4714

IEEE TRANSACTIONS ON ARTIFICIAL INTELLIGENCE, VOL. 7, NO. 8, AUGUST 2026

Transfer Learning for Human Motion Prediction:
Improving Accuracy Under Data Scarcity

Marco Casarin
Mattia Guidolin

Abstract—Human motion prediction (HMP) consists of antici-
pating future human poses based on motion history. While recent
approaches achieved strong performance on benchmark datasets,
their applicability to real-world scenarios remains limited due
to the scarcity of context-specific motion data. In this work,
we propose a unified, model-agnostic transfer learning (TL)
framework for HMP to improve prediction accuracy under data-
scarce target domains. The framework leverages pretraining on
a large dataset of generic motions to learn a transferable motion
prior, followed by systematic adaptation to context-specific ac-
tions using different TL techniques. We present a comprehensive
evaluation protocol to characterize prediction accuracy across
multiple representative HMP architectures, target datasets, and
TL strategies and to evaluate training efficiency by introducing
dedicated TL metrics. Beyond performance gains, we analyze the
impact of source-target dataset distance and model complexity on
TL effectiveness. The results show that TL consistently improves
accuracy across all models and target datasets, reducing error
up to 32.95% compared with training from scratch. In addition,
TL enhances convergence speed, significantly reducing training
epochs. These findings demonstrate TL as an effective and
versatile approach for improving HMP under data scarcity, and
provide methodological insights for its deployment in real-world
context-specific applications.

Impact Statement—This work presents the first comprehensive
study of TL as a general approach for HMP to address data
limitations in context-specific applications. By evaluating TL
across multiple model architectures and motion domains, we
demonstrate its effectiveness in improving prediction accuracy
and training efficiency. These findings enable advances in the
real-world applicability of HMP systems in domains such as
collaborative robotics and healthcare, where limited data is a
common challenge.
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1. INTRODUCTION

UMAN motion prediction (HMP) consists of predicting

future human movements given past motion history. This
finds applications in diverse fields, including autonomous driv-
ing and crowd navigation [1], healthcare and rehabilitation [2],
surveillance [3], and human—robot collaboration [4].

Early approaches for HMP relied on probabilistic methods
[5]. These techniques were limited to predicting simple, peri-
odic actions, such as walking or running. Deep learning (DL)
models have now become the state-of-the-art due to their ability
to learn more complex patterns from data [6]. However, effec-
tively training these models requires a large volume of motion
samples.

Recent years have seen the release of several human mo-
tion datasets, driven by the growing interest in understand-
ing human behavior. These datasets primarily capture people
performing generic actions in controlled environments (Fig. 1,
in blue), typically empty spaces surrounded by cameras [6].
When HMP models are trained on these datasets, they per-
form effectively for generic movements but often struggle to
generalize to context-specific scenarios [7]. This is because
motion samples from the existing datasets rarely align with
the actions and movements relevant to the context of interest.
Real-world applications require accurate predictions to gain
insights into the operational context. Unfortunately, context-
specific datasets are often limited in size (Fig. 1, in yellow).
One possible solution is to collect new, context-specific human
motion data. However, this process is both time consuming and
expensive [8]. Consequently, the use of HMP systems in real-
world applications remains an open challenge [9].

While much of the existing HMP research has focused on
developing novel models to improve accuracy on benchmark
datasets, limited works have investigated strategies to enhance
the applicability of HMP in scenarios where data is scarce.
Addressing this gap, our work aims to improve the prediction
accuracy when few motion samples are available. Instead of
developing novel prediction models, the focus is on general
approaches that can be applied independently of the specific
architecture and context. In particular, the main objective of
this research is to investigate the use of TL for tackling the
lack of context-specific data [10]. It enables the improvement
of model performance on a specific context (target domain)
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Example of the current availability of human motion datasets for HMP. In blue, a typical large, context-generic dataset containing generic actions

recorded in controlled environments. In yellow, the typical limited availability of context-specific motion for a particular HMP application. In the middle, a
qualitative comparison of model accuracy when trained on these datasets. While the models tend to perform well on generic movements, they struggle with

context-specific motions due to data scarcity.

by transferring knowledge from a different but related context
(source domain).

In this work, we aim to answer the following question: “Is
it beneficial to leverage prior knowledge about human motion
from large, generic datasets when moving to context-specific
motions with scarce training data?” Previous studies have ex-
plored Fine-Tuning strategies for HMP in limited experimental
settings [11]. However, a general and systematic evaluation and
analytical characterization of TL effectiveness across different
architectures and target domains remains unexplored.

To characterize the generalizability of human knowledge
transfer, we develop a dedicated TL framework and apply it
to four prediction models that well represent the main HMP
approaches. Additionally, we evaluate two TL methods on three
target datasets. Each target dataset contains a limited number of
motion samples from a specific set of human actions, reflecting
real-world data-scarce scenarios. A large and diverse dataset,
Archive of Motion Capture of Surface Shapes (AMASS) [12],
is used for model pretraining. To analyze the effectiveness of
TL, we analyze the prediction accuracy across the same model
when applying TL and when training from scratch on the target
dataset. We analyze the results based also on two additional
key factors, dataset distance and model complexity. In addition
to accuracy, we introduce dedicated metrics to analyze the
advantages of TL in the training process.

The main contributions of this work are the following.

1) A unified, model-agnostic TL framework for HMP, en-
abling systematic comparisons between scratch training
and TL methods across diverse architectures and target
domains in data-scarce conditions.

2) Novel TL metrics for HMP, designed to quantify the
impact of knowledge transfer and evaluate training
efficiency.

3) A systematic analysis of TL effectiveness based on
dataset distance and model characteristics, introducing

Fréchet Inception Distance as an indicator for source-
target transferability and characterizing the relationship
between model complexity and TL efficiency.

4) Practical and methodological guidelines on both the ap-

plication and validation of TL in HMP.

