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 Naturally learns well in redundant action spaces
e Transfers across permuted action spaces

 Enables learning from observations obtained from
completely random policies
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The QSS formulation for RL

Control

1) Find neighboring states N(s)
2) Select state with largest value
3) Determine action

m(s) = 1(s,7(s))
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Tabular experiments

e Q(s,s’) stored in table

* Given N(s) and I(s,s’)

* 11x11 gridworld

e 4 actions
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Tabular experiments
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Example of equivalence of QSA and QSS
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Tabular experiments

4 actions with
probability of slipping

e Given N(s) and I(s,s’)
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Tabular experiments
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Tabular experiments
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Tabular experiments
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Tabular experiments

e 4 base actions with
redundancy

e |earnl(s,s’)
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Tabular experiments
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Tabular experiments

* 11x11 gridworld * 11x11 gridworld
e 4 actions0,1,2,3 e 4 3actions 3,2,1,0
e Given N(s) * Given N(s)

e Learn l(s,s’) e Learnl(s,s’)
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Tabular experiments
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Tabular experiments

e Experiments demonstrated properties of QSS
* Most problems cannot be solved in tabular setting

e How to learn in settings with large/continuous state spaces?
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The QSS formulation for RL

Qs,s') =r+7Q(s,7(s))
Lo= 2 ly — Q. (s, 5|
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Continuous QSS via D3G

Control

1) Eind-neighbor NGS)

2) Select state with largest value
3) Determine action

st < 7(s)
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Continuous QSS via D3G

Control

1) Eind-neighbor NGS)

2) Select state with largest value
3) Determine action

m(s) < I(s,s.)

38



D3G Control Experiments

e 11x11 gridworld

e Mujoco tasks

e |(s,s’) learned




D3G Control Experiments
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D3G Control Experiments

model_loss critic_loss
+12
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D3G Control Experiments

Cycle Loss

W 7 Model  7,(S) =5;
7,

\) - A Inverse dynamics Iw(S, S;) =
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Sf
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D3G Control Experiments

Cycle Loss
S, |
by v Model  7,,(S) =5,
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: /
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S’ Forward dynamics f¢(S, a) = Sf

Ly = —Qo(s,C(s,7y(s)) + BllTy(s) = Cls, 7y (s))]

y =7+ min Qo (s, C (s, Ty (s)))
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D3G Control Experiments

Training

1) Select state with largest value
2) Determine action

3) Predict next state

st < 7(s)
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D3G Control Experiments

Training

1) Select state with largest value
2) Determine action

3) Predict next state

a < I(s,s)
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D3G Control Experiments

Training

1) Select state with largest value
2) Determine action

3) Predict next state

s} — f(s,a)
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D3G Control Experiments

Training

1) Select state with largest value
2) Determine action

3) Predict next state

st < 7(s)
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D3G Control Experiments

Training

1) Select state with largest value
2) Determine action
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49



D3G Control Experiments
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Learning from Observation
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Q(s,s') =1 +7Q(s,7(s))



Learning from Observation

e Given demonstration data <51, r1,d1, S9,79,do, . . . >

e Train Q(57 3/) and T(S)
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Learning from Observation

Cycle Loss
T \) — o/
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Learning from Observation

Cycle Loss
% >r Model ¢ (S) — S
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Learning from Observation

s — C(s,7(s)) — ...



Learning from Observation

Control
1) Select state with largest value
2) Determine action

st < 7(s)
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Learning from Observation

Control
1) Select state with largest value
2) Determine action

st < 7(s)
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Learning from Observation

Control
1) Select state with largest value
2) Determine action

m(s) < I(s,s.)
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Learning from Observation

Table: Learning from observation with noise injected into policies

Reacher-v2 InvertedPendulum-v2
% Random T, BCO D3G T, BCO D3G
0 -41+0.7 -4.24+0.6 -14.7+30.5 10000 1000 +0 3.0+£0.9
25 -12.5+1.0 -4.3+0.6 -4.2 + 0.6 52.3+ 3.7 10004+0 602.1 +487.4
50 -226+09 -49+0.7 -4.2 + 0.6 18.0+24 12.1+83 900.2 £ 299.2
75 -32.6+04 -6.6+t1.3 -4.6 £+ 0.6 1144+1.3 12.1 £8.3 1000 + 0
100 -40.6 £ 0.5 -9.7+£0.8 -6.4 £+ 0.7 8.6+0.3 31.0+4.7 1000 =0
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Conclusion

e Introduced new value function, Q(s,s’)
e Described predictive model for maximizing these values

e Showed benefits in redundant action spaces, transfer across
permuted actions, and learning from observation

e Code: https://github.com/uber-research/D3G
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