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Reinforcement Learning w/ Function
Approximation
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Deep Reinforcement Learning

* Use Neural Network to approximate Value and Policy
* To make RL training end-to-end
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Chellanges of DRL

 What would happen if we combine Deep Learning and RL?
e Value function and policy now become deep network
* High dimensional parameters
Unstanble training
Easily overfit
Require large amount of data
High computing power
Trade-off between CPU (for collecting data) and GPU (for training NN)

These new problems advance the development of DRL



Deep Q-Network

* TD Q-value Learning with parametrized Qg (s, a)
* Target sample: y; = 1. + y max Qg (s¢41,a’)
a
* Learning objective:

no gradient

1
0" < argminz z (Qo(spyar) — (r +ymax Qp(sess, a')))?

(St,at)ED
* Update Qg(s¢, ar) < Qo(s,ar) + a(ry +vy max Qo(st41,a") — Qg(ss ar))



Deep Q-Network 2

* Challenges: Use NN to approximate Qg (s, a)
» Training of the algorithm is unstable
e {(S¢, a4, Se41,7¢)} NOt LI,
* Frequent update of Q4 (s, a)

e Solution:
e Experience replay
* Target network and evaluation network



Experience Replay

* Store every e; = (¢, as, S¢4+1,1¢) 1IN a replay buffer D, then
sample uniformly

* Prioritized sampling
* Compute priority score p; = |1 + ymaXQg (St+1' a') — Qo (St, Clt)l

» Store e; = (S¢, Q¢, Sg41, T, Py + €)
C(
Zk
(NxP(t)) R

max wj
l

« Sample e, with probability P(t) =

* Update with importance weight w; =



Target Network

* Target network Qg-(s,a)

e Use old network to set target value, sync to evaluation network every C
updates

1 !/
L;(6;) = [Est,at,stﬂ,rt, ~D [E we(re +v TTELE}X Q@i‘ (Serp,a’) — Qei(st; ay))? |

@9'% N

% % \Qa-

“Human-Level Control Through Deep Reinforcement Learning”, Mnih, Kavukcuoglu, Silver et al. (2015)



DQN Algorithm

Algorithm 1 Double DQN with proportional prioritization

1: Input: minibatch £, step-size 7, replay period K and size N, exponents « and 3, budget 7.
2: Initialize replay memory H =0, A =0,p; =1

3: Observe Sy and choose Ay ~ m(Sp)

4: fort =1to 7T do

5 Observe Sy, R;, ¢

6:  Store transition (S;_1, A¢+_1, R¢, V¢, St) in H with maximal priority p; = max; ¢ p;

7:  if t=0 mod K then

8 for j = 1to £k do

9: Sample transition j ~ P(j) = p§/ >, pf

10: Compute importance-sampling weight w; = (IV - P(j))_ﬁ / max; w;

11: Compute TD-error 6; = R; + v Qurget (55, arg max, Q(5;,a)) — Q(S;-1,4,-1)

12: Update transition priority p; < |0, Prioritized Sampling
13: Accumulate weight-change A «— A +w; - d; - VoQ(S;-1,4,-1) Importance sampling

14: end for o Learning objective is uniform distribution
15: Update weights 6 <— 0 + 7 - A, reset A =0

16: From time to time copy weights into target network fe; <— 6

17:  end if

18:  Choose action A; ~ 7p(S})

19: end for

10
“Prioritized Experience Replay”, Schaul et al. (2016)



Results on Atari Environments

Video Pinball
Boxing
Breakout

Star Gunner
Robotank
Atlantis

Crazy Climber
Gopher

Demon Attack
Name This Game
Krull

Assault

Road Runner
Kangaroo
James Bond
Tennis

Pong

Space Invaders
Beam Rider
Tutankham
Kung-Fu Master
Freeway

Time Pilot
Enduro

Fishing Derby
Up and Down
Ice Hockey
Q'bert
H.ER.O.
Asterix

Battle Zone
Wizard of Wor
Chopper Command
Centipede
Bank Heist
River Raid
Zaxxon
Amidar