The rest of this article is organized as follows. Section II
reviews the current approaches to HMP and related works
on TL. Section III states the problem of HMP and describes
our TL framework and its components, including the adopted
HMP models, TL techniques, and evaluation metrics. Sec-
tion IV presents the human motion datasets and the experimen-
tal pipeline. Section V reports and discusses the results. Finally,
Section VI concludes the article.

II. RELATED WORKS

HMP has reached significant attention in recent years, as
it plays a key role in enabling seamless interaction between
humans and machines [6]. Early approaches for HMP relied on
statistical methods, such as hidden Markov models [13], [14],
Gaussian process models [15], [16], and restricted Boltzmann
machines [17]. These methods are effective for modeling simple
and repetitive movements, but struggle with complex motions
[18]. In recent years, DL models have become the dominant
approaches for HMP, demonstrating strong performance due to
their ability to learn complex patterns from data [6].

A. Deep Learning Models for HMP

Recurrent neural networks (RNNs) have been widely adopted
for HMP due to their ability to model temporal dependen-
cies [5], [19], [20], [21]. Fragkiadaki et al. [19] introduced an
encoder-recurrent-decoder (ERD) architecture combining non-
linear encoders and decoders with recurrent layers. Martinez
et al. [5] proposed modeling first-order motion derivatives using
gated recurrent unit (GRU) cells to reduce discontinuities in
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the first prediction frame, improving smoothness in predictions.
In [20], Pavullo et al. addressed the error accumulation along
the kinematic chain by employing quaternion representations
rather than joint angles to describe human poses. To mitigate
convergence to static poses, which is typical in autoregressive
RNNs, Wang et al. [21] incorporated pose velocities and tem-
poral positional information. RNN-based models have proven
effective in predicting human motion, although they do not
explicitly account for the spatial structure of the body.

Graph convolutional networks (GCNs) have become a popu-
lar alternative, modeling the human skeleton as a graph, where
nodes correspond to the skeleton joints and edges represent
their connections [22], [23], [24], [25], [26]. In [22], Mao
et al. proposed a GCN-based model leveraging motion attention
to focus on relevant past movements. Other works introduced
multiscale GCNs to extract and combine spatial features at
multiple resolutions, allowing the model to focus on individual
aspects of the human body at different levels [23], [24]. Li
et al. [25] proposed a symbiotic multiscale GCN architecture
combining structural graphs for physical constraints and ac-
tional graphs for action-based relations between joints. Instead
of using predefined adjacency matrices, in [26] Yang et al.
incorporated static, learnable, and adaptive adjacency matrices
in their GCN architecture to capture both fixed and action-
specific joint relations. While GCNs have achieved state-of-the-
art results in HMP, they significantly increase model complexity
and require heavy computational resources for their training.

More recently, multilayer perceptron (MLP)-based models
have emerged as a lightweight yet effective alternative in HMP
[27], [28]. These models avoid using recurrence and convolu-
tional operations and rely solely on feedforward layers. Bouaz-
izi et al. [27] proposed a model that separately encodes spatial
and temporal features using MLP blocks, combined with a
squeeze-and-excitation block [29]. In [28], Guo et al. proposed
siMLPe, a very light model that exploits the discrete cosine
transform for temporal encoding. Its simplicity and strong pre-
dictive capabilities have established siMLPe as a commonly
adopted HMP baseline.

The integration of physics principles in HMP models has
also been explored to improve physical plausibility in predicted
motion sequences [30], [31], [32]. In the work of Maeda et al.
[30], the authors introduced a motion synthesis technique to
augment training data, imposing a physical policy to improve
the realism of the generated sequences. Zhang et al. [31] incor-
porated physical signals such as contact forces and joint torques,
computed via a physics simulator. More recently, in [32], Zhang
et al. introduced an HMP architecture that combines data-driven
predictions with a physics-based block for solving the Euler—
Lagrange equations. Imposing physics principles helps in short-
term accuracy, while longer predictions are guided by the data-
driven block.

B. Context-Specific Adaptation in HMP

Previous works have addressed the adaptation of HMP mod-
els in the context of collaborative robotics [33], [34], [35].
Moon et al. [35] proposed a prediction model to enable fast
adaptation to individual users in cooperative human-robot
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tasks. Their architecture includes adaptive parameters that can
be tuned using a small number of motion samples specific to
each person. In [33], the authors extended the siMLPe archi-
tecture by incorporating the human intention as an additional
input to guide the prediction process. The intention is defined
as cooperative or noncooperative, and it is classified by an aux-
iliary module. Liang et al. [34] proposed a context-aware model
that integrates specific environmental information, such as the
positions of working tools, to guide predictions for collaborative
construction scenarios.

Instead of focusing on a specific context, other studies have
proposed few-shot adaptation techniques to improve predic-
tions on a generic set of target motions [7], [36]. Gui et al.
[7] proposed a framework for rapid generalization to novel
human actions using limited data. In particular, their approach
combines a meta-learning strategy for a generic model initial-
ization, followed by target adaptation using model regression
networks. In [36], the authors introduced MoPredNet, an HMP
framework that can dynamically select informative motions and
adapt its internal representation from a small number of unseen
sequences.

Despite their effectiveness, these approaches often consist
of custom model architectures, making their integration with
existing HMP models not possible without heavy modifications.
In addition, they often rely on task-specific inputs, and their
adaptation to other domains would require extensive changes
and the integration of domain-specific features.

C. TL in Human Motion Modeling

TL is a model-agnostic approach that allows for improving
accuracy on limited data by transferring knowledge from a
source set of motion samples to a target set of movements [37].
TL techniques can be seamlessly integrated into existing HMP
architectures, enabling adaptation to target motions without
requiring the design of context-specific features.

Recent works leveraged TL in HMP-related tasks to address
data limitations. In the domain of human pose estimation, where
synthetic data are commonly adopted for training, the perfor-
mance on real-world scenarios often deteriorate. To address
this, Doersch et al. [38] proposed a TL strategy to bridge the gap
between simulated and real data. Similarly, Zhang et al. [39]
focused on lower-limb joint torque estimation from wearable
sensors data. Their approach involved pretraining the neural
network on multiple subjects and tasks, followed by fine-tuning
on specific target domains.

