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Policy-based reinforcement learning

Policy gradient

Policy function: mt(a|s), Y. ea (als) = 1.
Input: s.
Output: probabilities for all actions, e.g.,
n(left]|s)=0.2,
n(right]s)=0.1,
n(up|s)=0.7.

Policy network: use 7t(a|s;0) to approximate mt(a|s).
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Policy-based reinforcement learning

Policy gradient

e Discounted return:

Ut =R+ YRey1 + ¥*Regz + V3 Regz + -

Action-value function:

Qr(se,ar) = E[Ut|S: = s¢, Ay = a;]

State-value function:

Vi (St) = E4[Qr (st A)]
(If descrete) = )., n(als;) - Q,(s¢, a).
Approximate state-value function:

V(s;0) = Ygn(als;0) - Qr(s,a)
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Policy-based reinforcement learning

Policy gradient

e Approximate state-value function:

V(s;0) = Xanlals;0) - Q(s, a)
If a policy is good, the mean value of V. (s;) is supposed to be big,

so we can define the target function:

J(0) = Es[Va(S)].
The target is to maximize /(6) by updating 6:

dV(s;0)

0€0+p |~

policy gradient
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Policy-based reinforcement learning

Policy gradient

Vv (s;0)

V(s;0) = ZaTC(CllS; 0) - QTE(SI a), ag,

7 > a|Si0) Qnls.a)

UL = 96
ww o 0059 SMMW 79
o5, 2 Qo) | o
-Za<w' ’ajmn(als,-e) Qs “;)}

_ E L;lyat(/\ls 9) CQ/U;’ _/):WVL 2
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Policy-based reinforcement learning

Policy gradient

2 forms of policy gradient:

* Form 1:

GV(S 2) _ aTc(a | s; 9) . 0.(s, a)

oV (s;0)

* Form2:—<

— EA~TL’( |5;0) [alogﬂ(A|S 5) + Qr(s,4)]

= BRI
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Policy-based reinforcement learning

Policy gradient

BV(S 0) -y aTc(a | s; 9) . 0.(s, a)

e Use form 1:

1. Forevery aEA, calculate f(a,e)—an(aIS 9) +Qr(s,a).

2 ‘“’“‘” =Y. f(a,0).

* E.g., A={"left”, “right”,”up”}.

6Va(z;9) — f("left", e) + f("right", e) + f("up", e)

SR A 2
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Policy-based reinforcement learning

Policy gradient

oV (s;6) ologn(al|s;0
00 =EA~n(-Is;6)[ 6(9 )-Qn(s,A)]

e Use form 2:

1. (Monte Carlo) Randomly sample @ according to (- |s; 9).

2. Calculate g(a,0)= alogrg(gls;e) - Q(s,a).

dV(s;0)
00

3. Use g(a,b) to approximate

SR A 2

] UNIVERSIDADE DE MACAU
UNIVERSITY OF MACAU



Mobile User


Policy-based reinforcement learning

Policy gradient

Algorithm:
1. Observe s;.
2. Randomly sample a; according to (- |s; 0).

3. Compute q; ~ Q.(s;,a;).

4. Differentiate policy network: dg , = alogn(gcgdst;e) lo=0,-

5. Approximate policy gradient: g(a;, 8¢)= q¢ - dg .
6. Update policy network: ;.1 = 0 + B - g(a;, 0;).

= SR
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Policy-based reinforcement learning

REINFORCE & actor-critic

REINFORCE: Monte Carlo
 Play the whole game and record the trajectory:
S1,Q1,11, S2, A2, 12, ., Sg, Ag, Tt
«  Compute the discounted return u, = Yr_, ¥y tr; forall t.
* Because Q,(s¢, ar) = E[U¢|S; = s¢, A; = a;], we can use
u; to approximate Q. (s¢, a;).

e Useq; = ug.

= SR
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Policy-based reinforcement learning

REINFORCE & actor-critic

Actor-critic method: use neural network to approximate Q;

e State-value functon

V(s;0) = Xgm(als) - Q.(s,a) =

* Policy network — actor

Yar(als;0)-q(s, a; w)

Use neural network nt(a|s; 0) to approximate nt(a|s).

Use policy network to control the agent.

e Value network — critic

Use neural network g(s, a; w) to approximate Q. (s, a).

It’s only used to give a grade, not to control the agent.

SR A B
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Policy-based reinforcement learning

REINFORCE & actor-critic

Policy network — actor: n(a|s; 0)

/ “left”, 0.2
Conv Dense Softmax
. . “ : ”n
> —> > — “right”, 0.1
Ju l\
uupn’ 0'7
state s;
Y feature

SE 9 N B
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Policy-based reinforcement learning

REINFORCE & actor-critic

Value network — critic: (s, a; w)

Conv
feature Dense
> O
- Dense q (s,a; w)
= > - concatenate (scalar function value)
action a
feature

SE 9 N B
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Policy-based reinforcement learning

REINFORCE & actor-critic

Actor-critic method: use neural network to approximate Q;
e State-value functon
V(s;08) = Xan(als) - Qr(s,a) = Yanlals;0) -q(s, a; w)
* Policy network — actor
n(a|s; 0) is updated to increase state-value I/ (s; 0).
* Value network — critic

q(s, a; w) is updated to estimate the return more accurately.

