..., S are
the variance schedule. In the reverse process pg, we produce
listener motion x by removing noise from z step-by-step:

Q(ft \ xtfl)

p@(l'tfl | Tt, C) = N(:L‘tfl; M9($t> C, t)7 Ze(mh c, t))7
(10)
where c is a conditioning variable. We perform denoising
process with a transformer decoder [37] conditioned on the
motion prior and dynamic portrait tokens.

Render We utilize PIRenderer [30] for rendering, which
can produce natural listener videos by incorporating a single
listener reference image as well as the 3DMM coefficients.

4. Experiments
4.1. Datasets

Data Annotation Since the existing listener head datasets
do not contain the full data required for training our model,
we conduct additional data annotations on two datasets:(1)
ViCo [44], a popular dataset in listener head generation; (2)
RealTalk, proposed by [12], which serves as a database for
retrieving listener videos in [12]. Firstly, to learn the re-
lationships between the text prior and listener expressions,
we follow the text annotation pipeline in TalkCLIP [24],
and conduct text annotation on ViCo[44] and RealTalk[12].
Specifically, we employ [6] to acquire emotion labels, ac-
tivated AUs as well as their intensities. Additionally, to
learn realistic head movements such as nodding to convey
agreement and shaking the head to signify disagreement,
we use Hopenet [33] to detect head motions. Finally, we
generate diverse text prior description for each video seg-
ment according to the format: [A person <EMOTION>
and listens with <AU> (and <HEAD MOTION>)], where
<EMOTION> denotes the emotional labels, <AU> de-
notes fine-grained expression-related texts based on AU ac-
tivation intensities and Facial Action Coding System [10],
and <HEAD MOTION> indicates head nodding/shaking
labels. We use “and” to link when there is more than one
activated AU. Detailed examples can be seen in Appendix A.
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Methods Testset FD | RTLCC | RWTLCC,  FIDA il SND | V-D 1
exp  angle trans exp  pose exp  pose exp  pose exp pose exp  pose
RUHG- (2] Drest 1503 790 655 0113 0160 0108 0160 1165 090 290 009 069 0.0
Dyos 2281 858 890 0.124 0101 0104 0100 932 082 720 011 101 0.12
pore (5] Diest 1902 1326 774 0124 0163 0109 0095 1159 09 310 013 031 012
: Do,y 1863 1796 880 0121 0115 0107 0140 867 087 701 012 051 016
Loieps]  Dwest 1489 735 634 0102 0053 0101 0113 864 087 262 009 057 020
: Dooy 1564 823 789 0095 0098 0.100 0.0l 678 074 689 010 123 028
D 1337 682 602 - - - - - - - - - -
_ 1 test
MER-Net" 211 p " 1470 812 637 - ; - ; - ; - - ; ;
Ours Dies: 1154 612 590 0072 0.03 0081 0097 3.2 006 240 007 155 0.32
S Do,y 1267 749 601 0081 0073 0084 0075 359 007 594 005 125 030

Table 1. Comparisons of our model with other methods on Dies: and Dyoq of ViCo. Bold represents the best. The T means we directly refer
to data in their paper and * denotes we retrain the model. The | indicates lower is better and the 1 indicates higher is better. The values of
FD and FID A f,, are multiplied by 100. The quantitative results on RealTalk [12] are in Appendix B.

Data Construction For ViCo, which contains three parts:
train set Dyyqin, test set D;ost, out-of-domain set D, 4 (all
identities in D,,q have not appeared in Dy,q;,), We obtain
the transcripts of the speaker’s audios by a speech recog-
nition model [29], and get an extended version of ViCo.
For RealTalk, to align the dimension of 3DMM coefficients
with ViCo, we re-extract facial 3DMM coefficients using
[9] and then obtain two subsets: Dy,.qin, and D;.s:. These
two extended datasets are important for future research on
text-guided listener head generation task.

4.2. Experimental Settings

Loss Fuction During training, followed by [14], we per-
form denoising on noised listener motions x; conditioned
on motion prior and dynamic portrait token step-by-step,
and our optimization goal is to predict noise term € at each
step. The objective function can be defined as a conditional
diffusion loss as follows:

Ld - E.ro,t,et |:H€t - 60(561576’ t)||2:| ) (11)

where ¢; ~ N (0,1) is the noise at step ¢, ¢ denotes condi-
tions, xg is the original listener motions.

Implementation Details The resolution of videos is
256x256, and the FPS is 30. For training, we clip the origi-
nal videos to several 60-frame video segments. We extract
3DMM coefficients from speaker videos and listener videos
by [9], which serve as speaker motions and listener motions,
respectively. Following MFR-Net [21], we extract 45-dim
acoustic features from audio. We utilize AdamW optimizer
[23] to train our model with a learning rate of le 4.

4.3. Quantitative Results

Metrics It’s non-trivial to measure the realism of generated
listener motions. We choose the following metrics based on

Method SSIM1 CPBD{ PSNRT FID|
RLHG™ [44] 0.56 0.12 1739 27.70
PCH* [15] 0.58 0.15 1848  21.29
L2L* [25] 0.58 0.16 17.67 2213
MFR-Net! [21]  0.59 0.18 17.82 2008
Ours 0.60 0.19 17.98  20.06

Table 2. Quantitative results with state-of-the-art methods on image
quality. The best results are highlighted in bold.

that a good custom listener should have four characteris-
tics: (1) natural-looking and diverse facial/head motions;
(2) highly synchronous with the speaker motions; (3) highly
coherent motions in a long video; (4) high image quality:

e FD: L1 distance between the predicted 70-dim listener
motions and the ground-truth listener motions.

e Variation for Diversity (V-D) : Variance across the time
series sequence of 3DMM coefficients.

e Residual Time Lagged Cross Correlation (RTLCC):
L1 distance between generated TLCC [2] and TLCC [2]
of ground truth. RTLCC indicates the correlation between
listener motions and lagged speaker motions.

e Residual Windowed Time Lagged Cross Correlation
(RWTLCC): RTLCC in a fixed window. We set the window
length to 4 seconds following ELP [34].

e FIDA f,,: FID score of differences in 3DMM coeffi-
cients between adjacent frames, which indicates the temporal
naturalness of facial motions, followed by [42].

o SND: Sequence Naturalness Distance proposed by [42],
showing the distribution difference between generated and
ground-truth motions.

e SSIM, CPBD, PSNR and FID: Common metrics for
image quality evaluation.

Comparisons with Existing Methods We retrain PCH
[15], RLHG [44] and L2L [25] on ViCo[44]. It should be
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