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interaction elements, DualTalk supports speaking and listening role transition, multi-round conversations, and natural interaction.

Abstract

In face-to-face conversations, individuals need to switch
between speaking and listening roles seamlessly. Existing
3D talking head generation models focus solely on speak-
ing or listening, neglecting the natural dynamics of inter-
active conversation, which leads to unnatural interactions
and awkward transitions. To address this issue, we pro-
pose a new task—multi-round dual-speaker interaction for
3D talking head generation—which requires models to han-
dle and generate both speaking and listening behaviors in
continuous conversation. To solve this task, we introduce
DualTalk, a novel unified framework that integrates the dy-
namic behaviors of speakers and listeners to simulate re-
alistic and coherent dialogue interactions. This framework
not only synthesizes lifelike talking heads when speaking
but also generates continuous and vivid non-verbal feed-
back when listening, effectively capturing the interplay be-
tween the roles. We also create a new dataset featur-
ing 50 hours of multi-round conversations with over 1,000
characters, where participants continuously switch between
speaking and listening roles. Extensive experiments demon-
strate that our method significantly enhances the natu-
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ralness and expressiveness of 3D talking heads in dual-
speaker conversations. We recommend watching the sup-
plementary video:https://zigiaopeng.github.
io/dualtalk

1. Introduction

Interactive conversational agents [4, 7, 17, 37], particu-
larly 3D talking heads [16, 25, 30, 34, 43], are increas-
ingly central to diverse applications, such as customer ser-
vice, remote work, educational platforms, and entertain-
ment [2, 12, 27, 40, 41]. The ability of these agents to
engage in human-like conversations significantly enhances
user experience, offering more intuitive and accessible in-
teractions [38]. Fluid conversations between participants
are crucial, as they make interactions more lifelike and
deepen emotional and cognitive engagement.

However, existing 3D talking head methods typically
model either the speaker [6, 9, 31, 44] or the listener [22, 32]
independently, overlooking the dynamic role-shifting inher-
ent in real-world interactions, where individuals transition
seamlessly between speaking and listening. Speaker-only
models [28, 29, 35, 39] generate synchronized lip move-
ments for speaking segments, yet largely neglect the essen-
tial listening behaviors that contribute to natural and cohe-
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sive interactions. Conversely, listener-only models [19, 23,
33, 36] are often limited to short, reactive expressions, lack-
ing the capacity to capture the ongoing, bidirectional flow
of human communication. This gap restricts the authentic-
ity of these conversational simulations.

To bridge this gap, we propose a new task: multi-round
dual-speaker interaction for 3D talking head generation.
This task emphasizes the limitations of existing speaker-
only and listener-only models, which are insufficient to
capture the nuanced interplay that shapes the tone, facial
expressions, and dynamics of real conversations. For in-
stance, in natural conversations, a speaker’s facial expres-
sions may adjust in response to non-verbal cues from the
listener—such as nodding or expressions signaling under-
standing or confusion. Expanding beyond previous models,
our goal is to dynamically simulate both speaking and lis-
tening roles, adapting to spoken words as well as non-verbal
interactions, thereby enabling more authentic and engaging
conversations.

To address this challenge, we introduce DualTalk, a
novel unified framework designed to integrate the dynamic
behaviors of both speakers and listeners, enabling realis-
tic simulation of multi-round conversational interactions.
Unlike previous methods [22, 28, 29] that typically model
speaker and listener roles separately, often resulting in static
and disjointed interactions, DualTalk treats the partici-
pant as switching between two states: speaking and lis-
tening, as shown in Fig. 1. Our approach includes four
primary modules to support realistic dual-speaker interac-
tions. The Dual-Speaker Joint Encoder first captures audio
and visual signals from each speaker, generating a unified
representation. This is followed by the Cross-Modal Tem-
poral Enhancer, which aligns these features over time, pre-
serving the natural flow of conversation. The Dual-Speaker
Interaction Module then integrates these features to capture
dynamic inter-speaker interplay, allowing for context-aware
responses. Finally, the Expressive Synthesis Module fine-
tunes the generated expressions, producing nuanced facial
animations. This approach not only enhances lip synchro-
nization during speaking segments but also ensures that lis-
tener responses are vivid and contextually aligned, captur-
ing the subtle non-verbal cues essential for lifelike interac-
tions.