SR A B
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Policy-based reinforcement learning

REINFORCE & actor-critic

Train actor-critic

Observe s;.

Randomly sample a; according to (- |s¢; 04).
Perform a; and observe new state s;,; and reward 7.

Update w in value network g(s, a; w), using TD.

AR S

Update 6 in policy network t(a|s; 0), using policy gradient.

SR A 2
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Policy-based reinforcement learning

REINFORCE & actor-critic

Summary of actor-critic

1.

2
3
4.
5

Observe s; and randomly sample a; according to (- |s;; 0;).
Perform a; and observe new state s;,; and reward 7.
Randomly sample @, according to ©(: |s;.1;0;). (NOT perform d,, )

Evaluate value network: g; = q(s;, a;; we) and gy = q(Spaq, Qryq; We)-

Compute TD error: 6; = q; —|(r: + v - CIt+1)|- TD target
Differentiate value network: d,, ; = aq(s(;'&;?w) lw=w, -

Update value network q(s, a; w): w1 = we —a -6 - dy, ;.

dlogmn(a|s:;0) |
20 0=0"

Differentiate value network: de,t =

Update policy network n(a|s;0): 0,41 = 0 + B - q; - dg .

UNIVERSIDADE DE MACAU
UNIVERSITY OF MACAU
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Policy-based reinforcement learning

REINFORCE & actor-critic

Summary of actor-critic

1.

2
3
4.
5

Observe s; and randomly sample a; according to (- |s;; 0;).
Perform a; and observe new state s;,; and reward 7.
Randomly sample @, according to ©(: |s;.1;0;). (NOT perform d,, )

Evaluate value network: g; = q(s;, a;; we) and gy = q(Spaq, Qryq; We)-

Compute TD error:Igz g —|(r + v CIt+1)|- TD target
Differentiate value network: d,, ; = aq(s(;'&;?w) lw=w, -

Update value network q(s, a; w): w1 = we —a -6 - dy, ;.

dlogmn(a|s:;0) |
20 0=0"

Differentiate value network: de,t =

Update policy network (a|s;0): @41 = 0¢ + B {6 dg ;-
With baseline

UNIVERSIDADE DE MACAU
UNIVERSITY OF MACAU
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Policy gradient with baseline
REINFORCE with baseline

State-value function:

Vi (s) = Ex[Qr(s, A)] = Xan(als; 0) - Qr(s, a).
Policy gradient:

oV (s) dlogm(A|s;0)
= Epen(s; . S, A
00 A~T( |S;9)[ 00 QTL‘( l
Baseline: make b independent of A / |
4 919371(,&[; 8) Qe (s A) F LL“’#EM)—.@E&A)J -0
y FWV‘ E/MLD’ M}jﬁ_ e EA~TL(|s 9)'_ J A~TCsiB) 2%
s;0 wi (A S
B [ b 22052 ] bEAJL[anw 2] /Ewt»k,g)tfg—@—“” LED grts ] = Bon [1 2252 ]
NTL ‘,J‘l(ﬁ-l( 6)
Z ) Zn(a/s;o){a B RSy - :l
- zanieton [ty 2 R S

_ on(alsi8)
= b Za 9 Z,nels9) =]
=)

29
=b 25 =0

= BRI
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Policy gradient with baseline

REINFORCE with baseline

Policy gradient with baseline
V(s [ OImm(Acls:i6)
00 AT 00
Monte carlo approximation
* Randomly sample a;~m(- |s;; 0) and compute g(a;)
* g(a;) is an unbiased estimate of the policy gradient:

OV
Ea~nlg(40)] = 7252

+ (Qr (st Ar) — b)]

Stochastic policy gradient

glas)= amn(;él ) + (Qr(se, ar) — b).

Stochastic policy gradient ascent:

0—6+pL-g(a).
b (independent of A;) doesn’t affect E,, .[g(A;)], but affects g(a;). A well
chosen b leads to small variance and speeds up convergence.

SR A B

] UNIVERSIDADE DE MACAU
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Policy gradient with baseline

REINFORCE with baseline

Stochastic policy gradient (b= 1/.(s;))

glay)= amn(gé)l ) +(Qr(sear) — Vi (se)).

 (Monte carlo) In REINFORCE:

Ut = Qr(sy, ap).
* Approximate V' (s; 0) with value network v(s; w).

