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Abstract. Current audio-driven 3D head generation methods primarily
focus on single-speaker scenarios, struggling to model natural, bidirec-
tional conversational dynamics. Furthermore, extending these models to
dyadic interactions relies heavily on 3D pseudo-labels derived from track-
ing algorithms. These labels inherently contain severe noise and fail to
capture fine-grained facial dynamics, particularly accurate lip closure.
To address these limitations, we propose RealDyadic, a two-stage frame-
work that leverages 2D photometric supervision to refine and correct 3D
motion priors. In the first stage, a diffusion-based transformer equipped
with a dual-audio interaction module generates synchronized 3D facial
motions from multi-speaker audio streams. In the second stage, a 3D
Gaussian Splatting renderer projects these motions into high-fidelity 2D
frames, enabling image-level gradients to backpropagate and penalize the
inaccuracies of the initial 3D pseudo-labels via an alternating training
strategy. Additionally, we introduce Real-Dialog, a dataset comprising
over 50 hours of aligned 2D-3D dyadic conversational data across 500+
identities. Extensive experiments demonstrate that integrating 2D su-
pervision into 3D motion generation significantly outperforms existing
baselines in both lip-sync accuracy and conversational realism, explicitly
overcoming the performance ceiling dictated by pseudo-label errors. The
code is available at https://github.com/Pixel-Talk/RealDyadicl
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1 Introduction

In recent years, considerable research has been dedicated to 3D talking head
generation, with a particular emphasis on audio-driven 3D motion synthesis for
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applications in virtual reality, film production, education, etc. However, current
talking head models are typically constrained to either a speaking @ or
listening mode, lacking the ability to transition smoothly and realistically
between these two states. Specifically, speaker-only models excel at generating
lip movements that are highly synchronized with speech but fall short in produc-
ing listening feedback. Conversely, listener-only models can generate attentive
responses but are incapable of speaking. Yet in real-world human-computer inter-
action, both speech generation and responsive listening are equally critical. This
highlights the necessity of advancing conversational head generation towards a
unified framework capable of bidirectional, dyadic interaction.
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Fig. 1: Overview of RealDyadic. We first generate synchronized 3D motion from multi-
speaker audio using a diffusion-based Transformer with a Dual-audio Interaction Mod-
ule (DIM). Then our method renders these motions into 2D images via 3D Gaussian
Splatting, providing photometric supervision to refine 3D facial dynamics through al-
ternate training. The timeline (right) illustrates fluid transitions between Talking (T)
and Listening (L) states.

RealDyadic

Recently, multi-speaker generation has gained the attention of community.
While INFP proposed a 2D end-to-end framework, it lacks fine-grained
3D spatial control over identity and mouth motion. DualTalk introduced
a unified 3D dyadic talking head framework, utilizing estimated 3D meshes as
ground-truth for supervision. However, in interactive conversational scenarios,
lip movements are highly dynamic. We observe that models relying solely on
3D pseudo-labels generated by tracking methods (e.g., Spectre ) inherently
overfit to tracking noise, establishing an artificial performance ceiling. As shown
in Fig. [2 these 3D reconstructions exhibit significant lip misalignment and fail
to provide adequate supervision for precise mouth closures. In contrast, original
2D video frames contain absolute, pixel-aligned interaction patterns. Leveraging
these 2D signals as neural appearance priors can directly compensate for the
geometric inaccuracies introduced by 3D motion tracking.
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Fig. 2: Existing 3D face reconstruction methods produce either over-smoothed or noisy
mouth movements when used for training conversational talking heads. As shown on the
right, the actual lip motion (red curve, based on mouth keypoint distances) contrasts
with the over-smoothed output from Teaser (orange curve) and the exaggerated, noisy
results from Spectre (blue curve, based on projected 3D mesh).

Motivated by the above observations, we propose RealDyadic, a novel two-
stage framework that leverages 2D photometric supervision to refine and correct
3D motion priors. As illustrated in Fig. [I] in the first stage, our diffusion-based
motion generation network generates a sequence of 3D motion parameters from
the input audio. To bypass the pseudo-label inaccuracies, the second stage em-
ploys a fast 3D Gaussian Splatting (3DGS) renderer. This renderer projects the
predicted 3D meshes into high-fidelity 2D images, allowing image-level gradients
to back-propagate and optimize the underlying 3D facial dynamics through an
alternating joint training strategy. Furthermore, we introduce Real-Dialog, a
high-quality, temporally-aligned multi-speaker dataset comprising over 50 hours
of 2D-3D conversational data across 500+ identities.

