
MIBURI: Towards Expressive Interactive Gesture Synthesis

M. Hamza Mughal1 Rishabh Dabral1 Vera Demberg1,2 Christian Theobalt1,2
1Max Planck Institute for Informatics, SIC 2Saarland University

vcai.mpi-inf.mpg.de/projects/MIBURI

Figure 1. MIBURI: An online, causal framework for real-time dialogue and gesture generation. Given live speech, the system
produces full-duplex responses with synchronized full-body gestures. Right: Interactive demo using our approach.

Abstract

Embodied Conversational Agents (ECAs) aim to emulate
human face-to-face interaction through speech, gestures,
and facial expressions. Current large language model
(LLM)-based conversational agents lack embodiment and
the expressive gestures essential for natural interaction. Ex-
isting solutions for ECAs often produce rigid, low-diversity
motions, that are unsuitable for human-like interaction. Al-
ternatively, generative methods for co-speech gesture syn-
thesis yield natural body gestures but depend on future
speech context and require long run-times. To bridge this
gap, we present MIBURI, the first online, causal frame-
work for generating expressive full-body gestures and fa-
cial expressions synchronized with real-time spoken dia-
logue. We employ body-part aware gesture codecs that en-
code hierarchical motion details into multi-level discrete to-
kens. These tokens are then autoregressively generated by
a two-dimensional causal framework conditioned on LLM-
based speech-text embeddings, modeling both temporal dy-
namics and part-level motion hierarchy in real time. Fur-
ther, we introduce auxiliary objectives to encourage expres-
sive and diverse gestures while preventing convergence to
static poses. Comparative evaluations demonstrate that our
causal and real-time approach produces natural and con-
textually aligned gestures against recent baselines. We urge
the reader to explore demo videos on our project page.

1. Introduction

Human Computer Interaction has evolved from punch
card based interfaces to LLM-driven conversational agents.
Throughout this journey, these interfaces have progressed
to emulate a more “human” way of interaction. Current tex-
tual chat assistants are the latest iteration in this evolution,
which feature a strong understanding of linguistically en-
coded world knowledge. We interact with these digital as-
sistants naturally through our voice or text, without the need
to navigate a Graphical User Interface. However, human
communication is not limited to verbal interaction but also
involves non-verbal elements, such as body gestures and fa-
cial expressions, which are non-existent in these assistants.
Full-body gestures not only convey meaningful contextual
information in a conversation but also structure human in-
teractions, serving as another important means of commu-
nication.

Introducing this new communication channel in digi-
tal assistants paves the way for Embodied Conversational
Agents [7]: interfaces that are more interactive and natural
for human communication [40], marking a step toward a
deeper understanding of the physical world knowledge be-
yond language. To achieve this goal of interactive agents,
the seminal work of Cassell et al. [7] outlines architec-
tural requirements specifying that the system should pro-
duce expressive body gestures alongside spoken dialogue
in real-time. Building on this foundation, both early rule-

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.

40031



based [4, 7] and recent data-driven [33] approaches have
attempted real-time gesture generation synchronized with
speech. However, they often yield less expressive, low-
diversity motion and exhibit artificial turn-taking interaction
patterns with distinct speaking and listening phases.

In contrast, recent generative approaches [2, 31, 32, 50]
produce more natural and expressive co-speech gestures,
leveraging neural architectures through diffusion [35, 51]
or masked modeling in transformers [25]. However, these
models typically operate in an offline, non-causal manner,
requiring access to both past and future speech context to
synthesize motion for a given time step, and thus cannot
run in parallel with live speech generation. It is important
to note that causal and real-time processing are related but
distinct requirements: causal models, such as autoregressive
transformers, rely only on past inputs, with no regard to any
latency requirement, whereas real-time interactive systems
must additionally meet strict time constraints to maintain
conversational fluidity along with expressive gestures. Con-
sequently, existing generative gesture approaches, while ex-
pressive, cannot be used as plug-and-play solution to build
the embodied agents outlined by Cassell et al. [7].

