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Abstract

Dyadic interactive head generation aims to synthesize re-
alistic head motions that respond both verbally and non-
verbally to an interlocutor in real-time conversation. The
existing works often focus on offline scenarios, and struggle
with a shallow understanding of the multimodal conversa-
tional context while also lacking long-term coherence. To
address these limitations, we propose MimicTalker, a novel
method for producing real-time, contextually-aware, and
long-term consistent interactive head motions. To this end,
we propose a Multimodal Interactive Context Extraction
(MICE) module to capture both instantaneous and long-
term multimodal interactive information from the interlocu-
tor. To enhance in-depth conversational understanding, we
propose a Semantic-enhanced Dynamic Interaction (SDI)
module to integrate the intentions and topics of the conver-
sation, which are automatically extracted through an LLM-
based analyzer. Further, we propose a semantic-guided Mo-
tion Style Memory (MSM) mechanism, enabling the long-
term motion consistency throughout the conversation. We
conduct experiments on both short conversational segments
(25 seconds) and extended dialogues (6 minutes), and the
comprehensive experiments demonstrate that our method
significantly outperforms existing approaches.

1. Introduction

Real-time dyadic interactive 3D head generation aims to
synthesize realistic head motions that respond to an in-
terlocutor both verbally and non-verbally, mimicking real-
world face-to-face conversations. It is vital for fostering
effective communication between humans and conversa-
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Figure 1. MimicTalker dynamically analyzes and utilizes the mul-
timodal context of a real-time conversation. It consists of MICE
to capture both short-term and contextually related long-term in-
formation of the interlocutor, SDI to dynamically integrate mul-
timodal context features, and MSM to efficiently maintain long-
term motion style consistency. As a result, MimicTalker produces
natural, consistent, and seamless reactions to the interlocutor’s
multimodal input in real time.

tional agents, and has promising applications in areas such
as educational platforms, online customer service, human-
computer interaction, and entertainment.

In recent years, many studies have been conducted on
talking head generation [7, 11, 28, 29, 36, 40] and listen-
ing head generation [20, 21, 25, 33, 39, 45]. Talking head
generation synchronizes the generated head motion with the
input audio but completely ignores the response to the inter-
locutor. Listening head generation, while focusing on the
interaction between two interlocutors, only generates non-
verbal responses such as nodding or smiling. These lim-
itations restrict usability in real-world conversations, and
therefore, attention has been increasingly drawn to dyadic
interactive head generation [6, 14, 23, 26, 34, 37, 46].



Despite being a more practical and universal way of en-
abling seamless human-agent interaction, real-time dyadic
interactive head generation is very challenging and should
meet the following criteria. Firstly, it should be able to
integrate the interlocutor’s multimodal conversational sig-
nals (including audio, motions, and semantics) and gener-
ate the responsive head motions in real time, e.g., if the in-
terlocutor bursts into laughter, the interactive head should
perceive this in real time and give its response. Secondly,
it should be aligned with the in-depth conversational se-
mantics, including the conversational topic and intentions
of the agent. Thirdly, it should be able to generate long
and consistent motion sequences, e.g., a real conversation
can be lengthy, and the interactive head should maintain
its personal style as long as the conversation lasts. How-
ever, most of the existing dyadic interactive head genera-
tion methods [26, 30, 34, 37, 46] are designed for offline
generation. These methods generate interactive motions
in clips, which require all the information in the clip as a
prerequisite and thus do not support real-time interaction.
As for those designed for real-time interaction, they either
underestimate the complex interaction between interlocu-
tors [6, 23] or overlook the in-depth understanding of the
conversation [14], resulting in interactions that are less real-
istic or natural in motion. Moreover, existing methods also
oversimplify the generation of longer sequences, which of-
ten compromises consistency over extended durations.

