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Offline RL

« RL w/o online interaction.

(on-policy)
(a) online reinforcement learning  (b) off-policy reinforcement learning (c) offline reinforcement learning
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Online RL.
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Offline RL

e How?

e_g_) LTD(H) - ]E(s,a,s’)ND[(r(S7 CL) + ’yrrza;x Qé(3,7 CL,) o Q9(37 a’))2]

c Q(s,a) «r(s,a)+y- E(5,0,5")~D, @' ~1tnew (-1s") [ (s', a’)]/
Tnew(als) = arg méiX IE':a~7r(a|$) [Q(s,a)] :
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Offline RL

« How? (Prior works)
« Directly constraint the policies, (Kumar et al. ‘19; Wu et al. 19; Levin et al. 20...)
« Regularization on Q, ... (Kumar et al. ‘20; Kostrikov et al. ‘21; Fakoor et al. ‘21...)

e.g.) LTD(H) - E(s,a,s’)wD[(r(S7 a’) + ’YIIiLaI,X Qé(slv CL,) - Q9 (37 CI,))2]

Q(s,a) «r(s,a)+vy- E(s,a,s")~D, a'~1t 0 (15 [Q (S a’)]/
Thew(@ls) = arg max Eg-rm(als)[Q(s,a)] s.t. DKL(anﬁ) < e>

e A couple of conflicting aims:
1. Improve over the behavior policy g
2. Not too far from behavior policy 75 (&2 distribution shift)

« Anyway, Requires unseen actions. - Or does it?
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Overview: Implicit Q-Learning (IQL)

« No need to evaluate unseen actions.
e Still improves over the best behavior.

e Aims to (but not directly) learn
L(O) — ]E(s,a,s’)N'D[(r(Sa a’) T max Qé(sla CL,) - Qe(sa CL))2].

a
s.tymg(a’|s’)>0

'max’ is taken over the
Support of data distribution.

e Main ingredients:
« SARSA
e Expectile Regression
o “Lucky sample” problem
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SARSA : a starting point

e Unlike simple TD loss, the SARSA-like objective
L(8) = E(s,4,5 ,a)~Dl(1(8,0) + 7Qé(3’, a') — Qo(s, a))z].
does not require out-of-sample actions.

« "It uses mean squared error (MSE) that fits Q4 (s, a) to predict the
mean statistics of the TD targets.”

e Problem: poor performance on more complex tasks
e e g, multi-step dynamic programming.




Expectile Regression (1)

e Given a random variable X.
- tth expectile (r € (0,1)) of X: the solution m, of

argmin B, x [L5(x — m,)], where L] (u) = |7 — 1(u < 0)|u?.

T T (u=0),
1—7 (u<0).

e 7 : How much we weight the cost for x > m,? Lo T
e 7 = 0.5 : vanilla least square. \ EZSE(MSE)/
| -—P_:Zg§9

 Larger T =™ Larger m..

« Llemma ] lim m, = (supremum of bdd r.v. X).
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Expectile Regression (2)

 Expectile regression: to obtain expectile of Y|X = x.

arg I(nin L(z,y)~D [L;(y - m,r(:c))]

L5

« 7 = 0.5 : conditional mean statistics
e T =~ 1 :approximates maximum operator 1.0
over in-support values of y. N o5l ¥

0.0{ 8-
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Learning Value Functions with expectile regression

e First trial: L(O) — E(s,a,s’,a’)ND[Lg(’r(Sa a) + 7@@(3,7 a,) - Q9(87 a))]

SARSA Expectile Regression

‘& SARSA + Expectile regression
» No need for out-of-sample actions

> Approximate max(r + yQp) over data distribution.

" Problem? : “Lucky samples’
> L(0) incorporates stochasticity from transitions p(s’|s, a)
> Large r + yQg may caused by a lucky transition into a good state.



