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Recap In
60 seconds!




Recap: Two Ingredients of RL
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Curses of Function Approximation

Value lteration: Policy lteration:
Bootstrapping Distribution Shift

Iteration 101

T-

Upper half of state
iIs BAD

Lower half of state
Is GOOD

...... Approximated Q
__True Q




The Power of a Policy!

All we need at the end of the day is a good policy.

Black box: Try different policies and pick the best one

Gray box: Be smarter, push probability mass on actions
that lead to high values
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The Three Nightmares of Policg Optimization
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Nightmare 1: High Variance

Vo] = ESNd”G (s),a~g(als) [VG log 7L (a|s Qﬂg (S, a)]

Solution: Subtract off a baselinel

Vo] = Egmo(s)Eny(als) | Vo log(mg(als) (Q™ (s,a) — V™ (s))|
Vo] = Egm(s)Ery(als) | Vo log(7e(als) A™ (s,a))



Nightmare 2: Distribution Shift

AovanTa GE

Solution: Take small steps!

max J(6 + AO)
AO

s.t. KL(n(0+ AO)||=n(0)) <¢€



Nightmare A
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The Ring of Fire
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The Ring of Fire

Get's sucked into a local optimal!




ldea: What it we had a "good reset distribution?”
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ldea: What it we had a "good reset distribution?”




ldea: What it we had a "good reset distribution?”

' Run REINFORCE
‘g’ from ditferent start states



ldea: What it we had a "good reset distribution?”

' Run REINFORCE
‘g’ from ditferent start states



ldea: What it we had a "good reset distribution?”

Run REINFORCE
from different start states




Solution: Use a good ‘reset distribution

Choose a reset distribution u(s) instead of start state distribution

Try your best to "cover states the expert will visit

Justity using the PDL!
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Vanilla Policy Gradient (REINFORCE)

Start with an arbitrary initial policy zy(a|s)
while not converged do
Roll-out 7 (a|s) to collect trajectories D = {Sé, aé, ré, e S}_l, a}_l, r;_l}fil

Compute reward-to-go for each timestep for each trajectory
T—1
Q"(s/,a/) = Z r(s,, da,

. I'=t
Compute gradient

1 |9 o
V,J(0) = ~ Z; V, log m(al| s O™(s!, a’

Update parameters 6 <« 0+ a'V,J(0)
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Let's apply the fixes to the nightmares!

Start with an arbitrary initial policy my(a|s)
while not converged do

Roll-out 7y(a|s) to collect trajectories D = {Sé, aé, ré, e S}_l, a}_l, r}_l}ﬁ.\;l
T-1
Compute reward-to-go for each timestep for each trajectory Q"(s;, a/) = Z r(s,,a,)

. f'=t
Compute gradient

1 | = A
V,J(0) = ~ Vlog ny(a; | s/) O"(s;, a;)
=0
Update parameters 0 — 0+ aVyJ0)
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Fix #1: Subtract baseline

Start with an arbitrary initial policy my(a|s)
while not converged do

Roll-out my(a|s) to collect trajectories D = {s}, aj, 1l ...y sh_ ab b 1L,
T-1

Compute reward-to-go for each timestep for each trajectory Q”H(Sti, ati) = Z r (Stif, Cltif)
t'=t

-1
Fit value function ‘A/”@(Sti) ~ Z r(sti,, ati,) \L How??
t'=t -

Compute advantage A”H(S,f, ati) — Q”Q(Sti, af) — ‘7”9(5;)

Compute gradient
1
Vg](@) — N [

T—1
Z Vlog my(al | s}) A(s/, af)]
=0
Update parameters 0 — 0+ aV,yJ(0)
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Fitting values!

| Monte-Carlo

V(s) < V(s) + a(G, — V(s))

Needs full time-horizon
trajectories

~Temporal Difference

V(s) « V(s) + a(c + yV(s) — V(s)) ‘

Works with partial segments!|
(s,a,r,s’)
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Actor-Critic Framework

Critic

Policy improvement Estimates value
of functions A”
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Actor-Critic Framework

Start with an arbitrary initial policy my(a|s)
while not converged do

Roll-out 7y(a|s) to collect trajectories D = {s'. a',r, sfr}ﬁ.\;l

. LA . o - N S 0¢ i) 2
Fit value function V*(s’) using TD, i.e. minimize (r' + yV”(s.) — V™(s"))
Compute advantage A%o(st ab) = (s, a') + y‘A/”H(Si) — V(5"

Compute gradient _

1 A
Vol (0) =— Z; Vlog mal|si) A%(s', a')
Update parameters 0 — 0+ aV,J0)
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Fix #2: Take small steps

Start with an arbitrary initial policy my(a|s)
while not converged do

Roll-out 7y(a|s) to collect trajectories D = {si, a, r, sfr}ﬁ.\il
Fit value function V™(s") using TD, i.e. minimize (r' + }/VﬂQ(Si) — V7(s"))?
Compute advantage A™(s', a’) = r(s',a’) + ;/\A/’T@(Si) — V(s