For training and evaluation, we create a novel dataset for
dual-speaker interaction in 3D talking head generation. To
the best of our knowledge, this is the first 3D facial mesh
dataset crafted for face-to-face, multi-round interactions.
This dataset includes dual-channel audio, which allows for
isolating each speaker’s voice within multi-speaker environ-
ments—a critical feature for analyzing and synthesizing re-
alistic conversations. It comprises approximately 50 hours
of conversational data from over 1,000 unique identities,
each engaging in multiple rounds of dialogue, with an av-

erage of 2.5 rounds per session. Each session is captured
with high-quality video, precise audio, and detailed facial
expression coefficients. With these features, we have con-
structed a benchmark for evaluating dual-speaker conver-
sations. The DualTalk dataset provides an essential foun-
dation for training models that require rich conversational
context and detailed interaction dynamics, enabling the Du-
alTalk model to excel in generating authentic, multi-round
conversations.

In summary, the contributions of this paper are as fol-
lows:

e We propose a new research task focused on dual-speaker,
multi-round interactive conversation, providing a clear
framework for modeling continuous dual-speaker dia-
logues.

e We introduce DualTalk, a unified model designed for
multi-round dual-speaker interactions, enabling seamless
transitions between speaker and listener roles and enhanc-
ing interaction realism.

e We create a novel, large-scale dataset and benchmark
specifically designed for dual-speaker interaction, pro-
viding an essential foundation for advancing realistic 3D
talking head generation in dual-speaker scenarios.

2. Related Work
2.1. 3D Talking Head Generation

3D talking head generation [5, 43] has become an important
research area in computer vision. Early methods primarily
focused on generating lip-synchronized facial animations
based on audio input. Cao et al.[3] achieved emotional lip
synchronization through a constraint-based search within
an animation graph structure. This approach required mo-
cap data specific to the animated subject, offline processing,
and the combination of various motion segments. Later,
Karras et al.[15] proposed an end-to-end CNN that learned
mapping from waveforms to 3D facial vertices. Recent ad-
vancements, such as FaceFormer [9], CodeTalker [39], and
SelfTalk [28], introduced geometry-based methods using
facial mesh representations to enhance realism in 3D talk-
ing heads. UniTalker [8] improved generalization by train-
ing across multiple datasets and fine-tuning with minimal
data, while ScanTalk [26] enabled 3D face animation with
any topology, thus broadening application scenarios. De-
spite these advancements, most models are still primarily
focused on generating individual speech segments, lacking
the capacity to support continuous, interactive behaviors re-
quired for natural conversation dynamics.

Our DualTalk model differs from these approaches by
jointly modeling both speaker and listener behaviors in
dual-speaker scenarios, allowing for seamless transitions
between roles.
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Figure 2. Overview of DualTalk. DualTalk consists of four components: (a) Dual-Speaker Joint Encoder, (b) Cross-Modal Temporal
Enhancer, (c) Dual-Speaker Interaction Module, and (d) Expressive Synthesis Module, enabling the generation of smooth and natural

dual-speaker interactions.

2.2. Listener Modeling and Non-Verbal Feedback

A complementary research area is the modeling of non-
verbal listener behaviors [14, 18-20, 23, 24, 32, 33, 36,
42]. In human conversations, listeners convey subtle cues
through facial expressions, head nods, and eye movements,
which play a crucial role in the conversational flow and in
making interactions feel more natural. Various studies have
modeled listener behaviors with neural networks. For ex-
ample, Learning2listen [22] generates brief listener reac-
tions, such as head nods and facial expressions, based on the
speaker’s speech and facial mesh. However, this approach
is limited to short, single-round reactions and does not
support continuous, multi-round interactions. Other meth-
ods [19, 32, 36] predict facial expressions given a conver-
sational context but capture only brief, isolated reactions,
falling short of the fluidity required for extended dialogues.

