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Abstract. Virtual humans are computer-generated characters designed
for believable interaction across extended reality applications such as
gaming, training, and therapy. Virtual humans’ believability, which con-
tributes to more immersive and engaging virtual experiences, is signif-
icantly enhanced by emotions in the form of facial expressions, vocal
prosody, and expressive body language. Currently, creating emotional an-
imations with a focus on body language, involves labor-intensive manual
processes or costly motion-capture techniques. Text-to-motion synthe-
sis leverages artificial intelligence to generate animations from textual
prompts, offering a promising alternative to simplify animation work-
flows. However, existing models often prioritize physical realism over
emotional expressiveness, an aspect that remains underexplored. This
study evaluates emotional believability in animations generated by four
text-to-motion models (LADiff, MDM, T2MGPT, Muse Animate). A
user study, which involved 39 participants, assessed basic emotions por-
trayed during common actions, revealing that emotions such as anger and
sadness were most recognizable via body language alone, while surprise
and disgust posed greater challenges. These results align with previous
body language research, emphasizing the strengths and limitations of Al-
generated emotional animations and offering insights to enhance virtual
human expressiveness.

Keywords: Virtual Human - Text-To-Motion - Emotion - Believability

1 Introduction

Virtual Humans (VHs) are digital agents designed to resemble humans, both
visually and behaviorally. They play a pivotal role in Extended Reality (XR)
by populating virtual environments and providing meaningful social interac-
tions [I8]. By exhibiting realistic behaviors and clear emotional expressivity,
VHs enable users to perceive them as authentic social entities, fostering genuine
connections, empathy, and deeper engagement [I8], thus significantly enhanc-
ing users’ sense of presence and immersion [I§]. Emotionally expressive VHs are
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therefore critical in diverse XR applications, acting as virtual therapists offering
compassionate guidance [I7], engaging non-player characters (NPCs) enriching
storytelling in virtual games [I2], or virtual assistants supporting users in immer-
sive training [24]. Alternatively, VHs can be part of believable virtual crowds,
such as audiences attending public speeches [10], realistic participants in emer-
gency evacuation drills [I6], or citizens interacting naturally within virtual social
environments [15].

Emotions in VHs are communicated primarily through three distinct chan-
nels: vocal prosody [25], facial expressions [5], and body language [29]. Vocal
prosody leverages variations in tone, pitch, and rhythm, enhancing emotional
expression through speech. Facial expressions convey nuanced emotional states
visually, using subtle yet universally recognizable cues. Body language expresses
emotions through posture and movement patterns, effectively distinguishable
even from a distance and maintaining strong cross-cultural consistency [29].

Body language in particular, mostly relies on either manually crafted anima-
tions or movements captured from real actors using motion capture technologies.
Both approaches are costly, time-consuming, and inflexible, limiting real-time
modulation, which is essential in dynamic virtual simulations. To address these
constraints, recent advances in Artificial Intelligence (AI) have opened new pos-
sibilities, firstly with video-to-motion models, then with generative ones, con-
tributing to the democratization of the animation process. Al-driven synthesis,
especially latent diffusion models such as the Human Motion Diffusion Model
(MDM) [27] and the Length-Aware Latent Diffusion (LADiff) [23], has made pro-
cedural generation of realistic body movements possible from textual descriptions
or contextual prompts. However, current Al-driven models often prioritize phys-
ical realism and coherent motion rather than emotional expressivity. A notable
exception is the LLM-guided Limb-Level Emotion Manipulating (L3EM) [33],
which first introduced the concept of Emotion-enriched Text-to-Motion Gener-
ation (ETMG) but unfortunately without exploring emotional believability. In
contrast, co-speech gesture models such as the Zero-shot Example-based Gesture
Generation from Speech (ZeroEGGS) [9] delve deeper into this aspect but still
exhibit significant limitations. These co-speech models predominantly depend
on spoken audio or speech transcripts, limiting their applicability to scenarios
involving purely textual or descriptive prompts. Additionally, their emphasis is
largely on generating upper-body gestures accompanying speech, thereby over-
looking a broader spectrum of full-body movements crucial for everyday actions
like walking, sitting, or interacting with objects.

Considering the limitations of existing generative methods—the lack of emo-
tional believability investigations in general text-to-motion research, and the re-
stricted focus of co-speech solutions—this preliminary study aims to assess the
ability of off-the-shelf text-to-motion models, if carefully prompted, to generate
believable emotional animations. To this end, we conducted a user evaluation in
which participants watched animation clips, generated by different models for
different actions, and then were asked to identify which of six basic emotions
was depicted in each animation. To the best of our knowledge, this is among



Emotional Text-To-Motion for Virtual Humans 3

the first studies to directly evaluate the emotional expressiveness of animations
generated from textual prompts by explicitly asking users to recognize emotions.

Preliminary results indicate that certain emotions, such as sadness and anger,
can be effectively conveyed through full-body animations alone. In contrast,
other emotions, like surprise and disgust, pose greater challenges due to the ab-
sence of nuanced expressive details, such as facial expressions and detailed hand
gestures. Additionally, the evaluation revealed significant differences in perfor-
mance among models, highlighting that some text-to-motion models are more
effective than others in producing emotionally recognizable animations. These
insights underline the strengths and current limitations of text-to-motion mod-
els, pointing toward promising directions for future advancements in emotionally
expressive animation generation.