In summary, our contributions are as follows:

(1) We propose RealDyadic, a unified dyadic 3D talking head framework.
By decoupling a diffusion based 3D motion generator with 2D photometric su-
pervision via a 3DGS renderer, we effectively mitigate the inherent noise of 3D
tracking pseudo-labels.

(2) We design the Dual-audio Interaction Module (DIM) to model complex
inter-speaker motion distributions from overlapping audio, enabling natural tran-
sitions between listening and speaking states.

(3) We construct Real-Dialog, a large-scale, photometrically-aligned conver-
sational dataset. Extensive experiments demonstrate that our method outper-
forms existing approaches in multi-speaker 3D conversation tasks, particularly in
terms of mouth movement accuracy and visual alignment with 2D target videos.

2 Related Work

2.1 3D Talking Head Generation

The field of speech-driven 3D talking head generation

continues to garner significant research attention. Existing methodologies
in this domain typically follow two distinct approaches. The first approach @
utilizes acoustic features, such as MFCCs or representations derived from
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pretrained speech models [111}15], mapping them to either 3D Morphable Model
(3DMM) parameters [2,/19,/26] or a 3D mesh [5[13,/37] to achieve decoupled
expression and motion control. However, a major limitation lies in the lack of true
3D ground-truth labels, forcing methods to rely on 3D pseudo-labels generated
by 3D reconstruction techniques [7}/22,|36L/44], whose accuracy is consequently
constrained by the absence of genuine 3D supervision. Alternatively, the second
category of methods [29}34,43,53] employs a pure 3D Gaussian pipeline, where
offsets of Gaussian attributes are predicted through spatial-audio interaction to
render the desired deformation effects. Nevertheless, a critical drawback of these
techniques is their current restriction to a single person per model, hindering
their generalization ability to arbitrary identities. Additionally, due to the highly
disentangled and controllable nature of 3D parameters, many 2D facial animation
methods also utilize 3D motion parameters to model facial movements. [3551,54]
learn the mapping from audio to 3D parameters and use these parameters as
control signals to generate talking heads, thereby achieving highly controllable
results.

2.2 Multi-speaker Audio-driven Motion Generation

With the rapid development of audio-driven digital human generation |12}[30}
451|148, |55.56], audio-driven motion generation for multi-speaker interaction has
emerged as an important research direction. Most existing methods support only
a single function (speaking or listening), failing to achieve natural transitions be-
tween these two states. [57] pioneered a speech-driven 2D talking head generation
method for multi-speaker interaction by mapping speech to visual latent codes
containing conversational semantics to animate a static image. However, its la-
tent space does not offer explicit control, and any fine-tuning requires re-inference
from the audio input. [52] employed Stable Diffusion and Appearance Reference
Net, using speech as condition along with LLM-generated labels to produce three
states (listening, speaking, and communicating). However, this approach strug-
gles to capture inter-speech relationships, resulting in insufficient representation
of interactive semantics in generated videos. |17] implemented multi-stream au-
dio injection through Label Rotary Position Embedding (L-RoPE), computing
cross-attention between video latent space and speech embeddings using DIT ar-
chitecture. While achieving realistic results, it demands excessive computational
resources for training and inference.

In the field of 3D interactive generation, DualTalk |27] first realized speech-
driven 3D digital human generation for multi-speaker interaction with natu-
ral state transitions, but its mouth movement modeling lacks precision due to
reliance solely on 3D pseudo-label supervision. [33] achieved 3D human mo-
tion modeling via a temporal interactive module, [|9] extracted motion token
sequences from speech through Hierarchical Masked Modeling, and [23]| per-
formed multi-speaker interaction synthesis using diffusion models conditioned
on multimodal inputs like text and speech. These methods [18,28] demonstrate
the importance of interaction-aware temporal modeling, yet they mainly focus
on motion-level synthesis and do not explicitly exploit image-level cues to refine
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Fig. 3: The overall pipeline of RealDyadic. Our method first generates 3D facial mo-
tions from speech via DIM-FMM (stagel: audio-to-mesh), and then synthesizes im-
ages with MG-Renderer (stage2: mesh-to-image), where 2D supervision further re-
fines the 3D motion.