To tackle these challenges, we propose MimicTalker, a
novel framework for 3D real-time dyadic interactive head
generation, as illustrated in Fig. 1. MimicTalker lever-
ages specially designed semantic and memory modules to
deeply understand conversational dynamics and generate
realistic, style-consistent responses during extended inter-
actions. Specifically, to enable real-time interaction, the
framework incorporates the Multimodal Interactive Context
Extraction (MICE) module, which processes the interlocu-
tor’s multimodal input in a causal manner. The module cap-
tures both frame-level instantaneous interactions and con-
textually related long-term historical interactions, ensuring
that the generated reactions are both timely and contextually
appropriate. In order to further enhance the framework with
in-depth understanding of the conversation context, we in-
troduce the Semantics-enhanced Dynamic Interaction (SDI)
module, which integrates various types of semantic infor-
mation, such as intentions and conversation topic, while
continuously interacting with the interlocutor’s features in
real time. A large language model (LLM) based Automatic
Semantics Analyzer is employed to automatically analyze
both historical and ongoing conversations, providing de-
tailed semantic insights, including each interlocutor’s in-
tentions and the conversation topic. These semantic fea-
tures are carefully integrated into the corresponding parts of
the network, based on their characteristics. To ensure long-

term motion consistency, we propose the semantic-guided

Motion Style Memory (MSM), which maintains the inter-

active head’s historical intentions and their associated mo-

tion styles throughout the conversation. The MSM enables
efficient retrieval of the motion style that best corresponds
to the current intention and uses them as guidance, allow-
ing the interactive head to maintain a consistent style for
the same intention. Consequently, MimicTalker is capa-
ble of generating long, contextually appropriate, and style-
consistent motion sequences that respond to the interlocutor
in real time with natural and coherent reactions.

In brief, our main contributions are as follows:

* We propose a novel framework for dyadic interactive 3D
head generation in real-time conversation, producing re-
alistic, coherent, and contextually-aware head motions.

* We design a MICE module and a SDI module to effec-
tively extract and integrate the multimodal interaction in-
formation for both interlocutors.

* We introduce a novel semantic-guided Motion Style
Memory to efficiently maintain long-term consistency of
the generated head motion.

* We conduct comprehensive experiments and demonstrate
significant improvements in dyadic interactive head gen-
eration compared with existing methods.

2. Related Works
2.1. Talking Head Generation

Talking head generation is an important research area in
computer vision, and numerous studies have explored this
topic. Some works focus on 2D talking head generation,
where the goal is to synthesize realistic facial movements
synchronized with audio [7, 16, 19, 36, 41, 43]. Benefiting
from the recent advances in diffusion models [32, 42], state-
of-the-art methods can generate photorealistic talking head
videos [9, 10], but at the cost of long generation time.

Another line of work focuses on generating 3D talk-
ing head by animating a 3D face model based on au-
dio. Works such as FaceFormer [11], CodeTalker [40],
and SelfTalk [28] are capable of generating accurate lip-
synchronized animations. EmoTalk [29] enhances the ex-
pressiveness of the animation by generating emotional fa-
cial expressions. ARTalk [8] increases the generation speed
of talking head models while maintaining realistic and natu-
ral head motion. Lee ef al. [4] enhances lip synchronization
through audio-visual representation learning.

However, these methods are designed for one-sided com-
munication, and are mainly built for offline scenarios.

2.2, Listening Head Generation

In contrast to talking head generation, listening head gen-
eration is set in a dyadic conversation scenarios and gener-
ates non-verbal feedback for the interlocutor. Earlier work



adopts rule-based methods [2, 3, 13], and is limited to pre-
defined reaction motion sequences. Recent studies have
turned to learning-based methods through data-driven ap-
proaches to automatically learn to generate appropriate re-
actions based on the speaker’s conditions, improving mo-
tion diversity and expressiveness [5, 18, 20, 21, 25, 33, 39,
44, 45]. Even though some can generate vivid and realis-
tic responses, they are for non-verbal response only, and are
limited to generating short sequences in offline settings.

A simplistic dyadic head generation paradigm can be ob-
tained by combining existing talking head generation and
listening head generation. However, this approach fails to
model dynamic interactions between interlocutors or enable
smooth and natural speaker-listener role switching.

