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 A B S T R A C T

Inverse Kinematics (IK) provides control over animation, facilitating the creation of full-body poses by utilizing 
target end-effector locations. Many approaches address the physical aspects of arranging limb configurations; 
however, systems that consider the psychological aspects of human motion are lacking. To this end, we 
introduce a  quantitative translation of the qualitative concepts of Laban Movement Analysis (LMA) into 
computable, continuous style descriptors. Building upon this formulation, we also propose a data-driven 
Inverse Kinematics (IK) method that directly utilizes these LMA parameters to refine generated animations. 
Specifically, we refer to LMA Shape Qualities and the attitude towards the Kinesphere to control the orientation 
of the generated pose along the vertical and horizontal axes.  Our Interpolator upsamples sparse end-effector 
keyframes into dense paths and modulates Time Effort at the trajectory level. Flow Effort is controlled by a 
pose-similarity objective that deliberately reduces pose similarity to the dataset examples. Through a perception 
user study, we show that the system can successfully apply LMA-based changes to the motion to express 
different personality traits. This data-driven system can ease the process of controlling the psychological aspect 
of generative animation.
1. Introduction

Simulating human body motion is an emerging research field with 
many applications in biomechanics, robotics, and animation. Studies 
often use motion capture techniques that require performance actors, 
expensive equipment, or complex procedural algorithms to generate 
plausible human motion. Applications also use Inverse Kinematics (IK) 
to determine the rotational configuration of body parts that satisfy 
certain contact requirements, enabling animations from a series of 
interpolated end-effector positions. IK is a well-studied area with dif-
ferent numerical and data-driven solutions [1]. At the same time, 
many IK approaches focus on the physical aspects of motion, and 
research on its psychological aspects is limited. To this end, this work 
aims to introduce a psychological layer to IK using Laban Movement 
Analysis (LMA).

LMA is a theoretical framework used originally for dance chore-
ography. It is also used to analyze general human motion. Studies 
utilize LMA for various tasks including motion style synthesis [2], 
action recognition [3], emotion understanding [4], semantic segmen-
tation [5], dance evaluation [6], personality expression [7] and per-
sonality recognition [8]. Although a popular approach to expressive 
animation, LMA lacks standard algorithms for calculating quantitative 
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parameters, and studies often employ task-oriented calculations that 
follow verbal descriptions of LMA.  LMA describes motion through four 
interrelated components — Body, Effort, Shape, and Space — which we 
detail in Section 2.

This work focuses on style-based generative animation using de-
scriptors inspired by LMA Shape Qualities and Effort parameters, which 
strongly connect to expressive motion [9–11]. We use LMA Shape 
Qualities to describe posture along the vertical, horizontal, and frontal 
axes. Although Shape Qualities describe the change in motion, such as 
in Spreading motion, which goes from narrow to wide, we use them 
in relation to the Kinesphere to describe the spatial space around the 
body in relation to different axes. Time and Flow Efforts concern the 
continuous aspect of motion and are high-level parameters to our pose 
generation system, influencing the interpolation of the end effectors. 
Time Effort describes the quickness of motion; it influences the selec-
tive keyframe reduction. Flow describes the progression; it captures 
whether the motion is bound or free. We introduce Free Flow by a 
pose-similarity control during synthesis. Lower similarity to training ex-
amples yields freer, less constrained motion, whereas higher similarity 
yields more bound motion. Rather than using LMA parameters directly, 
we utilize logical combinations in our LMA-inspired style descriptors 
that control the style of motion synthesis.
https://doi.org/10.1016/j.cag.2026.104643
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We model the articulated human body as a tree structure; our 
approach also functions with arbitrary skeletons, but the role of LMA 
is specific to the human body. We train our data-driven IK system 
using samples from Bandai [12], Dance Motion Capture [6], and LMA 
Effort [13] datasets, using their respective armature configurations. 
We also use samples from these datasets for evaluation. The system 
processes motion segments as fixed-length windows of 50 frames. Using 
motion capture samples yields more realistic results than training on 
randomly generated configurations.

We evaluate the resulting system based on how well it can alter the 
personality and emotion perception of animation samples. We employ 
both quantitative metrics (Fréchet Inception Distance [14] between 
generated and real motion distributions) and qualitative assessment 
through user studies. To this end, we compare pairs of generated sam-
ples using opposing style descriptors to observe our system’s influence 
on the perceived personality and emotion with a user study. The results 
mostly confirm the positive effect of utilizing LMA-based parameters for 
motion stylization.

Our system offers a generalizable solution for altering motion 
regarding LMA-inspired style descriptors; this approach can benefit 
full-body motion reconstruction from sparse data in Virtual Real-
ity systems [15], improve personality expression in conversational 
agents [16], and aid in designing IK-based animations with controlled 
variation [17].

Our contributions are as follows:

• a  quantitative translation of qualitative LMA Shape and Effort 
qualities into computable, continuous style descriptors, making 
them directly applicable to deep learning objective functions,

• a proof-of-concept data-driven IK system for generating animation 
utilizing sparse end-effector positions and the proposed LMA-
based descriptors, and

• a qualitative analysis of the proposed approach for altering gen-
erated samples’ emotional content and personality.

Our source code is accessible in our public repository for future 
studies2. The remainder of this article includes related work (Section 2), 
a detailed explanation of our system (Section 3), evaluation (Section 4), 
limitations (Section 5), and conclusion (Section 6).

2. Related work

Laban Movement Analysis (LMA), originally developed by Rudolf 
Laban for choreography and movement notation, provides a frame-
work for describing human motion through four interrelated compo-
nents [6]. The Body component examines which body parts are active 
and how they interrelate during motion. The Effort component captures 
the dynamic, inner attitude of movement and is decomposed into 
four factors, each on a bipolar continuum: Weight (Light ↔ Strong), 
Space (Indirect ↔ Direct), Time (Sustained ↔ Sudden), and Flow 
(Free ↔ Bound) [18]. The Shape component describes how the body 
changes form, with Shape Qualities expressing directional change along 
three dimensions: Rising/Sinking (vertical), Spreading/Enclosing (hor-
izontal), and Advancing/Retreating (sagittal) [18]. The Space compo-
nent analyzes the mover’s relationship with the surroundings, including 
the Kinesphere—the personal reach-space defined by the limbs around 
the body [6]. These qualitative descriptors form the basis of expres-
sive motion analysis but lack standardized quantitative formulations, 
which motivates task-specific computational interpretations such as 
ours. We mention related works on LMA-based motion adjustments for 
stylization and personalization, as well as IK-based studies on human 
animation.

2 https://github.com/Bilkent-ModVis/LMA-IK
2 
2.1. LMA-based motion adjustments

Studies use LMA-based high-level motion parameters to generate 
and classify expressive motion. LMA Effort and Shape parameters help 
generate more natural synthetic gestures through systematic adjust-
ments [18]. Using LMA-based motion adjustments establishes observ-
able personality cues in animation [7]. Such observable cues help ex-
press different personality factors more accurately with dialogue, voice, 
and facial expressions [16]. LMA-based features ease emotion [19,
20] and personality [8] recognition. Studies use handcrafted mea-
surements to directly calculate LMA qualities from motion data [21]. 
Human motion analysis, which utilizes LMA parameters, reduces the 
dimensionality of motion capture [22], thereby easing semantic seg-
mentation [5]. LMA offers learnable motion parameters that enable the 
application of user-specified styles to motion sequences [2]. LMA Effort 
parameters also apply to animals concerning various psychological 
patterns [23].

