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Abstract— Conversation can benefit from small rhythmic
gestures that track prosody, reinforce structure, and help to
keep attention. However, many robots used in human-robot
interaction still rely on fixed templates or clip libraries that scale
poorly to open-domain interactions; moreover, embedded plat-
forms impose tight limits on motion range, speeds, and timing.
Consequently, gesture generation methods must be lightweight,
stable, and easy to integrate. To address this need, this work
presents a lightweight gesture-generation model that generates
in real time beat gestures based on the transcription of the
robot’s speech. First, a Conditional Variational Autoencoder
(CVAE) conditioned on sentence-level BERT embeddings is
trained on 2D pose-text pairs to produce upper-body pose
sequences. Next, a geometry-based retargeting algorithm de-
terministically maps those poses to the robot’s joints while en-
forcing kinematic limits. Finally, the joint sequence is converted
into a pseudo-state machine and triggered in lockstep with the
utterance. The results obtained show that the system achieves
smooth, text-conditioned beat gestures with solid fidelity and
temporal diversity, and demonstrates real-time performance
when integrated on a social robot.

I. INTRODUCTION

Human social interaction depends on more than words.
Nonverbal cues such as posture, gaze, facial expressions,
and especially beat gestures aligned with prosody work
together with speech to structure discourse, highlight salient
information, and sustain attention [1]. As a result, robots that
speak fluently yet remain physically static are often perceived
as less expressive and less natural [2].

Bringing this capability to social robots is challenging. In
interactive, open-ended settings, a gesture generation module
must run continuously during dialogue under tight timing
constraints. Another challenge is that many robotic platforms
operate with few degrees of freedom and modest onboard
resources [3], [4]. Libraries of handcrafted behaviours there-
fore persist; while effective for fixed routines such as greet-
ings, they scale poorly to beat gesticulation, which consists of
movements driven by prosody and not iconic; in this setting,
variety and responsiveness are essential [5].

Recent neural generative models are promising, yet two
practical gaps hinder integration on robots. First, there is a
trade-off between computational power and latency. Pipelines
that couple text and motion with small language models
are feasible but often reduce pose fidelity and alignment,
whereas variants relying on larger models or multi-stage
reasoning introduce latencies incompatible with on-board
execution [6]. Many recent gesture and motion generation
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methods are trained and evaluated on workstations with high-
end GPUs[7], [8]. This can make deploying these solutions
on social robots difficult. Second, data remains a bottleneck.
Public HRI corpora are modest in size, and results from
the annual GENEA Challenge, the community benchmark
for speech-aligned gesture generation, show that current
systems still fall short of human naturalness and interlocutor
alignment [9].

Beyond computational power limitations, robots impose
control and kinematic constraints. Coordinating whole-body
movement in real time can be demanding if humanlike poses
have to be mapped to a different number of joints while
enforcing limits on position, velocity, and acceleration [10],
[11].

Within this context, this paper addresses the generation of
beat gestures under strict execution constraints on the social
robot Mini 3. The pipeline uses a lightweight conditional
variational model to produce sequences of upper-body poses
conditioned on the transcription of the robot’s speech. Those
poses are mapped deterministically to a platform with a few
degrees of freedom while respecting kinematic and timing
limits. The design prioritises training stability, low inference
cost, and clean integration into a standard HRI stack so that
gestures are scheduled and executed in sync with speech.

The rest of the manuscript is organised as follows. Section
II surveys the most influential work on gesture generation,
tracing the field from early rule-based systems to recent
neural approaches. Section III introduces the generation
model used in this study, together with the dataset employed
for training and analysis. Section IV describes the social
robot used in our experiments and explains the end-to-end
pipeline from utterance to execution. Section V presents the
evaluation protocol and the results obtained. Finally, section
VI closes with conclusions.

II. RELATED WORK

Research on automatic gesture generation has progressed
from early hand-crafted approaches to contemporary deep-
learning methods. This section provides an analysis of dif-
ferent approaches for gesture generation.

