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What 1s Eligibility Traces

m TiRSE (Eligibility Traces) s&RLHJZEARTIA
O SIATHEICIZHE 2z, € RY
O ¥ T Ai i pPPIRES (backward views)
M\

1] || | times of visits to a state

accumulating eligibility trace
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Forward views:
m R RIGE: RIEITE AR RI IR IAT B HIRAS
B n-Step Bootstrapping: HR¥E AR R FIn AN 22 A1 R K n 20 R AT B .

Backward views:
m TD(V): 8 H 4 EITD ErrorflEligibility Traces & < Bl PR 2% 25 SL 8L F-4H [H]
B
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Oft-line A-return
n-step returnf — A IE =

Giitin = Rip1 +YRipo + -+ 7" ' Rign + V" 0(St4n,Wegn—1), 0<t<T —n.

HH: Mn-step TDH B RIG PERIRZ DR, E3E—D 4 1 )3 dn-step returns, LA
S B R 2 R T & e it

FERi: BT AL (forward view)

55 F(Compound update): I 5| AEIRSEL A KA R Fin-step returnZE {4 INALAH 5 A%
A-returns, EARIEAL0T:

Gfl - (1 T }\)[1 i Ge’,:i,—l—l + AG;;;{JI_Q + )‘-.EGt-;'_g e }-.':EGE;_|_4-|—. ' .] Wi = Wi+ @& [Gi\ o .‘h'l[St.Wf}}v?ﬁl[Sf.Wf }I R SR T—1:
o
=(1-X)> A" 'Gripn
=1
T—1-1

= (1= Y} X G HXTIG, (AL
" T e 5
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Oft-line A-return

Off-line \IAH: 7E5EAF A episodet I 74 RE#EAT 56 8T

while state not in END STATE:

take action 'A' and obervse "next stat

(W N
b

-elf.trajectory.append(next state)
if next state in END STATES:
21f.off line learn()

state = next state
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A TG TD(A)

TD(\) 7EOff-line A-return {37 _FAE 7 = fi it
o RFUTHMNESKw, HTD errorfl)HE=, I

Ui = Ry 1 + y0(St41, W)
o HOff-line% S HITHE MBS AI AE , BIB i, @i kg ide, € RY
FESRAFE T [RINE 3 2 R0 N Z0HK) VO (S, we ) FEL A4 1 y MIZEZERZ 0 L ASWT0 ok
RO HR P 3 S A B8 O FE Vo (S, Wi ) BEAT TP SZ I
o {3 F BRI HOE T T iR MG T ME R £ (.S, w)

d
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Eligibility Traces & —4ERE AN E (A AR A ) [ &=, ETDWH, HiEA 7T

Z_1 = D.,
YA = ";-'/\Zt_l -+ VP‘(Sf ..Wt}.. U E t E T

15— AL BT R T A

0t = Rey1 +y0(Sir1,we) — 0(S;,wye) '\O\’\Gz

Wiyl = Wt + 0t 2y,
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Forward-view TD(A)

T—t—1

G} = (=X > N'Gryn + NG,

ry w1

V(S:) « V(S:) +a (Gf‘ _ V(Sr))

12:2. TD(A) 239

Figure 12.4: The forward view. We decide how to update each state by looking forward to future rewards and
states.
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A TG TD(A)

Z¢ HIEARJETT

z; = 1 VO(S;, ws) + (YA)VO(Si_1, Wi—1) + (YA) > VO(Si—a, Wi_g)+. .. +(yA) Vo (S1, wy)

)
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e ‘“ﬁ*%‘ﬂl:ﬁ@m(x)

TD(\)X Eboff-line A-returnF LKL S AE T, — G HRRE SN B HTIEAR, A S SRR,

A LA FE SAEAT 55 1 i) o

e ) =0 — one step TDH.VE, Eligibility Traces R 25 FEtH] ZI B4H

o L>0, thy 22 Fi RPIRZS X L IRIB6 L A et 25, RIS 2 A ARG E 2 B R

o A=1, IX/AMIER—FhSzIIMCE L J7 2

the right thing to do to achieve Monte Carlo behavior. For example, remember that the TD error, é;,

includes an undiscounted term of R;, ;. In passing this back k steps it needs to be discounted, like any

