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o eliminate circular dependencies
o higher data efficiency
e better data distribution (i.i.d)
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Non-uniform Experience Repaly

o Key ldea: 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
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Fujimoto S, Meger D, Precup D. An equivalence between loss functions and non-uniform sampling in experience replay[J]. Advances in neural information 3/2 7
processing systems, 2020, 33: 14219-14230.




Non-uniform Experience Repaly
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Non-uniform Experience Repaly
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the priority of transition i
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LFIW

Bellman equation Q7 (s,a) = B"Q™(s,a)
Bellman operator

B™Q(s,a) :=r(s,a) + vEs o [Q(s,a")]
loss for Q-network Lg(0;D) = E(s a)~p [(Qe(sa a) — B"Qq(s, ﬂ))ﬂ
0 )

replay buffer Tendto BB™

introduce prioritization Lq(8;d, w) = Ey [w(s,a)(Qs(s,a) — B"Qe(s,a))’]

1

sampling distribution (buffer distribution)

objective arg min Lg(0; d, w) = argmin L (0;d")
g 2

select a favorable priority distribution d¥ oc d - w.

d®’ = d7|
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LFIW

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, +0c). VP, Q € P(X) such that
P<Qandw:X — RT,

Dy (P||Q) = Ep[f'(w(@))] — Eqlf"(f (w()))] (9)

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

P

Df(p\\q)=jq(x)f(p( ))dx f -divergences 'w(s a) = d""(s a) /dD(S a)

q(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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LFIW

« 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
Eﬂ-['wﬂl[51 U]IIT]

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-,'{, (ﬂ:)(QE(sl ﬂ’} B ngE(sl ﬂ‘)}z]

estimate via MC
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(Q) Smﬁ s),a~mi(als) HQk(S ﬂ') P *(S: ﬂ')”'
E(Q) swﬂ (8),a~my(als) [|Qk (3 {1.) 0 B*Qk (SN

/N

can be a wrong target precise target

function approximator make things worse

10/27



DisCor

On-pollcy distribution | SFEre

@000 O @ @ (st 1o low (Ryomon |

Iteration 3 Iteration 4 Iteration $

Iteration & Iteration 7 Iteration & Iteration 9 Iteration 10

o leaf state: rarely visit, provide incorrect TD target
o root state: frequently visit, fit to incorrgct target

o state with similar features affect each orther
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DisCor

minEq [|Qx — Q'

sit. Qu = argminEy, (@ -B'Qur)’|, Dom(s,0)=1, Vs,a pi(s,a) 20

y

) |Qr — B* Q1] (s,a)

pi(s,0) o exp(— |Qx — Q'] (5,a) R
wg (s, a) = % densities (s, a) are unknown

y

g; = arg H&n —E,, [logpk] + (7)Dxr (gx||)

V

Gi(s.a) o< (ju) - exp (%)

n (—|Qk — Q*|(s, G)) Q1 — B*Qx_1](s,0a)

U, — X ex
M P T A*
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DisCor

qz (_|Qk - Q*I(Saa)) IQL - B*Qk—lj(saa')
— X exp

[ T A* \

/ k *
i . Vs, a ¢ < |Qr — B Qr_1](s,a) < e
A ’ + k i 2 _ 190} ’ \ ! ’
k(ji\ a) ;’Y a; > |Qr — Q*|(s,a) whore ¢t — min|Qry — B Ox ol
Ax(s,a) = |Qk(s,a) — (B"Qx-1) (s,a)| + 7 (P™ Ax 1) (s, a). ¢ = max Q-1 — B Qi-2|
\ !

‘L lower bound

(cz — v [P™-1Agk_1] (s, a)) c1
Wy OC eXp —
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Non-uniform Experience Repaly
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LFIW

Uniform sampling

Weighted loss

Not Maintain expect gradient
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DisCor
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Bad case
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Preliminaries

Expect return of policy

(1) = Ex[Yin0 ¥'r(se,at)], EF so ~po, ar ~7(-|st), seer ~ T(-|s¢,a¢)

0 (At+1
o 0 1 2 t T Y (’T i 1) o 1
l Hm (" 9" +9°+... +9")r(s,a) = lim po— r&@%—l_vﬂmﬁ
1
n(m) = mEd"(s,a) [r(s,a)]
Optimal policy

m* = arg max, n(m)

Regret: the expected loss in return by following policy rtinstead of the optimal

:
policy Regret () = n(n*) — ()

Boltzmann exploration policy exp(Qr (s, a))

S @, 0))
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Formalize the problem

min n(r*) = n(me)
st. Qp=argmin E,|(wi(s,a) - (Q — B*Qk—l)z(*gaa')]?
QeQ
E,|lwk(s,a)] =1, wi(s,a) >0,

\

data distribution of the replay buffer

minE e [|Qc Q']

s.t. Qp = .':u'grrgnEp,c [(Q — B*Qk_l)z] ) Zpk(s,a) =1, Vs,a pr(s,a) >0
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Analyze computationally

Theorem 1 (Informal). Under mild conditions, the solution wy. to a relaxation of the optimization
problem 1 in MDPs with discrete action spaces is