Early systems for nonverbal behaviour generation in robots
and embodied agents relied on explicit rules and scripted
behaviours. Cassell et al.’s BEAT [5] mapped textual anal-
yses (e.g., topics or action verbs) to prototypical gestures
through if-then rules. In prior work, Cassell et al.’s An-
imated Conversation [12] planned synchronised prototype
gestures from dialogue via predefined mappings. Around the
same period, Thérisson (1996) [13] introduced a real-time
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multimodal architecture that coordinated voice, gaze, and
gesture. These foundations supported clear communicative
intentions but were limited by finite libraries and hand-coded
rules, especially for low semantic-content beat gestures that
accompany prosody rather than lexical meaning [14].

With broader motion capture becoming available, learning-
based selection over libraries emerged. Levine et al. [15]
trained Hidden Markov Models to select gesture segments
conditioned on prosodic features. Follow-up work by Levine
et al. [16] combined a Conditional Random Field to predict
coarse kinematic patterns with a Markov Decision Process
to choose specific clips. These methods, which generalised
beyond rules but still reused snippets, were prone to over-
fitting with limited data and struggled outside their design
domain.

Deep learning shifted the field toward data-driven se-
quence models. Long Short-Term Memory networks by
Hochreiter and Schmidhuber [17] enabled frame-wise syn-
thesis with temporal coherence. Hasegawa et al. [18] mapped
MFCC audio features to 3D motion using a bidirectional
LSTM, yielding smooth, speech-synchronised sequences of-
ten refined with temporal post-filters. Yoon et al. [19]
proposed a GRU-based encoder-decoder architecture with a
soft attention mechanism that allows the decoder to focus
on keywords in the sentence. Kucherenko et al. [20] later
predicted latent gesture codes via a denoising autoencoder
(SpeechE), reducing noise and removing the need for external
smoothing in user studies. Despite these gains, recurrent
models commonly face limited diversity tied to the corpus,
weaker capture of semantic content under audio-only con-
ditioning, and accumulating autoregressive error over long
horizons [21].

Variational methods model variability explicitly through
continuous latent variables. Doersch [22] provided a tutorial
overview of Variational Autoencoders (VAEs), and Dai and
Wipf [23] analyse failure modes and remedies. On the other
hand, Li et al’s Audio2Gestures [24] uses a conditional
VAE with regularisation that encourages smooth yet diverse
motion, including diversity-promoting and bidirectional con-
sistency losses. Ahuja et al.’s Mix-StAGE [25] incorporates
speaker-style embeddings for controllable synthesis. Ghor-
bani et al’s ZeroEGGS [26] learns a latent style space
from examples, enabling zero-shot style control and diverse
outputs. Taken together, these works indicate that regularised
latent-variable models provide a principled way to couple
conditioning signals (speech or text) with motion variability
in a single framework, yielding stable training and adjustable
diversity—qualities that are attractive for real-time systems
with limited compute.

Adversarial learning offers a complementary route. Good-
fellow et al. [27] introduced Generative Adversarial Net-
works; in gesture generation, Yu and Tapus [11] proposed
SRG3, a GAN-based system, with an auxiliary L; loss to
encourage global structure, and Ferstl et al. [28] formulated a
multi-objective adversarial approach that also penalises pose
error to improve robustness and perceived quality. While
effective, adversarial training can be unstable and susceptible

to mode collapse without additional guidance.

Attention-based models capture longer-range dependen-
cies efficiently. Bhattacharya et al.’s Text2Gestures [29]
encoded emotion-annotated text and decoded skeleton poses,
aligning utterance segments with motion. Xie et al.’s ReCoM
[30] embedded a transformer in a recurrent loop with itera-
tive reconstruction and temporal smoothing to reduce abrupt
transitions while preserving variety. These approaches are
powerful but often demand substantial data and computation;
without strong temporal inductive biases, they may exhibit
subtle coherence issues [14].

Diffusion models have recently gained traction: training
adds noise progressively and learns to invert that process.
Mughal et al’s ConvoFusion [31] supports text, main-
speaker and interlocutor audio, and speaker style, with word-
excitation guidance to emphasise micro-gestures at salient
words. Favali et al.’s TAG2G [32] reports stable, accurate
synthesis and addresses diversity collapse seen in some ad-
versarial setups, at the cost of multi-step inference, mitigated
by accelerated sampling.