Approximate policy gradient:

oV dl ;0
at(;t) ~ glay) = nn(gtel 2. (ue—v(se; w)).

SR A 2

] UNIVERSIDADE DE MACAU
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Policy gradient with baseline

REINFORCE with baseline

Summary of REINFORCE with baseline
* Play a game to the end and observe the trajectory:
S1,Q1,11, S2, A2, T2, ..., Sg, Ag, Tt
«  Compute the discounted return u, = Y.0_,y*t - 1, and &, = v(s; w) — u,.

 Update the policy network:

dinm(a; | s¢:0)

0 «— 0 - ﬁ * 6t * ae
* Update the value network:
w<—w—a-5t-av§f\;w)

SR A B
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Policy gradient with baseline

Advantage actor-critic (A2C)

Stochastic policy gradient (b=1_(s;))
Advantage

glay)= alnn(at [5:9) (lQn(Str a) — (St)l)-

* Policy network — actor: w(a|s; 9)

* Approximation to policy function w(als).
* Controls the agent.
* Value network — critic: v, (s; w).
» Approximation to state value function V_(s).

e Evaluates the state s.

SR A B

] UNIVERSIDADE DE MACAU
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Policy gradient with baseline

Advantage actor-critic (A2C)

Train A2C

* Observe a transition (s¢, ag, ¢, Sg41)-
e TDtarget:y, =1 + V- V(Seyr1, W).
* TDerror: 6; = v(s;, W) — .

* Update policy network (actor) with:

dlnm(a;|se; 0)

0 —0—-p0-6;-
Bo 00
* Update the value network (critic) with:
. . ) av(St;W)
Wew-—ao-0; W

= BRI

] UNIVERSIDADE DE MACAU
UNIVERSITY OF MACAU
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Advanced techniques in policy-based RL

TRPO: trust region policy optimization

Trust region methods, target: max J(6)
* Trust region: N(6,0w) = {0110 — O, ll2 < A}
* Construct function L(0|6,,,,,), satisfying:
L(616,,,,,) is very close to J(0), VO € N(6,,o1)
e J(0) can be replaced by L(0|6,,,,,) when 8 € N(6,,,,,)

/;adius A

0014

N(Bold)

SR A B
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Advanced techniques in policy-based RL

TRPO: trust region policy optimization

Train
* Approximate

a) Present policy network parameter is 0,,,,,. Use m(a|s; 6,,,,,) to control the
agent, record trajectories: s1,a4,71, S, A2, 72, .., Sp, Ay, Ty«

b) Forall t, calculate u;.

~ 10
c) Approximate function: L(8]6,,,,,) =% ?=1n(7;(jts|:0tno)w) “ Uy

e  Maximize

Oy = argmaxgL(8]0,04); S.t. 1180 — Opouwll, < A.

SR A B
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Advanced techniques in policy-based RL
Entropy regularization

Entropy
Entropy(p)=— X1, p; * Inp;.
Small entropy means probability is too concentrated, while big entropy means
greater randomness (prefered).
Entropy of probability distribution
H(s; 0) 2 Entropy[n(: |s; )] = — Y. cam(als; 0) - Inw(als; ).
Policy-based RL using entropy regularization
maxgJ(0) + A - E¢[H(s; 0)].
Gradient and update 0
g(s,a;0) 2 [Q,(s,a) — A-Inn(als; 0) — A] - Vglnm(als; 0).
0—0+pB-G(s,a;0).
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Partial observations

RNN: recurrent neural network

Problem: in many cases, the observations are partial, leading to difficult
decision-making. Replacing s; with o; is the simplest way, but it’s not
efficient enough.

Solution: remember all the 0;: 04, 05, ..., 0;, denoted by 0,.; =

|01, 05, ..., 0], and policy network is T(a;|o4.;; 0).

However, with the growth of t, the length of 0,.; changes accordingly.

We can use recurrent neural network (RNN).
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Partial observations

RNN: recurrent neural network

 Forallt=1, 2, ..., n, recurrent layer maps [x{, X5, ..., X¢] to h;.

(1) =
(-’131,(132) =s h,z
(1,2, T3) = hg3
(5131,132,173,"' 3wn—1) = hn—lv

(w13w23w33”' 31:71,—111:71) — - hn-

* The length of h; is fixed.

SR A 2
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Partial observations

RNN: recurrent neural network
@/,

T

ki
M 4%

I

E'“ E, ?, E,

. T
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Input is [xq, X3, ..., X, ], output is P.
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Partial observations

RNN: recurrent neural network

* Simple recurrent layer

ht — tanh(W[ht_l; xt] + b)

[ [EEEEEE
ke
S L

tanh

&

SE 9 N B

] UNIVERSIDADE DE MACAU
UNIVERSITY OF MACAU



Mobile User


Partial observations

RNN: recurrent neural network
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RNN as policy network: f, = m(a;|04.+; 0).
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Thank you.
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