facial details. In particular, fine-grained mouth shapes and subtle expression vari-
ations are difficult to supervise using noisy 3D pseudo-labels alone. None of these
methods addressed the alignment between 3D and 2D generation. Our work is
the first to incorporate 2D supervision in 3D conversational head generation,
significantly improving the accuracy of 3D motion generation.

3 Method

3.1 Overview

As illustrated in Fig. [3] the proposed method consists of two stages.
Specifically, given an agent audio A ¢, an equal-length conversation partner
audio A¢per, the shape parameter § of the agent speaker, and an agent speaker
indicator I, ¢ indicating whether the current speaker is speaking. The proposed
first-stage diffusion model (DIM-FMM) generates the corresponding motion
parameter sequences X = {1, 8;, 0} under the above conditions. Here {1, 8;, 0} }
indicate the expression, jaw pose, and head rotation parameters, respectively.
Then we can generate the facial 3D geometry through a 3D morphable model
[19], i.e.,
V = FLAME(S,v,6;,6), (1)

where V € RW*5023x3 4 is the length of generated frames. Subsequently, based
on a reference image I, 3D facial geometries V, and a pre-defined camera pose
R, we adopt a 3DGS renderer (M G-Renderer) to generate the final 2D video.

3.2 Motion Generation with Conversation Audio

Dual-audio Interaction module (DIM). To learn the joint representation
of the agent (A, r) and partner (Agiper), our DIM (Fig. 4] left) first extracts
their features using a pre-trained encoder [15] &:

Hself = S(Aself)7 Hother = S(Aother); (2)
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where H,e;r and Hyyper are the audio features of the agent speaker and the
other speaker, respectively. The audio features Hye; ¢ and Hyiper are then fed to
a Transformer encoder to capture long-range dependencies and intricate inter-
action patterns between those two speakers. However, incorporating the other
speaker’s audio may weaken the contribution of the speaking agent’s audio cues.
To preserve motion-speech synchronization for the agent speaker, we adopt a
residual connection by adding H,;s back to the fused representation. The final
dual audio feature Hg,q; is generated by:

Hyyq = Transformer(Hge p, Hotper) @ Hgerf. (3)

The fused audio features are then concatenated with an agent speaker indicator
Ise1f, which is a binary vector indicating whether the agent speaker is speaking.
This indicator is processed offline using TalkNet [41]. As detailed in the supple-
mentary material, our approach remains robust to potential noise within these
labels. The concatenated features are then fed into a linear layer to obtain the
fused audio feature representation Hyyge.

Fused-audio Motion Generation Model (FMM). Based on Hy,s., we de-
sign a diffusion-based model (FMM) to predict the synchronized motion se-
quences. The fused-audio feature Hy¢, ;. is fed into FMM to generate the cor-
responding motion parameter sequences X = {x1,Xs, ..., X7}, where x; € R>C.
In the forward diffusion process, Gaussian noise z is added to the initial data
sample X% = {xJ,x{, ..., x%.} according to a variance schedule.

Eventually, the data distribution converges to a standard normal distribution,
which can be represented as ¢(X™|X?), where N indicates the total number
of timesteps. In the reverse process, we use the distribution ¢(X"~1|X") to
gradually recover the original sample from noise. To predict this distribution
q(X"~1|X"), we employ a denoising network to directly predict the clean sample
from the noisy sample, rather than stepwise predicting the noise at each step.
This approach enables the introduction of geometric loss, providing more precise
constraints for facial motion and significantly benefiting motion generation [40]
42]. Specifically, our FMM, as shown in the right part Fig. performs the
denoising process as follows: for the predicted fused-audio feature Hy, e, we
divide it into frame blocks of w frames, and use Hy.,, as the input for each
block. For each window, at diffusion step m, the denoising network takes as
input the previous and current fused audio features H_,,, .., the real previous
motion sequence ngp;m and the current noisy sequence Xg.,, sampled from
q(X2.,1X3.,,)- In addition to the fused-audio feature, we incorporate the FLAME
shape parameter 0 shared across all windows. Therefore, the final input and
output format of the denoising network can be represented as:

X(lwp:w = DiT(H—wpiUH ng,}:m g:uﬂ n, ﬁ) (4>
The loss for the first stage consists of three parts:
1) Parameter Loss. We calculate the L2 loss between the denoised motion and
the ground-truth motion at each step, directly constraining the the predicted
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Fig. 4: Dual-audio interactive module (DIM) and fused audio motion generation mod-
ule (FMM). The speech signals Aseir and Aother are fed into Hubert for semantic
features hg.,, and h§.,,. These features are concatenated and fed into a multi-head self-
attention module, which is then combined with hg.,, via residual connection, followed
by concatenation with the agent speaker indicator I. These features are then fed into
FMM for motion XO:w generation.

parameter distribution to be close to the real distribution:

0 0 2

£param = fowp:w - Xpr:w”Z? (5)
since jaw pose parameters §; are especially important for lip movements, we also
additionally add a loss on jaw pose parameters:

‘Cjaw = ||9j,7wp:w - ej,*wp:wH%’ (6)

2) 3D Loss. We convert the parameters into zero-head-posed 3D mesh vertices,
0

then we get V_y, ..., = FLAME(S, X(lwp:wp) and V_,, ..o, = FLAME(S, Xpr:w,,)
and compute geometric loss directly in the 3D space.

3) Stability Loss. We further use velocity loss to improve temporal consis-
tency, and smooth loss to regularize excessive motion amplitudes and prevent
abrupt changes. More details will be presented in the supplementary material.

The overall loss for the first stage is:

Estagel = Eparam + )\jawﬁjaw + )\vertﬁvert + Avel‘avel + Asmootthmooth- (7>

3.3 Image Synthesis with Meta Gaussian Renderer

To enhance the synchronization and fidelity of the generated results, we propose
a 3D meta Gaussian renderer (MG-Renderer) to render the above generated
motion sequences into high-fidelity 2D images, which was then supervised using
ground-truth images. Specifically, given Xg:w, we randomly sample n frames
from this window sequence to get S = {X¢,X1,...,X,}. Through FLAME, we
obtain the vertex sequence V = {¥Vq,V1,...V,,}. We randomly sample an image
of the agent speaker as a reference image I, which is fed into Dinov2 [25] for

the appearance feature. Besides, we use target camera parameters R which is a
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4 x 4 matrix including translation and rotation scale, to project the vertices into
2D image plane. For each X;, the process through our 3D Gaussian Renderer R
can be described as:

I, =R(v;, I, R). (8)

Meta Gaussian Renderer. In our Gaussian Renderer R, we model faces in a
canonical space using 3D Gaussians [16]. Each Gaussian is defined by its position,
rotation, scale, opacity, and a latent appearance vector: G = {u,r, s, a, c}. The
meta Gaussians are constructed from two components: (1) Template Gaussians
derived from the FLAME model Gp which are relatively sparse and responsi-
ble for representing the overall texture and geometry; and (2) UV Gaussians
attached to the triangulated mesh Gy, which are used to encode fine-grained
details. The detailed construction of each Gaussian and Renderer R are provided
in the supplementary material.

Image-level Supervision. After the above processing, we obtain all the Gaus-
sians of the reference image I,.. Then we replace the positions of the Gaussians
corresponding to I, with those of v; to generate the animated Gaussians, while
keeping all other attributes unchanged. During rendering, we splat the animated
Gaussians to produce a coarse feature map Fi.qq,, where the first three channels
correspond to a coarse RGB image fraw. To enhance texture details, we feed this
feature map F),,, into a StyleUNet-based refiner, ultimately producing the final
image I; with enhanced features such as detailed teeth textures.