2 Related Works

The field of text-to-motion synthesis has significantly evolved, particularly through
diffusion-based generative models, i.e., approaches that gradually refine noisy ini-
tial data into coherent motion sequences. Initiated by MotionDiffuse [36], these
methods create motion sequences using iterative denoising processes. Later ad-
vancements, such as Motion Latent Diffusion (MLD) [6], improved computa-
tional efficiency by shifting diffusion into a latent space, while AttT2M [3§]
introduced attention mechanisms to enhance alignment with textual prompts.
Further diffusion-based models target specific improvements. ReMoDiffuse [37]
enhances diversity by generating varied animations for similar prompts. The
Human Motion Diffusion Model (MDM) [27] integrates geometric constraints
for greater realism, inspiring specialized variants like Guided Motion Diffusion
(GMD) [13] and OmniControl [30] for spatial precision, Efficient Motion Dif-
fusion Model (EMDM) [40] for computational efficiency, and PhysDiff [34] for
physics-based realism. Other notable improvements include temporal precision
from Length-Aware Latent Diffusion (LADIff) [23] and interactive editing via
FLAME [I4]. Parallel research directions have emerged, including transformer-
based approaches like T2M-GPT [35] and MoMask [11], as well as models focus-
ing on human-object interactions such as HOIAnimator and HOI-Diff [26].
Despite their significant progress aiming for motion realism, emotional ex-
pressiveness, crucial for believable VHs and effective interactions, remains un-
derexplored with a few recent notable exceptions that have begun addressing
this task. The Stylized Motion Diffusion Model (SMooDi) [39] leverages style
transfer techniques conditioned on textual descriptions and reference motions.
While SMooDi incorporates some emotional categories like angry or proud it
primarily focuses on stylistic attributes related to movement styles and person-
ality traits rather than explicit emotional expressivity. Another significant work
is L3EM [33] which firstly introduces the concept of Emotion-enriched Text-to-
Motion Generation (ETMG) task and integrates emotional motion variations at
the limb-level. However, L3EM’s evaluation is purely quantitative, lacking crit-
ical user-based assessments regarding emotional believability. Additionally, its
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non-open-source nature precludes direct comparisons with other models. Paral-
lel developments have emerged in co-speech gesture generation, where emotional
expression has been more explicitly addressed. Models such as ZeroEGGS [9] and
GestureDiffuCLIP [I] produce expressive upper-body gestures synchronized with
spoken content. These methods, however, exhibit significant limitations. They
predominantly animate the upper limbs and torso, frequently ignoring full-body
movements such as walking or interactions with objects. Moreover, their reliance
on audio or textual transcripts from speech limits their applicability in broader
contexts, particularly in scenarios where explicit speech content is absent or
irrelevant, such as generic virtual crowds or multi-agent interactions.

Nonetheless, most evaluations of emotional expressiveness, either in general
text-to-motion or co-speech contexts, have predominantly measured factors such
as human likeness [If3], naturalness [9], or appropriateness relative to accompa-
nying speech or audio [9UIJ3]. Studies rarely examine users’ abilities to inde-
pendently recognize and decode the intended emotions purely from animation,
a crucial factor in assessing true emotional believability. Consequently, there is
limited insight into the actual emotional readability and believability of gen-
erated animations, highlighting the necessity of explicitly measuring emotional
perception through user-based evaluation.

Considering these gaps and limitations, our study explicitly investigates the
capacity of text-to-motion generative models to produce emotionally expressive
full-body animations. We directly engage participants in identifying emotions
depicted solely through body language, thereby providing novel insights into the
emotional believability achievable via textual prompts. By qualitatively compar-
ing our results with prior studies on human emotion recognition from authentic
human motion, we aim to contextualize our findings. Previous research has ex-
plored various aspects, such as the expressivity of individual body parts [4/19],
as well as whole-body static and dynamic expressions [2]. Additionally, studies
have investigated the emotional believability of motion-capture animations [20].
Drawing on these comparisons, we seek to determine whether the limitations
observed in our findings are unique to virtual and Al-generated contexts or if
they reflect broader and inherent challenges associated with perceiving specific
emotions through body language alone.

3 Methods

This study systematically compares state-of-the-art text-to-motion models eval-
uating their ability to generate animations that effectively convey a defined
emotion. The methodology adopted follows a two-stage approach: (1) creat-
ing a dataset of video animation clips depicting Al-generated animations us-
ing refined text-to-motion prompts informed by research on emotion and body
language [29I7]; and (2) conducting a user study to assess human perception
of the emotional expressiveness of the generated animations (Section , thus
investigate their emotion believability.
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Our dataset is composed of animation videos defined by a combination of
three parameters: the Al motion model (m), the action (a) performed, and the
basic emotion (e) expressed. Specifically, we considered all six universally recog-
nized basic emotions (happiness, sadness, anger, fear, surprise, and disqust) [§],
three common actions and four text-to-motion models. We now discuss how we
selected the models (Section [3.I), detail the actions considered (Section [3.2)),
explain the prompt design approach (Section that guides each model to-
ward generating emotionally meaningful motion, and show the video dataset
generation pipeline (Section .

