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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 RL agent can learn more effectively from some transitions than from others
e Any loss function evaluated with non-uniformly sampled data can be transformed

into another uniformly sampled loss function with the same expected gradien

importance sampling ratio

/

Bn, [VoLa(@)] =B, [P20v0c,(50)|.

expected gradient of £1 under Ty l

VoLs(8(i) = ﬁl 8 VoL1(d(i))

l

Ep, [VoL£1(8(3))] = Ep, [VoL2(5(2))]
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In actor-critic methods, the goal is to learn the Q-function induced by the current
policy (actor's policy), for a fixed policy, the MDP beacomes a Markov chain

dx(s,a) =322y 7'df (s,a)
J(m) = Eg=[r(s,a)]
Q7 (s,a) :==E >0 v'r(se,a)|so = s,a0 = a]

Vo () = Ea~ [V log g (als) - Q7 (s, a)]

In this case, it might be more beneficial to prioritize the correction of (potentially
small) TD errors on frequently encountered states, which are more problematic
than in low-frequency ones, as they will negatively impact policy updates more

severely
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Learn the Q-function

Bellman equation ()™ (s,a) = B™Q™ (s, a)
\/ Bellman operator

B"Q(s,a) :=r(s,a) + vYEs o [Q(s",a")]
loss for Q-network Lq(0;D) = E(s,a)~D [(Qg(s, a) — SWQH(‘ﬁ, a))ﬂ

!

replay buffer Tendto B™
introduce prioritization Lq(6;d, w) = E4 [w(s, a)(Qg(s,a) — B"Qg(s, u))“a]
!

sampling distribution
objective arg min Lg(0; d, w) = argmin Lg(#;d")
8 g

select a favorable priority distribution g% oc d - w.

a®’ = d7|
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Contraction Mapping

o WHEgmSl Contraction Mapping : Wi4gbsd T : LP — LP EENMTE Lp =g LRk, BmEVSf,.gc TP &
T(f) —T(@llp <cl|lf —gllp, (0<ec<1)

Hep || ||, 2 p5B8, TLUEEEFESES, hRERELHRN TS [, g SIEIERG RIEEHE T
4
L

MREF T EMSEF, WFRELEEST T 22 Lipschitz 4898851
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Contraction Mapping

« HEpgien 51 2 LP ==F FaoligEihsd, NiAE
(T-D(f)=0T(f)=f

E L =aRE— 8 MzALPARTH fahs, T23E T ERsSEF, I A ERSHE, BibEEimg e
ERATIIFEROHERIEELENE—E. VWUEENEE, T3 f BeiRses

» EoEmRSTRIERIEEEEREINT
1 BAEEE i € LF, ARREEA T #7eEs—A5E7

fi=T(f0), fo=T(f1). s fa =T(fn 1), .-

2 IEEdTREEGEME, EPEEESmuESESusEwn, B {f} 2 MaEF, BT [P =aaEa=&t, &
PRzl LP g8, XIREANSR im,, o fr —EFE

3 EEEET(fi) 2olEE fi 88, XREER lim, | fn — fol| = 08080, BOVEBEN=AAFL. FEiH
fo H1 fo ZIEHEA f;, FEAREFIIMESTREG SETEIANS—ERE—, BRlin,  f, = fi

1/22



Contractive properties of the

Bellman operators

o SEZZTHEE /Y Belman EF B, ZEFWAT model-based BY evaluation 755% policy evaluation

(B:U)(s) := Z m(als) Zp s'ls,a)[r(s,a,s") +~yU(s)]

vs,s' 8" € 8,a € A, WHEEREMMERH U1(s), Us(s), E=aim =55

(BxU1)(s) (BrUﬂ)(SH:-Z?T(GIS}ZP(S’IS:R}?’:DH(S’) U(s")]

a

g»}fzw(a|s)2p(s’|s,a}\v1(s’> Ua (s
<Y (als) Y p(s'ls.a) ( max |U1(s") ~ Ua(s"))

S.I'
= ymax |U1(s") — Up(s")

=701 — Us|lx
FEITEE s € S EREN, B s = argmax |(BrUp)(s) — (B;Uy)(s)| Ak3z, BIE
&

| B?TUI B?TUQH-I < Y |U1 Uﬂ”oc

EHitt Bellman 72— MNE4EME, {RIBKUEMESER, value evaluation —EEEBEAZIM—AESRE V (s) T Q(s, a)
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Contractive properties of the

Bellman optimal operators

o H—2E5%E= Bellman £t8F B*, ZEFMNATF model-based Y evaluation 773% value iteration

(B*U)(s,a) :==r(s,a) +~ Z p(s'|s,a) max U(s',a")
J GF

vs,s',s" € S,a,a’,a},a) ¢ A, HFEERMHERS U1(s,a),Un(s,a), Z=melE_E0EE
(B'Uy)(s,a) — (B*Ug)(s,a) = ‘T Z p(s'|s, a)[max U1 (s, a}) — maxUs(s', ap)] ‘
s | @

SO a)! o U(s', a1) . Up(s',ag)|
s' !

