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Introduction

« Reinforcement learning is a difficult task for fast-paced
games like fighting games.

« Typically, in reinforcement learning for video games, the
agent makes a decision about its actions once every N
frames.

XN is a predetermined positive integer.

If N is made larger than )
1(frame-skip), the
omputational cost decreases,
but it gains a low reaction

speed. .

I the agent decides its action
every frame(N = 1), it gains a
high reaction speed, but the
computational cost increases.

o




Background

« Reinforcement learning provides a framework for decision-
making in which agents interact with the environment in time
steps.

« At each time step, the agent observes the state, selects an
action, transitions to a new state, and receives a reward
based on the state reached.

« The goal is to learn a policy that maximizes the long-term
sum of discounted rewards.



-nvironment

« This research will use Street
Fighter 2 as the battle
environment and FightLadder
for training the Al agent.

 The agent can only observe
pixel-based visual state
representations.




-Xperiments

1. Using a fixed frame-skip for a variety of different values for
N (4, 8, 16, 60)

2. Using a frame-skip randomly from a predetermined range
of possible values for N(4 to 8, 4 to 16)

ﬂ%. Using a frame-skip from agents decision(agent decides \
actions and the number N)

Policy head: action Policy head: combined
<defense + light punch> <defense + light punch + N=4>
:> <defense + medium punch> <defense + light punch + N=6>
Neural Neural $
Network Policy head: frame-skip Network <defense + medium punch + N=4>
:> N=4 <defense + medium punch + N=6>




Results

* 95% Agresti-Coull confidence Frame-skip strategy

Win percentage against Ryu

intervals for win percentages Frixed (4)
of trained agents against Ryu Fixed (8)

(built-in Al, cycling through 7 (5
star levels 1-8), over 100 Random (4-8)
evaluation games. Random (4-16)

Separated (4-8)
Separated (4-16)
Separated (4-16,32)
Combined (4-8)

74% + 8.5%
89% =+ 6.4%
100% + 2.6%
100% =+ 2.6%
79% + 8.0%
80% + 7.9%
7% + 8.2%
83% + 7.4%
100% + 2.6%
69% + 9.0%




Results

« The graph above shows
the selected frame-skip
for Separated (4 to 16)

 The graph below shows
the action selection for
Separated (4 to 16).

« Agents repeat the same

actions within the game,

and there is no variation
in their movements or
attack types.
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Discussion

 The best fixed frame-skip values turn out to be surprisingly
high.

e [t turns out that even an agent with a frame-skip value of 60
(only making a new decision every full second) obtains a
100% win rate versus the character we train against.

 The agent selected high frame skip values, regardless of hit
points or distance to the opponent.



Conclusion

« Reinforcement learning can be used to effectively select
frame-skip values autonomously (rather than using
oredetermined fixed values).

* Agents tended to learn to pick rather high frame-skip values.

« The computer players in this game are weak against exploit
strategies that you use over and over.
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