reward in a return, by +*, which is just what the falling eligibility trace achieves. It A=1and vy =1]
then the eligibility traces do not decay at all with time. In this case the method behaves like a Monte
Carlo method for an undiscounted, episodic task. If A = 1, the algorithm is also known as TD(1).
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If|A = 1| then the credit given to earlier states falls only by ~ per step. This turns out to be just
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A RAGZEHITD(L)
Al BAE R a0 R -

thf %1,

t
eligibility tracesy 7 = ) yav(s, W)
i=0

*Ri%%ﬁy‘j Wi = W, + ad,z,

FTCL, fE— ARG, MESAEHA o) &2

‘[Hﬁail‘; Xﬁ?ﬂjﬁ?&?SOﬁﬁ%, /%'\'TZIKE/%E?"] Zt ytAV(SU! WU)Rt+1 b AV(SU! W[}) (Vterminate

A 2

IR R EA T LA BE 0 4E R e R 22 50

SAVARS =X

)
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Semi-gradient TD(\) for estimating o = v,

Input: the policy 7 to be evaluated

Input: a differentiable function ¢ : 8 x R? — R such that ¢(terminal,-) = 0

Initialize value-function weights w arbitrarily (e.g.., w = 0)

Repeat (for each episode):
Initialize S
z +— 0
Repeat (for each step of episode):
Choose A ~ 7(-|S)
Take action A, observe R, S’
z — YAz + Vi(S,w)
d +— R+~6(8" ,w) —(S.w)
W W+ adz
S« 8

until S’ is terminal

(a d-dimensional vector)
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TD(A) VS Oft-line A-return

Off-line A-return algorithm

0.55 (from the previous section)

/=99

o5F 1 .

RMS error 451
at the end
of the episode o4}
over the first
10 episodes 935}

03
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0 0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8 1

IRFE R ST EEBE 0 48 I o o) 2 S 0 = 14




WDS

DataScience@Web

n-step Truncated A-return Methods

A-return>5 FE€ 1 )G H A B2 E{ER, 11 Truncated A-returnfi] HyF g2 R % £ F|Rh, HERE
i ZtfG Eh-o8 B2 E, B ZhGE 22 E sk, HGthE 4R,

h—t—1
G = (=2 ) X 'Gutyn + A G, 0<t<h<T.

n=1

Wiin = Wiitn—1 + I:GJL‘J\H'--FH =~ F!(S}.wl{_k”_]}] F'E![J.qf .Wf+”__1}. ( E :F.

IRFE R AT SN LA e T 4 X H e A 22 S 3

[t

15




The Online A-return Algorithm

%707 ZIhf 5, Truncated A-return&i Wi Eh, 85K FSOZRISh-1FIRSE, W

=1 wi = w[l] + @ [Gf}:i = 'IA’{S[]-W[%}] ‘c'f!(j-j,'[]_w[i]}_.

h=2- w‘f = W[‘i + ¥ [Gﬁz — THL'I{.LT[].W[E])] "’Fﬂ{f-}'[].wﬁ)..

w3 = wi + a [G., — 3(S1,wi)] V§(S1,wi),

=t i wf = W[; + o [GE}]‘“‘,:; - THL'I{.LT[].W[:D] TF{S[]W[D

Wi = W; +a [C‘;‘:;; - 't’“!l[fﬁ'l.w"f}] Vo (S1,wi),

w3 =w; +a [Gé::s — 'F'{Sg.wg}] Vi (Sa,w3).

— i wit1 = Wi +a [Ghy — 8(Se,wi)] Va(Se,wi), 0<t<h<T.
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The Online A-return Algorithm

%707 ZIhf 5, Truncated A-return&i Wi Eh, 85K FSOZRISh-1FIRSE, W

=1 wi = w[l] + @ [Gf}:i = 'IA’{S[]-W[%}] ‘c'f!(j-j,'[]_w[i]}_.

h=2- w‘f = W[‘i + ¥ [Gﬁz — THL'I{.LT[].W[E])] "’Fﬂ{f-}'[].wﬁ)..

w3 = wi + a [G., — 3(S1,wi)] V§(S1,wi),

=t i wf = W[; + o [GE}]‘“‘,:; - THL'I{.LT[].W[:D] TF{S[]W[D

Wi = W; +a [C‘;‘:;; - 't’“!l[fﬁ'l.w"f}] Vo (S1,wi),

w3 =w; +a [Gé::s — 'F'{Sg.wg}] Vi (Sa,w3).