< TZP{S’ s, a)i max(Uy(s',a")) — Ua(s',a)

Ur(s',a") — Ua(s',a)

<y ZP{S’ $, @) max
a
SF
E ’:[" lga%[ |L'T] (3”, ah‘) LF—Q(SH : ﬂ.”]
57 0

=7/|U1 — U]

FEINTEE s © S,a € A ERERET, 80T 5,0 = argmax |(B*U1)(s,a) — (B*U2)(s,a) thaiz, BIE
5.0

|BUL ~ BTl < 7|01 -~ Ual]

Eitt Bellman optimal operator tH 2 —NEAEIET, RIEKURIRETERR, value iteration —ERESEEIE—RIHHERSL V (s) 2X

Q(s,a)
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Policy-dependent Norms

IB"Q — B"Q'||loo <7/1Q — Q'[|o

e The [, norm reflects a distance over two Q functions under the worst possible
state-action pair, and is independent of the current policy

o If two Q functions are equal everywhere except for a large difference on a single
state-action pair that is unlikely under ™
« The [ distance between the two Q functions is large

e In practice, however, this will have little effect over policy updates as it is
unlikely for the current policy to sample the pair

e Our goal with the TD updates is to learn Q™ , a distance metric that is related to nt
is @ more suitable one for comparing different Q functions
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Policy-dependent Norms

a distribution over state-action pairs
1
1Q — Q|7 := E(s,0)~al(Q(5, @) — Q' (5,a))]

e Policy-dependent Norm

« closely tied to the LQ objective Lq(g; d) = ||Q.§1(5j fl') — BﬂQH(ﬁa l’l)“g

Theorem 1. The Bellman operator B™ is a y-contraction with respect to the ||-||q norm if and only if

d = d™ holds almost everywhere, i.e.,

IB"Q — B"Q'[la <7/|Q — Q'[|4,VQ, Q" € Q +=

d = d7},

i.e.
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Policy-dependent

Theorem 1. The Bellman operator B™ is a vy-contraction with respect to the ||-|| g norm if and only if
d = d™ holds almost everywhere, i.e.,

1B"Q —B"Q'a <7/|Q — Q'[|2.VQ,Q" € Q <= d=d", ae.
Proof. From the definitions of ||-|| and B™, we have:

IB7Q — B*Q'||3 (13)
- E(S,ﬂ)wd[("TEs",a’ [Q(Sju af)] - 'T]Es",a‘ [Q,(SJ‘: a’)])z]
= VE(s,0)~dl(Bsr o [Q(s",a") — Q' (s, a)])?]

< F}’EE(S,E}Nd[Es’,a’[(Q(S!: a,) - Q!(Sru 1’1’))2” (14)
= VE(s.0)~a [(Q(s,0) — Q'(s,a))?] (15)
=7*Q - Q'llZ (16)

where s’ ~ P(-|s,a),a’ ~ m(-|s") and
d'(s',a") = Z P(s|s,a)m(a’|s")d(s,a)

represents the state-action distribution of the next step when the current distribution is d. We use
Jensen’s inequality over the convex function ()2 in Eq. 14. Since d™ is the stationary distribution,
d=d <= d=d", a.e., so the if direction holds.



Two challenges

estimate d”™

on-policy off-policy (with replay buffer)

need lots of on-policy samples hard to estimate importance ratio
increase the sample complexity 'w(.s, a) .— d“(s, a)/dD(.s, a,)
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Likelihood-free density ratio estimation

Estimate the density ratio only rely on samples (e.g. from the replay buffer)

Lemma 1 ([27]). Assume that [ has first order derivatives f' at [0, +00). VP, Q € P(X) such that
P<Qandw:X — RT,

Dy (P||Q) = Ep[f'(w(@))] — Eql[f™(f (w(x)))] (9)

where f* denotes the contex conjugate and the equality is achieved when w = d P/ d(Q).