Other works have explicitly adopted TL for predicting human
motion trajectories under varying contexts [40], [41]. Ballan
et al. [40] used TL to improve trajectory predictions in unseen
contexts. In [41], Akabane et al. addressed the lack of data for
their mobile robotics application by pretraining their model on
a large collection of generic human motion trajectories.

D. Comparison With Prior Work

Casarin et al. [11] conducted a preliminary investigation
into the use of TL in HMP. However, the proposed approach
was specifically designed for fine-tuning a single RNN-based
model, limiting the generalization of the study. Moreover, the
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evaluation was based on a single accuracy metric, leaving the
critical aspects about knowledge transfer, domain shift, and
training efficiency unexplored.

In this work, we overcome these limitations by establish-
ing a systematic, model-agnostic framework for TL in HMP.
We adopt three HMP metrics to evaluate both positional and
angular accuracy, and we introduce three novel TL metrics
to quantify the impact of pretrained knowledge and training
efficiency. Furthermore, we investigate the correlation of TL
gains with model architecture, model complexity, and dataset
distance. In our study, we perform an extensive and systematic
experimental evaluation including four distinct HMP models,
which are representative of the main paradigms in HMP, and
multiple TL strategies. As a result, this work provides robust
and generalizable insights into the effectiveness of TL in HMP,
and establishes a methodological foundation for its deployment
and validation in real-world data-scarce scenarios.

III. METHODS

In this work, we develop a dedicated framework to apply
different TL strategies to multiple models and target datasets,
allowing to investigate TL under varying conditions. Our frame-
work includes an extensive evaluation protocol to compare TL
accuracy with the scratch baseline. Moreover, we introduce TL
metrics to evaluate training performance.

This section formulates the HMP problem and introduces
our TL framework. Then, the prediction models used in the
experimental study are presented, as well as the TL approaches.
Finally, we describe the accuracy metrics and provide details
about the TL metrics definitions.

A. Problem Statement

In HMP, human movement is modeled as a discrete-time
sequence of poses. Each pose at time ¢ is represented as
zy = (er,€a,...,e7) € R7*DP where J is the number of joints,
and D is the dimensionality of each joint descriptor e¢; € RP
(e.g., rotation of the joint or 3D coordinates of its keypoint).
The HMP problem can be stated as follows: given as in-
put an observed sequence of N past human poses Xi.ny =
[1,...,2N], the goal is to predict the future sequence of
M poses Xn1:N+M = [EN+15- - -, TN+]. Predictions up to
400 ms and 1000 ms are commonly used to evaluate short-term
and long-term performance, respectively [6].

B. TL Framework in HMP

The proposed framework (Fig. 2) is designed to compare
the performance on the target dataset of multiple HMP mod-
els when trained from scratch and when applying TL. For
the scratch method, we directly train the model on the small,
context-specific target dataset, representing the standard ap-
proach in HMP. When applying TL, instead, the model is first
pretrained on a large, context-generic source dataset to learn
prior knowledge on human motion. Then, the model is tuned
on the target dataset by exploiting pretrained knowledge to
improve context-specific performance.
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To assess TL effectiveness, we evaluate and compare the
performance of the two approaches by considering two aspects:
1) prediction accuracy, measured using standard HMP metrics;
and 2) training efficiency, quantified using custom TL metrics
defined in this work. The proposed framework can be applied
with different prediction models, TL techniques, or target con-
texts, enabling extensive analyses across diverse HMP settings.

In the subsequent sections, we provide details about each
component of our framework, including the selected HMP mod-
els, TL approaches, and evaluation metrics.

C. HMP Models

To investigate the generalizability of TL across different ar-
chitectures, we selected four HMP models that well represent
the main paradigms currently used: 1) RNNs; 2) GCNs; 3)
MLPs; and 4) physics-informed approaches. This allows for a
comprehensive evaluation of the effectiveness of TL regardless
of the underlying model class. In the following, we introduce
the selected models and describe their main features.

1) Position-Velocity Recurrent Encoder—Decoder
(PVRED): PVRED [21] is based on RNNs with GRU
cells to mitigate the vanishing of the gradient. It extends
the recurrent encoder—decoder (RED) architecture [S] by
incorporating pose velocities and their positional embeddings,
rather than relying exclusively on human pose information.
The velocities help encode the amount of motion between
consecutive poses, while positional embeddings provide the
temporal context of each pose within the sequence. As a
recurrent architecture, PVRED is highly effective in modeling
temporal dependencies. Moreover, the integration of pose
velocities helps to prevent predictions from converging to a
static pose.

2) History Repeats Itself (HRI): HRI [22] belongs to the
class of graph-based neural models and leverages GCN layers
with learnable adjacency matrices to capture spatial depen-
dencies among body parts. In addition, HRI incorporates an
attention mechanism to identify common patterns in the motion
sequences. In fact, HRI explicitly incorporates the hypothesis
that human movements often repeat over time, sharing common
motion primitives. The attention mechanism, combined with the
learnable adjacency matrix, makes HRI a powerful HMP model
capable of learning relevant motion patterns.

3) siMLPe: siMLPe [28] is a very light but effective pre-
diction model based on MLP blocks. Its architecture consists
solely of fully connected layers, along with layer normaliza-
tion and transpose operations. siMLPe exploits some common
techniques that have been proven effective for HMP. It uses
discrete cosine transform to encode temporal structure, and
it predicts the residual joints displacement rather than their
absolute position. Additionally, it includes motion velocity in
the loss optimization to improve long-term predictions. Despite
the simplicity of its architecture, siMLPe achieved competitive
performance, and it is now commonly adopted as a baseline
in HMP.
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Fig. 2.
Evaluation includes prediction accuracy and TL metrics.