The work most relevant to our approach is Au-
dio2Photoreal [24], which generates photorealistic avatars
based on conversational audio. However, this model re-
lies solely on audio for modeling and lacks visual feedback
from the other participant’s expressions. In contrast, our
DualTalk method provides a unified framework capable of
adjusting based on the counterpart’s expressions, enabling
seamless role transitions between speaker and listener, thus
enhancing the realism and dynamism of interactions across
multi-round conversations.

3. Task Definition

The primary objective of DualTalk is to generate realis-
tic and dynamic dual-speaker interactions in 3D talking
head conversations, enabling natural transitions between
speaking and listening roles. Traditional approaches often
treat speaker and listener roles separately, failing to cap-
ture the fluid dynamics of real-life conversations. Further-

more, without integrated audio-visual understanding, mod-
els struggle to adjust a speaker’s expressions based on the
feedback received from their conversational partner, lead-
ing to less natural outcomes. DualTalk aims to address
these limitations by simulating responsive, synchronized re-
actions between two participants.

In this task, the input consists of Speaker-A’s audio (A 4)
and head motion (M 4), as well as Speaker-B’s audio (A ).
Based on these inputs, the model generates Speaker-B’s
head motion (M p) that synchronizes with the conversa-
tional context, reflecting both the verbal and non-verbal
cues from Speaker-A. Formally, this process can be defined
as a function f mapping the inputs to the desired output:

Mp = f(A4,Ma, Ap), (1)

where f models the conversational dynamics, allowing
Speaker-B’s head motion M5 to be conditioned on both
Speaker-A’s audio and motion, as well as Speaker-B’s own
audio. This formulation enables DualTalk to generate syn-
chronized and contextually responsive head motions for
Speaker-B, effectively capturing the non-verbal feedback
and conversational interplay characteristic of natural dual-
speaker interactions.

4. Method
4.1. Overview

In this section, we introduce DualTalk, a unified framework
designed to model dual-speaker interactions for 3D talking
head generation, as depicted in Fig. 2. The framework con-
sists of four main components: the Dual-Speaker Joint En-
coder, Cross-Modal Temporal Enhancer, Dual-Speaker In-
teraction Module, and Expressive Synthesis Module. Each
component contributes to generating coherent and expres-
sive 3D talking head animations.
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4.2. Dual-Speaker Joint Encoder

The Dual-Speaker Joint Encoder captures multimodal fea-
tures from both speakers, integrating audio and blendshape
information into a unified feature space. This encoder in-
cludes separate Wav2Vec 2.0 [1] audio encoders for each
speaker, which process the audio inputs A 4 and A p into
high-dimensional feature representations. Additionally, the
encoder includes a blendshape processing branch that en-
codes the blendshape parameters, capturing Speaker-A’s fa-
cial motion M 4.

Let Ay € RTa*F and Ag € RTBXF represent the raw
audio signals for Speaker-A and Speaker-B, respectively,
where T4 and T are the sequence lengths and F' is the
sampling rate. Each audio input is processed through a pre-
trained Wav2Vec 2.0 encoder [1]:

Hj = Eaudio1(A4a), Hp = Eawiz(AB), (2

where Hy, Hp € REZ*D are the encoded audio features,
with L being the length of the encoded feature sequence and
D = 1024 representing the output embedding dimension
from the audio encoder.

These high-dimensional audio features are then linearly
projected into a shared feature space of dimension d:

Zy=W.Hy, Zp=W,Hpg, 3)

where W, € R4*P is a learnable projection matrix, and
Z 4, Zp € RY*4 are the transformed audio features for both
speakers, mapped into a lower-dimensional space compati-
ble with the blendshape embeddings.