LMA parametrization can model interpersonal behavior and group 
dynamics [24] and can help express emotions in humanoid robots [25], 
even only using a robotic arm [26]. Humans can perceive psychological 
attributes in simple motion cues [27], which helps the expressive move-
ment of non-humanoid robots to appear emotional [28]. The perceptual 
consistency of singular LMA components shows mixed results [29]; 
this is likely due to the correlations between LMA factors [13]. Even 
when the motion focuses on a single LMA Effort, observers perceive 
co-occurring qualities together. This phenomenon could enhance the 
effect of LMA-based motion changes; slight alterations in the body 
pose can suggest different emotions [4]. Studies also use proxim-
ity to convey different emotions [30], which can be analyzed using 
the LMA Space category. Analyzing limb trajectories can provide an 
overview of human actions, enabling automatic control of camera 
settings [31]. Gesture qualities such as arm swivel or stroke scale, 
together with language usage, have strong connections to perceived 
extraversion [32].

2.2. IK-based animation

Kinematic methods are used to generate motion. Forward Kinematics
calculates the final state of the model using given parameters; Inverse 
Kinematics (IK) is the opposite; given the final state of the end ef-
fectors, IK solves the parameters to achieve a requested state. There 
are three main approaches to IK: The first uses analytical solutions, 
which involve solving parameters using geometric relations. These 
methods are efficient as they do not require iterative computations. 
However, their applicability is generally limited to a few degrees of 
freedom. Tolani et al. [33] propose an analytical algorithm to solve 
IK problems for a 7-degree-of-freedom chain structured like a human 
limb. Kallmann [34] proposed an analytical IK method with flexible 
body control for animating reaching tasks while preventing collisions. 
Another approach uses numerical methods, such as the Jacobian inverse 
technique, which are flexible and can handle complex structures with 
many degrees of freedom [35]. These approaches iteratively adjust the 
parameters to achieve the desired state. Kang et al. [36] introduce an 
accelerated IK solver that accurately reconstructs skinned 3D models 
by precomputing duplicate terms in the standard IK computations for 
future use. The third approach includes data-driven solutions, where a 
network model learns the required set of joint rotations to achieve the 
desired configuration [37].

Grochow et al. [38] presented an IK pose generation system that 
uses a Scaled Gaussian Process Latent Variable Model to represent 
the probability distribution of poses. The system aims to generate the 
most likely pose that satisfies the given constraints in real-time. Other 
notable deep-learning-based approaches to IK include [39], which at-
tempts to solve the problem for a two-limb kinematic chain in two-
dimensional space; Vats [40]; and Starke [41], which attempt to predict 
angles for a six-degree-of-freedom robot arm. Data-driven systems often 
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use the figure’s base pose to produce plausible results, leveraging full-
body correlations [42]. Additional IK controls to further adjust body 
shape, including spine curvature and shoulder angle, can help achieve 
more expressive stances [43]. Voss and Kopp [44] present a real-time 
IK solver that generates realistic human-like movement by addressing 
the error accumulation and complex joint limit problems using forward 
and inverse kinematics differentiation. Prior work establishes IK-based 
motion stylization using statistical models [38]. LMA-based motion pa-
rameters can control the IK end effectors to adjust dance animations to 
express emotion [45]. Individual body parts can incorporate arbitrary 
motion styles to convey diverse global styles [46]. Unlike existing work, 
our focus is on expressing personality and emotions with the same set 
of parameters rather than an arbitrary style.

Most IK solutions are skeleton-based; however, mesh-based IK sys-
tems, such as [47], also exist. HybrIK-X [48] is a hybrid inverse 
kinematics framework that integrates 3D keypoint estimation with 
body-mesh recovery in a unified manner, yielding accurate 3D joint 
information and a realistic human model structure. MANIKIN [49] is 
a neural inverse kinematics solver predicting accurate physical poses 
for full-body motion tracking by embedding anatomical constraints into 
the model. Moreno-Villamarin et al. [50] propose a generative model 
for synthesizing human motion using sparse training data by adopting 
multi-scale conditional generation and blending, producing a human 
mesh for each frame by exploiting the SMPL body model.

Data-driven animation research is not limited to IK-based solutions; 
studies utilize speech [51,52], music [53], or video [54] inputs to 
drive animations. Physically simulated characters can display diverse 
behaviors [55], and recent models can generate text-driven stylized mo-
tion [56]. Spatial–temporal graphs enable the application of a learned 
motion style to neutral animation samples [57]. Current generative 
models can leverage dense input features to provide fine-grained con-
trol over generated animations [58]; by contrast, we focus on motion 
synthesis using sparse end-effector positions. Studies also focus on 
adaptive techniques to store motion capture data more efficiently [59,
60], where this reduced representation can enable stylistic variation.

3. Method

This study aims to generate continuous dense motion by mapping 
sparse end-effector locations onto IK goals. One primary expectation is 
the realism and continuity of the generated movement, ensuring that 
gaps between given sparse input are filled realistically. Another critical 
objective is the accurate positioning of end effectors at their intended 
locations, fulfilling the IK targets. Furthermore, the generated motion 
must align with the specified LMA-based style descriptors.

Fig.  1 demonstrates the workflow, organized into two layers, each 
addressing the above-mentioned expectations. The initial layer maps 
sparse input end-effector positions to dense end-effector positions while 
obeying LMA-based style descriptors and preserving realism, using 
a Conditional Variational Autoencoder (CVAE) decoder named Inter-
polator. The second layer uses a Long Short-term Memory (LSTM)- 
based recurrent neural network, Synthesizer, to map dense end-effector 
positions to human motion. This model focuses on the realism of 
the motion, IK goals, and compliance with given LMA-based style 
descriptors.

3.1. Architecture

The two stages serve distinct roles, motivating different architec-
tural choices. The Interpolator maps sparse boundary keyframes and a 
target style descriptor to a dense trajectory. We adopt a Conditional 
Variational Autoencoder for this stage: the variational autoencoder 
provides a generative model rather than a deterministic mapping, 
which is appropriate because the same sparse boundary conditions 
can correspond to many plausible dense trajectories. The conditional 
formulation then lets us inject the boundary end-effector positions and 
3 
Fig. 1. The two-layer workflow of the proposed approach: first layer: filling 
the gaps between sparse input, second layer: mapping end-effector positions 
to human motion.

Fig. 2. The proposed CVAE architecture, designed to recreate dense end-
effector sequences with conditions of initial and final end-effector positions 
with LMA-based style descriptors.

the LMA-based style descriptors as inputs that shape generation, so that 
the Interpolator does not merely produce some plausible trajectory but 
one consistent with the requested boundaries and style. The Synthe-
sizer, by contrast, performs a sequence-to-sequence mapping along an 
already-specified trajectory; pose at any frame needs to be consistent 
with its near neighbors but not with frames at the opposite end of 
the window, since long-range temporal context is already encoded in 
the trajectory provided by the Interpolator. An LSTM captures this lo-
cal temporal dependency efficiently, and attention-based architectures 
such as Transformers would not provide additional benefit given the 
local temporal scope at this stage.

