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I Preliminaries

O Policy mo(a:|st) "_‘_I Agent ||
O Objective ™ = arg ?lrnax E; :[R(T)] Et;f“" "’;""ﬂrd j:?tian

i Rr+l "
|-
— i Sr+l '
T — 81,01,71,81,03... Tt :T(tﬁ‘t,at,.'?t+l) - |LEl"l"'»"ll"illl"lI'l"lEl"It]47
R(T) = E r;

O Optimization

J(0) = Eyry i [R(7)] = / 7o (r)R(7) dr

Vg (T)

7o (T)

V,J(6) = / Vyms(7) - R(r) dr = f R(7) o (7)ldr

— / R(1)mg(T)Vglogmg(7)ldT = E;ry(r) EEE—)IIVQ log 7 (1-)1
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I Preliminaries Vo J(8) = E;y(r) [R(T) Vg log m (7)]
O Optimization

me(7) = Py(s1)7(ay|s1,0)P(sz2]s1,a1)m(as|ss2,0)......

log my (1) = Wg(/sl) + Z[log m(a;|st, 0) +}g/ﬁ+1 |84, at)]

Vologmy(r) = Y  Vglogm(as|st,0)
i

VoJ(0) = Eropy(r) [R(T) - Z Vo logm(ai|s;, 0)]
f

— ETNW(T) [Z T(St, ut) - Z Vi log W(&t ‘St: 9)]
# i

3/14



I Preliminaries VoJ(0) = Erry(n) [%(__'@Ve log 7y (7)]

O REINFROCE algorithm

Ve (0) = TNW&(T} [Z (8¢, az) - Z Vi log m(at|st, 0)] \

i
1 & o .
~ 5 2 D r(shal) Y Vologm(a]si, 0)]
=1 ¢ t

REINFORCE algorithm:
= 1. sample {7} from mp(ay|s;) (run the policy)
2. VoJ(0) = 3=, (3o, Vo log mg(ais})) r(st,ay))

3 /0 - (XVQJ(H) It is probablllty
Ideal
case
Not
sampledl I
Sampling »
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I Preliminaries VoJ(6) = Ermy(r) [ (¢, 1) - Zvﬂlﬂgﬂ(ﬂt‘gtw 0)]

t

O Policy Gradient

=E Z\I’tviﬂ log mo(as | s¢) |, (1)
t=0

where W; may be one of the following:

1. Zin rs. total reward of the trajectory. 4. Q™ (sy,ay): state-action value function.
2. Z;’f’zt ry: reward following action a;. 5. A™(s4,as): advantage function.
3. > 0, re — b(st): baselined version of

previous formula. 6. 7 + V7™ (s411) — V7™ (s¢): TD residual.

The latter formulas use the definitions

V’JT b = ]Eﬂt 1:me s T Sty — ]ES,; 1o 3 2
('?rt) Lo lz ?‘t+£] Q ('31: flt) ﬂt—:—l;x [Z ?‘t+£] (2)
| A™(s4,a4) == Q" (s¢,a,) — V7™(s¢), (Advantage function). : (3)
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Before proceeding, we will introduce the notion of a ~-just estimator of the advantage function,

Pr'el im i nar‘ i es which is an estimator that does not introduce bias when we use it in place of A™7 (which is not

known and must be estimated) in Equation (6) to estimate ¢”.' Consider an advantage estimator
A (80.00, @0:00 ), Which may in general be a function of the entire trajectory.

