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[Policy Eval Subroutine]: TD Learning for “tabular” case

[Iterative Policy Eval Subroutine/TD]

input: policy , sample size /N, init wy,

1. Sample trajectories 7y, ...Ty ~ p, Which gives us a dataset [
(each trajectory is of the form 7; = {sy, ag, 7y - - -Sgr—_1> Ary—15 Yir—15})

2. Fork=0,...,K:
1. Sample a transition (s, 7, 5, ,) € [J and update:

Vig1(sp) = Vilsy) — ﬂk(vk(sh) - (’” nt Vk(5h+1))>

3. Return the function Vi as an estimate of V*
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Q-Learning for “tabular” case

[Iterative Policy Eval Subroutine/TD]
input: offline dataset 7, ...7y ~ p,

1. Fork=0,...,K:
1. Sample a transition (s,. a,, 7, 5,, ) € D and update:

Qpr1(Sp ap) = Qi sy @) — nk<Qk(Sh’ a) — (’” nt mjx Q415 Cf)))

2. Return the function Q as an estimate of Q*

b [@ C(/V\/fg%c\/“(‘_(—e Q%

< e Thae LAea O C forme <
@\ C o 5\5460Lc
s 7/ ,




Fitted Policy lteration:
(aka Approximate Policy lteration API)

1. Initialize staring policy ), samples size M

2. Fork=0,...:
1. [Q-Evaluation Subroutine]

Using M sampled trajectories, 7, ...7xy ~ p,,

Qk(Sa Cl) ~ Q;;k(sa CZ)
2. Policy Update

7., 1(s) := arg max E”k(s, a)

3. Return Q y and 7 as an estimate of Q* and 7*




Recap on Supervised Learning: regression

We have a data distribution 9, x; ~ 9, y. = f*(x;) + €;, where noise E[¢,] = 0,]¢;| < ¢

N

f= arg min Z (f(xi) - yi)2

eF
feF "7

Supervised learning theory (e.g., VC theory) says that we can indeed generalize,
l.e., we can predict well under the same distribution:

Assume f* € & (this is called realizability), we can expect:

o (f0 ") <o
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Supervise Learning can fail if there is train-test distribution mismatch

However, for some &' # 9, E, g (f(x) — £*(x))? might be arbitrarily large

A
\ R

Deeper neural nets and larger datasets are typically
not enough to address “distribution shift”
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Fitted Policy Improvement Guarantees

* For all k, suppose that:
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0., the worse case error (often unreasonable to expect to be small)
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Fitted Policy Improvement Guarantees

* For all k, suppose that:
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O l(s) > OX(s) — 2Ho_, (and equality possible in some examples).
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* For all k, suppose that:
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Q7(s) > Q*(s) — 2H?5,



Fitted Policy Improvement Guarantees

* For all k, suppose that:

~— 2 ~—
z — O%%(g — O
ETN/)ﬂk[ ( Qk(sh’ ah) Qh (‘Sh’ ah)> ] < 0, and max | Qk(Sh7 ah) Qh, (Sh’ ah) | < (Soo
h=1 o
- 0: the average case supervised learning error (reasonable to expect this can be made small)
0., the worse case error (often unreasonable to expect to be small)

| Theorem:] We have that:
* One step performance degradation is bounded by the worst case error:

O l(s) > OX(s) — 2Ho_, (and equality possible in some examples).
- For large enough K, final performance also governed by the worst case error:
Q%(s) > Q*(s) — 2H"5,
- (Intuition) If it somehow turns out that, for all iterations k, the density under the next policy, uniformly does not
differ from that of previous policy, i.e. that
Pr(Sh =S54, =da | ﬂk+l)

max

sah \ Pr(sy=s,a,=al|lm) |~ =

then we can bound our sub-optimality by the average case error:
Q7 (s) > Q*(s) —2H*-C__ - 6

9
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Outline:

. Quick intro on KL-divergence

& the visitation measure
A Trust-Region Formulation for Policy Optimization

Algorithm: Natural Policy Gradient
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KL-divergence: measures the distance between two distributions

Given two distributions P & O, where P € A(X), O € A(X),
KL Divergence is defined as:

P(x) ]
Q(x)

KL(P|Q) =E,_, [ln
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KL-divergence: measures the distance between two distributions

Given two distributions P & O, where P € A(X), O € A(X),
KL Divergence is defined as:

P(x) ]
Q(x)

KL(P|Q) = [EXNP [ln
m/ s

Examples:

