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Objective

Provide a real-time scheme for Non-Player
Characters (NPCs) to interact smartly with the
other characters

—for applications such as

* 3D computer games
« virtual reality systems
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Intelligent Character Control by
Optimization -“'

 Shumetal. [ACM VRST 2007]

— Expanding the game tree to simulate competitive mteractlons
— Not real-time

e Lee and Lee [SCA 2004]

Controlling a boxer
— Trained to approach and hit a target
— Doesn’t consider opponent’s action

» Treuille et al. [SIGGRAPH 2007]
moving pedestrians by a near-optimal policy
— Avoiding obstacles in the near-optimal way
— Parameters need to be continuous




Problems with Optimization
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» For two characters, state space is too large!
« As we need to consider the opponent's statu’s

Key Points of Our Work

» Generate a finite state
machine (FSM) of high
connectivity in the high
dimensional state
space
— Interaction Graph

 Strategy making by min-
max search / dynamic
programming




Overview of the method

Data capture Action Level Motion Graph

Interaction Graph Data sampling of
interactions

\ /

Motions are singly captured

» Capturing close interactions of multiple persons
Is difficult!




Game Tree Expansion

e In [Shum et al. VRST 2007], we did this
for deciding the action,
« But here we do it for data sampling

Data Sampling

» Starting from the standard pose
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Data Sampling

» Expand the children nodes and evaluate
them
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Data Sampling

» Put the node with good score into the
archive of samples 12




Data Sampling

» Further expand the samples with better
scores
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How to evaluate the children notes?

—Score :

Connectivity criterion + Interaction criterion y




Interaction-Criterion

Fighting

Attacking / avoiding at
the right distance,
direction, timing

Carrying luggage
Facing in the right distance
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Connectivity-Criterion

* The number of children which are already
in the archive

 Why do we favour such samples? 16




Connectivity-Criterion

» Because we want better connectivity in the
Interaction Graph

* Why? : Good controllability of the character
— any action can be launched immediately 17

Composing the Interaction Graph

Similar samples

Edge

|

T |

State

Similar samples Similar samples

A set of similar samples compose a state

of the Interaction Graph
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Composing the Interaction Graph

Using the collected samples of
interactions, we produce the Interaction
Graph
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Interaction Graph

— State: status of two
characters

— Edge: action taken by
one character




Optimal control on the Interaction Graph

Min-max search Dynamic programming

Competitive Interactions : Min-max search

Cooperative Interactions : Dynamic Programming
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Need to Define the Reward for
Each Action




Evaluating Each Action by the
Reward Function
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Demo : Game-type Interface




Adjusting the Intelligence Level
by Changing the Depth of Search

Collaborative Motion




Reward can be updated during
run-time

Suddenly switching the style

/ AN

Out-boxing In-fighting
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Switching the Fighting Style at
Runtime




Crowd Fight

Experiments

« Kick boxing
— 79,855 states and 3,392,297 edges

— 180 minutes using a Pentium IV 3.0GHz dual
core PC for construction of the

Interaction Graph

» Carrying luggage
— 128,804 states and 4,685,246 edges
— 200 minutes for construction
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Pros and Cons

* Can be naturally merged with existing game
systems that use FSM

* Need to define the interaction-criterion for
collecting samples
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Summary

» Optimization is difficult when the state space is large
» We created a compact FSM called Interaction Graph in high
dimensional state space by collecting samples with
— more interactions
— high connectivity
» Conduct optimization such as
— Min-max search
— Dynamic Programming
on the Interaction Graph
» Applicable to 3D computer games
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Future Work

» Creating an immersive system based on our
method

* Reducing the number of states while keeping
the quality high
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Thank you very much
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Collecting samples

e On policy :

— Samples dependent on the reward function
 Off policy :

— Samples are independent of the reward function

e In games, we might want to change the reward
on run-time

—s0 we use an Off policy approach
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Matches between FSM and other
systems

e Evaluation of the FSM

* Number represents the score of the FSM
— human : human player

— static : a system trained based on static targets — no
defense

— Game tree: avatar controlled by tree expansion
—1G(n): FSM predicting n steps ahead
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Matches between FSM and other

systems
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Reinforcement Learning (RL)

e Gives a motion that benefits the character
in long term

» Closely related to dynamic programming
— The system gradually learns the optimal policy
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Problems to Simulate Close
Interactions by Optimization

» Need to consider the opponent's status
« State space is too large!
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