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o (Offline) RL in real life

Offline RL papers
1390

631

181
1

2020 2021 2022

Offline Reinforcement Learning

e
=

Environment

Y

Key ingredient: simulator offine Agent
* Unlimited data X

 Decision w/o real consequences X Why are we not seeing (offline) RL

?
* Can easily evaluate new strategy X ﬁployed everywhere already._
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o (Offline) RL in real life

Beliman rank. * Role of theory in modern RL

Eluder dimension,
Concentrability, ...

Vv HSAT regret,
SAH?/e* sample
complexity, ... Empirical: Atari, Mujoco,

OpenAl Gym, target
network, architecture, ...

DIMITRI P BERTSEKAS
JOHN N. TSITSIKLIS

Markov Decision Processes

Discrete Stochastic

Dynamic Programming

* finite-sample analysis of ADP & MCTS 00~10
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Find 6 s.t. fo = Q"
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Training: / = f» where
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(FQI: learn Q%) fr < argming, Ep[(fo(s,a) — r — ymax, fr_1(s',a’))

2
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Exponential-in-horizon variance!
Variance reduction? Data Candidate

Data —>i> —_— >
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Doubly robust [JL’16]

* Even perfect control variate cannot

eliminate exponential variance!

Precup. 2000. Eligibility traces for oft-policy policy evaluation.
Nan Jiang, Lihong Li. ICML-16. Doubly Robust Off-policy Value Evaluation for Reinforcement Learning.
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Simple(?) Problem

* Run different training algorithms

* (Get candidate value functions fi, fo, ...
 Holdout data {(s, a, 7, s")}

* Select a good approx of Q* w/ a “small” holdout dataset?
* “small” = no |S| or exponential-in-horizon

* & no further function approximation!

* Simpler: identify Q* out of f1, f>

P
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The training perspective
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e Baird'95: design L s.t. Q* = argminsecr L(f)
 RL doesn't work like that!

13

Training: / = f» where ~ T fru-1
(FQI: learn Q%) frx + argming, Ep [(fo(s,a) —r — ymax, fr_1(s',a’))?]
0
0 , e episode_reward/test

-600

Divergence under 1-d linear
[TVR*96]
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The training perspective

9
e Baird'95: design L s.t. Q* = argminsecr L(f)
e RL doesn't work like that!

Training: / = f» where ~ T fru-1
(FQI: learn Q%)
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Divergence under 1-d linear Tfe FYfeF
[TVR96]
/ Function
space F
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?
e Baird'95: design L s.t. Q* = argminsecr L(f)
e RL doesn't work like that!

Training: / = f» where ~ T fru-1

(FQltlearn Q7 fy «— argming, Ep [(fo(s, a) — 7 — ymax, fr—1(s',a’))?]
Q
R
"'1 - “Bellman-completeness”
realizability (of Q%) TfeFVfeF

) / Function
\ space F

Functlon Bellman
14 in F — > operator T
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The training perspective

e Baird’'95: design L s.t. Q* ? arg minyser L(f)

« f=Q & f=Tf,sohow about
L=Ep[(f—Tf)?

= Ep[(f(s,0) — E[r + ymax f(s',a') s, al)?]

Ep[(f(s.a) = (r+ymaxf(s',a')) )’

* Naive “1-sample” estimator is biased

* debasing requires simulator (“double sampling” [Baird’95])
e or, helper class F' > T f [ASM’08, FS*10]

-\

A

* over-estimate by a Bayes-error-like term; Eap [V sq[r +ymaxq f(s',a’)]]
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To select b/t fi, 1>
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Training: / = fx where

(FQI: learn Q*) fk — arg minf@EJ: ED [(f9(87 a) — T — YmaXg/ fk—l(S/, a/))Q:

/ / Convergence under piecewise .

reallzablllty (of Q%) constant F ! [Gordon’95]

|terat|ve

same A

To select b/t f1, f», suffices to have class G s.t.
* plecewise constant

Our method: create such a

* can express QF
magical G “out of nothing”!

e small # partitions (bounded complexity)
Then: minimize ||f — Projg (T f)ll2.p

Gordan. 1995. Stable Function Approximation in Dynamic Programming.
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Does a magical G always exist?

To select b/t f1, f», suffices to have class G s.t.
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e can express QF

 small # partitions (bounded complexity)
Then: minimize || f — Projg (T f)ll2,p
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Does a magical G always exist?