3.1 Model Selection

In order to conduct an effective evaluation, four text-to-motion models have been
selected among the state-of-the-art ones. The model selection phase followed a
structured filtering process that combined both theoretical considerations and
empirical evaluations. Initially, we defined key criteria to guide model selection
based on the objectives of generating emotionally expressive animations:

— Public availability: only models with publicly accessible implementations
were considered, facilitating reproducibility and comparative analysis.

— Quality assessment: An initial visual assessment of animations, generated

using preliminary prompts, was conducted to qualitatively evaluate motion

quality and coherence. In particular, we excluded models that (1) consis-

tently generated physically impossible animations such as joint intersections

(e.g., arms intersecting with torso) or impossible rotations (e.g., knees ro-

tated backward to the facing direction); (2) persistently failed to depict the

action described in the input prompt.

Architectural diversity: models representing diverse generative paradigms

(diffusion-based and transformer-based approaches) were prioritized to broadly

evaluate different technological solutions.

— Up-to-date coverage: preference was given to models that have been released
or updated recently, ensuring that the selected solutions reflect current prac-
tices within the field.

MotionDiffuse [36] and its sub-model SMooDi [39], as well as MoMask [I1],
exhibited relatively lower quality in preliminary tests and were therefore ex-
cluded from further analysis. Similarly, specialized MDM variants [13/30/40/34]
were excluded since their preliminary did not show significant qualitative im-
provement over MDM. At the time of this research, the code for the only avail-
able ETMG-oriented model [33] was not publicly available, and thus excluded
from the evaluation. The outcome of this filtering process led to the selection
of four generative models, each offering distinct advantages aligned with our
study’s goals:

— LAD:If [23], a length-aware latent diffusion approach chosen for its ability
to handle motions of varying durations. By subdividing the latent space into
subspaces specialized for different temporal spans, it provides a controllable
framework for modulating sequence length.
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— MDM [27], a diffusion-based model developed around a transformer ar-
chitecture, featuring iterative denoising steps that refine noised motion data
into coherent animations. Selected as the main foundational diffusion model,
which has been continuously updated by the present time as compared to
its derivatives.

— T2M-GPT [35], a transformer-based model that employs discrete latent
codes to process textual prompts but does not implement motion data diffu-
sion techniques. Chosen as designed to handle more detailed and extended
descriptions, possibly translating linguistic nuances into expressive and var-
ied motion sequences.

— Muse Animate [28], selected primarily due to its direct compatibility with
Unity and relevance as the main industry solution, despite the absence of
public information about its architecture.

3.2 Action Selection

To evaluate each model’s ability to convey emotion in realistic scenarios, we care-
fully selected three actions that frequently occur in everyday life and VHs” XR
contexts. This choice not only guarantees practical relevance but also provides
distinct movement patterns where emotional variations are readily recognizable
and can be systematically studied. The selected actions are:

— Standing: often referred to as the “Idle” animation, this action represents
minimal movement when a VH is not actively engaging in other explicit
tasks. Standing animations are critical to study emotional expressivity as
they test the model’s capability to convey nuanced emotional states through
subtle posture variations and minimal body movements, making it highly
relevant in scenarios with limited explicit action [22].

— Speaking: unlike co-speech animation, which synchronizes upper-body ges-
tures with speech content, speaking in this study refers to a more general
animation depicting a character engaged in speech-related body movements.
This approach allows for evaluating full-body emotional expressivity inde-
pendent of verbal content, making it relevant for VH interactions where
speech synchronization is unnecessary, such as background characters in XR
environments.

— Walking: gait and posture variations during walking have been widely stud-
ied in emotion recognition research. Walking provides a clear and consistent
context to evaluate how effectively models embed emotion into dynamic,
commonly occurring movements [31].

3.3 Prompt Design

The prompt design process followed an iterative approach to determine the most
effective way to generate emotionally expressive animations. Initially, we exper-
imented with a simple prompt structure that combined only an emotion and an
action, using the following template:



Emotional Text-To-Motion for Virtual Humans 7

A [emotion] person [action] . (1)

This format was intended to test whether generative models could interpret
abstract emotional descriptors and produce coherent animations accordingly.
However, the results varied significantly across models. Among the four models
tested, Muse Animate (in the following referred as Muse) was the only one that
consistently produced expressive and recognizable emotional animations using
this prompt structure. For example, prompts such as “an angry person is walk-
ing” led to animations that exhibited noticeable tension and abrupt movement,
suggesting that Muse may have been trained with explicitly labeled emotion
data or that it employs a mechanism that effectively links textual emotional
cues to movement patterns.

In contrast, LADiff, MDM, and T2M-GPT struggled with this prompt for-
mat. Their outputs were often neutral, overly generic, or physically realistic but
emotionally ambiguous. These models failed to consistently differentiate between
emotions, frequently generating similar animations regardless of the specified
emotional state. This inconsistency likely stems from the fact that their training
datasets do not contain explicit emotion labels or enough contextual examples
associating textual emotion descriptors with distinct movement variations. Fur-
thermore, repeated generations with the same prompt sometimes resulted in
vastly different motions, revealing weak emotional consistency while tending to
default to animations lacking clear emotional intent.