<L (P
If Q = P, then KL(P|Q) = KL(Q|P) =0 Q) 20
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KL-divergence: measures the distance between two distributions

Given two distributions P & O, where P € A(X), O € A(X),
KL Divergence is defined as:

P(x) ]
Q(x)

KL(P|Q) =E,_, [ln

Examples:
If O = P,then KL(P|Q) =KL(Q|P)=0
if P = N (uy,6°1), 0 = N (up, 6°I), then KL(P| Q) = ||lu; — w5/ 6”

Fact:
KL(P|Q) > 0, and being Oifand only if P = Q

12



Outline:

1. Quick intro on KL-divergence
2. A Trust-Region Formulation for Policy Optimization <T% pc)}
3. Algorithm: Natural Policy Gradient
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A trust region formulation for policy update:

At iteration t, with 7, at hand, we compute 0,, as follows:
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A trust region formulation for policy update:

At iteration t, with 7, at hand, we compute 0,, as follows:

max [
o

- SH-17Pe,

H-1

Z [EaNﬂg(S)A (s, a)

h=0

s.t., KL <pﬂ9t| p_@j <5

14




f{'
A trust region formulation for policy update: /i\ (34 )
= QT (5/01 [ — V/?fj

At iteration t, with 7, at hand, we compute 0,, as follows:

H-1
mng [ES(),.. 'SH—IN:OQZ Z [EClNﬂ'g(S)A EHZ(SO a)
| h=0 i
s.t., KL <pﬂ9 | p@j <6

We want to maximize local advantage against Ty, but we want

the new policy to be close to Ty, (in the KL sense)

14



Some Helpful Notation: Visitation Measures
CooM ot

« Visitation probability at time /i: P, (sy,, ay, | 4, 7) 4 G
(recall that we absorb £, into the state, i.e. s < (s, /1)) ‘
* Average Visitation Measure
. 01{ = /L 2 % (s )
d(s,a) = Z P,(s,alu, n) 92,
h 0
ef, we have:

>3 (© O = [VFG)
uE M[W}m A% ) E[Z”(Sh’“h)‘””@] :p’iwe; £ (5]

=H - B grobqnys) [r(s, a)]

15



Visitation Measures: the discounted case

« Visitation probability at time /i: P, (sy,, ay, | 4, 7)

(recall that we absorb £, into the state, i.e. s < (s, /1))
* Average Visitation Measure:

di(s,a) = (1 =) ) v"Py(s.alu, )

h=0
* With this def, we have:

JO) = E, . |V™sp)]

= E[ A ﬂe]
h=0

16



Equivalently,

At iteration t, with 7, at hand, we compute 0,, as follows:
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Equivalently,

At iteration t, with 7, at hand, we compute 0,, as follows:

mng H - [ESNdZHI [[EaNﬂ'g(S)A ﬂgt(sa Cl)]

s.t., KL <pﬂ9t| pﬂ9> <6

We want to maximize local advantage against Ty, but we want

the new policy to be close to Ty, (in the KL sense)
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Equivalently,

At iteration t, with 7, at hand, we compute 0,, as follows:

mglx H - [ESNdZHZ [[EaNﬂg(S)A ﬂgt(s7 Cl)]

s.t., KL <pﬂ9t| pﬂ9> <5

We want to maximize local advantage against Ty, but we want

the new policy to be close to Ty, (in the KL sense)

How we can actually do the optimization here?
After all, we don’t even know the analytical form of trajectory likelihood...
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Outline:

1. Quick intro on KL-divergence
2. A Trust-Region Formulation for Policy Optimization
3. Algorithm: Natural Policy Gradient
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A trust region formulation for policy update:

At iteration t, with 7, at hand, we compute 0,, as follows:

m@ax H - [ESNdZQI [[EaNJTg(S)A "o(s, a)]

s.t., KL <'0”9z|p”9> <0

High-level strategy:
1. First-order Taylor expansion on the objective at 6,

2.second-order Taylor expansion of the constraint at 6,

19



Simplify Objective Function

H - maxl_ a7 E

)A EQZ(S, Cl)
0

a~my(s

20



Simplify Objective Function

max E__ -, |E A”(s, a)

p ” a~my(s)

Since the objective is also non-linear,
let’s do first order-talyor expansion on it:

20



Simplify Objective FunctionV@ EOWW Z [ /§ (q ) }

sa) e v m@}

a~my(s)

H : max E.. a7 [[E

1) ,
Since the objective is also non-linear, V 9‘7 q () &=6,
let’s do first order-talyor expansion on it: o -

