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Abstract—In this paper, we propose a Transformer-based 

Variational Auto-Encoder (VAE) model for generating 3D human 

action sequences. The method is designed to address issues of action 

ambiguity and regression to mean poses commonly found in previous 

GRU-based models. Our model consists of a real action encoder, a 

generation encoder, and a decoder, which effectively captures both 

global and local action dependencies through the self-attention 

mechanism. The proposed model demonstrates significant 

improvements in recognition accuracy, diversity, and visual quality 

metrics, achieving the best performance on the HumanAct12 dataset. 

This work represents a key advancement in the field of 3D human 

motion generation and offers potential applications in virtual reality 

and medical simulations. 

 
Keywords—3D Action Generation, Transformer, Variational Auto-

Encoder.  

I. INTRODUCTION 

With the recent emergence of large language model (LLM)-

based generative AI services such as ChatGPT [1] and Gemini 

[2], research into image and video generation [3, 4] has gained 

considerable attention. However, when generating human 

actions using these models, distortions in realistic expression 

and posture often occur. This poses a significant challenge for 

applications requiring precise human posture representation, 

such as medical data generation or character control in virtual 

reality environments. To address these concerns, research on 

skeleton-based human action generation [5, 6, 7, 8] has been 

actively pursued. 

For instance, Action2Motion [7] introduced a method of 

generating actions using a Variational Auto-Encoder (VAE), 

representing stable 3D human joint rotations via Lie algebra, 

and achieving human-like motion generation. Despite the high 

performance of the GRU-based VAE model [9, 10], it remains 

sensitive to sequence length and struggles to effectively process 

global context information. This often leads to a regression 

toward mean poses after a certain period, introducing ambiguity 

in the generated action sequences. 

One of the key challenges with GRU-based models is their 

difficulty in capturing long-range dependencies, especially in 

human motion sequences that require modeling complex, 

dynamic changes over time. This limitation becomes more 

evident in sequences involving varied, multi-step actions or 

interactions between multiple joints in the skeleton. 

Additionally, GRU models tend to lose contextual information 
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over extended sequences, making it difficult to maintain 

realistic, continuous motion. These drawbacks highlight the 

need for a more robust approach to effectively capture both 

local and global dependencies in human action generation. 

To overcome these limitations, we propose a Transformer-

based VAE model. Our Transformer VAE consists of a real 

action encoder, a generation encoder, and a decoder. The real 

action encoder is designed to estimate the latent space from real 

human actions, while the generation encoder estimates the 

latent space for specific actions starting from initialized poses. 

The decoder then generates human actions by decoding the 

latent space along with the features derived from the generation 

encoder. This approach reduces ambiguous movements and 

achieves the best performance on the HumanAct12 dataset. 

The structure of this paper is as follows. Section 2 explains 

the proposed model in detail, Section 3 presents the 

experimental results. Finally, a conclusion is drawn in Section 

4. 

II. METHODS 

The overview of the proposed model in this paper is shown 

in Fig. 1. The structure of the proposed model is divided into 

three components: the real action encoder, the generation 

encoder, and the decoder. All linear projections in the diagram 

are fully connected layers, and the real action encoder is only 

used during training. 

The real action encoder takes 3D action sequences obtained 

from sensors as input and embeds them into a latent space. First, 

the action sequence is embedded along the skeleton axis 

through a linear projection. Positional encoding in the form of 

sinusoidal functions and sequence axis pooling are then added, 

after which self-attention is performed through the Transformer 

encoder. Next, independent fully connected layers that do not 

share parameters are used to compute the mean ( 𝜇𝑟 ) and 

variance (𝜎𝑟 ) of the action. The latent space vector is then 

calculated using the reparameterization trick [10].  

The generation encoder shares the same structure as the real 

action encoder but is designed with a different number of layers 

and hidden dimensions. As mentioned earlier, the real action 

encoder is only used during training, so it is designed with 
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deeper transformer layers and a hidden dimension set to 2 and 

256, respectively, while the generation encoder is set to 1 and 

128. The generation encoder takes an initialized action 

sequence as input and computes the mean and variance of the 

action label from the initialized action sequence through the 

same operations as the real action encoder. The generation 

encoder computes the mean (𝜇𝑔) and variance (𝜎𝑔) from an 

initialized action sequence and approximates the values of real 

actions through KL divergence loss, as described in (1): 

 

ℒ𝐷𝐾𝐿
= {𝐷𝐾𝐿(𝜇𝑟 ∥  𝜇𝑔) + 𝐷𝐾𝐿(𝜎𝑟 ∥  𝜎𝑔)}       (1) 

 

The choice of Transformer architecture, specifically the self-

attention mechanism, is critical in this context. Unlike GRU-

based models, which struggle with long-term dependencies, the 

Transformer’s self-attention mechanism allows for efficient 

capturing of both short-term and long-term dependencies in 

human motion. This is particularly advantageous for 3D action 

sequences, where complex dependencies exist not only 

temporally but also spatially, across different joints. The 

positional encoding ensures that the sequential nature of the 

input is preserved, while the self-attention helps capture 

correlations between distant joints, leading to more natural and 

fluid motion generation. 

In the generation decoder, the inputs to the Transformer 

decoder 𝑇𝐷𝐺  during the training and testing phases differ. 

During training, as shown in (2) and (3), the latent space from 

the real sequence and the features output from the generation 

transformer encoder 𝐹𝑇𝐸𝐺
 are used as inputs. 

 

𝑧𝑟  ~ 𝒩(𝜇𝑟 , 𝜎𝑟)                (2) 

𝐹𝑇𝐷𝐺
=  𝑇𝐷𝐺(𝐹𝑇𝐸𝐺

, 𝑧𝑟)             (3) 

 

Like the Transformer encoder, positional embedding is 

performed before inputting into the Transformer decoder. 