In parallel, the blendshape encoder processes Speaker-
A’s facial motion coefficients M4 € RV *? where N is the
number of frames and b is the number of blendshape co-
efficients (e.g., b = 56). The blendshape encoder consists
of a two-layer fully connected network with ReLU activa-
tions, which transforms the input into an embedding space
of dimension d:

M/ = foend(Ma) =0 (WZ(JQ) o (Wél)MA)) L@

where Wél) € R*% and Wz()2) € R%* are the weights of
the fully connected layers, and o denotes the ReLLU activa-
tion function. The output M, € RV* is the blendshape
feature embedding, which captures the dynamics of facial
movements.

4.3. Cross-Modal Temporal Enhancer

The Cross-Modal Temporal Enhancer module integrates au-
dio and blendshape features, ensuring temporal coherence
across frames. This module employs a multimodal cross-
attention mechanism to align audio and visual modalities,
followed by a bidirectional LSTM [13] to capture tempo-
ral dependencies. This structure allows for synchronized

temporal dynamics, resulting in a coherent multimodal rep-
resentation across time. The cross-attention mechanism en-
hances the blendshape features by leveraging audio cues,
producing a fused feature C € RX*9,

Specifically, cross-attention is computed as follows:

Q=7Z,W, K=M,W, V=MW, (O

where W, W, W, ¢ R%*4 are learnable matrices for
query, key, and value vectors. The cross-attention output is

computed as:
-
C = softmax <QK > V. (6)
Vd

This formulation allows the blendshape features to be mod-
ulated by the audio features, aligning the visual representa-
tion with the acoustic cues in a contextually-aware manner.

After obtaining the cross-attention output C, the next
step is to model temporal dependencies using a bidirectional
LSTM. The bidirectional LSTM processes C in both for-
ward and backward directions, which captures context from
both past and future frames:

T = BiLSTM(C). )

T € RE*2" represents the temporally enhanced feature,
where h is the hidden size of the LSTM. The bidirectional
nature of the LSTM allows the model to consider both
prior and subsequent context within the temporal sequence,
which is crucial for producing a coherent cross-modal out-
put.

Finally, Z4 and T are concatenated along the feature
dimension to form a combined representation I € RT>24:

I = Concat(Z4,T), (8)

where Concat(-) denotes the concatenation operation
along the feature dimension. The resulting I encodes both
the primary speaker’s audio information and the cross-
modal temporal features of the secondary speaker, effec-
tively capturing the multifaceted aspects of the interaction.

4.4. Dual-Speaker Interaction Module

The Dual-Speaker Interaction Module captures and en-
hances interdependencies between speakers, enabling re-
alistic, context-aware interactions. This module utilizes a
Transformer encoder, Modal Alignment Attention, and a
Transformer decoder to capture complex dual-speaker dy-
namics.

The combined features are first processed through a
Transformer encoder to capture long-range dependencies
and intricate interaction patterns between speakers. This en-
coder outputs feature representations fi, fé, ceey fép that en-
code the dynamics of both speakers across the conversation
sequence.
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multimodal data for training.

To effectively align these multimodal features, we in-
troduce a Modal Alignment Attention mechanism using an
alignment mask, inspired by FaceFormer’s biased atten-
tion [9]. This mechanism adjusts the focus between au-
dio and facial cues, synchronizing responses of both speak-
ers and ensuring contextual alignment in generated inter-
actions. The Modal Alignment Attention (M-A Attention)
refines the Transformer encoder outputs to align temporal
information from both speakers, enhancing response coher-
ence:

1"

f = M-A Attention(f,), t=1,2,....T (9
The refined sequence f,,f,,... £ is then passed
through a Transformer decoder, which iteratively processes
these features to produce a contextually enriched represen-
tation. This representation captures the primary speaker’s
expressions while dynamically incorporating non-verbal
cues from the secondary speaker, facilitating bidirectional
interaction. The output of the Transformer decoder, denoted
as D, is then passed to the Expressive Synthesis Module.