To address this gap, we introduce MIBURI– an online,
fully causal generative framework that generates expressive
co-speech body gestures and facial expressions along with
spoken dialogue in real-time. We build this framework upon
Moshi [11], a speech-text foundation model that gener-
ates full-duplex spoken dialogue, and leverage its rich con-
textual speech-text embeddings to generate synchronized
body motion. While several LLM-based gesture synthe-
sis approaches exist [9, 32], they typically involve a bulky
pipeline in which the LLM outputs are converted to speech,
which is then tokenized to condition the gesture synthesis
model (Fig. 2 top). We propose an alternative paradigm.
In order to be causal and real-time, we exploit the speech-
text aligned token stream of Moshi, and build our gesture
synthesis architecture by directly tapping-on to the inter-
nal Moshi tokens. As illustrated in Fig. 2 (bottom), this
allows us to avoid the latency-inducing steps of the conven-
tional pipelines while benefiting from the rich semantic and
acoustic contexts provided by the token embeddings.

Architecturally, our causal generative network leverages
these internal tokens to generate gestures through two trans-
formers: one incorporating the temporal context and the
other generating per-frame, skeleton-aware kinematic fea-
tures. To facilitate such decomposition, we propose a two-
dimensional gesture encoding through Residual VQ-VAE,
which is trained to perform causal decoding of the gen-
erated gesture tokens. Noteworthy is that our tokens en-
code a short temporal window (2 frames) in order to keep
the latency low. We encode gestures by dividing the body
into three groups (face, upper and lower body) and tokenize
them seperately through individual codecs.

Figure 2. Overview. Existing solutions [9, 33] to animate ECAs
involve a complex pipeline (above) of multiple components to gen-
erate gestures with speech. MIBURI (below) generates full body
co-speech gestures directly by utilizing internal semantic/acoustic
tokens of speech-text foundation model [11].

In summary, our contributions are threefold:
• We contribute a new paradigm for online, real-time and

causal gesture generation, which leverages the internal
token-stream of a speech-based Large Language Model
to perform interactive gesture synthesis.

• We carefully design the network architecture and tok-
enization strategy, which facilitate causal gesture synthe-
sis without compromising the expressiveness of the gen-
erated gestures.

• We present a comprehensive analysis of the several de-
sign choices involved in our method. Through perceptual
and numerical experiments, we demonstrate that MIBURI
advances the state-of-the-art of Embodied Conversational
Agents (ECAs).

2. Related Work

We first review works on co-speech gesture synthesis, fol-
lowed by methods for building Embodied Conversational
Agents. Although both aim to generate co-speech gestures,
their differing requirements make bridging the two fields
together non-trivial.

2.1. Co-Speech Gesture Synthesis
Co-speech gestures are speech-synchronized body and hand
movements that convey semantically aligned meaning [30].
Existing works on gesture generation range from early
rule-based systems [8, 43, 45] to modern learning-based
systems [12, 13, 15, 19, 48]. Learning based meth-
ods [2, 25, 31, 35] are typically data-driven and employ
deep networks to convert speech input into synchronized
natural-looking motion. CaMN [24] and EMAGE [25]
introduce large-scale speech-aligned motion datasets and
transformer-based gesture synthesis methods. GestureDif-
fuCLIP [2] utilizes diffusion transformers with causal atten-
tion over past and future speech frames. ConvoFusion [31]
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uses diffusion to generalize generation across single- and
two-person interactions, while Audio2Photoreal [35] also
generates dyadic interactions with photorealistic avatars.
RAG-Gesture [32] and SemanticGesticulator [50] develop
retrieval-based paradigms to improve the semantic align-
ment in generated gestures. These methods cannot run in
real time due to heavy computation, making them unsuit-
able for online gesture synthesis.

To address long runtimes, MambaTalk [47] uses selec-
tive state-space models with non-causal cross-attention for
low-latency generation. GestureLSM [26] tackles this with
a real-time flow-matching framework and shortcut sam-
pling. Both methods also require seed gesture sequences
during inference. However, these methods remain offline
and non-causal, relying on past and future speech, and
therefore cannot support online ECAs. This highlights the
need for a real-time, causal framework that generates ex-
pressive gestures directly from speech without future con-
text, seed gestures, or long runtimes.

2.2. Embodied Conversational Agents (ECAs)
In language generation, LLMs [38, 44] have shown strong
capability to generate and understand text. Similarly, recent
spoken dialogue systems [11, 37] aim to perform conver-
sations in real-time while maintaining knowledge and rea-
soning abilities exhibited by LLMs. However, these natu-
ral language interfaces lack the full-body dynamics for an
embodied avatar. In the avatar space, recent approaches
have tried to enhance LLM-driven conversations with vir-
tual characters through articulated body movements. Dig-
ital Life Project [5] uses an LLM backbone to synthe-
size instruction-driven motion for virtual characters. TaoA-
vatar [9] focuses on producing a full-body photorealistic
avatar in real-time, given gesture input from motion library.

