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Abstract

Generating responsive listener head dynamics with nuanced
emotions and expressive reactions is crucial for dialogue
modeling in various virtual avatar animations. Previous stud-
ies mainly focus on the direct short-term production of
listener behavior. They overlook the fine-grained control
over motion variations and emotional intensity, especially in
long-sequence modeling. Moreover, the lack of long-term
and large-scale paired speaker-listener corpora incorporat-
ing head dynamics and fine-grained multi-modality annota-
tions limits the application of dialogue modeling. Therefore,
we first newly collect a large-scale multi-turn dataset of 3D
dyadic conversation containing more than 1.4M valid frames
for multi-modal responsive interaction, dubbed ListenerX.
Additionally, we propose VividListener, a novel framework
enabling fine-grained, expressive, and controllable listener
dynamics modeling. This framework leverages multi-modal
conditions as guiding principles for fostering coherent inter-
actions between speakers and listeners. Specifically, we de-
sign the Responsive Interaction Module (RIM) to adap-
tively represent the multi-modal interactive embeddings. RIM
ensures the listener dynamics achieve fine-grained seman-
tic coordination with textual descriptions and adjustments,
while preserving expressive reaction with speaker behavior.
Meanwhile, we propose the Emotional Intensity Tags (EIT)
for emotion intensity editing with multi-modal information
integration, applying to both text descriptions and listener
motion amplitude. Extensive experiments conducted on our
newly collected ListenerX dataset demonstrate that VividLis-
tener achieves state-of-the-art performance, realizing expres-
sive and controllable listener dynamics.

Introduction

Listener dynamics modeling aims to generate expressive and
emotional head movements which respond to the speech
content of the corresponding speakers. These non-verbal in-
teractive behaviors (Volonte et al. 2020; Zhao et al. 2025)
like facial expressions, nodding and blinking significantly
facilitate message delivery during human daily communi-
cations. Meanwhile, modeling listener dynamics displays
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Figure 1: VividListener: listener dynamics modeling for
multi-modal responsive interaction. This framework inputs
speaker head motions, speaker audios, the conditions of lis-
tener textual descriptions, and the emotional intensity tags,
which outputs listener head dynamics sequences. The gener-
ated listener changes with the expression descriptions (from
disgusting to excited), and exhibits varying degrees of facial
emotions from light to graydark. (Zoom in for better details.)

a wide range of applications in human-machine interac-
tion (Qi et al. 2025, 2024c,b), embodied AI (Duan et al.
2022), robotics (Soori, Arezoo, and Dastres 2023), and vir-
tual avatar animations (Genay, Lécuyer, and Hachet 2021;
Qi et al. 2023).

Previous studies on dialogue modeling have mostly fo-
cused on speaker generation (talking face/ head generation)
and achieved satisfactory performances (Chen, Tran-Thien-
Y, and Florence 2021; Pei et al. 2024). However, these works
overlook the practical significance of interactive scenarios,
especially in modeling the response of the listener.

Recently, some works have explored synthesizing the mo-
tions of the listener from the given speaker corpus, guided by
simplistic emotion labels (Song et al. 2023; Liu et al. 2024b;
Tran et al. 2024). Nevertheless, these approaches are typi-
cally limited to short-term head motion modeling and anal-
ysis, where the semantic and expression are significantly in-
sufficient and incomplete. Furthermore, the coarse percep-
tion of listener emotions with few basic categories exac-
erbates these shortcomings, resulting in monotonous head



expressions. These methods overlook the fine-grained mo-
tion variants and the intensity of emotions within lengthy
dialogue sequences, which are more practical in real-world
scenes. For example, the listener emotions may fluctuate dy-
namically during communication, shifting from excitement
to frustration. Therefore, in this work, we introduce the new
task of Expressive and Controllable Listener Dynamics
Modeling for multi-modal responsive interaction in long
conversational sequences, as illustrated in Figure 1.

There are two main challenges in the listener dynamics
modeling task: 1) Datasets containing fine-grained annota-
tions of listener head movements and emotion intensity cor-
responding to speaker corpus are scarce. 2) Modeling com-
plex and variable emotion shifting of listener behavior is
difficult, especially in long dialogue sequences from in-the-
wild scenes.