1
wi(s,a) = = (Ex(s,a) + €x1(s,a)) . (2)
1
In MDPs with continuous action spaces, the solution is
1
wi(s,a) = - (Fr(s,a) + €r2(s,a)). (3)
2
where
d"™ (s, a) .
Ei(s,a) = Ta(5.a) | (2 —’?Tk(a|3))exp( @k — Q%[ (s,0)) |Qr — B*Qr—1] (s,a)
T (b) (e) (d)
d™ (s, a .
Fu(ova) =25 exp (— 1Qu = Q°1(5,0)) [ @ = B Qucal (s10),
— (¢) (@)

S E‘J’t’k'

CSDN @rymFrr

(a)
€r.1(s,a) €p a(s,a) }

Z31, Z5 are normalization factors, €y, 1(s, a) and €y 2(s, a) satisfy max{ F(s.a) Fo(s.)

. . (_|Qk — Q*|(s. a)) |Qr — B*Qr—1](s,a)
DisCor — Xexp 7
L T A
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wi(s,a)

d™(s,a)
p(s,a)

exp (7 [P™ 1 Ar 1] (5,0))

Algorithm 1 ReMERN

1: Initialize Q-values QQy (s, a), areplay buffer s, an error model A (s, a), and a weight model £,

2: forstep kin {1,..., N} do

3. Collect M samples using 7, add them to replay buffer y, sample {(s;, a;)}_
4:  Evaluate Qp(s, a), Ay(s,a) and Ky (s, a) on samples (s;, a;
5:  Compute target values for @ and A on samples:
yi =ri +ymaxe Qr-1(s{,a’).
d; = arg max, Qp—1(s), a).
= |Qo(s,a) — yil +7Ak—1(5;=ai)-
6: Optimize K, using
Ly(¥) = Ep, [f* (f' (ky(s, )] — Ep; [f' (ku(s,a))] .
7:  Compute wyi using
T .
wi(s,a) o wexp (—’y [Pﬁ b Ak_l] (sja)) .
“(Sv a)
8:  Minimize Bellman error for Q¢ weighted by wy..
Ory1 arg;nin% SN wy (51, a:) (Qa (si,a:) — i)
9:  Minimize ADP error for training ¢.
N2
‘-’IIJ.I:+1 — a.rgllnin% Ziil (A(p (Si, ai) — AE) .
o
10: end for

W Tp——
L ooy s
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ReMERT

o Estimate the upper bound of |Qr — Q*| by temporal Structure

Qr — Q| < |Qr —B*Qy 1| + B Q1 — Q|
4 N

projection error error accumulate through the MDP

Q Suboptimality
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Figure 2: The visualized error of target
Q value 1in a GridWorld Environment.
The Q error is visualized by the color
of the grid. CSDN @EHEFFF

21/27



ReMERT

Definition 2 (Distance to End) : % MDP M, %B& 7 £ M hXEERHE T = {s;,a,}L,, EXiZH
R (s, a) B9 FIRRAIER"

hT(st,at) ==

TEENERRR |Qr — Q7| BUEM FIR[IIES" BX

Theorem 2 (Informal). Under mild conditions, with probability at least 1 — 0§, we have
1Qk(s,a) — Q" (s,a)|

< B, (A7 () (Lauy +) 97041 4 (1) ©

where ¢ = max; q (Q*(s,a*) — Q*(s,a)), flt) = %, Lo, , = E[|Qk—1 — B*Q_»|] and

g(k, d) decreases exponentially as k increases. CSON @EEFFF

|QQr — Q| increases with 7%, and the remaining terms are negligible as k increases.
| Qr(s,a) — Q7 (s,a) |~ E; TCE.(s,a)
Th—1
= E, (f h=1(s,a)) (Lo, + ¢) + Al (s,a)HC)
( (s,a)) (L ) 22/27



ReMERT

d™(s,a)

1(5, ) exp (—E, TCE.(s,a))

wi(s,a)

Algorithm 2 ReMERT

1: Initialize Q-values QQy(s,a), a replay buffer 2, and a weight model .
2: forstepkin {1,.... N} do
3:  Collect M samples using 7., add them to replay buffer z, sample {(s;, a;)}, ~ p
4:  Evaluate Qy(s, a) and £, (s, a) on samples (s;, a;
5:  Compute target values for ) on samples:
y; =1 +ymax, Qr_1(s},a’).
d; = argmax, Qr—1(s., a).
6: Optimize Kk, using

L.(¥) :=Ep, [f* (f' (ky(s, a)))] = Ep, [f' (ky(s,a))] .

7:  Compute wj, using

d™*(s,a)

) i (BT 0)

wi (s, a) ox

8:  Minimize Bellman error for (Qy weighted by wy,.
Ok+1 arg;ﬂiﬂﬁ S wk (s, a:) (Qo (siyai) — i)™,
9: end for 4

CSON @rig
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Deterministic env (MoJoCo & DMC)
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Figure 3: Performance of ReMERT, ReMERN with SAC and DisCor as baselines on continuous
control tasks.
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MoloCo with noisy reward
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Meta-World with high randomness
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— The End —



