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Experience Replay
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o eliminate circular dependencies
o higher data efficiency
o better data distribution (i.i.d) 2/22



Prioritized Experience Repaly

o Key ldea: RL agent can learn more effectively from some transitions than from others

e Measured criterion of transition importance

o The amount that agent can learn from a transition —> not directly accessible

e TDerror > how ‘surprising’” the transition
IS
e The sample process need to be stochastic
e transitions with low TD error are rarely be sampled
e focus on small subset of the experience (over-fitting)

e sensitive to noise spike

Schaul T, Quan J, Antonoglou |, et al. Prioritized experience replay[J]. arXiv preprint arXiv:1511.05952, 2015. 3/2 2



Stochastic Prioritization

the priority of transition i
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between uniform sampling and power-law distribution with
greedy sampling exponent a (more robust)
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Annealing the Bias

Q:(s,a) = maxE, |G¢|S; = 5, A; = af
=maxE; [Riy1 + vG1|S: = 5, 4 = a]

Tabular method (Q-learning) = E[Rs1 + fymg,xQ*(SHl,a’)lSt =s,4; = a

NN method (DQN)

— Zp(s’, rls,a)[r + ’}’ma"-;lx Q.(s",a")]

s

6(i) = Qo(2) — y(i) = Qo(2) — (r +1Qy (s,0))

L; = Es,aNP{') [(y‘i P Q(S:r a, 9‘5’)2)}
V; f’i = Es,amp(-},s"men\r [('f‘ + Y max Q(Sfa afa 911—1) - Q(31 a, 91)) Ve, Q(Sa a, 93)}
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Annealing the Bias

Leer = w(i)L(4(7))

1 1
= (N - () )5\ annealing to 1
. w;
w(i) = max; w; for stability reasons
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Pseudo Code

Algorithm 1 Double DQN with proportional prioritization
1: Input: minibatch k, step-size 7, replay period K and size IV, exponents « and 3, budget 7',
2: Initialize replay memory H =0, A =0,p; =1
3: Observe Sy and choose Ay ~ 7y(Sy)
4: fort =1to T do

5. Observe Sy, Ry, v,

6:  Store transition (S;—1, As—1, R¢, v, 5¢) in H with maximal priority p; = max;< p;
7. if t=0 mod K then

8: for j =1tok do

9: Sample transition j ~ P(j) = p§/ >, p{

10: Compute importance-sampling weight w; = (N - P(j))_ﬁ / max; w;

11: Compute TD-error §; = R;j + 7 Quarget (Sj, argmax, Q(Sj, a)) — Q(S5j-1,4;-1)
12: Update transition priority p; < f(?;,

13: Accumulate weight-change A < A +w; - §; - VoQ(Sj-1,A;-1)

14: end for

15: Update weights @ < 0 +n - A, reset A =0

16: From time to time copy weights into target network 6y,ee; < 0

17:  endif

18:  Choose action A; ~ 7y (S;)

19: end for
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General Result

Any loss function evaluated with non-uniformly sampled data can be transformed
into another uniformly sampled loss function with the same expected gradien

PER can be replaced entirely by this new loss function without impact to empirical
performance

This relationship suggests a new branch of improvements to PER by correcting its
uniformly sampled loss function equivalent
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Preliminaries

6(3) - Q(E) _ y(i): y(?‘) =T+ ’TQE‘”(SI: ﬂ'f)'

) 666@_658@_
VoL = 5 = a5 00 08~ 80 a9 L) Ve@

1. Ly 385 L11(8(3)) = 6(2)|, BER Vo Lri(8(3)) = sign(8(4))
2. MSE #R%k: Lmse(0(4)) = 0.50(4)*, #BEA Vo Luse (8(2)) = 6(3)
3. Huber $R7%:

0.58(i)? if 16(5)| <k,

L uber —
b { k(|0(2)| — 0.5k) otherwise

(2)

BERE k=1, XHERIE [0(1)| B9EUE, Huber iIRKAMEESNS MSE 8; L, iR%K. XFHRERE

BILAEAE 0 BHEE SRR L IRk
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Sampling and Loss Functions

importance sampling ratio

/

Bin, [Voli(6@)] = e, | 2240 V0L1(5(0)|.

expected gradient of £1 under Ty l

VoLs(8(1) = ﬁl 8 V@ Li1(0())

l

Enp, [VoL1(0()] = Ep, [VoL2(3(2))]
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Sampling and Loss Functions

ik D0 RAT BB L1 4555 AN 458 P 4 50 SR B AR A MISE #5355 BLA A [ 1 YT 596 P D77 )
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p(i) = S5 190)]

o

59| B, [ien(30)] = En.lVaLu(6)]

expected gradient of MSE under 4 oy IS ~~ ~ VaoLi(d(i)) expected gradient of L1 under D
(6)
po, (%) . 125166 o 2 le@)] o e
~ Vol 4(2)) = —0(¢) = —0(¢) = sign(d(e
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Theorem 1

