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* Problem Setup



Reinforcement Learning

Learning agent

Action a }';’

Environment

Policy n]

Goal: Learn a policy T to maximize the cumulative rewards



Offline Reinforcement Learning

: ® _
Action a ;'7" Learning agent

Policy n]

* Learning from offline data only, no interaction access.
* No coverage assumption on offline data.



Offline RL: Notations and Basics

Infinite horizon MDPs with discount factor y
Bellman operator: T f (s, a) := R(s,a) + YEs o[ f (s', )]

Value function:

* Q7 < Fixed point of T™
* J(m) = En[XZo v 1] = Q7 (so,70)

Discounted state-action occupancy: d,(s,a) .= (1 —Y)E,[Xi2o ¥ 1(s; = s,a; = a)]

Offline setting: offline dataD ~ u ((s,a) ~ u,r ~ R,s’ ~ P), no interaction with
environment.

No coverage assumption on offline data.



Problem Setup

e What we have?

1. An offline dataset D ~ u (no interaction w/ env.)

2. Policy class Il and function class F

inf sup |If =T"fll5, < e,V €
f€F admissible v '

* Assumptions:

 Realizability: (approximately) Q™ € F,vrm € Il

* Completeness: (approximately) T"f e F,Vf € F,Vvm €Il

sup inf ||f' = T*fI%, < er 7 Vr €11
fejﬁ_ff,e? f f 2,14 F,F



Desired Guarantee in Offline RL

————————————————————————————————

* Whensingle-policy concentrability:is assumed for an arbitrary 7

______________ DCAmERTY

If = f'll3q
Cp = max = < |ldg/ullo
e If = f15, "

160 — (7)< Ymax |Calog(IFIITI/G) | JCi(er + e7.7)
1- VA n 1—vy




Desired Guarantee in Offline RL

 When single-policy concentrability is assumed for an arbitrary

J() = J(7) S Vmax  [ICglog(|F[I11]/8) N JCr(er + ex5)
1- VA n 1—vy

“uniform” concentrability (max C;;) [e.g., Xie and Jiang 19] — single-policy concentrability (C;;)
T

[Xie and Jiang 19] Q* Approximation Schemes for Batch Reinforcement Learning: A Theoretical Comparison UAI'20
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* Bellman-consistent Pessimism



Bellman-consistent Pessimism
-——-A General Theoretical Framework for Offline RL

e Goal of RL:

n* = argmax /() = argmax Q™ (s, )
mell mell



Bellman-consistent Pessimism
-——-A General Theoretical Framework for Offline RL

e Goal of RL:

7* = argmax /() = argmax Q”i(so,n)

L =

mtell el ‘\
[1

Accurate estimation NOT always available in offline setting

Offline data coverage



Bellman-consistent Pessimism

---A General Theoretical Framework for Of

e Goal of RL:

n* = argmax J(m) = argmaKL_in(so,n)

Tell mtell

Not “covered” by data

“Covered” by data

line RL




Bellman-consistent Pessimism
-——-A General Theoretical Framework for Offline RL

e Qur proposal for offline RL:

= argmax@ge§i(so, )

——————————————————————

Policy’s'best pessimistic evaluation'based on what we have

-

Given D and F, what is the worst possible performance of i?




Bellman-consistent Pessimism
-——-A General Theoretical Framework for Offline RL

e Qur proposal for offline RL:




Bellman-consistent Pessimism
-——-A General Theoretical Framework for Offline RL

* Information-theoretic algorithm for Bellman-consistent Pessimism:

N\

f = argmax min f(so, 1), T = {f € F:Ep[(f — T7/)2] < &}

mtell feg:TL'S """""""""" 7 ---------------------

All plausible Q-functions based that is consistent with offline data (including Q™)



