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Abstract

We investigate a motion generation model capable of producing desired motions using minimal pose data. Although sim-
ilar to conventional motion interpolation models in terms of motion data input, the key difference lies in our model's abil-
ity to generate diverse motions tailored to user intentions. To differentiate it from motion interpolation models, we
establish motion recognition and controllable motion generation systems utilizing pretrained generative models. We
develop the motion recognition system using a latent vector derived from the pretrained model's encoder, which encodes
substantial contextual information and can be identified by a simple linear support vector machine. The controllable
motion generation system employs the recognized latent vector and input poses, based on the pretrained model's decoder.
In experiments, our model demonstrates superior generated motion accuracy compared to text-based motion generation
models. We also compare our model with motion interpolation models, showing comparable performance. Furthermore,
we validate the efficacy of skip connections through qualitative evaluations. Finally, we confirm that our system can gen-

erate various types of motion utilizing latent vectors.
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Keywords: Motion generation; Action recognition; Generative pre-trained transformer; Metaverse applications

I. INTRODUCTION

Research on generating human motion profoundly
affects various sectors, including animation, gaming, and
Metaverse environments [1]. Realistic avatar motions are
crucial for crafting immersive experiences in these fields.
For instance, in animation, non-realistic character movements
can reduce viewer immersion. Traditionally, obtaining
accurate motion data has involved labor-intensive techniques
such as manual motion creation or motion capture equipment.
These methods are time-consuming and arduous [2]. To
overcome these challenges, researchers have developed
automated motion generation models employing various
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constraints, such as action-class labels, text, and music, to
generate motion. Utilizing action-class labels facilitates
the rapid generation of various motion types associated with
the specified labels [3-5]. However, producing motions
that incorporate the desired poses can be difficult. Studies
[6-8] employing text as input data can describe desired
motion in greater detail than action-class labels, thus
generating relatively specific motion. Nevertheless, accurately
describing all joint movements to generate the precise
motion requested by the user is complex. Our generation
model employs pose data as input to overcome these
challenges, enabling the creation of precise motion and
allowing users to develop customized motion as desired.
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We selected the conditional variational autoencoder
(CVAE) structure for our generative model due to its
inherent advantages. In variational autoencoders (VAEs),
the latent vector, condensed by the encoder, holds significant
information and can be utilized across various application
systems. Previous studies [3, 9] have employed latent vectors
for motion recognition. Another study [4] appended the
latent vectors with action-class labels and constrained the
generated motions using these labels. This paper also
utilizes latent vectors for tasks such as motion recognition
and controllable motion generation. By adopting the
CVAE structure, we can utilize two encoders and train
them concurrently. The proposed model includes a full-
motion encoder that learns the entire sequence of actions,
and a key-motion encoder that processes only a limited
set of pose data. By aligning the predicted mu (x) and
sigma (o) values from both encoders, the key-motion
encoder and full-motion encoder share their latent space.
Consequently, the key-motion encoder can reliably extract
latent vectors based on key poses.

The primary novelty of the proposed model is the
incorporation of a skip connection [10] into the CVAE
structure to address the shortcomings of previous motion
generation models. Prior studies have often faced issues
with training models on diverse datasets, typically converging
to intermediate values [11]. Similarly, training motion
generation models with extensive datasets often results in
convergence to average motion. Moreover, there are
instances where the generated motion does not correlate
with the input data due to posterior collapse [12]. We
theorize that these issues arise because the decoder depends
exclusively on the latent vector to generate motion. To
counter this, we introduce a skip connection that transmits
the input motion data directly to the decoder. This allows
the decoder to consider both the latent vector and the
input motion data, significantly improving its motion
generation capabilities. In the experimental section, we
qualitatively compare motions generated with and without
the skip connection. Training the model with extensive
motion data demonstrates that the skip connection effecti-
vely preserves the input pose data, thereby enhancing
motion generation accuracy.

The pretrained generative model can serve as the founda-
tion for a motion recognition system and a controllable
motion generation system. We develop a system that, using
this pretrained motion decoder, can determine the class of
motion to generate based on the latent vector and create
motion from the input poses. We hypothesize that the
latent vector captures contextual information essential for
differentiating various motions. To substantiate this, we
implement a motion recognition system that employs the
pretrained motion encoder. Even with limited pose data,
the motion recognition system achieves recognition rates
nearing 80%. Subsequently, distinct latent vectors specific
to each motion class are produced. The controllable motion
generation system can then generate motions in any desired
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class using these categorized latent vectors. Input poses
can be selected from the existing motion dataset to produce
the desired motion.

Our motion generation model differs from motion
interpolation models [13, 14]. While both models employ
pose data, our proposed motion generation model can
create diverse motions using pose data and latent vectors.
To demonstrate this, we constructed a controllable motion
generation system as described earlier. This system can
identify the class of motion to be generated based on a
latent vector. Even with identical pose data input, the
generated motions can vary depending on the latent vector.
This characteristic is unique to our motion generation model
and distinguishes it from traditional motion interpolation
models. The experiments showcase the differences between
motions generated by the interpolation and our proposed
systems using the same input pose data. The experimental
results show that the interpolation model linearly connects
input motions, while our system generates a variety of
motion types based on the latent vector.