HEs g [an(s)f‘ﬂef(s’ “)] R HE o [[an(s)A”H’(S’“)] +E g [EaN]mt(S){\Vgln ”@(mS}A%(& a)] (0-0)

£, (0) = 7, (8 + /V% (9}})

=

Vg](ﬂ'g[)

(0-6¢) +of )

6):6&

20



(0@ LA %\i\ﬂ (54 \\/’ O

A9

ax [ESN 470

NI

SOV E B o)

Simplify Objective Function g 6

l[EaN@(s)A (s, a)]

Since the objective is also non-linear,
\ ’s do first order-talyor expansion on it:

/]
HE, [EaNﬂe(s)Aﬂ‘gr(S, a)] SHE, o W”ﬂr(s, a)] +E, o [Ea%f(s) Vln 7,(a | )A™(s, a)| - (0 — 6)

=V J(m)" (0 = 6)

Va](ﬂ'g[)

A

20



Simplify Constraint via second-order Taylor Expansion:

21



Simplify Constraint via second-order Taylor Expansion:

KL(py | py) := £(0)
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Simplify Constraint via second-order Taylor Expansion:

KL(py | py) := £(0)

£0) ~ £0)+ Vo) (O-0)+ %(9 —-0)' ng(ﬁt)(e —0)
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Simplify Constraint via second-order Taylor Expansion:

KL(py | py) := £(0)
£0) =~ £0)+VEO) (O—0)+ %(9 —0)"V3£(6,)0 - 6,)

2(0) = KL(P@JP@) =0

21



Simplify Constraint via second-order Taylor Expansion:

KL(py | py) := £(0)
£0) ~ £0)+VeEB) (O-0)+ %(9 —0)"V3£(6,)0 - 6,)

£(0,) = KL(pg | pg) = 0

We will show that V,£(6,) = 0, and sz(@) has a nice form!

21



The gradient of the KL-divergence is zero at 0,

Change from trajectory distribution to state-action distribution:

22



The gradient of the KL-divergence is zero at 0,

Change from trajectory distribution to state-action distribution:

Pr,(7) I mylaylsy)
KL (pay1ps) = By In—— =E,_, > In ="
e " Pr(T) A= me(ay | sp)

SO ) Tads) P, 4y

22



The gradient of the KL-divergence is zero at 0,

Change from trajectory distribution to state-action distribution:

e 1 (s,
KL(,Z ﬂ>=[ETN m2 g Y
Pan P P70 g () p”gfhzzg o(ay, | sp)
o (ay | sp)
=HE,_ = |[In=2| := 2(6)
e mo(ay | sp)

22



The gradient of the KL-divergence is zero at 0,
Change from trajectory distribution to state-action distribution:

P (©) Hl oyl sy)

E.. - Z In

pr(D) = mlaylsy)

Jl'gt(ah | Sh) — f(@)
molanlsy) |

S T, (als) A W

T (als)

KL (ps,105,) = Evep, In

= H[Eshaah“’d:gt [ln
H ) 5“’0(@{

V,2(0) |9=9; = H[Es~d;91 2 ﬂgt(a | $) <— Voln myay, | sy,) |9=9; >
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The gradient of the KL-divergence is zero at 0,

Change from trajectory distribution to state-action distribution:

9y () 1 gyl
KL(,Z ﬂ>=[ETN m2 g Y
Pan P S Cy p”gfhzzg o(ay | sp,)
7y (a,|s,)
=HE,_ = |[In=2| := 2(6)
e moay | sp)

V,£(0) |9=9; = H[ESNd;a, 2 ﬂet(a | $) <— Voln myay, | sy,) |9=9;>

Vomg(als)

=—HE._ = ) my(als
. Z Nl

22



The gradient of the KL-divergence is zero at 0,

Change from trajectory distribution to state-action distribution:

P, (T) 1w (ay | sy)
KL <10ﬂ9 |107r9) = [ETNP@ In - = [ETNpﬂ Z In e
t o Pr7) o d= melay|sp)
7y (a,|s,)
=HE, . |In—— | .= £(0) 72 (LS
e 7eo(ay | 5p) - o
=1
Vol () |y = HE, o Y, myfals) (— V,Inz)(a,|s,) |9=9t> s

Vomg(als)

=—HE. = ) #my(als -
d Z Nl
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Let’s compute the Hessian of the KL-divergence at 0,

ACAEN ]

H-E . |In = £(0)
-~ [ myay | sp)
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Let’s compute the Hessian of the KL-divergence at 0,

g (ay | $p) = £(0)
mo(ay | sp) .