Theorem 1: (ATEANNA N BUSUESE B, 15k L1, Lo MERMRSERAT pr,
VoL1(8(i)) = Lpr(i)voLa(6(3)), Hb A = =X QUM B chigOTELAOREA i IBIHY L1 (0(6)) BOEE
SBHARE, FIM B hi% pr (LSESREERORER i SIRIAY Lo (5(4)) HORREERERTFEES

e Proof:

Ei5[VoL1(0(7))] Z VqL1(8(2)

= ¥ X 5 P0G 0) (s

- Ep’;)( VoLa(8(5)

- Ewm[v@ﬁz (6(4))]
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Corollary 1

Corollary 1: & L£1(8(i)) = +|pr(i)|, L2(8(3)) for all i, EH A = E";T{j} - BELLSBERS, U
Theorem 1 IMERIIREFRIREK L1 FHRETIR pr IFIIRERIREK Lo BIRAL

e proof:
VaL1(5(6)) = Va5 pr(i)l £2(3(3)
= $pr()70L2(5))

W Theorem 1 pIZ&(4, Bk
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Corollary 2

Corollary 2: & sign(VoL1((7))) = sign(Vo L2 ((7))) B pr(i) = xz—ggggi for all4, Ml Theorem 1 X

ERIIIREFRIRK L1 FUEEIR pr AIDRFAUREK ALy 19N, Hf A = w

o BT RELRERFEERME, KB pr(i) SAUGHNIERN, B sign(pr(i)) = 1, EHBEHERM
sign(V L1 (8(3))) = sign(VoLa(8(2))). 1B, FAESESIMLQ Bt SATBHIESIIRET
AR RN

RABEFRNBIR, MHHTEEHEEN, #ESEBNAEGERE

ZEERSRERERRUTFEEERE, ©X Lo EMNRLE £, REIEHE,
 proof: £5%E sign(VoL1(4(2))) = sign(VoLa(0(7)))

1 ' A Vo L1(8(7))
3 Pr(DVerL:(06) = 35 75

= V@L1(8(7))

VL2 (6(i))

I Theorem 1 B854, 15iE
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Theorem 2

_ VoLi(8(2))

pT'(’L) — m for all ?:‘

Theorem 2: AT/ N RUAIBSE B MURSEAR L1, #45 i € B (KERISER pr TR, 35
= Z70)  sgeimee Ly, 848 Theorem 1 7 (EDEBSEREEIES, BB
3pr(8) VAL (8(3) = pr(i) VL2 (3(3) = Vo Li1(8(2) . & Ly = L1, Bpr(i) = [VoL1(3(9)| B,

VoALsy (5(’&) A ERN

XLERRA, BIAER Ly IRKRFANENRIRRRELE, ILERISHAESREARZNER, BMET

RIS E

Observation 1: %‘EX{J\?Q N RIEUEEE B fIRKREL L1, BA « LMRER pr(i) = |[Vo L1(3(2))| HH1T
AFEE, A= w WALz, (6(1)) BIBEERNBENTFEFTIIIFRER L1(0(2)) BIBERISE
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Corrections to PER

Theorem 3 : 345 PER —{2GEFIE, 1A% L|0(i)|” MUMEREE (b 7 > 0) ST SRS MRS

T . ??N - THa—afd Ininj |6(j)|aﬁ
Lhpr (8(1) = ———|8 v =S N !
e (8(0)) = ——— 25190 5, 1607)] "
* proof: {RIEPERENM, B
p(i) = 0(3)|” + € N (% - 5w’

TS0+ T maxy (& 58
TEEZEER PER BHREEE L|0(i)|” HEIeE
N RPN
Ei-rx [VQ"’(i);lﬁ(’*)lT] = > w(@dp(i) Vo I()"
icB

= () o

YA ) |J(j}|a-‘*igﬂ(ﬁ(i])lﬁiﬂl“'
(-] o

icB max;en (11)
1 [6(6)[7* Tsign(4(i))
T maxjen W e8] ‘-(__EB a(@)|~?
=1y sign(a())[a(i)| P
icB

R —

. LT} I e B L .\ r+a-aB
Eins Vo Lh(G0)] = 7 3= Vel N
=7y sign(8(i))[8(3)[Tt P

i€B
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Corollary 3

o 3FE%| DQN {545 =M Huber 385, X3F DQN RN PER L55REE, nILUGHENES NI Y9 EENIRRENIE,
BEEEENEERE

Corollary 3: 25 PER —fEfEHT, Huber {RENHIESESTEHRIGOREEMET, TREHEERE (Theorem 3 A
7 =1f17 = 2 €A

nN \ iTta—aB 2 ifls()] <1, min; |3(;)|*”
— 14 = = ="
T+a—fxﬁ| @ ' ! {1 otherwise, ' Y210
(8)

Loir (8(i)) =
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Corollary 3

* JNTHE#E Corollary 3 (AN NEXT PER BirliA, BEERBLATAE T MSE f L; fUUIEIS
1. Observation 2 (MSE): B(s,a) C BE83 (s,a) 09 transition BIFE, §(i) = Qi) —y(i), &
VoEiwB(sq)[0.58(1)*] =0, M Q(s,a) = mean;cp(s 4 y(i)