To address the data scarcity problem, we first construct a
new dataset of 3D head dyadic conversation which contains
1.4M frames of emotional speaker-listener head movements,
dubbed ListenerX. Specifically, we extract long-term and
continuous dialogue segments from in-the-wild videos, en-
suring that both the conversational participant heads remain
fully visible throughout the interaction. These segments
should also include scenarios where the speaker articulates
at least two clear sentences, while the listener reacts dy-
namically rather than monotonously. To process these seg-
ments, we employ an advanced 3D facial avatar estimation
method (Danécek and Black 2022) to extract high-quality
facial expressions and head poses (FLAME (Li et al. 2017))
for both conversational partners. Meanwhile, to support our
insights into multimodal cue-guided modeling, we combine
traditional detection models (Chang et al. 2024) with vision-
language models (Liu et al. 2024a) to generate fine-grained
and emotion-aware facial expression descriptions for con-
tinuous head frames. To control emotional intensity, we use
facial emotion analysis techniques (Toisoul et al. 2021) to
obtain Valence (how positive the emotion is) and Arousal
(how calming or exciting it is), providing a continuous rep-
resentation linked to emotional categories. In this fashion,
our ListenerX dataset covers high-quality and long-term lis-
tener head movements with corresponding fine-grained ex-
pression descriptions and emotion tags, which pave the way
for various downstream tasks like human-human interaction
analysis (Stergiou and Poppe 2019; Qi et al. 2024a; Zhang
et al. 2025), talking face generation (Pei et al. 2024), and
responsive interaction modeling (Chen, Tran-Thien-Y, and
Florence 2021).

Based on ListenerX, we propose VividListener, a novel
framework that enables expressive and controllable listener
head dynamics modeling with Diffusion Transformer (DiT).
Our key insight is to build coherent interactions between
the speaker and the responsive listener for listener model-
ing. Hence, vividListener adaptively incorporates the multi-
modal conditions as guiding principles via a diffusion-based
model. In particular, we propose the Responsive Interac-
tion Module (RIM) to ensure temporal alignment between
the generated listener movements and the speaker audio
rhythms, while presenting fine-grained coordination w.r:1.
text guidance. Here, we first model the joint interactive em-
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beddings of the listener emotion descriptions and the inte-
grated conversational cues provided by the given speaker au-
dio and motion prior. In this manner, the discrete text-based
descriptions are adaptively transformed into continuous tem-
poral representations. Meanwhile, the speaker prior is seam-
lessly integrated into the learned joint embeddings. More-
over, we present Emotional Intensity Tags (EIT), a delicate
design to achieve fine-grained emotion intensity control for
listener dynamics. The combination of EIT and text descrip-
tions (listener motion) serves as the input to learn a dynamic
intensity tag through an integrated learning process. Then,
we can leverage the intensity tag as a controllable modu-
lation mechanism to balance the dependency of generated
facial dynamics. The modulated features are finally fed into
the DiT for producing expressive and controllable results.
Overall, our contributions are summarized as follows:

* We introduce a new task of fine-grained controllable
listener head dynamics modeling, cooperating with one
newly collected large-scale 3D head dyadic conversation
dataset, namely ListenerX.

* We propose a novel framework, VividListener, that lever-
ages multi-modal conditions as guiding principles to gen-
erate coherent and expressive listener head motions.

* We propose a Responsive Interaction Module to ensure
coherent seamless integration of multi-modal conditions
and a set of Emotional Intensity Tags to flexibly adjust
emotional intensity, encouraging high-fidelity listener mo-
tion synthesis with desirable properties.

» Extensive experiments demonstrate that our framework
achieves superior performance against various competi-
tors, displaying expressive and interactive coherent lis-
tener head dynamics.

Related Work
Listener Dynamics Modeling

Listener dynamics modeling focuses on generating ex-
pressive listener head movements in dyadic conversa-
tions.Recent advances in 3D facial representation have en-
hanced the capture of fine facial motions, making it the stan-
dard for listener motion generation. Early works (Zhou et al.
2022; Ng et al. 2022; Tran et al. 2024; Ng et al. 2023) ex-
plored the correlation between speaker cues and listener mo-
tion. RLHG (Zhou et al. 2022) uses an LSTM-based method
to produce basic reactions like nodding, while L2L. (Ng
et al. 2022) and DIM (Tran et al. 2024) employ VQ-VAE
to learn motion codebooks. However, these models generate
only coarse and uncontrollable motions.