H - [Es,aNd:H’ [hl

!
V3O g = Ep g Y, mofals)( = Viinmal )], )
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Let’s compute the Hessian of the KL-divergence at 0,

g (ay | $p) = £(0)
molay|sp) |

7 fy e = WE_

H - [Es,a~ d:a, [hl

1
V3O ey = Ep Z mo(al (= V3Inmal )1,y )

V@ﬂg(a |s)  Vomy(als)Vemy(al S) D /% 7f
=~ s~d9rzﬂem\< 7] s) B (a|s) ‘.f// J/VZ/ D(
W é'

< D (q)s)  — > >

Q/S V_j \O

23



Let’s compute the Hessian of the KL-divergence at 0,

g (ay | $p) = £(0)
mo(ay | sp) .

H - [Es,aNd;[a’ [hl

1
V3O |y, = E, o ), mofal (= Vilnzal )], )

Vomg(als) — Vymy(als)Vomp(als)’
a 0,

mo(als)

T . .
= [ES’aNd:e, lveln thr(a | S)< Vgln ]Z'Hl(a | S)) e [Rdimgxdimg

23



Let’s compute the Hessian of the KL-divergence at 0,

7o (ay | sp)
H-[E 4, | . = £(0
s [n ”e(ah|5h)] ©
% Vol (0)ly_g = E,. 0 Z mp(al s)(— Vilnzyals)]| 9:9,) <
a f O 0\”\ € '7[/\ X«
_ Vomg(als) — Vymy(als)Vomp(als)’
=-E,_ dngtz my(als) — > T
ne me(als) my(als) hYe M X _
=

T . .
— [ES,aNdzez [Veln ﬂ'gr(a | S)( Vyln n@(a | s)) e Rdimgxdimy

T/ﬁ . / o ol 54
Y
It’s called fisher Information Matrix! M g [1 (?’ S) Se Sj
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Summary so far:

We did second-order Taylor expansion on the KL constraint, and we get:

1 1
—KL <pﬂ9r | p@) ~ (0= 0)Fy(0-6)

t

.
=E, . 4 [ Volnzmy(als) < Voln my(a S))
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Summary so far:

We did second-order Taylor expansion on the KL constraint, and we get:

1 1
—KL (,o% | p@) ~ (0 0)"Fy(0-6)

t

T
= [E.S‘,aNa’;Ht [V@ln ﬂ@t(a | S)( Vgln ﬂ@l(a | S))

This leads to the following simplified constrained optimization:
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Summary so far:

We did second-order Taylor expansion on the KL constraint, and we get:

1 1
—KL <pﬂ9r | pﬂ9> ~ (0= 0)Fy(0-6)

t

.
=E, . 4 [ Volnzmy(als) < Voln my(a S))

ef
This leads to the following simplified constrained optimization: /@ch / </

max VQJ(n@t)T(Q — Ht) ~ TRFO
0 0\9J QC/VL;UQ |
s.t. (0—0)'Fy(0—-06) <6



Outlines

1. Quick intro on KL-divergence

2. A Trust-Region Formulation for Policy Optimization

3. Algorithm: Natural Policy Gradient
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Put everything together, we get:

(dropping the H factors) At iteration t, we update to 9t+1 via:

max VQJ(ﬂ@)T(H —0)
Q t

s.t. (0—0)'Fy(0—0) <6

26



Put everything together, we get:

(dropping the H factors) At iteration t, we update to 9t+1 via:

max VQJ(ﬂ@)T(Q —0)
Q t

s.t. (0—0)'Fy(0—0) <6

Linear objective and quadratic convex constraint, we can solve it optimally!
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Put everything together, we get:

(dropping the H factors) At iteration t, we update to 9t+1 via:

(c/ 2
max VQJ(ﬂQ)T(Q - Qt) §é(‘> oo s
9 t —
O
s.t. (0—0)'Fy(0—0) <6 €Ly

Linear objective and quadratic convex constraint, we can solve it optimally!

