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Abstract: Pedestrian trajectory prediction attracts a great deal of attention as a fundamental research in the automatic drive system, human-robot interaction, and intelligent 
surveillance. This paper proposes a spatiotemporal framework based on Transformer and conditional variational autoencoder (CVAE) models to predict pedestrian 
trajectories while accounting for uncertainty. This paper proposes a spatiotemporal framework based on Transformer and conditional variational autoencoder (CVAE) models 
to predict pedestrian trajectories while accounting for uncertainty. The Transformer encoder-decoder modules capture spatial and temporal features. The CVAE compares 
predictions to ground truth across frames to learn motion uncertainty distributions. Experiments on two benchmark datasets demonstrate the approach reduces average 
displacement error by 0.04 - 0.1 m and final displacement error by 0.05 - 0.15 m compared to prior methods. The results highlight the importance of modeling uncertainty for 
accurate pedestrian trajectory forecasting. 
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1 INTRODUCTION 
 

Trajectory prediction tasks are widely used in 
intelligent surveillance [1]. Robots in a social environment 
can obtain and analyze motion scenes by monitoring 
cameras, and make track planning. In an automatic driving 
system, the motion state of the ego vehicle and others in its 
driving environment is predicted to be feedback to the 
system for vehicle driving control. Intelligent monitoring 
algorithms can assist security personnel in analyzing target 
movements and detecting abnormal events in a timely 
manner. Pedestrian trajectory prediction, as one of the 
techniques for analyzing target movement in video 
sequences, is regarded as an important foundation for 
intelligent surveillance applications. Therefore, in order to 
promote the intelligent development of surveillance video, 
we improve the pedestrian trajectory prediction task and 
propose an efficient non-specific scene model. Generally, 
the dataset of the task is the surveillance video in crowd 
scenes. The number of pedestrians in the scene is variable, 
and the pedestrian motion pattern is different. The speed 
and direction of the individual will change with the 
neighbors or other factors in the scene. In Figure 1, there 
are two crowd scenarios being shown, the upper one is a 
dense crowd in the Zara dataset, and the lower is a sparse 
crowd in the Hotel dataset. Trajectory prediction aims to 
predict the future trajectory based on historical motion. 
Based on the historical trajectories of different pedestrians 
in different scenes, generalized motion patterns can be 
learned. At the same time, the prediction model analyses 
the possible motion interactions between pedestrians and 
their neighbors and learns the interaction to adjust the 
pedestrian motion mode. In previous studies [6], these 
researchers only predict pedestrian trajectories by learning 
pedestrian motion patterns and interaction relationships, 
without considering the uncertainty generated by the 
movement of pedestrians. These models have limitations 
in uncertainty modeling. For example, the prediction of 
Social LSTM is a deterministic Gaussian parameter for the 
next displacement, not the uncertainty of future 
trajectories. Another method assumes that the future 
movement distribution obeys the Gaussian distribution 
when modeling multimodal probability distribution. 
However, due to the constantly changing motion 

environment, the movement of the target individual is not 
only influenced by its own historical trajectory but also 
constrained by the surrounding environment and neighbor 
movements, which results in uncertainty in the future 
direction. Different from this, CVAE mines the future 
displacement distribution probability by learning historical 
trajectory features to model multiple possibilities of future 
trajectories. Sowe analyze the uncertainty generated by 
pedestrian movement and use the attention-based network 
to learn the uncertainty feature in movement. 
 

 
Figure 1 Two pictures of the crowd scenes in Zara and Hotel datasets (Best 

viewed in color) 
 

We use the attention mechanism to learn the temporal 
and spatial relationships of the sequences of pedestrian 
trajectory because the attention mechanism takes into 
account the different influences between two datasets at 
different locations when mining the relationships between 
pairs. Just like that at a certain moment, the interaction 
between pedestrians in a crowd scene is different. If 
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influenced by different historical trajectories and path 
dependency, the same pedestrian's state in the next moment 
is also different. Therefore, we propose a Transformer [8] 
based spatiotemporal feature learning framework to model 
pedestrian motion patterns and interaction relationships. 
As shown in Figure 2, the pipeline shows the overall 
process of trajectory prediction of our prediction model. 
Firstly, learning pedestrian motion patterns by inputting 

position at t – 1 and previous historical trajectories. Then, 
the Conditional Variational AutoEncoder (CVAE) is used 
to compare the difference between prediction tracks of 
adjacent frames and ground truth to learn the uncertainty in 
motion and fine-tune the obtained prediction model 
parameters. Finally, output the deterministic results and 
probability prediction results of our model. 