4.5. Expressive Synthesis Module

The Expressive Synthesis Module is the final component re-
sponsible for generating the facial animations by predicting
blendshape parameters that drive the 3D talking head.

The Transformer decoder output D is processed through
an adaptive expression modulation mechanism to enhance
emotional expressiveness. This step ensures that the final
blendshape parameters capture not only lip-sync accuracy
but also the emotional tone of the interaction. The adaptive
expression modulation is defined as:

D' =D + o - Mod(D), (10)

where « is a modulation factor that controls the extent of
adjustment, and Mod(D) is computed as:

Mod(D) = 0(DW,,, + b,,,), (11)
with W,, € R4 and b,, € R? as learnable parame-

ters and o as the ReL.U activation function. The modula-
tion term dynamically adjusts the expression output based

Round 1
Round 2

Round 3

1995

34.6% Round 4
Round 5§ ﬁ
Round 6+

Figure 4. Distribution of conversation rounds in DualTalk dataset
and example samples.

Multi-Round

Datasets Duration Identities Interaction .
Conversations
VOCASET [6] 0.5h 12 X X
BIWI[10] 1.44h 14 X X
ViCO [42] 1.6h 92 v X
L2L [22] 72h 6 v X
Lm_listener [23] 7h 4 v X
RealTalk [11] 8h - v X
DualTalk 50h 1000+ v v

Table 1. Comparison of different 3D talking head datasets. Du-
alTalk dataset offers over 50 hours of data, 1,000+ identities, in-
teraction, and multi-round conversations.

on interaction context, adapting expressions to fit emotional
cues.

Finally, the modulated output D' e RExd jg mapped to
the blendshape parameter space through a fully connected
layer:

Mg = D'W, + b,, (12)

where W, € R%*? and b, € R® are learnable parame-
ters for the output layer, and b denotes the dimensionality
of the blendshape parameters (e.g., b = 56). The output
Mp € REX? represents the predicted Speaker-B’s face mo-
tion coefficients for each frame, which directly controls the
3D facial animation.

4.6. Dataset Construction

The DualTalk dataset is created to address the limitations of
existing datasets that lack support for dual-speaker, multi-
round conversations with comprehensive audio-visual syn-
chronization. Current datasets focus on single-speaker sce-
narios or lack isolated audio streams for each participant,
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FD | P-FD | MSE | SID rPCC |
Methods EXP JAW POSE EXP JAW POSE EXP JAW POSE EXP JAW POSE EXP JAW POSE
x10%  x10? x103  x10%2 x10' x10® x10? x102  x10' x10!
FaceFormer [9] | 3490 540 800 | 3490 540 800 | 697 180 267 | 054 036 050 | 13.05 241 5.27
CodeTalker [39] | 48.57 6.89 10.74 | 4857 6.89 1074 | 971 229  3.58 0 0 0 11.06 233 511
EmoTalk [29] 2986 433 754 | 3020 436 758 | 688 176 259 | 286 1.72 098 | 989 219 494
SelfTalk [28] 3577 549 814 | 3577 549 814 | 7.15 183 271 | 249 130 128 | 1225 239 470
L2L [22] 2461 3.69 7.08 | 2499 374 713 | 568 148 249 | 286 189 1.19 | 852 206 4.1l
DualTalk 1114 190 3.83 | 11.88 197 397 | 359 104 172 | 348 223 172 | 473 137 238
FaceFormer [9] | 3592 539 860 |3593 539 860 | 718 1.80 287 | 054 040 051 | 1171 216 5.73
CodeTalker [39] | 50.05 6.95 11.66 | 50.05 6.95 11.66 | 10.01 232  3.88 0 0 0 1024 218 5.6
EmoTalk [29] 34.12 4.17 859 | 3444 421 862 | 773 171 294 |28 179 094 | 944 196 554
SelfTalk [28] 3623 536 889 | 3623 536 889 | 724 179 296 | 261 136 108 | 1126 213  5.67
L2L [22] 3049 3.82 856 | 3087 386 8.6l 6.87 154 298 | 276 191 1.11 9.02 194 499
DualTalk 2171 315 589 | 2256 322 6.06 | 597 150 248 | 298 194 138 | 686 1.60 3.28