2.3. Dyadic Interactive Head Generation

As a unified framework that seamlessly integrates talking
head generation and listening head generation, dyadic inter-
active head generation has drawn increasing interest from
the research community. Some existing works [26, 30,
34, 37, 46] focus on the offline generation of the inter-
locutors’ motions while exploring the interactions between
them. Among them, [34, 37] explicitly assign the role of
speaker and listener, which reduces usability and leads to
stiff transitions. While [26, 30, 46] can freely switch be-
tween listening and speaking states, they require the full
sequence of both interlocutors and generate head motion
video segments in bulk. As a result, they are difficult to
implement in real-world interactions where real-time feed-
back is required. Real-time interaction scenarios are less
explored in existing research. AV-Flow [6] generates both
audio and head motion from text transcription, but does not
effectively capture in-depth interactions between interlocu-
tors. OmniResponse [23] fine-tunes an LLM to generate au-
dio and head-motion responses based on the interlocutor’s
visual and audio input. However, due to the modality gap, it
struggles to generate head motion responses synchronized
with dialogue audio, as evidenced by the demo videos on
their project page. ARIG [14] is the most relevant to our
work. It uses a lightweight diffusion network to generate
interlocutor’s head motion, given the two interlocutors au-
dio and the other interlocutor’s head motion. ARIG’s lim-
itation is that it neglects the in-depth understanding of the
semantics of the conversation, and similar to other meth-
ods, the long-term consistency of the generated sequence.
We demonstrate both of those are key to generating realistic
and coherent head motions.

3. Method

3.1. Overview

In this section, we introduce MimicTalker, a 3D talking
head generation framework for real-time dyadic interac-

tions. The network takes Speaker A’s audio (A 4), Speaker
B’s audio (A p) and head motion (M ) as input, and gener-
ates Speaker A’s head motion (M 4) that synchronizes with
A’s audio as well as reacts to B’s verbal cues (audio) and
non-verbal cues (head motion) in real time. The process
can be formally defined as follows,

M, = f(Ap, Mg, A ). (1)

The network f models the dynamic interactions between
Speaker A and Speaker B with a causal structure to en-
able A’s real-time response to B. Enhanced with a deep un-
derstanding of the conversation semantics and specially de-
signed memory modules, the network can model each inter-
locutor’s motion based on the flow of the conversation and
the interlocutor’s intentions, resulting in better consistency
and realism over the long term. As shown in Fig. 2, the net-
work consists of four main components: Multimodal Inter-
active Context Extraction, Semantics-Enhanced Dynamic
Interaction, Semantic-Guided Motion Style Memory, and
Automatic Semantics Analyzer.

3.2. Multimodal Interactive Context Extraction

MICE module enables the network to perceive Speaker B’s
multimodal features in real time. The existing methods pro-
cess the interlocutor’s features in bulk within a time win-
dow, which introduces an innate time delay that cannot be
avoided due to the dependency on future context. In con-
trast, our method processes Speaker B’s features frame by
frame in real time, eliminating the innate latency and en-
abling responsive interactions. Moreover, enhanced with
the Contextually-Aware Memory, the module can model
historical interactions that are closely connected to Speaker
B’s intention.

Instantaneous Frame-Level Perception. Given Speaker
B’s audio A p and head motion M, we first project them
into a shared feature space using MLPs,

Hp = MLP(MFCC(Ap)), M)y = MLP(Mp), (2)

where MFCC stands for MFCC feature extraction. Both
Speaker B’s audio and visual features are extracted frame-
wise to avoid the dependency on the future, thus eliminat-
ing the innate time delay that hinders real-time interaction.
Then, Speaker B’s features are merged using several cross
attention layers and self attention layers, enabling the net-
work to perceive short-term dependencies between audio-
visual modalities, better capturing their correlations. Causal
masks M are applied to force the causality,

Zp = SelfAttn(CrossAttn(Hp, M5, M), M).  (3)

where Zp is the instantaneous frame-level feature of
Speaker B that aligns the visual representation with the
acoustic cues dynamically.
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Figure 2. Overview of MimicTalker. Incorporating in-depth semantics of the conversation, the framework dynamically interacts with
interlocutor’s multimodal features and generates realistic and vivid head motions in real time. The key components are (a) Multimodal
Interactive Context Extraction, (b) Semantics-Enhanced Dynamic Interaction, (c¢) Semantic-Guided Motion Style Memory, and (d) Auto-

matic Semantics Analyzer.