4) Physics for HMP (PhysMoP): PhysMoP [32] integrates
physics modeling into DL by embedding a physics-based pre-
diction block that captures human dynamics. This block solves
the Euler-Lagrange equations, and it is effective for short-term
predictions. A data-driven block based on MLP layers is also
trained to guide long-term predictions. Finally, a fusion block
balances the physics-based and data-driven contributions along
the output sequence. PhysMoP provides a strong physical in-
ductive bias, improving predictions plausibility and coherence.
Therefore, it represents a complex, hybrid model that tests the
TL ability to transfer both learned dynamics and physical priors.

By including models with fundamentally different
assumptions—sequential modeling, spatial graphs, simple
feedforward structures, and explicit physics—we ensure a
broad evaluation of TL effectiveness across a representative
spectrum of HMP approaches.

D. TL Approaches

To ensure broad applicability, this study focuses on TL ap-
proaches that do not depend on specific model structures or in-
ternal representations. Following the survey by Iman et al. [37],
we selected two of the most widely adopted techniques: fine-
tuning (FT) and freezing and adding new layers (FAL). Both
methods follow a two-phase paradigm: 1) an initial pretraining
phase, where the model is trained on a large, context-generic
source dataset; and 2) a subsequent adaptation phase, where the
learned motion priors are transferred to the target dataset.

1) Fine-Tuning (FT): In FT, the weights of the target model
are initialized using those obtained during pretraining on the
source dataset. This initialization transfers the knowledge of
human motion learned during pretraining to the target model,
providing a strong prior. After initialization, the model is then
further trained on the target dataset to adapt its predictions to

H

TL evaluation framework in HMP. We compare the performance of different prediction models when trained from scratch and when applying TL.

the specific motion characteristics. With FT, the neural network
architecture and its parameters remain unchanged, with the
exception of the learning rate, which we reduced by a factor
of 10, as a common practice. This lower learning rate plays
a critical role in mitigating the risk of catastrophic forgetting,
a phenomenon where the model rapidly overwrites pretrained
weights, leading to a loss of previously acquired knowledge
[37]. By limiting the magnitude of parameter updates, FT en-
courages gradual adaptation, enabling the model to specialize
on the target domain while preserving relevant information
learned from the source.

2) Freezing and Adding New Layers (FAL): Similar to FT,
in FAL the target model is first initialized with weights obtained
through pretraining. However, instead of immediately updating
all parameters, the pretrained layers are initially frozen, and a
newly randomly initialized linear layer is added on top of the
neural network. Only this layer is initially trained, forcing the
model to preserve the pretrained knowledge and adapt to the
target data using a minimal number of trainable parameters.
This induces maximum retention of prior knowledge and re-
duces the risk of overfitting in small target dataset. Once the
validation performance converges, all layers are unfrozen and
the entire network is trained on the target actions. As in FT, the
learning rated is reduce by a factor of 10, following common
practice [37]. This stage allows for deeper adaptation of the
entire model, refining both the newly added and previously
frozen layers to better align with the target. Compared with FT,
in FAL the pretrained knowledge is preserved more effectively
and the adaptation is introduced in a more controlled manner.

E. Accuracy Metrics

Following established practices in HMP studies [5], [21],
[22], [42], standard metrics are adopted to quantify prediction
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accuracy over time. These metrics evaluate both spatial devia-
tion and angular discrepancies between predicted and ground-
truth poses. Let J represent the number of joints, while K the
total number of test sequences.

1) Mean Per Joint Position Error (MPJPE): The MPJPE
metric evaluates the 3D coordinates accuracy of the predicted
skeleton keypoints by computing the average Euclidean dis-
tance between predicted and ground-truth positions

1 .
MPJPE, = -—; ; Bee — Pkl ey
5]

where p; 1. ; and p; . ; denote the predicted and ground truth
3D coordinates of the keypoint j, respectively, at frame ¢ in
sequence k.

2) Mean Angular Error (MAE): The MAE metric calculates
the Euclidean distance between the predicted and the ground
truth joint angles. It is defined as follows:

1 .
MAE, = 2= > [[&0k = 2ok, )

k

where ;; and x,; are respectively the predicted and the
ground truth poses, for frame ¢ in sequence k.

3) Joint Angle Difference (JAD): JAD compares the min-
imum rotation required to align each predicted joint with the
corresponding ground truth

1 Tr(Ry:s) — 1
JAD; = v Z arccos <r(t2“)> 3)
k.j

Tr(-) denotes the trace of a matrix, while &; 5 ; and
represent respectively the predicted and ground truth angles for
joint j at frame t in sequence k. The rotation matrix Rﬁ’,jfj
expresses the minimum rotation required to align the predicted

joint with the corresponding ground truth.

F. TL Metrics

We introduce dedicated metrics to assess the training effi-
ciency with TL compared with training a model from scratch
(SC). These metrics capture key aspects of the training process,
including the convergence speed and the impact of pretrained
knowledge on the training loss [43]. A visual representation of
the TL metrics is provided in Fig. 3. In the following, let esc ()
and e7 1, (t) denote the validation losses at epoch ¢ for the scratch
and TL models, respectively.

1) Jump-Start Performance (JSP): The JSP metric quan-
tifies the impact of pretrained knowledge by comparing the
validation loss after the first training epoch e(1)

esc(l) — eTL(l)

JSP =
esc(1)

x 100. “)
The scratch model is randomly initialized, while the TL model
begins with pretrained weights. Therefore, the loss difference
at the start of training reflects the contribution of the pretrained
knowledge.
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Fig. 3. Visual representation of the TL metrics. JSP highlights the contribu-

tion given by the pretrained knowledge by comparing the loss improvement
after the first training epoch. MEP shows the best improvement in the overall
validation loss when using TL. TTC measures the convergence speed showing
how fast FT and FAL are compared with SC.

2) Minimum Error Performance (MEP): The MEP metric
measures the minimum loss improvement when using TL
min(egc) — min(ery,)

min(esc)

MEP = x 100 5)
where min(egc) and min(ery,) indicate the lowest validation
error achieved during training by the scratch and TL models,
respectively.