Other works have achieved controllable generation based
on input conditions (Song et al. 2023; Liu et al. 2023,
2024b). ELP (Song et al. 2023) and MER-Net (Liu et al.
2023) enable listener motion generation using input emo-
tions as control conditions, but the control over emotions is
still limited to simple emotion labels. CustomListener (Liu
et al. 2024b) uses simple text input as a control condi-
tion, which lacks fine-grained modeling of listener emotions.
Meanwhile, all the aforementioned works focus on short-
term dimensions, making it challenging to model the com-



Dataset Scale Long-term Modality Annotation Acquisition
Motion Audio Text Tag. Coarse Fine-grained Sou. Rep.
L2L Dataset (Ng et al. 2022) 0.75M X(2S) v v X X X X YouTube FLAME
VICO (Zhou et al. 2022) 0.1M X(2S) v v X X v X YouTube 3DMM
Realtalk (Geng et al. 2023) - X(2S) v v X X X X YouTube FLAME
MDS Dataset (Tamon et al. 2024) 3M  /(6S-11S) X v X X X X Zoom Video
ListenerX(Ours 2025) 1.4M v (8S) v v v v v v YouTube FLAME

Table 1: Statistical comparison of ListenerX against various counterparts. The “Long-term” means continuous and long-duration
dialogue clips from in-the-wild videos. The “Coarse” means simple emotional category labels. The abbreviation “Tag.” stands
for emotional intensity tags. The abbreviations “Sou.” and “Rep” refer to the data source and the representation method. The
scale represents the number of valid data frames in the dataset, without comparing the duration of the original videos.

plex and dynamic listener reactions embedded with inter-
active and emotional information. In contrast, we introduce
the long-sequence temporal modeling and integrate multi-
modal annotations to achieve fine-grained emotional control
in listener head dynamics generation.

Multi-Modal Head Generation

Multi-modal head generation aims to create 3D facial mo-
tion sequences based on input modalities such as speech au-
dio, textual descriptions or emotional labels. Among these
modalities, the audio modality has emerged as a primary
focus of research due to the intrinsic correlation between
speech and facial motion (Aneja et al. 2024; Cudeiro et al.
2019; Richard et al. 2021).Facetalk (Aneja et al. 2024) and
VOCA (Cudeiro et al. 2019) focus on high-fidelity sequence
modeling. However, their data acquisition processes are with
high thresholds, which limit the practical applications.

Building on single-modality audio-driven approaches,
severalmethods (Peng et al. 2023; Danécek et al. 2023; Sun
et al. 2024; Thambiraja et al. 2023; Zhao et al. 2024)incorpo-
rate multimodal information to enable more precise control
over 3D facial animation. EmoTalk (Peng et al. 2023) and
EMOTE (Danécek et al. 2023) incorporate emotion labels to
facilitate expression control, while DiffPoseTalk (Sun et al.
2024) and Imitator (Thambiraja et al. 2023) leverage refer-
ence videos to enhance contextual awareness and generate
stylistic facial motions. Media2Face (Zhao et al. 2024) em-
ploys a diffusion-based method in the latent space guided
by multi-modal inputs, including detailed text and images.
However,Most methods focus on speaker modeling while
overlooking interactive dynamics in conversations and fail
to capture fine-grained conditional information from multi-
modal inputs.Inspired by the above, we introduce a multi-
model, interactive fine-grained listener head generation task,
which enhances nuanced emotional interactions and enables
emotional intensity control in dialogues.

ListenerX Dataset

To alleviate the dataset scarcity of the dyadic conversation,
we propose ListenerX, a newly collected large-scale multi-
turn dataset for 3D multi-modal responsive interaction, with
listener textual descriptions and emotional intensity tags.
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Data Collection

Considering the expensive and labor-consuming cost of
3D scanning and complex motion capture, similar to
EMOTE (Danécek and Black 2022), we utilize in-the-wild
videos as the data source and extract 3D representations by
advanced facial avatar estimators. The original videos are
sourced from interview shows and daily conversations, with
each scenario accounting for half of the total frames, named
as InterviewX and DailyX. InterviewX is characterized by
structured contexts and stable emotional expressions, where
listener responses primarily involve distinct non-verbal be-
haviors. In contrast, DailyX contains more casual and emo-
tionally dynamic content, with listener facial movements
exhibiting greater diversity and complexity. Constructing a
dataset for our task emphasizes the acquisition of i) high-
quality long-duration multi-turn interactive head movements
between speakers and listeners; ii) fine-grained textual an-
notations describing motion variations, iii) and authoritative
emotional intensity tags for facial expressions.