Contextually-Aware Memory. The instantaneous na-
ture of Zp constrains that it only contains information of
Speaker B within a very short period. To successfully model
the dynamics of interaction, the long-term information is
crucial. We design a multi-scale memory module that stores
useful information from instantaneous feature Zg into a
memory space. At the same time, semantic features from
Speaker B’s intention Iz guides the memory update to be
closely connected with the current conversation flow. The
memory is updated as follows,

2\ = MLP(Z\")), ip = MLP((Pool(I5)),
h® = Concat(ig, zg), m(t)),

' =MLP(h®), g = MLP(h®"),
m*) = g MLP(h®) + g{’m®,

“4)

where m®) € RX*9 is the memory feature at frame time
t with a dimension of d. g(t) and g( ) are control gates at
frame time ¢ that decide which 1nf0rmation is memorized
and which is forgotten. We use a memory with a size of K
to capture multi-scale information from different represen-
tation subspaces [38]. The multi-scale features of Zg) and

Ig) are extracted by MLPs. The memory is updated using
historical information with semantic guidance, allowing the
network to retain and aggregate relevant contextual details
over time across multiple scales. As a result, the interaction
becomes more realistic and contextually aware.

3.3. Semantics-Enhanced Dynamic Interaction

SDI module captures the temporal correlation between
Speaker A’s multimodal features, and simultaneously inter-

acts with Speaker B’s features in real time. By integrat-
ing Speaker A’s intention and the conversation topic, we
enhance the framework with in-depth understanding of the
conversation, enabling it to generate more socially appro-
priate head motions.

Given Speaker A’s raw audio signals A 4, we first ex-
tract its high dimensional feature representation H 4 using
a pretrained Whisper encoder [31]. Next, convolutional lay-
ers and self-attention layers align the audio features to the
frame level and refine the temporal dynamics,

A = SelfAttn(Conv(H 4), M), (5)
where Z 4 € RV*4 is the Speaker A’s audio feature aligned
frame-wise with Speaker B’s head motion, M is a causal
mask.

The network cannot use Speaker A’s intention effectively
without knowing when it should be expressed through head
motion. By modeling the correlation between Speaker A’s
audio and intention, we enable the network to learn the head
motion suitable for the intention, and more importantly,
the appropriate time to express or emphasize the intention
through motion. With this motivation, we first use cross
attention mechanism to obtain the frame-wise attention fea-
tures between Z 4 and Speaker A’s intention feature I 4,

Ca = CrossAttn(H4,14), (6)
where H 4 is used as query and I4 as key and value. The
yielding C 4 contains the frame-wise correlation informa-
tion between intention and audio. A higher correlation at
a frame indicates that it is more likely the intention feature
will affect the head motion corresponding to that frame. C 4



is then integrated into Speaker A’s audio feature H 4 with
adaptive layer norm (adalLN) blocks [27],

(Y4,84) =MLP(Ca),Fa = (14+~v4)Ha + Ba, (1)

where F 4 € RV*4 is Speaker A’s audio feature enhanced
dynamically with semantics.

Then, we use Interaction Blocks that consists of cross at-
tention and adalLN, to integrate Speaker B’s instantaneous
feature Z g and long-term feature m(®) with Speaker A’s se-
mantics enhanced feature F 4 frame-wise, and obtain the in-
teraction feature F' 4 5. This enables the dynamic interaction
of features between the two interlocutors in both short-term
and long-term contexts.

We view the conversation topic as general guidance for
determining the conversational atmosphere and use it to en-
sure the generated motion remains contextually relevant.
Since the topic feature provides an overarching context
rather than precise, frame-level guidance like the intention
feature, it is treated as a global condition. As a result, we
concatenate the conversation topic with the interaction fea-
ture F' 4 g and use causal self-attention to enable the network
to attend to the topic feature,

F = SelfAttn(Concat(T,Fap), M), (8)
where T is the topic feature, M is a causal mask.

3.4. Semantic-guided Motion Style Memory

The existing methods for generating dyadic head motion ei-
ther process at the segment level without connections be-
tween segments or condition the current segment on the
previous one. In the first case, long-term dependencies be-
yond the segment length cannot be captured. In the sec-
ond, while slightly longer-term dependencies are modeled,
historical information still fades over time, leading to incon-
sistent motion styles over extended periods. To address this,
we propose MSM, which utilizes an external memory bank
to store all of Speaker A’s past motion styles, and any stored
motion style can then be queried and used as guidance when
generating a new segment. With this design, our frame-
work can efficiently maintain a consistent motion style un-
limited by sequence length. Compared with the methods
that compromise long-term consistency to reduce compu-
tational complexity, our method stores information that is
highly compressed and representative, and allows the net-
work to efficiently attend to any historical information in
storage. This ensures both efficiency and effectiveness in
maintaining consistent motion over long sequences.
Specifically, we extract motion style for every segment
with a length of w, using a style encoder [24] trained with
contrastive loss [35], and construct an external memory
bank for the conversation session. For each segment, we
extract Speaker A’s intention as well as its corresponding