The primary contributions of our research are as follows.
First, we introduce a motion generation model using key
pose data. Second, to address limitations in existing motion
generation models, we incorporate a skip connection and
confirm its efficacy through experiments. Third, we have
developed an action recognition system and a controllable
motion generation system utilizing a pretrained generative
model. Lastly, we demonstrate the differences between
the motion interpolation model and our proposed generation
model through experimental results.

Il. RELATED WORK
A. Human Motion Data Generation Model

Motion generation models have employed various
methods, including generative adversarial networks (GANs)
[15], VAEs [16], normalizing flows (NFs), and generative
pretrained transformers (GPTs) [17]. These methods provide
diverse frameworks for generating motion data, each
showcasing individual characteristics.

The GAN-based models consist of a generator and a
discriminator [15]. The generator creates human-like
motion data using noise data, while the discriminator
assesses whether the data are real or fake. Ahn et al. [18]
utilized GANs based on recurrent neural networks (RNNs)
for generating human motion. ActFormer [11] includes
transformers [19] and can generate multiperson motion
data. Yan et al. [20] introduced the convolutional sequence
generation network that utilizes a Gaussian process latent
prior as input data. For GANSs, training can be challenging,
and the risk of model collapse is significant [4]. Some
studies have shown a preference for VAEs over GANSs in
human motion generation tasks [4, 6].

The NF generates accurate motion data as it does not
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involve approximation in predicting probability distributions
[21]. In stylized motion research [22], the NF method has
been utilized to extract and apply a motion style to a new
motion. The MoGlow [21] method employs the generative
flow (Glow) [23] architecture. The quality of motion
produced by MoGlow [21] was observed to be high.
However, the NF method faces limitations due to strict
design requirements for the transition function, which
must possess an easily computable inverse and Jacobian
determinant to enable NF application. Consequently, the
NF is less frequently adopted compared to other methods
such as GANs and VAEs.

Like the NF, VAEs predict probability density functions
but differ in that they utilize approximations in some
aspects. VAEs feature a structure akin to autoencoders,
where the encoder processes the input data to extract the
4 and o values, and the decoder uses these x and o
variables to generate new motion data. Habibie et al. [24]
employed RNN-based VAE architectures. The CVAE [25]
was introduced to include control factors for generating
desired motion data. Various studies have imposed
constraints to produce specific motion outcomes. The
action-conditioned transformer (ACTOR) [3] produces a
variety of motion data using action-class labels. Similarly,
Action2Motion [5] utilizes action-class labels to generate
human motion data. Li et al. [26] proposed Audio2Gestures,
which creates gestures from speech audio. Due to the
ease of applying constraints and training VAEs, these
have found widespread use across numerous studies.
Limited attempts have been made to employ GPT [17] in
motion generation. In PoseGPT [4], although the overall
structure is based on the autoencoder design, GPT is
integrated internally to predict new sequences. The input
motion data are quantized by an encoder and codebook,
while GPT sequentially predicts the latent vector for the
subsequent sequence.

In summary, VAE-based approaches are extensively
researched within motion generation models, with recent
explorations extending to NF and GPT-based methods.
We have also employed the CVAE structure to generate
motion data and have introduced skip connections to
address issues related to posterior collapse and motion
convergence.

B. Human Motion Data Generation Constraints

In motion generation research, various inputs serve as
constraints. Researchers have employed conditions such
as text [6, 7, 27], action-class labels [3, 4, 11], music [28-
31], and styles to produce motion [22]. Predominantly,
studies involving action-class labels are utilized. The
earlier mentioned PoseGPT [4] and ACTOR [3] models
also create new motion types using action-class labels.
Action2Motion [5] inputs a sequence of vectors composed
of action classes into a VAE to generate continuous motion.

Next, several studies have created motion using text
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input. The motion contrastive language-image pre-training
(MotionCLIP) [8] generates motion where a CLIP [32]
encoder processes the input text, and a pretrained motion
CLIP decoder reconstructs the motion. In research by
Ghosh et al. [7], input text data is vectorized using the
bidirectional encoder representations from transformers
(BERT) [33] algorithm and encoded by the sentence
encoder. The system alternately inputs the encoded vectors
from the hierarchical pose encoder and the sentence
encoder into the decoder. In the testing environment, the
hierarchical pose encoder is omitted, and a sentence
encoder based on BERT is used alongside a hierarchical
pose decoder for motion generation. Analogous to this,
TEMOS [6] derives features from the input text using the
pretrained natural language processing algorithm distilled
BERT (DistilBERT) [34]. The encoder processes these
features into a latent vector and conveys them to the
decoder. Furthermore, TEMOS [6] incorporates text and
motion encoders. The suggested system references the
aforementioned architectures and utilizes keyframe and
full-frame encoders, which are trained alternately, with
only the keyframe encoder operational during the testing
phase.