Recognizing the limitations of the initial prompt template, we refined our
approach by incorporating bodily behavior descriptors, explicitly defining pos-
tures, movement characteristics, and gesture patterns to provide clearer guid-
ance for generating emotionally expressive animations. The new prompt format
was structured as follows:

A person [action] with [bodily behavior],, ..., and [bodily behavior], .
(2)

The term bodily behaviors refers to specific motion cues—such as arm po-
sitioning, head inclination, or gait patterns—that are strongly associated with
particular emotional expressions. These behaviors were drawn from the table
in Witkower et al. [29] (with additional insights from Depraz et al. [7]), which
compiles empirical evidence from multiple studies on how postural and gestural
features contribute to emotion recognition.

The study identifies behaviors that have been consistently validated across
different research contexts, providing a structured basis for defining emotional
movement patterns. For example, sadness is often associated with slumped
shoulders and a downward-tilted head, while anger is characterized by tense
posture and forceful, abrupt limb movements. An example prompt constructed
using template [2] for emotion Happiness, action Speaking and model LADiff is:

A person is speaking with head tilted up and rythmic arm movements.
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Although template [2] significantly improved generation results, many anima-
tions generated by MDM, LADIff and T2M-GPT were still not able to fully por-
tray the described bodily behaviors. Therefore, we further refined these prompts
following an iterative approach until coherence between prompt and motion was
achieved (Tab. . Specifically, we addressed:

— Sentence structure: long sentences were divided using punctuation and vary-
ing conjunctions (e.g., in (sadness,walking, T2M-GPT) the prompt was
rephrased in three sentences).

— Word synonym: variations in wording were used where specific nouns or
verbs were incorrectly depicted (e.g., in (happiness, speaking, T2M-GPT)
“speaking” was replaced with “talking”).

— Verb tense: when models were unable to portray the specified action cor-
rectly verb tenses were adjusted. T2M-GPT in particular often struggled
when using present continuous, then present simple was used instead (e.g.,
in (sadness,walking, T2M-GPT) present simple is used instead of continu-
ous).

— Parameter omission: bodily behaviors or actions that were not effectively
substituted by a synonym were omitted. Standing action in particular was
often omitted (e.g., in (fear, standing, MDM) prompt is missing “standing”)
as it represents a lack of deliberate activity, thus involving no actual motion.

We performed a pre-evaluation survey to empirically validate our resulting
prompts, asking 21 participants to quantify the coherence between prompts and
the resulting animation clips on a seven-point Likert scale. Overall, aggregated
prompt-coherence for the four models resulted in (u,0) = (5.13,1.72), which
we consider a satisfying outcome as similar values were obtained by Yazdian et
al. [32] using T2M-GPT only.

With this refined prompts, LADiff and MDM demonstrated a noticeable
improvement in emotional expressivity, particularly for high-intensity emotions
such as anger and sadness. Their ability to generate distinct movements aligned
with the described emotional states became more reliable, suggesting that ex-
plicit bodily behavior cues helped the models create more meaningful animations.
T2M-GPT, which relies on a transformer-based architecture, required even more
detailed descriptions to produce consistent emotional variations. Prompts that
included multiple bodily cues, such as “a person walks with slow, dragging steps,
hunched shoulders, and head tilted downward”, yielded better results than sim-
pler formulations. Meanwhile, Muse continued to perform well with both simple
and detailed prompts, reinforcing the hypothesis that its underlying model in-
tegrates emotional concepts more effectively than the others.

The full dataset of text prompts and generated videos can be found in our
public repository E, along with the system described in the following.

1 https://github.com/CGVGroup/VH_Text2Anim_Generator/tree/main
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Emotion| Action Model Generated Prompt
Muse A happy person is speaking.
. . A person is speaking with head tilted up and
Happiness| Speaking MDM rhyIthiC arm movemints almost dancing.
LADiff A person is speaking with head tilted up and
rhythmic arm movements.
A person is talking and jumping with their head
T2M-GPT [tilted upward. They use energetic and rhythmic
hand gestures swinging freely.
Muse An afraid person is standing.
Fear Standing A person is covering their face with their hands
MDM collapsing their upper body and arms with slow
movements.
. A person is covering their face with hands collaps-
LADiff |, .
ing their upper body and arms.
A person stands nervously, their body slightly
T2M-GPT |hunched and their hands held up near their chest
or face.
Muse A sad person is walking.
Sadness | Walking MDM A person %s Walk%ng slowly W%th head t%lted down.
LADiff A person is walking slowly with head tilted down,
collapsed body, and with a little swing of arms.
A person walks with a sluggish pace, their head
tilted downward and shoulders slumped. Their
T2M-GPT |arms hang loosely at their sides with little move-
ment. They occasionally drag their feet slightly or
look downward as if avoiding eye contact.

Table 1: Examples of Prompt Design for different emotions, actions and models.