Table 2. Quantitative comparison on DualTalk dataset. The top half shows results on the DualTalk Test set, and the bottom half shows
results on the OOD set. DualTalk outperforms all baselines across most metrics, indicating superior realism, synchronization, and diversity

in generated animations.

which is essential for training models that simulate both
speaking and listening roles. Additionally, most existing
datasets do not capture multi-round conversations, which
are critical for capturing natural, back-and-forth interac-
tions. To overcome these gaps, we create a dataset specifi-
cally designed for dual-speaker interactions, featuring syn-
chronized audio, video, and 3D facial data for high-quality
training of 3D talking head generation models. The pipeline
of dataset construction is shown in Fig. 3, and see supple-
mentary materials for details.

The dataset includes 5,858 video clips, amounting to ap-
proximately 50 hours of two-person conversation videos,
featuring 1,052 unique speakers. Each clip provides clear
visual and audio data, allowing for precise audio-visual syn-
chronization. We analyze the dataset’s distribution of dia-
logue rounds (as shown in Fig.4), which reveals a balanced
range from single-round to six or more rounds, with an av-
erage of 2.5 rounds per clip. This diversity supports training
across varying levels of dialogue complexity. Additionally,
Tab.l compares the DualTalk dataset with other datasets,
highlighting its unique advantages. The dataset is divided
into train, test, and out-of-distribution (OOD) sets, with
4,935 clips in the train set, 539 clips in the test set, and 384
clips in the OOD set. The OOD set includes speakers not
present in the train set, facilitating robust model evaluation.

5. Experiments
5.1. Quantitative Evaluation

We conduct three primary experiments to evaluate the per-
formance of DualTalk, comparing it with baseline models
and assessing its effectiveness across different datasets. De-
tailed experimental settings are provided in the supplemen-
tary materials.

LVE| FDD/
Methods (x10~° mm) (x10~7 mm) LRPT
VOCA [6] 4.9245 4.8447 72.67%
MeshTalk [31] 4.5441 5.2062 79.64%
FaceFormer [9] 4.1090 4.6675 88.90%
CodeTalker [39] 3.9445 4.5422 86.30%
SelfTalk [28] 3.2238 4.0912 91.37%
DiffSpeaker [21] 3.2879 4.4031 90.81%
DualTalk 2.7944 3.4006 96.69 %

Table 3. Quantitative comparison on VOCASET dataset.

Baseline Methods on DualTalk Dataset. In this ex-
periment, we retrain several baseline methods, including
FaceFormer [9], CodeTalker [39], EmoTalk [29], Self-
Talk [28], and L2L [22], on the DualTalk dataset. We em-
ploy a comprehensive set of evaluation metrics—including
Fréchet Distance (FD), Paired Fréchet Distance (P-FD),
Mean Squared Error (MSE), SI for Diversity (SID), and
Residual Pearson Correlation Coefficient (rPCC)—to assess
motion realism, synchronization, diversity, and expression
accuracy. As shown in Tab. 2, our method consistently
outperforms all baseline models on both the test sequences
and out-of-distribution (OOD) sequences of the DualTalk
dataset. DualTalk achieves lower errors in FD, P-FD, and
MSE, with over a 50% improvement in expression accuracy
compared to the second-best model, L2L. [22]. This per-
formance demonstrates that DualTalk generates more ac-
curate facial and head pose movements that better match
the dataset’s distribution of head motion. Furthermore, our
method improves expression diversity, with a 40% increase
in SID compared to SelfTalk [28], while preserving the
movement characteristics of the original dataset. The rPCC
metric, which measures motion synchronization between
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Figure 5. Qualitative comparison of speaking and listening states. The left side shows facial expressions in the speaking state, with
DualTalk achieving more accurate lip movements compared to other methods. The right side shows expressions in the listening state, where
DualTalk captures expressive responses like smiling and nodding, outperforming other methods in naturalness and contextual relevance.

