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1. Online Generation Demo

To demonstrate the real-time capabilities of our gesture gen-
eration framework, we build an interactive demo in which
a user can converse naturally with an Embodied Conversa-
tional Agent (ECA). We urge readers to watch the supple-
mentary video, which highlights how our system supports
online, continuous, and responsive gesture generation dur-
ing live interaction.

1.1. Architecture

The primary goal of the demo is to showcase MIBURI’s
ability to generate gestures and speech in real time during
a fully interactive conversation with the user. Unlike tra-
ditional turn-based systems, our setup supports full-duplex
interaction, allowing both the user and the ECA to speak,
interrupt, and respond fluidly—mirroring natural human
dyadic communication. Achieving such responsiveness re-
quires maintaining low latency while processing both the
user’s input and MIBURI’s output continuously.

To this end, we implement the demo using three paral-
lel processes, executed on a workstation equipped with an
NVIDIA RTX 3090 GPU. These processes run concurrently
and communicate through lightweight websocket channels
to ensure synchronized, low-overhead data exchange. The
three processes operate as follows:

• Inference Process (Main Process). This process runs
the core inference loop for both Moshi [2] and MIBURI.
It handles real-time speech–text token streaming and gen-
erates gesture tokens frame by frame.

• Speech/Text Visualization Process. At every inference
step, the raw audio waveform and the decoded text to-
kens are sent via websocket to this process. It visualizes
the user’s speech and the agent’s responses, allowing real-
time inspection of the conversational flow.

• Motion Visualization Process. In parallel, the gesture
generation module sends a time-aligned SMPL-X [15]
mesh for each frame to a dedicated visualization process.
This process renders the full-body motion—including
hands and facial expressions—on the user’s screen in real
time.

Together, these components enable seamless, continuous in-
teraction with the embodied agent, as illustrated in Fig. 1.
The system maintains low latency at each stage, enabling
a fluid and immersive demonstration of real-time embodied
dialogue.

Figure 1. System architecture of our real-time demo. The main
inference process runs Moshi and MIBURI in a continuous loop,
while two parallel processes handle speech/text visualization and
motion rendering. Data is streamed between processes at each
timestep via websockets to support low-latency, full-duplex inter-
action. Right: the user-facing interface of the demo.

Table 1. Quantitative evaluation on the Embody3D dataset.

FGD↓ BeatAlign→ L1-Div→
GT – 0.453 5.97

EMAGE [8] 3.786 0.022 1.79
GestureLSM [9] 3.744 0.776 13.75
MIBURI 1.642 0.605 10.18

2. Additional Results on Embody3D [10]
Embody3D is a recently released dataset containing 59
hours of dyadic interaction recordings. In this setup, two in-
terlocutors face each other and communicate naturally, mir-
roring human–human conversational dynamics. We evalu-
ate on this dataset because our long-term goal is to develop
fully interactive embodied agents capable of behaving like
humans in real conversational settings.

We finetune our multi-speaker BEAT2 models on Em-
body3D and report performance using FGD, BeatAlign, and
L1 Divergence. Across all metrics, MIBURI achieves the
best quantitative results, showing lower gesture distribution
divergence, improved alignment with speech prosody, and
motion diversity closer to GT. This performance trend mir-
rors our findings on the BEAT2 multi-speaker evaluation,
further demonstrating that our causal token-based frame-
work generalizes well to new conversational settings. For
fair comparison, we retrain the FGD network following
EMAGE [8] and recompute the mean velocity used in the
BeatAlign metric. All evaluations are conducted using only
the upper body and hands

3. Analyzing Autoregressive Dependency in
Kinematic Transformer.

Since we model body-part level details through an autore-
gressive transformer, this leads to a dependency in which



Upper body Lower body Face

Lower → Lower

U
pp

er
 b

od
y

Lo
w

er
 b

od
y

Fa
ce

Lower → Upper Face →
 Face

Upper → Upper

Face → LowerFace → Upper

Figure 2. Kinematic Dependency Analysis. Here, “→” means
“attends to”.

body parts predicted later (lower body and face) depend on
body parts predicted earlier (upper body). Therefore, we
analyze the effect of this ordering to examine whether it
imposes a specific dependency chain. We plot the causal
self-attention between the face, upper-body, and lower-body
tokens in Fig. 2. Even though face tokens are predicted af-
ter lower-body tokens, the attention weights show that the
model implicitly learns to ignore lower-body tokens when
predicting face tokens. We observe that face self-attention
is concentrated in the “Face → Face” block, as the face does
not depend on other parts. Lower-body tokens exhibit small
attention to the upper body, since both are linked in terms
of motion dynamics.