Recent work explores large language models to inject
semantics into gesture generation. Pang et al’s LLM-
Gesticulator [33] combines audio and text, leveraging inter-
nal LLM representations for synchronised full-body anima-
tion and prompt-based style control. To reduce computation,
Galatolo and Winkle [6] used small language models to pro-
duce high-level symbolic annotations (e.g., intent, emphasis)
that downstream motion modules realise. Editing frameworks
further stress the value of gestures with clear communicative
function, especially for interactive robots [34].

Gesture generation has advanced in recent years, yet
several gaps still block deployment on social robots. Systems
must run in real time under tight compute, learn robustly
without collapsing while preserving nonrepetitive variation,
and execute in sync with speech within kinematic limits.
Within these constraints, a text-conditioned CVAE fits well
because explicit latent regularisation supports stable learning
[22], [23], single-pass decoding keeps CPU latency low
compared with multi-step diffusion [32], and sampling in the
latent space enables controllable variation [24]. In contrast,
adversarial approaches often require delicate tuning and can
suffer from mode collapse [27], [28], [11], which complicates
robust on-board deployment.

III. GESTURE GENERATOR MODULE

This section describes the basis of our gesture generation
approach, including the model selected, the dataset used to
train it and the preprocessing applied to this dataset.

A. Model

We have used a Conditional Variational Autoencoder for
our gesture generation module. The architecture of this
model can be seen in Fig. 1. Given the transcript of the
robot’s speech, the model generates a sequence of 2D upper-
body poses represented as time-ordered joint coordinates.

Building on this setup, the model follows a simple, effi-
cient pipeline. First, each utterance of the speech is tokenised
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and encoded with a pretrained BERT model to obtain a fixed-
length sentence embedding e that summarises semantics.
That embedding conditions both the CVAE encoder and the
decoder, and it is concatenated with a latent vector z so
that linguistic information guides the internal representation
and the generated motion. The architecture employs single-
layer LSTMs because gesture poses form time series, and this
choice captures local temporal dynamics with modest com-
pute, keeps decoding latency low on the target hardware, and
limits overfitting by avoiding unnecessary depth. Moreover,
the latent space has dimension d=128.

During training, the encoder reads the ground-truth pose
sequence together with e and outputs the parameters (u, o)
of a Gaussian approximate posterior. A latent sample is then
obtained through the standard reparameterization in Eq. (1).

z=pu+ 00, e ~N(0,1). (1)

The decoder generates poses autoregressively. At each time
step, it receives the concatenated vector [e||z] and the
previous pose, while the first step is initialised with a learned
start token.

Training uses loss terms with complementary roles that
balance fidelity, stability, and variety. Let the dataset contain
N sequences, with the i-th sequence of length T;. Denote by
z; ¢ € R?’ the ground-truth 2D pose with J=8 keypoints at
time ¢, and by &; ; the prediction.

The reconstruction loss preserves framewise accuracy as
in Eq. (2).

1 L
N Zsz‘,t—i’i,tH; (2)

i=1 t=1

Erec =

A KL divergence regularises the latent space by nudging the
approximate posterior toward a standard normal [23], given
by Eq. (3).

1
Ly, = —¢ (1 + log(o?) — M? — a?). 3)

24
Jj=1
Because public talks often include stretches with little
motion, a small-movement penalty discourages near-static
outputs and helps preserve rhythmicity [24], as in Eq. (4).

N T;—1

%Z Z maX(O, o — Hi'i,t+1 - ii,tHQ), 4)

i=1 t=1

ACtemp =

with a small threshold § > 0. In addition, a diversity term
encourages reasonable temporal variation when the content
allows it, following prior work on gesture synthesis and VAE
regularisation [35], defined in Eq. (5).

| X
Lyiy = —N;Var(i‘i,1:n)7 )]

where Var(-) is the element-wise temporal variance averaged
over the sequence.

The overall objective combines the above terms with scalar
weights 3, Atemp, and Agiv as Eq. (6).
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Fig. 1. Architecture of the conditional variational autoencoder with BERT
conditioning.

To limit posterior collapse, the KL weight is increased
gradually during the first epochs with an annealing schedule
[36].

At inference time, the encoder is not used. A latent vector
z ~ N(0,1) is sampled, and the pair [e || z] conditions the
decoder at every step. The decoder then produces a sequence
of 2D upper-body poses whose length follows the input
sentence. Each pose contains the image-plane coordinates
of the eight keypoints used in training, namely head, neck,
left and right shoulders, elbows, and wrists.

