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THIS LECTURE

Deep Reinforcement Learning setting
- Neural network policies

- Model-free

. On-policy



THIS LECTURE

Overview
. Deriving REINFORCE
. Actor-critic
. Advanced methods
- TRPO, PPO
. Soft Actor-Critic
- World models
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TRAJECTORIES

Components of RL:
. Actions Q¢
. States St
. Rewards Tt
. These are random variables!
Trajectories T = 50, 0o, 1,51, 01, 72,52 .. AT —1, I'T, ST
Initial state “o
Terminal state st



ATARI TRAJECTORY

o (At r1/5t+1

At41=Left =

t t+1 t+2
https:/
Credit assignment. becominghuman.ai/
' lets-build-an-atari-ai-

What action causes ? part-0-intro-to-

r/-9b2c53v1fj %
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MARKOV DECISION PROCESSES

TrajeCtorieS T = 50,00, "1,51,01,72,52...07T—1, T, 5T

Markov decision processes (MDPs):

p(t18) = p(s0) Hﬂe (aels)p(seat, Tertlse, at)

. Policy ﬂe(at\st)
. State transition distribution P(St+1, Tt+1l5t, At)
. Initial state distribution P(50)



MARKOV DECISION PROCESSES

Environment




OBSERVABILITY

Full observability of state

Partial observability: POMDP
. Out of scope!



MARKOV ASSUMPTION

t INndependent of history
gliven St—1.

pselai—1, 51, t.l) = plstlaet, se-1) Q ? >O ? >O ?

. Used to derive strong

. Fundamental assumption
behind RL i ;: ; ;:
. No RL is completely 7te Tte : ; 7o

‘model-free"!

. VU



EXPECTED RETURN

Total discounted reward 0 < v <1
Ry =rt14+yra+vira+- 4y "y

. Rewards and states are stochastic!
. Goal: Maximize expected return

](e) — {"p('c\e)[Ry]
0" = argmaxy | (0)

. VU



EXPECTED RETURN

](9) — 4319(1’\9) [Ry]

Expectation over trajectories by

following policy Tte <,\> Q >O ? >O
Reqguires summing (or integrating) over :
all trajectories! Q Clo Q a1

> Monte Carlo (sampling) estimation g 9 g 9
7To 7To &

. VU



MAXIMIZING EXPECTED RETURN

](e) — 4:]9(1\9)“21/]
How to find ©° = argmaxg | (0)7

» Policy gradient methods: Use Vo !(9)in gradient ascent
O0iy1 =0;+ Ve, (0;)

. VU



MARKOV DECISION PROCESSES

) pl

How to camyu&e Ve l(0)
Grradient estimation!
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SIMPLE REINFORCE

Simple REINFORCE:

. T~p(Tle) Sample trajectory
2.9+ 0+ ok, Z Ve log e (a¢lst) Gradient ascent
t=0

Let's derive algorithm!

. VU



JOINT DISTRIBUTION OF MDP

Vo (0) = VelE,(10)F]

Expectation is over all trajectories T ;|

Vol(O ZR Vop(t6)

To sample, we need an expression like
Y p(tl0)f(T)
T

Solution: The score function!

. VU



THE SCORE FUNCTION

S ALk
— Z RyVeP(T\G PET ) Mulkiply bj 1

Y p(t0)f(T)

This s an @.xpressmm lilee < ;
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THE SCORE FUNCTION

Score function:

Vo logp(T|0)
" dlogp(t/0) dp(xle)
op(T|O) 00

:p(i\e) Vep(T|O)

. VU



WORKING OUT MDP

Ve](e) — 4j'p('tle) [Ryve 1ng(’["9)]

How to compute Ve logp(Ti0)
MDP dlstrlbutlon over trajectories:

p(TlO) =plso) Hﬂe (Ae]se)P(Sta1s Ttr1l5¢, Ot)

. VU



WORKING OUT MDP

T! 1
p(l ‘" ) — p(SO) | | (at ‘St)p(st+ 1, [ t+ 1‘St1at)
t=0
[
logp(! [*) = logp(so) +  log! (at|st) + logp(St+ 1, Fe+1l5t, at)

t=0
'!'! 1
Ly logp(M M) =(! 1 logp(<o) Ly log! (a|st)
t=0
+(Iy logp(St+ 1, e+ 1]5t,at)

y [ Gradient of cuvironment wrt
! | lOg p(! ‘ ): | | IOg! | (at ‘St) pot&cv parame&ers! Ls O