C. Motion Interpolation

Research in motion interpolation has predominantly
focused on keyframe-based systems. The primary aim of
these studies is to generate a smooth transitional motion
between keyframes. Typically, this transitional motion is
created using a linear interpolation system. Commercial
software such as Blender and Unity employ spline
interpolation to transition between two keyframe actions.
Historically, researchers have used statistical models to
forecast natural transition behavior between two actions
[35-37]. Motion interpolation has seen considerable develop-
ments with the advent of deep learning [38-40]. Recently, a
number of researchers have been investigating the use of
transformers for interpolating between keyframes [41,
42]. In [13], they formulated three stages of transformer-
based models to create continuous motion. Similar to our
work, Qin et al. [14] considered context information to
create transitional motions, dividing the motion inter-
polation model into two stages: the context transformer
and the detail transformer. The context transformer
generates coarse transitional motions based on context,
while the detail transformer refines them. Their approach
is similar to our proposed system in terms of using context
information. However, it requires continuous context frames
to extract this information. Moreover, their definition of
‘context’ pertains to motion style, as opposed to our
definition involving motion class. Consequently, our
proposed system and motion interpolation research pursue
different objectives in motion generation. Our system
aims to generate varied intermediate motions from input
data, whereas interpolation systems primarily strive to
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produce smoothly connected motions. We confirm these
distinctions through experimental results.

lll. PROPOSED SYSTEM

This section outlines the proposed motion generation
model structure and its training methods. Subsequently,
we discuss the application of the pretrained model in
developing systems for motion recognition and controllable
motion generation.

A. Key Pose-based Motion Generation System

The proposed system generates all motion data using
only a limited set of pose data. It is designed around a
CVAE [25] architecture that includes two encoders and a
decoder. Fig. 1 illustrates the overall architecture of the
proposed system. Additionally, TEMOS [6] and the
research by Ghosh et al. [7] influenced this design. The
two encoders consist of a full-motion encoder (£) that
processes the entire frame and a key-motion encoder (Ey)
that focuses on a small number of frames. Each encoder
features a transformer encoder and calculates both the
mean () and covariance (o). We employed the repara-
meterization technique for generation.

Latent vectors (Z) are derived from the x and o values.
During the training phase, both encoders were employed
to train the key-motion encoder, while only the key-motion
encoder was used to generate motion during the inference
stage. Ultimately, utilizing a transformer decoder, the
decoder can produce the complete motion data through
the latent vector (Z) and the positional encoding vector.

1) Motion Encoder

Data preprocessing converted the skinned multi-person
linear model (SMPL) format data into feature vectors. We
excluded rotational data for both hands and transformed
the SMPL's axis-angle format into a six-dimensional
representation [43]. We concatenated the root joint

translation r,.,, € R’ with the body joint rotation p € R**

to form a feature vector fe R'” . Consequently, we input
the feature vectors F = {f,, f,, --f,} € R into the gene-
ration system, where 7 represents the frame length of the
motion.

To train the key-motion encoder, the extraction of key
poses (Fy,,) from the complete motion sequence F; is
necessary. Key pose frames were selected by dividing the
full frames evenly according to the number of key poses
(K). During the extraction of key pose data, the unselected
frame data were minimized to preserve the format of the
input data. Consequently, the key-motion encoder was
trained to generate the latent vector Z using sparse motion
data (Fy,,). Although the encoder consistently receives a
fixed number (K) of key pose data during training, K can
be adjusted flexibly during testing. For example, the system
trained with ten key poses can still generate accurate
motion with only six key poses. The completeness of the
motion improves proportionally to how accurately the six
key poses represent the intended motion characteristics.

Although the data from the feature vectors differed, the
internal operation process remained identical for both
encoders. The feature vectors (F) were transformed into
embedding vectors (H) by an embedding network consisting
of a straightforward multilayer perceptron:

H=MLP(F) u, o=EH), (1)

where E() represents the motion encoder, and MLP()
denotes the embedding network.

The transformed embedding vector was sequentially
input into the transformer encoder, where iterative self-
attention operations were performed. The spatiotemporal
relationships in the input data were captured in the output
through these self-attention processes in the encoder.
Subsequently, only the g and o values were extracted
from the output data, which were then used to construct a
latent vector using (Z € R*") the reparameterization
technique. Finally, the latent vector was obtained using
Eq. (2) from the normal distribution:

Generated motion

Full frame Lrocon
2 4 4 & 2 2 8 3 & 2 Full motion Encoder . {;\ 2 2 2 2 2 ,\ 2 a2
IBISSASSSE WM LLLLLELRLE
~>| |5 1 Transformer
=] ry
o s Zp :
= Encoder -cr
Key pose & TN (up, or) % Sampling Motion Decoder
Extraction — ,1)
i L .. Context-attenti
Key motion Encoder KL Ligtent | Z ontext-attention
3 & & ¥ E N (ug, ox) UJ Sampling :
\ : £ I\ — |2 Transformer o 7K ]
: 5 Brneadkr s Pose-attention
i L 1L 3 : (2]
Key poses | D

[ ------- > Full frame data path — Key pose data path ]

Skip connection

Positional Encodings

Fig. 1. Overall architecture of the proposed motion generation system.
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Z = Sample(dist(0, 1)) * o+ 4, 2)

where dist(0, 1) represents the normal distribution, and
Sample( ) refers to a sampling function.