Multi-Model Annotation Pipeline

3D Dyadic Conversation Reconstruction. Firstly, we uti-
lize face detection and voice source localization tech-
niques (Chung and Zisserman 2016) to produce long-term
video segments in which the faces of both participants
are simultaneously visible. In these segments, the roles of
the speaker and listener remain consistent over continuous
periods. Then, we adopt the superior 3D facial estimator
EMOCA (Danécek and Black 2022) to acquire the FLAME-
based representation for each frame of both participants.
Here, each clip is unify cropped as 8 seconds where the fa-
cial expressions and head pose movements are parameter-
ized. In this manner, our dataset supports long-term multi-
turn sequence modeling of interactive listener dynamics.

Textual Descriptions. Once we obtain the estimated motion
clips, we annotate the varying facial expressions and emo-
tions with fine-grained textual descriptions. We observe that
directly adopting the Vision-Language Models (VLM) (Liu
et al. 2024a) on facial frames often produces inaccurate or
fabricated descriptions, such as describing dimples that are
not present in the faces. To this end, we incorporate the fa-
cial action unit detector (Chang et al. 2024) to extract high-
intensity action units that serve as additional prompts for
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Figure 2: VividListener: listener dynamics modeling framework for multi-modal responsive interaction. This framework first
integrates multi-modal inputs of the speaker and the listener through the Responsive Interaction Module. Then, the fused
features and conditions are fed into the DiT pipeline for the final listener dynamics modeling, which will change with the text
descriptions and intensity tags, from cool tones to warm tones. (Zoom in for better details.)

VLM. In this paradigm, we obtain accurate textual descrip-
tions of the listener expressions. Moreover, we conduct man-
ual revisions to ensure the generated results are coherent and
semantically aligned with facial sequences.

Emotional Intensity Tags. To model expressive listener fa-
cial dynamics with authoritative emotional intensity tags, we
incorporate facial affect analysis (Toisoul et al. 2021), us-
ing continuous dimensional representations of emotions: V'
(Valence, how positive the emotion is) and A (Arousal, how
exciting the emotional display looks like) (Russell 1980).
Unlike previous methods that use discrete emotion classifi-
cation, our approach better reflects human emotional expres-
sions in interactive dialogues.

Dataset Analysis

Overall, our ListenerX contains a total of 6,683 videos with
1.4M frames for 3D conversational motion sequences. Each
dialogue sequence includes the interactive 3D head move-
ments of both participants, the speaker audio, fine-grained
long-text emotion descriptions, and the emotion intensity
tags of the listener. Compared with the previous counter-
parts, ListenerX displays comprehensive modality attributes
with fine-grained annotations as reported in Table 1. To the
best of our knowledge, our ListenerX dataset is currently the
largest for modeling long-term listener dynamics.See sup-
plementary material for details.

VividListener Framework

Problem Formulation

Given the multi-modal inputs of the speaker motion .S,,, au-
dio representation S, fine-grained text descriptions text,
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and emotional intensity tags o, the goal of our frame-
work is to generate expressive and controllable listener
head motions H. In practice, we leverage the parameterized
FLAME model (Li et al. 2017) to represent facial expres-
sions and head poses. We tackle this challenging problem
with a specific-designed framework named VividListener.
The overall objective is expressed as

H = VividListener(S,,, S, text, o) 1

Listener Head Dynamics Modeling

To generate high-fidelity and diverse results, our VividLin-
stener adopts the Diffusion Transformer (DiT) (Peebles and
Xie 2023) as the backbone, owing to its scalability and su-
perior performance on sequence modeling, displayed in Fig-
ure 2. With the text descriptions of the listener movement
as prompts, our framework first integrates the audio signals
and head motion cues of the conversational speaker to pro-
duce fine-grained responsive guidance through the Respon-
sive Interaction Module. Then, incorporated with the multi-
modal responsive guidance, we employ the Emotional In-
tensity Tags to adaptively control the emotion intensity of
generated results.

Responsive Interaction Module. To ensure the semantic
coherent with text descriptions while preserving the vivid
reaction, we propose Responsive Interaction Module (RIM)
to model the temporal representations among multi-modal
conditions. As illustrated in Figure 2, the speaker features
including motion and audio, are firstly fused via a bidirec-
tional Multi-Head Attention (MHA) mechanism. Once we
acquire the fused reactive features, we consider taking tex-
tual motion scripts as the semantic descriptions to further en-



hance the generation of corresponding listener movements.
Here, we utilize a pre-trained CLIP (Radford et al. 2021)
as the text encoder to obtain sequence-aware semantic em-
beddings. The aforementioned reactive features and seman-
tic embeddings are then integrated into a joint representation
via Temporal Semantic Interaction for modeling semantic
associations and temporal dynamics.