3) Time to Convergence (TTC): The TTC metric highlights
the relative convergence speed of TL compared with scratch

—trp

t
5¢ % 100 (6)

tsc

TTC =

where tsc and t7, represent the scratch and TL convergence
epochs, respectively.

IV. EXPERIMENTAL SETUP

This section introduces the experimental details of our work,
including dataset descriptions, preprocessing steps, and training
configurations.

A. Datasets

In our experiments, we used the AMASS [12] dataset, which
unifies over 20 different motion capture databases within the
Skinned Multiperson Linear Model (SMPL) [44] representa-
tion. We selected a subset of the AMASS datasets as the source
data for model pretraining, while three additional datasets were
used as distinct target domains. The source datasets were chosen
based on the following criteria: 1) the motion content is broad
and not context-specific; 2) recordings have a minimum framer-
ate of 25 fps, avoiding the need for temporal upsampling; and 3)
at least 90% of motion sequences are longer than 3 s, allowing
the extraction of samples with 2 s of input and 1 s of prediction.
The selected source datasets from AMASS are the following:
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BMLmovi [45], BMLrub [46], EyesJapanDataset [47], HDMO0S5
[48], MoSh [49], TotalCapture [50], CMU [51], EKUT [52],
SFU [53], and Transitions [12].

In contrast to the generic source domain, the target datasets
were chosen to represent context-specific actions, resembling
real-world HMP applications and enabling the assessment of
TL under domain shift. To this end, we selected GRAB [54]
and DanceDB [55]. GRAB features subjects interacting with
objects while stationary, with motion primarily limited to the
upper body. This differs from the typical actions in human
motion datasets, where leg movements are dominant, like in
walking or jumping. DanceDB, instead, contains wide-ranging,
nonperiodic full-body movements from dance performances,
thus consisting of high kinematic variability. To provide a more
comprehensive exploration of TL in HMP, we also included the
ACCAD [56] dataset in the target domains. In contrast to GRAB
and DanceDB, the actions in ACCAD are closer to the source
motions, enabling the analysis of TL under reduced domain
shift.

B. Preprocessing

We performed the following steps to preprocess both source
and target data. First, following previous works [21], [22],
[28], [32], all motion sequences were resampled to a common
value of 25 fps. Then, we extracted fixed-length motion win-
dows to handle the significant variability in sequence durations.
Specifically, each sequence was segmented into 3 s (75 frames)
overlapping windows with a stride of 50 frames, resulting in
motion samples with 2s (50 frames) of history and 1s (25
frames) for the prediction. The chosen stride ensures that the
2 s input of consecutive windows does not overlap temporally,
avoiding redundancy. To isolate the impact of motion context
rather than data volume, the target datasets—originally of vary-
ing lengths—were truncated to a uniform size. This allows
for a fair comparison across target domains and to emphasize
the influence of action variability in TL effectiveness. Overall,
the source dataset contains approximately 2137 min of motion
sequences, while the target datasets 23 min, reflecting the lim-
ited data availability typical of HMP applications. Finally, the
datasets were split into training (80%), validation (10%), and
test (10%) sets.

C. Experimental Settings

Using our framework, we evaluated the effectiveness of TL
in HMP by comparing models trained from scratch against
those trained using fine-tuning (FT) or freezing and adding new
layers (FAL). All four models were trained and tested using the
same motion sequences sampled at 25 fps, with an input length
N =50 (25s) and an output length M = 25 (1 s). When training
from scratch, we retained the original model configurations as
proposed in the respective works. The same settings were used
for FT and FAL, except for the learning rate, which was reduced
by a factor of 10 to mitigate catastrophic forgetting. For each
experiment, TL metrics were computed from the validation loss,
while accuracy metrics were calculated on the test set using the
best model checkpoint.
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V. RESULTS AND DISCUSSION

This section presents and discusses the experimental results.
First, we provide a quantitative evaluation of TL effectiveness
using the HMP metrics, analyzing also the impact of datasets
distance and model complexity. Next, we discuss the training
performance based on the TL metrics. Finally, we show quali-
tative examples.

A. Accuracy Evaluation

For each accuracy metric, we report the prediction error at
120ms, 200 ms, and 400 ms for short-term predictions, and
at 600ms and 1000 ms for long-term predictions. Addition-
ally, we show the average improvement across the entire pre-
diction horizon (M =25) when using TL compared with the
scratch baseline. We report accuracy results on additional TL
approaches in the Supplementary Material.

1) MPJPE Evaluation: Table I shows the MPJPE results.
Overall, TL approaches consistently improved prediction accu-
racy compared with training from scratch, particularly for short-
term predictions. In DanceDB, PhysMoP-FAL reduced the error
at 120 ms by 50% compared with PhysMoP-SC, achieving an
even bigger gain in ACCAD. Long-term accuracy also im-
proved significantly, demonstrating that TL helps to prevent di-
verging predictions compared with scratch models. Considering
the average improvements, even the smallest gain of 10.13%
for PVRED-FAL in DanceDB highlights a strong advantage
of TL across the entire prediction horizon. The highest gain
was achieved by PhysMoP when using FT in ACCAD, with
a 32.95% average increase.

Both FT and FAL consistently outperformed the scratch base-
line across different models and targets, thus confirming the
generalization effectiveness of TL in HMP. Although FT proved
slightly more effective than FAL, both TL methods achieved
comparable results.

2) MAE Evaluation: In Table II, we present the MAE results
for PVRED and PhysMoP. These two models are trained on an
angle-based skeleton representation, while HRI and siMLPe use
3D coordinate notation. Therefore, applying inverse kinematics
to obtain the corresponding rotations would result in nonunique
solutions and, consequently, in a comparison that is not
meaningful.

Both models showed strong improvements over the scratch
baseline when using TL methods, achieving up to 25.61% er-
ror reduction in ACCAD with PhysMoP-FT. The relative im-
provements were pronounced in both short-term and long-term
predictions, particularly in PhysMoP at 120 ms. These results
further demonstrate the effectiveness of TL even in physics-
based approaches for HMP, as the short-term predictions in
PhysMoP are mainly driven by the physics block, which solves
the Euler-Lagrange equations.

