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1. Supplementary Material

In this supplementary material, we provide additional de-

tails about:

1. Supplementary video for qualitative examples.

2. Application cases of ViBES.

3. Additional implementation details of ViBES.

4. Additional details on the YouTube data processing
pipeline (referenced in Sec. 4).

5. Additional details on constructing conversational motion
from the AMASS dataset (referenced in Sec. 4).

6. Additional qualitative example of talking head genera-
tion and text-to-motion.

1.1. Supplementary Video

We provide a supplementary video to illustrate our method
and results. The video presents: 1) the background and
motivation of this work; 2) an explanation of the overall
framework; and 3) detailed qualitative comparisons across
different tasks, including conversational behavior genera-
tion, talking-head generation, co-speech gesture generation,
and text-to-motion generation. We recommend watching
the video with headphones, as it offers a more comprehen-
sive understanding of our approach.

1.2. Application Cases of VIiBES

Benefiting from the 3D representation, our conversational
agent naturally extends into the spatial domain. And also,
it can be used to drive more realistic video avatars. As il-
lustrated in Fig. 2, we use an off-the-shelf video genera-
tion tool powered by Runway Al [15] to synthesize avatar
videos, conditioned on our generated head motions.

1.3. Additional Implementation Details of VIiBES

The original GLM-4 model [3] consists of 40 transformer
layers with a hidden size of 4096 and an FFN dimension of
13,696, for a total of roughly 9B parameters. For our face
and motion branches, directly duplicating this architecture
would be inefficient. Instead, we adopt a lightweight variant
with 40 layers, a hidden size of 512, and an FFN dimension
of 4096, resulting in approximately 430M parameters for
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each branch. We train ViBES on 4 L40S GPUs for about
one week with a learning rate of 1 x 1074

For the motion tokenizer, as discussed in the main
manuscript, two popular paradigms of motion representa-
tion are widely used. For most experiments in this paper,
we adopt a compositional motion tokenizer [1, 10]. In addi-
tion, we train a separate HumanML3D representation [5] to
enable fair comparison with existing text-to-motion models
that rely on this convention.

1.4. Additional details on the YouTube data pro-
cessing pipeline

In this section, we give a detailed explanation of the data
processing pipeline of our Converse3D dataset. We sum-
marize the acquisition, processing, and filtering of our Con-
verse3D dataset into two main procedures: automatic and
manual processing steps, as illustrated in Fig 1. To build a
high-quality 3D co-speech gesture dataset with concurrent
and interactive body dynamics, we collect a considerable
number of videos. They are then processed using automated
methods to extract both audio and motion information.

Raw Video Downloading and Processing We crawl in-
the-wild conversational videos from YouTube, targeting
couple-interview channels, sports conversations, autobio-
graphical interviews, entertainment talk shows, and news
discussions on social topics. Using keywords such as talk
show, conversation, and interview, we retrieve videos to-
gether with their metadata (duration, frame resolution, au-
dio sampling rate, etc.); the keyword distribution is visual-
ized in Fig. 3. In total we collect over 2,000 hours of raw
footage and retain 1,095 hours of conversational clips after
automatic filtering and light manual cleaning. We discard
videos that do not satisfy our requirements on category, vi-
sual quality, language, or body visibility. In particular, we
only keep English dialogues and download each video at its
maximum available resolution to better recover facial and
body motion. Most retained clips contain a clearly visible
face, fewer than half show the upper body, and only a small
fraction contain the lower body. Owing to the scale of the
data, the initial filtering is performed automatically rather
than by inspecting each video individually.
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Figure 1. Overview of our YouTube data processing pipeline. The
raw videos are processed to obtain high-quality 3D poses using
automatic algorithms.

Audio Extraction and Filtering Audio and pose are the
two core modalities in our Converse3D dataset. We first
extract audio tracks from each video clip using FFmpeg.
Since the person visible in the frame is not always the one
speaking, we adopt TalkNet [17] to detect active speakers
and remove non-speaking segments. Very short utterances
(e.g., “yep”, “ok”) are merged into neighboring segments to
avoid overly fragmented clips. After this stage, the dataset
only contains segments where the visible speaker is actively
talking. We then apply Whisper-large-v3 [14] to obtain
transcripts with word-level timestamps for all retained seg-
ments.