Loss Function. For the sequence Xgiw generated in the first stage, we randomly
sample n frames and obtain iO:n = {io7 il, . in} through the rendering process
described above. Similar to previous methods, we compute image-level losses for
each frame in R, mainly including photometric loss £,, and VGG perceptual
loss Lper, to ensure consistency between the rendered images and the ground
truth, which is:

‘CstageQ = Aphoﬁpho + )\perﬁper- (9>

Two-phase Training Strategy. Our total training process contains two phases:
1) Phase 1. To ensure that we can learn fully decoupled FLAME parameters from
the audio, we first train the first stage with Lg¢qge1. Additionally, we also train
the second stage separately with Luge2 to prevent the potential catastrophic
impact that from-scratch training have on the first stage.

2) Phase 2. In order to introduce the image-level loss and reduce the effect of
the gaussian renderer compensating between these two stages [22], we alternate
the training between the first and second stages. At this point, the loss function
for the first stage is:

CJ = ﬁstagel + EstageQa (10)

where Lgiage2 provides a more accurate optimization path for the first stage.
After one iteration, we still apply Lgiqge2 to optimize the second stage for better
converging.
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Fig. 5: Visual comparison of the 3D conversational talking head generation results
with SOTA methods on our RealDyadic-Dialog testset.

3.4 Real-Dialog Dataset

To support the training of our multi-speaker framework, we constructed a dataset
of dual-speaker dialogues (Real-Dialog). For diversity and authenticity, we col-
lected dialogue videos over diffrent daily conversation scenarios, such as emo-
tional communication, casual dialogue, interview connections, etc. Real-Dialog
contains more than 5,000 dialogue clips ranging from 30 seconds to 2 minutes,
with a total duration of 50 hours and covering 500 speakers. The clip length
setting of 30 seconds to 2 minutes ensures the inclusion of listening-speaking
state transitions. Each dialogue clip ensures that both people appear on screen
simultaneously, allowing us to obtain any facial changes of both participants.
Our conversational video processing pipeline includes three steps: (1) We using
TackNet to separate speech segments and assign them to the corresponding
speaker; (2) applying Spectre for 3D FLAME motion parameter tracking;
and (3) refining camera parameters via keypoint-based alignment optimization.

Finally, all clips are divided into three parts: training, validation, and test
sets, containing 4,300 clips, 400 clips, and 200 clips, respectively. To evaluate the
model’s generalization ability, the identities in the testset were unseen during
training. We used the testset for subsequent metric evaluation.

4 Experiment

4.1 Experimental Setup

Evaluation Metrics. In our experiments, we mainly evaluate our method from
two aspects: 3D mesh modeling and 2D image quality, to comprehensively as-
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sess the performance of our approach in dual-speaker dialogue scenarios. For
3D mesh modeling, we use key metrics such as lip vertex error (LVE) 38|
and mean vertex error (MVE) to measure the frame-wise differences between
mouth vertices and overall facial vertices compared to tracking results, use up-
per face dynamics deviation (FDD) [|47] to evaluate the accuracy of inter-frame
vertex motion and use MOD to represent the speech-synchronized fidelity of
lip opening/closing movements. Notably, we also employ the recently proposed
metrics from [3|: Mean Temporal Misalignment (MTM) and Speech and Lip
Intensity Correlation Coefficient (SLCC), which are used to evaluate the tem-
poral consistency of 3D meshes and the correlation between lip and speech
intensity, respectively.
For 2D image generation, we

evaluate visual quality and fa- Table 1: Quantitative comparisons of the SOTA
cial fidelity using complemen- methods on 2D image generation in our Real-
tary metrics. Fréchet Inception Dialog testsets.
Distance (FID) [14] is adopted

Methods

to measure distribution-level re- FID| CSIMT AED| APD| LSE-C1 LSE-D/
alism, identity cosine similarity — Jpron 5613 0.641 0341 0.123 4923 7.632
(CSIM) is used to assess iden-  SadTalker 24.35 0.723 0.408 0.105 5.136 7.427
tity preservation, while Average  AniTalker 28.67 0.594 0.642 0.156 3.279  9.362
Expression Distance (AED) and Ours  21.31 0.832 0.257 0.064 5.382 7.296
Average Pose Distance (APD)