Alien

Venture
Seaquest
Double Dunk
Bowling

Ms. Pac-Man
Asteroids
Frostbite
Gravitar
Private Eye
Montezuma's Revenge

—— |

normalized performance

DQN score — random play score

human score — random play score

At human-level or above
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Below human-level

The performance of DQN is
normalized with respect to a
professional human games tester
(that is, 100% level)
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“Human-Level Control Through Deep Reinforcement Learning”, Mnih, Kavukcuoglu, Silver et al. (2015)



Policy Parametrization

* Parametrized policy mg(als)

* Deterministic policy a = mg(s)

» Random policy my(als) = P(als; 0)
* Could generalize to unseen states

* Advantage:

* Good convergence property
 Effective in high-dimensional space or continuous action space

e Disadvantage:
e Usually converge to a local (not global) optimum
* High variance to evaluate policy



Policy Gradient

* For random policy mg(als) = P(als; )
* We should

» decrease probability of bad actions
* increase probability of good actions

 Example: A discrete 5-action space

1. Initialize 6 3. Update 6 5. Update 6
action probability action probability action probability

0.3 0.4 0.4
0.2 0.3 0.3
O I I I I I o o
4 0.1 I I I I 0.1

0 ; 11«01

Al A2 A3 Ad A5 Al A2 A3 Ad A5 Al A2 A3 Ad A5

2. Select A2 4. Select A3

Observe positive reward Observe negative reward



Policy Gradient for 1-step MDP

* Consider 1-step MDP

* Starting state s~d(s)
* Selects action a and stops. Receive reward 7y,

* Expected utility of the policy
J(0) = Egylr] = ) d(s) ) mo(als)ra

SES acA

aJ(0) dmg(als)
00 =Z‘“S>Z 99 'sa

SES acA

and its gradient




Policy Gradient for 1-step MDP 2

5](9) dtg(A|S)
T an ZSESd( )ZCLEA neae rS(l

1 oty (AlS)
* = ZSES d(S) ZaEA Tlg (CllS) 7T9(Cl|S) 069 rsa
%) (a|s)
* = ZSES d(s) ZaEA g (als) Og7;99 Tsa
. _ dlogmg(A|S)
= Er, [ 90 Tsa]

could be replaced J

with samples

15



Policy Gradient Theorem

e Extend previous result to multi-step MDP

* Theorem. For differentiable mg(a|s), with averaged return or
discounted return J, its policy gradient is

0J(6) _ . [dlogms(als)

ae — Mg ae QTCQ(S’ a’)



dlogmg (a|s) for softmax policy

efo(sa)
mg(als) = e
a
, Ologrmp(als) _ dfg(sa) _ Z of6 (s,a’) dfg(sa’)
26 36 > ,efe(sa') N 26

.= o) o afe(s,a )
96 a'~mg(a'|s) PY:
ﬁb\

ackpropogate
gradients




Recall: Monte-Carlo Estimate / Direct
Evaluation

g® LD |
. : . @)% (@)% (@) %2 (D) (i)
Trajectories: s, " — 85, " — — S, .S ~TT
0 O™ 72 )73 T
1 2 3

* Return: Gt —_ Rt+1 + ]/Rt+2 + "’yT_lRT

* V7 (s) = E[R(sp) + YR(s1) + ¥*R(s5) + -+ |sg = s, 7]

¢ = [E[thSt — S,T[]
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REINFORCE

* Use sample discounted reward G; as the unbiased estimation for
Q™ (s,a)
* REINFORCE

initialize 6 arbitrarily
for each episode {s{,a{,Iy,...,ST_1,a7_1,I'7}~Tg doO
for t=1 to T—1 do