— i wit1 = Wi +a [Ghy — 8(Se,wi)] Va(Se,wi), 0<t<h<T.
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True Online TD(A)

K on-line A-return algorithm ;=4 — > = AL WAUE A =751 :

. S
W, Wi

T o(s,w) =w'x(s) FIZEIETE ML, true online TD(L):

Wil =W;+adiZ; + « (W;_r}{,n - w;r_lx,.) (2 — Xx3),

Z = YAZi_1 + (1 — :nhzf—r_lx;) R
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True Online TD(L)

True Online TD()) for estimating w'x =~ v,

Input: the policy 7 to be evaluated

Initialize value-function weights w arbitrarily (e.g., w = 0)
Repeat (for each episode):
Initialize state and obtain initial feature vector x
z +— 0 (an d-dimensional vector)
Vora + 0 (a scalar temporary variable)
Repeat (for each step of episode):
| Choose A ~
| Take action A, observe R, x' (feature vector of the next state)
| Vew'x
| V' ew'x
| 6+ R+9V' =V
|
|
|
|

Z — YAZ + (1 — Ct"‘f)uZTX) X
wewtald+V-V,uz—alV-— VOMJX
Vola + V'

X X'

until x’ = 0 (signaling arrival at a terminal state)
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True Online TD(A) VS Oft-line A-return

0.55

0.45
RMS error
over first 54l
10 episodes
035 ¢+
035k

025 |

ost 1

On-line A-return algorithm
= trye online TD(A)

Off-line A-return algorithm

O30y

06 o8 1 0 0.2 0.4 06 0.8 1
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Sarsa(\)

A return

Giitin = Rir1+ -+ + 7" Retn + 7" §(Stn, Attn, Wetn—1)

Wil = Wi+ CH[G? i @(Stﬁﬂawt)]vqﬁ(sm Ay, wy), t=0,...,T -1
eligibility trace

0t = Riy1 + T@{Sthth Wz) — @(Snﬁa, W:]

Z_1 ==
Zy = ’}')’I.Z,l_i T@(S,l ;'11._ Wt}, () E t E i

IRFE R ST EEBE 0 48 I o o) 2 S 0 =
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Sarsa(\)

Sarsa()\) with binary features and linear function approximation

for estimating § = ¢, or § = q.

Input: a function J(s, a) returning the set of (indices of ) active features for s, a
Input: a policy 7 to be evaluated, if any

Initialize parameter vector w = (wy,...,wy) arbitrarily (e.g., w = 0)
Loop for each episode:
Initialize S
Choose A ~ m(-|S) or e-greedy according to ¢(S,-, w)
z+— 0
Loop for each step of episode:
Take action A, observe R. S’

0+— R

Loop for i in F(S, A):
A — 0 —w;
zi+—z+1 (accumulating traces)
orz +1 (replacing traces)

If §' is terminal then:
W W+ adz
Go to next episode
Choose A" ~ 7(-|S’) or near greedily ~ ¢(5’, -, w)
Loop for i in F(S’, A"): & + § + yw;
W4+ W+ adz
Z — YAZ
S+ S;A+ A
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Sarsa(\)

Example 12.1: Traces in Gridworld The use of eligibility traces can substantially increase the
efficiency of control algorithms over one-step methods and even over n-step methods. The reason for
this is illustrated by the gridworld example below.

Action values increased Action values increased Action values increased
Path taken by one-step Sarsa by 10-step Sarsa by Sarsa(i) with 2=0.9
Iy e e
Y ' ¢
seiEAES Er T
: G G G| |+ G| [y
L} [ [ ) . - + -
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Sarsa(\)

Mountain Car
Steps per episode

averaged over
first 50 episodes
and 100 runs

Sarsa(A) with replacing traces

3 m r 1 I i
I'._ i |
280 + . .

260

ot \ I

200 +

180 |

n-step Sarsa

“ 1 II|
240 | SoA=( [
e { __JI.--"' -)/_-_

05 . 15

0 0.5 1 15
(¥ x number of tilings (8)

¢ x number of tilings (8)
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e Eligibility Traces 5TD Error&i &, $Heft I —MmEz. HERNIrHFTDHMCH] 7
o SIHPEM (LT %episodedt H LA [ 1)

o LM (A EInD B R FEFIRERF 41 (n-step TD) )

R
o l[lone-stepBHiETEH ZWITH

o NidiEoff-linefr) ™ FH
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