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Background:
3D human motion prediction has drawn great attention these 
years

➢ Predicting future motion sequences given a sequence of 
history 

➢ Focusing on single person motion

➢ Usually neglecting the movement of the root joint

Multi-person motion prediction is relatively under-explored and 
more challenging

➢ Considering multi-person interaction

➢ Modeling pose and trajectory jointly is needed, e.g. catching

Task:
Given a scene with N persons and their corresponding history 
motion, we aim to predict their future 3D motion.

Representation:
Specifically, given𝑋1:𝑘

𝑛 = 𝑥1
𝑛, … , 𝑥𝑘

𝑛 representing  the history 
motion of person 𝑛 where 𝑛=1,…,N and 𝑘 is the time step. We 
aim to predict the future motion 𝑋𝑘+1:𝑇

𝑛 .

We use a vector 𝑥𝑘
𝑛∈ 𝑅

3𝐽
containing the Cartesian coordinates 

of the 𝐽 skeleton joints to represent the pose of the person 𝑛 at 
time 𝑘.

Method:

Spatial Positional Encoding (SPE)

➢ SPE encodes the spatial distance between the query token 𝑥𝑘
𝑛 and the tokens of 

every time step of each person 𝑥1:𝑘
1:𝑁

➢ Helpful especially in a scene with a crowd of persons

Experiment:

In both cases with a small number and a large number of people, our 

method achieves state-of-the-art performance for different prediction time 

lengths. 

We report the average and the standard error of the score. A higher 

average score means users think that the results are more natural looking. 

Our results get better reviews consistently cross all datasets.

It shows that other methods intend to predict a motion with less movement 

while our result is very similar to the ground truth.

Individual input motion is sent to the Local-range Transformer Encoder and all the person’s 

motions are sent to the Global-range Transformer Encoder.

Why local and global?

Local:

➢ The task of synthesizing a natural motion based on previous states itself is 

actually a challenging task

➢ To ensure the smoothness of the motion, the model requires dense sampling 

of the input sequence

Global:

➢ The interaction of all the persons in the whole scene, sparse sampling of the 

sequences are used

➢ Compute the global feature once 

The separate processes of different aspects of data largely reduces the 

optimization difficulty.