4. On Causality-Quality Trade-off
Recall that MIBURI is designed to be an interactive, em-
bodied conversational agent (ECA). This necessitates that
the model is not only causal, but also real-time and our de-
sign choices have been profoundly dictated by these con-
siderations. Naturally, causality comes at the cost of qual-
ity. However, this trade-off is not merely a consequence
of having a limited context. In this section, we highlight
the underlying nuances associated with the design of causal
synthesis for human gestures.
Where do Gestures originate? We submit that the premise
of causal co-speech gesture synthesis is rather ill-posed, as
it tacitly assumes that the agent (or humans) gesture on the
basis of speech uttered within the past context. This as-
sumption, however, is not true. In reality, human speech
and gestures are driven in parallel through a shared in-
tent [1, 3–5]. This is reflected in the observation that ges-
tures can often be stroked even before the speech has been

uttered [11, 13]. This is also observed in turn-taking be-
tween multiple interlocutors [16]. Likewise, it is also pos-
sible that gestures occur with a delay (for example, to rein-
force or qualify the argument in the speech) [12]. While the
latter case can be, in principle, modeled by a causal model,
the former is inherently challenging to achieve. Conse-
quently, we observe that causal modeling incentivizes more
prominent beat gestures, as the temporal correlation be-
tween the speech and the gestures is easier to discover while
training. On the other hand, non-causal, full-context mod-
els, thrive in the luxury of future context availability and are
able to model more nuanced and semantically meaningful
gestures [14, 21].

Should we Model the Intent Behind the Gestures? We
believe that a common modeling of the intent before gen-
erating the speech and gestures is a goal worth pursuing.
This could be achieved by first inferring the intent behind an
LLM’s output, and then generating the speech and gestures
jointly based on the inferred intent. However, this would be
a suboptimal approach that breaks the constraints of causal-
ity, while also being slow. For truly interactive ECAs, we
either need a real-time LLM that is trained to generate the
intent before the final output, or, we need an approach to
disentangle the LLM’s intent from the intermediate features
of the model. While fascinating directions for future re-
search, both the potential solutions remain out of the scope
of our current submission.

5. Implementation Details of Gesture Codecs.

We build streaming codecs for each body part using Resid-
ual VQ-VAE [19]. These codecs consist of an encoder-
decoder architecture, where the encoder downsamples the
input motion sequence by a factor of 2 and the decoder up-
samples it back for reconstruction. Given an input of 250
frames during training, the encoder outputs 125 tokens for
a 10-second sequence. During training, the input sequence
length is randomly sampled between 2 and 250 at every it-
eration.

Upper and lower body codecs consist of 2 1d-
convolutional layers and 8 transformer layers with 4 atten-
tion heads. Face codec contains 2 1d-convolutional lay-
ers and 4 transformer layers with 2 attention heads. Ev-
ery codec is trained with a set of reconstruction and geo-
metric losses along with commitment losses for each code-
book. We apply Geodesic Loss on rotation matrices and
standard MSE losses on 6D, axis-angle and joint position
representation of the motion. Moreover, we also apply addi-
tional MSE losses to optimize velocity/acceleration of mo-
tion [14]. Lastly, we apply loss on foot contact predictions
during codec training to reduce foot sliding [14, 20].



6. Evaluation Metrics

FGD. We adopt the Fréchet Gesture Distance (FGD), fol-
lowing Yoon et al. [18]. For evaluation, we use the gesture
encoder released with BEAT2 [8] to extract gesture embed-
dings and compute FGD, without retraining the encoder.

Beat Alignment Score. Originally proposed to assess
synchronization between music beats and dance motion [6],
the Beat Alignment Score has been adapted for gesture syn-
thesis to measure how well gesture beat events align with
audio beat events. It captures temporal correlation between
gesture dynamics and speech prosody.

L1 Divergence. Also referred to as L1 variance, this met-
ric computes the average L1 distance between each gener-
ated pose and the mean pose of the sequence. Lower values
indicate motion collapse toward static poses, making it use-
ful for detecting unexpressive or frozen gesture generation.

Facial-MSE. This metric, introduced by EMAGE [8],
measures mean squared error between the ground
truth facial expressions and predicted facial expressions.
FLAME [7] is used as the representation to calculate this
loss.

Mean Per Joint Position Error (MPJPE). This is a stan-
dard metric for evaluating motion reconstruction and pose
estimation. It measures the average Euclidean distance be-
tween predicted and ground-truth joint positions across all
joints and frames. Formally, it is computed as the mean L2
distance in 3D space, providing a direct measure of pose
accuracy.

7. Details on User Study

To evaluate perceptual quality, we conducted a user study
with 53 participants. Each participant was presented with
15 forced-choice questions randomly sampled from 45
questions. These questions display a side-by-side anima-
tion, comparing our method against state-of-the-art base-
lines and ground truth. Each question displayed a side-by-
side animation of our model and one of EMAGE [8], Ges-
tureLSM [9], or the ground truth. For every pairwise com-
parison, participants answered two questions:
• “Which gesture sequence looks more natural?”
• “Which appears better aligned with the spoken content?”
Across all comparisons, results were statistically significant
with p-values < 0.001, except for the appropriateness com-
parison against GestureLSM [9], which remained signifi-
cant at p < 0.05.

8. Baseline Implementations
For the single-speaker evaluation, we use the publicly re-
leased checkpoints provided by each baseline method. For
the multi-speaker evaluation, many baselines do not release
multi-speaker models. To ensure a fair comparison, we re-
train EMAGE [8] and MambaTalk [17] on the 23-speaker
subset of BEAT2 (excluding carla and itoi), following the
training configurations described in their respective papers.

Beyond comparing to non-causal baselines, we also cre-
ate causal variants of GestureLSM and MambaTalk to eval-
uate them under the same online, real-time constraints as
our method. In both cases, causality is enforced by apply-
ing a causal attention mask to all transformer layers dur-
ing training. This allows us to report quantitative compar-
isons against models operating under equivalent causal con-
ditions.
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