[35] are used to evaluate expression accuracy and head-pose consistency, re-
spectively. For image-level evaluation of lip synchronization and mouth shape,
we adopt perceptual metrics from Wav2Lip [20], including the distance score
(LSE-D) and confidence score (LSE-C). To comprehensively evaluate the in-
teraction capability, following DualTalk, we utilize FD to measure the realism of
the listener and speaker states separately, and use SID to evaluate the diversity
of facial expressions and head movements. The details of all metrics and our
implementation details are provided in the supplementary material.
Compared SOTA Methods. We compare our method with several SOTA
methods: single-speaker 3D facial animation methods FaceFormer [6], CodeTalker
[47], DiffPoseTalk [40], ARTalk [4] , and the recent dual-speaker 3D facial ani-
mation method DualTalk [27]. We also compare with single-speaker 2D talking
head generation methods SadTalker [54] and AniTalker [21], to evaluate our 2D
generation capability. For the single-speaker methods, we mutes the speech of
the other conversational partner.

Visual Quality Lip Sync

4.2 Quantitative Results

We evaluated our 3D performance on our Real-Dialog testset and the only avail-
able 3D conversion dataset: DualTalk. As shown in Tab. [2] our method outper-
forms all baselines across all metrics on these two datasets, especially in LVE and
MVE, indicating more accurate modeling of frame-wise facial vertices, particu-
larly mouth vertices. This advantage mainly stems from our dual-audio fusion
module, which effectively captures the mapping between speech semantics and
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Fig. 6: Visual comparison of the 2D conversational talking head generation results
with SOTA methods on the Real-Dialog testset.

Table 2: Quantitative comparisons of the comparative methods on mesh accuracy in
our Real-Dialog testset and Dualtalk testset.

Real-Dialog Testset DualTalk Testset
LVE| MVE] MOD| MTM| SLCCt LVE| MVE| MOD] MTM| SLCCt

FaceFormer 3.276 1.754 1.463 4.812 0.623 3.186 1.685 1.442 4.769  0.632
CodeTalker  3.445 1.638 1.477 4.793 0.638 3.258 1.612 1.456 4.703  0.641
DiffPoseTalk 2.694 1.542 1.391 4.781  0.645 2.574 1.503 1.347 4.692  0.649

Version

ARTalk 2.452 1.521 1304 4.532 0.662 2368 1.425 1.289 4.487 0.671
DualTalk 2.083 1.382 1.228 4.321  0.707 2.021 1.226 1.145 4.297 0.721
Ours 1.741 1.225 1.096 4.015 0.791 1.894 1.182 1.162 4.024 0.764

mouth movements, as well as the joint training of the two stages, which provides
stronger supervision for motion generation. The lower MOD and MTM further
confirms the improved lip-sync accuracy of our approach, while a higher SLCC
indicates stronger correlation between the mesh generated by our method and
vocal intensity.

Due to the lack of publicly available 2D conversation datasets, we conducted
the 2D evaluation solely on the testset of Real-Dialog, and the results are shown
in Tab. [Il The experimental results demonstrate that our method outperforms
other approaches in terms of both visual quality and lip-sync accuracy of the
generated videos. This finding further corroborates that our 3D mesh achieves
the highest alignment precision with the ground truth data.

Furthermore, as shown in Tab. [§] the optimal FD scores for both the speaker
and listener segments indicate that our method demonstrates superior realism
in expression, jaw, and pose compared to the baseline methods. Simultaneously,
these optimal SID metrics also show that our method achieves richer and more



12 L. Zhu et al.

Table 3: Ablation study on our Real-Dialog, including 3D-mesh and 2D-image metrics.

. 3D-mesh Metrics 2D-image Metrics

Version

MVE| LVE| FDD| MOD| MTMJ| SLCCt PSNRft SSIMT LPIPS| MAE]
baseline 1.542  0.269 1.607 1.391  4.781 0.645 18.97  0.745 0.352 0.076
+audio fusion 1.401 0.193 1.603 1.281 4.242 0.661 20.17 0.783 0.278 0.067
+audio res 1.454 0.233 1.601 1.230 4.371 0.683 20.53  0.789 0.257  0.063
+indicator 1.513 0.235 1.601 1.247 4.526  0.698 2042  0.782 0.238  0.064
+jaw pose 1.507 0.235 1.579 1.221 4.147 0.802 21.20 0.794 0.246  0.061

Ours(+two stage) 1.225 0.174 1.593 1.096 4.015 0.791 23.25 0.821 0.213 0.054

Table 4: User study results evaluating animation realism, expressiveness, and inter-
action correlation. Rating is on a scale of 1-5; higher is better.

