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p(s'[s, a)

T
po(si,ai,...,sr,ar) = H (aclse)p(sit1[st, ar)

T
0* = arg max By () [Z r(S¢, at)] = argmax Z Es,.a)~po(se,a) [T (8¢, at)]

t t=1
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t241 The anatomy of a RL algorithm (recap)

0 o
T

fit a model/
estimate the return

generate samples

(i.e. run the policy)

improve the policy
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%1 Model-based RL algorithms

0 o
T

fit a model/ learn p(s;41|s¢, at)
estimate the return A

— transition probabilities
— transition dynamics
— dynamics

generate samples

(i.e. run the policy)

improve the policy EREEINAON
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241 What if we knew the dynamics?
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S
(stochastic) closed-loop (stochastic) open-loop

ag ~ 7r(at|st)

v

T T
p(s1,a1,...,sp,ar) H?T ag|s¢)p(si+1lse, ar) po(s1,...,srlag,... Hp St+1|St, at)
t=1 t=1
T
T = argmax Erpr) [Zr (s¢, ay) ] aj,...,ar = arg almaﬁT Z r(st,a) s.b. ser1 = f(se,a)
t T =1
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231 How to solve an optimization problem?
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Hod?
Random shooting Monte Carlo tree search
S1
ai,...,ar =arg max J(ay,...,ar) 2 2,
at,...,ar RS \\/

A =argmax J(A)

A 52
N e QS 2
/ A 7 A
1. pick Aq,..., Ay from some distribution (e.g., uniform) N, 7 Y, 7
S3 S

2. choose A; based on argmax; J(A;) 3 83 53

m(at|st)
m(at|st)
m(az|st)
m(at|st)

Cross-entropy method

» 1. sample Aj,..., Ay from p(A)

2. evaluate J(A4),...,J(AN)
3. pick the elites A;,,..., A;,, with the highest value, where M < N

1. find a leaf s; using TreePolicy(s1)
2. evaluate the leaf using DefaultPolicy(s;)
3. update all values in tree between s; and s;

4. refit p(A) to the elites A;,,..., A,
take best action from s
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How to solve an optimization problem?

Trajectory optimization

T

ulmir}1 Zc(xt,ut) s.t. x¢ = f(X¢—1,u41)

NN s i—1

. df df de d

min  c(xq,u;) + c(f(x1,w),u2) +---+c(f(f(...)...),ur) f> fa 07 -

ug,...,ur - dXt dllt dXt dut
- umin Zc(xt,ut) s.t. x¢ = f(x¢—1,u4—1)
geee s AT, X1 4.0y X —1

Common control example: Linear-quadratic regulator

Xt
f(xe,uz) = Fy { u, } + £ Also useful for non-linear systems!
, - st m) % 1) + Vo ) | 73|
X X X o
clxeu) =S| | Col T+ | P e ooy 1) ey o) Vg ) | X5 ok [ 2= 1 gn g gy [ %%
2 ut ut ut ty, Ut) ~ ty Ut X, Uy ty Ut ut_ﬁt 9 ut_ﬁt X¢,Ug ty Ut ut_ﬁ-t,
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41 So, how do we know the dynamics?

) o
T

fit a model/

learn p(s;11/s¢,a
estimate the return (st+1s1,2¢)

generate samples

(i.e. run the policy)

improve the policy EREEINAON
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Value function methods

fit a model/ fit V(S) or Q(S, a)

estimate the return

generate samples

(i.e. run the policy)

improve the policy K& ﬂ'(S) = argmaxXgya Q(S, a)
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Value functions

Q™ (st a) = E;"::t E., [r(sy,ay)|st,as]: total reward from taking a; in s; and then following g (a|s)
V7(st) = Z;‘F,:t E., [r(sy,ay)|si]: total reward from s; by following mg(a|s)
A" (s¢,a4) = Q™ (s¢,a4) — V™ (s¢): how much better a; is advantage function

A™(s,a) =r(s,a) + E[VT(s')] — V™ (s)
A" (s,a) = r(s,a) + YE[V™(s")] = V" (s)

T

discount factor v € [0, 1] (0.99 works well)
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11 Policy iteration

T 9%

st

fit A™ (or Q™ or V™)
policy iteration algorithm:

fit a model to
1 . evaluate Aﬂ- (S, a) ﬁ estimate return

/
2.set T generate

samples (i.e.
run the policy)

: _ ™
o (alsy) = 1 if a; = argmaxa,, A™(s¢,a)
0 otherwise improve the

Il

policy

T

A™(s,a) = r(s,a) + yE[VT(s")] = V7(s)

2022-02-23
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How to evaluate V™ (s)?