FD | P-FD | MSE |
Methods

exp pose exp pose exp pose
Random 72.88 0.12 7582 0.12 2.05 0.03

Nearest Audio  65.77 0.10 6884 0.10 1.77 0.03
Nearest Motion 42.41 0.06 4533 0.06 127 0.02

L2L [22] 3393 0.06 3588 0.06 093 0.01
RLHG [42] 39.02 0.07 40.18 0.07 086 0.01
DIM [36] 2388 0.06 2439 0.06 0.70 0.01
DualTalk 22.27 0.05 2381 0.05 0.58 0.01

Table 4. Quantitative comparison on ViCo dataset.

the speaker and listener, shows that our method achieves
the best synchronization results. We also test metrics by
concatenating outputs from speaker-only and listener-only
models, which lead to inferior results. This outcome indi-
cates that DualTalk produces more realistic, synchronized,
and diverse motion outputs than other approaches when
trained on the same dataset.

DualTalk on Speaker-Only VOCASET. To further
evaluate DualTalk’s capability in generating high-quality
facial animations, we train and test our model on the
speaker-only VOCASET. Tab. 3 presents results in terms of
Lip Vertex Error (LVE), Facial Dynamics Deviation (FDD),
and Lip Readability Percentage (LRP). Compared to other
audio-driven models, including VOCA, MeshTalk, Face-
Former, and CodeTalker, DualTalk demonstrates significant
improvements, achieving the lowest LVE and FDD and the
highest LRP score. In particular, we surpass SelfTalk by 5%

Lip Sync Pose Expression  Visual
Methods Accuracy Naturalness Richness  Quality
FaceFormer [9] 2.615 2.502 2.460 2.235
CodeTalker [39] 1.854 2.011 1.972 1.830
EmoTalk [29] 3.250 3.471 3.331 3.269
L2L [22] 3.872 4.067 3.814 3.750
DualTalk 4.164 4.276 4.253 4.088

Table 5. User Study. Rating is on a scale of 1-5; the higher the
better.

in LRP, indicating that our method has superior lip move-
ment accuracy. These results highlight DualTalk’s effective-
ness in accurately capturing and replicating audio-driven fa-
cial dynamics.

DualTalk on Listener-Only ViCo Dataset. We evaluate
DualTalk on the listener-only ViCo dataset to examine its
ability to model listener responses accurately. As shown in
Tab. 4, DualTalk outperforms methods such as L2L [22],
RLHG [42], and DIM [36], achieving the lowest FD and
P-FD scores, as well as the lowest MSE and highest SID
values for listener responses. This performance indicates
that DualTalk effectively captures listener-specific head and
facial motions, surpassing baseline methods in generating
diverse and responsive listener animations.

Performance Efficiency. In addition to accuracy, we
evaluate the runtime efficiency of DualTalk. The model re-
quires only 0.03 seconds to generate one second of feed-
back, underscoring its suitability for real-time applications.
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FD | P-FD | MSE | SID ¢
Ablation Study EXP JAW POSE EXP JAW POSE EXP JAW POSE EXP JAW POSE

x10%  x10? x10®  x10%2  x10' x10% x10?
DualTalk 11.14 190 3.83 | 11.88 197 3.97 359 1.04 1.72 | 348 223 172
w/o Speaker-A’s Speech 2327 4.01 548 | 2374 4.09 5.51 482 142 1.85 1.68 1.23 1.13
w/o Speaker-A’s Expression 28.43 472 591 | 29.10 4.79 6.05 568  1.57 1.97 147  1.05 097
replace Audio Feature Extractor with MFCC | 27.42  3.96 725 | 2795 4.02 7.31 6.02 1.55 2.51 271  1.66 1.06
w/o Cross-Modal Temporal Enhancer 1631 2091 4.92 16.66  2.95 4.97 4.00 1.27 1.79 322 2.00 1.40
w/o Dual-Speaker Interaction Module 16,70 299 478 | 1727 3.05 4.87 427 132 1.84 | 3.03 2.05 1.47
w/o Adaptive Expression Modulation 1328 246 453 | 13.81 251 4.63 363 1.12 1.80 | 3.35 213 1.55

Table 6. Ablation study for our components. We show the FD, P-FD, MSE, and SID in different cases.