Compute gradient

= o
Vol(0) =~ D Vylog my(af|s)) A”ﬁ(sl,a’)] s.t. KL(n(0+ AO) || n(0)) <€
=0
Update parameters 0 — 0+ aV,yJ0) \
- p
How??
N Y
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Natural Gradient Descent (rediscovered as TRPO)

Start with an arbitrary initial policy my(a|s)
while not converged do

Roll-out 7y(a|s) to collect trajectories D = {si, a, r, sfr}ﬁ.\il
Fit value function V™(s") using TD, i.e. minimize (r' + }/VﬂQ(Si) — V7(s"))?
Compute advantage A™(s', a’) = r(s',a’) + ;/\A/’T@(Si) — V(s

Compute gradient

T-1

% D Vylog my(af|s)) A”Q(S’}a")] — oA (e
=0
~ AO'G(O)AO < €
Update parameters 0 < 0+ aG(0)~' V,J(6) G(0) is Fischer Information Matrix
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Natural Gradient Descent (rediscovered as TRPO!)

Start with an arbitrary initial policy my(a|s)
while not converged do

Roll-out 7y(a|s) to collect trajectories D = {si, a, r, sfr}ﬁ.\il
Fit value function V™(s") using TD, i.e. minimize (r' + }/VﬂQ(Si) — V7(s"))?
Compute advantage A™(s', a’) = r(s',a’) + ;/\A/’T@(Si) — V(s

Compute gradient

1 | &S e
V,J(6) = ~ Z; V log my(al|s’) A™(s", a‘)] L i A N o AN
~ AO'G(O)AO < €
Update parameters 6 < 0 + aG(0)~' V,J(0) G(0) is Fischer Information Matrix
Don't directly compute the inverse, G(Q) — _”9 [VelOg Ty VelOg 71'6,T]

use conjugate gradient to solve G(0)x = V,J(0)
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Proximal Policy Optimization (PPO)

Computing Fischer Information matrix is expensive and slow!

ldea: Instead of taking small steps, change the loss
function so there is no benefit in taking large steps!
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Proximal Policy Optimization (PPO)

Computing Fischer Information matrix is expensive and slow!

ldea: Instead of taking small steps, change the loss
function so there is no benefit in taking large steps!

Instead of defining gradient, we will define a surrogate loss function
(Lets say we are at iteration k)

o«
Z(0) = _s,arvyt@k — A"(s, a)
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Proximal Policy Optimization (PPO)

Computing Fischer Information matrix is expensive and slow!

ldea: Instead of taking small steps, change the loss
function so there is no benefit in taking large steps!

Clip the loss it the policy 7, deviates too much from 7,

S, A~ Ty
' g, g,

Il I
ZO) =F min | == A”%(s, a), clip (—9,1 —e,1+ e) A%(s, a)
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Fix #3: Use a reset distribution

Start with an arbitrary initial policy my(a|s)

while not converged do Instead of rolling out
Roll-out 7y(a|s) to collect trajectories D = {s', a’, ', st }V_ from the start state,
Fit value function V(s’) using TD, i.e. minimize (r + yV(si) — V7(s’))? rollout from states
Compute advantage A™(s', a’) = r(s', a’) + yV(si) — V7(s') expert VISIts
Compute gradient | [
Vol (0) =— tz; Vlog m(al|s) A%(s',a’) | s.t. KL(z(0 + AO)| | (0)) < e
Update parameters 0 — 0+ aV,J©)
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How do we make Actor-Critic more robust
to randomness of the environment?



We never see the actual environment in RL

actions

Y o /"’r
v '/
7

Z— \

N

observations,
rewards

Agent Environment

Credit: Ben Eyesenbach 33



We want our policy to be robust against all possible
environments that can explain the data

| actions } P
“ A -
//“—“ < : A i
/J f ; ; : f \

rewards

Agent Enwronment

T

max min [K E (st, a

p(St+1|St at) W(atlst) [ ty At :|
T  pEP,FER P

Credit: Ben Eyesenbach 34



Solution: Use Maximum Entropy RL!

J (m;p, 1) = E
MaxEnt\ 7"y P, — Mag~m(ag|st),St+1~P(St+1|St,a¢)

Intuition: There are many policies that can achieve the same
cumulative rewards. MaxEntRL keeps alive all of those policies.
Learns many different ways to solve the same task.



Solution: Use Maximum Entropy RL!

Standard RL MaxEnt RL

Trained and evaluated
without the obstacle:

Trained without the obstacle,
but evaluated with the
obstacle:
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y ,, o Haarnoja 20183
Soft’" Actor Critic

Actor Critic

TWQ(St, at) = T(Sta at) i 0! 4:St+1"“”3" [V(St+1)] ’

. exp (@™ (s¢, -))
new — D (-
The arg 7glél'l_l[ KL (71' ( ‘St) 7 Toa (St) where

V(st) = Ea,~x [Q(St,a¢) — log m(a|s¢)]

“Soft” Policy Improvement “Soft” Value Evaluation
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“Soft’ Actor Critic

Haarnoja 2018
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https://www.youtube.com/watch?v=FmMPHL3TcrE

