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Abstract

In the fields of computer animation and robotics, reaching a destination while avoiding obstacles has always been a difficult task.
Moreover, generating appropriate motions while planning a route is even more challenging. Recently, academic circles are actively
conducting research to generate character motions by modifying and utilizing VAE (Variational Auto-Encoder), a data-based
generation model. Based on this, in this study, the latent space of the MVAE model is learned using a reinforcement learning
method[1]. With the policy learned in this way, the character can arrive its destination while avoiding both static and dynamic obstacles
with natural motions. The character can easily avoid obstacles moving in random directions, and it is experimentally shown that the
performance is improved, and the learning time is greatly reduced compared to existing approach.
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Figure 1: Using DRL, we can learn a policy that computes the
latent variable z at every step to guide the character. In each time
step, the environment uses p, generated by the decoder to
integrate the root positions and computes relevant task
information target, and vision,. The policy computes the action
from p,, target, and vision, which is fed as z, back into the
decoder.
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Figure 2: The basic scheme of a variational autoencoder. The
model receives x as input. The encoder compresses it into the
latent space. The decoder receives as input the information
sampled from the latent space and produces x' as similar as
possible to x.

Feedback

‘ Pi-1

v;;;s ‘ Encoder \Samp\e | Z Decoder ———+ Render
X 4 Pr
~—
Pr %

Autoregress

Figure 3: The conditional VAE has two parts. The encoder takes
past (ps_1) and current (p; ) pose as input and outputs both u and
o, which is then used to sample a latent variable z. The decoder
uses p;_, and z to reconstruct p;.
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(a) The character is approaching an obstacle and trying to avoid it
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(b) The character successfully avoids the obstacle and continues towards the destination

Figure 6: Character simulation snapshots in static obstacles environment. The policy we trained allows the character to find a path from
start position to destination position without colliding with any obstacle.
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Figure 7: Character simulation snapshots in moving environment. We took 10 screenshots to better show the movement trajectory of
the character and obstacles. The order of screenshots is from top to bottom, left to right.
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