 

 
Figure 2 The pipeline of our framework (Best viewed in color) 

 
2 RELATED WORKS 
 

The development of pedestrian trajectory prediction 
tasks is more and more interesting. Since the team Li 
proposed Social LSTM [6] in 2016, trajectory prediction 
models that rely on deep learning have emerged one after 
another. During this period, researchers used different 
deep-learning techniques to design various effective 
prediction models. For example, Social GAN [7], and IDL 
[9] based on recurrent neural networks use LSTM [10] or 
GRU [11] networks to learn the temporal characteristics of 
trajectory. The social-STGCNN [12], SGSG [13], and 
Graph-TCN [14] methods based on graph neural networks 
are used to model the spatial relationship of pedestrians in 
crowd scenes. So Phie [15], and SGSG [13] method based 
on convolutional neural networks, utilize scene context 
information to promote the target's understanding of the 
scene. Researchers propose different prediction modules 
for different types of information in the learning crowd. To 
analyze the studies of previous methods in trajectory 
prediction tasks, we introduce prediction methods into the 
following two categories from the perspective of feature 
description: The prediction model of spatiotemporal is 
based on interaction modeling and motion patterns.             
Social-LSTM presents a Social pooling layer with a grid 
map, which also considers the neighborhood around the 
target. The difference is that they use one LSTM for each 
trajectory and share the information between the LSTM 
through the Social pooling layer. Similar to the algorithm 
used for Social LSTM, researchers usually used LSTM to 
learn the temporal characteristics of trajectories and 
modeling spatial coordinate relationships to learn spatial 
characteristics. Early models such as Social GAN,             
SR-LSTM [16], and Scene-LSTM [17] all adopt this 
modeling paradigm. Among them, Social GAN and                 
SR-LSTM use relative coordinates as the basis for global 
spatial relationship modeling, while Social LSTM and 
Scene-LSTM divide adjacent regions by occupying the 
grid. These methods achieve state-of-the-art performance 

in the early stages of trajectory prediction tasks. For 
example, the Social-BiGAT [18] method proposes 
Physical Soft Attention and Social GAT [19] to learn scene 
features and pedestrian interaction. The STAR [[20] uses a 
self-attention mechanism to simultaneously learn the 
temporal and spatial features of pedestrians, and connect 
spatial transformer and temporal transformer modules by 
parallel and series for spatiotemporal feature learning. 
With the deepening of research, researchers find that other 
information can promote the improvement of prediction 
model performance to some extent. The motion 
environment of the target provided, in the scene context, 
head posture of pedestrian movement, and even road map 
information. These methods have been used in previous 
work. In SoPhie, attention modules are established to learn 
physical attention and social attention for interaction 
between pedestrians. MX-LSTM [21] uses the head 
posture to estimate the direction of pedestrian movement, 
to take into account the relationship between the head 
deviation angle during pedestrian movement and the 
current position direction of motion. In summary, the 
important foundation of trajectory prediction tasks is to 
model temporal and spatial features. In order to model the 
spatiotemporal relationship of trajectories, we adopt an 
attention mechanism-based approach and learn excellent 
prediction models by analyzing the future uncertainty of 
different trajectories in the crowd. 
 
3 ATTENTION-BASED SPATIOTEMPORAL MODEL 
 

As shown in Figure 3, we propose a spatiotemporal 
model based on attention mechanism. Different impacts 
between individuals are learned to predict trajectories, by 
modeling trajectories in time and space. Firstly, as a time 
series, pedestrian trajectories features are learned using an 
encoder-decoder strategy. Considering different numbers 
of pedestrians in the scene at the same time, the temporal 
and spatial input strategies of crowd trajectories is 
proposed. Then, in the feature decoding stage, the 
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uncertainty of pedestrian movement is considered, which 
can result in multiple possibilities for the predicted 
trajectory in the future. A probability generator CVAE is 
proposed to learn the uncertainty of spatial and temporal 
features. Finally, an optimal prediction trajectory is 
obtained through prediction module. 
 
 
 
 
 

3.1 Problem Statement 
 

Assuming the current time stamp is  t, the historical 

trajectory of individual i is represented as  1 1t
iX   , where 

X represents the pedestrian coordinates (x, y), and the 

future trajectory is represented by  1t T
iX   , where                       

T – (t + 1) is the time length of the future trajectory that 
needs to be predicted. The index i is the target individual 
label in the crowd scene, and the number of individuals in 
each time stamp is defined as Nt. 

