Eligibility Traces

Chapter 12



Eligibility traces are

@ Another way of interpolating between MC and TD methods
¢ A way of implementing compound !-returntargets
@ A basic mechanistic idea — a short-term, fading memory
@ A new style of algorithm development/analysis
@ the forward-view | backward-view transformation

¢ Forward view:!
conceptually simple — good for theory, intuition

@ Backward view:!
computationally congenial implementation of the f. view
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Recall n-step targets

@ For example, in the episodic case, !
with linear function approximation:
@ 2-step target:
- 20p/!
Gt:t+2 - Rt+1 + | Rt+2 + | Wt+1 Xt+2

@ N-step target:

- c A4 NP1 Nypy
Gt:t+n = Ri+1 + aatt ! Risn + 1 Wipn 1 Xt+n

With:Gt;t+n = G ift+n! T



Any set of update targets can be averaged
to produce new compoundipdate targets

A compound backup

@ For example, half a 2-step plus half a 4-step

1 1
U, = iGt:t+2 + éGt:t+4

@ Called a compound backup

@ Draw each component

N |-

@ Label with the weights for that component



The A-return is a compound update target

TD(!)
@ The " -return a target that ! ? ? ? i) S,
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"-return Weighting Function

weight given to

e the 3-step return total area = 1
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decay by "
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g1 THirl

Weight 1 » /

Time —

T !—t —1
GY = (1! ) A" G + NG
n=1
~ ' - H_j
Until termination After termination



Relation to TD(0) and MC

@ The " -return can be rewritten as:

THt—1

G = (1! X)) A" Grgn + ATUIG
n=1
- ~ - T
Until termination After termination

e If" =1, you get the MC target:

"t 1
G = @'Y ) 1"'Guw, + 171G = Gy

n=1
e If " =0, you get the TD(0) target:
T! t! 1

G = (1! 0) 0" 'Giiqn + 07 M IG

n=1

Gt:t—l—l



The off-line A-return “algorithm”

@ Wait until the end of the episode (offline)

@ Then go back over the time steps, updating

Wit = Wi +# G:I[ ' \A/(St,Wt) ! V(St,Wt), t=20



The A-return alg performs similarly to n-step algs!
on the 19-state random walk (Tabular)

Off-line ! -return algorithm
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n-step TD methods
(from Chapter 7)

Intermediate A is best (just like intermediate N is best)
A-return slightly better than n-step



The forward view looks forward from the state being updated
to future states and rewards
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The backward view looks back
to the recently visited states (marked by eligibility traces)

@ Shout the TD error backwards

@ The traces fade with temporal distance by #"



The Semi-gradient TD(A) algorithm

W1 = We + $#HiZ
#H = Ris1 + "0(St+1,Wi) S (St ,wy)
z_1 =0,

Zy = YAZi_1 + " O(St,wi)
New error bound:

VE(w, ) ! 11" ' min VE(w)




Eligibility traces (mechanism)

@ The forward view was for theory
¢ The backward view is for mechanism

same shape as W

/

¢ New memory vector called eligibility trace z; ! R

@ On each step, decay each component by #" and
increment the trace for the current state by 1

¢ Accumulating trace

Z_ 1 = ’
Zt = YAZi—1 + " O(5t,Wt)

accumulating eligibility trace

times of visits to a state
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Semi-gradient TD( !) for estimating

0! v

Input: the policy $ to be evaluated

Input: a di! erentiable function %: S* " RY# R such that b(terminal ,§ = 0

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

Repeat (for each episode):

Initialize S

z$ O

Repeat (for each step of episode):
ChooseA % $(ap)
Take action A, observeR, S’
z$ %lz+ &¥(S,w)
#$ R+ %(S',w)' %(Sw)
w$ w+ "#z

. S$ ¢

until S' is terminal

(a d-dimensional vector)




TD(A) performs similarly to offline A-return alg.
but slightly worse, particularly at high "

Tabular 19-state random walk task

TD(!) Off-line ! -return algorithm

(from the previous section)
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Can we do better? Can we update online?



The A-return can also be truncated at some horizon h

higt! 1
G'tlzh = @t TR | bt 'Giop, 0" t<h " T

n=1

n-step-truncated A-return method:

D . 70
Witn = Weent 1+ # Gron ! O(St ,Wienr 1) #9(St,We+nt 1), 0" t<T.



The A-return can also be truncated at some horizon h

higt! 1
G'tl:h = @t TR | bt 'Giop, 0" t<h " T

n=1

n-step-truncated A-return method:

D . 70
Witn = Weent 1+ # Gron ! O(St ,Wienr 1) #9(St,We+nt 1), 0" t<T.