2) Motion Decoder and Skip Connection

We utilized a transformer decoder that includes two
distinct attention layers as a motion decoder. These layers,
pose attention (At,,,) and context attention (A#.,e.),
perform separate functions. The initial A#,,,, layer distributes
pose information across the entire action dataset from a
selected subset of action data when activated by the key-
motion encoder. The vectors inputted into the pose
attention layer, denoted as S, are the sum of the initial
embedding vectors H and positional vectors P. When the
full-motion encoder is activated, only the positional
vectors P are inputted to the A7, layer. The embedding
vectors H are transmitted via a skip connection, while the
positional values P are computed using a periodic wave
function. The variable S encapsulates both positional
information for each frame and pose-specific information
from targeted keyframes. Within the pose attention layer,
the input S undergoes repeated self-attention operations,
thereby allowing pose information from keyframes to
permeate across the entire sequence. As a result, the
output from the pose attention layer embodies the prior
pose information based on H.

Next, the second context attention (A4#,,,,..,) layer was
applied to the latent vector (Z) from the motion encoder
and the output of the previous self-attention operation. At
this point, Z encapsulates the context information of the
action to be generated, while the output from the first
Att,,, contains the input pose information. The cross-
attention operation facilitates the effective integration of
these two information streams, resulting in the final
output of the decoder accurately captures the context and
pose information, resulting in highly expressive motion.
The decoder output matches F. Thus, we compared the

decoder output with the input F to calculate the reconstruction
loss.

3) Training Method

In the training phase, we trained two motion encoders
and one motion decoder. The proposed training method is
inspired by the TEMOS [6] and work by Ghosh et al. [7].
The loss function used during training consists of three
distinct components: reconstruction loss (L,,,,), Kullback-
Leibler (KL) loss (Lg;), and latent vector loss (L,,..,). The
reconstruction loss L,,.,, measures the difference between
the decoder-output feature vector and the ground-truth
feature vector, we calculated two reconstruction losses
from two encoders: the full-motion and key-motion encoders.
Additionally, L,,,,, is the sum of the reconstruction losses
from both encoders. The generative model can simulate
human-like motion through L, Next, Ly, represents
the loss predicting the probability distribution derived
from the x and o of each encoder, aiming to align the
probability distributions extracted from both encoders.
We applied the KL divergence loss terms (Lg;) to
encourage similarity between the predicted probability
distributions from each encoder. Further, L., calculates
the L1 distance between the latent vectors of each encoder.
Owing to these two loss terms, the key-motion encoder,
which uses a limited dataset, can derive a latent vector
similar to that of the full-motion encoder:

L= Lrewn + ﬁ’KLLKL + ﬂ’lateleatenn (3)

where A, and 4,,,,, represent hyperparameters determined
through iterative experimentation.

B. Application Systems using the Pretrained
Generative Model

This section addresses the construction of application
systems (i.e., the action recognition and controllable motion

e ™ (b) (
[ Linear SVM ] m 4, 4, A, $ ’ " ‘ ! ¢
= —apes M
Otlon; e 1 ‘ Pretrained ’

o s ()2 J— ] -

Context vector selection

Motion decoder

§ $ 4 §
(ﬁ/ﬁ ﬁ / A;: action label of it input data iﬁ\ W (ﬁ\ ﬁ
n
n : number of input data
Key pose dataset Y, Ay : desired action class Desired pose data
() Z4 - desired context vector ©)

Fig. 2. Overall architecture of the application systems, comprising the action recognition (a) and controllable motion generation

systems (c). (b) describes the recognized latent vectors.
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generation systems) using the pretrained model. The
overall structure of each application system is illustrated
in Fig. 2. An advantage of this approach is that it requires no
additional training procedures to implement each system.

1) Action Recognition System

We developed an action recognition system using the
pretrained motion encoder. We hypothesized that if the
latent vector Z encapsulates sufficient contextual information,
it can uniquely map to the latent space for each action.
Consequently, Z becomes a valuable asset for an action
recognition system. To validate our hypothesis, we classified
the latent vectors from the motion encoder using the
simplest recognition algorithm, the linear support vector
machine (SVM). We present the recognition system in
Fig. 2(a). The pretrained motion encoder converts the key
pose dataset into latent vectors. The linear SVM then
predicts action class labels for all input latent vectors,
resulting in recognized latent vectors as depicted in
Fig. 2(b). We employed a linear classifier to avoid re-
extracting features and focused on verifying if the latent
vectors contained contextual information. The detailed
setup of the environment is discussed in the experimental
section for the recognition system.