Full-fledged solutions for ECAs mainly include rule-
based systems, while there are only a few recent data-driven
systems. Rule-based systems [4, 6, 7] usually utilize pre-
recorded animations to synthesize body motion in real time.
Hybrid systems [27, 46] use neural methods for lip anima-
tion synthesis and a rule-based approach for body gestures.
Recently, Abel et al. [1] propose a GRU-based pipeline to
generate real-time co-speech gestures. Nagy et al. present
Gesturebot [33] that utilizes data-driven methods like [20]
to create an embodied avatar for body gestures. However,
Gesturebot is limited to manual turn-based interactions and
animates gestures only during speech, using a non-causal
model. In contrast, our framework operates causally at both
speech and gesture token levels, enabling real-time, contin-
uous interaction.

3. Approach
The goal of our approach is to generate full-body gestures
and facial expressions synchronized with speech for ECAs.

Table 1. Approaches for offline Gesture Synthesis and ECAs

Method Approach Expressive Causal Real-time
Cassell et. al. [6, 7] Rule-based ✗ ✓ ✓
DigitalEinstein [46] Rule-based ✗ ✓ ✓
Gesturebot [33] Autoregressive ✗ ✗ ✓

EMAGE [25] Masked Gesture Modelling ✓ ✗ ✗
ConvoFusion [31] Diffusion ✓ ✗ ✗
Audio2Photoreal [35] VQ+Diffusion ✓ ✗ ✗
RAG-Gesture [32] Retrieval+Diffusion ✓ ✗ ✗
GestureLSM [26] Flow-Matching ✓ ✗ ✓
MambaTalk [47] SSM ✓ ✗ ✓

MIBURI (Ours) RVQ+Autoregressive ✓ ✓ ✓

To enable such interactive agents, an ideal framework must
produce spoken dialogue and then leverage the underlying
verbal and prosodic context to synthesize expressive and di-
verse body gestures. According to the Cassell et al. [7],
there are two key requirements for interactive gesture syn-
thesis: (1) it must be causal, i.e. one cannot assume the
availability of future utterance, (2) and it must be realtime
with low latency. Here, it is important to emphasize that
simply having a low amortized rate of generation, as is typ-
ical for diffusion-based methods, is not enough.

Our approach builds upon a speech-text foundation
model [11] to generate full-duplex spoken dialogue and ex-
tract its internal speech-text token stream to provide rich
contextual input for gesture synthesis (Sec. 3.1). Our ges-
ture generator then autoregressively produces body-region
aware motion tokens (Sec. 3.2) using two-dimensional tem-
poral and kinematic transformers( Sec. 3.3).

However, this base generation framework is insufficient
to achieve diverse and expressive body gestures, which
are crucial for natural communication. Therefore, we pro-
pose additional objectives for our autoregressive framework
to achieve human-like gesture quality (Sec. 3.4). Finally,
we ensure causal and real-time inference by carefully de-
signing attention contexts and efficient cache mechanisms
(Sec. 3.5). Fig. 3 illustrates our proposed architecture.

3.1. Preliminaries: Moshi
To produce real-time conversational speech and language,
we utilize an open-source spoken dialogue system, i.e.
Moshi [11]. Built on a textual LLM backbone, this frame-
work autoregressively generates text and speech tokens.
Crucially, it enables full-duplex conversations by jointly
modeling its own speech and the user’s speech in parallel to-
ken streams. At output, it generates speech and text tokens
i.e. f speech ∈ RT×Kspeech×d and f text ∈ RT×K text×d, where
T represents the number of tokens along the time axis and
d denotes the embedding dimension. Moshi also utilizes
Residual Vector Quantization [49] to encode speech into
multiple levels of semantic and acoustic tokens, and Kspeech

and K text represent those quantization levels for speech and
text respectively. MIBURI aims to leverage these seman-
tic and prosodic details from Moshi for generating its own
skeleton-aware token stream of gestures.
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Figure 3. MIBURI Architecture. Given Moshi’s speech/text tokens(Sec. 3.1), our approach generates a sequence of gesture tokens, which
are obtained through Body-part aware Gesture Codecs(Sec. 3.2). This online framework takes in Moshi’s text/speech token as input and
predict gesture tokens through autoregressive temporal and kinematic transformers(Sec. 3.3).