 

 
Figure 3 The structure of spatiotemporal branching model. Among them, T branch and S branch represent the temporal and spatial feature encoders of the model, 

respectively. 1 and 2 represent two different input strategies for the uncertainty learning module. Trans. E and Trans. D in the model is the encoder and decoder modules 
of theTransformer, and they do not share parameters.(Best viewed in color) 

 
3.2 Spatiotemporal Framework 
 

As mentioned above, our model consists of a 
spatiotemporal feature encoder-decoder module and an 
uncertainty learning module. The first part of the model is 
used to encode and learn the spatial and temporal features 
of trajectories. 
 
3.2.1 Spatiotemporal Encoder-decoder 
 

Due to the fact that each individual's trajectory is a 
temporal sequence, we input the trajectory of all 

pedestrians  1 1t
i ,pX   as an independent time series into the 

temporal feature encoder. Where p represents that the input 
at this time stamp is a time series. The temporal feature 
learning formula is as follows: 
 

  1 1t
t te i ,pF f X                                                                           (1) 

 
where fte(∙) is the Transformer encoder module used for 
learning temporal feature Ft. 

At the same time, in order to learn the interaction 
between different pedestrians, we treat the coordinates of 

each frame as a spatial sequence  1 1t
i ,sX   , and input it into 

the spatial feature encoder to obtain spatial feature where s 
represents that the input at this time stamp is a spatial 
sequence. The spatial feature learning formula is as 
follows: 
 

  1 1t
s se i ,sF f X                                                                      (2) 

 
where fse(∙) is the Transformer encoder module used for 
learning temporal feature Fs. 

As shown in Figure 3, the spatial and temporal 
encoders are based on the Transformer encoder. By 
learning sequences of different input formats, the temporal 
and spatial features of the trajectory are learned separately. 
Then, the learned spatiotemporal features are fed into the 
prediction decoder. At the same time, in order to learn the 
uncertainty of motion, the features are also fed into the 
uncertainty learning module. The decoder learns that the 
coordinate formula of the individual in the next time stamp 
is represented as: 
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    11 t Tt
i d t s ix̂ f F F , X ,Z       

                                             (3) 

 
where the first item (Ft ꞏ Fs) represents the elements-wise 
multiplication of temporal and spatial features, and the 

second item  1t T
iX ,Z  

  
 represents the concatenate 

between future trajectory and the uncertainty noise Z. This 
formula is applied to the network training stage. 

The predicted coordinate formula during the testing 
phase is: 
 

 1t
i d t sx̂ f F F                                                                (4) 

 
3.2.2 Uncertainty Learning Module 
 

The uncertainty learning module analyzes the input 
temporal or spatial features, which serve as a prior 
distribution of uncertainty and are encoded through an 
attention-based encoder. In practice, the uncertainty 
module uses the encoder layer of the Transformer to learn 
the parameters of the prior and posterior distributions of the 
trajectory data. As shown in Figure 3, two different feature 
input strategies are used as prior, and these two input 
strategies consider temporal and spatiotemporal features 
respectively. We analyze the advantages of different input 
strategies through comparative experiments, 
demonstrating the importance of spatiotemporal features in 
uncertainty modeling. As shown in Figure 3, the 
uncertainty learning model uses future trajectories to learn 
posterior distribution parameters and calculates the 
difference between the prior distribution and the posterior 
distribution variance as the output of the current 
uncertainty. Moreover, the noise learned from the posterior 
distribution is used as the distribution of the future 
trajectories for the prediction model. 
 
3.3 Loss 
 

The loss function is designed according to our model. 
First, an average displacement loss Ld is designed to 
calculate the displacement error between the predicted 
trajectory and the ground truth, which is the prediction 
error of the model. The CVAE uses KL divergence to 
approximate the error between the posterior and prior 
distributions when learning uncertainty in motion and uses 
it as the training loss Lc of the uncertainty learning module 
to solve CVAE. The loss function of our model is as 
follows: 
 

p d cL L L                                                                (5) 

 
1 1

2

t t
d i iˆL x x                                                                  (6) 

 

   
    

1 11

1 1

c q t T tZ Xt T

t T t

L E log p X X ,Z

KL q Z X p Z X



 

   

  

    


             (7) 

 

where here α and β are the weight parameters of the loss 
function, pΘ(∙) is the prior distribution of CAVE and qφ(∙) 
is the posterior distribution. 
 
