Asynchronous Advantage Actor Critic

Vil (s) = max Yo P(s'|s, )[r + vV (s")]

Qi+1(s) « Xy P(s'ls,a,) [r +y-

max Q;(s", a’)]

Policy Evaluation

VEE(S) = B P(s'ls, me()[r + Y™ (5]

Policy Improvement

T41(s) = argmax Y P(s'|s, a)[r + yV7™r(s)]
a

Q — Learning:

Qi+1(s,a) « Qi(s,a) + a (7‘ +y:

max Qi(s",a") — Qi(s, a))

DQN Update:

041 = 0 + a(ye —

Q(sy, ag; 9))V9tQ(st, as; 6;)

DQN Q Update:

Q(se,a; O¢r) =~ Qs ar; 0) + ay, —

Q(se, ag; Gt)) ||V9tQ(St’ Qt; 9t)||z

n — step return:

Get+n = Reya + VReqz2 + -+ ¥ 0(St4n)

V)(0)  Yg 1(s) Xa(qr(s, @) — b(s))Vr(als,6)

* Modified Policy Gradient Theorem:

 Baseline should vary with state.

e Asynchronous updates

e Actor — Critic with Baseline

= VI(0) < X5 u(s) Ea(dr(s, @) — b(s))Vn(als, 6)
— Helps to minimize variance.

— No effect on performance gradient VJ(8)
o Y.b(s)Vn(als,8) =b(s)VY,m(als,8) =b(s)V1=0

Worker — 1

12y — T IZnv —72 By

Worker —n

- O =06+ a(Gt - b(St))Vlnn(aHSt; 6;)

Algorithm 1: A3C Algorithm (for each actor-learner thread)

- Op4q =0, + @A, VInn(a,|s., 6,)

— In some states all actions have
high values. — high baseline

— In other states all actions may
have lower values. = low baseline

-~ anatural choice of baseline is a
state value function. = V(s;, w)

— Multiple actors.explores different
part of the'environment.

— Online updates in parallel are less
likely to be correlated in time.
~ replay memory isn’t required

— Stabilized learning

Reset gradients: df « 0 & dw < 0
Synchronize thread — specific parameters 8' =0 & w' =6,
toare = t; Get state s;
Repeat

Perform a; according to policy n(a;|ss; 6")

Receive reward r; & new state s;4q

Increment t & T
Until s; is terminal or t — tg 4t == tnax

_ {0, | for terminal s;

G= {V(st,w’),for non — terminal s; | Bootstrap from last state
Forie{t—1,..,tsgq do

G <1 +yG

Accumulate gradients w.r.t 8" : d0 « d6 + Vgr log m(a;|ss; 6)(G — V(s w"))

Accumulate gradients w.r.t w':dw « dw + 3(G — V(s;; w))z/aw
end For
Perform asynchronous update of 8 using df and of w using w’

Until T > Ty,

// Assume global shared parameter vectors 8 & w & global shared counter T = 0
// Assume thread — specific parameter vectors 0'& w'
Initialize thread specific counter t « 1

Repeat
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  ∇ J  ( 𝜃 ) ∝  ∑ s  𝜇  ( s )  ∑ a   (   q 𝜋  (  s , a ) − b  ( s ) ) ∇ 𝜋  ( a |  s , 𝜃 )


  ∇ J  ( 𝜃 )


   ∑ a  b  ( s ) ∇ 𝜋  (  a | s , 𝜃 ) = b  ( s ) ∇  ∑ a  𝜋  (  a | s , 𝜃 ) = b  ( s ) ∇ 1 = 0


   𝜃  t + 1 =  𝜃 t + 𝛼  (   G t − b  (   s t ) ) ∇   ln ⁡  𝜋  (   a t |  s t ,    𝜃 t )


   𝜃  t + 1 =  𝜃 t + 𝛼    A ^ t ∇   ln ⁡  𝜋  (   a t |  s t ,    𝜃 t )


  →


  →


  ∴


  →  V ^  (   s t , w )


  ∴


   V  k + 1 ∗  ( s ) =   max a  ∑   s ′  P  (   s ′ |  s , a )  [  r + 𝛾  V k ∗  (   s ′ ) ]


   Q  i + 1  ( s ) ←  ∑   s ′  P  (   s ′ |  s , a , )  [  r + 𝛾 ⋅     max   a ′ ⁡   Q i  (   s ′ ,  a ′ ) ]


   V  i + 1   𝜋 k  ( s ) =  ∑   s ′  P  (   s ′ |  s ,  𝜋 k  ( s ) )  [  r + 𝛾  V i   𝜋 k  (   s ′ ) ]


   𝜋  k + 1  ( s ) =   argmax a  ∑   s ′  P  (   s ′ |  s , a )  [  r + 𝛾  V   𝜋 k  (   s ′ ) ]


   Q  i + 1  (  s , a ) ←  Q i  (  s , a ) + 𝛼  (  r + 𝛾 ⋅     max   a ′ ⁡   Q i  (   s ′ ,  a ′ ) −  Q i  (  s , a ) )


   𝜃  t + 1 =  𝜃 t + 𝛼  (   y t − Q  (   s t ,  a t ; 𝜃 ) )  ∇   𝜃 t Q  (   s t ,    a t ;  𝜃 t )


  Q  (   s t ,    a t ;  𝜃  t + 1 ) ≈ Q  (   s t ,    a t ; 𝜃 ) + 𝛼  (   y t − Q  (   s t ,    a t ;  𝜃 t ) )    |   |   ∇   𝜃 t Q  (   s t ,    a t ;  𝜃 t ) | | 2 2


   G  t : t + n =  R  t + 1 + 𝛾  R  t + 2 + … +  𝛾 n  v ^ (  s  t + n )


  ∇ J  ( 𝜃 ) =  𝔼 𝜋  [   G t   ∇ 𝜋  ( a |  s , 𝜃 )  𝜋  ( a |  s , 𝜃 ) ]


  ∇ J  ( 𝜃 ) ∝  ∑ s  𝜇  ( s )  ∑ a   (   q 𝜋  (  s , a ) − b  ( s ) ) ∇ 𝜋  ( a |  s , 𝜃 )


  𝜃


  w


  T = 0


   𝜃 ′


   w ′


  t ← 1


  d 𝜃 ← 0


  d w ← 0


   𝜃 ′ = 𝜃


  w ′ =  𝜃 𝜈


   t  s t a r t = t


   s t


   a t


  𝜋  (   a t |  s t ;  𝜃 ′ )


   r t


   s  t + 1


  t


  T


   s t   is  


  𝒕 −  t  s t a r t = =  t  m a x


  G =  {      0 ,                                                                                                                             |     f o r   t e r m i n a l    s t                                                 V  (   s t ,    w ′ ) , f o r   n o n   − t e r m i n a l    s t   |   B o o t s t r a p   f r o m   l a s t   s t a t e


  i ∈  {  t − 1 ,   … ,    t  s t a r t }


  G ←  r i + 𝛾 G


   𝜃 ′   : d 𝜃 ← d 𝜃 +  ∇   𝜃 ′   log ⁡  𝜋  (   a t |  s t ;  𝜃 ′ )  (  G − V (  s i ;  w ′ ) )


   w ′ : d w ← d w + 𝜕    (  G − V  (   s i ; w ) ) 2 / 𝜕 w


  𝜃


  d 𝜃


  w


   w ′


  T >  T  m a x