Let’s assume we know p(s’|s,a), and s and a are both discrete (and small)

0.2|0.3]0.4l0.3| 16 states, 4 actions per state
0.3]0310:310.3]  can store full V™ (s) in a table!
0.4|0.4|0.6|0.4 .

etk [ [t T is 16 x 16 x 4 tensor

bootstrapped update: V7™(s) <= Eqawr(als)[7(8,a) + 7 Egs wp(s|s,a) [V ()]

just use the current estimate here

1 if a; = argmax,, A™ (s, a
7_(_/(at|st) _ { t g a; ( t t)

0 otherwise

VW(S) — T(S, 7'('(8)) + 7Es’~p(s’|s,7r(s)) [VW(S/)]

2022-02-23
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Policy iteration

policy iteration:

i 1. evaluate V7 (s)

2. set w1’

AW(Staat) - Qﬂ(staat) - VW(St>

arg maxa, A™(s¢, a;) = argmax,, Q™ (s¢, ar)

1 if a; = argmax,, A (s¢, ar)
0 otherwise

7 (ag]s;) = {

policy evaluation: v
N ' (a[st)

- y

g=y

g - VTF(S) — T(S, W(S)) + VES’NP(S'IS,W(S))[VW(S/)]

Y

V7(s) <= 1(s,m(8)) + VEs ~p(s'|s,m(s)) [(V7™(s)]
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11 Value iteration
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0 o
T

valu

Fitted

value iteration:
neural net function V:S — R improve the

Qﬂ' (S, a) — T(S, a) I ’YEs’rvp(s’|s,a) [V7r (S,)]

e iteration algorithm: S
1. set Q(S, a) — T(S, a) 4 ’yE[V(s’)] ﬁ estimate return

2. set V(s) « max, Q(s,a) generate
samples (i.e.
run the policy)

policy

l

V(s) V7™ (s) « max, Q™ (s,a)

parameters ¢

£06) = 5 [|[Vos) — max @ (s, )|

fitted value iteration algorithm:

-

1. set y; < maxa, (7(si, a;) + ’YE[V¢(S§)])
2. set ¢ < argming 1 Y. [|[Vis(s;) — yill?

2022-02-23
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Value iteration — if we don’t know dynamics

fitted value iteration algorithm:

(] > 1.set y; < maxa, (r(si,ai) HVE[Ve(s)])| «——— approximate E[V(s;)] ~ maxar Qy(s;, a;)
2. set ¢ « argming 2 >, [|Vi(si) — yill”

Recall where this came from:

policy iteration: policy evaluation:
<= 1. evaluate Q7 (s,a) y j
\ 2. set T ﬂ-’ < - Vﬂ-(s) — ’I‘(S,?T(S)) + ’YES’Np(s’|s,7r(s))[Vﬂ-(s’)]
= S
, 1 if a; = argmaxa, Q™ (s¢, ar) ,
™ (at|st) = : t
0 otherwise &\ Q™ (s,a) < r(s,a) + YEg p(s'|s,a) [RT (8", 7(s"))]
I

Just sample (S, a, s’) !
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Fitted Q-iteration

generic fitted Q iteration algorithm:

1. collect dataset {(s;,a;,s., r;)} using some policy

Q¢(S> a)

parameters ¢

@ 2. set y; < r(si,a;) +ymaxy Qy(s;, aj) s
3. set ¢ < argming % > i 1Qa(si,ai) — }’z'H2 4

online Q) iteration algorithm: r(arlse) = { 1 if a; = arg maxa, Qu(s¢, a;)