2) Controllable Motion Generation System

We developed a controllable motion generation system
by utilizing a pretrained motion decoder. Fig. 2(c) depicts
this system. The decoder uses pose data and a context
vector to generate and control actions based on these
inputs. Pose data specify the poses to be included in the
output action. We selected the latent vector of the desired
action by leveraging the recognized latent vector. This
selected latent vector serves as the context vector and
inputs to the pretrained motion decoder. Despite the
sparsity of desired pose data, the generated motions are
continuous and exhibit an upward boxing motion. In the
experimental section, we maintained consistent pose
inputs while varying the context vectors to compare the
generated motions with the interpolated motion.

IV. EXPERIMENTS

We conducted experiments to evaluate and verify the
proposed generation model. We used different datasets for
each experiment, tailored to specific purposes. Initially,
we compared the proposed model with existing research
concerning the accuracy of the generated motion. To
facilitate this comparison, we utilized the Karlsruhe Institute
of Technology (KIT) Whole-body Human Motion Database
and the Anidance benchmark. Subsequently, we trained
the generation model using a subset of the Archive of
Motion Capture as Surface Shapes (AMASS) dataset [44]
to assess the effectiveness of the skip connection. We
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evaluated the motion generation system both with and
without the skip connection. Finally, we explored the
applications of the pretrained generative model, including
action recognition and controllable motion generation
systems. For building the motion recognition system, we
employed the HumanAct12 dataset [5], which consists of
motion data with class labels. We compared the pretrained
generative model with the standard interpolation system
in the final experiment.

A. Quantitative Experimental Results

In this section, we quantitatively evaluated our models.
We hypothesized that directly inputting poses would
yield more accurate motion than text input. The initial
experiment aimed to test this hypothesis. Subsequently,
we compared our model with existing motion interpolation
models.

1) Training Dataset

As previously mentioned, we evaluated our method on
the KIT data and Anidance. The KIT dataset includes the
KIT Whole-body Human Motion Database [45] and the
Carnegie Mellon University (CMU) Graphics Lab Motion
Capture Database [46] as a paired dataset of sentences
and actions. The KIT data comprises raw motion capture
data, which are processed using the master motor map
framework [47]. It contains 3,911 motion sequences and
6,353 sequence-level annotations. The Language2Pose
[27] method parsed the KIT dataset into 1,784 sets for
training, 566 validation, and 587 testing motion instances
were recorded. Additionally, TEMOS [6] and the study
by Ghosh et al. [7] utilized 520 sequences for testing.
Previous studies downsampled the 100 Hz KIT motion
data to 12.5 Hz. We also conducted tests under the same
conditions using the 520-sequence dataset.

Next, Tang et al. [39] introduced the Anidance dataset
for generating dance sequences from music. Duan et al.
[41] excluded audio features and employed the dataset
for motion completion tasks. The Anidance dataset was
then used for infilling tasks, involving the generation of
motion frames between sparse keyframes. It includes 61
dance sequences across four genres, recorded at 25 frames
per second and comprises 101,390 frames capturing the
global positional coordinates of skeletal joints. Following
previous evaluation settings, we used a window size of
128 and an offset size of 64, resulting in 1,117 training
sequences and 323 evaluation sequences.

2) Comparison Results with Existing Models

We compared our models with existing text-based motion
generation models using the average positional error and
average variance error as quantitative evaluation metrics.
These metrics calculate errors based on each joint’s position
and covariance using the L2-norm. This evaluation method,
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Table 1. Quantitative generated-motion accuracy comparison of the proposed model with text-based generation models

Generative but Controllable Motion Generation through Key Poses and Context Vectors

Average position error

Root joint  Trajectory Meal (L)
JL2P [27] 1.622 1.616 0.097
Ghosh et al. [7] 1.291 1.242 0.206
TEMOS [6] 0.963 0.955 0.104
Without Skip 0.141 0.139 0.035
With Skip 0.137 0.135 0.034

Average variance error

Mean (G) Root joint Trajectory Meal (L) Mean (G)
1.630 0.669 0.669 0.006 0.672
1.294 0.564 0.548 0.024 0.563
0.976 0.445 0.445 0.005 0.448
0.147 0.047 0.047 0.001 0.049
0.143 0.048 0.048 0.001 0.049

L and G represent local and global, respectively.

widely used in previous studies [6, 7, 27], indicates that a
smaller error value signifies better performance. Further-
more, TEMOS [6] modified the previously applied evaluation
method. We assessed our system’s performance according
to the TEMOS [6] evaluation protocol.

Table 1 lists the comparative results of quantitative
performance. In our performance evaluation, we distingui-
shed between configurations of the proposed system with
and without the skip connection. The results in Table 1
show that our method performs exceptionally well
compared to other systems, particularly the configuration
using the skip connection. Using only the KIT dataset
[45], the method without the skip connection also exhibited
excellent results, confirming that direct use of pose data
can significantly enhance motion generation and more
accurate motion data than indirectly transmitting text
input data.