The Interpolator model utilizes a CVAE and uses its decoder to gen-
erate a sequence of end-effector positions based on the conditions of the 
initial and final end-effector positions and LMA-based style descriptors. 
Fig.  2 depicts the proposed architecture. The following configuration is 
used in order to recreate 50 frames of a motion sequence. The encoder 
and decoder use a single-layer LSTM network with a hidden state 
dimension of 512, augmented by dedicated linear layers for input and 
output mapping, and a latent space dimension of 64. The exact input 
and output dimensions can vary based on the skeleton configuration.

The Synthesizer generates full-body joint angles for a motion se-
quence using given dense end-effector positions and additional LMA-
based style descriptors. It utilizes recurrent networks to capture the 
temporal nature of motion. Fig.  3 illustrates the proposed architecture. 
Specifically, the model employs a single-layer LSTM network with a 
hidden state dimension of 128 and a dense network with three layers 
of 512 nodes each. The input is fed to the model by concatenating 
the dense end-effector positions with the specified LMA-based style 
descriptors. The output is in 6D rotation representation [61], and the 
output dimension varies depending on skeletal configurations.

A common concern with CVAE-based generation is posterior col-
lapse, in which the decoder ignores the latent variable, leading to a 
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Fig. 3. The proposed Synthesizer architecture, designed to synthesize full-
body motion using given dense end-effector positions and LMA-based style 
descriptors.

Fig. 4. Summary of the effect of defined style descriptors on final motion 
generation.

loss of output diversity. We mitigate this in both the Interpolator and 
the Synthesizer by employing cyclical 𝛽-annealing on the KL term [62], 
which prevents the KL loss from prematurely dominating the objective 
and forcing the latent towards an uninformative prior. The strong 
conditioning on boundary end-effector positions and style descriptors 
further reduces the risk that the decoder will ignore its inputs.

3.2. Style descriptors

Four style descriptors, V  (vertical), H (horizontal), P(pace), and 
R(regularity), were determined, inspired by LMA Shape and Effort pa-
rameters Weight, Space, Time, and Flow, as in Aristidou et al. [6]. Fig. 
4 illustrates the effects of the style descriptors on motion generation. 
Each descriptor maps a motion sequence (in terms of joint positions or 
angles) to a real number. V  represents the changes in the longitudinal 
axis. High V  attracts the body upwards, resulting in a rising posture, 
while Low V  results in a downward, sinking posture. H  represents the 
changes in the frontal axis; High H  results in a spreading posture while 
Low H  represents an enclosing posture. P represents the changes in 
Time Effort; High P represents Sudden Time while Low P represents 
Sustained Time. R is inspired by the Flow Effort; High R corresponds 
to Free Flow and Low R represents Bound Flow.

General Notation: Let 𝑃𝑗 (𝑡) denote the 3D position vector of joint 
𝑗 at time 𝑡. Let 𝐽 be the set of all joints, and 𝑁𝐽  be the total number of 
joints. Let 𝑇  be the total number of time steps (frames) in the motion 
sequence.

3.2.1. V  descriptor
This descriptor quantifies the average angular configuration across 

11 key joint triplets. Let 𝐴(𝑃𝑗1 , 𝑃𝑗2 , 𝑃𝑗3 ) be the angle (in radians) formed 
by the triplet of joints 𝑗1, 𝑗2, 𝑗3 with 𝑗2 as the center joint. Specifically, 
for vectors 𝐯 = 𝑃 −𝑃  and 𝐯 = 𝑃 −𝑃 , the angle is arccos

(

𝐯1⋅𝐯2
)

. 
1 𝑗3 𝑗2 2 𝑗1 𝑗2 ‖𝐯1‖‖𝐯2‖

4 
 
(a) 

 

(b) 

Fig. 5. (a) Visual breakdown of the skeletal structure and (b) comparison of 
the generated low (blue) and high (red) V  style descriptor poses.

Let 𝐾V  be the set of the 11 specified joint triplets.

V = 1
𝑇 ⋅ |𝐾V |

𝑇
∑

𝑡=1

∑

(𝑗1 ,𝑗2 ,𝑗3)∈𝐾V

𝐴(𝑃𝑗1 (𝑡), 𝑃𝑗2 (𝑡), 𝑃𝑗3 (𝑡)).

The triplets are listed below, with their corresponding joint numbers 
from Fig.  5(a) shown in parentheses.

1. Left hand (11), Left lower arm (10), Left upper arm (9),
2. Right hand (16), Right lower arm (15), Right upper arm (14),
3. Left foot (25), Left lower leg (24), Left upper leg (23),
4. Right foot (20), Right lower leg (19), Right upper leg (18),
5. Head (6), Neck (5), Spine (3),
6. Chest (4), Spine (3), Hips (1),
7. Left lower arm (10), Left upper arm (9), Left shoulder (8),
8. Right lower arm (15), Right upper arm (14), Right shoulder (13),
9. Left hand (11), Hips (1), Right hand (16),
10. Left upper arm (9), Hips (1), Right upper arm (14), and
11. Left foot (25), Hips (1), Right foot (20).

The effect of the V  style descriptor is shown in Fig.  5(b). A high V
value raises the body in the longitudinal axis, while a low value lowers 
it. Raised postures with elevated chest and lengthened torso have 
been linked to happiness [4] and extraversion [32], while shortened, 
dropped postures have been linked to sadness [4], motivating V  as a 
candidate descriptor for personality and emotion control.

3.2.2. H  descriptor
This descriptor quantifies the average spatial extent of the body by 

computing L2 distances between 13 specific joint pairs. While tradi-
tional LMA distinguishes between the lateral (side-to-side) and sagittal 
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Fig. 6. Comparison of the generated low (blue) and high (red) H  style 
descriptor poses.

(forward-and-back) dimensions of the horizontal plane, our formulation 
calculates the 3D Euclidean distance between opposing limbs. This 
effectively captures the overall volumetric expansion or contraction of 
the body’s posture. Let 𝐷(𝑃𝑗1 , 𝑃𝑗2 ) denote the L2 (Euclidean) distance 
between joints 𝑗1 and 𝑗2, i.e., ‖𝑃𝑗1 − 𝑃𝑗2‖. Let 𝐾H  be the set of the 13 
specified joint pairs.

H = 1
𝑇 ⋅ |𝐾H |

𝑇
∑

𝑡=1

∑

(𝑗1 ,𝑗2)∈𝐾H

𝐷(𝑃𝑗1 (𝑡), 𝑃𝑗2 (𝑡))

The pairs are as follows, with their corresponding joint numbers from 
Fig.  5a shown in parentheses.

1. Left hand (11), Right hand (16),
2. Left lower arm (10), Right lower arm (15),
3. Left upper arm (9), Right upper arm (14),
4. Left foot (25), Right foot (20),
5. Left lower leg (24), Right lower leg (19),
6. Left upper leg (23), Right upper leg (18),
7. Head (6), Left hand (11),
8. Head (6), Right hand (16),
9. Hips (1), Head (6),
10. Hips (1), Left hand (11),
11. Hips (1), Right hand (16),
12. Left lower arm (10), Right hand (16), and
13. Right lower arm (15), Left hand (11).

Fig.  6 illustrates the effects of varying the H  style descriptor. A 
higher H  value produces a wider body layout along the frontal axis, 
whereas a lower value yields a more compact posture. Wider, spreading 
body layouts have been linked to happiness [4] and to extraversion 
through broad gestures and outward orientation [7,32], motivating H
as a control parameter for both personality and emotion expression.