4 EXPERIMENTS 
 

We use the BIWI [22] and UCY [23] datasets which 
are the most popular datasets for pedestrian trajectory 
forecasting tasks. Both BIWI and UCY datasets are derived 
from high-angle cameras in natural scenes and contain a 
variety of pedestrian motion patterns, such as going 
straight, turning toward a destination, or avoiding 
pedestrians in the middle of the road. 
 
4.1 Experiment Settings 
4.1.1 Datasets 
 

The BIWI dataset [22] contains two outdoor scenarios 
of a long time period. Among these, the eth-university 
shows an entrance to the school building, and the 
pedestrians in this scene all have clear destinations. The 
Hotel shows a street view in front of a Hotel building and 
the motion of pedestrians is complex in this scene. The 
UCY [23] is a crowd dataset by UCY Computer Graphics 
Lab. It includes three different scenarios: Zara Datasets, 
Arxiepiskopi, and University Students, respectively. The 
data formats provided by the two above datasets are not 
uniform. In order to compare them with other benchmark 
methods, we chose to keep the same with Social LSTM [6] 
and Social GAN [7], and transformed all data into meters. 
Furthermore, it is worth noting that, unlike Social GAN, 
our model predicts deterministic outcomes. Similar to the 
prior work, we report the prediction error with two metrics: 
-  Average displacement error (ADE): The mean 
Euclidean distance error over all estimated points of a 
trajectory and the true points. 
 

 
2 2

1 1 1

1 1 N T
i,n i ,n

ADE k k
i k t n

ˆE x x
N T t    

    


                            (8) 

 
-  Final Displacement error (FDE): The distance between 
the predicted final destination and the true final destination 
at the end of the prediction period T. 
 

 
2 2

1 1

1 N
i,n i ,n

FDE T T
i n

ˆE x x
N  

                                                 (9) 

 
Following [6], we use the leave-one-out approach, 

where four of the five scenes are used for training and 
validating, and the remaining one is used for testing. In 
these experiments, we set the sampling interval of videos 
in BIWI and UCY to 10 frames. In other words, the interval 
is 0.4 secs at every time step. To be specific, the observed 
length of the trajectory is 8 time steps (3.2 secs) and shows 
prediction results for 12 time steps (4.8 secs). 
 
4.1.2 Implementation Details 
 

Two-dimensional coordinates as the input are 
embedded into a vector in size of 64. All of the transformer 
layers accept input with feature size 64. The dropout ratio 
of 0.1 is applied when processing the encoded data. Both 
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spatial and temporal branch transformer consists of 6 
encoding layers with 8 heads for each. In addition, we train 
the network using Adam optimizer with a learning rate of 
0.1 and batch size 18 for 120 epochs. Each batch contains 
the 12 time steps with different numbers of pedestrians 
indicated by an attention mask to accelerate the training 
and inference process. 
 
4.2 Ablation Experiment 
 

To verify the performance of the uncertainty learning 
module proposed in Figure 2, different input strategies are 
set for the module, and ablation experiments are conducted 
to analyze the impact of different strategies on model 
performance. In Table 1, the Initial noise-based method 

represents the initialized noise as the uncertainty module 
input, which does not encode future trajectories with 
CVAE. This strategy assumes that the probability of the 
future trajectory distribution of the pedestrian follows a 
Gaussian distribution. The Uncertainty-based 1 method 
uses spatiotemporal features learned from the 
spatiotemporal model as input to the prior distribution of 
the uncertainty module, and inputs future trajectories as 
learning information to the CVAE posterior distribution 
encoder. The difference between the Uncertainty-based 2 
and 1 method is that it uses the motion features learned 
from the temporal encoder as input to the prior distribution 
decoder, while other conditions remain unchanged.

 
Table 1The ablation experimental results of the uncertainty learning module 

Methods Metrics Eth Hotel Zara1 Zara2 Univ 

Initial noise-model 
ADE 0.653 0.382 0.595 0.581 0.611 
FDE 1.123 0.693 1.095 1.069 1.113 

Uncertainty-based 1 
ADE 0.646 0.410 0.579 0.595 0.624 
FDE 1.110 0.747 1.069 1.095 1.136 

Uncertainty-based 2 
ADE 0.647 0.413 0.580 0.603 0.620 
FDE 1.111 0.753 1.069 1.109 1.129 