Compared with the MPJPE evaluation, the MAE results are
highly consistent and align with the previous discussion. Again,
FT proved to be slightly more effective than FAL, but the
performance of the two TL methods remains comparable.

3) JAD Evaluation: Table III shows the JAD evaluation.
Similarly to MAE, we report results only for the models
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TABLE I
MPJPE RESULTS ON ACCAD, GRAB, AND DANCEDB FOR ALL FOUR HMP MODELS, COMPARING TRAINING FROM SCRATCH (SC) WITH THE TWO
TL APPROACHES [FINE-TUNING (FT) AND FREEZING AND ADDING NEW LAYERS (FAL)]

ACCAD Dataset

GRAB Dataset

DanceDB Dataset

Milliseconds 120 200 400 600 1000 % | 120 200 400 600 1000 % | 120 200 400 600 1000 %
PVRED-SC 445 652 853 952 1168 - | 13.6 223 39.1 469 572 - |584 850 1237 1407 1519 -
PVRED-FT 249 407 641 822 945 23.09| 9.1 160 313 398 517 1545|403 649 1045 1232 1312 1478
PVRED-FAL 27.0 419 665 83.4 920 22.69 | 115 18.1 318 40.0 52.8 13.06 | 48.5 72.6 109.8 129.0 137.9 9.93
HRI-SC 317 488 751 909 1099 - | 92 162 320 400 524 - |486 733 1130 1316 1432 -
HRI-FT 221 349 527 703 905 2400 | 7.0 127 265 347 465 1499 | 344 551 894 108.6 1244 18.56
HRI-FAL 223 350 53.1 69.9 884 2484 | 68 125 254 333 451 17.82 | 347 554 903 1097 1242 17.98
siMLPe-SC 293 472 73.1 93.1 1054 - |101 172 308 376 479 - |388 61.8 1017 1241 1357 -
siMLPe-FT 213 337 541 73.1 970 19.02 | 60 117 259 349 469 10.13 |31.9 52.5 878 1084 1224 1220
siMLPe-FAL 21.8 344 540 7.6 944 2016 | 60 119 264 339 460 1171 |31.6 519 854 107.1 119.1 14.48
PhysMoP-Sc 49 83 212 404 743 - 10 16 47 121 341 - |51 109 325 682 1283 -
PhysMoP-Ft 23 37 110 248 593 3295| 07 11 3.6 100 295 1641 | 25 63 218 504 1022 2491
PhysMoP-Fal 2.0 3.6 114 262 610 3023| 05 15 3.6 99 299 1562 | 24 67 225 507 1051 2235

Note: In addition to MPJPE, we report the percentage improvement of FT
length. Best results are in bold, second-best are underlined.

and FAL relative to SC for each HMP model across the entire prediction

TABLE II
MAE RESULTS ON ACCAD, GRAB, AND DANCEDB FOR PVRED AND PHYSMOP, COMPARING TRAINING FROM SCRATCH (SC) WITH THE Two TL
APPROACHES [FINE-TUNING (FT) AND FREEZING AND ADDING NEW LAYERS (FAL)]

ACCAD Dataset

GRAB Dataset DanceDB Dataset

Milliseconds 120 200 400 600 1000 % | 120 200 400 600 1000 % | 120 200 400 600 1000 %
PVRED-SC 0.669 1.014 1.248 1334 1.634 - 0.503 0.767 1.091 1.277 1.570 - 1.069 1.425 1.658 1.739 2.001 -
PVRED-FT 0.454 0.657 1.025 1.221 1.293 18.68 | 0.360 0.556 0.845 1.074 1.398 18.02 | 0.956 1.335 1.632 1.667 1.742 6.52
PVRED-FAL 0481 0.674 1.025 1.231 1.328 18.13|0.282 0.684 0.849 1.095 1.424 15.09|0.992 1354 1.507 1.744 1.747 6.39
PhysMoP-SC ~ 0.080 0.143 0.306 0.561 1.092 - 0.027 0.045 0.129 0.343 0.841 - 0.084 0.295 0.717 1.074 1.715 -
PhysMoP-FT ~ 0.046 0.077 0.193 0.390 0.977 25.61 | 0.025 0.042 0.112 0.294 0.790 10.76 | 0.044 0.257 0.484 0.831 1.530 22.00
PhysMoP-FAL 0.045 0.088 0.202 0.396 0.978 24.86 | 0.014 0.045 0.114 0.303 0.792 9.18 | 0.039 0.109 0.359 0.826 1.604 20.59

Note: In addition to MPJPE, we report the percentage improvement of FT and FAL relative to SC for each HMP model across the entire prediction

length. Best results are in bold, second-best are underlined.

based on an angle representation, namely PVRED and Phys-
MoP. The results confirm previous observations: TL approaches
consistently outperformed scratch training, FT generally per-
formed better than FAL, and the highest gains were observed in
ACCAD.

Overall, all three metrics: 1) MPJPE; 2) MAE; and 3) JAD
showed great consistency confirming the accuracy increase of
TL when evaluating both 3D coordinates and rotation angles.
Additionally, FT and FAL achieved significant improvements
over the scratch baseline across all experiments, which included
different model architectures and target contexts. These results
highlight the strong effectiveness and robust generalization of
TL for improving context-specific HMP under data scarcity.

B. Impact of Dataset Distance

We now analyze how the distance between motion datasets
affects the relative improvements of using TL methods com-
pared with scratch training. Following [57], [58], we train an
RNN-based autoencoder using both source and target datasets
and use the latent space embedding for computing the Fréchet
inception distance (FID) [59], quantifying the datasets distance.

To compute the source intra-FID, we randomly split the dataset
into two equal size subsets and average the FID results over five
random splits. In Table IV, we present the FID results.