Indeed this gives us:

Orp1 = 0, + ”IFg_tl Vol(7)
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Put everything together, we get:

(dropping the H factors) At iteration t, we update to 9t+1 via:

max V,J(z,)T(0 - 0) = has onts
9 t
t. (@-0)'F,(0-6)<56 4
S.1. — - <
) Lo, t X/
Linear objective and quadratic convex constraint, we can solve it optimally! Q

Indeed this gives us:

Orp1 = 0, + ”IFg_tl Vol(7)

Wh 0
ere n =
! Vo () TF ' Vo J(m5)
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Algorithm: Natural Policy Gradient
Initialize 6,

Fort=0, ...
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Algorithm: Natural Policy Gradient
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Estimate PG VyJ (”9;)
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Algorithm: Natural Policy Gradient
Initialize 6,
Fort=0, ...

Estimate PG V,J (ﬂ@)
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t s u t t

Natural Gradient Ascent: 0, = 6, + nF, ! Vod(7y)
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Algorithm: Natural Policy Gradient

Initialize 6,
Fort=0, ...
/\
Estimate PG VJ(7y)
N
Estimate Fisher info-matrix Fy :=E___ 7, Vglnmy(a|s)(Vglnmy(al sHT
t s u t t

~ N
: _ _ -1
Natural Gradient Ascent: 0, = 0, +nF," V,J(7,)

Wh 0
eren =
TN Vol () E; Vi (z)
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Algorithm: Natural Policy Gradient
Initialize 6,
Fort=0, ...

Estimate PG V,J (”9)

Estimate Fisher info-matrix Fy :=E___ 7, Vglnmy(a|s)(Vglnmy(al sHT
t s u t t

Natural Gradient Ascent: 0, = 6, + nF, ! Vod(7y)

Wh 0
eren =
TN Vol () E; Vi (z)

(We will implement it ip HW4 on Cartpole)



Example of Natural Gradient on 1-d problem:

B < exp(0) 1 >
Po=\T% exp(d)’ 1+ exp(d)

g(0) =100 - py[1] + 1 - pyl2]

28



Example of Natural Gradient on 1-d problem:

B < exp(0) 1 >
Po=\T% exp(d)’ 1+ exp(d)

g(0) =100 - py[1] + 1 - pyl2]
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Example of Natural Gradient on 1-d problem:

B < exp(0) 1 )
Po=\T% exp(d)’ 1+ exp(d)

g(0) =100 - py[1] + 1 - pyl2]
9*

pl21]

1 p[li
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Example of Natural Gradient on 1-d problem:

B < exp(0) 1 )
Po=\ T+ exp(d)’ 1+ exp(d)

g(0) =100 - py[1] + 1 - pyl2]

9*
90

pl21]

(Pal11.py[2]) := [ 2 :
Do L1 Pg, A\ 1 + exp(6y) 1+ exp(6p)

1 p[li

28



Example of Natural Gradient on 1-d problem:

exp(d,)
= < exp(d) ’ 1 ) Fisher information scalar: fg = p( :
1 +exp(6) 1+ exp(0) b (L exp(@)”

g(0) =100 - py[1] + 1 - pyl2]

9*
90

pl21]

(Pal11.py[2]) := [ 2 :
Do L1 Pg, A\ 1 + exp(6y) 1+ exp(6p)

1 p[li

28



Example of Natural Gradient on 1-d problem:

exp(d,)
= < exp(©) , : ) Fisher information scalar: fe = b\%
I +exp(@) 1+ exp(0) 0 (1 + exp(go))2
g(0) =100 - pg[1] + 1 - pyl2] Hence: fo — 0%,as 6, - o0
9*
%

pl21]

(Pal11.py[2]) := [ 2 :
Do L1 Pg, A\ 1 + exp(6y) 1+ exp(6p)

1 p[li

28



Example of Natural Gradient on 1-d problem:

exp(6
0=< o TT ) Fisher information scalar: f, = P(%)
1 +exp(d) 1+ exp(0) TP
8(0) = 100 - pyl11+ 1 - pyl2] Hence: fy — 0%,as ) — o
9*
. (©)
0 NPG: 0, = O + o2

. o 9
pl2] 0

(Pal11.py[2]) := [ 2 :
Do L1 Pg, A\ 1 + exp(6y) 1+ exp(6p)

1 p[li

28



Example of Natural Gradient on 1-d problem:

exp(6
0=< o TT > Fisher information scalar: f, = P(%)
1 +exp(d) 1+ exp(0) TP
8(0) = 100 - pyl11+ 1 - pyl2] Hence: fy — 0%,as ) — o
9*
. (©)
0 NPG: 0, = O + o2

. o e
pl2] 0

GA: 0; = 0 + ng'(6h)

(Pal11.py[2]) := [ 2 1
Do L1 Pg, A\ 1 + exp(6y) 1+ exp(6p)

1 p[li

28



Example of Natural Gradient on 1-d problem:

_< exp(0) 1 >
Po= \ T+ exp® T+ exp(0)

g(0) =100 - py[1] + 1 - pyl2]

9 *
90

pl21]

exp(6) 1
1 +exp(dy) 1+ exp(6,)

(p90[1]’1900[2]) = <

1 p[ﬁ

28

Fisher information scalar: f90 =

)

exp(6y)
(1 + exp(6y))?