Next, we compared our models with motion interpolation
models. In this evaluation, we adopted L2P metrics that
calculate the L2-norm on global position data. We set
transition motion lengths to 5, 15, and 30 frames. Table 2
represents the comparison results [40, 48, 49]. A model
that extracts lower L2P values can generate more accurate
transition motion. Thus, lower L2P values indicate better
model performance. Our model achieved the best perfor-
mance at 30 frames and yielded comparable results at 5
and 15 frames. Because our model primarily focuses on
generating motion, it performs slightly worse in inter-
polation. However, our model holds an advantage in
generating motions with long-time dependencies due to its

Table 2. Quantitative comparison results of the proposed model
with interpolation models

L2p
Method
5 frames 15 frames 30 frames
Autoencoder [40] 3.57 3.69 3.93
SSMCT [48] 0.84 1.46 1.64
A-Interpolator [49] 0.60 0.74 1.01
Proposed 0.67 0.84 0.99

Jaeyeong Ryu et al.

CVAE structure. The latent vector preserves the motion
context and provides evidence for the generated motion.
Therefore, we achieved the best performance in the 30-
frame evaluation.

This experiment quantitatively evaluated the generated
motion using the proposed model. We observed that the
proposed model can create accurate motion data based on
a small number of pose data. The pose-based system
exhibited superior accuracy in generating motion compared
to the text input method. Using pose data as input should
inherently yield better performance than text input;
however, we confirmed the possibility and advantages of
the motion generation system based on a small number of
pose data. In addition, we compared our model with
interpolation models. The comparison results demonstrate
that our model can achieve comparable performance to
interpolation models. In particular, our model achieves
the best performance in long-range motion. These results
originated from our model’s purpose and architecture.
Our model can detect the user’s intent from key poses and
generate desired motions using latent vectors. Consequently,
our model exhibits robustness in generating long-range
motion by utilizing the detected latent vector.

3) Ablation Studies

In ablation studies, we confirmed the effectiveness of
model structures such as skip connections (Skip), a full-
motion encoder (Encoder), and linear interpolation (LERP).
We used the Anidance data and compared L2P for each
structure setup. Table 3 shows the results of ablation
studies. The first row represents the result of the original
CVAE model, which is the worst performance. When we
applied the skip connection to the original model, the
performance significantly increased. Thus, skip connections
play an important role in enhancing the accuracy of the
generated motion. Next, we used both the key- and full-
motion encoders in the training process and applied full-
motion encoder-related loss terms. The model performance
slightly increased. Lastly, we interpolated sparse keyframe
data and input it to our model. This case also did not
increase the performance dramatically. In short, the skip
connection is more powerful than other structures in
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Table 3. Ablation of the proposed model structure

L2p
Skip  Encoder LERP 5 15 30
frames frames frames
X X X 0.84 1.34 1.96
v X X 0.70 0.87 1.06
X v X 0.82 1.34 1.93
X X v 0.82 1.30 1.81
v v v 0.67 0.84 0.99

terms of the accuracy of output motion.

B. Qualitative Experimental Results

To assess the influence of the skip connection, we
conducted a qualitative evaluation of the generated
motion and compared the results with and without the
skip connection, utilizing multiple training datasets.

1) Training Dataset

In this experiment, we utilized the AMASS dataset [44]
in SMPL-X format [50]. The datasets were categorized
into training, validation, and testing data according to
BABEL protocol. For the multiple training datasets, we
used the Bio Motion Lab (BML) MoVi [51], BMLrub [52],
and CMU datasets [46]. The BML MoVi dataset [51]
encompasses daily human and sports motions captured
through various sensing systems, including cameras,
inertial measurement units, and optical motion capture
systems. We allocated 845 for training, 267 for validation,
and 266 for testing from the BML MoVi [51] dataset in
the experiment. Additionally, BMLrub [52] includes 1,678
training, 526 validation, and 532 testing data. Finally, the
CMU dataset [46], previously included in the KIT, features
motion data collected in diverse environments such as
two-person interactions, sports, and scenario motions. We
allocated 996 for training, 386 for validation, and 320 for
testing in the CMU dataset [46]. With the multiple training
datasets, the experiment utilized 5,816 motion data,
classified into 3,519 training, 1,179 validation, and 1,118
testing data.

2) Experimental Results and Discussion

We explored the effects of the skip connection on
identical inputs. We assessed the results for two actions
using visualization tools from TEMOS [6]. The first row
in Fig. 3 displays the ground-truth data for each action.
We input ten pose data from the ground-truth into the
proposed generation model and analyzed the impact of
the skip connection by comparing the middle and last
rows in Fig. 3.

Fig. 3 illustrates the significant differences in generated
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motion depending on the application of the skip connection.
Without the skip connection, the input pose data
characteristics vanish, and the motion range decreases.
Specifically, in the motion for putting in contact lenses
(Fig. 3(a)), using the skip connection yields motion
similar to the ground-truth, while the third row of motion
differs significantly from the ground-truth. Both hands
fail to reach the avatar’s face in the motion sequence
without the skip connection. Moreover, in the throwing
motion (Fig. 3(b)), the arm movement range is narrow,
and there is almost no waist movement. Similarly, the
range of both arms' movement in the receiving motion is
narrow. This observation aligns with the average motion
convergence noted in previous studies [11]. We addressed
these issues using the skip connection. The fifth row in
Fig. 3 depicts the outcomes using the skip connection for
both the throwing and receiving motions. Here, the arm
motion range is noticeably broader. Subsequently, the
waist dynamically bends in the receiving motion, enabling
both hands to catch the item effectively. The results
qualitatively confirm that the skip connection enhances
the joint motion range and preserves the input pose data’s
expressiveness.