Among the three targets, ACCAD showed the lowest FID
with the source and the largest TL gain. This is because ACCAD
includes generic actions such as walking or running, which
are also present in the source. In contrast, GRAB exhibits the
highest FID with the source data and the lowest overall TL
improvement. This correlation is likely associated with the high
specificity of the actions in GRAB, which involve object manip-
ulation with a stationary lower body, limiting the effectiveness
of knowledge transfer. In contrast, DanceDB lies between the
two for both FID and TL improvements. Although dancing
actions are highly specific, they involve whole-body motions
that better align with the source domain compared with GRAB.

Overall, the FID metric confirms greater TL improvements
when the motion primitives of the source and target datasets
exhibit higher similarity. Nevertheless, TL approaches also
showed notable improvements in GRAB and DanceDB, thereby
demonstrating their robustness and effectiveness in enhancing
context-specific predictions under data scarcity and higher do-
main shift.
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TABLE III
JAD RESULTS ON ACCAD, GRAB, AND DANCEDB FOR PVRED AND PHYSMOP, COMPARING TRAINING FROM SCRATCH (SC) WITH THE Two TL
APPROACHES [FINE-TUNING (FT) AND FREEZING AND ADDING NEW LAYERS (FAL)]

ACCAD Dataset

GRAB Dataset DanceDB Dataset

Milliseconds 120 200 400 600 1000 % | 120 200 400 600 1000 % | 120 200 400 600 1000 %
PVRED-SC  0.848 1202 1.561 1766 2.053 - |0366 0595 1.014 1206 1470 — |1.374 1933 2705 2967 3.192 -
PVRED-FT  0.593 0.894 1259 1.549 1814 1691|0264 0450 0.825 1.031 1356 13.88 | 1.157 1.718 2.448 2728 2913 9.02
PVRED-FAL  0.615 0.907 1285 1.568 1.809 15.88 |0.301 0488 0.848 1.052 1.388 11.22|1.246 1.806 2.537 2.829 3.035 5.7
PhysMoP-SC ~ 0.133 0.220 0.485 0.838 1515 - |0.041 0067 0.163 0366 0938 - |0.147 0311 0.810 1.507 2.659 -
PhysMoP-FT  0.078 0.129 0.315 0.624 1295 23.02|0.037 0.061 0.149 0.331 0.865 8.91 |0.079 0.58 0.642 1.244 2350 15.93
PhysMoP-FAL 0.075 0.137 0327 0.627 1285 22.89|0.016 0.049 0.151 0335 0.862 9.47 |0.069 0.193 0.650 1.238 2395 15.70

Note: In addition to MPJPE, we report the percentage improvement of FT and FAL relative to SC for each HMP model across the entire prediction
length. JAD values are scaled by a factor of 10 to improve readability. Best results are in bold, second-best are underlined.

TABLE IV
FID BETWEEN EACH PAIR OF SOURCE-TARGET DATASETS AND THE
SOURCE INTRA-FID AS BASELINE

Target Dataset ACCAD GRAB DanceDB  Source (intra-FID)

FID
TL gain (%)

0.216
24.62

0.404
14.40

0.362 0.172
16.90 -

Note: Additionally, for each target dataset we report the average MPJPE
improvement of TL.

TABLE V
NUMBER OF PARAMETERS FOR EACH MODEL IN THE STANDARD
CONFIGURATION AND WITH FAL (ADDING A LINEAR LAYER)

TL Gain (%)

Model #Params #Params (FAL) Model Type

FT FAL
PVRED 10186 824 10192080 RNN 17.77 15.22
HRI 3203438 3208408 GCN & attention 19.18 20.21
SIMLPE 133524 136 494 MLP 13.78 15.45
PHYSMOP 2160404 2168468  MLP & physics 24.76 22.73

Note: The TL gain column shows the average MPJPE percentage
improvement of FT and FAL over the scratch baseline, across all target
datasets.

C. Impact of Model Architecture

Table V summarizes the total number of parameters, archi-
tecture type, and average MPJPE improvement of TL methods
across all the experiments. From the analysis of model com-
plexity, the TL efficiency is not strictly related to the number
of parameters. For instance, PVRED includes more than 10M
parameters, yet its relative improvement is lower than PhysMoP,
which has approximately four times fewer parameters. This
suggests that TL effectiveness in HMP is more influenced by
the network design rather than the model parameter size.

PhysMoP and HRI use a structured and semantically mean-
ingful approach to learn human motion by integrating physics
modeling and GCN with motion attention, respectively. Instead,
RNNs are primarily designed to capture temporal dependencies
within individual sequences. Consequently, PVRED inherits a
limited capability to learn generalizable motion across different
sequences from its base architecture. However, the results for
siMLPe indicate that excessively lightweight architectures may

lack the capability of leveraging large-scale source datasets
effectively, leading to limited TL improvements.

The differences in the effectiveness of FT and FAL also
appear to depend on the network structure. While FT preserves
the full architecture, FAL introduces an additional linear layer
and freezes the pretrained parameters. This strategy tends to be
more beneficial for architectures that encode motion features in
a hierarchical structure. From our results, FAL performed better
in siMLPe and HRI, both of which employ multiple stacked
MLP and GCN layers. Overall, these findings suggest that FT
is the more reliable approach, although models with deeper
and layered architectures can benefit more from the parameter-
freezing regularization introduced by FAL.

D. Pretraining on AMASS Versus H36M

To gain a deeper understanding of how the pretraining dataset
impacts TL performance in HMP, we compared our MAE re-
sults with those from previous work on FT [11]. In this study, we
used AMASS as the source dataset, while in [11] Human 3.6M
(H36M) was used instead. We ensured consistency between the
two experimental settings by using the same model architec-
ture, prediction time range, and target motion sequences. To
address the skeletal differences between H36M and AMASS
and highlight the relative improvement of PVRED-FT over
PVRED-SC, we normalized the MAE results by their maximum
values. In Fig. 4, we show the normalized MAE results for
PVRED-SC and PVRED-FT when pretraining on H36M and
AMASS. We quantified the relative improvement by computing
the area under the curves (AUC) when pretraining on H36M
(ACCAD: 1.76, GRAB: 0.68, DanceDB: 0.17) and when pre-
training on AMASS (ACCAD: 3.26, GRAB: 3.13, DanceDB:
1.27). Overall, the performance gap was highly superior when
using AMASS for pretraining. This dataset is significantly
larger than H36M, confirming that using a larger set of motion
samples enables the model to learn a stronger prior on human
motion.

