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I Background PEII‘NP_[:

(a) online reinforcement learning (b) off-policy reinforcement learning (c) offline reinforcement learning

rollout data {(s;.a;,s},7;)} rollout data {(s:,a;,s},7;)}

& " (=)

rollout(s)

rollout(s)

k41

data collected once
with any policy training phase

MDP=(S,A,R,y, P, py)

ObjeCtive:](T[) = ]Eso~p0,a~1t(-|s),s'~P(-|s,a) [Z;IE;O ]/tT'(St, at)]

Policy: max J(rr) — m(als) . actor

State value function: V(s) = Eg,_4,.~p, [ T ovtr(ss ap) |sg = s]

State-action value function: Q(s,a) = Eg, 4.~ T ovtr(se,ap) |so = s,ay = a] } critic
policy evaluation: use trajectories of = to evaluate Q and V

pO“Cy |terat|0n BWQ(S7 a) — T'(S, a’) —I_ FYESI’\‘P(' |s,a),a'~m (- |s") I:Q (8,7 a’,):l

policy improvement: use Q and V to update



I Background PHI'N E SRRSO M

Off policy evaluation(OPE)

Bellman operator 77 Q(s,a) = Eyg[r +vQ(s',7(s"))]

- Absent Data: the estimate of Q4 (s, m(s)) may be arbitrarily bad without
sufficient data near (s, (s))

Extrapolation Error 1 Model Bias: for a stochastic MDP, without infinite state-action visitation,
sampling produces a biased estimate of the transition dynamics

~ Training Mismatch: due to distribution shift, there is a mismatch in training

o Y lIr+9Qe (s, 7(s) — Qols, a)l|?

|B[ (s,a,r,s’)EB

Because of offline setting, overestimate due to extrapolation error cannot be corrected
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I Background PHI‘NP_E

The main idea of offline RL: Constraint the learned policy is close to the behavior policy

Policy constraint IQL, TD3+BC Tk+1 = ar%é%ax Ea~r(s)[A™ (s, a)]

sit. Dyce (n(8)l|m5(-1s)) < e

- Value Regularization CQL 810 @ (Esep avyals) [Q(5:a)] ~ Esvpaniyais) [Q(s.2)])

A 2
‘|‘% IEs,a,s"wD |:(Q(S, a) - BWQk(Sa a)) ]

- Supervised Learning Decision transformer, RvS

\

_ Others Model based Combo

Model free RL in offline setting: Pessimistic estimate
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In-sample Learning

only use in-sample actions of offline dataset to evaluate policy

QL min Eqoeo[lr —1(Q(s.0) ~V(s) <0)|(Qs.0) = V(5))’]

min By 0,00 (15, @) + 9V () = Q(s,0) 7],

Extreme  7(V)=Ega., [e@k(s’a)‘v(s))/ﬂ — Eeanpnl(Q%(s,2) — V(s))/8] — 1
Q-learning
L(#) = Esas)~p [(Qs(s,2) — r(s,a) —7Ve(s"))?]

Some other methods need to estimate behavior policy u(als)

In-sample learning avoids extrapolation error to get accurate Q and V' on
state-action pairs in offline dataset, meanwhile, in-sample learning can
decouple policy improvement and policy evaluation.
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sziLLE'%U‘ﬁ{EH* 11‘%61—'}5%*5

Behavior-regularized MDP problem

maxE[Zq( o) — f(’ﬂ'((ltlst))):|

p(ai|st)

policy evaluation operator (T7)Q(s,a) :==r1(s,a) + 1Es|sq [V (s")]

V(s) = Eaer [Q(s, ) - af(ﬁ(a“s))] |

Assumption 1. Assume m(a|s) > 0 = p(als) > 0 so that 7w/ is well-defined.

Assumption 2. Assume the function f(x) satisfies the following conditions on (0,00) : (1) f(1) =
(2) h¢(x) = xf(x) is strictly convex; (3) f(x) is differentiable.

hi(z)=f (@) + zf'(2),9,;(x) = (h;) " (2)
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hod dr . ]
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Derivation

T RN 1) SRS O )

m(als)=0, Zw(a|s) =1

The Lagrangian function: L(w,ﬁ,u)zzd“ ZW als) ( (s,0) —af (;ij}:;))

—) d"(s) [u(s) (Z m(als) — 1) ZB als)m(als) ]

=)