3.2. Body-part wise Gesture Codecs

As the first step in our framework, we build a robust mo-
tion prior that encodes gesture frames into discrete to-
kens, which can then be used for downstream gesture gen-
eration using an autoregressive transformer. Since co-
speech articulation in each body region happens at differ-
ent scales [31] and different body regions relate to speech
seperately [25, 32], we decouple each pose in the gesture
sequence x into three body regions: upper body with hands
xu ∈ RN×6Ju

, lower body with global translation and foot
contacts xl ∈ RN×(6Jl+3+4), and facial expressions us-
ing FLAME parameters xf ∈ RN×(100+6Jf ) [23]. Here
N is the number of frames of human motion, while Ju, J l

and Jf represent upper body, lower body and jaw joints re-
spectively [39, 52]. Each region-specific gesture sequence
is encoded through a separate Gesture Codec, which utilizes
Residual VQ-VAE for motion tokenization.

Residual VQ-VAE for Gestures. Co-speech body articu-
lation contains multiple aspects of detail, ranging from large
arm jerks to subtle finger-level gestures. Naı̈vely tokenizing
gestures through VQ-VAE quantization schemes [25, 41,
42] can result in coarse and choppy motion due to the loss of
finer kinematic details (see Sec. 4.4). To encapsulate these
subtle motion details, we train gesture codecs for each body
region using Residual VQ-VAE [49]. Each region-wise
codec consists of an encoder-decoder architecture (Fig. 3)
with encoder Eb containing downsampling 1-d convolution
layers and a transformer encoder with causal self-attention.

It encodes motion for a given body region as g̃b = Eb(xb),
whose output is quantized into tokens gb ∈ RT×Kb

with
Kb levels of motion details via Residual Vector Quantiza-
tion (RVQ). Here T is the temporal length of the token se-
quence, downsampled from N . Each residual level learns
a codebook Ck ∈ RV×d that is used for vector quantiza-
tion of the corresponding residual. Consequently, motion
can be reconstructed through the decoder: x̂b = Db(gb),
which consists of a similar causal transformer encoder and
upsampling transpose 1D-convolution layers.

These gesture tokenizing codecs are trained with a set
of reconstruction/geometric losses and a latent embedding
loss at each quantization level (detailed in the supplemen-
tal). Finally, the resulting gesture sequence g ∈ RT×K can
be defined as a concatenation :

g = Concat(gu,gl,gf )

along the K level axis, with K = Ku +Kl +Kf . This to-
kenized sequence g = {g(t,k) | t = 1 . . . T, , k = 1 . . .K}
represents motion along temporal and kinematic dimen-
sions, where former encompasses kinematic details across
time and the latter contains part-level details across body
regions at each t.

3.3. Autoregressive & Causal Transformers
Recall that our objective is to design a causal gesture syn-
thesis framework, which needs to generate gesture tokens
g, given speech f speech and text f text tokens from Moshi and
a character identity embedding f id as input. Autoregres-
sive transformers are commonly used in causal next-token
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prediction tasks, where attention layers attend to the pre-
vious T tokens. However, in our case, each token frame
in T also contains K token levels representing hierarchical
motion details. A naı̈ve implementation would require us
to model T.K tokens autoregressively, where attention lay-
ers would need the context of at least > K tokens to learn
temporal dynamics across motion frames. This automati-
cally increases the size of context window in attention lay-
ers, while being harder to train and computationally expen-
sive at inference (see Sec. 4.4). Therefore, we disentangle
the prediction of both temporal and kinematic dimensions
of gesture codecs g with two transformers inspired by RQ-
Transformer [11, 21, 53].

Temporal Transformer. First, we build our base tempo-
ral transformer Ttemporal to focus on the temporal dynamics
across time. This causal transformer is trained to autore-
gressively predict the first level token g(t,1) (among the K
kinematic levels), conditioned on the tokens from previous
timesteps.

ht = Ttemporal
(
g(<t), f

speech
(≤t) , f text

(≤t), f
id) (1)

g(t,1) = Softmax
(
Linear(ht)

)
(2)

Internally, the embeddings for g(<t) along the kinematic di-
mension K are summed up to form a single input it−1 for
each t (see Fig. 3). The output of transformer ht is con-
verted to logits o(t,1) ∈ RV through a simple classification
layer and then we obtain g(t,1) through Softmax. This mod-
ule is implemented as a transformer decoder with a causal
self-attention over past gesture tokens and dual causal cross-
attention layers attending to preceding and current speech
and text tokens. Note that we also learn per-identity feature
embeddings that are added at each timestep.

