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3D-mask-based Embedding Router
Supplementary Material

1. Overview of Supplementary Material

This supplementary document provides comprehensive de-
tails, additional experiments, and implementation specifics
to support the findings in the main paper. The content is
organized as follows:

* Section 2: Additional Experimental Results. We present
a comparative analysis against the concurrent work Mul-
tiTalk, a component analysis of our router design choices
(L-RoPE, layer-shared, sequential training, training-free
alternatives), a user study, mask visualizations, and an
evaluation of generalization beyond two characters.

* Section 3: Additional Model Details. We provide an in-
depth description of the Intra-Denoise Router architecture
and detail the loss functions employed, including the geo-
metric priors and weak supervision losses used to enforce
spatiotemporal consistency.

¢ Section 4: Additional Training Details. We elaborate
on our three-stage training curriculum and the specific
teacher-forcing strategy implemented to stabilize the joint
training of the router and the diffusion model.

* Section 5: Additional Data Details. We outline the rig-
orous data cleaning criteria and the comprehensive pre-
processing pipeline constructed for the MCTV dataset,
including segmentation, speech separation, and caption-
ing.

* Section 6 and 7: Code and Ethical Considerations. Fi-
nally, we provide details on code and resource availability,
and discuss the broader implications of our method, in-
cluding ethical considerations for responsible usage.

2. Additional Experimental Results.

2.1. Comparison with Concurrent Works.

To evaluate the performance of our approach in both single-
and multi-character scenarios, we compare it with the re-
cent concurrent work MultiTalk, which also targets multi-
character talking video generation and supports single-
speaker settings. We report results on AV-Speech (single-
speaker), MCTV-Test, and MCTV-I (multi-character).

As shown in Table 1, MultiTalk achieves stronger re-

sults in the single-character AV-Speech setting, which
aligns with its substantially larger training corpus. On the
multi-character benchmarks (MCTV-Test and MCTV-I), our
method attains comparable performance to MultiTalk across
most metrics, demonstrating that the intra-denoise routing
mechanism is effective for handling multi-person scenarios
without requiring character-specific spatial priors.

Overall, while our approach is not superior in the single-
speaker case, it remains competitive in multi-character set-
tings and exhibits stable performance across different bench-
marks.

2.2. Component Analysis

To further validate the design choices of our embedding
router, we conduct a controlled study by integrating alter-
native designs within our unified framework while keeping
all other training hyperparameters consistent. As shown in
Table 2, we compare the following variants: (1) L-RoPE:
replacing our router with the L-RoPE mechanism from
MultiTalk [9]; (2) Layer-shared Router: sharing a single
router across all DiT layers instead of using layer-specific
routers; (3) Sequential Training: training single-character
and multi-character stages sequentially rather than jointly;
(4) Training-Free: applying SAM2 on the estimated clean
frame at an intermediate denoising step to obtain masks
without training a router module. Our method consistently
outperforms all variants across both MCTV-Test and MCT V-
I benchmarks with negligible inference overhead, demon-
strating clear architectural advantages for multi-character
coordination.

2.3. User Study

To complement the automatic metrics, we conduct a user
study with 30 participants on MCTV-Test. Videos from all
methods are shuffled and rated on three dimensions: lip-sync
accuracy, naturalness, and expressiveness. Scores are nor-
malized to 100. As shown in Table 3, our method achieves
the best lip-sync and expressiveness scores, and is compet-
itive with MultiTalk on naturalness, further validating the
effectiveness of our approach for multi-character talking
video generation.



Table 1. Quantitative comparisons of our method with the concurrent work MultiTalk across single-character (AV-Speech) and multi-character

(MCTV-Test, MCTV-I) benchmarks.

Dataset Model Metrics
Face Sim? Sync-Ct Sync-D| FID| FVDJ
MultiTalk[9] 72.66 6.89 7.44 48.6  211.48
AV-Speech 5 1 72.25 6.76 8.15 445 23355
MultiTalk[9] 68.27 5.84 8.05 4555 38871
MCTV-Test 72.65 6.12 745 2688 29820
MultiTalk[9] 72.05 5.68 8.02 / /
MCTV-L Ours 71.28 5.78 7.89 / /
Table 2. Component analysis on MCTV benchmarks.
| MCTV-Test | MCTV-I | DiT Time
Model | Face-Simt Sync-Ct Sync-D| FID| FVD] | Face-Simt Sync-Ct Sync-D| | (min)
L-RoPE 72.14 5.98 7.77 26.62  301.56 71.09 5.68 8.02 6.75
Layer-shared Router 71.09 5.68 8.02 27.56 315.78 70.64 5.71 7.95 6.88
Sequential Training 72.45 5.78 7.99 26.67 307.81 70.78 5.44 8.41 6.88
Training-Free 71.10 5.55 822 2621 299.09 70.73 5.31 8.78 7.24
Ours 72.65 6.12 7.45 26.88  298.20 71.28 5.78 7.89 6.88

Table 3. User study on MCTV-Test (scores normalized to 100).