motion style, and store them to the memory, where the in-
tention serves as the key, and the motion style as the value.
During inference, we use Speaker A’s current intention as
the query, search the memory bank for the most similar his-
torical intention, and use the corresponding motion style as
guidance for Speaker A’s head motion generation. If there
is no similar intention in the memory bank, e.g. when the
conversation starts with an empty memory bank, or when
all stored intentions and the query intention have a similar-
ity score that falls below a threshold, we feed a segment
of all-zero motion to the style encoder to obtain the default
style code.

Next, the motion style feature s obtained by searching
memory acts as guidance via adaLLN blocks,

(’stﬁs) = MLP(S)aF/ = (1 + 'Ys)F + 65- 9

Finally, we feed F’ to an MLP to predict Speaker A’s head
motion M 4.

3.5. Automatic Semantics Analyzer

One major limitation of the existing works is that they only
use low-level information from the conversation to model
the dyadic conversation, which over-simplifies the com-
plexity of the conversation and often leads to an emotion
discrepancy between the generated motion and the input au-
dio. To address this, we leverage an LLM to automatically
analyze the conversation at a higher level, yielding the in-
tention of each interlocutor and the topic of the conversa-
tion. The interlocutors’ intentions help the network better
understand social interactions on a semantic level, enabling
it to capture the subtle nuances of interpersonal dynamics.
Meanwhile, the conversation topic provides general guid-
ance, ensuring the generated motion remains contextually
relevant and thematically consistent.

First, we transcribe both Speaker A’s and Speaker B’s
audio with an off-the-shelf tool [31] to obtain the context
of the conversation. Then, for every k£ rounds of conver-
sation, an LLM analyzes the dialogue and infers the two
interlocutors’ intentions and the conversation’s topic. If any
of the contextual information cannot be inferred, e.g., at the
start of a conversation when data is insufficient, the cor-
responding information is set to a default sentence (e.g.,
the intention is currently undetermined). Finally, we use
Roberta [22] to extract features from the contextual in-
formation, yielding semantics features I4, Iz and T for
Speaker A’s intention, Speaker B’s intention, and conversa-
tion topic respectively. These features are integrated in the
three aforementioned main components of the network to
boost the alignment between the generated motion as well
as the semantic and emotional context of the interaction.



FD] P-FD] MSE] SIDT PCCJ
Methods EXP JAW POSE EXP JAW POSE EXP JAW POSE EXP JAW POSE EXP JAW POSE
x10%  x102 x10%  x102 x10' x10® x102 x10%2  x10' x10!
FaceFormer [11] 3490 5.40 8.00 3490 5.40 8.00 6.97 1.80 2.67 0.54 0.36 0.50 13.05 241 5.27
CodeTalker [40] 48.57 6.89 10.74 48.57 6.89 10.74 9.71 2.29 3.58 0 0 0 11.06  2.33 5.11
EmoTalk [29] 290.86 4.33 7.54 30.20 4.36 7.58 6.88 1.76 2.59 2.86 1.72 0.98 9.89 2.19 4.94
SelfTalk [28] 3577 5.49 8.14 3577 5.49 8.14 7.15 1.83 2.71 249 130 1.28 1225 239 4.70
L2L [25] 24.61 3.69 7.08 2499 3.74 7.13 5.68 1.48 2.49 2.86 1.89 1.19 8.52 2.06 4.11
Dualtlk [30] 1114 190 383 1188 197 397 359 104 172 348 223 172 473 137 238
MimicTalker 7.12 1.32 2.71 8.20 141 293 3.09 0.93 1.67 3.63 240 1.90 4.16 1.18 2.03
FaceFormer [11] 3592  5.39 8.60 3593 539 8.60 7.18 1.80 2.87 0.54 040 0.51 11.71  2.16 5.73
CodeTalker [40] 50.05 6.95 11.66 50.05 6.95 11.66 10.01 2.32 3.88 0 0 0 10.24 2.18 5.76
EmoTalk [29] 3412  4.17 8.59 3444 421 8.62 7.73 1.71 2.94 2.89 1.79 0.94 9.44 1.96 5.54
SelfTalk [28] 36.23 5.36 8.89 36.23 5.36 8.89 7.24 1.79 2.96 2.61 1.36 1.08 11.26  2.13 5.67
L2L [25] 3049 3.82 8.56 30.87 3.86 8.61 6.87 1.54 2.98 2.76 1.91 1.11 9.02 1.94 4.99
Dualtalk [30] 2171 3.5 589 2256 322 606 597 150 248 298 194 138 686 160 3.28
MimicTalker 15.89 2.27 4.15 17.25 2.38 4.42 5.28 1.36 2.29 3.04 211 1.57 6.65 1.48 2.59