In particular, we model the temporal relevance between
the speaker reactive features and semantic text embeddings
via a joint similarity matrix, as shown in Figure 2 (bottom
right corner). We aim to exploit the temporal interactive
correlations to boost the speaker motion cues for drawing
listener synthesis. Once we attain this matrix, we conduct
temporal-wise adaptive pooling to acquire a set of normal-
ized (norm) learnable weight coefficients. These coefficients
represent the activated blending weights aligned with the
text embeddings. Then, we obtain the semantic-enhanced se-
quential speaker reaction features by:

Frused = Erused + Etext © Norm(AdaPool (quse))

quse = Efused ® Etext (2)
Where Weye € REXE is the temporal interactive correla-
tion matrix, and L is the sequence length. AdaPool indicates
the adaptive maxpooling operation (LeCun et al. 1998). ®
means Hadamard product, ® means matrix multiplication
for similarity, and ’ indicates the transposition operation.
The semantic enhanced multi-modal features are further fed
into our DiT-based denoiser. In this manner, the temporal
interaction authority of the generated listener head is well-
preserved.

Emotional Intensity Tags. For achieving fine-grained emo-
tion intensity control in listener dynamics, the Emotional
Intensity Tags serve as a key component in the VividLis-
tener framework. By integrating multi-modal information
(i.e.textual descriptions and motion features), EIT are in-
jected into both the input conditions and intermediate layers
of the framework. It provides emotional intensity control in
a dynamically modulated manner.

Specifically, we first aggregate the emotional intensity
tags with semantic-enhanced reactive features via element-
wise multiplication to produce the emotion guidance fed
into our framework. Different from directly stacking the DiT
blocks for listener dynamics generation, we further incorpo-
rate the aforementioned intensity tags and fused reactive mo-
tion cues into a specific-designed Emotional Control layer
to draw a fine-grained facial effect. As depicted in Figure 2
(upper right), the enhanced reactive fused features (i.e.Input
2) are integrated with intermediate listener motion embed-
dings (i.e.Input 1). Then we leverage the emotion tag repre-
sentations as the query () to match the key features K and
value features V' via the cross-attention mechanism. Along
with this operation, we further obtain the updated emotional
guidance embeddings by a convolution layer. Here, we take
a consideration leveraging the emotional guidance as the
modulated indicators which are exploited to boost the lis-
tener motion features via an adaptive instance normalization
(AdalN) layer (Huang and Belongie 2017). By conducting
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this, we derive the listener dynamics features as:

Eistener = AdaIN (Eistenem conU(Femo)) ) (3)

where Fj;stener denotes listener motion features, and F,,,,
indicates the emotion guidance produced by cross-attention.

Objective Functions

During the training phase, the entire framework is trained
with an end-to-end manner. Given the diffusion timestep ¢,
the current speaker motion S,,, and audio S,, the textual de-
scriptions text, emotional intensity tags o, and the noised
listener head motion H*), the denoiser is designed to gen-
erate continuous listener head dynamics. The denoising pro-
cess is constrained by a simple objective:

2
Lo=TEp,. MH — VividL(H®, Sy, Sa, text, o, t) M

4)

Where € ~ N(0,1) is the added random Gaussian noise,
H® = H+ V(¢ € represents the gradual noise addition pro-
cess at step t. vy € (0,1) is a constant hyper-parameter.
Emotional Intensity Predictor. To ensure that the gener-
ated listener emotion displays coherent alignment with the
input emotional intensity tags, we employ a pre-trained 3D
emotional intensity predictor to produce the corresponding
emotion tag for our results. The emotional intensity loss is
defined as follows:

- Pemotional(I:I) ||§, (5)

where H is our generated results. Pemotional de€notes emotion
intensity predictor.

Moreover, we utilize the velocity loss L,¢; to provide su-
pervision on the smoothness (Zhang et al. 2022). Finally, our
overall objective function is defined as follows:

[flotal = )\sﬁs + /\emolionalcemotional + Avelﬁvel-

Asimples Aemotional> and Ayl are the trade-off coefficients.