Model Lip-Synct  Naturalnesst  Expressiveness{
Sonic 46.1 65.4 53.7
Sonic (Concat) 64.8 61.2 55.1
Hallo3 40.5 73.0 70.8
Hallo3 (Concat) 72.3 63.6 71.2
MultiTalk 78.6 83.9 74.5
Ours 79.2 81.4 78.6

2.4. Mask Visualization

To demonstrate the temporal consistency and spatial accu-
racy of the masks predicted by our Intra-Denoise Router, we
visualize the predicted masks across multiple frames in Fig-
ure |. The results show that our router produces smooth, co-
herent masks that accurately track character regions through-
out the video, even under significant head movements and
pose changes.

Figure 1. Visualization of the predicted masks across frames. The
router produces temporally consistent and spatially accurate masks
for each character.

2.5. Generalization Beyond Two Characters

To rigorously assess robustness for complex multi-character
scenarios, we curate another challenging test suite of 30
samples with more than 2 characters, including 10 samples
each with 3, 4, and more than 4 characters respectively.
Quantitative and qualitative results are provided in Table 4
and Figure 2. A key confound in such scenarios is that in-
creasing character count naturally reduces the face ratio and
amplifies background complexity, both of which may affect
performance independently. To isolate the impact of char-
acter count, we design a controlled experiment, referred to
“More than 4 Characters (w/ edited)” in Table 4. Specifically,
starting from 3-character, we gradually insert irrelevant char-
acters while strictly preserving the appearance and spatial
arrangement of target characters.

Empirically, our method sustains strong performance with
only mild decreases as the number of character increases.
Surprisingly, the controlled “edited” setup shows perfor-
mance nearly identical to the 3- and 4-character subsets. This
finding highlights our approach is robust to larger charac-
ter counts and the performance drop in unconstrained cases
is mainly attributed to lower face ratios and richer scene
complexity rather than the character count itself.

3. Additional Model Details.

3.1. Intra-Denoise Router Architecture

Our router module integrates the rich cross-modal represen-
tations captured by pretrained facial cross-attention. Specifi-
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Figure 2. Visualization of inference results on unedited (3 Charac-
ters) and edited (More than 4 Characters) inpainting frames. Red
microphone and blue ear icons indicate speaking and listening char-
acters respectively. Our method maintains consistent performance
as character count increases when confounding factors are con-
trolled.

Test Set Silg“‘f(e% ) SCy‘}rc Sg“f' FID, FVD,
3 Characters 67.26 629 799 2987  322.56
4 Characters 66.56 622 825 2945  329.18
> 4 Characters 64.22 560 902 3007 33359
> 4 Characters (w/ edited)  66.78 612 795 2958  327.18

Table 4. Quantitative comparisons in multi-character-talking video
generation task across subsets with different number of characters.
The best results are in Bold.

cally, we utilize the query and key outputs from a pretrained
multi-head face cross-attention module as inputs to the router
module. Both query and key undergo layer-wise linear trans-
formations followed by reshaping operations that preserve
the head dimension. The attention weights, computed via
matrix multiplication between transformed queries and keys,
encode the correspondence between facial features and vi-
sual tokens. These weights are enhanced with 3D RoPE
positional encoding [12] before processing through multiple
spatio-temporal attention layers that model interdependen-
cies among visual tokens. A final linear layer with softmax
activation generates the predicted mask output. This design
holistically captures both isolated feature-token correspon-
dences and spatio-temporal token dependencies, which are
essential for producing precise, smooth masks.

3.2. Loss Function for Intra-Denoise Router

The Intra-Denoise Router predicts masks by modeling cor-
relations between facial embeddings and visual tokens, and
is trained with cross-entropy and weakly supervised losses.
Unlike [5], we treat the background as an additional class
(n 4 1) in a multi-class classification framework, reducing
the influence of noisy background outputs during inference.
Given visual tokens v from transformer layer / and multiple
character reference images I, the router predicts a 3D mask
M, and is mainly optimized by cross-entropy loss:
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where y; i ¢ 1. and 914 ¢, are the ground-truth extracted
from SAM?2 [10] and predicted mask, respectively, with [, 4,
t, h, and w indexing the layer, character, time, and spatial
dimensions.

Compared to [5], which treats each visual token as an
isolated entity and struggle to produce a smooth mask, we
incorporate geometric priors which naturally constrain the
shape of 3D mask to enhance mask smoothness and con-
sistency, followed by three constraints: (1) Spatiotemporal
Consistency, (2) Layer-wise Consistency, (3) Identity Exclu-
sivity. In light of the geometric priors, we further design
some weak supervision losses to regularize the training of
the router module:
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where V spagiotemporat M 5+ denotes the discrete spatiotempo-
ral gradient of the mask M. We observed that the loss term
L, inherently enforces Identity Exclusivity, ensuring that
only one character is predicted at any given temporal-spatial
position. The overall loss to optimize the router module is
defined as Liouter:

ﬁrouler = ET + )\stht + )\lﬁlayera “4)

where A\, and \; are the loss weights.

