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This supplementary material contains sections below:
• 1. Relationships & Personality Clustering of Generated

Results
• 2. Implementation Details of DyaDiT
• 3. Details of A/B Test Questionnaire

In addition to this supplementary.pdf, we also in-
clude a narration video.mp4, which provides a brief
overview of the paper along with several qualitative ges-
ture generation examples. We further provide our imple-
mentation in dyadit code.zip; please refer to the in-
cluded README.md for instructions on running the code.
The trained models will be released upon acceptance.

1. Clustering of Generated Gestures

In the main paper, we conduct an A/B test to evaluate the re-
lationship and personality consistency of the generated ges-
tures. To further assess the controllability of the conditional
inputs in DyaDiT, we perform a t-SNE clustering analysis
on the generated motion embeddings.

Figure 1 visualizes the t-SNE embeddings of the gener-
ated gestures under different conditioning signals. On the
left, we generate gestures using various relationship types
while fixing the personality scores. On the right, we dis-
cretize the continuous personality score features into five
“one-hot” vectors and generate gestures for each vector to
examine personality controllability.

We observe that the personality clusters form clearly sep-
arable groups, indicating that DyaDiT effectively captures
the global behavioral tendencies associated with different
personality traits. In contrast, the relationship clusters are
less clearly separated. We consider this to be consistent with
the nature of dyadic conversational gestures: the styles be-
tween Friend, Family, and Dating share some overlap. As a
result, the generated gestures also show a more continuous
manifold across these categories rather than sharp cluster
boundaries.

2. Implementation Details

Diffusion Transformer The input pose sequence is en-
coded into a latent space aligned with the VQ-VAE repre-
sentation, resulting in a latent embedding in R64, instead of
the original R43×6 6D rotation matrix [7] joint representa-
tion. A linear layer projects the noisy latent input from R64

to a hidden space in R512, followed by a symmetric projec-
tion back to R64 at the output.

The model contains 4 Transformer blocks, each
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Figure 1. t-SNE clustering results of Relationships (left), Person-
ality Scores (right).

equipped with 4-head multi-head attention (R128) and a
R2048 feed-forward network. We employ a R512 sinusoidal
time embedding, which is injected into each block through
FiLM [5] modulation.

Two independent Wav2Vec2 [2] processors extract high-
level audio features from the conversational speech of
both speakers. These yield feature sequences denoted as
aself, aother ∈ RT×768, where T denotes the number of au-
dio frames. Each of these is projected to RT×512 via a linear
transformation, followed by LayerNorm and a gated fusion
mechanism to combine self and other speaker cues.

A learnable motion bank contains 1000 prototype vec-
tors in R512, providing contextual priors via cross-attention.
similar to the time embedding, relationship and personality
embeddings are projected into R512. These vectors are in-
jected into the DiT blocks via FiLM-style adaptive scaling.
All contextual cues are concatenated into a unified sequence
in R512 and injected into each DiT block via cross-attention.

Motion Tokenizer (VQ-VAE). We implement a temporal
VQ-VAE [4] to discretize pose sequences before diffusion.
Given an input sequence of joint features X ∈ RT×6×43,
the encoder is a 1D CNN consisting of three Conv1d lay-
ers, with LeakyReLU applied after the first two layers, and
an overall temporal downsampling factor of 4, producing
a latent sequence in R(T/4)×64. This continuous latent
is quantized by a residual vector quantizer with depth 4,
each equipped with a 512-entry codebook, which maps each
time step to a stack of discrete code indices. The decoder
is a 1D CNN consisting of an initial Conv1d-LeakyReLU
layer, two upsampling blocks (linear interpolation followed
by Conv1d and LeakyReLU) interleaved with additional



Conv1d-LeakyReLU refinement layers, and a final Conv1d
projection, achieving an overall temporal upsampling factor
of 4 and recovering the original temporal resolution to re-
construct poses in RT×6×43. The final latent representation
used by the DiT denoiser is obtained from the quantized
codes as a compact 64-dimensional embedding per 4 × T
frames in R64.

Seamless Interactive Dataset. We conduct our experi-
ments on a part of the Seamless Interaction dataset [1].
In particular, we adopt the naturalistic split of the dataset.
For training, we utilize the first 10 official training archives
(provided as zip files), which contain approximately 182
hours of naturalistic interactions and 3000 paired motion-
audio samples. For testing, we select the first archive from
the official test split to ensure a consistent evaluation set-
ting.

We observe that the SMPL-H parameters provided in the
dataset exhibit noticeable inaccuracies in lower body esti-
mation, likely due to limited camera views and body oc-
clusions during data capture. To avoid introducing artifacts
into our motion modeling, we discard lower-body joints and
only retain the upper body comprising 43 joints, includ-
ing fingers. For visualization, all unused joints, along with
global orientation and root translation, are set to zero.

In addition to pose data, the dataset includes high level
annotations such as relationship and personality scores.
While the dataset provides Interpersonal Communicative
Dynamic (IPC) tags for social dynamics, we found the an-
notations to be too noisy and ambiguous where it is un-
clear which speaker they apply to. Consequently, we do
not employ IPC tag supervision in our current study and in-
stead focus on the cleaner relationship and personality cues.
We note that once the IPC annotations are refined in fu-
ture dataset releases, we plan to extend our framework with
an IPC-awared conditioning module to further capture com-
municative intent in dyadic gestures.

In the future, we plan to re-annotate the video data using
advanced human pose estimation tools such as SMPLest-
x [6], Harmony4D [3] or recent state-of-the-art models,
with the aim of obtaining more reliable full body motion
supervision.

3. Questionnaire

We provide a reconstructed version of the A/B test ques-
tionnaire used in our user study. To view the questionnaire,
please first extract the questionnaire video.zip
file inside the questionnaire folder. After extrac-
tion, open questionnaire.html in any modern web
browser.

The original questionnaire was conducted through
Google Forms (see Figure 2). It consists of 28×2 questions

in total, including 10 questions on overall gesture quality, 8
questions on relationship consistency, and 10 questions on
personality consistency. Each question presents paired ges-
ture videos for comparison under two settings: DyaDiT vs.
ConvoFusion and DyaDiT vs. Ground Truth.

For an accurate viewing experience, please wear head-
phones. The left audio channel corresponds to the partner’s
speech, while the right audio channel corresponds to the tar-
get speaker’s speech.

The reconstructed interface allows reviewers to browse
all questions and play the corresponding videos to experi-
ence the same evaluation procedure as our participants.

Figure 2. Example of Questionnaires in GoogleForm
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