0 (_9+a%108”9(at|5t)0t &—'at;’.—' — 0~ —-0—0l g

end for o - R
end for ~
return 6 R G

e -0 0 0 A

. ~ 1 :
could use multi-roll out G, = =X, Gt(‘)
N
to estimate Q™¢(s, a) i,



Experimental results in Puck World sk 2R 5%

target O ey

t
A
1
'
i
i

e Continuous actions on the puck ball
* Receive reward when near the target
* Target reset every 30s

Average Reward
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REINFORCE



Actor-Critic

 Drawbacks of REINFORCE

* Only have estimate G; for a complete trajectory
e Require large amount of data
* Though unbiased, but high variance

* Actor-Critic: Train a critic O to replace G;

————————————————————————————————————————————————————————

Actor mg(als) Critic Qo (s, a)

Learn to evaluate
well on actions

Adopt actions to
satisfy the critic

P e

———————————————————————————————

e o o - - - e -
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Actor-Critic: Tralning

* Critic: Qg (s, a)
° Q(D (SJ Cl) = T(S, a) + yE5’~p(5’|5,a),a’~T[6 (a’|5’) [Q(D (S,, a,)]

* Actor: mg(als)
* J(0) = Egoprylme(als) Qs (s, a)l

2J(8) 0 logn als)
* 06 = ]ETL'Q 9 Q(D(S a’)]

22



A2C: Advantageous Actor-Critic

 Further reduce variance
» Advantage: A™(s,a) = Q™(s,a) — V™(s)
Q™(s,a) A™(s, a)

6
5 2
4 1
3
O PR PR
2 . A2 a3
N
0 2
Al A2

aJ(0) _ a1 (aIS)
- LD = B, |2 (Qcp(s 0 - O)]
_9J(0) _ . [dlog ro(als)

o0~ Emg | 0 Aq’(s’a)]
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A2C: Advantageous Actor-Critic 2

*Q"(s,a) =7r(s,a) + V[Es’~p(s’|s,a),a’~n9(a’|s’) [Qo (s, a’)]
* = T(S; a) + yIE5’~p(s’|5,a) [VT[(S,)]

* A™(s,a) = Q™ (s,a) = V™(s)

*=7(s,a) + VIES’~p(S’|S, a) V(D] = V()

e ~1r(s,a) +yV*(s') = V™(s)

sample next
state s’

Learn Vg (s) = V™ (s) is enough!



TRPO: Trust-Region Policy Optimization

* REINFORCE

* Limitations of REINFORCE initialize § arbitrarily

for each episode {sy,a;, 13, ..,57-1,ar-1,Ir}~mg do
for t=1to T-1 do
6 « 6 + as=logmg(a,ls,)Ge
end for
end for
return @

* |dea: Optimize in a trust region
large worse
ctep ——>

N\ _/

=
data
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TRPO 2 J(8) = Egep, e[S v (st a0)]

J(8) = Esj~pg(se) [V (S0)]

- J(8')—J(O) =](O") — IE':sofvp(so) [V™6(so)]
= ](9’) - Er~p9,(r) [_VZG (50)]

=)0 = Eqopyyo | ) 7V (s = ) vV (s)
50 t=1

= J(O") + Eropyo | ) 75OV (st10) =V (50)
Lt=0

= Ervpyi (o 2 yir(se,ad [+ Erep, (o) IZ y (V™ (sp4q) —VT (St))‘
-0 t=0

= IEr~p9/(r) 2 yE(r(se ap) +yV™(spqq) =V (St))]
L t50

= Er~p9,(r) [Z yrA™o (s, at)]
t=0 AT (s, ay)

= Qe (St; at) —V7e (St)




TRPO 3

+ J(6") ~ J(6) )
=Erp,@ [z y A™e (s¢, at)]
t=0

= z ]:ESt~p9’(5t) [Eat~n6/(at|st) [ytAn'Q (St) at)]]

t
mgr(aclse)
- z IEStNPO’(St) [[EatN”H(at|St) [7'[9 (atlSt) ytAng (st ae)]]
t

J(0) = () = Bt Eepmpy 50 [Ba-ry(aglsy) 4o Y AT s, )]