Proof.
Eint5(5,a) [V 058 (i) [*] = 0

= Eip(s,a)[0(1)] =0
== ¥ Qb0 -yi)=0

icB(s,a)
2 (14)
= Q(S,ﬂ.) — W - Z y[:z) =1)
icB(s,a)
1
S Qe =5 3 W)
icB(s,a)

2. Observation 3 (L;): B(s,a) C BEEZ (s,a) B transition BIFE, (i) = Q(i) — y(i), & VoEiop(s,a[0(i)]] =0
.y Q(Sa ']} - mEdiaﬂiEB(s,a] y(?‘)
Proof.
Eivn(s,a)[Veld(i)|] =0
= EiB(s.a)lsign(d(1))] = 0

= Y HQGa)<y@dl= Y 1{Q(s.a) = y(i)} (13)

icB(s,a) icB(s.a)
= Q(s,a) = median;c g, o) y(7)-
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Corollary 3

FEZMEIEEME: M F MSE 7 L, ZERKBREFILIE “SEMH" #l "IERE" ZEMESFEE. WEA700, XFE PER
M Ly }mﬁimmﬂﬂﬂf’ﬁﬁﬂ ERREFEERL+a—af e [1,2], ERac(0,1],8 € [0,1]. #Am, ZLES MSERS, &
B<1l, MHac (0,1]02+a—af>2 XEHERMA MSE BiRERMESIOERRIVEIRE, (BY 'iPER_*‘EAH-J‘
hﬁﬁﬁﬁ—ﬁﬁﬂ?ﬁﬁﬁﬂﬂﬁﬁﬂwjﬂ X RERERE Y PER 7E(EH MSE ANEEHESIES D EBnER ERT e

£
A Ly Rk, HhEBagh pr(i) = |6()[*

SPr(i)Va L (3(6)) = S166)I” - 15(6)] ox 13(6) "

Theorem 1 VgL (d(i)) = 5

SR, TESZERH, L1 BURFTREFRANTIEL, KON H#OD 3t — AN e Kb K, W
R S]RK S, TRe=HH His (overstepping the target)
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LAP & PAL

o max(|6(i)|*, 1) W [0.58(i)% if|6(i)| <1,
.”(1) - E_j md}{(|5(j)|”7 1)’ ‘EH“h"T(a(E)) o {|5{1)| otherwise.
1.16(d)| > 18: Ly ek, H56R pr(i) = |6(3)|

2. [6(7)] < 1HF: MSE iR5<, IOFEE

Corollary 1 l EPLA{(E(E)) = %|Pf(i)|\<£ﬂuher(5(1))

ﬁp&(a(i)):j [E16] otherwise, o

1 {mmz iflo@) <1, 3, max(j8(i)*, 1)
14

1.16(i)| < 18, pr(i) =1, Lpra(8(i)) = +-1-0.58(i)* = + - 0.54(i)*

2.|6(¢)| > 18, pr(i) = [8(i)|*, Lpra(8(2)) = $16()|%[16(5)], WEFKBEEVoLeLa = +10(1)|"Vo|d(d)|, ATE

TE, NSRRI R SR AFREERE, B VoL MO — 1156)[*v,|s(i)]
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Figure 1: Learning curves for the suite of OpenAl gym continuous control tasks in MuJoCo. Curves are averaged

over 10 trials, where the shaded area represents a 95% confidence interval over the trials.

Table 1: Average performance over the last 10 evaluations and 10 trials. & captures a 95% confidence interval.
Scores are bold if the confidence interval intersects with the confidence interval of the highest performance,
except for Hopper and Walker2d where all scores satisfy this condition.

TD3 SAC TD3 + PER TD3 + LAP TD3 + PAL
HalfCheetah 13570.9 +£794.2 15511.6 = 305.2 13927.8 +-683.9 14836.5 + 532.2 15012.2 + 885.4
Hopper 33932 +381.9 2851.6 +4174 32755+ 451.8 32469 +4634 3129.1 £473.5
Walker2d 4692.4 +423.6 52344 +346.1 4719.1 £492.0 5230.5 +368.2 5218.7 +-422.6
Ant 6469.9 +200.3 4923.6 +882.3 6278.7 +311.3 6912.6 + 2344 6476.2 + 640.2
Humanoid 6437.5 £349.3 65809 £296.6 5629.3 £ 1744 7855.6 =705.9 8265.9 £+ 519.0
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vs. DDQN+PER vs. DDQN
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Figure 2: We display the percentage improvement of
final scores achieved by DDQN + PAL and DDQN +
LAP when compared to DDQN + PER (left) and DDQN
(right). Some extreme values are visually clipped.

Table 2: Mean and median percentage improvement
of final scores achieved over DDQN and DDQN +
PER across 10 Atari games.

Mean % Gain Median % Gain

vs. DDQN + PER

DDQN -8.06% -13.00%
DDQN + LAP +53.38% +24.98 %
DDQN + PAL +4.50% -8.96%
vs. DDQN
DDQN + PER +37.65% +15.24%
DDQN + LAP  +148.16% +24.35%
DDQOQN + PAL +20.46% +6.79%
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— The End —



