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Abstract

Shooting is one of the most important skills
in soccer games, as it directly affects scoring
points. In the four-legged robot league, we
must develop accurate and strong shot motions
only by changing the parameters of the mo-
tions, since the hardware is limited to AIBO.
This task consumes much of developers’ time
and energy and is needed whenever the envi-
ronment (e.g., friction of the field) is changed.
By using machine learning, we can efficiently
reduce these burdens. Existing learning meth-
ods, however, take much evaluation time for
each trial in the motion learning. In this pa-
per, we propose a new concept, thinning-out,
for reducing the number of trials in the mo-
tion learning. Thinning-out means to skip over
such trials that are unlikely to improve motions,
in the same way that gardeners thin-out weak
seedlings. We show that our thinning-out tech-
nique significantly reduces the number of trials.
In addition, we show that our virtual robots
can acquire a sophisticated motion that is much
different from the initial motion as the result
of utilizing a hybrid learning method combin-
ing meta-heuristics and the thinning-out tech-

nique.
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Algorithm 1: Gathering defferences method

input : distance and the set Hist of pairs (z, f(x))
observed so far

output: An inferred value of g(distance)

initialize Diff as a map from R to R;
foreach keyl, valuel in Hist do

foreach key2, value2 in Hist do

Diff [|keyl — key2|] < |valuel — value2|;

end
end
sum_diff_key « 0;
sum_diff_val « 0;
foreach key, value in Diff in ascending order w.r.t.

key do
sum_diff_key <« sum_diff_key + key ;

sum_diff_val < sum_diff_val + value ;

if sum_diff_key > distance then
return sum_diff_val ;

end
end

return oo ;
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Algorithm 2: Simulated annealing with thinning-

out

input : num_trials, initial_motion,
initial_temperature, cooling_facter

output: an optimized motoin

state < initial_motion ;
Hist [state | «— Evaluate(state);
temperature « initial_temperature ;

while true in num_trials do
new_state < a random perturbation of state ;

while new_state satisfies the thinning-out

condition do
new_state < a random perturbation of state ;

end
new_score < Evaluate (new_state);

if new_score < score then
if true with a probability of

score—new_score
e:cp( temperature ) then

state «+— new_state ;
score «— new_score ;
end
end
temperature < temperature - cooling_facter ;
Hist [new_state | < new._score ;
end

return Max (Hist);
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MG [ GD || MG | GD
GA || 37.6% | 49% 0.56% | 7.69%
SA || 66.2% | 76.2% || 0.75% | 7.00%
HC 72% | 57.4% | 0.00% | 2.88%
PG || 10.6% | 47.6% || 0.71% | 3.54%
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