* YES! Just partition SxA according to output of O~
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To select b/t f1, f», suffices to have class G s.t.

e piecewise constant v
e can express Q* v

 small # partitions (bounded complexity)
Then: minimize || f — Projg (T f)ll2,p
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* YES! Just partition SxA according to output of O~
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Batch Value-Function Tournament [xJ, icML-21]
value
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>
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* (Simplified) problem: identify Q* out of F={f1, f> }

Xie & Jiang. ICML-21. Batch Value-function Approximation with Only Realizability.
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general settings [JKALS’17]

 NP-hardness under strong
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Freund and Schapire.1999. Adaptive game playing using multiplicative weights.
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Online RL

* Statistical guarantee in very
general settings [JKALS’17]

 NP-hardness under strong

DJKALS’18]

Statistical generality
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Offline RL

arg max min revs~ f(So, 7)
mell

Jrk < argmin evsnx f(s0, k)
<7Tk+1 < NoRegret (g, fk))

e QOracle-efficient! v

X

e Oracle itself is efficient in the
inear setting (pessimistic LSTD)

Computational tractability?
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Freund and Schapire.1999. Adaptive game playing using multiplicative weights.
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* Amplitied by the difficulty of h-p tuning

Imitation Learning

WHEN SHOULD WE PREFER OFFLINE REINFORCE-
MENT LEARNING OVER BEHAVIORAL CLONING?

Aviral Kumar*!2, Joey Hong*!, Anikait Singh', Sergey Levine' 2

28
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Robustness of offline RL

Example: network control
e Status quo: time-tested heuristics
* RL: training instability

* Amplitied by the difficulty of h-p tuning

Imitation Learning

* Reliably learn the data policy
* Performance ceiling

Best Of both

28

WOr/QIS >

Offline RL

e Can be worse than data policy
.« | Potential for optimality
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ATAC: Relative Pessimism [cxJa22]

arg max tight lower bound of J(7)
TEC

Cheng et al. ICML-22. Adversarially Trained Actor Critic for Offline Reinforcement Learning.
Swamy et al. ICML-21. Of Moments and Matching: A Game-Theoretic Framework for Closing the Imitation Gap.
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ATAC: Relative Pessimism [cxJa22]
data
policy

arg max tight lower bound of J(w)—J(7p)
TE

Cheng et al. ICML-22. Adversarially Trained Actor Critic for Offline Reinforcement Learning.
Swamy et al. ICML-21. Of Moments and Matching: A Game-Theoretic Framework for Closing the Imitation Gap.
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ATAC: Relative Pessimism [cxJa22]

d
po?itc?y
arg max tight lower bound of J(7) —J(7p)
mell y

“Performance-diff Lemma” [Langford & Kakade’02]
J(m) = J(mp) X Es,0)~p]Q" (5,7) = Q" (5,0)]

“

AN AN

arg E{leaﬁ(E(S,a)ND[QW(Sa m) — Q" (s,a)]

where @W € arg ?Iéi]I}E(S,a)ND[f(S,W) — f(s,a)] + N Ep[(f = T™f)*]

Cheng et al. ICML-22. Adversarially Trained Actor Critic for Offline Reinforcement Learning.
Swamy et al. ICML-21. Of Moments and Matching: A Game-Theoretic Framework for Closing the Imitation Gap.
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mell yd

“Performance-diff Lemma” [Langford & Kakade’02]
J(m) = J(mp) X Es,0)~p]Q" (5,7) = Q" (5,0)]

7

arg E{leaﬁ(E(S,a)ND[QW(Sa T) — Q\W(Sa a)]

where @W c arg ]}Iélg Es.a)onlf(s,m) — f(s,a)] - A Ep|(f — Tﬁf)2]

« A\ small (= 0): (adversarial) Imitation Learning!

* strong discriminator (7t must imitate mp)
e |L requires weaker assumptions (7p € Il + Q™ € F,Vx € 1I)

Cheng et al. ICML-22. Adversarially Trained Actor Critic for Offline Reinforcement Learning.
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ATAC: Relative Pessimism [cxJa22]

arg max tight lower bound of J(7) —J(7p)
mell yd

“Performance-diff Lemma” [Langford & Kakade’02]
J(m) = J(mp) X Es,0)~p]Q" (5,7) = Q" (5,0)]

L

arg E{leaﬁ(E(S,a)ND[QW(Sa T) — @W(Sa a)]

where @W € arg mig Es.oonlf(s,m) = f(s.a)l - AN Ep[(f — T™ )]
Je Bellman-error
A small (~ 0): (adversarial) Imitation Learning!  regularization

* strong discriminator (7t must imitate mp)
e |L requires weaker assumptions (7p € Il + Q™ € F,Vx € 1I)

« Well-specified A: offline RL
* weakens discriminator, allowing 7 to further improve

Cheng et al. ICML-22. Adversarially Trained Actor Critic for Offline Reinforcement Learning.