4. Additional Training Details.
4.1. Multi-Stage Training

We divide the training process into three consecutive stages
to progressively enhance the model’s capabilities, from iden-
tity preservation to audio-driven motion control, and finally
to multi-character audio-driven animation.

Stage 1: Excluding speech audio conditions, we focus
on identity preservation and the ability to generate from an
inpainting frame. The full parameters of the transformer and
face embedding extractor are unfrozen. We introduce a 50%
probability of randomly dropping the inpainting frame, forc-
ing the model to generate robust outputs in both conditional
and unconditional scenarios. Following [13], a Dynamic
Mask Loss with a 50% application rate is adopted.

Stage 2: Audio conditions are added, and Low-Rank
Adaptation (LORA) [7] is incorporated into the video DiT
architecture as an additional trainable module. All param-
eters are fixed except for the audio encoder, audio cross-
attention, face encoder, face cross-attention, and the DiT’s
LORA. Random drops of different condition combinations



are applied to strengthen classifier-free guidance generation
[6].

Stage 3: The embedding router module is introduced and
trained jointly with the entire denoising process. All parame-
ters are fixed except for the embedding router module, audio
cross-attention, face cross-attention, and the DiT’s LORA.
We adopt a two-task hybrid training paradigm by dividing
the training process into single-character and multi-character
animation tasks. These tasks use distinct training data while
sharing the same network parameters. For single-character
scenarios, we replicate the input conditions n times to match
the model’s expected multi-character input format. We also
employ a teacher-forcing training strategy to stabilize the
training process.

4.1.1. Teacher-Forcing Training Strategy

We observed that training the router module jointly with
the entire denoising process often leads to a trivial solu-
tion, where visual tokens become easy to classify but lack
meaningful visual representation. Meanwhile, the router’s
training depends on the model being sufficiently adapted
to the data distribution to perform high-quality denoising.
Without accurate router predictions, the diffusion model pro-
gressively loses its ability to effectively integrate and utilize
the provided conditions.

Thus,we employ a teacher-forcing training strategy,
where we force the input of mask-guided cross attention
in the transformer diffusion model to be the ground truth
mask value, and detach the computational graph of the router
module from the denoising process. To enhance noise ro-
bustness, we apply a dropout operation and add Gaussian
noise to the forced mask values, effectively serving as a form
of data augmentation.

4.2. More Inplementation Details of Training

Across all training phases, the three stages consist of 10,000,
40,000, and 10,000 steps, respectively, taking a total of
9 days to complete. To enhance classifier-free guidance,
the reference image, inpainting frame, and audio are each
randomly dropped with a probability of 0.05 during train-
ing. Our training sets include: (1) single-character datasets:
AVSpeech [4] and (2) multi-character datasets: our MCTV
dataset.

5. Additional Data Details.
5.1. Data Cleaning

We apply a series of automated data cleaning steps to ensure
dataset quality—a stage we deem crucial for training. First,
we filter raw videos by resolution, duration, and FPS. Then
we employ a face detection model [8] to extract bounding
boxes and isolate segments containing exactly two charac-
ters. Next, we calculate the bounding-box-to-inter-character-
distance ratio to exclude segments where the characters’

bodies are too distant. Finally, lip-sync quality filtering is
performed. Directly applying Sync-C [3] to segments gen-
erates noisy outputs due to overlapping speech from both
characters. Consequently, segments with simultaneous di-
alogue are mistakenly filtered out. To overcome this, we
utilize the AV_MossFormer2_TSE_16K model [11] to sep-
arate speech tracks and remove irrelevant noise. Sync-C
is computed individually for each character’s isolated au-
dio and cropped facial video, then the average of these two
scores serves as our filtering criterion.

5.2. Processing Pipeline

To enable multi-character video training, we construct a
comprehensive preprocessing pipeline following data clean-
ing. This pipeline includes segment extraction, speech sep-
aration, audio embedding extraction, and caption genera-
tion. Specifically, we use SAM2 [10] to obtain per-character
segmentation masks, which are downsampled to the la-
tent space and used as ground truth for the routing masks.
AV MossFormer2_TSE_16K is applied to separate speech
tracks from overlapping videos, establishing the Audio-
Character Matrix A, that encodes the correspondence be-
tween audio and characters. Audio embeddings are extracted
from each isolated speech segment using Wav2Vec [1]. Fi-
nally, QWEN2-VL [2] is employed to generate descriptive
captions for all segments. Figure 3 illustrates the overall
automated pipeline.
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Figure 3. Visualization of the automated data processing pipeline
for the MCTV dataset.

6. Code and Resources

To ensure reproducibility, we release our implementation in
the supplementary material.

7. Ethical Considerations

Beyond technical contributions, it is crucial to consider the
broader implications of our method. Like many generative
technologies, it holds the potential to synthesize misleading
or deceptive content. We acknowledge this risk and stress
the importance of responsible use. We strongly encourage
downstream users to adhere to ethical standards, including
transparency in synthetic media usage and the development
of detection tools to identify generated content.
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