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I Background

* Reinfocement learning

(a) online reinforcement learning  (b) off-palicy reinforcement learning (c) offline reinforcement leaming
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, Background

* Limitation
 offline algorithms often face significant challenges when learning
from off-policy data

instability

o ( ood )
Overestimation
e Offline Reinfocement learning
H constraint
J(7) = Ernp,(+) [Z ‘Tr“t?"(E-nat)] max J(mg) — a5 0)~p [C(5,0a)],
t=0 e '

!

often require that the majority of training data be nearly on-policy to achieve high learning performance
(suboptimal)



Background

* Motivation
* Overcoming the biases and instability
* Reducing the reliance on nearly on-policy data
e Establishing a unified theoretical framework

!

 Utilizing Convex Programs for Policy Optimization(DICE (Distribution Correction Estimation) )
 Formulating RL as a Convex Program
* Conversion Using Lagrangian Duality




Priliminary
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Priliminary
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minimize f(x)
gsubject to gi{2) <0, i=1,..., m
hi(@) =0, j=1,..,p

maximize d(A,v)
subjectioc A 20, i=1,...,m
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, Priliminary
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Priliminary

REINFORCEMENT LEARNING VIA LAGRANGIAN DUALITY
(D

Consider the regularized policy learning problem
sa)[r(s,a)] — aDs(d" (s,a) || d¥(s,a)),

I

of 7 to stay close to some distribution d°, and « is a temperature parameter that balances the expected

max J(m) = Egr(
™
i
where D¢ (d™(s,a) || d9(s,a)) is a conservatism regularizer that encourages the visitation distribution

return and the conservatism‘.
l rewritten as a convex problem

= max [111&1}{ Eais.a)lr(s,a)] — aDy¢(d(s, a) || d°(s,a))
(2)

—

primal-Q max.J(m) :
s.td(s,a) = (1 —7)do(s).m(als) + 7>, o d(s,a)p(s|s’,a')nw(als), Vse S,ac€ A].
dual-Q max,; ming(1l — 7)Eswdy,a~n(s) [R5, a)] + aEg aygo [ f* ([T Q(s,a) — Q(s,a)] /a)], (3)

where f* is the convex conjugate of f.



Priliminary

Directly use dual-Q causes overconstraint

primal-V max Ey o)[r(s,a)] — aDs(d(s,a) || d°(s,a))
d=0 (4)
St D aea d(s,a) = (1 —y)do(s) + 72y anesxa A8, a)p(s|s',a’), Vs € S.

r—

dual-V 11%;11 (1 —9)Es~do[V(s)] + aE(4 gy~ g0 [fj} ([TV(s,a) —V(s))] /a)]. (5)
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, Priliminary

* A UNIFIED PERSPECTIVE ON RL AND IL THROUGH DUALITY

Imitation Learning

dual-Q max; ming(l — ¥)Eq,(¢) .x(als)[Q(S; a)] + By o ae[f* ([T5 Q(s,a) — Q(s,a)] /a)]. (6)

Reinforcment Learning _ _
dual-Q maXy(qs) Hliu@{s.a} (L "‘."'_]Epofs}.?rfa s) l Q("‘ a) ] w Es,aw-ds “ﬁk (ﬂi‘rmn (S, ‘-1-,) = (m)':“’ a) J-l (?)




Methodology: RECOIL

* RElaxed Coverage for Off-policy Imitation Learning (ReCOIL),

mixture distributions d>. := Bd(s,a) + (l - 3)(35( )ﬂnd dmlx := Bd¥(s,a) + (1 — B)d°(s, a),
- E.5
primal-Q max Df( fmu-;(“ a) || dmlx (s,a))
d(s.a)
s.tVseS,ae A, d(s,a) = (1 —7)do(s)m(als) + 72 s aresxa d(s',a' )p(s|s',a')m(als). (8)

Theorem 1. (ReCOIL objective) The dual—Q problem to the mixture distribution matching objective
in Eq. 8 is given by:
max,; ming 5(1 — 7)Eq, »|Q(s,a)| + Esfa_\df:{.ﬂlfﬁ: (ToQ(s,a) — Q(s,a))| — (1 — B)E; gas|Tg Q(s,a) — Q(s,a)] (9)



Methodology: RECOIL

Algorithm 1: ReCOIL (offline, \?)