3.2.3. P descriptor
This descriptor quantifies the overall pace and tempo of the move-

ment by computing the average speed for every individual joint. Let 
𝑉𝑗 (𝑡) = ‖𝑃𝑗 (𝑡)−𝑃𝑗 (𝑡 − 1)‖ be the speed (L2 norm of displacement) of 
joint 𝑗 at time 𝑡. For 𝑡 = 1, 𝑃𝑗 (0) is typically taken as 𝑃𝑗 (1) or the speed 
is set to zero for that initial frame.

P = 1
𝑇 ⋅𝑁𝐽

𝑇
∑

𝑡=1

∑

𝑗∈𝐽
𝑉𝑗 (𝑡).

Fig.  7 illustrates how varying the P style descriptor primarily 
affects the speed of motion in the active limbs, while the rest of the 
5 
Fig. 7. Comparison of the generated low (blue) and high (red) P style 
descriptor poses.

body remains relatively stable. As the P value increases, the end-
effectors move faster and cover a larger range of motion. Conversely, 
lower values result in slower and more restricted movements. Faster 
movement has been associated with higher extraversion and neuroti-
cism in prior work [7,32], and is also among the most reliably perceived 
motion qualities [13], motivating P as a stylization parameter for 
personality control.

3.2.4. R descriptor
This descriptor is associated with the geodesic distance between the 

predicted and ground-truth joint rotations. It quantifies how accurately 
and consistently the predicted joint rotations match the true rotations.

Let 𝑅𝑝𝑟𝑒𝑑
𝑗 (𝑡) be the predicted 3×3 rotation matrix for joint 𝑗 at time 𝑡. 

Let 𝑅𝑔𝑡
𝑗 (𝑡) be the ground truth 3×3 rotation matrix for joint 𝑗 at time 𝑡. 

The geodesic distance 𝑑𝑔𝑒𝑜(𝑀1,𝑀2) between two rotation matrices 𝑀1
and 𝑀2 is defined as [63]:

𝑑𝑔𝑒𝑜(𝑀1,𝑀2) = cos−1
(

tr(𝑀1𝑀𝑇
2 ) − 1

2

)

.

To capture the standard deviation over the 𝐽 dimension for each 
time step 𝑡, we first define the mean geodesic difference at time 𝑡 as

𝜇𝐽 (𝑡) =
1
𝑁𝐽

∑

𝑗∈𝐽
𝑑𝑔𝑒𝑜(𝑅

𝑝𝑟𝑒𝑑
𝑗 (𝑡), 𝑅𝑔𝑡

𝑗 (𝑡)).

The standard deviation for joint differences at time 𝑡 is then

𝜎𝐽 (𝑡) =
√

1
𝑁𝐽

∑

𝑗∈𝐽

(

𝑑𝑔𝑒𝑜(𝑅
𝑝𝑟𝑒𝑑
𝑗 (𝑡), 𝑅𝑔𝑡

𝑗 (𝑡)) − 𝜇𝐽 (𝑡)
)2

.

The updated R descriptor, incorporating this variability, is

R = 1
𝑇 ⋅𝑁𝐽

𝑇
∑

𝑡=1

∑

𝑗∈𝐽
𝑑𝑔𝑒𝑜(𝑅

𝑝𝑟𝑒𝑑
𝑗 (𝑡), 𝑅𝑔𝑡

𝑗 (𝑡)) + 𝜆 1
𝑇

𝑇
∑

𝑡=1
𝜎𝐽 (𝑡),

where 𝜆 is a hyperparameter balancing the contribution of the average 
difference and its joint-wise variability and is empirically determined 
as 𝜆 = 1. The comparison of motions generated with lower and higher 
values of the R descriptor is shown in Fig.  8. Higher R values lead to 
poses that deviate from those in the dataset, resulting in more fluid, less 
constrained movements. In contrast, lower R values yield poses that 
closely resemble those found in the dataset. Unlike the previous three 
descriptors, R does not have a clean precedent in prior body-expression 
literature; it functions as an exploratory data-driven control over how 
closely generated poses follow the training data, with its perceptual 
correlates established empirically in Section 4.
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Fig. 8. Comparison of the generated low (blue) and high (red) R style 
descriptor poses.

Fig. 9. The Interpolator training diagram: colors other than yellow (KL di-
vergence loss) indicate a Mean Squared Error (MSE) loss between the same 
colored variables.

Fig. 10. The Synthesizer training diagram: yellow indicates geodesic distance 
loss, orange indicates MSE loss, and purple indicates L1 loss.

3.3. Loss functions

Our system employs two distinct neural architectures with spe-
cialized loss functions: Interpolator for trajectory interpolation and a
Synthesizer for inverse kinematics-based pose generation. Both models 
are trained on motion databases consisting of Biovision Hierarchy 
(BVH) files, with each database producing a model trained on a nor-
malized skeleton specific to that dataset. Figs.  9 and 10 show the 
Interpolator and Synthesizer training diagrams, respectively.

3.3.1. Interpolator loss
Interpolator operates on 3D end effector position trajectories and 

uses cyclical beta annealing for improved latent space regularization. 
The training process extracts data from motion sequences, including

• 𝑃𝑠𝑒𝑞 , the 3D site positions across the sequence, and
• 𝐶𝑠𝑡𝑦𝑙𝑒, the LMA-based style descriptors including V , H , and P
parameters normalized to [0, 1].
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Table 1
Final Synthesizer training and validation losses.
 Split L𝑡𝑜𝑡𝑎𝑙 L𝐼𝐾 L𝑆𝑖𝑚 LV LH LP LR  
 Train 0.9638 0.000585 0.0766 0.0007 0.0009 0.0270 0.0409 
 Valid 0.8447 0.000555 0.0734 0.0007 0.0010 0.0093 0.0165 

The Interpolator generates reconstructed sequences 𝑃𝑟𝑒𝑐𝑜𝑛 and latent 
parameters 𝜇 and 𝜎. The total loss is calculated as

L𝐶𝑉 𝐴𝐸 = 𝜆𝑟𝑒𝑐𝑜𝑛L𝑟𝑒𝑐𝑜𝑛 + 𝛽(𝑡)L𝐾𝐿𝐷,

where,

• Reconstruction Loss, L𝑟𝑒𝑐𝑜𝑛, uses MSE between reconstructed and 
target sequences, with additional emphasis on start and end frame 
accuracy: L𝑟𝑒𝑐𝑜𝑛+10L𝑠𝑡𝑎𝑟𝑡+10L𝑒𝑛𝑑 ,

• KL Divergence Loss, L𝐾𝐿𝐷, enforces a smooth latent space distri-
bution, and

• 𝛽(𝑡) implements cyclical annealing [62], varying between 0.0 and 
0.01 over training cycles to balance reconstruction fidelity and 
latent space regularity.

After training for 800 epochs, the Interpolator converged with a 
final reconstruction loss of 0.0106 and a KL divergence loss of 1.9811 
on the training set, while the corresponding validation losses were 
0.0128 and 1.9827, respectively. These results indicate that the model 
achieved accurate trajectory reconstruction with well-regularized latent 
representations.