Table 1. Quantitative results on DualTalk dataset. The 1 indicates higher is better for the corresponding metric while | indicates lower is
better. The top half is the result on the test set, and the bottom half is the result on the OOD set. The best and the second best results are in

bold and underlined respectively.

FD] PFD] MSE] SIDT rPCCJ
Methods EXP JAW POSE EXP JAW POSE EXP JAW POSE EXP JAW POSE EXP JAW POSE

x10%  x102 x10%  x102  x10' x10° x102 x102  x10'  x10!
DualTalk 30.13  4.72 9.43 3090 4.77 9.58 7.94 2.16 3.78 2.66 1.80 1.11 6.77 3.06 4.27
Baseline 2728 4.87 7.56 2891 5.05 7.84 8.50 2.51 3.99 2.34 1.75 1.36 5.75 3.75 2.80
with MICE 2475 473 7.49 2637 4.90 7.78 8.08 2.49 4.13 255 177 1.39 5.51 3.69 2.48
with SDI 26.10 4.36 7.57 2773 4.54 7.86 8.31 2.37 4.12 2.46 1.79 1.43 5.63 3.57 2.56
with MSM 2558 3.59 687 2698 3.67 7.4 751 180 345 249 191 144 505 303 3.13
MimicTalker 24.52 3.23 6.56 2592 331 6.84 7.28 1.70 3.35 2.54  2.03 1.46 512 295 3.02

Table 2. Quantitative results on Seamless Interaction dataset.

4. Experiments

4.1. Experimental Setup

Dataset. We conduct experiments on the mulit-turn dyadic
interaction dataset DualTalk [30]. The dataset contains
50 hours of real life dyadic conversation videos of 1,052
unique speakers, with 4,935 clips in the training set, 539
clips in the test set and 384 clips in the out-of-distribution
(OOD) set. The maximum and average clip lengths in the
DualTalk dataset are 40 seconds and 25 seconds, respec-
tively. Additionally, we randomly sample 20 sequences that
are over 5 minutes long from a large-scale dyadic interac-
tion dataset Seamless Interaction [1] to test the performance
on longer conversations. The motion sequences used to
train and test our model are extracted by Spectre [12].

Compared Methods and Evaluation Metrics. We com-
pare MimicTalker with several state-of-the-art methods for
talking head and dyadic interaction generation, including
FaceFormer [11], CodeTalker [40], EmoTalk [29], Self-
Talk [28], L2L [25] and DualTalk [30]. We retrain these
methods on Dualtalk dataset. Following DualTalk, we use
evaluation metrics including Fréchet Distance (FD), Paired
Fréchet Distance (P-FD), Mean Squared Error (MSE), SI
for Diversity (SID), and Residual Pearson Correlation Co-
efficient (rPCC), to assess motion realism, expression accu-

racy, motion diversity and synchronization.
Implementation Details. All methods, including Mim-
icTalker are trained on the DualTalk dataset. For our
method, we use the Adam [17] optimizer with a batch size
of 32. Intentions and conversation topics are extracted au-
tomatically using GPT-40 [15]. The segment length w for
motion style update is 20 seconds, and the conversation
rounds & for intention and topic update are set to 3. Since
the clips in the DualTalk dataset are short (25 seconds in av-
erage), the topic and intentions within each clip remain con-
stant, and insufficient for constructing a motion style mem-
ory bank for each clip. Therefore, during training, we feed
the transcript of the whole clip to the LLM and obtain the
topic and intentions. The motion styles are extracted from
all other clips in the training set associated with the same
speaker identity, excluding the current clip. To ensure ro-
bust performance when no valid motion style is retrieved
from MSM, we randomly set the style motion sequence to
all-zeros at a probability of 0.1 during training. Similarly,
we assign default sentences to the intention and topic inde-
pendently with a probability of 0.1.