I

P2

[nitialize (), Vp, and 7, mixing
ratio /3, conservatism 7,

temperature o
DS = (s,a,§

dataset
Df = (8.,

) be suboptimal

s') be expert dataset.

for t = 1..T iterations do

Train ()4, using min, £(0):

Train Vy using ming J (6)

Update 7y, via maxy, M(1) )

M(u’a) = ma}.XIE (s [exp Q@. § a)

end for

u )

J(H) - Es.awdEﬁ‘S(s.a} [exp((Q‘f’(H G.) o Vé C;))f'r)

L(0) = BEas n(as)[Qo(5,a)] — Byr(s.a)[Qs(s. a)]) +0.25 E, o aE5sa[(7Ve(s) — Qq4(s,a))?]. (11)

+ (Qg(s,a) — Va(s))/T)]. (12)
o loglrglals)l. (03



Consider a rewriting of dua1-V with the temperature parameter A and a chosen surrogate function
f;; that extends the domain of f;‘ to R. We discuss the need for a surrogate function below.

11%}11(1 — NE o[V (s)] + A5 g)nq0 [f;‘ (Q(a 1) - I/(sm (14)

where O)(s, a) denoteb stop-gradient(r(s,a) + 7)., p(s|s,a)V(s')). Let z be a random
variable of distribution ). Eq (14) can be consi idered as 2 special | mqtance ot the following problem:

min(1 - AJv + z\ET,\.D[f;;'*‘ (1 - 1.')]‘ (15)

Methodology: f-DVL

Algorithm 2: f-DVL (Under Stochastic
Dynamics)

i Initialize (), Vo, 7, lemperature o,
weight A

y Let D = (s.a.7,5) be offline dataset

v fort = 1. iterations do
¢ Train (), by minimizing:

ES.L‘I.ISI'\-I)|:(,Q¢{S~G‘J = (T‘(I.S‘.ﬂ\] i T’VS(SJ]J]B}

s Train Vg by minimizing Eq 14
with surrogate [

6 Update 7, by maximizing:
Es,axD[f'a{Qw’a]_VMS” l(lg' ?Tu'](ﬁ‘{l)}
7. end for

-



Experiments

Suboptimal Dataset | Env RCE ORIL | SMODICE | BC (only expert data) | BC (full dataset) | IQ-Learn (offline) |
i hopper 51.41438.63 | 73.93:11.06 | 101.6117.69 452 5.6414.83 2.19
E o halfcheetah | 64.19+11.06 | 60.49+3.53 | 80.16+7.30 2.2+0.01 2.25+0.00 7.99
expert walker2d | 20.90:26.80 | 2.86:3.39 | 105.86 3.47 0.86 0.91:0.5 0.09
ant 105.384 1415 | 73.67+12.69 | 126781 5.12 5.17+4 30.66 1 1.35 20.05
4 hopper 25.31+18.97 | 42.04+13.76 | 60.11+18.28 4844 3.0:0.54 1.23
P halfcheetah | 2.99+1.07 2.84+552 2.28+0.62 093+ 2.24+-0.01 1.94
few-ex pert walker2d | 404912652 | 3.22:320 | 107.18 1.87 0.98 0.7410.20 0.27
ant 67.62+15.81 | 25.41 + 858 | -6.10+7.85 0.91+ 35.3842.66 32.9943.12
rediums hopper 587113406 | 61.68+7.61 | 49.7413.62 16.09 59.25+3.71 2400
halfcheetah | 65.14113.82 | 54661088 | 50.50:0.82 -1.79+ 42454 042 20.82
expert walker2d | 96.24:14.04 | 8194770 | 2.62:0.93 2434 72.76+3.82 30.14
ant 86.14 1 38.59 | 10274 +6.63 | 104.95+6.43 0.86 05.47 + 10.37 41.15
— hopper 661513516 | 17.40+15.15 | 47.61+7.08 7.37+4 46.87+5.31 20.59
halfcheetah | 61.14 1 18.31 | 43241075 | 46.45:3.12 1154 42211 0.06 2024
few-expert walker2d | 83.28 3490 | 6811676 | 6.0016.69 2.024 70.42+2.86 73.301 2.85
ant 67.95 3678 | 81.53:8.618 | 81.53:8.618 -10.45 81.6316.67 50.56
pen 19.60+11.40 | -3.10:040 | -3.36+0.71 13.95+ 34944 11.10 8.75
WAL ¥ door 0.08+0.15 | -0.33:001 | 025: 054 0224 0.011+0.00 0.02
et o hammer 1.9513.80 025+ 0.01 | 0.15+ 0.078 241 5451+ 7.84 0.02
relocate 025+0.04 | -0.29:0.01 1.75+3.85 0.17+ 0.24+ 0.01 0.140.12
pen 17.81+591 | -3.384229 | -2.204+2.40 13.83+ 90.76+ 25.09 28.82
— door 005:005 | -0.33:001 | 0201 0.1 003 1037141.22 5617.29
£ hammer 5.00 1 5.64 1.8940.70 | -0.07:039 0.18 122.61 1 4.85 5.3211.38
relocate 0.0210.10 0291001 | 0.16+0.04 0.13+ 81.19+7.73 0041022
partial+expert kitchen | 6.87540.24 | 0.00:0.00 | 39.16+ 1.17 | 25 45.5+1.87 0.0:0.0
mixed+expert kitchen 1.66:235 | 0.00:000 | 425:204 | 2.2 4214112 0.0 0.0