KKT conditions: (0 < 7(als) < 1 and Zﬁ(a|3) =1

0 < B(als)
B(als)m(als) =0

(R
Qs.a) — ahi (1)~ u(s) + (als)
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= = =2
Method dr - .
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) —u(s) + Blals) =0 wmm 7(als) = p(als) - g (é

m(als)
p(als)

Qls.a) — ay Q5. u(s) + B(als)

complementary slackness 3(a|s)m(als) = 0 wm 7(a|s) = p(als) - max {gf (é (Q(s,a) — u(S))) ,O}
normalization condition === [max {gf (l (Q(s,a) — u(s))) ,OH =1

optimal value function =  V*(g) =T V*(s)

Een(en-or(588)
_Zw(alg)( (5) + ™l ( m))

plals) = \ ulals)

o+ e ! (e )

() i)

= u*(s) + aEgnp
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optimality conditions of the behavior regularized MDP
Q*(s,a) =7r(s,a) + VES’\S,OJ [V* (S,)]
. Q*(s,a) —u™(s
T (a,|s):,u(a|.s)-max{gf( 165 6) ( )),O}

«

V*(s) = w(s) + aEam [(%alg))zf, (mgﬂ

.| maxo (2@ .00~ (). 0} | =

zero-forcing support constraint 1t (a|s)=0=m(al|s)=0

a=—1 y?—divergence
. 1 a —
a-divergence: D.(p,m) = ——=Ex [(—) — 1]

a < 0 mode-seeking a— 0 Reverse KL divergence
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Sparse Q-learning(SQL) a=—1, f(z)=z—1 g,(z)= %x + %
Q"(5,0) = r(5,0) + 1Eyjo [V* (') B max {5 + LA =T o}
el =l o i {% o Q*(S’a%a_ U*(S)’O} An approximation an{f&g}zl
V() = U°(6) + | (TSR] Ut ()= V* () —a

Lemma 1. We can get U*(s) by solving the following optimization problem:

min Eov, h(% P Q*(s,ag)a— U(s) 0) (% 5 Q*(S,az)a— U(s))z] . U{(Is)
1+ 220 ) 1 QYO v

mm Em[( (s,a) +~V(s') — Q(s,a))z]
max Bf; o)< {]l (1 - Qs ,a% —V(s) > 0) (1 + Qls. a;a— V(S)) log 7r(a|8)}

«
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Exponential Q-learning(EQL) a— 0 Reverse KL divergence, f(z)=1log(z) g;(z)=-exp(z—1)

Q*(s,a) =7(s,a) + 1Es|s0 [V (s)]

7 (als) = p(als) - exp (Q*(S»@a— U* (s)

V*(s) =U"(s) + oy {(7::((@@5))2 Ti(FCJiS;)]

Lemma 2. We can get V*(s) by solving the following optimization problem:

(Zea=VON], Vi

Without any approximation U™ (s) =V"(s) — «
B, {exp<Q (s,0)—V (8))} —q

«

m‘;n Ky [exp

Y

m&n E[exp (Q(S,a)a— V(s)) N VQS)]

mén E[(T(S, a) +7V(s') — Q(s, a))Q]
(Q(S,a) - V(S))

max E[exp log W(a|s)}
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m(als)
ji(als)

CQL  policy evaluation operator Q(s,a) = T"Q(s,a) — 3[ — 1} The same with SQL

policy improvement 7 (a|s)ocexp (Q(s,a))

the optimal = is not decided only by Q

2

IQL policy evaluation min B, q)p (|7 = 1(Q(s;a) = V(s) <0)|(Q(s;a) = V(5))]
min E(s.0.0~[(r(5,0) + 7V () — Qs,@)°],
policy extraction s By o> [exp (Q(s, a) — V(s)) log w(a\s)] The same with EQL
T (8