TRPO 4

, myr(At|St)
* 0 < arg me}XZt Es,~pg(se) [IEat"’ﬂB(at|St)[7T9(at|St) yEATO (s an)]]

6

S.t. Es~p(sp [DKL(ﬂe’(atlst) | ﬂe(at|5t))] <€

o (At|St)
Y Es;~pg(sp) [Eat~ﬂ9(at|5t)[n9(at|8t) YA (s )]l

—A(Dg(mgr(a¢lse) | mg(aglsy)) — €)

* ' « arg max
0/



TRPO 5: Natural Policy Gradient

schemes. The natural policy gradient (Kakade! 2002) can

be obtained as a special case of the update in Equation (12

)

by using a linear approximation to L and a quadratic ap-

proximation to the Dy, constraint, resulting in the follow
ing problem:

maxgmize [VHLH{,H(Q)}%QM - (0 — 901d):| (17
_ 1

subject to E(euld — 0)" A(Oo1a) (Oo1a — 0) < 6.

where A(fq1a)i; =

a d
56, 30, oo DxL(wCls,Bota) || (|5, 0)) lo—o,,.-

The update 15 0,0 = Oo1a + %44(9011:1)_]-?5"{"(9)}3:,5} iy

)
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TRPO 6

. . sampling
trajectories ) ! RLLE
J trajectories* "..
o 4.. o
»* "
two rollouts
Sn an using CRN
. A 4'..-.'.0
all state-action a\,_ R A
pairs used in 27nnees O
objective
po rollout set

Single path Vine

Walker

Vine

Single Path
Natural Gradient
CEM

¥}
@

reward
reward

= Vine
= Single Path

-8.5 Natural Gradient ---coooeeioeeaininniniiiiih i
CEM
= RWR
-1 . e S B, —1 g S e——— —— ——
e 50 100 158 200 <] 58 108 150 200

number of policy iterations number of policy iterations

“Trust Region Policy Optimization”, John Schulman, et al. (2017)

30



PPO: Proximal Policy Optimization

1. Cut-off the importance ratio

conservative _ | mo(aglsy) . . .
e . [CPICQY = T il=
policy iteration (0) = E, 7., (acls) ¢ Ee[r:(0)A]

LCUP(9) = E|min(r,(0), clip(r:(8),1 — €, 1 + €))A,]

A=0
LELTP A lower bound

| i : LCLIP(H) < LCPI(H)

nearr = 1
LCLIP(H) — LCPI(H)

I |
0 1 1+4¢ LEHE

Proximal Policy Optimization Algorithms, John Schulman, et al. (2017)
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PPO 2
o LELIP(9) = E¢|min(r.(0), clip(r:(0),1 —€,1 + €))A,]
* Use multi-step bootstrap to estimate advantage

v Ay = V() + 1 +yre + oy o T (s1)
* can be collected distributedly

-~ As|S
- LKLPEN () = B, |- TR A, — p KLy, , - Is0) o Is0]
old
KL <2 B ﬁ

-IfKL>KLtarg><15,8 f X 2

32



PPO 3

No clipping or penalty:
Clipping:

KL penalty (fixed or adaptive)

7 environments with
continuous control

3 random seeds

100 episodes for each
algorithm, average over 21
runs

Normalize scores to 1

Li(6) = r(6) 4,

Li(6) = 111111('?1(9)1311;._ clip(r¢(f)), 1 — e, 1 + EJJ’-L

L,(6) = r(8)A; — BKL[mg,,,. 7o)

algorithm avg. normalized score
No clipping or penalty -0.39
Clipping, € = 0.1 0.76
Clipping, € = 0.2 0.82
Clipping, € = 0.3 0.70
Adaptive KL diarg = 0.003 0.68
Adaptive KL di,, = 0.01 0.74
Adaptive KL diarg = 0.03 0.71
Fixed KL, 3 =10.3 0.62
Fixed KL, g = 1. 0.71
Fixed KL, 3 = 3. 0.72
Fixed KL, g = 10. 0.69

Proximal Policy Optimization Algorithms, John Schulman, et al. (2017)
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Shuai Li

Summary https://shuaili8.github.io

* Deep Q-Network .
« Policy gradient Questions?