Table 2: The normalized return obtained by different offline IL. methods trained on the D4RL suboptimal datasets
with 1 expert trajectory. Methods with avg. perf within the std-dev of the top performing method is highlighted.
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Experiments
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Figure 10: Learning curves for ReCOIL showing that it outperforms baselines in the setting of learning to imitate
from diverse offline data. The results are averaged over 7 seeds
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Dataset BC 10%BC DT TD3+BC CQL IQL XQL(r)| f-DVL (x?%) f-DVL(TV)
halfcheetah-medium-v2 42.6 425 426 48.3 440 474 47.4 47.7 475
hopper-medium-v2 52.9 569 67.6 593 585 663 68.5 63.0 64.1
walker2d-medium-v2 75.3 75.0 740 837 725 783 §1.4 80.0 81.5
halfcheetah-medium-replay-v2 || 36.6 40.6 36.6 44.6 455 442 441 429 44.7
hopper-medium-replay-v2 18.1 759 827 609 950 947 95.1 90.7 98.0
walker2d-medium-replay-v2 26.0 62.5 66.6 81.8 772 739 58.0 52.1 68.7
halfcheetah-medium-expert-v2 || 55.2 929 86.8 90.7 916 B86.7 90.8 89.3 91.2
hopper-medium-expert-v2 52.5 110.9 107.6 08.0 1054 915 04.0 105.8 93.3
walker2d-medium-expert-v2 107.5 109.0 108.1 110.1 1088 109.6 110.1 110.1 109.6
antmaze-umaze-v( 54.6 62.8 590.2 78.6 740 875 47.7 83.7 87.7
antmaze-umaze-diverse-v0 45.6 502 53.0 714 B840 622 51.7 504 484
antmaze-medium-play-v0 0.0 54 0.0 106 612 71.2 312 56.7 71.0
antmaze-medium-diverse-v( 0.0 08 0.0 3.0 537 70.0 0.0 48.2 60.2
antmaze-large-play-v0 0.0 0.0 0.0 0.2 158 396 10.7 36.0 41.7
antmaze-large-diverse-v0 0.0 6.0 0.0 00 149 475 31.28 44.5 39.3
kitchen-complete-v( 65.0 - - - 438 625 56.7 67.5 61.3
kitchen-partial-v0 38.0 - - - 498 463 48.6 58.8 70.0
kitchen-mixed-vO 51.5 - - - 311y 510 404 53.75 3235

Table 3: The normalized return of offline RL methods on D4RL tasks. XQL(r) denotes the results obtained
under the standard evaluation protocol. Results aggregated over 7 seeds. Highlighted results are within one
performance point of the best-performing algorithm.