the learning objective of V function is not right

In offline RL, policy is not just dependent on Q or V, but still on behavior policy u
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D4RL benchmark
Dataset BC 10%BC BCQ DT One-step TD3+BC CQL IQL SQL EQL
halfcheetah-m 42.6 42.5 47.0 42.6 48.4 48.3 44.0 =0.8 474 +0.2 48.3+0.2 47.2+0.3
hopper-m 52.9 56.9 56.7 67.6 59.6 593 8 +2.1 66.3 +5.7 3 13.4 74.61+2.6
walker2d-m 5.3 75.0 72.6 74.0 81.8 83.7 72.5 +£0.8 725 £8.7 84.2 +4.6 83.24+4.4
halfcheetah-m-r 36.6 40.6 40.4 36.6 38.1 446 455 +0.5 442 +1.2 44.8-+0.7 44 5+0.5
hopper-m-r 18.1 75.9 53.3 82.7 97.5 60.9 95.0 +6.4 95.2 +8.6 99.7 +3.3 98.1 3.6
walker2d-m-r 26.0 62.5 321 66.6 49.5 81.8 TE24E355 76.1 +7.3 81.2+3.8 76.6+4.2
halfcheetah-m-e 55.2 929 89.1 86.8 934 90.7 90.7+4.3 86.7+5.3 940 =04 90.6+0.5
hopper-m-e 825 110.9 81.8 107.6 103.3 98.0 1054+6.8 101.5+7.3 111.8 +-22 105.5+2.1
walker2d-m-e 107.5 109.0 109.0 108.1 113.0 110.1 109.6-+0.7 110.6+1.0 110.0+0.8 110.2+0.8
antmaze-u 54.6 62.8 78.9 59.2 64.3 78.6 84.8+23 85.5+19 922+14 1932422
antmaze-u-d 45.6 50.2 55.0 53.0 60.7 714 43.4+5.4 66.7 +4.0 74.0 +£2.3 65427
antmaze-m-p 0 54 0 0.0 0.3 10.6 65.2+4.8 722453 80.2 +3.7 77.54+43
antmaze-m-d 0 9.8 0 0.0 0.0 3.0 54.0+11.7 71.0£3.2 791 +4.2 70.0L£3.7
antmaze-l-p 0 0.0 6.7 0.0 0.0 0.2 384+123 39.6 +4.5 532 +4.8 45.61+4.2
antmaze-1-d 0 6.0 2.2 0.0 0.0 0.0 31.6+9.5 475 +44 523 +5.2 42.5+4.7
kitchen-c 33.8 - - - - - 438 +11.2 61.4 £9.5 764 +8.7 70.347.1
kitchen-p 33.9 - - - - - 498+10.1 46.1 8.5 72.5+74 745 +3.8
kitchen-m 475 - - - - - 51.0£6.5 52.8 +4.5 674 +54 55.6£5.2
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s Walker2d s Halfcheetah ioiiomeiitililins) CoL 0L SQL

EEN S50L BN EQL HEN QL : NR BE NR BE NR BE
c 1 Vanilla || 652 131 | 700 12 | 75. 1.6
'E 80 Medinn Easy 48.2 148 | 4995 1.1 56.2 1.7
E % Medium 14.5 14.7 39.7 1.3 433 2.1
= Hard 93 64.4 19.6 0.8 242 1.9
% - Vanilla 384 135 39.6 0.7 50.2 1.4
< 2 Large Easy 28.1 128 | 354 07 40.5 1.5
N Medium 6.3 30.6 322 0.7 36.7 1.3
ZEDrpe it ra;‘ij;* E”)?pe " rai:ti]:: Hard 0 3005 | 256 06 | 342 26

The sparsity term SQL will benefit when the datasets In-sample learning brings more robustness than

contain a large portion of noisy transitions out-of-sample learning



I Discussion

The difficulty of offline-to-online
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State-action distribution shift, especially in narrow datasets

underestimate Q of OOD actions excessively

MCQ. Cal-QL

mismatch between actor and critic when offline to online



BIGRASHET SR 7E

PAttern Recognition and NEuwral Computing

I Discussion PHI‘NP_E

mismatch between actor and critic

I U ap— {gf(@*(s,a) — U*(S)),o}

(0

sqQL 7 (als)=u(als)- max{l + Qz;av, O} ~ p(als) - exp <Q2;QV> (Taylor expansion of first order)

EQL 7*(a|s)=pu(als)- exp (#)

energy policy in online RL 7 (a|s) =exp (Q ; V)

Offline policy Totine (@|8) X 11 (@] 8) Toniine (@ ]9)

Offline critic cannot be used for online updates directly!
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Toffline 1S N€eded, so we should remodel a critic which matches with 7, ¢ ;5. In online RL

policy evaluation of online RL

off policy evaluation(OPE) of online RL

access to offline dataset

- Absent Data Assumption 1. Assume 7w(als) > 0= p(als) >0
w(a|s)=0=m(a|ls)=0

A

Extrapolation Error Model Bias add a few online trajectories

04

Q0w ) o)

= Training Mismatch  Tomine (a|s) = p(a|s) - max {gf

T‘-offline (a’ | S)
n(als)

IS weight = without estimate u
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safe offline-to-online

1. obtain 7, e Vvia offline RL method

2. remodel Q and V by offline dataset or adding some online trajectories

3. online safe exploration
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