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CS 690: Human-Centric Machine Learning
Prof. Scott Niekum

Trust region methods



First-order optimization can be dangerous

Image credit: https://medium.com/@jonathan_hui/rl-trust-region-policy-optimization-trpo-explained-a6ee04eeeee9




Trust regions
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Line search Trust region
(like gradient ascent)

Image credit: hitps:/medium.com/@jonathan hui/rl-trust-region-policy-optimization-trpo-explained-abee04eeeee9




Sensitivity to parameterization
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KL Divergence

P(X)
Der(P | Q) = Exp|lo
*~P| S Q)
Forward KL Reverse KL
Mean-seeking Mode-seeking
q" = argmin Dk (p||q) ¢" = argmin, Dk (q||p)
- p(x)
- q*(z)

Probability Density
Probability Density




TRPO basic idea

Algorithm 1 Policy iteration algorithm guaranteeing non- o
decreasing expected return 7 MAXLIIIZE Lo, (0)

Initialize . subject to D%ﬁx (Hold, 9) < 9.
for: = 0,1, 2,... until convergence do
Compute all advantage values A, (s, a).

Solve the constrained optimization problem

max

Tiv1 = argmax L, (m) — CDyy ™ (7, )]

T

maximize Lg_,, (6)

where C = 4ey/(1 — 7)?
6

and Lﬂ'i (ﬂ') — 'r](ﬂ'z) +; pm(S);ﬂ'(a‘S)Am (87 a') Subject t0901d7 0) < 0.

end for

Quadratic approximation:
Fisher information matrix



PPO

On-policy actor-critic

0.1 =argmax E [L(s,a,0,0)|,
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Soft actor-critic

Off-policy actor-critic

 PPO can’t learn from offline data or reuse data, since it is on policy

 PPO policies tend to get more deterministic over time, leading exploration to
collapse and learning to stagnate

 SAC can reuse past experience or offline data since it is off policy

 SAC uses entropy maximization to learn the most random policy possible that
performs well, leading to natural exploration and robustness to estimation
errors