§ t=0 VU



BASIC REINFORCE

T! 1
= L log!y (a5t )

L logp(! [*)

T! 1
L () = Epery [ Ly log!y (a fst)]
t=0
T! 1
bR “alogly (aglse), P! p(H]") Monte Carlo
FZ 0 (sampte) estimate

, VU



CREDIT ASSIGNMENT

1

Ly J(N) = Bpe ) [ Ly log!y (a5t )]
t=0

Reinforce actions with high total return
. Reinforce dtir 1when '11s high?
. Only reinforce actions with good consequences!

. VU



CREDIT ASSIGNMENT

Gradient of reward att’ + 1.

t t "
v Epe oy rew ] = Byl rerer Py log Ty (@[5t )]
t=0
t @
= Eperpyl! " orerer P logty (A fse)]
t=0
Only influenced by actions until t°

. VU



BETTER REINFORCE

Sum over timesteps:
T! 1 It

L Epe R 1= Epepyl M treer 1y logty (als)]
t!=0 t=0
Equivalent: Update actions based on following rewards

. Discounted reward to go
'!'! 1

H
t'=t

Gradient estimate: 11
! | Ep("\! )[R! ] — Ep("“ )[ | th! | |09"! (at ‘S’[)]

. =0 VU



REINFORCE

T! 1
Gy = !t!!trt!+1
t!=t
REINFORCE: )
L t~plto) o, Sampi& &ra\jea‘&wv
> L1 1+ LG log# (At |st) Grradient ascenkt
t=0

. VU



ACTOR-CRITIC




VARIANCE

Variance:

'!D

VIgl= Ep, (9! Ep, [6i])7
=1
High variance

> More samples needed
> Unstable training

, VU



REINFORCE

REINFORCE
. SImplest method to approximate policy gradient
. General and unbiased :)
. Very high variance! :(
. Not sample efficient

§ VU



BASELINES

REINFORCE:
T! 1

L Epe i [R1= Epepyl Gy log”y (ar|s)]
t=0

Reduce variance with baseline D::
71 1

L Epe )y [0 1= Epry )[. !t(Gt)! - log™ (ag |5t )]
0

[ =
baseline

§ VU



BASELINES

E' (at\st [bt | Iog' (at ‘St )]

_ ! o (ae]se)
— bﬂl\éadg) '\éatJS\t)

. VU



BASELINES

Ei a oy [be! 1 log!y (a5t )]
|

' L b (ae|se)
= b Tt )
N Ttsd) |

be! v Py (A ]5t) = byl Ly (a5t )
a ¢ a t

bt! !1:()

. VU



WHAT BASELINE?

REINFORCE with baseline:
T! 1

L Epe )[R 1= Epe iyl PG ! b))ty log™y (A fer)]
t=20

Value function:
Vi(st) = Eo ,st)[Gt]

Value function baseline:
7' 1

L Epe iy R ] = Epey )[. NG V(=) logt (A lse)]
t=0

. VU



REINFORCE VS ACTOR-CRITIC

AcCt, recelve rewara.

How to reinforce? V() = 0.68
REINFORCE: REINFORCE +
baseline:
| won!

| won. That result Is
5/ % petter than
expected!

Increase of random

reward wrk expet&ec&
reward

. VU

Random rewarc




TRAINING VALUE FUNCTION

Like Deep Q-Learning, train neural network V1 with

regression.
1. Use rollouts:
'!'! 1
(V) () Y [G)3 targek: reward-ko-qo
t=0
2. Use bootstrapping (lower variance, bilased):
7! 1

I I R AV 0 W (N SR VA S

t=0 tarqet: bootskra Ped

expected reward-to-go

. VU



RECAP

REINFORCE with baseline:
IR I CHl D B
2.0 0 L L (Vy(s)! " (e "V ()5
t=0

'!'! 1
C B GV (5)" - log#e (als)
t=0

§ VU



Q-FUNCTION

Discounted reward to-go
'!'! 1
t'=t
O-function (state-action value function):

0 (s,a) = Epcr ,s,a)[G]

§ VU



Q-FUNCTIONS IN POLICY GRADIENTS

D7 (s,a) = Eo ,s,a)[G]

Policy gradient:
7! 1

Ly Eper [P 1= Eperpy L TGy logty (a5t )]
t=0
T! 1

= Ep(! ‘")[ | tQ! (St,at)! " |Og" " (at ‘S’[)]
t=0
erikic actor

Much lower variance!