B. Dataset

To train the model, this work uses the YouTube TED
Gesture dataset [37]. The dataset comprises recordings of
TED talks with time-aligned transcripts, and the videos are
processed to extract framewise 2D poses simplified to a small
set of upper-body joints. This corpus fits our case because
public talks contain frequent beat gestures, typically offer
long shots with a clear view of the torso and arms, and
span many speakers and topics, which improves coverage
and reduces speaker bias.

The dataset contains 1,766 videos segmented into clips
whose number depends on the talk duration (see Fig. 2).
Each clip is paired with its time-aligned transcript and the
corresponding sequence of 2D poses. Poses are extracted
with OpenPose and reduced to eight upper-body keypoints
(head, neck, left/right shoulders, elbows, wrists), yielding 16
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The way we deal with our emotions shapes everything that...

Fig. 2. Structure of the YouTube TED Gesture Dataset.

13077



image-plane values per frame. This compact representation
simplifies training. This split provides 28,945 training clips
(83.92%), 2,852 validation clips (8.27%), and 2,694 test clips
(7.81%) [37]. In the training set, clips average roughly 295
frames and 30 words.

Before training the model, we have conducted a prepro-
cessing stage to address the many near-duplicate frames in
the raw TED clips. These talks often include long holds and
micro-movements, which overweights stillness and biases
learning. To mitigate this, a variation-aware subsampling
scans each clip in steps of ten frames and accepts a frame
only if its pose differs from the last accepted one by more
than a fixed threshold; otherwise, the scan advances frame
by frame until the threshold is met. Clips with fewer than
five valid poses after filtering are discarded. Next, each
pose is centred by translating the neck to the origin, and
all coordinates are scaled to [—1,1] to normalise across
speakers and camera setups. Finally, anomalous frames are
removed, including collapses at the origin and stretched
skeletons likely caused by extreme camera orientation. These
steps reduce duplication, improve numerical stability during
training, and keep the data consistent with the retargeting
stage.

IV. SYSTEM PIPELINE

This section presents the end-to-end flow of the algorithm
from input to execution. It first introduces the Mini social
robot and its software architecture to set the operational
context. Next, it describes the process used to integrate the
gesture generator into the robot. Finally, it details how the
generator’s output was converted into joint positions that
Mini can interpret.

A. Mini and Software Architecture

Mini, shown in Fig. 3, is a tabletop robot developed for as-
sisting older adults with mild cases of cognitive impairment
[4]. It offers five degrees of freedom: waist yaw, left and right
shoulder elevation, and two head axes. Motion runs within
conservative envelopes to ensure safety and repeatability.
The waist operates around +30°, the shoulders reach up to
roughly 100° of elevation. The hardware includes an Intel i7
1260P processor, 16 GB of RAM, an Arduino Mega 2560
for low-level I/O, AX-12A servos in the upper body, an
Intel RealSense SR300 RGB-D camera, a noise—cancelling
microphone, capacitive touch sensors, BLE beacons, dual
OLED eye displays, heart and cheek LEDs for non-verbal
communication, another LED in the mouth as a visual
indicator of the robot’s speech, a stereo speaker, and a front
touchscreen.

On the other hand, the HRI architecture follows a hi-
erarchical and modular layout that keeps responsibilities
clear and coupling low. At the core of the architecture are
the skills, which represent each of the tasks that the robot
can perform (reading the news, playing a game, showing
photos or videos to the user...). A Decision Making System
(DMS) chooses at any given time which of the skills has

Fig. 3.  Mini, the social robot.

to be active. The Perception Manager receives the informa-
tion captured by the robot’s sensors and packages it into
structured messages that downstream modules can consume.
The HRI Manager receives requests from the skills and the
DMS for conducting short interactions (ask a question, give
information), manages priority conflicts among requests and
uses the information received from the Perception Manager
to advance these interactions. Liveliness produces random
actions to endow the robot with an animate appearance.