For a reasonable n, this may do better than TD(A),
at the cost of the n-step delay of updates
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The A-return can also be truncated at some horizon h

higt! 1
G'tl:h = @t TR | bt 'Giop, 0" t<h " T

n=1

n-step-truncated A-return method:

D . 70
Witn = Weent 1+ # Gron ! O(St ,Wienr 1) #9(St,We+nt 1), 0" t<T.

For a reasonable n, this may do better than TD(A),
at the cost of the n-step delay of updates

10— =

But even better is true online TD(A)

T — —




True online TD(A) performs best of all
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Tabular 19-state random walk task

True online TD(A) Off-line ! -return algorithm




Accumulating, Dutch, and ReplacingTraces

@ All traces fade the same:

@ But increment differently!

| | | | | times of state visits

J\ J\l\\ accumulating traces
\\ K dutch traces

x replacing traces

[ [
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True online TD(A)

. n "y !
Wieg = Wi+ "#ize+ " wp XD wie ( Xe (Ze ! Xy)

Zi = #"zy 1+ 1D $#" z,, (Xt X dutch trace



True online TD(M\)

. 1 11} ' ' '
Wi = Wy + #tztE W Xe ! Wi (Xt (24! x@

Zi = #"zy 1+ 1D $#" z,, (Xt X dutch trace



True online TD(M\)

. 1 11} ' ' '
Wi = Wy + #tZtE W Xe ! Wi (Xt (24! xtD

Zy = #' 7y 1 + '1($#" Z,, 1X) Xt dutch trace




Traces for control — Sarsa(A) (on-policy)

Wip = Wi + "# Z4
'#-[ = Rt+l + $(KS[+1 1At+1 1Wt) I «StsAtswt)

zy1 =0,
Zt = $!' zp 1+ " QSt, Ar, W)



Sarsa()) is better than n-step Sarsa on Mountain Car
with tile-coding linear function approximation

Sarsa(! ) with replacing traces n-step Sarsa
300 ¢ n=1
280 + \
. 260 1=.08
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Steps per episode 240 =92
averaged over n=8
prst 50 episodes 220 f

and 100 runs

200 +

180 +

L 'l 'l ' // 1 1 1 1
0 0.5 1 1.5 " 0 0.5 1 1.5

1 I number of tilings (8) 1 I number of tilings (8)




Conclusions regarding Eligibility Traces

@ Provide an efficient, incremental way to combine MC and TD
@ Includes advantages of MC (better when non-Markov)
@ Includes advantages of TD (faster, comp. congenial)

@ True online TD()) is new and best
¢ Is exactly equivalent to online A-return algorithm

@ Three varieties of traces: accumulating, dutch, (replacing)

@ Traces for prediction and on-policy control

@ Trace methods often perform better than n-step methods

@ Traces do have a small cost in computation (=X2)
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True online TD(A) performs best of all
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True online TD(A)

. n "y !
Wieg = Wi+ "#ize+ " wp XD wie ( Xe (Ze ! Xy)

Zi = #"zy 1+ 1D $#" z,, (Xt X dutch trace



True online TD(M\)

. 1 11} ' ' '
Wi = Wy + #tztE W Xe ! Wi (Xt (24! x@

Zi = #"zy 1+ 1D $#" z,, (Xt X dutch trace



True online TD(M\)

. 1 11} ' ' '
Wi = Wy + #tZtE W Xe ! Wi (Xt (24! xtD

Zy = #' 7y 1 + '1($#" Z,, 1X) Xt dutch trace




The online A-return alg uses a truncated !-return!
as 1ts target
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h  — \h ‘Al . Ny o v h i
why, = wlh+ 1 Gt aS,wh) oS, w!) There is a separate
w sequence for each h!



The online A-return algorithm

h = h el . hy o v h i
wh, = wh+ 1 GLL oS, w) " e(S,wh) There 1s a separate
w sequence for each h!