3.4 Dataset Generation

To systematically generate the animation video dataset, we developed a semi-
automated pipeline that, given a model (m) and a text prompt—encapsulating
both the action and the emotion, see Section [3.3}—, produces a recorded video
(v) under consistent rendering conditions. Specifically, each output clip has been
produced using the same 3D engine (Unity), identical camera setup, and a uni-
form background. The system consists of two main components (see Fig. . A
Python environment generates motion data, while a Unity environment handles
rendering and recording. This setup ensures that all video clips are generated in
a controlled manner, facilitating fair comparisons across models and prompts.
Python Environment. Upon receiving both a text prompt (constructed
as described in Section and the selected model m, the system loads model-
specific execution parameters from a JSON configuration file. It then retrieves
the pre-generated model output, stored in NPY format, in which each frame con-
tains a set of unconnected joint positions with no hierarchical structure or bone
rotations. To transform these positions into a proper skeletal animation, we first
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Python Environment Unity Environment
Text Prompt T i ende imati
PE)Lyf Tex2Motion | py ) 1K | pyyyf Blender {lopylyl Animation Lyl g corder FMP4>
m Model solver Script System

Fig. 1: Overview of the Dataset Generation pipeline.

create a rig defining each joint’s parent-child relationship. Next, an Inverse Kine-
matics (IK) solver infers bone rotations to ensure a natural connection between
joints. We tune the solver’s iteration count to balance animation quality with
computational cost, noting that beyond a certain threshold, additional iterations
bring no visible improvements. Once the skeletal animation is reconstructed, it
is exported in BVH format, which preserves the joint hierarchy and motion data,
and then converted to FBX using Blender to maintain compatibility with the
Unity engine.

Unity Environment. The FBX file from the Python environment is im-
ported into Unity, and the extracted animation is applied to a character model
equipped with a 18 joints rig (four for the spine and neck, four for each shoulder
and arm, three for each leg). Finally a 1280x720 MP4 video clip of each ani-
mation is rendered. To avoid potential bias or confounding variables related to
gender, age, or ethnicity—factors beyond the scope of this preliminary study—
we employed a neutral, mannequin-like character for all animations. Since our
generative models do not currently animate hands, fingers, or faces, using a sim-
plified mannequin prevents incomplete or distracting content that might other-
wise distort participants’ emotional perception [29J8]. This approach is especially
well suited to our exploratory research, as it provides a controlled assessment of
how effectively the generated movements convey emotion solely through body
language.

4 Experiments

The user evaluation phase involved a total of 39 participants and was conducted
through an online survey managed by a custom web-based system responsible
for distributing the animation video clips and collecting responses. The sur-
vey link was publicly shared—primarily among students of our university—on
a voluntary basis. Before participating, individuals provided basic demographic
information (age, gender, nationality), which was used exclusively for aggregated
analysis without storing any personally identifying data.

Upon entering the survey, each participant was automatically assigned a
personalized, randomized queue of all available animation clips. This randomiza-
tion prevented videos depicting the same emotion from appearing consecutively,
thereby minimizing biases such as repetition effects or memorization. Partici-
pants were asked to watch each animation and then select which of the six basic
emotions (happiness, sadness, anger, fear, surprise, disgust) they believed it con-
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veyed. They also rated the difficulty of making that decision on a seven-point
Likert scale, ranging from easy (1) to hard (7). Thus, each selection (s;) was
recorded as (v;, €f,d;) where v; indicates the depicted video, e is the emotion
selected by the participant, and d; is the difficulty rating.

Fig. 2] illustrates the survey’s interface. By combining emotion selection and
difficulty assessment, we gathered not only recognition accuracy—how well par-
ticipants identified the intended emotion—but also insights into each partici-
pant’s subjective confidence or uncertainty in making that choice. This dual-
metric approach allowed for a more nuanced evaluation of how effectively each
generative model conveyed emotional expressivity in its animations.

This video depicts an emotion, which one of the following? How difficult is to recognize it? Use When you are sure of your choice click m

Anger | Happiness
9o \ Disgust | Sadness

§ [__Fear ] Surprise J

Easy

1

Fig. 2: Overview of the web-based survey interface.

4.1 Metrics

To evaluate performance at different levels of granularity, we extracted different
subsets of all user selections to analyze specific factors (e.g., a single emotion, a
model, an action, or any combination thereof). In this way, for example, metrics
can be calculated only for the anger animations generated by a given model or
for the happiness emotion on walking animations generated by all models.

Let S be an arbitrary subset of the user selections obtained by filtering for
any combination of model (m), action (a), and depicted emotion (e).

We define the accuracy Ag as the number of correctly recognized emotions
divided by the total number of selections in S, and the difficulty Dg as the
normalized mean of the difficulty d; of all selections s; € S, i.e. Dg = (u—1)/6
where p = %Z?Zl d;. Therefore, an accuracy closer to 1 corresponds to higher
believability, while an accuracy closer to 0 corresponds to lower believability.
Conversely, higher difficulty values mean greater uncertainty in identifying the
emotion depicted. Intuitively, we expect a negative correlation between selection
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correctness and difficulty d; (i.e., lower believability is associated with higher
difficulty). Furthermore, selection time per video was collected to provide an
objective metric regarding evaluation difficulty, expecting a positive correlation
between voting time and difficulty d;, and thus a negative one with selection
correctness. Correlations are computed using Spearman’s rank correlation coef-
ficient, reported in the format (p, p), where p indicates the strength and direction
of the monotonic relationship, and p the associated p-value, considering statis-
tical significance for p < 0.001.

5 Results

The primary objective of this study was to examine the believability of emotion-
ally expressive animations produced by various text-to-motion models. In par-
ticular, we assessed recognition accuracy across different emotions and actions.
This analysis aimed to provide preliminary insights into the models’ capabilities
for realistically conveying emotional states, considering the known limitations
identified in existing literature on body language perception.