BN

Df(p\\q)=jq(x)f(p( ))dx f -divergences w(s,a) :==d"(s,a)/dP(s,a)

g(x) /
Two types of repaly buffer

o smaller (faster) replay buffer ——~ smaller size, more on-policiness
o regular (slow) replay buffer —— pjgger size, more off-policiness
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Likelihood-free density ratio estimation

« Estimate the density ratio via minimizing the follow objective over network Wy (93)
Ly () := Ep, [f*(f (wy(s,a)))] — Ep,[f' (wy(s,a))]
the outputs Wy, (8, @) are forced to be non-negative via activation functions

o self normalization with temperature hyperparameter T

wy (s,a)/T
Ep,[wy(s,a)/7]

Wy (s, a) =

o The final objective for TD learning over Q is then

Lﬂ(ﬂi dﬂ) ~ LQ(B:DS:I miﬁ) = E{sﬁu]wﬂg [TIF.,’[, (T')(QE(S! ﬂ’} B 3”@9(5, ﬂ‘)}z]

estimate via MC
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Pseudo Code

Algorithm 1 Actor Critic with Likelihood-free Importance Weighted Experience Replay

I: repeat

2:  for each environment step do

3 gather new transition tuples (s, a,r,s")

4 update (s, a, s, s") to D, (slow replay buffer) and Dy (fast replay buffer)
5:  end for

6:  remove stale experiences in Dy, D¢ (|Dg| < |Ds))

7. if |Dy| exceeds some threshold then

3

; obtain samples from D, and Dy B [ f R f

9: update wy, with loss function L., (1) (Eq. 10) — Lul$) =FEo, [j:”(i(iﬁ(j;a)))] oilf (g(s:0))
. } mn

}{]J: Elgﬂ:ﬂgn wuy, according to Eq. 11 Wy (s, a) = Ep, [wy (s, )1 7T]

12: wy = 1 (no re-weighting) ~ Lq(0: Dy, y) := By ), [y (%) (Qo(s,0) = B™ Qo (s, a))*]

13:  endif /

14:  obtain estimates for B7()y with base algorithm

15:  update )y with loss function Lg(0; Dy, w) (Eq. 12)

16:  update 7, and value network (if available) with base algorithm
17: until Stopping criterion

18: return (g, 7,
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region represents the standard deviation of the average evaluation over 5 trials.
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Figure 3: Learning curvers for the OpenAl gym continuous control tasks using TD3 [13]. The shaded
region represents the standard deviation of the average evaluation over 5 trials. We did not include
Humanoid as the original TD3 algorithm fails to learn successfully.

Table 1: Max-performance attained by a given environment timestep for the Mujoco control tasks.
We report the mean maximum attained performance over 5 random seeds and standrad deviation.

Env Hopper-v2 Walker-v2  Cheetah-v2 Ant-v2 Humanoid-v2
Timesteps IM IM IM IM SM
SAC [15] 2004 =356 3862 £ 106 6548 =635 3138 =283 5515+ 329
SAC + PER [32] 1853 £106 3210418 6816 =531 2853 £132 4650 = 315
SAC + ERE [42] 1759 £234 3601 =485 6666 =589 3346 £116 5586 = 705
SAC + LFIW 2395 £ 212 3855 +224 7037 =629 3857 £221 6436 + 254
TD3 [13] 2486 = 125 4212 £456 4295 +£523 2969 + 202 -

TD3 + PER [32] 1704 +=228 4268 £278 4766 =325 3679 + 156 -

TD3 + LFIW 3003 £261 5159+ 189 6184 =876 3864 + 205 -
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fitted value iteration algorithm:
c 1. set y; « maxq, (r(s;,a;) +vE[Vy(s])])
2. set ¢ ¢ argming 3 Y, | Ve (8i) — yill?

updated value function

\
V! « argminyeq 5 3 [V'(s) = (BV)(s)|?

y

all value functions represented by, e.g., neural nets

CS294-112 at UC Berkeley 19/22



BV

set () (e.g., neural nets)

T

>

fitted value iteration algorithm (using B and II):
Co 1. VBV

define new operator IT: TIV = argminy.eq § 3 ||V/(8) — V(s)?

I1 is a projection onto §2 (in terms of £ norm)
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fitted value iteration algorithm (using B and I1):
C 1. VIBY \

B is a contraction w.r.t. oo-norm (“max” norm) IBV = BV|loc <4V = V|oo

IT is a contraction w.r.t. f3-norm (Euclidean distance) v -nv|2 < ||V - V|?

but... I1B is not a contraction of any kind
BV
° ‘.1 A &

|
|4 %

K
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— The End —