4.2. Quantitative Results

Compared Methods on DualTalk Dataset. The experi-
mental results of MimicTalker and the compared methods



FDJ P-FD] MSE] SIDT PCC]
Methods EXP JAW POSE EXP JAW POSE EXP JAW POSE EXP JAW POSE EXP JAW POSE
x10%  x10? x10®  x10%2 x10' x10® x102 x10%2  x10' x10'
Baseline 7.95 1.47 2.85 9.08 1.56 3.09 3.23 0.98 1.69 3.51 2.36 1.86 4.58 1.22 2.16
with MICE 745 134 275 858 144 299 321 096 171 358 239 189 424 118  2.08
with SDI 7.69 1.41 2.83 8.79 1.49 3.07 3.19 0.97 1.71 3.56 236 1.86 443 1.23 2.14
with MSM 739 138 283 849 146 3.06 3.5 095 171 359 238 186 422 120 2.15
MimicTalker 7.12 1.32 2.71 8.20 141 2.93 3.09 0.93 1.67 3.63 240 1.90 4.16 1.18 2.03
Baseline 19.39 2.54 4.56 20.81 2.62 4.82 5.96 1.46 2.40 2.88 2.07 1.50 7.16 1.53 2.84
with MICE 1840 2.37 445 19.85 248 4.73 591 1.45 2.46 295  2.09 1.54 6.63 1.54 2.75
with SDI 18.62 246 443 20.06 2.57 471 5.89 1.47 2.43 291 2.07 1.56 6.87 1.55 2.68
withMSM 1617 229 433 1754 240 459 533 136 235 303 209 155 663 146 268
MimicTalker 15.89 2.27 4.15 17.25 2.38 4.42 5.28 1.36 2.29 3.04 211 1.57 6.65 148 2.59

Table 3. Ablation study on DualTalk dataset. The top half is the result on the test set, and the bottom half is the result on the OOD set.

on DualTalk dataset are in Tab. 1. It can be seen that our
method outperforms others with respect to all tested met-
rics on both the test and the OOD set. For the motion real-
ism metric FD and P-FD, the relative improvement for ex-
pression and head pose is over 30% on both test and the
OOD set, proving that our method can generate more re-
alistic and natural head motions with more convincing in-
teractions between interlocutors. Our method achieves the
lowest MSE, with an overall 20% improvement in expres-
sion, which demonstrates that our method generates more
accurate expressions compared to the other methods. The
highest SID and the lowest rPCC with over 10% improve-
ment indicate that our method can generate more diverse
head motions while maintaining consistent and active inter-
actions between two interlocutors. Moreover, better result
on the OOD set demonstrates the generalization capability
of our method. These results verify that our method can
significantly improve the head motion quality, enabling re-
alistic and vivid dyadic interaction head generation.

Long Sequence Generation. We test MimicTalker on
the Seamless Interaction dataset with real-world settings to
evaluate its performance in long conversations. The test
samples in the Seamless Interaction dataset are 5-11 min-
utes long, which is 10 to 20 times longer in duration than
the longest clips in the DualTalk dataset. This allows us
to strictly maintain a real-world scenario in which the topic
and intentions are updated recursively and the style refer-
ence sequences are obtained from the previously generated
motion. More details can be found in the supplementary
material. As shown in Tab. 2, our proposed method achieves
the overall best result, with significantly improved realism,
accuracy, and synchronization. This demonstrates better
generalization capabilities and versatility of our framework.