3.3.2. Synthesizer loss
The Synthesizer performs inverse kinematics by predicting joint ro-

tations from 3D trajectory constraints and LMA-based style conditions. 
During training, the system extracts the following:

• 𝑃𝑠𝑖𝑡𝑒𝑠, the mean-centered 3D positions of specific body sites,
• 𝛩𝑡𝑎𝑟𝑔𝑒𝑡, target joint rotations as 6D rotation representations [61], 
and

• 𝐶𝐿𝑎𝑏𝑎𝑛 = [V ,H ,P ,R], LMA-based style descriptors.

The synthesizer generates 𝛩𝑝𝑟𝑒𝑑 , which, through forward kinemat-
ics, produces 𝑃𝑟𝑒𝑐𝑜𝑛 and derived LMA-based style descriptors. The com-
prehensive loss function is

L𝑠𝑦𝑛𝑡ℎ = 𝜆𝐼𝐾L𝐼𝐾 + 𝜆𝑠𝑦𝑛𝑡ℎL𝑠𝑦𝑛𝑡ℎ +
∑

𝑖∈{V ,H ,P,R}
𝜆𝑖L𝑖.

The individual loss components are as follows.

• Inverse Kinematics Loss, L𝐼𝐾 , ensures generated end-effector posi-
tions match target trajectories using MSE between mean-centered 
site positions.

• Angular Similarity Loss, L𝑠𝑦𝑛𝑡ℎ, employs geodesic distance [63] to 
measure rotational differences between predicted and target joint 
angles.

• V , H , P, R Losses LV , LH , LP , and LR are L1 losses 
between computed and target style descriptor values.

The loss weights are empirically determined: 𝜆𝐼𝐾 = 40.0, 𝜆𝑠𝑦𝑛𝑡ℎ =
1.0, 𝜆𝑊 = 1.0, 𝜆𝑆 = 1.0, 𝜆𝑇 = 1.0, and 𝜆𝐹 = 2.0. During training, noise 
is injected into V  and H  style descriptor values (±0.2 uniform noise) 
while R style descriptor values are randomized to improve generaliza-
tion. Both models employ AdamW  [64] optimization with learning rate 
scheduling via ReduceLROnPlateau [65] for stable convergence. Table  1 
summarizes the final training and validation losses for each component 
of the Synthesizer, demonstrating consistent convergence across inverse 
kinematics, angular similarity, and style descriptor terms.
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3.4. Motion generation

The motion generation system operates through a two-stage pipeline 
that transforms user-specified 3D trajectory constraints and LMA-based 
style descriptors into full-body motion sequences. This system separates 
trajectory interpolation from pose synthesis, enabling more precise 
control over the spatial and stylistic aspects of the generated motion.

3.4.1. Trajectory interpolation
The first stage employs the trained Interpolator to generate smooth 

trajectory sequences between user-defined keyframes. Users specify 
sparse trajectory points for the four body sites (hands and feet), and 
the system generates complete trajectory sequences of 50 frames. The 
interpolation process operates recursively for longer sequences. Given 
start and end poses, the Interpolator generates intermediate trajectory 
segments, where each segment’s end pose becomes the start pose for 
the subsequent segment. This chunked generation approach maintains 
temporal consistency across extended motion sequences while respect-
ing the model’s fixed sequence length constraint. During generation, 
LMA-based style descriptors are incorporated directly into the CVAE 
decoder.

3.4.2. Pose synthesis
The second stage transforms the interpolated 3D trajectories into 

full-body pose sequences using the trained Synthesizer. This inverse 
kinematics approach takes the generated site trajectories and produces 
joint rotations that satisfy both kinematic constraints and LMA-based 
style descriptors. The synthesis process operates frame-by-frame, si-
multaneously predicting 6D rotation representations for all joints. The 
input consists of mean-centered site positions (to achieve translation 
invariance) concatenated with the four LMA condition parameters. 
The LSTM-based architecture processes the entire sequence, ensuring 
temporal consistency in the generated poses.

Root translation is handled through a two-step process. First, the
Synthesizer operates on normalized input data to remove global trans-
lation, primarily predicting relative joint rotations. Initially, joint posi-
tions are computed assuming the root joint remains at a fixed origin. 
Input end-effector positions are utilized to re-establish the global tra-
jectory. The mean global position of input end-effector positions is 
compared to that of generated end-effector positions. The difference 
between these two mean paths yields the necessary absolute root trans-
lation correction for each frame, which is then applied to all generated 
joint positions, thus aligning the entire synthesized skeleton with the 
global path of the input.

The absolute root translation for each frame 𝑡, denoted as 𝑇root(𝑡), is 
calculated as

𝑇root(𝑡) =

(

1
|𝑆|

∑

𝑠∈𝑆
𝑃 input𝑠 (𝑡)

)

−

(

1
|𝑆|

∑

𝑠∈𝑆
𝑃 generated𝑠 (𝑡)

)

,

where 𝑃 input𝑠 (𝑡) is the absolute position of the end effector joint 𝑠 from 
the input trajectory at time 𝑡, 𝑃 generated𝑠 (𝑡) is the position of end effector 
joint 𝑠 computed by forward kinematics (assuming a fixed root at the 
origin) at time 𝑡, and 𝑆 is the set of end effectors. The final absolute 
world position 𝑃 final𝑗 (𝑡) for any joint 𝑗 at time 𝑡 is then

𝑃 final𝑗 (𝑡) = 𝑃 generated𝑗 (𝑡) + 𝑇root(𝑡).

3.5. Quantitative evaluation

We employ Fréchet Inception Distance (FID) [14] adapted for mo-
tion data to quantitatively assess the quality and diversity of our 
generated motion.
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Table 2
FID scores comparing generated and real motion samples. Lower values 
indicate greater similarity to real motion, while higher values indicate greater 
deviation.
 Category FID score Samples 
 Overall 29.67 32  
 H 27.49 8  
 P 28.47 8  
 V 40.86 8  
 R 70.78 8  

3.5.1. Motion embedding
We train a Variational Autoencoder (VAE) to learn a compact, style-

preserving embedding space for motion sequences. The encoder maps 
motion sequences to a 256-dimensional latent space, serving as our 
feature representation for calculating the FID.

The VAE operates on joint angles in 6D rotation representation [61]. 
The encoder uses an LSTM (512 hidden units) to output latent distribu-
tion parameters 𝜇, log 𝜎2. The decoder reconstructs motions from latent 
distribution samples 𝑧 ∼ N (𝜇, 𝜎2).

The training is also conducted on the LMA Effort Database [13] with 
loss L = Lrecon + 𝛽 ⋅ LKLD, where Lrecon is geodesic loss and LKLD
is KL divergence. We employ cyclical 𝛽-annealing [62] (10 cycles, 𝛽: 
0.0 → 0.01) to prevent posterior collapse. After 200 epochs, the model 
achieves a validation loss of 19.28 radians (≈1.1◦ per joint) with a 
stable KLD of 495.89.