When using H36M, the TL improvement was substantial
only in ACCAD, while the performance of PVRED-SC and
PVRED-FT became closer in GRAB and DanceDB. In contrast,
our results showed a significant boost across all three target
datasets. Compared with H36M, the AMASS dataset includes a
more diverse set of action categories, allowing PVRED to better
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Fig. 4. Evaluation comparison between pretraining on H36M and on

AMASS. The improvement of PVRED-FT over PVRED-SC is measured
by the AUC, corresponding to the filled areas. Pretraining on AMASS is
significantly better.

generalize with stronger domain shift. These results highlight
the importance of using a large and diverse dataset for pretrain-
ing to enhance the effectiveness of TL across multiple HMP
contexts.

E. TL Evaluation

In this section, we present and discuss the TL metrics re-
sults, which are shown in Table VI. These metrics evaluate the
training performance of the tested approaches, highlighting the
training efficiency of TL methods compared with the scratch
baseline.

1) JSP Evaluation: The JSP measures the contribution of
pretrained knowledge by comparing the initial training loss.
FT consistently showed positive values, achieving up to 80.8%
increase using siMLPe on GRAB. These results highlight the
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TABLE VI
TL METRICS RESULTS FOR ALL FOUR HMP MODELS TRAINED ON
ACCAD, GRAB, AND DANCEDB

ACCAD Dataset GRAB Dataset DanceDB Dataset
JSP MEP TTC\ JSP MEP TTC\ JSP MEP TTC

PVRED-FT 67.4 15.0 96.3| 78.7 12.1 97.8| 514 7.4 988
PVRED-FAL -12.0 13.2 86.3|-25.7 109 89.0|-12.9 4.7 612
HRI-FT 47.3 31.0 17.2| 109 13.0 76.7|25.2 164 90.3
HRI-FAL 1.0 292 30.5|-1.7 13.7 80.4| 0.8 15.6 50.5
siMLPe-FT 52.0 17.4 96.7| 80.8 12.0 98.7| 60.6 5.7 99.8
siMLPe-FAL 483 19.0 94.7| 80.2 11.1 97.0| 61.7 7.4 98.1
PhysMoP-FT ~ 59.2 37.0 96.1| 64.4 22.7 98.6| 60.4 32.1 98.1
PhysMoP-FAL 60.1 36.7 94.5| 66.5 22.5 98.8| 62.4 324 97.8

Note: The metrics report the percentage improvement over the corre-
sponding scratch training. Best results are in bold.

contribution of pretrained knowledge in HMP, proving its effec-
tiveness in model training. In contrast, loss improvement in FAL
was limited because most model parameters are initially frozen,
which limits the learning capacity. This was particularly evident
in PVRED, where the autoregressive structure of the RNN was
strongly constrained. On the other hand, siMLPe and PhysMoPs
were less affected by parameter freezing, as both FT and FAL
achieved similar JSP values.

Overall, the JSP results confirm the contribution of pretrained
knowledge while emphasizing the need to adapt the learned
motion primitives to the specific target context.

2) MEP Evaluation: The MEP results support the quan-
titative findings discussed in Section V-A, showing that FT
and FAL consistently reduced the training loss compared with
scratch models. Interestingly, in most cases, the percentage im-
provement in MEP was lower than that observed in the accuracy
results. This indicates that TL approaches tend to perform better
over scratch during testing than during training, highlighting the
superior generalization capabilities of FT and FAL. Pretraining
on the source dataset provides a more comprehensive knowl-
edge of the human body, which helps the model generalize to
previously unseen motion sequences.

3) TTC Evaluation: The TTC measures the convergence
speed of TL approaches compared with the scratch baseline.
Both FT and FAL converged significantly faster across all target
datasets and models. Overall, FT was the fastest approach, often
converging more than 95% quicker than scratch. Notably, FAL
also demonstrated substantial training speed gains, despite the
initial freezing of model parameters. The TTC results highlight
another key advantage of using TL in HMP: it enables rapid
adaptation of the prediction model to specific target actions. As
the pretrained model is shared across all target domains, a single
pretrained checkpoint can be used for multiple context-specific
applications. This enables the rapid deployment of the HMP
model real-world application, reducing computational costs and
training time.

F. Qualitative Evaluation

In Fig. 5, we show example predictions from one of the TL
approaches (FT) and the scratch baseline. Overall, the predicted
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Fig. 5.

sequences from FT are consistently closer to the ground truth
compared with scratch training. This is particularly evident in
ACCAD-FT, where the model maintains high precision also
in long-term predictions. The sequences from DanceDB are
instead more challenging to predict due to rapid, full-body
movements. Here, both FT and scratch models struggle to make
accurate predictions, although FT outputs are more precise.
GRAB, on the other hand, involves only upper body motion,
which reduces the overall prediction error, consistent with the
trends observed in the quantitative evaluation.

VI. CONCLUSION

This article presents a unified framework and analytical study
of TL effectiveness in HMP to improve prediction accuracy
under data scarcity. To ensure the generalizability of our find-
ings, the experiments included multiple HMP models, TL ap-
proaches, and target datasets. Our results consistently show that
TL improves prediction accuracy across all the tested models
and target contexts compared with scratch training. Addition-
ally, TL methods achieved faster convergence, significantly re-
ducing training time. Overall, these findings demonstrate that
TL has strong potential to improve HMP accuracy, enhancing
the applicability of these systems for real-world tasks where
context-specific data is often scarce. Furthermore, the results
characterize the roles of dataset similarity and model archi-
tecture, highlighting the importance of using large and diverse
source datasets, in combination with HMP models capable of
learning structured motion features. In future work, we plan to
integrate TL methods in an HMP application to better under-
stand how they can improve motion predictions in real-world
contexts to further increase HMP applicability.
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