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Experiments

* Try to learn state function via the thought of inverse
reinforcement learning.

* Design an algorithm of learning state function.

* Make experiments with “CartPole” and “MountainCar”.



Comparison - State learning VS. Reward learning

* 1. Algorithm Is different.

* 2. Network structure is different.

* 3. The parameters to be studied are different.

* 4. Trajectories generated by expert are different.

* 5. The process of parameter optimization is different.




Ditferences in algorithms

Reward learning

WmA: 5 E;
REZH X;
FEZE R A;
VB BIER D = {1, 72,...,Tm}
L AE:
1: &* = MY b 5 PRI AUH ) 3548 1n) &
2: m = BRI,
3: fnrt:1,2,... do
4 =M H*J)‘éﬁﬁlﬂﬁ&ﬁ*ﬂﬂﬂﬂiﬂ I EE ) &
5: *ﬁ w* = arg max,, mmg—1 w T(@*—2Z7) st |lw| <1;
6: 7= 7EIHE (X, A, R(x) = w*Tx) FRACEAL R,
7: end for
ith: XEEE R(x) = w* T 5FEB

State learning

Algorithm

1. m= FEYLRES
2. fort=1,2,,do

3. BE—AHE< xt at vt xl azt v, >
4. Ws = argmin,, — ! i-qajlog(a)), LiLws

5. m=7EERE< fws(x),A,R > KRB S
6. end for

Output: fu JRZS R EFN KRS



Differences In network

State function Learning

Environment
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Differences in parameters and trajectories

* Parameters

* S = fu.(®) r=R(S) = wlS

* Trajectories
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Differences in parameter optimization

* Reward function learning

7 = 1 Z:nlzt 1ytSt'
* X = E[Z?_ﬂ’ls |7T](t)
* wy = argmax,, minj_;w; (x* —xf)  s.t. [lw, || <1

* State function Iearning

* Wy = argminw ] 1 a;log(a;)
+ where @ = fu, (fu, (%)



Experiments-MountainCar

F® C:/Users/Administrator/anacondaProject/actor/run_CartPole.py — > F® C:/Users/Administrator/anacondaProject/actor/run_CartPole.py — >




Experiments-MountainCar
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Experiments-CartPole

F® C:/Users/Administrator/anacondaProject/actor/verify state.py — et B C:/Users/Administrator/anacondaProject/actor/verify state.py




Experiments-CartPole




Experiments-MountainCar
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Experiments-CartPole
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Distance to expert feature distribution

Some Experiments-Grid World(HH TR Z 183X HISELE )
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Some Experiments-Risk Aware Active Inverse Reinforcement Learning
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Figure 3: Active critique queries in 8 x8 gridworlds with 48 features.



Average reward per step

Some Experiments-Relative Entropy Inverse Reinforcement Learning
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Average frequency of driving off-track

Some Experiments-Relative Entropy Inverse Reinforcement Learning
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