29 Swamy et al. ICML-21. Of Moments and Matching: A Game-Theoretic Framework for Closing the Imitation Gap.



Empirical evaluation

Behavior CQL COMBO TD3BC IQL BC

halfcheetah-rand -0.1 35.4 38.8 10.2 - 2.1

_ walker2d-rand 0.0 7.0 7.0 1.4 - 1.6

— Relative Pess. (ATAC) hopper-rand 1.2 10.8 17.9 11.0 - 9.8

— Absoluate Pess. halfcheetah-med 40.6 44 .4 54.2 42.8 474  36.1

— Data Policy walker2d-med 62.0 74.5 75.5 79.7 78.3 6.6
hopper-med 44.2 86.6 94.9 99.5 66.3 29.0

halfcheetah-med-replay 27.1 46.2 55.1 43.3 442 38.4

walker2d-med-replay 14.8 32.6 56.0 25.2 73.9 11.3

100 hopper-med-replay 14.9 48.6 73.1 314 947 118
halfcheetah-med-exp 64.3 62.4 90.0 97.9 86.7 35.8

c 75 /\ walker2d-med-exp 82.6 987  96.1 101.1 1096 6.4
S — hopper-med-exp 64.7 111.0 111.1 112.2 915 1119
@ 50 § pen-human 207.8 37.5 - - 715 344
e hammer-human 254 4.4 - - 1.4 1.5
25| door-human 28.6 9.9 - - 4.3 0.5
relocate-human 86.1 0.2 - - 0.1 0.0

pen-cloned 107.7 39.2 - - 37.3 56.9

0 10-1 101 hammer-cloned 8.1 2.1 - - 2.1 0.8
door-cloned 12.1 0.4 - - 1.6 -0.1

A relocate-cloned 28.7 -0.1 - - -0.2 -0.1

. pen-exp 105.7 107.0 - - . 85.1
(d) hopper-medium-expert hammer-exp 96.3 86.7 - - - 1256
door-exp 100.5 101.5 - - - 34.9
relocate-exp 101.6 95.0 - - - 101.3

New perspective that bridges IL and offline RL
 IL (A= 0): strong discriminator (7t must imitate mp)

* RL weakens discriminator, allowing 7t to further improve

30 Cheng et al. ICML-22. Adversarially Trained Actor Critic for Offline Reinforcement Learning.



Bellman-consistent
(version space)

Point-wise

Online RL

arg max max revs~ f(So, 7)
mell

* Statistical guarantee in very
general settings [JKALS’17]

 NP-hardness under strong
oracles [DJKALS’18]

X

Offline RL

arg max min reyg~ f (o, )
mell

fr < argmingevs~ f(s0, k)
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e QOracle-efficient! v

e Oracle itself is efficient in the
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Online RL
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mell

* Statistical guarantee in very
lgeneral|settings [JKALS’17]

A

Structural assumptions

Low Bellman rank [JKALS’17]



Online RL

arg max max revs~ f(sg, 7)

mell

* Statistical guarantee in very
general settings [JKALS’17]

32

Online RL

Linear-
mixture MDP

[MJTS’19]

Coverability
[XFBJK’23]

Low Bellman
Eluder Dim
[JLM’21]

Low Witness rank [SJIKALS’19] Factored MDP

Low Bellman rank [JKALS’17] LQR

Low-rank MDP [AKKS’20, MCKJA’20]

Linear MDP [JYW]°20]

Block MDP

+ Adapted from FOCS’20 Tutorial by Agarwal, Krishnamurthy, and Langford
- Also related: bilinear classes [DKLLMSW’21], DEC [FKQR’21]
+ Bellman-eluder [JLM’21] generalizes deterministic version of [RvR’13]
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density estimation [HCJ’23]

Generative learning?

Online RL

Linear-
mixture MDP

[MJTS’19]

Low Witness rank [SJIKALS’19] Factored MDP

- Low Bellman rank [JKALS’17] LQR
Coverability

[XFBJK°23] 1" | ow-rank MDP [AKKS’20, MCKJA’20]

Low Bellman
Eluder Dim
[JLM’21]

Linear MDP [JYW]°20]

Block MDP

T lar
abula [DKJADL’19]

+ Adapted from FOCS’20 Tutorial by Agarwal, Krishnamurthy, and Langford
- Also related: bilinear classes [DKLLMSW’21], DEC [FKQR’21]
+ Bellman-eluder [JLM’21] generalizes deterministic version of [RvR’13]



33

* All consider modeling value functions Discriminative learning

* [earning occupancies with

. . . Generative learning?
density estimation [HCJ’23]

Density
A dwl
I‘\\
Iy
Iy
L a
' | 2 ,—s\
' T3 / \
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Coverability [ SZ =SS D
) L7 \_.7 S h B
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e Online vs. Offline: Unification
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* All consider modeling value functions Discriminative learning

* [earning occupancies with

. . . Generative learning?
density estimation [HCJ’23]

Density
A g
I-‘\
Iy
I
o a

' | /—\\

‘ T3 / \

l, ‘| d__ ! \

Coverability ! ik _;,.;\_ e — q D
(s, a)

* Online vs. Offline: Unification
* Not all MDPs admit such D
* Those who do can be explored efticiently
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Longterm directions

* RL (theory) so far: mostly single-agent & Markovian
* Significant challenges in real-world systems

* Multi-agent (possibly w/ strategic interactions) [ZBJ’23]
 Partial observability = [KJS’152’15b, JKS’16°18] [UKBCJKSS’23, ZJ24]

/N

EDGE

Institute
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