Kinematic Transformer. Next, we model the kinematic
dimension of gesture tokens through a transformer Tkinematic,
which autoregressively predicts the next body-part level at
each timestep t. In addition to the previously generated lev-
els, the kinematic transformer conditions on the temporal
context ht, as well as speech, text, and identity embeddings:

g(t,k) = Tkinematic
(
ht,g(t,<k), f

speech
t , f text

t , f id) (3)

Here, the timestep t remains fixed for each level predic-
tion. Therefore, the speech and text inputs correspond only
to embeddings at time t. This transformer is also imple-
mented as a decoder with a causal self-attention layer and
cross-attention layers for speech and text. The identity em-
bedding and temporal context ht are added to the input of
each level-step. Finally, the output of each step k is pro-
jected through classification layers to predict g(t,k). Note,
that at the first level-step, the Tkinematic receives g(t,1) from

the temporal transformer as input and predicts the next level
g(t,2) and further.

We jointly train both transformers using cross-entropy
loss LCE over the ground-truth tokens and employ teacher-
forcing during the training process.

3.4. Improving Expressiveness
Autoregressive architectures for motion synthesis excel at
generating coherent motion sequences, especially in causal
scenarios. However, they tend to converge to mean-poses
and accumulate drifts along the temporal dimension [10,
20]. To obtain expressive gestures, we introduce auxiliary
objectives that explicitly encourage motion diversity and
prevent collapse into static or repetitive gestures.

During training, we apply a contrastive InfoNCE
loss [36] over the predicted tokens to improve gesture ex-
pressiveness. However, sampling from a discrete distribu-
tion is non-differentiable and will not allow this loss to con-
tribute during training. Hence, we resort to the Gumbel-
Softmax reparameterization trick [18] to approximate the
discrete sampling process. This allows us to obtain prob-
abilities from the logit outputs õ ∈ RT×K×V of temporal
and kinematic transformers, which are then converted to the
latent output of RVQ step (from Sec. 3.2):

z =

K∑
k=1

GumbelSoftmax(õk)Ck ∈ RT×d (4)

We use GumbelSoftmax with a temperature of 0.4 and
sample one-hot vectors at its output using differentiable
straight-through estimator. The latent output z is calculated
separately for each body region by using its corresponding
RVQ codebooks. Given ground-truth latents zGT and gener-
ated latents zpred, we compute a similarity matrix across all
real-fake pairs and apply an Info-NCE loss:

Lcon = −Ei

[
log

exp(sim(zGT
i , zpred

i )/τ)∑B
j=1 exp(sim(zGT

i , zpred
j )/τ)

]
. (5)

where sim(·) denotes cosine similarity and τ is the tem-
perature parameter. This loss enforces high similarity be-
tween matching GT–predicted latents while pushing apart
mismatched pairs across the batch B, resulting in more ex-
pressive and speech-aligned motion generation.

In practice, we apply this loss over temporal segments
of z instead of the complete temporal length T , in order
to encourage similarity in motion trajectories across gesture
phases.

Voice Activation Loss. Our framework generalizes to
both listening and speaking states of body gestures. Since,
humans gesticulate differently while listening or speaking,
we explicitly enforce our network to learn the distinction
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between the two states. This is achieved by projecting the
transformer output ht onto a binary-classification head that
classifies ht into listening (0) or speaking (1) states. Trained
with a Binary Cross-Entropy loss Lva, this auxiliary task
head prevents phantom gestures during the listening state
and forces speech-aligned expressive gestures during the
speaking stage.

Finally, the complete network is optimized through joint
loss L = LCE+αLcon+βLva, with α, β being loss weights.

3.5. Implementation
To enable gesture generation in real-time that is time-
aligned with Moshi, we implement efficient techniques to
achieve faster synthesis times. Moshi’s latency is 200ms
at a rate of 12.5 tokens per second, where each token repre-
sents 0.08 seconds of audio, and hence, MIBURI also gener-
ates 0.08 seconds of gestures and facial expressions at each
timestep. Our training data contains 25 FPS motion, which
means our framework generates 2 frames at each step. Ges-
ture codecs contain Ku = Kl = 8 and Kf = 4 residual lev-
els and we use T = 125 during training which amounts to
a 10-second motion sequence. Temporal transformer con-
sists of 4 layers with 2 attention heads and the kinematic
transformer consists of 2 layers and 1 attention head. Train-
ing optimization is done using AdamW [28] with starting
learning rate of 1e-4, which is annealed across epochs.