3.5.2. Fréchet Inception Distance (FID)
For each motion, we extract 50-frame windows (with a stride of 

25) and average their embeddings. Given real embeddings {𝐫𝑖} and 
generated embeddings {𝐠𝑗}, we calculate FID as:

FID = ‖𝜇𝑟 − 𝜇𝑔‖
2
2 + Tr

(

𝛴𝑟 + 𝛴𝑔 − 2
(

𝛴𝑟𝛴𝑔
)1∕2

)

,

where 𝜇 and 𝛴 are sample means and covariances.
Table  2 shows FID scores based on 141 real and 32 generated 

samples used in our study. Our model achieves an overall FID of 29.67, 
suggesting that the generated samples resemble real motions in the 
embedding space, with some variance. Lower FID scores for H  (27.49) 
and P (28.47) indicate that generated motions in these categories 
exhibit both realistic kinematics and sufficient variability. In contrast, 
V  (40.86) and especially R (70.78) suggest larger discrepancies from 
real data, likely due to exaggerated styling, which is related to the 
types of losses used for each descriptor. These results highlight potential 
directions for improvement; furthermore, given the relatively small 
sample size (32 generated sequences), the reported FIDs should be 
interpreted as indicative rather than absolute measures of distributional 
similarity.

3.6. Inference performance

We profiled the inference latency of the trained models on a pas-
sively cooled MacBook Air (Apple M4). Per-call latencies for the Inter-
polator, the Synthesizer, and the end-to-end pipeline are summarized 
in Table  3. The end-to-end pipeline averages 11.2 ms (p95: 13.0 ms), 
corresponding to approximately 90 Hz on this hardware, which is com-
fortably within typical motion-synthesis budgets for live VR scenarios 
where end-effector keyframes are streamed from positional trackers.

4. User study

4.1. Stimuli

We generate the stimuli for our user study using four motion-
capture categories: walk, wave, sit, and put. The selected animations 
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Table 3
Inference latency of the proposed pipeline on a passively-cooled MacBook Air 
(Apple M4).
 Stage No. of Mean p95 Frame rate 
 parameters (ms) (ms) (fps)  
 Interpolator 3.30 million 5.9 7.7 169  
 Synthesizer 5.62 million 6.6 7.2 151  
 End-to-end pipeline – 11.2 13.0 90  

Table 4
Survey questions used in the evaluation.
 No. Dimension Traits  
 Q1 Extraversion Extraverted, enthusiastic  
 Q2 Agreeablenessa Critical, quarrelsome  
 Q3 Conscientiousness Dependable, self-disciplined 
 Q4 Emotional stabilitya Anxious, easily upset  
 Q5 Openness Critical, quarrelsome  
 Q6 Extraversiona Reserved, quiet  
 Q7 Agreeableness Sympathetic, warm  
 Q8 Conscientiousnessa Disorganized, careless  
 Q9 Emotional stability Calm, emotionally stable  
 Q10 Opennessa Conventional, uncreative  
 Q11 Happiness Happy  
 Q12 Sadness Sad  
 Q13 Fear Afraid  
 Q14 Disgust Disgusted  
 Q15 Anger Angry  
 Q16 Surprise Surprised  
 Q17 Human likeness Human like, realistic  
a The dimensions are reverse-scored.

involve active hand and leg movements with room for personality-
related changes. Each sample produces eight alternatives, two polarities 
(low and high) for each of the style descriptors V , H , P, and R. 
We compare opposing polarities; four tasks per style descriptor yield 
16 tasks in total. We focus on individual style changes to limit the 
resulting output combinations to manageable amounts. For example, 
we input the same base animation to synthesize versions with high and 
low V , which are compared for personality and emotional expression. 
The generated animations are rendered using stick figures [66].

4.2. Design

We designed an online user study3 to compare our system outputs 
regarding personality and emotion. We kept the tasks simple so that 
participants could focus better on the subject without fatigue. Each task 
displays a stimulus pair in a loop and includes 17 questions (see Table 
4) that compare the two animations. The animations are rendered in 
real time using the same skeleton, and the participants can manage 
the orbiting camera around each figure. The left–right placement of the 
high and low samples is randomized for each task.

We use the Ten-Item Personality Inventory (TIPI) [67] to compare 
the high and low versions of personality expression. We also compare 
the output samples with respect to the six universal emotions [68] 
and human likeness. Participants can view and change their answers 
before submitting, but they cannot return to a previously submitted 
task. We randomized the order of appearance of the focused style 
descriptors. We did not inform the participants of the changes made 
to the animations.

A screenshot from the user study is included in Fig.  11. We have 
included the survey questions in a scrollable division, allowing partic-
ipants to easily view the samples while answering the questions. Each 
participant answers the 17 questions in 16 tasks (4 motion styles ×

3 Bilkent University, Ethics Committee for Research Projects Involving 
Human Participants approved the user study with Decision Number 622 at 
the meeting İAEK_2024_12_06_01.
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Fig. 11. The user study screenshot comparing altered versions of the same in-
put animation: 17 questions measure the psychological motion attributes, and 
one additional question per sample measures the perceived human likeness.

4 style descriptor pairs compared) before being directed to the comple-
tion page. The average time to complete the experiment was 26 min.

We map the user answers for each question to a 3-point Likert scale 
where low (−1), equal (0), and high (1) choices are represented. If the 
changes due to a specific style descriptor influence a measured aspect, 
we expect a significant preference for that sample. For example, if 
the High V  sample represents extraverted traits, most participants will 
choose that sample for the high extraversion question. TIPI includes 
two questions for each personality factor: one measures the trait di-
rectly, and the other measures it inversely. We expect the choices for 
these reversed questions to correspond to opposing polarities when a 
certain descriptor significantly alters the perception of the related trait.

4.3. Demographics

We recruited participants from Cloud Research’s crowd-sourcing 
platform Connect; 31 unique participants (18 female, 13 male) con-
tributed to our study. We did not have any age, education, or em-
ployment restrictions, as our study relied on the general perception of 
common traits among individuals. The only precondition was fluency 
in English, the language of the study questions. We did not require 
participants to have any prior experience with computer animation. 
The average participant age was 37.38 ± 9.18. The participants were 
from diverse countries, including 17 from North America, 10 from 
Europe, and 4 from Africa.

4.4. Analysis

4.4.1. Style descriptor effects
Fig.  12 depicts the number of participants’ low, equal, and high 

choices per question for each style descriptor’s effect on different 
motion types. We generally observe that the type of motion has a 
minimal effect on user response, with the primary effect arising from 
the style descriptor. However, in certain cases, such as V −𝑄3, specific 
motion styles yield a different perception. For example, the effect of the 
style descriptor V  for the sitting motion is reversed in this case. The 
figure also depicts the human-likeness scores on a 5-point Likert scale 
for the low and high variants. We generally observe a similar effect on 
realism except for V .