Participants Our survey resulted in a total of 39 participants with 33 who
fully completed the survey, the others’ responses were discarded. Participants
were nine females and 24 males, of which 31 of them are Italian with a mean age
of 27 + 7 years old. Overall, the data collection resulted in 2376 selections, with
a mean selection time of 23.75 seconds for a single video.

5.1 Emotions analysis

Depicted Emotion

1.0
—— Difficulty ANG_ DIS FEA HAP SAD SUR 10
2 . 0.04 | 004 022 | 001 0.4
0.8 <
- 0.8
© 004 | 014 | 009 005 009 | 0.16
e O
206 2
2 2 5 o004 032 0.06 | 0.16 | 0.14 06
g w
<04 T .
£ % o010 o007 004 001 | 0.16 04
o T ’
S
9 0
0.2 2 001 | 035 020 001 0.08
* -02
oo > 007 008 041 011 002 | 031
~ ANG SAD HAP FEA SUR DIS -00
(a) Accuracy (bars) and Difficulty (plot) (b) Confusion matrix

Fig. 3: Aggregate results grouped by emotion.
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Considering overall metrics subdivied by emotions (Fig. , anger and sad-
ness achieved the highest recognition accuracies (0.74 and 0.72, respectively).
The higher accuracy for anger can be attributed to the presence of distinct body
movements typically associated with intense emotions—such as abrupt gestures,
tense muscular postures, and forward-leaning stances—that are universally iden-
tifiable and consistently documented across multiple body language studies [2J4].
Similarly, sadness benefits from highly recognizable bodily expressions such as
slumped shoulders, lowered heads, and minimal limb movements [20/19], provid-
ing clear visual cues even in the absence of facial details [2]. Conversely, disgust
and surprise recorded significantly lower accuracy rates (0.14 and 0.31, respec-
tively). The particularly low accuracy for disgust highlights its reliance on subtle
facial expressions, including movements around the mouth and nose [§], making
it difficult to convey effectively using body motion alone [T9/4]. Surprise, despite
generally involving noticeable bodily cues such as sudden backward movements
or raised limbs, suffers from ambiguity in body posture interpretation without
complementary facial or hand cues, leading to increased confusion and lower
recognition accuracy [2]. Additionally, considering that usually surprise emo-
tion is expressed toward a sudden occurring environmental event [8], the lack of
context may have added more selection uncertainty [20/19]. Happiness achieved
moderate accuracy (0.55), reflecting the complexity in interpreting this emotion
solely through body language. Happiness is often expressed through dynamic
and energetic gestures such as bouncing, rhythmic limb movements, or open
and expansive postures [20/2]. However, these cues can closely resemble other
high-arousal emotions, resulting in ambiguity and recognition challenges [2/19].
Similarly, fear showed moderate recognition accuracy (0.52), indicating variabil-
ity and complexity in bodily expression. Fear can manifest in multiple distinct
motor behaviors ranging from freezing and subtle defensive postures to overtly
escaping movements, making it inherently context-dependent and less univer-
sally recognizable without facial or environmental context cues.

To gain insights on the incorrect selection of emotions, it is useful to consider
their confusion matrix (Fig. . Disgust, is frequently confused with sadness
(0.35) and fear (0.32). Prior research has emphasized that, when facial and hand
information is absent, observers tend to misclassify it with emotions exhibiting
similarly contracted or protective postures, i.e., sadness or fear [20]. Similarly,
surprise was commonly confused with all of the other emotions, aligning with
past literature indicating that surprise is inherently ambiguous without comple-
mentary facial cues, as its bodily expression often overlaps with positive (e.g.,
happiness) or negative (e.g., disgust, fear) reactions due to sudden and expansive
gestures [2]. Fear, while moderately well-recognized (0.52), was most commonly
misclassified as sadness (0.20), hinting at common perceptual cues. This confu-
sion is consistent with prior findings showing that fear related movements, in the
absence of facial expressions or contextual stimuli, may resemble the inward and
subdued posture of sadness [20019]. Equivalently, happiness was misclassified as
anger (0.22), revealing a perceptual overlap in their bodily expressions. Prior
studies have shown that both emotions are conveyed through expansive, high-
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energy movements—such as arm-raising or vigorous gestures—which again, in
the absence of facial features, can appear visually similar [2J20/T9]. This suggests
that observers may rely on motion dynamics as a proxy for intensity or arousal,
leading to systematic confusion between highly activated emotional states. Con-
versely, anger and sadness showed fewer confusions with other emotions, consis-
tent with previous findings highlighting their universally recognized and distinct
body cues, such as forward-leaning and tense postures for anger, and closed,
slouched postures for sadness [2/19/4].

Across all emotions, difficulty ratings range from easy to neutral Fig.[3a] This
outcome hints that even if the actual selected emotion was incorrect, participants
perceived the produced animations as fairly coherent and natural. Although this
distribution implies a negative relationship between recognition correctness (i.e.,
0 if selected emotion is wrong, 1 if correct) and perceived difficulty, no strong
correlation was found between the two metrics (p = —0.15, p < 0.001). Similar
results are obtained considering correctness and emotion selection times (p =
—0.10, p < 0.001). Contrarily, an interesting finding emerges when examining
the relationship between selection time and perceived difficulty. A moderate and
statistically significant monotonic relationship is observed between voting time
and difficulty ratings (p = 0.44, p < 0.001). This suggests that participants who
perceived a stimulus as harder also took longer to cast their selection, reflecting
greater cognitive effort or uncertainty in emotion attribution.