Realism and Expressiveness Interaction Correlation

Methods

L-Visual L-Exp L-Pose S-Lip Sync S-Visual ~ S-Exp S-Pose Temporal Contextual Pose

Quality? Richnesst Naturalnesst Accuracy? Quality? Richnesst Naturalnesst Coherencet Appropriatenesst Naturalnesst
CodeTalker 2.6 2.6 2.8 2.1 1.8 2.2 1.3 1.2 15 2.8
DiffPoseTalk 2.3 3.4 3.5 4.4 3.8 3.8 3.9 1.7 2.1 3.5
DualTalk 3.5 3.8 3.2 4.0 3.5 3.6 3.7 2.9 3.0 3.2
Ours 3.9 3.9 4.0 4.3 4.1 3.9 4.0 3.7 3.3 3.7

diverse motion patterns. These experiments collectively validate the effectiveness
of our diffusion-based 3D motion generation and 2D-level supervision.

4.3 Qualitative Results

To intuitively demonstrate the accuracy and naturalness of our method’s results,
we conduct qualitative comparisons with SOTA methods, as shown in Fig. 5] We
present results for both “listening” and “speaking” states. It can be observed that
CodeTalker [47] captures some mouth movements, but the amplitude of mouth
changes is small; in speaking scenarios where the mouth should be open, it
sometimes remains closed (e.g., column 3, row 1 and 4), and in listening states,
the mouth sometimes fails to close (e.g., column 9, row 4). DiffPoseTalk [40]
exhibits larger motion amplitudes, but still shows inconsistencies between mouth
opening/closing and the ground truth (e.g., column 4, row 2 and 3). While
DualTalk |27] yields rich dynamics, it suffers from exaggerated mouth openings
and fails to achieve proper lip closure in silent states (e.g., col. 5, row 4; col. 10,
rows 2-4). Crucially, our generated meshes often exhibit better visual alignment
with the ground-truth images than the tracking pseudo-labels themselves, which
inherently contain excessive opening or incomplete closure errors (e.g., col. 2,
row 2). This confirms that our two-stage joint training effectively corrects 3D
tracking noise via 2D-lifted alignment.

Meanwhile, we present a comparison of the 2D effects of our method with
existing SOTA methods, as illustrated in Fig. [6] It is clearly evident that our
2D results outperform the comparative methods in terms of motion accuracy,
synchronization, and identity preservation when compared to the ground truth.
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Table 5: Quantitative Evaluation on Realism and Diversity. 'L’ and ’S’ denote Listener
and Speaker segments, respectively.

S-FD S-FD S-FD L-FD L-FD L-FD SID SID SID
(exp)i (jaw)l (pose)l (exp)l (jaw)i (pose)l (pose)l (exp) (jaw)t

DiffPoseTalk  23.86 2.89 3.61 18.39 3.56 4.79 1.47 1.96 1.73
DualTalk 21.91  3.06 3.83 12.94 2.12 3.23 1.48 2.17 1.98

Method

Ours 22.37 2.75 3.54 11.93 1.99 2.78 1.53 2.23 2.26
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Fig. 7: Visual results of ablation study in the 3D-level strategy in stagel (a,b,c) and
the two-stage joint training strategy (d).

More notably, our approach is capable of capturing subtle dynamics in conver-
sations, such as producing a natural smile in conversation (e.g. column 4, raw 4
and column 8, raw 5), without appearing rigid or unnatural.

To further validate these observations, we conducted a user study in which
we invited 15 participants to rate the realism and expressiveness of the gener-
ated animations. Utilizing the Mean Opinion Score (MOS) protocol, participants
rated the realism of the test set’s listening and speaking segments across four
dimensions: pose naturalness, expression richness, visual quality, and audio-lip
synchronization . Additionally, we asked users to evaluate the correlation be-
tween the speaker’s speech and the listening behavior across three dimensions:
temporal synchronization, action appropriateness, and head pose naturalness.
The results, presented in Tab. 4 indicate that our method achieved higher av-
erage scores across virtually all dimensions compared to the baseline methods.