For efficient attention inference, we store key and values
for previous timesteps in a KV-Cache to retain the context
required during attention. We limit the attention context of
self-attention layers to 25 tokens and keep a longer con-
text of 50 tokens for cross-attention layers with speech and
text. The temporal transformer starts inference with a zero
initial token to predict g(1,1) (refer to Fig. 3). In practice,
due to the small relationship between the lower body and
speech/text, we mask out cross-attention for lower body to-
kens to save runtime. During training, we set α and β to 0.1
and 0.01, respectively. At inference time, we generate to-
kens using top-p (nucleus) sampling [17], instead of greedy
sampling, to maintain diversity. We set top-p for the tempo-
ral transformer to 0.8 and for the kinematic transformer to
0.95, with the softmax temperature of 0.9 for both. More-
over, we apply classifier-free guidance (CFG) [16] during
sampling to improve gesture alignment with Moshi’s rich
semantic and acoustic information.

4. Experiments
We evaluate our approach against state-of-the-art baselines
for co-speech gesture synthesis. We perform perceptual
(Sec. 4.1) and quantitative (Sec. 4.2) evaluations to measure
gesture quality, motion naturalness and speech appropriate-
ness. Moreover, we also analyze generation times for each
baseline to measure real-time capability. Lastly, we validate
our design choices through ablative analysis (Sec. 4.4).
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Figure 4. User Study for Perceptual Evaluation. Here, the red
line indicates chance level (50%), * stands for p < 0.05 and ***
for p < 0.001.

Baseline methods include two types of approaches:
(1) Non-causal and non real-time approaches like RAG-
Gesture [32], EMAGE [25] and CaMN [24], which aim to
synthesize meaningful expressive motion, and (2) Real-time
approaches like GestureLSM [26] and MambaTalk [47],
which have fast sampling times during generation. Since
there are no causal neural baselines, we also implement
causal versions of real-time methods [26, 47] to compare
our approach with naı̈ve implementations of causal gesture
synthesis (details in supplemental). It is important to note
that all baselines (except [32]) require a seed sequence and
leverage its context to generate motion, whereas our frame-
work does not.

Dataset. We train our approach on the BEAT2
dataset [25] and evaluate its performance on standard
train/val/test split from the dataset. The dataset origi-
nally contains 25 speakers, but we remove 2 speakers
(carla & itoi) to ensure good quality motion-tracking for
our training/evaluation data. Following [32] and unlike
other baseline BEAT2 methods, we evaluate on both
single-speaker (scott) and multi-speaker test sets to assess
performance on large-scale multi-speaker setting. Our
test set contains 15 and 249 full-length utterances for
1-speaker and 23-speaker setting respectively. We retrain
baselines for the multi-speaker setting if their multi-speaker
variant is unreleased. Lastly, we also provide an evaluation
on the recently released Embody3D dataset [29] in the
supplemental material.

4.1. Perceptual Evaluation
Quantitative metrics focus on singular aspects of the ges-
ture generation problem, and have yet to represent correla-
tion with human perception of gestures [34]. Therefore, we
perform a perceptual evaluation on BEAT2 test set to holis-
tically evaluate aspects of gesture synthesis like naturalness
of motion and appropriateness to given speech (Fig. 4). Par-
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ticipants perform pair-wise comparison between MIBURI’s
gesture outputs and generations from baseline methods. Re-
sults demonstrate MIBURI’s ability to generate expressive
and natural motion over standard non-causal baselines like
EMAGE [25] and GestureLSM [26]. However, we observe
that our framework has yet to achieve similar quality and
speech appropriateness against ground truth data. Further
details are given in the supplementary material.

4.2. Quantitative Evaluation
Evaluation metrics for gesture synthesis include Beat-
Alignment [22], Frechet Gesture Distance [48], L1 Diver-
gence and Diversity. Each metric aims to measure a spe-
cific aspect of gesture quality, with FGD measuring distri-
bution alignment to ground-truth data and BeatAlign gaug-
ing prosodic alignment of motion with speech. To be con-
sistent with BEAT2 baseline methods, we first evaluate
our approach on single speaker setting on BEAT2 (Tab. 3)
and then perform multi-speaker evaluation across 23 speak-
ers (Tab. 2). For single-speaker training data, we observe
comparable performance against non-causal baselines in
terms of BeatAlign. Methods which generate gestures from
ground-truth seed sequences understandably perform bet-
ter in single-speaker setting, achieving lower FID. We set
MIBURI’s CFG scale to 1.5 in single speaker setting.