In general, varying accuracies observed across emotions emphasize the im-
portance of distinctive and universal non-verbal cues in accurately conveying
emotional states in VHs animation as well as real human motion. Emotions char-
acterized by well-defined, cross-culturally consistent gestures and postures, such
as anger and sadness, are more successfully communicated through body move-
ments, whereas emotions that rely predominantly on subtle, facial or context-
dependent details, such as disgust and surprise, present inherent limitations for
effective recognition without complementary expressive channels.

5.2 Actions and Models analysis

To better interpret the performance outcomes, it is useful to take a closer look at
how different generative models behave across various actions, analyzing in par-
ticular possible models’ architectural strengths and weaknesses while portraying
different emotions.

Speaking. MDM demonstrates relatively higher accuracy across multiple
emotions (Fig. , especially for happiness, fear, sadness. While these results
might partly stem from the universally expressive nature of these emotions [20/4],
the model’s transformer-based architecture, which is designed to manage the
temporal and spatial irregularities of motion data, may also support slightly
more coherent and believable emotional animation in speech scenarios. While
this remains speculative in terms of expressive clarity, the model’s use of ge-
ometric losses on joint locations and velocities [27] suggests a technical basis
for improved motion continuity. Muse and LADiff follow, performing moder-
ately well, in particular better than MDM on anger, potentially benefiting from
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—— MDM HAPPINESS —— MDM HAPPINESS
—— MUSE —— MUSE
—— T2MGPT —— T2MGPT
(a) Speaking accuracy. (b) Standing accuracy.
ANGER ANGER

i —— LADff
—— LADiIff
—— MDM HAPPINESS —— MDM HAPPINESS
—— MUSE —— MUSE
—— T2MGPT — T2MGPT
(c) Walking accuracy. (d) Overall accuracy.

Fig.4: Aggregate accuracies for models and emotions. Subfigures (a), (b), and
(c) by actions, (d) overall, calculated upon their respective selection subsets.

possible learned emotional embeddings for Muse, or diffusion-based smoothing
for LADifT [23], which may stabilize emotional portrayals in specific Speaking
poses. Interestingly, LADIiff’s accuracy regarding fear is close to zero due to
its consistent confusion with sadness (ratio of 0.76). This confusion likely stems
from the model’s latent space denoising process, during which emotional nuances
may be overly smoothed or collapsed, particularly for emotions with overlapping
low-energy postures like fear and sadness. In contrast, this confusion is less ev-
ident in MDM, which does not rely on a latent-space diffusion mechanism and
instead generates motion sequences directly in pose space, preserving more dis-
tinct structural features between similar low-activation emotions. On the other
hand, the non-diffusion architecture of T2MGPT, relying on tokenized motion
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representation [35], appears less consistent, possibly due to the discretization of
motion into symbolic units that can limit fluidity and nuance. While this pro-
cess enables structured prediction and scalability, it may constrain the model’s
ability to represent continuous and context-sensitive emotional cues, especially
in subtle or complex gestures. On the contrary, this architectural characteristic
might interestingly enhance T2MGPT at portraying anger, in which the required
strong and abrupt movements might be naively portrayed by the intrinsic limited
motion fluidity.

The portrayals of surprise and disgust remain particularly challenging across
all models, which is consistent with broader findings in body language litera-
ture [2]. While the overall performance remains limited, MDM and Muse appear
to handle basic emotions slightly better.

Standing. Again, MDM shows slightly higher accuracies, particularly for
fear, happiness, and sadness. This might reflect the model’s ability to capture
subtle posture changes even in limited-motion contexts. Standing poses inher-
ently offer fewer dynamic cues, making emotion conveyance more reliant on
posture and subtle weight shifts [20/4], areas where MDM’s design might offer
an advantage. LADiff’s performance only slightly lags behind MDM overall due
to a noticeable dip in expressing happiness, which seems to stem from specific
characteristics of the generated animations—mainly confused with anger with
a 0.52 rate. Muse shows modest improvements in conveying ambiguous emo-
tions like surprise and disgust. This may be due, similarly to Speaking action, to
mechanisms that promote stylistic coherence or learned patterns from expressive
training examples. These considerations remain tentative and should be inter-
preted cautiously as Muse is still completely undocumented. Lastly, T2MGPT
is outperformed by other models except for anger, where it excels among others,
possibly reflecting its capacity to tokenize the tense posture shifts associated
with the emotion. This difference remains speculative and warrants further veri-
fication but highlights how even minimal shifts in stance may be expressed more
distinctly by some architectures than others.