4.4 Ablation Study

Effectiveness of the DIM. To validate the effectiveness of the audio fusion
module, we conducted an ablation study using DiffPoseTalk as the baseline.
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2D-GroundTruth Spectre tracking our's generated 2D-GroundTruth Spectre tracking our's generated
mesh mesh mesh mesh

Fig. 8: Comparison of Spectre tracked mesh and our generated mesh. The Spectre
mesh exhibits an overly exaggerated mouth opening, whereas our mesh is visually
better aligned with the 2D ground truth image.

As shown in Fig. [7] (a), the audio fusion module offers two main advantages:
(1) it effectively distinguishes between the speaker and the listener, prevent-
ing mouth movements associated with speaking from appearing during listening
states (see the upper row of Fig.[7] (a)); (2) it establishes a correlation between
the speaker and listener’s audio, such that when the other person is speaking
with a smile, the model also exhibits a corresponding smile (see the lower row
of Fig.[7] (a)). As shown in Tab. [3] incorporating the audio fusion module leads
to significant improvements in both 3D and 2D metrics.

Effectiveness of Speaking Indicator. Experimental results show that incor-
porating the speaking indicator leads to richer facial expressions and a significant
improvement in overall perceptual quality (as shown in Fig.[7] (b)). We attribute
this to the indicator’s ability to help the model accurately distinguish between
the speaker and the listener, enabling more targeted interaction modeling.

Effect of the Second Stage. Introducing the second stage, as in the last row
of Tab.[3] all metrics improve significantly, which fully demonstrates the positive
impact of the second stage on the first stage. The notable improvement in 2D
metrics indicates that the motion after passing through the 3D GS Renderer
becomes more accurate, validating our hypothesis that 2D loss can influence
3D performance, thereby enhancing the accuracy of 3D motion and making the
rendered 2D images closer to the ground truth. As shown in Fig. Ifl (d), before
introducing the second stage, many motion sequences and their rendered im-
ages cannot be perfectly aligned with the target, especially for mouth dynamics;
after introducing the second stage, both the motion and rendered images are
well aligned with the target image. This demonstrates that relying solely on 3D
pseudo-loss constraints is far from sufficient, and 2D supervision provides a more
accurate optimization for motion learning. More ablation study results are shown
in the supplementary. To further demonstrate the effectiveness of our proposed
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two-stage framework and the benefits of joint training, we provide additional
case studies and quantitative evaluations. As shown in Fig. [§] we compare re-
sults from different stages: ground-truth image, mesh without stage-2, and mesh
after stage-1 and stage-2 joint training. It can be observed that incorporating
the second stage significantly improves mesh alignment with the ground-truth
image, particularly in mouth opening and closing. Without stage-2, many cases
that should depict closed mouths fail to do so.

To quantitatively validate this observation, we compare our method with
Spectre with manually annotated ground-truth keypoints (Xgt). We obtain 2D
keypoints from Spectre’s reconstructed meshes (Xs) and our meshes (Xm), and
compute the Lip Distance Metric (Dyrip) and Mean Absolute Error (MAEy,,).
Spectre-Reconstruction yields an MAE;, of 9.68, while our method achieves
a significantly lower error of 6.23. These results confirm our hypothesis: Re-
alDyadic achieves superior accuracy over Spectre in specific cases, particularly
when Spectre produces exaggerated or non-physical mouth shapes. Visual com-
parisons are provided in the supplementary material for further illustration.

5 Conclusion

In this paper, we present RealDyadic, a method for multi-speaker 3D talking
head generation. RealDyadic fully explores the mapping relationship between
speech semantics and lip movements by introducing a diffusion-based dual-audio
fusion module. In addition, we incorporate a 3D Gaussian renderer to synthesize
images under the supervision of real 2D images. Through a two-stage joint train-
ing strategy, our method achieves 2D-aligned 3D mesh generation. We conducted
extensive experiments on our self-built dual-speaker conversation dataset, and
the results show that our method outperforms existing approaches in both 3D
mesh accuracy and 2D image quality. Despite these advances, our method still
shows minor artifacts in some non-facial areas. We leave these improvements to
future work.
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