T T asaw]
W, W3 adaws



The online A-return algorithm

h = h el . hy o v h i
wh, = wh+ 1 GLL oS, w) " e(S,wh) There 1s a separate
w sequence for each h!

h=1: wi=wj+! :G!O:l I V(So,wg) " V(So,wp)

I " W§ 1
h=2: w?=wj+! ;G{):Z! V(So,wg) " ¥(So,w§) xg x% w3
wa =w2+! Gy, ! V(Sy,w?) " V(Sy,w?) wi wi wi wj
" T T T T A34w]
h=3: W‘I’ = W8 + | :GBS ! V(SO,WS)" " V(So,Wg) Wo W; W, W3 aaaWsg
w3 = w3 + | ;G!m! V(S1,w3) " 0(Sy,wi)
Wg = w§ + | .6}23 ! V(Sg,wg’) " V(Sg,wg’)



The online A-return algorithm

h = h el . hy o v h i
wh, = wh+ 1 GLL oS, w) " e(S,wh) There 1s a separate
w sequence for each h!

h=1: wi=wj+! :G!O:l I V(So,wg) " V(So,wp)

(So,w§). " V(So,wg)

!
h=2: wi{=w§+! 'GB:Z! v
ws =ws+1 G, ! V(Sy,w?) " V(Sy,w?)
! [} 7
h=3: wi=wi+! Ghy! ¥(Sowd)," V(So,w}) °
ws = ws + | ;G!m | V(S;,wi) " ¥(S,wi)  True online TD()L)
Wi =ws 4! Gha! U(Sy,wd) " (S, wd) computes just the

diagonal, cheaply
(for linear FA)



The simplest example of deriving a backward view
from a forward view

@ Monte Carlo learning of a final target
¢ Will derive dutch traces
@ Showing the dutch traces really are not about TD

@ They are about efficiently implementing online algs



The Problem:
Predict final target G with linear function approximation

episode

Time 0 1 2 T-1 T

Data X0 X1 X2 ... X111 G

Weights Wo Wqo Wqo .. Wqg W7
Predictions WgyXo WgX1 WgXz ... WpXtei

' G

MC: Wis1 = Wy + | t(G' W:: Xt)Xt

step size

all done attime T



Computational goals

Computation per step (including memory) must be
1. Constant. (non-increasing with number of episodes)
2. Proportionate. (proportional to number of weights, or O(n))

3. Independent of span. (not increasing with episode length) In
general, the predictive span is the number of steps between
making a prediction and observing the outcome

MC: Wt+1:.Wt+".G!W%Xt Xt, t=0,..., T 1
/

step size

all done attime T



Computational goals

Computation per step (including memory) must be
1. Constant. (non-increasing with number of episodes)
2. Proportionate. (proportional to number of weights, or O(n))

3. Independent of span. (not increasing with episode length) In
general, the predictive span is the number of steps between
making a prediction and observing the outcome

MC: Wt+1:.Wt+".G!WiXt Xt, t=0,..., T 1

stepsize/v . What is the Span’?
all done attime T
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making a prediction and observing the outcome
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Computational goals

Computation per step (including memory) must be
1. Constant. (non-increasing with number of episodes)
2. Proportionate. (proportional to number of weights, or O(n))

3. Independent of span. (not increasing with episode length) In
general, the predictive span is the number of steps between
making a prediction and observing the outcome

MC: Wt+1:.Wt+".G!WiXt Xt, t=0,..., T 1

stepsize/v : What is the Span’? T
all done attime T s MC indep of span?



Computational goals

Computation per step (including memory) must be
1. Constant. (non-increasing with number of episodes)
2. Proportionate. (proportional to number of weights, or O(n))

3. Independent of span. (not increasing with episode length) In
general, the predictive span is the number of steps between
making a prediction and observing the outcome

. " - I
MC: Wi = W+ " G owyp X¢ Xy, t=0,...,T! 1
Steps{ _ What is the span? T
all done at time T _
Is MC indep of span? No



Computational goals

Computation per step (including memory) must be

1. Constant. (non-increasing with number of episodes)

2. Proportionate. (proportional to number of weights, or O(n))

3. Independent of span. (not increasing with episode length) In
general, the predictive span is the number of steps between
making a prediction and observing the outcome

. " - I
MC: Wiy = Wi + Gl w; X¢ Xi,

/

step size

all done attime T

t=0,...,T!1 1

Computation and memory needed
at step T’ increases with 7 <znot 10S



Final Result

Given:
Wo Xo,X1,X2,..., X111 G
MC algorithm:
, "
Weer = Wy + 1 (G Wi X¢)X¢, t=0,...,T! 1

Equivalent independent-of-span algorithm:

wt = ar- 1+ Gzt 4, a;! RY z ! RY

a():.Wo, thenat:.at"]_! !tXtX{at"]_, t:].,...,T! 1
Zo= ! oXg, thenzy = zp o ! VXX Zpn 1+ VX, t=1,...,T! 1
Proved:

Wt = Wt (the final weights of both algorithms are the same)



MC: Wi+1 :Wt+!(G! W; Xt)Xt, t=0,..., T 1

_ n ! il
Wt = Wt» g t G! #VT-- 1 X171 X711
_ n ! "
= \#VT" 1+ "Xy L XGe W g+ GXpe g
= I "Xg 1X£|-n 1 Wrrg+ " GXT1" 1