: VU



NOTATION UPDATE

Declutter notation:

. Current timestep t:
'y =r,as = a,s = 5,6t = G

- Next tlmestept+ 1; |
te1 = 841 = 8,541 = 5,6141 = G

§ VU



BOOTSTRAP ERROR

Minimize bootstrapped error using regression:

arg min ! Ep(3t+ 1.0t + 1|5t ,at)[rt+1+ | gnaXQ! (St+ 1, At + 1)]
! t+ 1

prediction target

2

§ VU



REINFORCE VS ACTOR-CRITIC

AcCt, recelve
reward.

How to reinforce?

REINFORCE: - Actor-critic:
| won! | think I'll win
sty | with 0.63
« L§ probability!
Random reworc | Expeﬂﬁec& reward

'1‘

. VU



BASELINES

Actor-critic:

'!'! 1

L Epe ) [R1= Epepyl 1TO (s, @)t 1 log™y (A s )]
t=0

Reduce variance evenTrlnlore with value function baseline:

L Epe )[R 1= Epepyl PO (sha) ! Vo (s))! 1 logty (A ls)]
t=0

advantage actor
Advantage actor-critic

. VU



ADVANTAGE VS Q-FUNCTION

AcCt, recelve
reward.

How to reinforce?

Actor-critic: Advantage

| think I'll win actor-critic:
with 63% | think I'll be 3%
probability! B ore likely to

Expecﬁed reward wWIinN.

Expec&ed Lerease
LA reward

. VU



COMPUTING THE ADVANTAGE

Advantage actor-critic:
7! 1

Ly Eperpy I 1= Epepy )[. O (sea) ! Vo)) logty (A fs)]
t=0 advantage A

Estimate V' with V! (biased)
Estimate @ (St,at) with ft+2+ 1 Vi (St+1)

A! (St,rt+1,St+1) — rt+1+ lV' (St+1)! V! (St)

. VU



SUMMARY

Advantage actor-critic:

« Estimate advantage for current policy

» Use estimate to get improved policy
Like policy Iteration, but with gentle steps

. VU



ONLINE ACTOR-CRITIC

Online Actor-Critic:

45

1 al !y (als) Select actions according to policy
> s, p(s, s a)

3.! S C(V! (S) P (r! + V) (S!)))z Updﬁe erikic
VD L+ A (5 0,8)" - log" - (a]s) Update actor
5.s! ¢



A2C

Uses only a single sample
And pbatching over time would give correlated minibatches

A2C: Multiple online agents

Collect experiences at each step for minibatch.
Efficient method!

. VU
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Global Network

Poicyn(s) | Vo) |

Worker 3

t t

Environment 1 Environment 2 Environment3 ...

state

\L
L Pd.cy
Actor \"\
o f:\\
,,.'/ 0
£ orror )
Vave | -~
Function
reward

Environment }—‘

VU
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ADVANCED POLICY GRADIENT METHODS




TRUST REGIONS

. Take small steps In policy space
. Policy Is close to another If KL-divergence Is low
.- Normal policy gradient: Difference In parameter space

k1 = argmlaxﬁ((! o)

S.1. IgKL (' || k) |

. How to ensure closeness?

. VU



T argmlaxﬁl(! s 1)

St. B (111,)! "

. How to ensure closeness?
. TRPO:
. Uses Natural Gradient
. Rescale AC-gradient by Fisher Information Matrix
. Optimized using conjugate gradient
. Complex to understand & Implement well

. VU



51

T argmlaxﬁl(! s 1)

st. By, (111 )"
- How to ensure closeness?
. PPO Clip:

. Clipped ''mportance weights' between old and new policy
. Discourages large policy changes
. SiImple to mplement & popular!

ly)

== PPO
=~ DDPG
= REINFORCE
- A2C
TD3
~ TRPO

of Papers (Quarter

0.0002

portion

VU
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GRADIENT ESTIMATION

Policy gradient methods:
Estimate gradient of expected return
Gradient estimation:

Estimate gradient of any expectation
arglmapr! () [ (2)]

§ VU



SCORE FUNCTION

Recall score function:

By, 1= Ep, (D50

= Ep, [ (2)! 1 logp: (2)]
. All distributions P! (2)
. All tTunctions |

. But very high ! P!
variance

SL

logp: (2) VU %’

53



CAN WE DO BETTER?