Action sequences are then generated through a linear projection. 

During testing, the latent space obtained from the initialized 

pose is input into the Transformer decoder 𝑇𝐷𝐺, as shown in 

(4) and (5), to generate an action sequence. 

 

𝑧𝑔 ~ 𝒩(𝜇𝑔, 𝜎𝑔)               (4) 

𝐹𝑇𝐷𝐺
=  𝑇𝐷𝐺(𝐹𝑇𝐸𝐺

, 𝑧𝑔)            (5) 

 

The generated action sequence is learned through the 

reconstruction loss ℒ𝑟𝑒𝑐, as shown in (6). 

 

ℒr𝑒𝑐 =
1

𝑇
∑ (𝑝𝑡 −  𝑝̂𝑡)2𝑇

𝑡=1            (6) 

 

Here, 𝑇 represents the sequence length. 

Finally, the total loss function is the sum of the reconstruction 

loss and the KL divergence loss to imitate the real sequence 

latent space, as shown in (7). 

 

ℒ =  ℒr𝑒𝑐 +  𝜆ℒ𝐷𝐾𝐿
               (7) 

 

where 𝜆 is a hyperparameter for tuning the KL divergence loss. 

III. EXPERIMENTS 

To validate the performance of the proposed model, we 

conducted comparative performance evaluation using the 

HumanAct12 dataset. This dataset, introduced in 

Action2Motion [7], is derived from PHSPD [12, 13] and 

consists of 12 action classes and 1,191 motion clips. For 

optimizing the loss function during training, we used the Adam 

optimization algorithm with a learning rate set to 0.2 ×  10−3. 

The parameter 𝜆 in the final loss function was set to 0.1 ×
 10−3, and the latent space dimension was set to 30. 

We adopted four metrics for performance evaluation: 

recognition accuracy (Acc), Frechet Inception Distance (FID), 

diversity, and multimodality, following the evaluation method 

used in [7, 14]. 

Recognition Accuracy: This metric evaluates the 

classification accuracy of generated actions, using an RNN 

action recognition classifier from Action2Motion. 

Fig. 1. Proposed model architecture overview. 
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FID (Frechet Inception Distance): FID measures the distance 

between the distributions of generated and real action 

sequences, which is a critical indicator of the visual quality of 

generated sequences. 

Diversity: This metric calculates the variance of the 

generated action sequences across all classes, evaluating the 

spread of actions within the same class. 

Multimodality: This metric assesses the variety of actions 

generated within the same class when multiple sequences are 

generated for the same action. 

 The comparative performance results with existing methods, 

including CondGRU [7], Two-stage GAN [15], Act-

MoCoGAN [16], and Action2Motion [7], are presented in 

Table I. Our proposed model achieved the best performance 

across all evaluation metrics. Among the four metrics, FID is 

crucial for evaluating the overall performance of generative 

models. The VAE-based method reflects the natural variability 

of human actions through probabilistic modeling and allows for 

the generation of diverse sequences through probabilistic 

sampling. However, GAN-based methods, despite learning to  

generate human motion sequences via a discriminator, face 

limitations in modeling variability and diversity, leading to 

lower performance compared to Action2Motion and our 

proposed method.  

When comparing our model with Action2Motion, we 

observed superior performance in both FID and recognition 

accuracy, demonstrating that our model generates more realistic 

action sequences. The complementary metrics, diversity and 

multimodality, also achieved values closest to real motion, 

further validating the effectiveness of our approach. 

In Fig. 2, we present the qualitative evaluation results of the 

sequences generated by our model. In the jumping motion (Fig. 

2 (a)), the proposed method generates a higher jump compared 

to Action2Motion and closely mirrors the pre-jump pose of the 

real motion. In the warm-up motion (Fig. 2 (b)), Action2Motion 

exhibits a drifting effect toward the mean pose, while our model 

closely mimics the real motion, with more pronounced arm 

movements, highlighting its superior fidelity to the real 

sequence. 

IV.  CONCLUSION 

The Transformer VAE model proposed in this paper for 

generating 3D action sequences achieved superior performance 

compared to existing GRU-based VAE and GAN-based models. 

Methods 
HumanAct12 

FID↓ Acc↑ Diversity→ Multimodality→ 

Real 

motions 
0.092±.007 0.997±.001 6.853±.053 2.449±.038 

CondGRU 40.61±.144 0.080±.002 2.381±.020 2.341±.0.36 

Two-stage 

GAN 
10.48±.089 0.421±.006 5.960±.049 2.805±.036 

Act-

MoCoGA

N 
5.610±.113 0.793±.004 6.752±.071 1.055±.017 

Action2Mo

tion 
2.458±.079 0.923±.002 7.032±.038 2.870±.037 

Ours 2.274±.083 0.961±.006 6.768±.034 2.457±.024 

TABLE I: QUANTITATIVE PERFORMANCE COMPARISON RESULTS WITH 

EXISTING METHODS 

Fig. 2. Qualitative performance evaluation results for the action sequence generated by the proposed model 
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By utilizing the Transformer architecture, the model effectively 

addresses the long-range dependency problem and improves on 

issues such as action ambiguity and regression to mean poses 

that often occurred in previous methods. The proposed 

approach demonstrated the best performance across various 

metrics, including accuracy and FID, on the HumanAct12 

dataset. 

In the future, we plan to extend this model to learn user-

defined action classes and apply it to programs that control 

avatars in virtual reality environments through the generated 

action sequences. 
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