5.2. Qualitative Evaluation

In addition to quantitative metrics, we perform qualitative
evaluations to assess the perceptual quality and realism of
the 3D talking heads generated by DualTalk. These evalua-
tions focus on the accuracy of lip synchronization, smooth-
ness of facial expressions, and the relevance of head and
facial movements to the conversational context. We com-
pare the results against several baseline methods, including
FaceFormer [9], CodeTalker [39], and EmoTalk [29].

We visualize the output from each method in both speak-
ing and listening modes, as shown in Fig. 5. In speak-
ing mode, DualTalk demonstrates larger facial movements
and greater expressiveness. Compared to CodeTalker [39],
DualTalk achieves notably better visual quality in gener-
ating speaking expressions. In listening mode, we visual-
ize a sequence of four frames showing a positive response,
where DualTalk effectively combines a smiling expression
with a nodding motion. This result underscores DualTalk’s
ability to enhance expressiveness in the listener role while
providing contextually appropriate responses to the other
speaker’s speech and expressions.

To further validate these observations, we conduct a user
study in which participants rated the realism and expres-
siveness of the generated animations. We extract 30 video
clips, each lasting over 10 seconds, and invited 30 partici-
pants to evaluate them. The questionnaire is designed us-
ing the Mean Opinion Score (MOS) rating protocol, asking
participants to rate the generated videos from four perspec-
tives: (1) Lip Sync Accuracy, (2) Pose Naturalness, (3) Ex-
pression Richness, and (4) Visual Quality. The results are
summarized in Tab. 5, where DualTalk outperforms previ-
ous methods across all evaluations.

5.3. Ablation Study

To investigate the contributions of each component in our
model, we conduct an ablation study by systematically re-
moving or modifying key modules and inputs. The results,
presented in Tab. 6, highlight the impact of each component
on performance, measured by Fréchet Distance (FD), Paired
Fréchet Distance (P-FD), Mean Squared Error (MSE), and
SI for Diversity (SID) across expression, jaw, and pose.

Removing Speaker-A’s speech and expression leads to
significant performance decreases, with FD scores rising to
23.27 and 28.43 for expressions, respectively, emphasizing
the importance of incorporating these cues for realistic in-
teractions. Replacing our audio encoder with MFCC results
in a decrease in SID from 3.48 to 2.71, demonstrating the ef-
fectiveness of our audio encoder in capturing dual-speaker
nuances. Excluding the Cross-Modal Temporal Enhancer
and Dual-Speaker Interaction Module results in elevated P-
FD and MSE scores, highlighting their critical roles in en-
suring temporal synchronization and capturing interactive
dynamics. Finally, removing the Adaptive Expression Mod-
ulation reduces expressiveness, with FD in expressions in-
creasing to 13.28, confirming its value in producing contex-
tually responsive expressions.

6. Conclusion

In this paper, we present DualTalk, a unified framework for
muti-round dual-speaker 3D talking head generation that
seamlessly models both speaker and listener roles. By in-
tegrating these roles within a single model, DualTalk en-
ables natural transitions and more realistic interactions in
extended conversations. To support this task, we created a
large-scale dataset with dual-channel audio and multi-round
interactions, providing a benchmark for dual-speaker mod-
eling. Our extensive experiments demonstrated that Du-
alTalk outperforms state-of-the-art methods in both lip syn-
chronization and listener feedback generation, producing
more fluid and expressive conversations.
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