O Variance Reduction Parameter v

o L = Ea‘t R % T S, = Eﬁt P L 4
V (gt) C—J;lx , ;'} Tl Q (gt, [It) ﬂ-t—:—ll‘:x' ;f} Ti41 ( )
AT (s¢,a4) = Q™ (s¢,a:) — VT (s4). (5)
The discounted approximation to the policy gradient is defined as follows:
9? = Egg:‘x Z AW’T(St: ﬂf)v.ﬂ IDg ’?Te(tlt St) - (6)
= Lt=0

0 Definition 1. The estimator A, is y-just if

Eg_gfx A, (50:00 5 @0:00 ) Vg log mg(ay st)] — Eg_gix [A™7(s¢,a4)Vo log mg(ay | s¢)] - (7)
It follows immediately that if A, is y-just for all ¢, then
Eso. o Z A4 (50:00- @0:00) Vo log mg(ay | s) | = g7 8)

A0 oo
t=I() 6/14



I Advantage Function Estimation

— — —— — —— — —— — — — — — — — —

. N e
O 6 = retaV(sean) = V(s | g= LS ArVelogma(ar |s7) |
: N =i :
| |
. . ' n :indexes over a batch of |
V . an approximate value function \ episod /l
. episodes )

If v=v™7, then s/ is a ~-just advantage estimator, and in fact, an
unbiased estimator of A™:

ES:Jrl [fﬁ;ﬂw] E*"‘Hl [Tl‘- + H-"?"I/r?rﬁ("‘-‘31‘-4—1) — VT (St)]
— ESH—l [QW"T (Stg (lt) -y (St)] = A™7 (Stt (It).

otherwise it will yield biased policy gradient estimates.
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I Advantage Function Estimation 5V = ri+ 4V (sis1) — V(se)

O AW
AW =5V = —V(st) + 1t + YV (S41) (11)
AP =) + Yot = —V(s¢) +re +yrep1 + 7 V(se42) (12)

7

~(3 f f :
A£ ) = 5 + ”*’5;.'+1 + 7’25;#2 = —V(st) + 1t + ree1 + Y res2 + 7V (Se43) (13)

(K 7 —
A£ = Z”"E(SLFE = —V(s¢) +re +yrep1 + -+ v Yregk—1 + ’“r’kv(ﬁtqtk) (14)

k — o0

o0

121530) — Z*‘}*E(S;'_H = —V(St) + Z’}’ET}_H
=0 [=0
Consider A" to be an estimator of the advantage function, which is only ~-just
when vV =vm"
However, note that the bias generally becomes smaller as + — ~ .
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I Advantage Function Estimation

O Generalized Advantage Estimator

AGAEOWN () (}i‘f” +AAP 4 N24P) 4 )

(L=N)(8 + A0 +7001) + A28 +7051 +7700) + )

(L= L+ A+ X+ )+ 90 A+ X2+ A+
+qf25};2()x2+)x3+)x4 ) F )

1 A A2
Z f—|—£

GAE(v,0): A, := 4, — 1y + AV (8021) — V(s1) biased, lower variance

o0 o0

GAE(v,1) : At = Z”}“E(SHE = Z?’ET‘HE — V(s4) hlgh variance
1=0 1=0
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I Advantage Function Estimation

O Generalized Advantage Estimator

o0

g ~E Z‘Ve log mp(ay | Sr)fifﬁE(%M] - [Z Velogm(ar | st) Z(W’)‘)Eéif

t=0 t=0 =0
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I Experiments

O Cart-Pole

cost

Figure 2:

Cart-pole learning curves (at ~=0.99) Cart-pole performance after 20 iterations
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Left: learning curves for cart-pole task, using generalized advantage estimation with

varying values of A at v = 0.99. The fastest policy improvement is obtain by intermediate values of
Ain the range [0.92, 0.98]. Right: performance after 20 iterations of policy optimization, as v and A
are varied. White means higher reward. The best results are obtained at intermediate values of both.
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I Experiments

O 3D biped locomotion & Quadruped locomotion

3D Biped

3D Quadruped
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Figure 3: Left: Leamning curves for 3D bipedal locomotion, averaged across nine runs of the algo-
rithm. Right: learning curves for 3D quadrupedal locomotion, averaged across five runs.
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I Experiments

O Biped getting up

3D Stand1ng Up
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Figure 4: (a) Learning curve from quadrupedal walking, (b) learning curve for 3D standing up, (c)
clips from 3D standing up.
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