At the core of expressive output is the Expression Man-
ager, the module that orchestrates the expressiveness capa-
bilities of the robot. It receives requests from the rest of
the architecture to use Mini’s actuators, plans the execution
of the requested actions, and ensures that there are no
conflicts among them. The Expression Manager is divided
into three levels. First, the Expression Scheduler acts as a
gatekeeper and a planner. It validates each request, checks
the availability of interfaces, locks the required resources,
pauses Liveliness on the affected devices, groups actions
that must start together, and orders execution with prioritised
queues while supporting preemption when required. Then,
the Expression Executor enacts the plan. It instantiates the
state machine, builds or loads the motion trajectory, applies
kinematic limits and smoothing, aligns speech and joints
to a shared time base, and monitors execution to handle
deviations, cancellations, and faults. Finally, the Interface
Players send commands to the device drivers for joints,
voice, on—screen eyes, lighting, and touchscreen. They report
progress and completion to the Scheduler and the Executor so
that resources are released promptly, and the next expression
can start without losing multimodal synchrony.

B. System Integration on Mini

Our gesture generation approach has been integrated into
Mini’s software architecture as a module that interacts with
the Expression Scheduler (see Fig. 4). When the robot
has to utter a sentence without any associated nonverbal
components, the Expression Scheduler sends the utterance
to the beat gesture generator, a CVAE that returns a time
sequence of 2D upper-body poses for the utterance.

Then, the Scheduler performs a deterministic retargeting
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Fig. 4. Text-to-gesture pipeline used at inference. (1) BERT encodes the sentence into an embedding e; (2) the CVAE decoder samples z and autoregressively
generates 2D upper-body poses; (3) deterministic 2D to joint retargeting (arms, waist, head) with limits and resampling produces joint targets; (4) FlexBE

packages and synchronises the trajectory and executes it via device players.

from 2D pose space to Mini’s joint space, a process described
in greater detail in the next subsection. Shoulder elevation
is recovered on both sides, waist yaw is estimated, and head
pitch is computed from the neck to head vector. During this
conversion, the kinematic envelope is enforced: the waist
is limited to about +30°, the shoulders to roughly 100° of
elevation, and head yaw is kept neutral to stabilise gaze. The
resulting joint references are smoothed and resampled to the
control rate to ensure safe and repeatable motion.

After that, the generated motions and the utterance are
packaged into a FlexBE state machine. Each step of the
sequence is represented as a state that launches, in parallel,
the sub-states for arms, waist, head and voice, and the
template advances through the poses in the intended order.

Finally, the Expression Executor runs the behaviour. It
instantiates the state machine, sends the joint targets to the
corresponding Players, and starts audio playback. Hence, the
gesture co-occurs with the utterance without stretching or
compressing its duration. A demonstration of Mini using the
proposed model can be seen in the following YouTube video!

C. Retargeting from 2D Poses to Mini’s Joints

Because of the limited number of degrees of freedom that
Mini offers, we convert the 2D pose sequences generated
by the CVAE into a compact set of joint commands that
the robot can execute reliably. The goal is a deterministic
and lightweight mapping that preserves the visual rhythm
of the gesture while enforcing kinematic limits. We operate
on five keypoints per frame—shoulder, elbow, and wrist for
each arm, plus neck and head. Coordinates are neck-centred
and normalised on the image plane. Let the image vertical
be u = [0, 1]7; denote shoulder, elbow, and wrist as Py,
P,, and P,, € R?, and neck and head as P, and P..

1) Arms (shoulder elevation, left and right): Shoulder
elevation is estimated with three cues that act as fallbacks

Thttps://youtube.com/shorts/NT7CtDvGWSI?feature=share

when needed. First, for each arm we form v, = P, — P,
and measure its angle to the image vertical using Eq. (7).

B — cos~! < Wy) . ™

[[vall2

This angle captures how high the wrist is relative to the
shoulder in the image. After computing 0., a linear map
sends the practical data range to the robot’s shoulder range,
followed by saturation at the mechanical limit (about 100°).

When the wrist lies roughly above or below the shoulder in
the image, the primary cue in Eq. (7) becomes insensitive.
If Oyrm < Omin With Onin = 20°, we switch to a flexion
surrogate based on segment straightness. This is calculated
using Egs. 8, 9, and 10.