* REINFORCE
* Actor-Critic, A2C
* TRPO, PPO


https://shuaili8.github.io/

Supplementary: Policy gradient with averaged
return

J(m) = lim — 1 E[ry + 1, + -+ 1lm] = z d”(s)Zn(aIs)r(s, a)

n—-oon
S

0"(s,0) = ZE [re = J(@lso = 5,00 = a,7]
V™
69(5) aHz:n(als)Q”(s a), Vs

_ z aﬂ'(als) QT[(S Cl) _I_n_(als)_QTL'(S a)]

20

ang;lS) 0™ (s, a) +ﬂ(a|s)a—<r(s a) —J(m) +2PG,V7T(S’)>]

2|
| a"(“'s) 0™ (s, ) +(a |s>( o) OQZP“ v”(s'))]
2175

V”(S’) aV™(s)
20

- aj(m)
00

6n(a|s)

Q"(s,a) + n(a|s)2



Supplementary: Policy gradient with averaged

return 2
aJ(m) an(als) - . GV"(S ) GV”(S)
0 Q™(s,a) + n(a|s)ZP Y:

Zd“m Z“)ZG”(“'”Q(,aHZd(s>zn<als)2p AUE YR
Zd”(s)zﬂ(“|5>zpa A8 7 7 Yd”(s)n(ms)pa v
=sz”<s)<zn(a|s)p;> V(s Ezdn()P ov(s)
P get
zd”(s) f () Zd”()z (@ Qn(sa)+zdn(s) dd<e zdn()a[/ﬂ(s)

0](%) Zdn( )Z n(a IS)Q "(s, q)




Supplementary: Policy gradient w/ discounted
reward

J@@ =E| )y,
Lt=1

0"(s,a) = E Z Vi

V™ (s)
06

S¢e = S5, = a,ﬂ:“

aHZH(S 0™ (s,a), Vs

— z an(s @) Q™(s,a) + (s, a)—Q”(S a)]

= Z aﬂg;’ a) Q™ (s,a) + n(s,a) —(r(s a) + Z ]/ParV”(S')>]

Z an(s a) 07 (s,a) + Z (s, a)yz o aVﬂ(s )




Supplementary: Policy gradient w/ discounted

reward 2
avT 0 —
Vag(s) 2 T[(S a) Q™ (s, a) +Zn(s a)yz:Ps%l 4 (S )
z an((;@ 2} Q™(s,a) = y°Pr(s - 5,0, n)z a”(s a) 07 (5, )

Zn(s a)yz o Vﬂ(51) 2 27‘[(5 2y Pe. V”(Sl)
Z yP., aV”(S1) =y z Pr(s — s, 1,17) aV”(Sl)

avm 0 -
aésﬂ _ z 7T(S1 a) Q”(51 a) +vy z Pr(s; — Sy, 1,7) (52)

a
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Supplementary: Policy gradient w/ discounted
reward 3

V™ 0 ‘
VOQ(S) =y°Pr(s - s,0, n)z n(s 2) Q"(s,a) +y ZPF(S - s, 1, ”)z N(51 2 Q" (sy, @)

Vn(Sz)

+y? ZPr(s - s, 1, n)ZPr(Sl - 55,1,m)

=y%Pr(s - s,0, n)z an(s @) Q™(s,a) +vy z Pr(s - s4,1,m) z 671(51 @) Q™ (s, a)

V”(Sz)

+y? ZPr(s — S,,2,T)

(o]

=ZZ pr@ﬂkn)za”(”) Q™(x,a) = ZZV Pr(sakazan(”) Q™ (x,a)

x k=0

=>(3](71)_61/6850) ZZV Pr(soﬁskn)zan(s , ) 0"(s,a) = Zdn( )Zan(s ,a) 0™ (s, )
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