This experiment confirmed the effectiveness of the
skip connection and demonstrated the need for structural
improvements in the basic VAE to handle substantial
training data. We explored a generative model capable of
learning extensive human motion data to construct a
substantial latent space. Thus, our objective was to train
the model on a large volume of motion data, but this
reduced the motion expressiveness. We resolved this issue
by implementing the skip connection in the VAE, which
enhanced motion expressiveness. In summary, training
VAE-based generative models with copious amounts of
data revealed the difficulty of conveying all motion
information solely through latent vectors. Consequently,
we used the skip connection to transfer the input motion
data directly to the decoder.

C. Pretrained Generative Model Applications

This section establishes two application systems and
verifies the differences between the proposed generation
system and existing motion interpolation models. Like
motion interpolation systems, the proposed system uses
pose data as input. However, the generation system can
produce distinct actions based on contextual information,
even with identical pose input. To verify this capability,
we confirmed whether a motion recognition system can
classify latent vectors according to action-class labels in
experiments. Subsequently, we utilized the classified latent
vectors and pose data to generate motions and compared
these with interpolated motions. Additionally, we experi-
mentally validated the roles of attention modules in the
motion decoder.
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Fig. 3. Qualitative comparison results: generative model trained with multiple datasets. We tested two actions: (a) putting in contact
lenses and (b) the throwing and receiving motions. The top three rows show the putting in contact lenses motion, and the bottom three

rows depict the throwing and receiving motion.

1) Action Recognition System

This experiment utilizes the HumanAct12 dataset [5],
which contains labeled human motion data divided into
12 action classes and further subdivided into 34 classes.
We extracted SMPL data formats from the HumanAct12
dataset [5], and the preprocessing steps followed those
used in previous datasets.

The data was divided into training, validation, and
testing sets according to previous studies’ methodologies.
For the HumanAct12 dataset [5], we used 1,191 training,
61 validation, and 171 testing datasets.

As previously mentioned, we employed the pretrained
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motion encoder and linear SVM to develop an action
recognition system. The encoder processes input pose data
into latent vectors, which the SVM classifies. The results
are summarized in Table 4, with each row indicating a
different training setup of the generative model. For
example, the system in the first row was trained with 5
key pose data and without a skip connection. Initially, we
compared recognition accuracy between generative models
with and without skip connection. Recognition rates
decreased when skip connections were used because the
decoder processes both latent vector and pose data. We
then examined the differences in recognition rates between
the key-motion encoder (K=5) and the full-motion

http://jcse.kiise.org



Journal of Computing Science and Engineering, Vol. 18, No. 4, December 2024, pp. 181-195

Table 4. Recognition comparison results according to the motion
encoder and the number of key poses

Accuracy (%)
Skip Key pose
connection number (K) Key Complete
encoder encoder
X 5 83.62 84.79
v 5 81.87 84.21
v 10 87.71 88.88
v 15 88.88 90.05

encoder, the latter displaying a higher recognition rate.
Additionally, increasing the number of key pose data
enhanced the recognition rate. This indicates potential data
loss in the key pose-based latent vectors. Nonetheless, even
with a limited number of frames, the system achieved a
reasonable action recognition performance around 80%.
These results demonstrate the efficacy of latent vectors in
classifying motion.

From these recognition rates, we concluded that the
latent vectors capture contextual information capable of
distinguishing different motion. This confirms that the

Input poses
&
Interpolation

Generation with
Latent vector
(@) s ¢ ¢

Generation with
Latent vector

(b)

latent vectors provide essential contextual information in
the system’s decoder, and the context attention module
generates motion based on this embedded information.

2) Controllable Motion Generation System

This experiment utilizes the pretrained decoder of the
generative model to generate desired motion using the
input: pose data and latent vectors. We determined that
the innovation of pose-based generation systems distinctly
differs from motion interpolation systems. The motion
decoder receives latent vectors and pose data derived
from the HumanActl2 dataset. In the experiment, we
selected motion classes with similar poses and extracted
commonly shared pose data.

To clearly identify the differences, we compared the
generated motions and interpolated motions using their
trajectories in Figs. 4 and 5, which illustrate motion data
projected onto an SMPL unity avatar, where the trajectories
visualize the avatar’s right hand positions. The first rows
in Figs. 4 and 5 illustrate the pose data input into the
decoder (yellow rectangles). The blue points indicate the
avatar’s right hand positions relative to key pose data.
Consequently, we used 5 key pose data points to generate
motion data. The yellow trajectory in the first rows depicts

Fig. 4. Qualitative comparison results: Generated motions using the controllable motion generation system, testing two actions
comprising (a) boxing right upward and (b) throwing. The first row illustrates the input posed data (yellow rectangles) and interpolated
motion. Subsequent rows display the results generated using the latent vectors for boxing right upward and throwing.

http://dx.doi.org/10.5626/JCSE.2024.18.4.181 190 Jaeyeong Ryu et al.