We utilize Intraclass Correlation Coefficients (ICC) to measure the 
agreement of participant answers in Table  5. 𝐼𝐶𝐶 > .4 is generally 
considered a fair inter-rater agreement, and 𝐼𝐶𝐶 > .75 is excellent. 
Small, negative ICC values indicate no agreement between the user 
choices for that specific question and style descriptor combination. 
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Fig. 12. Histogram plots of the user answers per question (Q1–17) and style descriptor combination for each motion style, including human-likeness measures 
for Low and High polarities on a 5-point Likert scale (5: Excellent, 1: Poor).
Table 5
Intraclass Correlation Coefficient (ICC) and the corresponding p-values for 
each question and style descriptor effect, measuring the agreement of the 
participant choices for different motion types. gray  cells indicate 𝑝 < 0.05

and dark-gray  cells indicate 𝐼𝐶𝐶 > 0.75.
No. V𝐼𝐶𝐶 V𝜌 H𝐼𝐶𝐶 H 𝜌 P𝐼𝐶𝐶 P𝜌 R𝐼𝐶𝐶 R𝜌

Q1 −.733 .631 .840 .001 −.251 .722 .025 .385
Q2 .906 .001 −.065 .806 .894 .001 .783 .005
Q3 .961 .001 .660 .037 .889 .001 .870 .001
Q4 .920 .001 .857 .001 .897 .001 .831 .001
Q5 .759 .008 .450 .150 .638 .046 .344 .213
Q6 .872 .001 .448 .150 .848 .001 .115 .341
Q7 .923 .001 .575 .077 .724 .016 .362 .203
Q8 .916 .001 −.347 .530 .655 .039 .774 .006
Q9 .962 .001 .331 .221 .764 .007 .853 .001
Q10 −.217 .485 −.042 .415 −.414 .830 −.404 .742
Q11 −.031 .411 .813 .002 .682 .029 .559 .086
Q12 .044 .376 .880 .001 .537 .098 −.530 .909
Q13 .791 .004 .577 .076 .712 .019 −.935 .894
Q14 .845 .001 .540 .097 .764 .007 .735 .013
Q15 .914 .001 .118 .340 .747 .011 .726 .015
Q16 .912 .001 −.295 .512 .645 .043 .126 .335
Q17 .956 .001 .658 .038 .886 .001 .671 .033

In this case, either the style descriptor does not affect the measured 
aspect or results in different interpretations. Since we focus on the more 
universal effect, we consider only cases where 𝐼𝐶𝐶 > .4.

We mainly observe that participants mostly agree on the effect of V
and P. H  and R received more indecisive answers. The personality-
related questions show greater agreement than the emotion-related 
ones. The reverse scored openness question (Q10) received the least 
overall agreement. On the other hand, the reverse-scored emotional 
stability question (Q4) shows the highest agreement.

We report the T-test results for each question and style descriptor 
in Table  6, grouping answers by motion style. For example, the user 
choices for the style descriptor V  are similar across the different actions 
of walking, waving, sitting, and putting. Therefore, the overall effect 
is clearer when the answers are combined. For each question, we 
compare the answer means to the uniform random distribution, where 
each choice has a 33.3% chance of being selected. To correct for 
False Discovery Rate (FDR), we apply the Benjamini–Hochberg 𝑝-value 
adjustment.

The results suggest that V  mostly influences personality. High V  is 
perceived as high in conscientiousness, agreeableness, and emotional 
stability, and low in extraversion. H  influences both personality and 
emotion perception. High H  is perceived as high in extraversion and 
openness, and low in conscientiousness. It is also perceived as high 
9 
Table 6
T-test results per style descriptor and question comparing the answers 
to uniform randomness. We display the Benjamini–Hochberg adjusted p-
values; dark-gray  cells indicate 𝑝 < 0.05. The gray  cells were previously 
significant but were dropped after adjustment. The dashed cells are 
ignored because 𝐼𝐶𝐶 < .4. 𝛥 shows the mean of the distribution; a value 
close to 1 represents a choice towards the high variant, and vice versa.
No. V𝛥 V𝜌 H𝛥 H𝜌 P𝛥 P𝜌 R𝛥 R𝜌

Q1 – – 0.45 .001 – – – –
Q2 −0.12 .453 – – 0.05 .601 0.34 .003
Q3 0.27 .036 −0.27 .010 0.05 .601 −0.34 .003
Q4 −0.22 .104 0.02 .813 −0.22 .072 0.23 .045
Q5 −0.06 .581 0.22 .036 0.30 .007 – –
Q6 0.38 .006 −0.48 .001 −0.45 .001 – –
Q7 0.22 .100 −0.12 .263 0.12 .351 – –
Q8 −0.27 .036 – – 0.10 .435 0.40 .001
Q9 0.29 .036 – – 0.05 .601 −0.34 .003
Q10 – – – – – – – –
Q11 – – 0.38 .001 0.30 .007 −0.09 .545
Q12 – – −0.38 .001 −0.30 .007 – –
Q13 0.02 .817 −0.23 .030 −0.34 .003 – –
Q14 −0.06 .581 0.03 .788 −0.05 .601 0.22 .039
Q15 −0.19 .153 – – 0.05 .601 0.16 .136
Q16 −0.14 .293 – – 0.16 .175 – –
Q17 0.09 .526 0.03 .788 0.16 .196 −0.30 .004

in happiness and low in sadness and fear. P has a similar effect on 
the measurements. High P is associated with high emotional stability, 
openness, and extraversion, as well as high happiness and low sadness 
and fear. High R is associated with low agreeableness, conscientious-
ness, and emotional stability. It is also perceived as high disgust. The 
only style descriptor that causes a significant difference for human 
likeness is R. A high R is perceived as having low human likeness.

We report ANOVA statistics that compare the effect due to different 
motion styles for each question and style descriptor in Table  7, for cases 
where 𝑝 < 0.05. For each case, we also report the individual means for 
each motion style. We label these cases based on the highlighted motion 
style, indicating they differ significantly from a random distribution. 
We label the cases where different motion styles agree as same. If 
disagreement exists for at least one motion style, we use the label
inverse, which means at least two significant means have the inverse 
sign. We exclude cases where there is only one significant motion style.

The cases labeled with same do not negatively impact the overall 
effect. In such cases, the difference in means is likely due to differences 
in range of motion across motion categories. For example, in the case of
Q1-H , sitting and putting motions give less freedom to the model, so 
these two motion styles result in less difference. In contrast, the walking 
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Table 7
ANOVA statistics of the cases with 𝑝 < 0.05. We report the mean distribu-
tions for each motion style. The highlighted motion styles significantly 
differ from random choice (𝑇 − 𝑡𝑒𝑠𝑡𝑝 < 0.05). We label the cases as same
when the means agree, inverse when they disagree.

Case F 𝜌 𝛥𝑊 𝑎𝑙𝑘 𝛥𝑊 𝑎𝑣𝑒 𝛥𝑆𝑖𝑡 𝛥𝑃𝑢𝑡 Label
Q1-H 4.002 .009 0.69 0.59 0.22 0.28 Same
Q2-V 10.594 .001 −0.38 −0.19 0.53 −0.44 Inverse
Q2-R 5.071 .002 0.56 0.50 −0.03 0.31 Same
Q3-V 26.964 .001 0.81 0.28 −0.53 0.53 Inverse
Q3-R 7.137 .001 −0.56 −0.56 0.09 −0.31 Same
Q4-V 12.750 .001 −0.69 0.03 0.31 −0.53 Same
Q5-P 2.793 .043 0.09 0.47 0.16 0.47 Same
Q6-V 7.531 .001 0.56 0.59 −0.19 0.53 Same
Q6-P 6.581 .001 −0.81 −0.59 −0.09 −0.28 Same
Q7-V 13.507 .001 0.62 0.28 −0.41 0.38 Inverse
Q8-V 13.070 .001 −0.72 −0.34 0.38 −0.41 Same
Q8-R 3.883 .011 0.59 0.50 0.09 0.41 Same
Q9-V 27.901 .001 0.81 0.28 −0.56 0.62 Inverse
Q9-R 5.870 .001 −0.62 −0.56 0.03 −0.22 Same
Q11-H 3.658 .014 0.56 0.56 0.09 0.31 Same
Q12-H 6.190 .001 −0.59 −0.66 −0.16 −0.12 Same
Q15-V 10.074 .001 −0.47 −0.19 0.38 −0.47 Same
Q16-V 10.835 .001 −0.25 −0.44 0.44 −0.31 Inverse
Q17-V 22.772 .001 0.78 −0.22 −0.47 0.25 Inverse
Q17-P 9.223 .001 −0.41 0.41 0.28 0.38 Inverse