 
From the experimental results in Table 1, it can be seen 

that although the prediction results of the three models 
mentioned above achieved the best in different real crowd 
scene, respectively. However, the Uncertainty-based 1 
method outperforms the Uncertainty-based 2 method in 
most scenes. There are slight differences in the Univ scene, 
which may be due to the fact that the population density in 
this scene is much higher than in other scenes, making the 
model unable to predict pedestrian interaction relationships 
well. The prediction performance of the Initial noise-based 
method is significantly better than the other two methods 
on Univ sequences, indicating that the uncertainty model 
has a disadvantage in learning the interaction relationships 
between dense populations. The performance of the 
Uncertainty-based 2 method is better than that of the Initial 
noise-based in Zara1 sequences with clearer group 
movements, while the performance is opposite in Zara2 
sequences with more complex group movements. This 
result further confirms the above conclusion. The results of 
ablation experiments indicate that our model has 
shortcomings in modeling dense populations when 

learning interaction relationships within the population. In 
future model improvements, greater emphasis should be 
placed on the ability to model complex interactive changes 
in densely populated populations. 
 
4.3 Results Analysis 
 

We use 5 video datasets to conduct experiments, and 
the experimental results are quite different in different 
video datasets. As shown in  

Table 2, our model obtains the best results on the Eth 
dataset, and the optimal FDE error on Zara2 and Univ. The 
ADE error on Hotel and Univ is very close to the optimal 
result. The results show that our method outperforms the 
benchmark method Social LSTM and outperforms Social 
GAN in three videos, and also achieves the same level of 
performance as Social GAN on the other two datasets. This 
proved the effectiveness of our proposed model.  
 

 
Table 2 Trajectory prediction results on 5 datasets 

Methods Metrics Eth Hotel Zara1 Zara2 Univ 
Ours 
Uncertainty- based 1 

ADE 0.64 0.41 0.57 0.59 0.62 
FDE 1.11 0.74 1.06 1.09 1.13 

Social GAN(1v-1) 
ADE 1.13 1.01 0.42 0.52 0.60 
FDE 2.21 2.18 0.91 1.11 1.28 

Social LSTM 
ADE 1.09 0.79 0.47 0.56 0.67 
FDE 2.35 1.76 1.00 1.17 1.40 

LSTM 
ADE 1.09 0.86 0.41 0.52 0.61 
FDE 2.41 1.91 0.88 1.11 1.31 

Linear 
ADE 1.33 0.39 0.62 0.77 0.82 
FDE 2.94 0.72 1.21 1.48 1.59 

Social Attention 
ADE 1.39 2.51 1.25 1.01 0.88 
FDE 2.39 2.91 2.54 2.17 1.75 
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Tab. 2 reflects that our method achieved optimal 
results in some scenes. In addition, the reasons for the 
decline in model prediction performance in other scenarios 
are analyzed as follows. In the scene of Hotel video, the 
Linear method achieves the best results, while our method 
achieves suboptimal results, indicating that the pedestrian 
motion patterns in the video were simple. Using the 
attention mechanism to model motion features obtained a 
better model than using LSTM, demonstrating the 
effectiveness of the attention mechanism in modeling 
motion features of time sequence. In the same scene of 
Zara1 and Zara2, the LSTM-based method performs better, 
and the LSTM model without interaction modeling 
performs best. This indicates that the moving target in this 
scene is sensitive to modeling pedestrian interaction 
relationships, and interaction modeling to some extent 
affects the predictive performance of the model. 

 
5 CONCLUSION 
 

We propose a trajectory prediction model based on 
uncertainty modelling, which uses CVAE to determine the 
uncertainty of the future displacement. Trajectory motion 
pattern and the interaction characteristics between 
pedestrians are extracted with Transformer, an attention 
based model. Our approach has a good effect on some 
datasets, but there are limitations in other datasets. Among 
them, the analysis for affecting the predictive performance 
is as follows: when the crowd density is moderate and 
pedestrian interaction is simple, the model's predictive 
performance is better than that of the dense and complex 
interaction scenarios. This indicates it is necessary to 
consider more comprehensively the external interaction 
effects of pedestrians from dense crowd. For example, the 
impact of small groups or high-density crowd on pedestrian 
movement. The proposed method can be utilized for 
intelligent security monitoring, such as ensuring the spatial 
distance between tourists and exhibits in museums, or for 
intelligent driving by assisting drivers in assessing the 
movement trajectory of pedestrians ahead of the vehicle to 
prevent collisions, among other applications. In future 
research, we will also learn the impact of different 
pedestrian densities on predicting pedestrian trajectories in 
different scenes. In addition to the motion patterns and 
interactions of pedestrians, additional considerations such 
as the characteristics of the crowd, the flow of people, and 
the structure of the scene make the research on pedestrian 
trajectory prediction tasks more comprehensive. 
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