Eemotional - | | g

(6)

Experiments
Experimental Settings

Implementation Details. In our experiments, we set the to-
tal generated sequence length N = 240 with the normalized
fps=30. S, is initially an audio waveform, converted into
128 x 480 mel-spectrograms using a 512 FFT window and a
160 hop length. The textual descriptions text of the listener
are encoded with the CLIP model (Radford et al. 2021). The
listener emotional intensity tags o are obtained at the fre-
quency of 5 Hz. In the training stage, we empirically set
Asimple=2, Aemotional=0.2, Ave1=0.8. The initial learning rate is
setto 1 x 10~° with AdamW optimizer (Loshchilov 2017).
Evaluation Metrics. To comprehensively evaluate the re-
alism, synchrony, and diversity of the generated listener dy-
namics, we introduce several metrics, including Fréchet Dis-
tance (FD), Paired Fréchet Distance (P-FD), Mean Squared
Error (MSE), Shannon Index (SID), Variance (Var), and
Residual Pearson Correlation Coefficient (rPCC). Please re-
fer to the supplementary materials for details.



Dataset Scenario Methods FD} P-FD} MSE| SIDY Varf PCeCy
Exp Pose Exp Pose Exp Pose Exp Pose Exp Pose Exp Pose
Interview X4+ RLHG (Zhou et al. 2022) 5.842 0.021 6.164 0.020 0.133 0.003 4.765 3.797 0.212 0.015 0.033 0.005
DailyX L2L (Ng et al. 2022) 11.510 0.115 11.770 0.113 0.260 0.127 1.930 1.131 0.182 0.014 0.028 0.134
(ListenerX) DIM (Tran et al. 2024) 7.805 0.046 8.291 0.042 0.212 0.006 4.050 3.441 0.216 0.013 0.074 0.011
Vividlistener (Ours) 3.792 0.036 4.177 0.038 0.120 0.006 4.803 3.830 0.210 0.015 0.040 0.037
RLHG (Zhou et al. 2022) 41.510 0.122 41.961 0.126 0.854 0.028 1.040 2.452 0.882 0.004 0.068 0.171
DailyX(Train) L2L (Ng et al. 2022) 44.020 0.053 44.644 0.058 0.920 0.011 1.452 2.630 0.884 0.005 0.043 0.154
InterviewX(Test) DIM (Tran et al. 2024)  44.643 0.142 44.870 0.147 0913 0.020 0910 2.474 0.882 0.005 0.043 0.138
Vividlistener (Ours) 16.309 0.023 16.890 0.028 0.363 0.003 1.460 1.506 0.821 0.005 0.094 0.168

Table 2: The top table presents a comparison with state-of-the-art methods on the ListenerX dataset, while the bottom table
illustrates cross-scenario inference results.] means the higher the better, and | indicates the lower the better.

ListenerX
Methods FD|  SID}  Varf  PCC|
w/o TSI 6.38 1.82 0.18 0.09
w/o EC 4.00 4.72 0.18 0.05
w/o EIP 5.95 2.07 0.09 0.08
Vividlistener (Full) 3.79 4.80 0.21 0.04

Table 3: Ablation study of modules on the ListenerX dataset.

ListenerX
Input Conditions FDJ SIDT Vart PCC
w/o Text 4.83 4.14 0.18 0.05
w/o Tag 4.79 4.34 0.10 0.04
Vividlistener (Full) 3.79 4.80 0.21 0.04

Table 4: Ablation study of conditions on the ListenerX.

Quantitative Analysis

Comparisons with the SOTA counterparts. To verify ef-
fectiveness of our method, we compare VividListener with
SOTA models for listener modeling: L2L (Ng et al. 2022),
RLHG (Zhou et al. 2022), and DIM (Tran et al. 2024). These
models are re-trained and tested on our dataset using the
source code released by authors. Experiments are conducted
in two groups: firstly, on the whole ListenerX dataset to as-
sess performance in complex scenarios, secondly, on DailyX
for training and InterviewX for testing to evaluate general-
izability. As shown in Table 2, VividListener consistently
outperforms competing models. Notably, in second exper-
iment, it achieved a 25.21% reduction in FD compared to
sub-optimal models, demonstrating superior generalization.
Ablation Study. To further evaluate the effectiveness of our
network design, we conduct the ablation studies on differ-
ent components and input conditions as variations. For ver-
ifying the effects of the Vividlistener modules, we con-
duct ablation studies on the Temporal Semantic Interaction
(TSI), Emotional Control (EC), and the Emotional Identity
Predictor (EIP). As shown in Table 3, removing TSI weak-
ens semantic association and temporal modeling between
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Figure 3: Visual comparisons on ListenerX. We present
visualizations of listener motions generated on Listen-
erX compared to various state-of-the-art methods. Unlike
other approaches, our VividListener input incorporates fine-
grained textual descriptions (shown in the last row).