Real-time Capability. MimicTalker achieves a genera-
tion speed of over 300 frames per second (fps) on a sin-
gle NVIDIA RTX 5000 GPU, far surpassing the 30 fps
minimum typically required for real-time applications. For
half-minute-long conversation segments, the Semantics An-
alyzer completes transcription, intention and topic analysis,

and semantic feature extraction in under 3 seconds. As the
Semantics Analyzer operates in parallel with the main net-
work, it does not hinder the real-time response of the frame-
work. Furthermore, most of the existing methods require
a segment of the interlocutor’s motion and audio input to
respond, resulting in a longer response time equivalent to
the segment’s length. In contrast, our method processes the
interlocutor’s input frame by frame in real time, enabling
better real-world interactions.

4.3. Qualitative Results

Alongside quantitative metrics, we conduct qualitative eval-
uations to compare MimicTalker with baseline methods e.g.
DualTalk, EmoTalk, CodeTalker, and FaceFormer. As illus-
trated in Fig. 3, our method surpasses the baseline methods
in terms of motion accuracy, style consistency, and emotion
responsiveness. To be specific, 1) in Fig. 3 (a) and (b), our
method generates correct reactions. In (a), our method cap-
tures the subtle smiling face of the interlocutor and the en-
couraging tone of the conversation, responding with a smile.
In (b), our method reacts to the interlocutor’s serious topic
with a solemn expression while preserving the style of the
interactive head. The result is a calm and contemplative re-
sponse. 2) In Fig. 3 (c), our method successfully captures
the smiling face of the silent interlocutor, demonstrating re-
sponsiveness and effective use of multimodal features. 3) In
Fig. 3 (d), (e), and (f), our method generates more accurate
lip movements, showcasing its proficiency in the speaking
state. 4) In Fig. 3 (e), our method reacts to the interlocutor’s
smile with a responsive smile while accurately synchroniz-
ing lip movements during speech, highlighting its ability to
deliver timely and appropriate responses in both speaking
and listening states.

4.4. Ablation Study

We conduct an ablation study to demonstrate the necessity
of each key module of MimicTalker. The effect of each key
module is assessed by adding them to the baseline—a ver-
sion of our model where all semantic- and memory-related
components are removed. As shown in Tab. 3, and Tab. 2,



1 feel like you are the
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Figure 3. Visualization of the compared methods. Our method exhibits accurate motion, consistent style, vivid facial expressions, and
coherent reactions. The top half is the result of the interlocutor leading the conversation, and the bottom half is the result of the interactive
head leading the conversation, where the phonemes corresponding to the displayed frames are marked in red.

the overall performance improves significantly when each
key module is added to the baseline.

Adding the MICE module (i.e. applying Contextually-
Aware Memory to leverage Speaker B’s semantics-
enhanced historical features, as described in Sec. 3.2) al-
lows the framework to generate more realistic and accu-
rate head motions. This improvement is evident through
the significantly better rtPCC, emphasizing the importance
of long-term historical interactions and the module’s ability
to effectively utilize them.

Incorporating the SDI module (i.e. leveraging Speaker
A’s intention to enhance their audio features and using con-
versation topic feature as a global guidance, as described in
Sec. 3.3) results in more accurate and realistic facial expres-
sions while maintaining synchronization with the interlocu-
tor. The performance gains in FD, MSE, and rPCC demon-
strate the module’s ability to dynamically embed semantic
features into Speaker A’s features, leading to more contex-
tually appropriate head motions.

Introducing MSM (i.e. using the motion style corre-
sponding to the intention most similar to the current one as
guidance, as described in Sec. 3.4) significantly improves
performance on overall head motions. This improvement

stems from the module’s effectiveness in preserving style
consistency over time.

Supplementary Materials. Due to space limitation, we
provide network details, training objectives, detailed infer-
ence settings, discussion of ethics and limitations, and more
experimental results in the supplementary materials.

5. Conclusion

In this paper, we propose a novel real-time interactive head
generation framework that utilizes the interlocutor’s multi-
modal input and responds both verbally and non-verbally
with realistic, natural, and coherent head motions in real
time. The framework perceives both instantaneous and
long-term features of the interlocutor, enabling the capture
of complex interaction dynamics. By integrating rich se-
mantics of the conversation, the framework is enhanced
with a deep understanding of the interaction, generating
more contextually relevant head motions. With an efficient
long-term style memory, the framework can maintain a con-
sistent motion style over extended periods. Comprehensive
experiments demonstrate the superior performance of the
framework compared with state-of-the-art methods and the
effectiveness of its key modules.
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