= 1. take some action a; and observe (s;,a;,s’,r;) 0 otherwise

2. y; =r(si;a;) + 7 maxas be(sgv ag) r(aslsy) = { 1—cifa; = arg maxa, Qo (st,ar)
1 3. ¢ — a%(si,ai)(ng(Si,ai) — ) ¢/(|A| — 1) otherwise

m(ag|st) o< exp(Qy(se, ar))

2022-02-23 This lecture is partially based on the materials of the course CS 285 by Sergey Levine, University of California, Berkeley 16



o e
o o
% VETENSKAP %’

39 OCH KONST 8¢

) o
T

What we have seen so far

fit a model/

. Learnable model
estimate the return

generate samples

(i.e. run the policy)

improve the policy “If-else” policy

2022-02-23
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Policy gradients

fit a model/ evaluate returns
estimate the return [JFIANEIN SIS (-PRF:PY)

generate samples

(i.e. run the policy)

improve the policy [ZRSNZENAVIY DDA C-IRF-P)]

2022-02-23
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How to evaluate returns?

0* = arg max B py(r) Z r(s¢, at)

t
\ J
T
J(0) = ETNPG(T) r(se,a) | ~ — T(Si,t’ai,t)
N ~ =
t 1 t DN o~
sampled from my ‘ Tk 8
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How to differentiate returns?

0* = arg max Erpy(r) [Z r(se, at)] dlnr = %
T '(9) Vo logpy(T) = VePo(7)
po(T)
J(0) = Errpy(n)|r(T)] = /pG(T)T'(T)dT po(T)Velogpe(T) = Vepy(T)
. -
Zr(st,at)
VoJ(0) = / Vope(T)r(T)dr = / Po(T)Velog po(T)r(T)dT = Erpy(r)[Volog po(T)r(7)]

2022-02-23
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How to differentiate returns?

T
0* = arg max J(0) po(si,ai1,....sp,ar) = p(s1) | [ mo(arlsi)p(siralse, ar)
L . J =1

'](0) = ETNPB(T) [7'(7_)]

po(7)
T
log ps() = logp(s1) + Y _log mo(als) + log p(si+1]st, ar)

V@J(@) = ETNpe(T) [V@ log pg (T)T(T)] t=1
'd . ~N
Vo [ Zlog mo(at|st) ]
t=1

T T
VoJ(0) = Erp,(r) [(Z Y’ logﬁe(atst)) (Z T(St,at)>]

t=1

2022-02-23
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Evaluating policy gradient

VoJ(0) = Erpyr) !(Z Vo logﬂe(adst)) <Z T(Suat))]

t=1 t=1

1 :
J(Q) = ETNpe(’T) [; r(st,at)] ~ N Z;r<Si’t,ai’t) ﬁ

Vo J(0)

1 N T T
~ . . E . . enerate samples
~ N Z Z VG log 7o (az,t ‘S?”t) T(Sz’t’ az,t) (;g.e. run the poplicy)
i=1 t=1 t=1

I

6« 0+aVyJ(9) ;

2022-02-23
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Policy gradient

Basic policy gradient algorithm:

2. VoJ(0) = >, (Zt Vo logWO(ai‘S%)) (Ztr(si7ai))

/f> 1. sample {7°} from my(as|s;) (run the policy)
e 3.0« 0+ OéVeJ(@)

Example: Gaussian policy

example: 7T9(at|St) =N (f neural network(St); E)

1
log g (a¢[sy) = —§||f(St) — ay||3, + const
1 df

Vo logmg(azs|sy) = —52_1(f(st) — at)@

2022-02-23 This lecture is partially based on the materials of the course CS 285 by Sergey Levine, University of California, Berkeley
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Reducing variance — causality

VoJ(0) = %Z (Z Vo log 7T9(ai,t|si,t)) (Z fr(si,t,az-,t))

i=1 \t=1 t=1

Causality: policy at time ¢’ cannot affect reward at time ¢ when ¢ < ¢/

N T T
1
VeJ(0) ~ > ) Velogmp(ailsic) (2 r(sie, az',t'))

t'=1

2022-02-23 This lecture is partially based on the materials of the course CS 285 by Sergey Levine, University of California, Berkeley
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Reducing variance — baselines

Vo J(6 Z Vo log 7 (7)) — 0]

N

1
b= N ; r(7) (average reward)