More importantly, our framework achieves state-of-
the-art metric performance in FGD and BeatAlign, when
trained with a larger number of speakers. Firstly, this en-
tails that our causal approach benefits from larger and more
diverse motion data and scales well across multiple identi-
ties, without the need for seed sequences and future con-
text. Secondly, when comparing causal versions of exist-
ing methods, we find that naı̈vely converting baselines to
be trained in a causal fashion, leads to worse performance
even if the method is real-time. This also shows current ar-
chitectures’ dependance on future speech context in order to
achieve good quality. Lastly, we also trained larger versions
of MIBURI in this setting to gauge the effect of model sizes
without being limited from real-time constraints. However,
we find that leaner versions of MIBURI are equivalent or
better. We set the CFG scale to 2.3 in multi-speaker setting.

4.3. Latency Analysis
Recall that having low latency is critical for enabling seam-
less interactions with the end-user. Consequently, keeping
the latency low has been one of the key design considera-
tions in our method. Our online demo system achieves a
latency of 36ms per frame on RTX3090. This includes
model’s runtime and rendering on a web dashboard (see
Suppl. Mat.). Moreover, we present a comparative analysis
of MIBURI’s latency with respect to existing state-of-the-art
methods in Tab. 4. Having a low token context (2 frames)
helps our autoregressive design and we achieve the low-

Table 2. Multi-speaker evaluation. Facial-MSE scaled by 10−8.
* refers to retrained methods.

Multiple speakers (23)
FGD↓ BeatAlign→ L1-Div→ Facial-MSE↓

GT 0.446 8.45
CaMN 0.736 0.176 6.73 –
EMAGE* 0.850 0.236 6.58 4.6

RAG-Gesture 0.515 0.648 10.09 –
GestureLSM 0.537 0.481 8.41 –
GestureLSM (Causal*) 2.792 0.684 9.11 –
MambaTalk* 1.375 0.080 3.73 4.12

MambaTalk (Causal*) 1.222 0.102 4.61 4.17

MIBURI-L 0.555 0.431 9.45 –
MIBURI-L (+Face) 0.582 0.434 9.31 7.63
MIBURI 0.585 0.415 9.75 –
MIBURI(+Face) 0.480 0.461 10.44 7.77

Table 3. Single-speaker evaluation. Facial-MSE scaled by 10−8.

Single-speaker (Scott)
FGD↓ BeatAlign→ L1-Div→ Facial-MSE↓

GT 0.749 13.22 –
CaMN 0.969 0.698 10.61 –
EMAGE 0.552 0.795 13.06 7.68

RAG-Gesture 0.879 0.730 12.62 –
GestureLSM 0.410 0.719 13.42 –
GestureLSM (+Face) 0.424 0.729 13.76 10.20

MambaTalk 0.530 0.779 12.99 6.25
MIBURI 0.806 0.790 17.5 –
MIBURI(+Face) 0.753 0.790 15.85 8.85

Table 4. Latency and Causality Comparison. Wall-clock time is
measured from the beginning of the forward pass to the conversion
of outputs into SMPL-X parameters. Render times are excluded
here. #Frames / Step indicates the number of frames generated per
forward pass.

Causal LatencyA100 ↓ #Frames / Step

GestureLSM (8 steps) ✗ 0.1447± 0.0034 124
EMAGE ✗ 0.0374± 0.0004 60
MambaTalk ✗ 0.0529± 0.0039 60
MIBURI (ours) ✓ 0.0349± 0.0017 2

est latency. In contrast, non-autoregressive diffusion-based
methods need to wait for all the context-frames to be gener-
ated in order to render the output, thereby leading to high la-
tency. Interestingly, while MambaTalk [47] is based on the
inherently causal Mamba [14] architecture, their decision
to inject speech conditioning through a cross-attention layer
becomes counter-productive for generating low-latency out-
puts. Our proposed MIBURI architecture strikes a balance
between gesture quality and generation latency.

4.4. Ablation Studies

We perform ablative analysis over different aspects of our
framework, ranging from choice of speech encodings, ar-
chitecture/loss design and motion tokenization strategy.
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Table 5. Wav2vec ablation against moshi features.