Hence: f, — 07, as 6, — oo

g'(6y)

%

NPG: 81 = 90"‘7’]

GA: 0, = 0y + 18 (0)

i.e., Plain GA in @ willmove to @ = oo at a
constant speed,
while Natural GA can traverse faster and
faster when 6 gets bigger
(subject to the same learning rate)



Summary for NPG:

Trust Region Policy Optimization and NPG

At iteration t:

max [Es~d79f [[ECINJTQ(S)AEHZ(S’ Cl)]

Tty :
s.t., KL <pﬂgt|pﬂ9> <o

Intuition: maximize local adv subject
to being incremental (in KL);
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Summary for NPG:

Trust Region Policy Optimization and NPG

At iteration t:

T
max [ESNd;f@r [[anrg(s)A (s, a)] —  First-order Taylor expansion at 6,
Ty

s.t., KL <'0”9t| pﬂ9> < 6 — second-order Taylor expansion at 6,

Intuition: maximize local adv subject
to being incremental (in KL);

max V,J(z,) (0 — 6)
9 t

0.1=06+ ’7F9_[1 VQJ(”H,) +—
s.t. (0—0)'Fp(0—0)<6

NPG

(Exercise: work out the arg max)
0
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An extension of NPG (even faster in practice):

Given an current policy 7/, we perform policy update to 7'*!

fifth attempt (new): Proximal Policy Optimization (PPO)

max J =

A (s, a)
0

ar~my(-|s
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An extension of NPG (even faster in practice):

Given an current policy 7/, we perform policy update to 7'*!

fifth attempt (new): Proximal Policy Optimization (PPO)

m@ax [ESNd;Ht [EQNJZQ(-|S)AJTQI(S’ a)] _/I[ESNCZZ{[ [KL (ﬂgt(a | S) | ﬂ@(a | S))]

regularization
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fifth attempt (new): Proximal Policy Optimization (PPO)

m@ax [ESNd;,THt [Ea~ﬂ9(.|s)Aﬂgt(S’ Cl)] _j“[ESNd[f[ [KL (7[9[(61 | S) | 7[9(61 | S))]

regularization

Use importance weighting & expand KL divergence:

30



An extension of NPG (even faster in practice):

Given an current policy 7/, we perform policy update to 7'*!

fifth attempt (new): Proximal Policy Optimization (PPO)

m@ax [ESNd:e, [[Ea~n9(-|s)Aﬂ9f(S’ a)] —AE, gz [KL (ﬂ@t(a | 5) | my(a| S))]

regularization

Use importance weighting & expand KL divergence:

rg(a | 5)

mg(als)

f(@) = [ESNdZHT [lEaNﬂé’,('s) AEQI(S’ CZ)] - lESNdZHtlEaNﬂgt('ls) [—ln 7[9(61 | S)]
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An extension of NPG (even faster in practice):

Given an current policy 7/, we perform policy update to 7'*!

fifth attempt (new): Proximal Policy Optimization (PPO)

m@ax [ESNdZ(), [[ECINJZQ(-LS)A][QZ(S, Cl)] _j“[ESNd;f [KL (ﬂ@(a | S) | ﬂQ(a | S))]

regularization

Use importance weighting & expand KL divergence:

rg(a | 5)

mg(als)

f(@) = [ESNd;,rHt [[Ea'vﬂez(’s) AEQI(S’ a)] - ﬂ/[ESNd;HZ[EaNEHI(.l‘S‘) [—ln 7[9(61 | S)]

PPO: Perform a few steps of mini-batch SGA on £(60) to approximate arg max #'(6)
0
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Next a few lectures:

Imitation Learning
(Learning from Demonstrations)

Can we learn a good policy purely from expert demonstrations?

31



Summary:

1. Convergence of Fitted Policy Iteration
2. Trust Region Policy Optimization

1. Quick intro on KL-divergence

2. TRPO formulation

1-minute feedback form: https://bit.ly/3RHtIxy


https://bit.ly/3RHtlxy

