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X can't compute constant C; J(8) — J(x°9)
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Reminder: Trust Region Policy Optimization (TRPO)
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v’ robust: prevents large changes;
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x critic and actor can't share backbone;
x computationally costly;

x complicated :(
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Bias-Variance trade-off

Given rollout s,r,s', r',s” r"...s(M) from policy m and approximation of V™ (s)

perform credit assingment for state-action pair s, a (was this decision good or bad?)

For Actor: For Critic:

V = p(8)Vs logmo(a ] 5) W(s, a) Yo =W(s3)+ V7(s)

——

advantage target

estimator for regression

V(s, a) Bias Variance
Monte Carlo Viw)(s,3) i=r+yr' + 2" +--- = V7(s) 0 high

N-step Viny(s,a) =r+yr' +-+ 4NV (sV)) — V™(s) | intermediate | intermediate
1-step Vyy(s,a) = r+yV7(s') — V7(s) high low

Problem: hard to choose N.
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Backward view vs Forward view

Forward View
Give credit to present from known future

«is this decision good or bad based on the

outcome?»

Backward View

Update past credits with present information

«which decisions in the past to blame?»
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Generalized Advantage Estimation (GAE)
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Generalized Advantage Estimation (GAE)

TD()\)
z T 7 7 7
WOAE(s Z (YN Wy (s, a®) t ? ? =
=0 O (? ? ? Sei1 Repa
t i d when future is not ilabl 1-A
(trace is zeroed when future is not available) I I I A
O ? (f Sty2 Ry
How to compute in practice: 1 =22 I o Ao
WGAE(St, at) = \U(l) (St, at)+ O
(12N Ar_
+Ay(1— d0n6t+1)wGAE(5t+17 ari1) o
Z =1 [ Sr Rr
/\T—! 1
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Proximal Policy Optimization: implementation matters

Other hacks:

] ization! ippi
v Clipped policy loss I Reward normalization* and clipping
e Observations normalization and clipping?

Key elements:

v" Clipped critic loss
e Orthogonal initialization of layers

v GAE
e ¢ (clipping parameter) annealing
Pipeline details: Standard tricks:
I Advantage normalization in mini-batches e Adam, learning rate annealing
e No KL regularization e Tanh activation functions
® Entropy loss I Gradient clipping

ldivided by running std of collected cumulative rewards
2can be critical in continuous control
15



Full Pipeline: pt.l

Proximal Policy Optimization (PPO)
Initialize 7(a | s,0), V] (s);
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store critic output as V°!4(s;) := V7 (st)
e compute 1-step errors: W(y)(st, ar) = re +v(1 — donery1) VI (Se1) — Vi (st)
e compute GAE advantage estimations: WEAE(
e for t from N — 2 to 0:
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Full Pipeline: pt.l

Proximal Policy Optimization (PPO)
Initialize 7(a | s,0), V] (s);

for k=0,1,2...

e collect several rollouts sy, ao, ro, 51, doney, ay . .. sy, doney using w(a | s, 0);

Old(at | St) = W(at | St,g)

store probabilities of selected actions as 7
store critic output as V°!4(s;) := V7 (st)
e compute 1-step errors: W(y)(st, ar) = re +v(1 — donery1) VI (Se1) — Vi (st)
e compute GAE advantage estimations: WEE (sy_q,ay_1) == W (1) (sy—1, an—1)
e for t from N — 2 to 0:
o WCEAE(s 2,) = Wy)(st,ar) + Ay(1 — done; 11)VEAE (5111, ar11)

e compute critic targets: y(s;) := WEAE (s, a,) + V7 (st)

e construct dataset of (s, ar, VEAE (s, 1), y(st), 74(a; | s¢), VO'i(s:))
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Full Pipeline: pt.lI

Proximal Policy Optimization (PPO) —-- cont.

e go through dataset n epochs times, sampling mini-batches of size B; for each mini-batch:
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p(s,a,0) =

e update actor:
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Full Pipeline: pt.lI

Proximal Policy Optimization (PPO) —-- cont.

e go through dataset n epochs times, sampling mini-batches of size B; for each mini-batch:
e normalize WSAE (s 2) in the batch by subtracting mean and dividing by std
e compute importance sampling weights:

m(a|s,0)

(2 [s)’ p°"(s,a,0) = clip(p(s,a,0),1 —€,1+¢)

p(s,a,0) =
e update actor:
Li(s, a,0) == p(s,a,0)WEAE(s, a), Ly(s, a,0) == pP(s,a,0) WO E(s, a)
1 .
0 —0+aVog Z min(L1(s, a,0), La(s, a, ))

e update critic:
Lossi(s, @) = (y(s) — Vg(s))z

Lossa(s, ) = (y(s) — V*'4(s) — clip(VF (5) — V*M(s), , —e))2

17

¢ —¢— av¢% Z max(Lossi (s, ¢), Lossz(s, ¢))
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