Solution: Separate Value functions

1. V:approximates expectile only w.r.t. action distrib.

Ly (¢) = E(s,a) ~p[L3(Qg(s,a) — Vi(s))]-
» Still approximates max Qg (in-support; if 7 is large)
« ~ Implicit policy/value improvement

2. Q:update with MSE loss & IV

LQ(O) — ]E(S,a,S’) ND[(T(37 a) + YV (3,) — Q9(37 a))2]°
e Average out the stochasticity due to transitions
e ~ Policy/value evaluation



Full Algorithm : Two-Stage (IQL > AWR)

Algorithm 1 Implicit Q-learning 1. TD Learning with Implicit Q-Learning

Initialize parameters 1, 6, é, Q. 1)  Update V (expectile approximation/improvement)
TD learning (IQL): 2) Update Q (state-action value evaluation)
for each gradient step do 3) Update target net § (Polyak averaging)

Y Y — AvVyLy (4)
0« 6 — )\QVQLQ(H)

0+ (1—a)d+ab 2. Policy extraction by AWR
end for « Advantage-Weighted Regression
Policy extraction (AWR): (Peters & Schaal, 2007; Peng et al., 2019)
for each gradient step do « Also doesn’t need external actions.
— &b —IN.V.L * “learns a policy that maximizes the Q-values subject to a
endqi'or ¢ mYe W(qﬁ) distribution constraint.”

Lr(¢) = E(s,a) ~plexp(B(Qy(s, a) — Vy(s))) log my(als)],
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Theoretical results

Suppose QL converged to Vy = V.

Let Q* be optimial state-action value under behavior policy constraint.

« Lemma 2. 7y <1, =V, (s) <V (s) (Vs)

m V7(s) = max Q(s,a).
s.t. mg(a|s)>0

« Theorem 3.

However, there is a trade-off:

1) Approximation : If T < 1 is large, we approximate max Q* better.

2) Optimization : If T < 1 is large, difficult to optimize.
 Thus, tis regarded as a hyperparameter.
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Experiments (1) One-step DP v.s. IQL

Similar!

ePP!

O
(a) toy maze MDP (b) true optimal V* (c) One-step Policy Eval. (d) IQL

Only SARSA-like objective: (t = 0.95)

The values decay faster.

(Brandfonbrener et al., 2021,
Wang et al., 2018;
Gulcehre et al.,, 2021)
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Experiments (2) 1QL v.s. other offline methods

Table 1: Averaged normalized scores on MuJoCo locomotion and Ant Maze tasks. Our method outper-
forms prior methods on the challenging Ant Maze tasks, which require dynamic programming, and is
competitive with the best prior methods on the locomotion tasks.