text and speaker information, degrading global control and
overall performance. When EC is removed, SID and rPCC
decrease, indicating its role in enhancing interactive infor-
mation and control over listener motion. Lastly, removing
the EIP results in a decline in the Var metric, indicating its
role in maintaining intensity consistency for higher-quality
emotional expression. For verifying the effects of the con-
ditional input guidances, we conduct ablation studies by
removing the text input and the emotion intensity tags, as
shown in Table 4. Removing the text disrupts the semantic
guidance provided by textual descriptions, leading to seman-
tic alignment loss in the generated listener motion. This re-
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Figure 4: Conditional Control Results. We generate listener head dynamics by inputting the speaker audio and head motion
information (shown in the top-left corner) alongside dataset-based emotion descriptions (shown in the bottom-left corner).
Additionally, we utilize open-vocabulary text inputs to further enrich the generation process. Each example incorporates three
VA values (e.g., -0.9, +0.3, +0.9) to control emotional intensity levels (Please Zoom in for better details.)

Methods L2L ViCo
FD|] SIDT FDJ] SIDT
RLHG 7.56 4.38 5.37 6.73
L2L 7.21 4.75 6.10 5.95
DIM 6.97 3.76 6.28 6.02
Ours 5.36 6.84 5.39 7.84

Table 5: FD and diversity on L2L and ViCo datasets.

sults in noticeable degradation in the rPCC and FD metrics,
as the model fails to establish coherent interactions between
speaker cues and listener responses. Similarly, removing the
emotion intensity tag weakens the model ability to modulate
the intensity of the generated motion, reducing the diversity
and emotional expressiveness (SID and Var) of the output.

Experiments Conducted on Existing Datasets To validate
the effectiveness of our method, we conduct comparative ex-
periments against several state-of-the-art approaches on two
representative datasets, L2L and ViCo, both featuring short
durations and limited modality coverage. As shown in Ta-
ble 5, our method consistently surpasses all baselines across
key evaluation metrics. These results underscore the advan-
tage of our framework in short-term, low-resource scenarios.

Qualitative Analysis

Comparisons with the SOTA counterparts. To fully
demonstrate the superior performance of VividListener, we
present visualized keyframes generated by our method com-
pared with various counterparts on ListenerX dataset. As
shown in Figure 3 , our method produces more vivid and ac-
curate listener head motions compared to other approaches.
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Specifically, we observe that L2L tends to generate rigid
and monotonous results in long-sequence generation. RLHG
achieves higher diversity. however, its facial expressions and
head dynamics are limited in terms of expressiveness. DIM
generates richer motions, yet results lack synchronization
with speaker thythm, leading to poor interactive dynamics.
Conditional Control Results. Figure 4 illustrates listener
head motion generation results under different text-based
conditions and emotional intensity controls. By incorporat-
ing open-vocabulary textual input conditions, our method
surpasses the limitations of fixed-text descriptions in tradi-
tional datasets. For instance, Description 1 captures a grad-
ual transition from a ”somber expression” to a “brightened
mood,” while Description 2 show cases richer emotional
fluctuations, demonstrating the model’s adaptability and ca-
pability to generate diverse and nuanced dynamics.More
qualitative results in the supplementary materials.

Conclusion

In this paper, we present VividListener, a novel framework
for expressive and controllable listener dynamics model-
ing in multi-modal responsive interaction. To support this
task, we introduce ListenerX, a large-scale 3D dyadic con-
versation dataset with fine-grained multi-modal conditions.
We further propose a Responsive Interaction Module for
listener-speaker alignment and integration, and design Emo-
tional Intensity Tags for emotion intensity modulation. Ex-
perimental results on ListenerX demonstrate that VividLis-
tener achieves state-of-the-art performance in generating ex-
pressive and controllable listener reactions. In future work,
we aim to explore more complex scenarios, such as jointly
modeling speakers and listeners in dialogue interactions.
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