Larm:||Ph_PeH2+HPe_Pw||Qa (8)
Lvec: ||Ph_PwH2a (9)
A= Larm - Lvec- (10)

The scalar A increases as the wrist approaches the shoulder
and serves as a robust cue for arm raising even when depth
cannot be inferred. We rescale A to the joint range and apply
saturation.

If the wrist height exceeds the shoulder height, we clamp
the command to the shoulder’s maximum so the posture
corresponds to a fully raised arm without exceeding limits.

2) Waist yaw: Mini’s waist operates within approximately
[—30°, 4+30°]. We estimate torso orientation from the average
horizontal directions of both arms. Let 0 and 6 be the
shoulder—wrist angles with respect to the horizontal for right
and left arms, computed from their (P, P,) pairs. The
circular mean is then calculated using Eq. 11.

0= atanQ(sin Or + sinfy, cosfr + cos GL)

Y

provides a single direction that respects angle periodicity.
We re-centre 6 so that a symmetric, front-facing pose yields
zero, then clip to [—30°,+30°] and express in radians
for actuation. If both arms are nearly vertical and provide
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little information, we fall back to the previous valid waist
command or to zero.

3) Head pitch: Head inclination is computed from the
neck—to—head vector. Let v;, = P, — P,. The angle to the
image vertical is calculated with Eq. 12.

- cos! ( (Vh)y ) 7
[vall2

which we map linearly to the servo range and clamp to a
conservative range for comfort and display legibility. Head
yaw remains neutral to stabilise gaze.

(12)

V. EVALUATION AND RESULTS

The system runs in pure-generation mode, receiving only
text and a latent sample and producing a new pose sequence.
Model selection also considers a reconstruction regime to
probe the encoder—decoder pathway and the influence of
auxiliary losses (mitigating posterior collapse and over-
regularisation [38], [35]), while pure generation measures
sampling behaviour that matches deployment.

A. Protocol and Metrics

Two regimes are used in the evaluation. In reconstruction,
the model receives the utterance together with the ground-
truth pose sequence and must reproduce it, exposing issues
such as posterior collapse [38] and excessive regularisation
[35]. In pure generation, the model receives the utterance
and a latent sample z and synthesises a new sequence,
matching the deployed setting. This separation decouples the
faithfulness of the learned representation from sampling-time
behaviour.

The analysis combines three complementary criteria so
that fidelity, variety, and kinematics are considered together.
Fréchet Gesture Distance (FGD) compares the distributions
of real and generated poses through their means and covari-
ances [39], [40]. Formally, it is calculated using Eq. 13.

FGD = [|ur = pglly + TS0+ Ty = 2(2,%0)?)
(13)
where .., are the mean and covariance of real poses
and pg, 3, are those of the generated poses; lower values
indicate better coverage of the real distribution and therefore
higher dataset-level fidelity. In parallel, the diversity metric
measures the per-component temporal variance within each
generated sequence [41], which reflects how rich the motion
is over time; high values are desirable provided that fidelity
remains acceptable. Finally, the smoothness metric is the
mean jerk (the discrete third derivative of motion) [40]; lower
jerk penalises abrupt changes and favours visually pleasant
trajectories.

B. Model Selection with Reconstruction

To balance faithful reconstruction against expressive vari-
ability, several CVAE variants were trained by adjusting the
auxiliary-loss weights defined in Eq. (6): At scales the small-
movement/temporal penalty, and Ap scales the diversity
term. Table I summarizes four configurations (Model 1-4).
As can be seen, Model 1 corresponds to a collapse case: the

diversity metric is extremely low, and motion becomes near
static, which is consistent with the decoder ignoring z [38].
At the other extreme, Model 4 illustrates over-regularisation:
the diversity metric inflates, but FGD worsens substantially,
signalling weaker text-motion linkage [35]. Between these
limits, Model 2 attains the lowest FGD yet occasionally
shows limited variation, whereas Model 3 accepts a slight
increase in FGD and delivers stronger diversity and shoul-
der activity, which improves legibility on Mini. For these
reasons, Model 3 is selected for the deployment.

Model AT AD FGD Diversity Smoothness

Model 1 0.30 | 0.30 | 0.7750 0.0009 0.1932

Model 2 0.40 0.55 0.6303 0.1129 1.4935

Model 3 0.45 0.60 0.7456 0.1329 1.9173

Model 4 | 0.70 | 0.70 | 5.7876 0.9056 3.0363
TABLE 1

RECONSTRUCTION RESULTS FOR CVAE VARIANTS.

