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iR -Proximal Policy Optimization (PPO)
L
m DQN: T A EEELEE

policy gradient methods : 5 &R+ EHE 1) F ACRAK
ACER ( Sample Efficient Actor-Critic with Experience Replay) : K& Z<+5i4MH

TRPO ( Trust Region Policy Optimization ) : KE R+ AFHAE — L&M= e H &
A SN TE Y AR

PPOJ&Policy Gradient) A8 4&, A LLFEUN T AN 3R 2 [A] R [RIEAC AT 54 >

W ST I, AT R

AR B A TARE B B AR B (surrogate objective function) HIfEAL
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®Policy Gradient

-

jPG(E}) — &, [lngﬂ'g(at | 8¢ )lA;

Advantage Function

E[Vglog ma(az|s:) As]

R(T™)V log ma(ayi | s})

(R(r") — b)V log my(aj | )

b= BIR(r)
D (@€ = bYviogmy(af | s7)

Add discount factor y <1
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® On-policy--Off-policy

Importance Sampling

B, f()] ~ % Z f(xi) _ / f(@)p(z)de = / f(z) Pgiﬂ) q(z)dx = E,, [f(x) p($)]

q(z)

alx)

- E(s,a0)~np|A% (st ar)V0og mg(ay | 8¢)] )
g ' Ex~p[f(x)] = Ex~q [f(x)ﬂ

q(x)
Varg[f(z)] = Ezvp [f(m)g] — (Ez
Var,., [f(:z:) EEE] =FE, (f{m)g—(

f(x)

mo(a | s¢) )] is negative

Ty (a | St)

E{S;,ai}h—'ﬂﬁr [ AE(St: at )]

q(x)

—
Very large weight
Explf (x)] is pesitive
negative
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PPO1: &M IHEKLIE] REL

/ Tpl\as | S
TRPO JﬁRpo(O):E(s,,a,M,[ olac | o) 4o (st,at)] KL(6,0) <6

Ty (as | St)

PPO  Jppo(6) = J(0) — BKL(6,9)

. W B 9’
o AR YA, 51 @ RN T2, BCHSRA AT IF SRR A8 (s,, @)
« AW SR, REBH bRk BUR R R 28 G

If KL(B, 9") > KLpqy, increase

If KL(6,6%) < KLpn, decrease f8

[

R

(V8]

LKLPEN(G) — H::t [Ma—’l"“))/.it —_ ,BKL["T()‘M ( l St),ﬂg(- | St)]]

Moq (]St

d= Et[KL[Weold ( I St),ﬂ'g(' ’ St)”
_Ifd < diag /1.5, 8 < B2
—Ifd > diag X 15,8 %2
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PP02:

\lan

mo(ar | st)
g (ae | s¢)
Jppo(8) = J7(0) — BKL(0,0)

o _ﬂ . mo(ay | s¢) o
Tppoa(0) ~ Egl mm(—ﬂﬂk{at i st)A (s, @)

clip(—ﬂﬂ(at | 5t)

g (ae | 8¢)°

JF(B) - E{shﬂr]ﬂaﬂﬂ; [ AH(Sf 1 'a'f):|
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— EdKL]

— L= ErA]

—— Edcliplr, 1 —£,1 4 €A

—— LSUP = £ [min(rA, cliplr, 1— &, 1 + £)4,)]
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Linear interpolation factor
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f'r(ﬂ} — _Tgla|se)

No clipping or penalty: Li(0) = r(0) A,
Clipping: Li(0) = min(r,(H).‘it.Clip(r,(H)). 1—¢€1+ (f').?iz
KL penalty (fixed or adaptive) L:(0) = r4(0)A; — BKL[mqg_,,, 7]

algorithm avg. normalized score
No clipping or penalty -0.39
Clipping, e = 0.1 0.76
Clipping, ¢ = 0.2 0.82
Clipping, € = 0.3 0.70
Adaptive KL din,e = 0.003 0.68
Adaptive KL di,pe = 0.01 0.74
Adaptive KL diare = 0.03 0.71
Fixed KL, 5 = 0.3 0.62
Fixed KL, 5 = 1. 0.71
Fixed KL, 5 = 3. 0.72
Fixed KL, 5 = 10. 0.69

Table 1: Results from continuous control benchmark. Average normalized scores (over 21 runs of the
algorithm, on 7 environments) for each algorithm / hyperparameter setting . 3 was initialized at 1.
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Figure 3: Comparison of several algorithms on several MuJoCo environments, training for one
timesteps.
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m PPO: Schulman, John, et al. “Proximal Policy Optimization Algorithms.” ArXiv
Preprint ArXiv:1707.06347, 2017.

m TRPO: Schulman, John, et al. “Trust Region Policy Optimization.” ArXiv Preprint
ArXiv:1502.05477, 2015.

m [ 2 5R sk 27 2] 2018]P2 Proximal Policy Optimization (PPO)
m [ S M python] s Ak, 27 2] - SR RS A E
m https://openai.com/blog/openai-baselines-ppo/
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