Generative but Controllable Motion Generation through Key Poses and Context Vectors

Input poses
&
Interpolation

Generation with
Latent vector

(@)

Generation with
Latent vector

(b)

s B R T -
e ﬁu —

i
et
P

Y

'
4§
J

§
tH

Fig. 5. Qualitative comparison results: Generated motions using the controllable motion generation system, testing two actions
comprising (a) both hands lifting and (b) right and left punching. The first row shows input posed data (yellow rectangles) and
interpolated motion. The second row displays the generated motion using the latent vector for both hands lifting. The last row illustrates
the generation results for the right and left punching using the latent vector.

the interpolated motion data, generated by linearly
connecting the input poses using spherical linear inter-
polation. The latent vectors were identified using the
previous motion recognition system. Subsequently, we
selectively chose recognized latent vectors corresponding
to the action class and fed them into the decoder. The
second and third rows display the results after inputting
the latent vectors for selected motion classes. Despite the
consistent use of the same pose data, the generated
motions vary based on the latent vectors.

Initially, we compared the generated motions and
interpolated motion in Fig. 4. The yellow trajectory and
avatar illustrate a straightforward movement where the
avatar’s right hand linearly follows the trajectory
between blue points. Subsequent to this, the red trajectory
signifies the results when latent vectors for the boxing
right upward motion are input. In Contrast to the yellow
trajectory, this trajectory exhibits a downward curve
depicting an upward punching motion. Even with slight
modifications to the input poses, the red trajectory adheres
closely to positions akin to those input (blue points).
Finally, the green trajectory signifies the generated motion
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using identical pose data and latent vectors for the
throwing motion. Unlike prior cases, the green trajectory
forms a distinctive upper semicircular curve as it transitions
from the back to the front, simulating a throwing motion.
The comprehensive avatar motion in the third row mimics
throwing an object toward the front, with positions of the
input poses marginally adjusted to match the throwing
motion’s characteristics.

The comparison results are shown in Fig. 5, where
motions involving both hands and selected shared pose
data with minimized differences between each pose were
utilized. Except for the first key pose, blue points cluster
at similar positions. Due to this setup, the range of
interpolated motion is restricted in the first row of Fig. 5,
causing the avatar’s hands to consistently maintain positions
in front of the chest. The second row depicts generated
motion employing latent vectors for the motion of lifting
both hands. The avatar’s hands move up and down
rhythmically. Furthermore, the red trajectory is significantly
longer than the yellow trajectory. The last row shows the
motion generated using identical pose data and latent
vectors for both right and left punching motions. Here,
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the avatar’s hands sequentially advance and retract. Unlike
the red trajectory, the green trajectory extends directly
forward. This experiment allowed us to clearly discern
differences between the generated motion and the
interpolated motion derived from pose data with minimal
movement alteration. Unlike simple interpolation methods,
the generative model produces varied trajectories based
on contextual vectors, enabling the generation of diverse
motion types using the same pose data with latent vectors.

The experimental results verify that the controllable
motion generation model effectively manipulates the
resultant motion data through both latent vectors and
input pose data. Users can define the motion’s context
using latent vectors and manipulate its form by altering
the input poses. For example, in the process of throwing,
the alignment of arm height and trajectories with the
input poses is precise.

V. CONCLUSION

We proposed a motion generation model using a small
number of pose data as input. The experimental results
confirm that the proposed model can accurately generate
human motion data. Furthermore, we incorporated a skip
connection into the CVAE model, enabling extensive
learning from substantial training data. The qualitative
experiments suggest a marked enhancement in the expre-
ssiveness of the generated motion following the imple-
mentation of the skip connection.

The pretrained generative model supports the develop-
ment of action recognition and controllable motion gene-
ration systems. The encoded latent vector captures essential
context information applicable to the recognition system.
The controllable motion generation systems can produce
specific motions by modifying input poses and latent
vectors. Thus, virtual environment content creators can
employ the proposed system to generate desired motions.
Finally, we compared the proposed generation system
with the interpolation system using a controllable motion
generation system. The generation system can produce a
variety of motions using identical input poses, unlike the
interpolation system.

The controllable motion generation system relies more
on the latent vector compared to key pose data for motion
generation. This characteristic stems from the design of the
generation model that seeks to generate desired motions
by detecting the user’s intent. In this system, the user’s
intent is directly input as a latent vector. Therefore, when
distinct key poses and latent vectors are intentionally
input into the system, it generates new motions based on
the latent vector. We can mitigate this tendency by
expanding the scale of the training data. By training on a
wide array of motion data, the model increasingly reflects
key poses in the motions it generates. Consequently, we
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plan to progressively increase the number of training
datasets. We currently work with a maximum of three
datasets; however, future work could utilize additional
motion data from AMASS [44]. We anticipate that training
on extensive motion data could significantly enhance
both the encoding capabilities of the encoder and the
performance of the decoder in generating motion data.
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