C. Pure Generation and Temperature

Having selected Model 3, the evaluation then focuses on
the deployment regime. Pure generation is analysed by sam-
pling z and controlling dispersion with a fixed temperature
7 that scales the latent sample [42], [43]. In practice, this
parameter balances coverage against stability: as 7 increases,
the model explores a wider latent region and variety grows,
up to a point where fidelity degrades. In our case, as shown
by the results presented in Table II, FGD improves and
reaches a minimum around 7 =~ 1.6, whereas larger values
deteriorate quality [44]. This pattern also explains why,
despite using the same data, reconstruction can yield higher
FGD than well-tempered sampling: reconstruction tends to
compress variance, whereas moderate sampling explores the
data space more faithfully [23].

Temp 7 FGD Diversity Smoothness
0.7 1.1704 0.0142 1.1795
1.0 0.8688 0.0241 1.2155
1.3 0.6031 0.0481 1.2951
1.6 0.4944 0.0797 1.4258
1.8 0.5337 0.1149 1.5144
2.0 0.6241 0.1437 1.6182
2.5 1.1596 0.2221 1.9256

TABLE 1T

RESULTS FOR MODEL 3 AT DIFFERENT TEMPERATURES 7.

D. Discussion

Taken together, the sequences generated by Model 3 are
human-like and follow consistent kinematic patterns rather
than random motion. Nevertheless, biases from the TED
domain are visible, for example, frequent downward head
pitch and relatively few high arm raises. To keep motion
perceptible on Mini, very small arm flexions in the range of
10-20 degrees were slightly amplified during retargeting, and
the temporal density was reduced to roughly one pose per
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five words. With these adjustments, motion remains readable
on hardware with limited ranges and speeds. In part, this
reflects the use of TED 2D poses for training and evaluation,
which introduce domain and representation bias. Without
depth, out-of-plane motion is ambiguous, the monologue
style encourages downward head pitch and few high arm
raises, and the variation-aware subsampling removes long
holds. In addition, duration is estimated from text length
rather than prosody, so timing follows a coarse word rate
instead of intonation and pauses. These factors can shift
both objective metrics and the qualitative appearance of the
gestures.

At execution time, shoulder elevation, waist yaw, and
head pitch stay within safe limits thanks to clipping and
mild smoothing, which avoids jitter while preserving the
rhythmic character. When speech is played, the system keeps
the generator’s rhythm without rescaling duration, favouring
voice—gesture alignment.

Finally, end-to-end latency is about 1.616 s and the infer-
ence-retargeting stage about 0.947 s. CPU usage shows brief
peaks near 85% and RAM usage is around 0.8% of the total.
Overall, these figures confirm that a CVAE-based pipeline is
compatible with real-time interaction on a compact social
robot.

VI. CONCLUSIONS

In this work, we built and deployed an end-to-end pipeline
that turns text into co-speech gestures and executes them on
a social robot with limited expressiveness and computational
resources. A CVAE generates 2D upper-body poses, a deter-
ministic retargeting maps them to Mini’s five controllable
joints under conservative limits, and the sequence is pack-
aged as a FlexBE behaviour that runs in sync with speech.
This turns gesture generation from a standalone prototype
into an operational module within an HRI stack.

However, some limitations remain. First, training and
evaluation rely on TED 2D poses, which inject domain
and representation bias. Without depth, out-of-plane motion
is ambiguous, the monologue format encourages downward
head pitch and few high arm raises, and the variation-aware
subsampling removes long holds. Together, these factors can
shift both objective metrics and the qualitative appearance of
the gestures. Second, timing is derived from text length rather
than prosody, so alignment is preserved qualitatively at run
time. Overall, our findings indicate that expressive co-speech
movement is viable on limited hardware when generation,
retargeting, and execution are designed jointly. Future work
could focus on evaluating the proposed solution in robotic
platforms with different DOF configurations, conditioning
the model on other features like the prosody, and performing
a user study that evaluates the subjective effect of the
inclusion of our model in real human-robot interactions.
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