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Policy Gradient
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o Policy Network
© Policy networke ®iAl| HfEE R0} A =HE=S =
o Ol M0 M= T3t 2-layer fully connected network A
o MK BS2 argmax?t OtL|2} 2EX = HETY

© 5, policy= deterministicotA| B3 stochastic policy= 73 &

raw pixels hidden layer

\>7 probability of
E":’:?Eﬁ. moving UP
P e

N '
=0\ &
P




Introduction Preliminary Method Experiments

o Objective

© A trajectory 7 is a state, action, reward sequence returned by a policy.

T=(Sg, g, Tg,--,ST)
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o Objective

O A trajectory 7 is a state, action, reward sequence returned by a policy.

T=(SO, Aop, I, - .,ST)

© Let R(t) give the return for the trajectory.
T—1
R(T)= 2 r
t=0

© We want to estimate this gradient:

VoEt~m,[R(T]
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o Objective

© We thinking of t as a random variable and we want to do this
VoE[R(T)]=E[VgP(z|0)R(7)]

© To do this, we need to expand and understand policy P(z|6)

T—1
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o Objective

© We thinking of t as a random variable and we want to do this
VoE[R(T)]=E[VgP(z|0)R(7)]

© To do this, we need to expand and understand policy P(z|6)

T—1
P(7|0)=u(so) 1o (ac|se)P(Ses1, TelSt ar)
t=0
T
log(P(t]6))=logu(so + ) [logmg(at|sy)+logP(st+1, relst ar)]

t=0

T—1
VglogP(7|0)=Vg ) logmg(alst)

t=0

Conclusion
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o Objective

© We thinking of t as a random variable and we want to do this

VoE[R(1)]=E[VgP(1|0)R(7)]

VoE[R()]=E

| t=0

T-1
ROV ) logr(alsy)
t=0
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> 1 ) logrg(asy)
t=0

[ T-1
Vo z logmg (a¢|st) (z I'e,)
t=0

sum of future reward

Conclusion
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o Summary

Method
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Conclusion

Objective

VoEt~m,[R(T]

Policy Gradient Theorem

VoE[R()]= E

12



Introduction Preliminary Method

Experiments

Conclusion

I policy Gradien

o From Return to Advantage

© A t£E D[2Hof| Bf= reward?| X 22 return G, = LIEHHCE
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o From Return to Advantage
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I policy Gradien

o From Return to Advantage

Policy Gradient Theorem with Advantage
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o Objective
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o Objective

Clipped surrogate objective

LCLP(9) = E([min(ri(8)A,, clip(re(0),1 — €,1 + €)Ay)]

[CLIP A>0

0 1 i+e LCLIP
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o Final Objective

© Combines three terms: clipped objective, value loss, and entropy bonus
LCLIP+VF+S(9) — IE[LCLIP(H) _ ClLVF(H) + CZS[TL'Q](S)]

- Clipped objective improves training stability by constraining the update size

LLP () = E([min(x, clip(x, 1 — €, 1 + €)A,]

- Value loss helps estimate how good each state is

LVF(Q) - (Vtarget_VH (S))z

- Entropy bonus encourages the policy to keep exploring

Conclusion
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© Summary

Clipped Surrogate Objective

LELP () = E¢[min(re(6)Ay, clip(re(8), 1 — €, 1 + €)A,)]

PPO Objective

LEIP+VRES (9) = E[LEVP(0) — ¢ LYF(6) + cas[ma] (5)]
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o Comparison to Other Algorithms
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o From Advantage to Actor-Critic

© baseline b(s,) & A& HA5t= U criticO| VT (sp) & ShaoiM =8¢

© actor= Ol advantageE AHE3H policyE YOOI EE
o kA actorf critics & t&dts #2271 &
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o Key Terms

© Policy Gradient (Actor)
- The policy denoted as (a | s), represents the probability of taking action a in state s..

1 N
Ve](e)zﬁ E | Ove log 7 (aj]s;)- Alsj,a;)
i=

- /0) represents the expected return under the policy parameterized by 6
mg(a | s) is the policy function
A(s,a) is the advantage function representing the advantage of taking action a in state s
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o Key Terms

© Value Function Update (Critic)
The value function, denoted as V(s) ,estimates the expected cumulative reward starting from state s.

1 N
Vol@)~g D, ValVols) =~ Qulsia)?

V,J(w) is the gradient of the loss function with respect to the critic's parameters w
V,(s;) is the critic's estimate of value of state s with parameter w
Q. (si/a;) Is the critic's estimate of the action-value of taking action a
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o Update Rules
© Actor Update

Oc1=0¢ + aVg L&)

- ais learing rate for the actor
- tis the time step within an episode

© Critic Update
wi=wy — BV Aar)

- w represents the parameters of the critic network
- B is the learning rate for the critic
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o Update Rules
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