E[Vglogpy(T)b] Z/pe(T)Ve log pg(T)bdT =/V9p9(T)de =5V9/p9(’f)d’f = bVl =0

2022-02-23 This lecture is partially based on the materials of the course CS 285 by Sergey Levine, University of California, Berkeley 26



On-policy vs off-policy

Basic policy gradient is on-policy by default:

0* = arg max J(0)

7(6)

= Erpo(r (7))

VoJ(0) = Erpy(r)[Vologpe(r)r(r)]

C

]

1. sample {7'} from 7y (as|s¢) (run it on the robot)

2. VoJ(0) = X, (X, Vologm(ajls})) (X, (s}, a}))
3. 0« 0 +aVyJ(6)

2022-02-23
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0* = arg max J(0)

‘](0) - ETNPG(T) [T(T)]

what if we don’t have samples from py(7)?

(we have samples from some p(7) instead)

J(0) = B, i) [];((TT))T(T)]

Importance sampling:

P_H(T) o p(s1) HtT=1 To(at|s¢)p(Sty1[se, as) - H?:l mo(az|s)

p(T)  p(s1) [T/, 7(acls)p(serilsear) [, m(ase)

2022-02-23 This lecture is partially based on the materials of the course CS 285 by Sergey Levine, University of California, Berkeley



Actor-critic algorithms

fi
fit a model/ t V(s) or Q(s.a)

CRUMECR OO evaluate returns
using V or Q!

generate samples

(i.e. run the policy)

improve the policy RalAes OJVQE[Zt r(se, aq)]

2022-02-23
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How to improve the policy gradient?

N T
1
VoJ(0) = NZZVglogmg a; ¢|Sit) (Zr Sit/, Q¢ )

=1 t=1 t'=t

- J
Y

Qi

Qi+ estimate of expected reward if we take action a;; in state s; ¢

can we get a better estimate?
St at]

Q(st,a4) = Z;‘F,zt Er, [r(se,ap)|st, ar]: true expected reward-to-go

2022-02-23 This lecture is partially based on the materials of the course CS 285 by Sergey Levine, University of California, Berkeley 30



Can we use baselines here?

Q(St7at) = Eg:t Eﬂe [r(st’aat’)

St, a¢]: true expected reward-to-go

N T

Vol (0) = 5 3 3 Vologm(aslsis) (Qsieai) — V(sio)

i=1 t=1
A™(s¢,ay) = Q™ (s¢,a¢) — V™ (s¢): how much better a; is

1
= N Z Q(Sz’,ta ai,t) ?

V(st) = Ea,rmg(as)[Q(St; ar)]

1
VBJ N ZZVG 10g7T9 a; t|sz t)A (Sz ty Aj t)

1=1 t=1

2022-02-23 This lecture is partially based on the materials of the course CS 285 by Sergey Levine, University of California, Berkeley 31



Borrowing from value-based methods

T
T fit V
estimate return
t'=t
1 N T generate
Vﬂ- St) ~ — r(S+ . asr samples (i.e.
o ) run the polic
(st) E E (st
(if we can reset to the same state!) '
policy

0« 6+ aVyeJ(0)
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Actor-critic algorithm

fit V7

fit a model to
estimate return

batch actor-critic algorithm:

1. sample {s;,a;} from my(als) (run it on the robot) ﬁ i
2. fit V7(s) to sampled reward sums
¢ ~ ~ ’ A generate
3. evaluate A™(s;,a;) = r(si, a;) + VI (s}) — V] (si) el e
4. VoJ(0) = > . Vglogme(ai|si)A™ (si, a;) fn the bolic
5.0« 0+ aVyJ(0) ‘ improve the
policy

online actor-critic algorithm:

. 0« 6+ aVyeJ(0)
1. take action a ~ my(als), get (s,a,s’,r)
. update qu using target r + 'yV(;’ (s)

evaluate A™(s,a) = r(s,a) + ’ngg’(s’) — VJ(S)
Vo J(0) ~ Vylogmy(als)A™ (s, a)
0«0+ aVQJ(Q)

SISO

2022-02-23 This lecture is partially based on the materials of the course CS 285 by Sergey Levine, University of California, Berkeley 33
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