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On-Policy vs. Off-Policy
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Q-Learning, DDPG, TD3, SAC



RLE12IES &=

e Model-Free vs. Model-Based RL
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e Model-Free RL 2| &t 2
o &Y X[XH3} (Policy Optimization)
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PG (Vanilla Policy Gradient Algorithm)
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Algorithm 1 Vanilla Policy Gradient Algorithin
: Input: initial policy parameters f, initial value function parameters ¢ v,r).](ﬂ’(/) E Vi 10&, ﬂ'u (14 | s, {7mo s, (l;) s

1

2: for k=0,1,2,... do =0

3: Collect set of trajectories Dy = {7;} by running policy 7 = 7(f) in the environment.

4:  Compute rewards-to-go R,. :

5. Compute advantage estimates, A, (using any method of advantage estimation) based 9}.-+1 -_ Hk + (\'V(}J(T\'Uh)
on the current value function V,,, .

6:  Estimate policy gradient as

e Im 2 Z Vologma(afse)ly

TED; t=0

7:  Compute policy update, either using standard gradient ascent,

0;\‘, 1= 9;; + (b‘;\.!'[k.

or via another gradient ascent algorithm like Adam.

8 Fit value [unction by regression on mean-squared error:
2
Op+ = arg mm E E ( R,) ,
TED, =0
typically via some gradient descent algorithim.
9: end for



TRPO (Trust Region Policy Optimization)
= Mo

TRPO= &= 45HJ| ?lofl Jts8 JtE 2 HHE Fot S SUO0IESt= SAIO A ZZ1 0l & Z20[ L0t
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Ol Hiet 2AH2 &8 ZX 2t2 )HelE =& ot= KL-Divergence (HI=ot X2t H&3l= OtE)E E

= policy improvement S H 0IA (E | 6tH & 2 = monotonically improves &= USH?

011 = arg max L(6;.,0)
s.t. r)/\/(HHH;') S )

L(0,0)= E mo(als) A% (s, a)
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https://en.wikipedia.org/wiki/Kullback%E2%80%93Leibler_divergence

TRPO (Trust Region Policy Optimization)

Algorithm 1 Trust Region Policy Optimization

1: Input: initial policy parameters fy, initial value function parameters ¢q

2: Hyperparameters: KL-divergence limit d, backtracking coefficient a, maximum number

of backtracking steps K

3 for k=0,1,2,... do

4 Collect set of trajectories Dy = {7;} by running policy 7 = 7(fy) in the environment.
5. Compute rewards-to-go R,. )
6:  Compute advantage estimates, A, (using any method of advantage estimation) based
on the current value function Vj,, .
Estimate policy gradient as

-

-

Tk = —— Vo logmo(asi)l,, A,.

' IDkI,EZI,;v; e 0).41 = arg max L(6,.,6)
2]

s.t. f)[\'[‘((‘)”(fk) <4

8:  Use the conjugate gradient algorithm to compute
o s
I~ H_ g
where Hj is the Hessian of the sample average KL-divergence.

9:  Update the policy by backtracking line search with L(HI. s 0) — s ET' (
S AT U" ;T() a
k,

E [Dgr (mo(:|s)||mo, (-
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s)
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where j € {0,1,2,...K} is the smallest value which improves the sample loss and

satisfies the sample KL-divergence constraint.
10:  Fit value function by regression on mean-squared error:

T .
Opy = arg mm ﬁ_ ﬂzf; Zl:. (\,(s,) - I’?,)“ s

typically via some gradient descent algorithm.
11: end for