Table 8
Measurements affected by style descriptors; the non-
empty cells show the polarity of the parameter 
to achieve high values of that measurement. The 
cells indicating ‘High’ show direct proportion, and 
those indicating ‘Low’ show inverse proportion. The 
highlighted  measurements show the strong effects.
Measurement V H P R

Openness – High High –
Conscientiousness Higha Low – Low
Extraversion Low High High –
Agreeableness – – – Low
Emotional stability Higha – – Low
Happiness – High High –
Sadness – Low Low –
Fear – Low Low –
Disgust – – – High
Human likeness – – – Low

a Cells have an inverse effect on certain motion styles.

motion, in which legs and arms play an active role, enables the model 
to produce a readily perceptible effect.

On the other hand, the cases labeled with inverse require a closer in-
spection, as the corresponding style descriptor causes opposing effects. 
For example, in the case of Q2-V , the vertical adjustments of V  cause 
a high perception for the sitting action while the general trend is in 
the negative direction. This behavior diminishes the overall perception; 
we do not observe a significant effect for Q2-V  in Table  6. However, 
in certain cases, such as Q9-V , the remaining motion styles dominate 
the inverse effect on the sitting action, and a significant effect is still 
observed in the grouped pairwise comparison. While deciding on the 
overall effect of each style descriptor, we mark the significant effects 
with inverse label for future inspection.

4.4.2. Overall effect
Table  8 presents the overall effect of each style descriptor. For 

each measurement, we indicate whether the high or low alternative 
represents the high values of the corresponding trait.

The results suggest that our style descriptors influence different 
perceptual measurements. V  directly correlates with conscientiousness 
and emotional stability and is inversely related to extraversion. This 
style descriptor’s effect on conscientiousness and emotional stability 
is opposite to its effect on sitting motion. This behavior is likely as 
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V  adjusts the general posture in the vertical axis, which could alter 
the semantic meaning of the sitting action. H  directly correlates 
with openness, extraversion, and happiness, and is inversely related to 
conscientiousness, sadness, and fear. The effect of P is very similar to 
H , except that P does not significantly impact conscientiousness, and 
its effect on extraversion is weaker. The impact of R is significantly 
different from that of the remaining style descriptors. R has a direct 
proportion with disgust, and an indirect relation with conscientious-
ness, agreeableness, emotional stability, and human likeness. The effect 
on human likeness is expected, as this style descriptor aims to create 
an animation that deviates from the dataset’s rules.

4.4.3. Discussion
Our results suggest that the proposed model parameters success-

fully distinguish between high and low variants across different affect 
measures. V  influences conscientiousness, extraversion, and emotional 
stability. This style descriptor can be used to alter perceptions of per-
sonality without influencing emotion. However, since this parameter 
primarily adjusts the pose along the vertical axis, certain motion styles, 
such as sitting, yield unexpected results.

The influences of H  and P are very similar. Both influence open-
ness, extraversion, happiness, sadness, and fear perception. H  also 
affects conscientiousness. R affects conscientiousness, agreeableness, 
emotional stability, and disgust. This style descriptor also influences 
human likeness, which can be a side effect of not following regular 
motion. However, it is also possible that creating a strong effect on 
emotional stability requires certain differences in human likeness.

Compared to the literature-based predictions made when the de-
scriptors were introduced, our findings only partially confirm them. 
The associations of H  with extraversion and happiness match prior 
work [4,7,32]. For V , the predicted link between raised posture and 
extraversion [32] inverts: a raised body reads instead as conscientious, 
agreeable, and emotionally stable—likely because our uniform raising 
of the body differs from the prior cue’s outward chest-forward projec-
tion. For P, the extraversion direction matches [7] but the predicted 
link to neuroticism inverts, with high P read as emotionally stable. 
These divergences suggest that the geometric operationalization of a 
qualitative motion property shapes its perceived effects, with prior 
literature offering a useful starting point that empirical evaluation 
refines.

5. Limitations

Our user study was constrained by the number of base animation 
samples available. Future studies could expand the tested animation 
types and the compared variations to test the generalizability of the 
proposed approach. For example, the base animation could be com-
pared separately to the low and high variants. We also did not test 
for different style descriptor combinations to keep the sample count 
manageable. However, the system can generate motion using a mixture 
of different style descriptors. In this case, the effects of each style de-
scriptor are additive, as they use distinct losses. Future work could test 
the influence of different combinations where leveraging data-driven 
methods for human animation assessment can improve the quality of 
the evaluation [69].

Certain users may focus on specific body parts, and their answers 
could be affected by those parts. We deliberately used stick-figure 
rendering in the user study to isolate the perceptual contribution of 
motion itself, avoiding confounding factors such as character body type, 
clothing, and facial features that could otherwise influence personality 
and emotion judgments alongside the motion. Future work can test 
the animations using skinned meshes and use anatomically correct 
deformations to support realism [70]. The body pose can drive finger 
motion to achieve more versatile characters [71]. The current system 
focuses solely on altering the motion style, and since we do not use 
additional constraints for foot contacts or rotation limits, the resulting 
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animations may contain artifacts in these areas. Such constraints are 
orthogonal to motion style and can be composed with our pipeline. 
Future work can elaborate on introducing additional motion constraints 
to better control the output. For example, using contact loss could 
reduce foot sliding.

Our data-driven approach offers high-level parametric control via 
LMA-based descriptors but lacks the explicit, per-joint editability of 
procedural or analytical IK methods. For animators who require fine-
grained pose adjustment, the generated motion can be combined with 
a downstream procedural editing stage.

The descriptor formulation and pipeline are dataset-agnostic: V , 
H , and P are computed directly from joint positions and velocities, 
and our system can, in principle, be retrained on any motion-capture 
dataset. The learned mapping between descriptor values and perceived 
personality and emotion, however, is shaped by the stylistic tendencies 
of the training data. Generalization to motion types under-represented 
in our datasets — particularly highly stylized cultural forms (e.g., spe-
cific dance traditions) or extreme dynamic motions such as athletics 
and combat — is therefore not guaranteed and would require either 
retraining on suitable data or further evaluation.

6. Conclusion

We propose a data-driven solution for IK-based human animation 
that uses LMA-inspired parameters as mediating features to control ap-
parent personality and emotions. Our evaluation suggests the resulting 
system could introduce differences across all personality factors and the 
emotions of happiness, sadness, fear, and disgust. One major drawback 
of earlier procedural approaches was that handcrafted algorithms make 
assumptions about input motion, whereas our data-driven IK-based ap-
proach can utilize animations across different action categories, albeit 
with slightly different effectiveness for certain traits. Another advan-
tage of an IK-based approach is that the system can operate without 
animation input; end effectors can be controlled in real time using po-
sitional tracking. Future work can expand our LMA-inspired parameters 
to introduce more refined control over the generated animations.
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