= Fyr qWyr g+ " GX1r g
whereFy = || "x.x; is aforgetting, or fading, matrix. Now, recursing,
= Fro 1 (Fr oWy 2+ " GX7r2) + " GX7r g

= FroaFreoWre 2+ " G(Fr» 1X10 2+ X710 1)
= Fro Frr o (FrraWrr 3+ "GXyr3)+ "G (Frr (X7 2+ X7 1)
= FroaFreoF7eaWre 3+ " G(Frr tFre 2X1r 3+ Fro i Xpe 2+ X7 1)
"1
= &T" 1FT"&2.é-éEOW? + "G ] Fr 1Fre2aaBg+ Xk
a1 50 2 (

ZT" 1
d

ar 1+ "Gzt 1, auxiliary short-term-memory vectors @ ! RY, z; ! R



&T" 1FT"8%é.é5.0W8 + "G

ar- 1

ar-1+ "Gz g,

5" 1

Fr1F1+ 2aaBk+1 Xk
5/‘_;0 &l (
ZT" 1



"1
&T" 1FT"8E,é.é5.0W8 + "G
ar 1 650

&I

ar-1+ "Gz g,

It
FiFq 1ééﬁk+1xk, 1! t<T
k=0
{1
FiFu 1aaBk+ Xk + Xi
k=0
{1
Ft Fi 1Fu 2 @aBg+ Xk + Xy
k=0
FiZy 1+ Xt

| " 1 X¢Xy Zy o1+ Xy

Zo 1" XX Zu g+ X

AT R R ATREP 8! Xt?;' Xt

Zy 1+ 1" 1z, (X¢ X,

FiFyn1aabBowg = Fian 1 = an 1

ZT" 1

| X¢X, ag 1,

11

Fr«1Fy- 2aaBg+1 Xk

(

t<T.
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Wt = Wt (the final weights of both algorithms are the same)



Conclusions from the forward-backward derivation

@ We have derived dutch eligibility traces from an MC update,
without any TD learning

@ Dutch traces, and in fact all eligibility traces, are not about TD;
they are about efpPcient multi-stefearning

@ We can derive new non-obvious algorithms that are equivalent
to obvious algorithms but have better computational properties

@ This is a different type of machine-learning result, !
an algorithm equivalence



True online Sarsa(A) results on Mountain Car

1150

1

True Online Sarsa(!)

T

1200
v Sarsa(! ) with replacing traces
1250

Mountain Car '3

Reward per episode
averaged over
prst 20 episodes
and 100 runs

and clearing the traces of other actions
1 350

1400
1450

Sarsa(! ) with accumulating traces

1500
q

! 550 Il Il Il Il Il Il Il J
0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2

1 I number of tilings (8)

Adapted from van Seijen and Sutton (2014)



Other traces for Q: Original Watkins Q(A)

WatkinsOs Q( !)
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Other traces for Q: Tree-Backup(A)

Tree Backup( !)




Other traces for Q: Tree-Backup(A)

Update Rules

z = 1 "t #(ASt)Zeg 1 + # St Ar, W)

Wis1 = Wi + $#t Zi

@ No importance sampling

@ No guarantees of stability when used off-policy with
powerful function approximation



Off-policy Traces with importance sampling

@ Learning about an arbitrary policy typically requires the
use of importance sampling ratios between the behavior

policy and the target policy. "= L((ﬁt I| gt))
BlALISH).

@ We define state based returns, and a forward view update.
GI* 2 " Rua § 1 (11 Lea )8(Sea )+ Lea GlS T +(11 "08(Siwo)
Wisp = Wi+ % G ® 1 8(St,we) # 9(St i)
@ After some work (Section 12.9), we get another trace.
Zy = 1y "tz o+ T 0(Se, W)
Wirp = Wy + $# Z4
@ This is not guaranteed to be stable with strong function

approximation, and importance sampling can introduce
substantial variance. Can still work in practice.



Conclusions regarding Eligibility Traces

@ Provide an efficient, incremental way to combine MC and TD
@ Includes advantages of MC (better when non-Markov)
@ Includes advantages of TD (faster, comp. congenial)

@ True online TD(A) is new and best
¢ Is exactly equivalent to online A-return algorithm

@ There is a true online Sarsa(A)

@ Three varieties of traces: accumulating, dutch, (replacing)

@ Traces for prediction and on-policy control

@ Traces for off-policy control and prediction

@ Trace methods often perform better than n-step methods

@ Traces do have a small cost in computation (=X2)

43