Walking. Results show a heterogeneous landscape, with each model high-
lighting a different emotional strength. Muse shows relative proficiency in convey-
ing anger and sadness, possibly owing to naturally embedded emotional compre-
hension, which may help capture the slow, heavy gait characteristic of sadness-
related motion. In the case of anger, the model may benefit from its ability to
correctly reproduce increased joint rigidity and greater arm swing amplitude,
with sharper elbow and shoulder angles—features often associated with high-
arousal, confrontational body language [2]. As well, T2MGPT captures anger
effectively, which might be due again to its token-based generative mechanism,
enabling sharp and intense motion bursts that align with the high-activation,
aggressive gait typically associated with anger in body language research [19].
Conversely, LADiff appears somewhat better at portraying fear, likely benefit-
ing from its latent diffusion process that emphasizes smooth temporal coherence
while still allowing for subtle retreating or defensive kinematic cues typical of
fearful walking [2]. Meanwhile, MDM appears to excel at conveying happiness,
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likely due to its diffusion-based generation process and geometric training losses,
which may contribute to more coherent, upbeat, and rhythmic gestures charac-
teristic of this emotion. Nonetheless, surprise and disgust continue to yield poor
results across all models, highlighting the persistent difficulty of conveying these
emotions through body movement alone [2/4].

Models. Overall, MDM and Muse perform slightly better than the others,
though all models show room for improvement (Fig. . MDM overall succeeds
in conveying nuanced emotional cues across different actions, possibly due to
its transformer-based architecture and use of geometric loss functions, which
support more structured motion sequences. Muse shows a degree of emotional
expressivity, perhaps due to training on motion-emotion semantics, which helps
it capture some recognizable cues, especially in high-energy emotions like anger.
LADiff and T2MGPT show limitations overall. LADIiff struggles particularly
with emotions like fear and happiness, sometimes confusing them probably due
to its latent diffusion approach, which may blur subtle emotional differences
during denoising. T2MGPT, utilizing tokenization-based generation, struggles
with fluidity and subtlety in most emotions but interestingly excels at anger,
where abrupt and sharp movements align well with motion tokenization without
diffusion processing.

In conclusion, while all models exhibit considerable limitations, MDM and
Muse offer better accuracies. Their relative advantages suggest that certain archi-
tectural choices and training approaches may provide a more promising direction
for improving emotional motion generation, though much work remains to be
done.

5.3 Limitations and Future Works

Due to the preliminary nature of this study, some important limitations should
be noted.

Firstly, although we systematically conducted and evaluated an iterative
prompt engineering method through a pre-screen user study to generate ani-
mation clips, this approach could still have introduced evaluation biases. Text-
to-motion methods rely heavily on carefully crafted textual input to achieve de-
sired motion outputs, a complex challenge partially addressed in text-to-image
AT models [2I] but still underexplored in the text-to-motion field. Therefore,
future research should investigate various prompting strategies while potentially
considering training models on specific emotion-labeled datasets, narrowing their
focus for the ETMG task.

Secondly, while our analysis offers preliminary insights, it hypothesizes poten-
tial explanations for model behaviors by examining architectural characteristics
and generated outputs in relation to emotional expressions. These interpreta-
tions, grounded in body language literature and model-specific structural de-
tails, remain speculative and should serve only as an initial step toward fully
understanding the capabilities and limitations of these models.

Thirdly, as mentioned previously, cues such as finger gestures, facial expres-
sions, and general visual appearance heavily influence emotional perception.
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Future research should explore diverse character models and possibly consider
adding hands and facial animations to better understand how these variables in-
fluence the emotional believability of generated animations. Furthermore, these
animations should be evaluated directly in immersive XR, where embodiment,
presence, and spatial perception may further influence their interpretation.

Finally, the vast majority of participants were Italian with ages spanning
from 20 to 30 years old. Their evaluations could have been affected because of
possible cultural differences, referring to nationality, and expectations regard-
ing computer-generated animation videos, especially referring to age. Future
research should try to diversify its participants’ demography in order to reduce
any potential bias.

6 Conclusions

This study explores how effectively state-of-the-art text-to-motion models can
express basic emotions through humanoid full-body animations. Using four gen-
erative models (MDM, LADiff, T2MGPT, and Unity’s Muse Animate), we cre-
ated animations for six basic emotions and three common actions, then assessed
their emotional believability through a user evaluation survey. The goal was to
analyze the capabilities of Al-generated body movement alone (excluding facial
expressions or hand gestures) to believably communicate emotion. The result-
ing varying perception of emotions underscores the central role of distinctive
and culturally consistent body language in conveying emotional states regarding
both real human motion and Al-driven text-to-motion animations. Our results
align with findings from body language research, revealing interesting insights
on text-to-motion emotional believability. Emotions such as anger and sadness,
which involve well-defined and broadly recognized movement patterns, are more
effectively conveyed by current models. In contrast, emotions like disgust, sur-
prise, and to some extent happiness and fear, depend more on subtle or facial
cues, making them harder to express through body motion alone. It is worth
noting that our interpretations about models’ architectures and generated ani-
mations’ emotion believability are speculative and serve as an initial step toward
understanding text-to-motion models’ emotional expressive capabilities.

While these challenges highlight current limitations in text-to-motion syn-
thesis, the observed trends suggest its potential for generating emotionally ex-
pressive virtual humans. The framework proposed in this work provides a sys-
tematic approach for both developing and evaluating Al-generated emotional
animations. As such, it supports further investigation into the expressive capa-
bilities of emerging models and human perception of specific emotions, ultimately
contributing to more nuanced and believable virtual humans’ behavior.
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