FGD↓ BeatAlign→ L1-Div→
GT – 0.446 8.45

MIBURI-L (+Face) w/ wav2vec 0.595 0.404 7.92
MIBURI(+Face) w/ wav2vec 0.665 0.363 7.07

MIBURI-L (+Face) 0.582 0.434 9.31
MIBURI(+Face) 0.480 0.461 10.44

Table 6. Comparison of Model Variants on Gesture Generation
and Runtime.

FGD↓ BeatAlign→ L1-Div→ Step Time (s)↓
GT 0.446 8.45

Single Transformer 1.256 0.731 5.48 0.096
Ours 0.480 0.461 10.44 0.035

Comparison of Speech/Text Encodings. Since existing
systems utilize a multi-step pipeline to generate body ges-
tures in ECAs (Fig. 2), we analyze the most important part
of that pipeline for gesture synthesis i.e. speech input en-
coding, and compare it with our approach of leveraging
Moshi’s internal token stream. We compare the perfor-
mance of our gesture synthesis model MIBURI, by training
it with internal embeddings of Moshi tokens and also, by us-
ing standard wav2vec [3] based encoding, which is common
in gesture synthesis frameworks [32]. Tab. 5 shows higher
FGD and worse BeatAlign scores when using wav2vec,
which also incurs an additional computation cost of com-
puting audio embeddings. In contrast, using Moshi [11]’s
internal text and speech token stream gives us better quan-
titative metrics and saves time for encoding and decoding
speech.

Two-dimensional Transformer Design. We ablate our
design choice of using a two-tier arrangement of temporal
and kinematic transformers. As discussed in Sec. 3, the dis-
advantage of using a single stream for both dimensions T
and K is the scale-up in context-length of attention layers.
This manifests itself during training in terms of bad con-
vergence, leading to overall worse performance in metrics.
Tab. 6 demonstrates that using a single transformer results
in higher FID, worse BeatAlign scores and lower diversity.
Not to mention, the step times are almost doubled due to
increased attention context.

Effect of additional losses. We ablate the contribution of
auxiliary losses to our training by evaluating final models
on the evaluation sets. Our base losses consist of LCE and
Lva. We evaluate two different losses that are applied on
estimated latents and ground-truth: (1) contrastive loss Lcon
and (2) MSE-loss. Tab. 7 shows that contrastive loss im-

Table 7. Quantitative Effect of Losses on Generation.

FGD↓ BeatAlign→ L1-Div→
GT 0.446 8.45

LCE + Lva 0.499 0.450 10.25
with MSE-loss 0.577 0.438 9.79
with Lcon 0.480 0.461 10.44

Table 8. Effect of Number of Codebooks K on Motion Recon-
struction. MPJPE is represented in meters.

FGD↓ MPJPE (m)↓
K=1 0.55 0.043
K=2 0.42 0.032
K=4 0.135 0.022
K=8 0.059 0.016

proves FGD from the base setup of cross-entropy loss, while
applying direct MSE on estimated latents increases FGD.

Evaluation of Gesture Codec across K levels. Since we
divide our gesture token structure in K levels to represent
finer kinematic details, we evaluate how many of these lev-
els are necessary for gesture tokenization. Tab. 8 demon-
strates the relation between the increasing number of levels
and reconstruction quality. We report Mean Per-Joint Posi-
tion Error as a metric to evaluate the reconstruction quality
for varying number of K levels. Lastly, we observe that
generative FGD also follows a similar pattern as MPJPE.

5. Limitations & Future Work
Our current framework models only the agent’s motion and
does not incorporate the user’s body dynamics or full dyadic
context, limiting its ability to handle interactive, multi-party
gestures. Extending MIBURI to perceive and respond to a
partner’s gestures is an important direction for future work.

6. Conclusion
In this work, we present MIBURI – an online, causal
framework for generating expressive co-speech gestures
and facial expressions synchronized with real-time dia-
logue. Through body-part–aware gesture codecs and a two-
dimensional causal generator, our method models both tem-
poral and kinematic motion structure at low latency. Con-
trastive objectives further enhance gesture diversity and ex-
pressiveness. Experiments across single- and multi-speaker
settings show that MIBURI produces natural, contextually
aligned gestures and outperforms recent baselines. Our ap-
proach moves ECAs closer to truly interactive, human-like
embodied communication.
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