Score function has high variance...
Can we do better??

O—O— OO >

Skochastic node

) VU



PATHWISE DERIVATIVE

Reparameterization:

En, (o1 (D]= Epay[F(a(t,™))]
. Noise distribution P(!)

z=09(,") ! pr (2 ! P! £ (f)
Pathwise derivative (=backprop):
_ itttz
gPD _ | ZI | ) y p( ) | g , f

O

p(! )

. VU



PATHWISE DERIVATIVE

Low variance :)
| f

. Uses extra info: — | U L f
, i O
Requlres: o (1)
. Differentiable function © { O—Q' |

. Appropriate continuous distribution P (2) ;(
No reparameterization for discrete distributions

. VU



REPARAMETERIZATION IN RL?

“‘
““
|

§ VU



REPARAMETERIZATION IN RL?

Q S A }O T].
50 6 ““““ ;. Still no differentiable
l 5 path from |1 to !

. VU



REPARAMETERIZATION IN RL!

P(S()) Oy (at, 5t)
¢ 9

] :
0(C O—( )——»() Uy
p(!)

. VU



GUMBEL SOFTMAX

Probabilities ! 1, .- ! K, temperature! > Q0
! 1, ey | K J GumbeI(O, 1)
z=0¢,(!," )= Softmax((log" + !)/!)

! Ui £ i

O—>O—0O0—0—0
Gumbel(0, 1) Kg

O—&»0O!

§ VU



STORCHASTIC

Storchastic: Define computation graph with sampling
steps.
Compute gradient estimators automatically!

. PyTorch library with easy API
. Many low-variance estimators iImplemented
. Focus on discrete distributions

@TO o h https./github.com/HEmile/storchastic V U éEI
61 -



SOFT ACTOR CRITIC

. Off-policy algorithm
. Uses reparameterization to maximize through critic
. Adds entropy-regularization
. Encourage exploration
. Similar algorithms
. Deep Deterministic Policy Gradient (DDPCQ)
. Twin Delayed DDPG (TD3)

§ VU



ENVIRONMENT

Actor-critic methods
-Model actor: Policy NN
-Model rewards: Value function NN
What about 3rd RL component: environment?

§ VU



WORLD MODEL

World Models

-Model environment using
neural networks!

McCloud, Scott. Understanding
Comics:The Invisible Art.Tundra

Publishing, 1993.
Ha, David, and Jdrgen V U
64 Schmidhuber. "World models."

N



WORLD MODEL COMPONENTS

Components of our World Model: Ac?:';m{i\pu&s
. 1 (|2

Deward model P (7] )!\‘ ; .
. Transition model P! (7717, @) ~eo ' 20—\ »@

(State encoder® CF)— A A A A A A
L

Hafner, Danijar, et al. "Dream to
Control: Learning Behaviors by
Latent Imagination.”
International Conference on

Learning Representations. 2079.V U %
m
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TRANSITION DYNAMICS

Transition model (MLP)

Al 1 Pr (7t |7t 1,11 1) &t

%
®
Je

Zt1 1

66



BINN=VAWIINE

World models can be used to dream trajectories
(more formally, latent imagination)

Use to train RL agents ! (2l2) without interaction with
environment

Hafner, Danijar, et al. "Dream to
Control: Learning Behaviors by
Latent Imagination.”

International Conference on
Learning Representations. 2079.V U %
m°

67



BINN=VAWIINE

Ha, David, and Jurgen
Schmidhuber. "World models."




TRAINING BY DREAMING




TRAINING BY BACKPROPAGATING THROUGH DREAM




DREAMER

Hafner, Danijar, et al. "Dream to
Control: Learning Behaviors by
Latent Imagination.”
International Conference on
Learning Representations. 2019.




SUMMARY

REINFORCE: Basic policy gradient algorithm

. Actor-critic: Add critic to reduce variance

. TRPO/PPO: Ensure small and controlled learning steps

- SAC: Use reparameterization and entropy regularization

- World Models: Train policy inside learned model

e.van.krieken@vu.n|

@EmilevanKrieken

§ VU
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THANK YOU!

e.van.krieken@vu.nl
https://github.com/HEmile/storchastic

@TO o h https./github.com/HEmile/storchastic V U éEI
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