Dataset BC 10%BC BCQ DT ABM AWAC Onestep RL TD3+BC CQL IQL (Ours)
halfcheetah-m-v2 42.6 42.5 47.0 42.6+0.1 53.6 435 48.4+0.1 48.31+0.3 44.0+5.4 47.4+£0.2
hopper-m-v2 52.9 56.9 56.7 67.6+1.0 0.7 57.0 59.6+2.5 59.3+4.2 58.5+2.1 66.2+5.7
walker2d-m-v2 753 75.0 72.6 74.0+1.4 0.5 72.4 81.81+2.2 83.7+2.1 72.540.8 7834 8.7
halfcheetah-m-r-v2 36.6 40.6 40.4 36.6+0.8 50.5 40.5 38.1+1.3 44.6+0.5 45.54+0.5 44.2+1.2
hopper-m-r-v2 18.1 75.9 53.3 82.7+£7.0 49.6 372 97.5+0.7 60.9+18.8 95.0+6.4 94.7+8.6
walker2d-m-r-v2 26.0 62.5 52.1 66.6+3.0 53.8 27.0 49.54+12.0 81.8+5.5 77.24£5.5 73.8+7.1
halfcheetah-m-e-v2 55.2 92.9 89.1 86.8+1.3 18.5 42.8 93.4+1.6 90.7+4.3 91.6+2.8 86.71+5.3
hopper-m-e-v2 52,5 110.9 81.8 107.6+1.8 0.7 55.8 103.3+1.9 98.0+9.4 105.41-6.8 91.5+14.3
walker2d-m-e-v2 107.5 109.0 109.5 108.11+0.2 3.5 74.5 113.01-0.4 110.1+0.5 108.8+0.7 109.6+1.0
locomotion-v2 total 466.7 666.2 602.5 672.6+16.6 2314 450.7 684.6+22.7 677.41+44.5 698.5+31.0 692.4+52.1
antmaze-u-v0 54.6 62.8 89.8 59 59.9 56.7 64.3 78.6 74.0 87.5 + 2.6
antmaze-u-d-v0 45.6 50.2 83.0 53.0 48.7 49.3 60.7 71.4 84.0 622 +13.8
IOL outpe rforms antmaze-m-p-v0 0.0 54 150 0.0 0.0 0.0 0.3 10.6 612 7124173
antmaze-m-d-v0 0.0 9.8 0.0 0.0 0.5 0.7 0.0 3.0 584/ 70.0 £ 10.9
antmaze-1-p-v0 0.0 0.0 0.0 0.0 0. 0.0 0.0 0.2 15.8 39.6+5.8
on A n t M dz€ Ta S ks antmaze-1-d-v0 0.0 6.0 0.0 0.0 0.0 1.0 0.0 0.0 14.9 47.51+9.5
antmaze-v0 total 100.2 134.2 187.8 112.2 109.1 107.7 1258 163.8 303.6 378.01+49.9
total [ 566.9 800.4 790.3 784.8 340.5 558.4 809.9 841.2 1002.1 | 1070.4+102.0
kitchen-vO total 154.5 - - - - - - - 144.6 159.84+-22.6
adroit-v0 total 104.5 - - - - - - - 93.6 118.14+30.7
total+kitchen+adroit 825.9 - - - - - - - 1240.3 1348.3+155.3
runtime 10m 10m 960m 20m 20m* 20m 80m 20m— More or less
*: Note that it is challenging to compare one-step and multi-step methods directly. Also,[Brandfonbrener etal. é202 lf) reports results for a set of hyperparameters, such as batch Com pu tation-efficient

and network size, that is significantly different from other methods. We report results for the original hyperparameters and runtime for a comparable set of hyperparameters.

« Ant Maze Task:
« “contain very few or no near-optimal trajectories, making them very challenging for one-step methods. ”
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Experiments (3) 1QL + online fine-tuning

Hanseul Cho

Dataset AWAC CQL IQL (Ours)
antmaze-umaze-v0 56.7 — 59.0 70.1 — 994 88.0 — 96.3
antmaze-umaze-diverse-v0 49.3 —49.0 31.1 — 994 67.0 — 49.0
antmaze-medium-play-v0 00 —0.0 23.0 — 0.0 69.0 — 89.2
antmaze-medium-diverse-v0 0.7 —0.3 23.0 — 323 71.8 — 914
antmaze-large-play-v0 0.0 —0.0 10 —00 36.8 — 51.8
antmaze-large-diverse-v0 1.0 —0.0 10 —00 42.2 — 59.8
antmaze-v( total 107.7 — 108.3 151.5 — 231.1 374.8 — 437.5
pen-binary-v0 4.6 — 70.3 312 — 99 374 — 60.7
door-binary-v0 1.3 —30.1 02 —0.0 0.7 — 323
relocate-binary-v( 0.8 —2.7 01 —0.0 0.0 —31.0
hand-vO total 46.7 — 103.1 31.5 — 99 38.1 — 124.0
total 1544 — 2114 182.8 —241.0 | 412.9 — 561.5

Implicit Q-Learning (IQL)

« Offline pre-training € {AWAC, CQL, IQL} — Online fine-tuning (1M steps).
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Discussion

e Can we even more accelerate IQL by reducing the number of stages (e.g, two-
stage - one-stage), although 1QL is still fast?

 |s the time complexity of policy extraction (AWR) really faster than IQL stage?
e Can’t we use the idea of both IQL and policy extraction to devise a one-stage algorithm?

e Or any questions?