Pose Estimation and Filtering As stated in the main
manuscript, we use SMPL-X [12] and FLAME [9] as
our parametric human models. Accordingly, we estimate
three components from monocular video: body, hands, and
face. We employ SPECTRE [2] to reconstruct FLAME pa-
rameters for facial motion, and use 4D-Humans [4] and
HaMeR [13] to obtain SMPL-X body and hand parame-
ters. We retain only sequences where the upper body is
clearly visible to ensure reliable SMPL-X fitting. All mo-
tion sequences are transformed into a canonical world frame
where the XZ-plane defines the ground, and resampled to
25 fps to ensure integer alignment with the audio tokens.
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Figure 2. Application: driving video generation with ViBES. We
use our generated 3D head motion as a behavioral condition to
control an off-the-shelf video generation model (Runway Al [15]),
producing realistic talking avatars.

1.5. Additional Details on Constructing Conversa-
tional Motion from the AMASS Dataset

Our Converse3D dataset aggregates multiple data sources.
Existing motion datasets provide high-fidelity kinematics,
but their modalities are often fragmented. Here we describe
how we construct conversational data from the AMASS
text-to-motion setting. All sequences are first retargeted
to a unified SMPL-X/FLAME representation with consis-
tent axes and then resampled to 25 fps. For AMASS [11],
we synthesize the missing linguistic and acoustic modal-
ities using the HumanML3D text annotations [5]. Given
each motion description, we reformulate it as a natural-
language question that explicitly requests the correspond-
ing behavior (e.g., “Could you perform the motion of wav-
ing your hand?”). We then use a TTS system [7] to syn-
thesize speech for this question, yielding a spoken query
that would plausibly elicit the motion. Conditioned on the
same question, GLM-4-Voice generates an answer, which
we pair with the original motion to form a single conver-
sational sequence (see Fig. 6 for the detailed prompt). The
synthesized question audio, generated answer, and AMASS
motion thus form aligned audio—text—motion triplets. All
additions pass safety and style checks, near-duplicate filter-
ing, and 25 fps timing validation, increasing tri-modal cov-
erage without distorting the underlying motion distribution.

1.6. Additional Qualitative Examples of Talking-
Head Synthesis and Text-to-Motion

To further demonstrate the effectiveness of our model
on talking-head synthesis and text-to-motion, we provide
an additional qualitative example for the speech-driven
talking-head task in Fig. 4. Our method produces facial ex-
pressions that are well synchronized with the speech, par-
ticularly in the lip movements, and outperforms state-of-
the-art baselines. We also present additional text-to-motion
qualitative examples in Fig. 5. These results show that our
model generates motions that more faithfully align with the
textual descriptions, indicating a strong understanding of
the input text.
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Figure 3. Word cloud visualization of our Converse3D data from
different dataset sources.
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Figure 4. Additional qualitative comparisons with prior methods
on the speech-driven 3D head animation task (with head pose held
fixed). Since most existing models are trained on TFHP [16], we
evaluate on this dataset to ensure a fair comparison.
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Text A person walks forward then turns

completely around and does a cartwheel, A person taking a huge diagonal step A person tries to clean the floor
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Figure 5. Additional qualitative examples for text-to-motion generation. Given a text caption, we compare the 3D motion generated by
our method with those generated by state-of-the-art methods, including MotionGPT [8], LoM [1], and MoMask [6]. Our model produces

smooth, natural, and sometimes better motion in comparison with existing methods, which do not model the conversaion behavior.

System Prompt for Motion-conditioned Conversational Answer Generation

System Promopt.

< |system| > User will provide you with a text instruction. Do it step by step. First, think about the instruction and
respond in a interleaved manner, with 13 text token followed by 26 audio tokens. Please follow these steps carefully:
Think about the instruction first. Respond in an interleaved manner: output 13 text tokens followed by 26 audio tokens.
In your reply, imagine that you have a body and are already moving, pretending to perform ’the motion required by the
question. Make sure your answer aligns with both the question and the motion being asked. Remember: the motion is
imaginary (pretend), not real. If you describe the motion, use the first-person perspective (e.g., 'my hand,” my body,’
’my movement’). Please reply as if you are experiencing and expressing the motion yourself.”
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Figure 6. System prompt for motion-conditioned conversational answer generation. We instruct the model to generate answers as if the

avatar had its own body and were responding through both speech and body movement.

exploring long-term temporal features for audio-visual ac-
tive speaker detection. In ACMMM, page 3927-3935, 2021.
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