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PI2- Derivation Outline
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From first principles of Stochastic Optimal Control

Start with Hamilton Jacobi Bellman equations

1 Log transformation + benign assumption

⇒ Linear!

2 Transform PDE to path integral with Feynman-Kac theorem

⇒ Roll-outs!

3 Apply to parameterized policies

⇒ Model free!

⇒ Iterative update rule for θ
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PI2- Algorithm

PI2

CEM

CMA-ES

Comparison

Evaluation Task

PI2-CMA

Evaluation

Advantages

No gradient ⇒ Deals with discontinous noisy cost functions
Update δ within convex hull of εk=1...K ⇒ Safe update rule
Arbitrary cost functions
Model-free
Fast convergence
Only one open parameter: magnitude of exploration (εt,k ∼ N (0,Σ))

Disadvantage

No global convergence guarantees...
Robotics: This is where imitation comes in! π(θimit) ≈ π(θ∗)

Applied to very high-dimensional, complex tasks...
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θk=1...K ∼

N (θ,Σ)

∀k Jk = J(θk )

θk=1...K ← sort θk=1...K w.r.t Jk=1...K

θ
new =

Ke∑
k=1

1

Ke
θk

Σnew =

Ke∑
k=1

1

Ke
(θk − θ)(θk − θ)ᵀ

This algorithm can be interpreted as performing reward-weighted averaging
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CMA-ES
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CMA-ES

Comparison

Evaluation Task

PI2-CMA

Evaluation

Covariance Matrix Adaptation - Evolutionary Strategy

Like CEM, but

Different mapping from cost to probability
More sophisticated method for updating covariance matrix:

pσ ← (1− cσ) pσ +
√

cσ(2− cσ)µPΣ −1
θnew − θ

σ
(1)

σnew = σ × exp

(
cσ

dσ

( ‖pσ‖
E‖N (0, I )‖

− 1

))
(2)

pΣ ← (1− cΣ) pΣ + hσ

√
cΣ(2− cΣ)µP

θnew − θ

σ
(3)

Σnew = (1− c1 − cµ) Σ + c1(pΣp
T
Σ + δ(hσ)Σ)

+ cµ

Ke∑
k=1

Pk (θk − θ)(θk − θ)ᵀ (4)
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PI2/CEM/CMA-ES are all based on

Exploration: sample from a Gaussian θk ∼ N (θ,Σ)
Parameter update: Reward-Weighted Averaging θnew =

∑K
k=1 Pkθk

Similarity striking, as algorithms derived from very different principles!

CEM is a special case of CMA-ES: proof in paper.
(maybe this was already known?)
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Also some differences

Evaluated on following task:

J(τ t) = δ(t − 0.3) · ((xt − 0.5)2 + (yt − 0.5)2)

+

∑D
d=1(D + 1− d)(ät)

2∑D
d=1(D + 1− d)

(5)
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PI2/CEM/CMA-ES- Differences
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Covariance Matrix Updating
PI 2

No

CEM

Yes (simple)

CMA-ES

Yes (sophisticated)
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PI2-CMA
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Suggests a new algorithm: PI2-CMA

Constant exploration noise
Eliteness measure from PI2

Covariance matrix updating from CEM/CMA-ES

Basically PI2, but with adaptive exploration

In PI2, exploration magnitude must be tuned by hand
Next evaluation demonstrates advantages of PI2-CMA
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⇒ Exploration magnitude influences convergence speed and exploitation
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More recent results (not in paper)
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Summary

PI2

CEM

CMA-ES

Comparison

Evaluation Task

PI2-CMA

Evaluation

PI2/CEM/CMA-ES have identical update rules: reward-weighted averaging

Apply covariance matrix adaptation (as in CEM/CMA-ES) to PI2

Novel algorithm PI2-CMA

With adaptive exploration (other algorithmic parameters trivial to tune)

Future work

Further analysis and theoretical validation
Evaluation on real robots
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Thank you for your attention!
Questions?
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