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Introduction

For only HMD(including hand controllers):   

When estimating the user’s lower-body motions, is inherently an under-constrained problem 
with such sparse tracking signals.

For IMU sensors:

Prone to positional drift due to the inevitable accumulation errors of IMU sensors
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Driving an Avatar on HMD in Real-time



Method

Overview of HMD-Poser



Method
Feature Embedding Module

Input : 

Use a concatenated vector of position, linear velocity, rotation, and angular velocity to obtain the 
representation for the head 𝒙𝒉

𝒕 , the left hand 𝒙𝒍𝒉
𝒕 , and the right hand 𝒙𝒓𝒉

𝒕 .

adopt a concatenated vector of rotation, angular velocity, and acceleration to obtain the representation 
for the pelvis 𝒙𝒑𝒆𝒍

𝒕 , the left leg 𝒙𝒍𝒇
𝒕 , and the right leg 𝒙𝒓𝒇

𝒕 .
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Method
lightweight temporal-spatial feature learning

(TSFL) network
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Method
lightweight temporal-spatial feature learning

(TSFL) network

LSTM: learn temporal correlation 

Transformer: learn spatial correlation 

Time Complexity 

Only Transformer :   𝒐(𝑴𝟐𝒅 + 𝑴𝒅𝟐)

TSFL:   𝒐(𝒅𝟐)

M :sequence of length

d :dimension of the hidden state



Method

Only Transformer :   𝒐(𝑴𝟐𝒅 + 𝑴𝒅𝟐)
TSFL:   𝒐(𝒅𝟐)
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regress the local pose parameters 𝛳 and the shape 
parameters 𝛃



Method

pose parameters 𝛳

Skinned Multi-Person Linear 
(SMPL) Model

参数化人体蒙皮模型

shape parameters 𝛃
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Loss Design

Smooth Loss :               𝐿௦௠௢௢௧௛ =
ଵ
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set 𝛼௢௥௜, 𝛼௟௥௢௧, 𝛼௚௥௢௧, 𝛼௝௢௜௡௧ and 𝛼௦௠௢௢௧௛ to 1.0 , 5.0 , 1.0 , 1.0 and 0.5, respectively

Where𝐿௢௥௜, 𝐿௟௥௢௧, 𝐿௚௥௢௧, 𝐿௝௢௜௡௧𝑎𝑛𝑑𝐿௦௠௢௢௧௛ are root orientation loss, local pose loss, 
global pose loss, joint position loss and joint position loss

Overall Loss : 𝐿 = 𝛼௢௥௜𝐿௢௥௜ + 𝛼௟௥௢௧𝐿௟௥௢௧ +𝛼௚௥௢௧𝐿௚௥௢௧ +𝛼௝௢௜௡௧𝐿௝௢௜௡௧ +𝛼௦௠௢௢௧௛𝐿௦௠௢௢௧௛

Where 𝑎௜
௧ and 𝑎ො௜

௧ are the computed and the ground-truth acceleration at time t, 
respectively, and T is the sequential

length in the training and J is the number of joints.
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Experiments

Ablation Study



Thank you for watching!