Bellman-consistent Pessimism

---A General Theoretical Framework for Of

line RL

* Information-theoretic algorithm for Bellman-consistent Pessimism:

fi = argmax min f(SO,T[)i, ihiFn,g ={f € F:Ep[(f —T™f)?] < s}i

el J€Fne

_______ —

= Qf)tes All possible Q-functions based on our offline data (including Q™)

Qges = frenj-iggf(so'n) < J(m)



Bellman-consistent Pessimism

---A General Theoretical Framework for Of

line RL

* Information-theoretic algorithm for Bellman-consistent Pessimism:

# = argmax min f(s0,7),  Fue = {f € FEp[(f — T"))2] < )

nell f€Fne 7 ---------

~ Eqp [(f(g, a) —r — yf(s’,n))2] — minEq [(f’(s, a) —r— Vf(S',ﬂ))2]

freF

[Antos et al. 08] Learning near-optimal policies with Bellman-residual minimization based fitted policy iteration and a single sample path



D e r | Va t | O n Most optimistic estimation Most pessimistic estimation
of J(1r) in the version space of J(77) in the version space

_______ /

J(@) —](®) < fmax f (So:ﬂ):_ }rgjgggf (50, 70);

18



Derivation

*J(m) = J(7) = max f(so,m) — min f(so, )

fE€Fn ¢ f€F7 ¢

<! max f (s, ) — ! min f(sq, 7):
:fefn,gf(o ) :fETn’gf(o )

_______ o

*— Jmr,max\20» *— Jm,min\~0
= frmax (S0, ) = fremin (S0, 70)

fl. = argmax min f(sg, )
mell J€Fme

min f(sg,7) = min f(sy,
Jmin £(50,7) 2 min  (50,7)

&

19



Derivation

.](T[) _](ﬁ) < maXf(SOIT[) — min f(SO;ﬁ)

fE€Fn ¢ f€F7 ¢

< max f(sy, ™) — min f(sqy, T
fefmf( 0, 70) fefmf( 0, 70)

Standard telescoping argument

< ]Edn [fn,max_Tnfn,max]_Edn[fn,min_:rnfn,min]
—~ 1—y




Derivation

o J(mr) —J(@1) < frggggf (Sg, ) — frgggggf (S0, 70)

< max f(sy, ™) — min f(sqy, T
fe%f( 0, 70) fETn’gf( 0, 70)

lE_d :[fn,max_Tnfn,max]_i_Ed_n;[fn,min_Tnfn,min]

S -
/]ﬁ/:_
7 IB:@;Q\
Some on-support distribution

/ = max{dn(S, Cl) - V(S: Cl), O}

Controls off-support mass

2
-
Pay max =771,

< |lv/ul|2, in concentration
FrerIif=r'i3, Iv/ullz

21



Theoretical Guarantee

< llv/ull%
* Performance guarantee (simplified, er = ex ¢ = 0): I

: lr=£']
For any ™ € 11, any constant C, and any distribution v satisfies: max —<C
f T eF IfF=f g,

T2 T
2!

«_ Vinax [Clog(IFIIT1|/8)  {dr \V,Afy — TTAfy)
Jm) =@ s T - + T

Distribution shift between v
and data distribution u

on-support part (variance)




Theoretical Guarantee

* Performance guarantee (simplified, er = ex ¢ = 0):

For any m € II, any constant C, and any distribution v satisfies

||f—f'||§
max 2 < C
ffrer IIfF-r"13

= fn,max - fn,min

Clog(|F||M1]/6)

:dn \ V:':LAan_iTnAan)

Vimax
J(m) = (@) =

n

-y |
= Tnfn,max - Tﬂfn,min
= max{dy,(s,a) — v(s, ), 0}

off-support part (bias)




Theoretical Guarantee

* Performance guarantee (simplified, er = ex ¢ = 0):

For any m € II, any constant C,

lF-£115,

and any distribution v satisfies max

Clog(IFIT|/0) | {dn \ v, Afr = T"Afr)

Vimax
J(m) = (@) =

On-support off-support splitting < “bias-variance trade-off”

n 1—vy

<C
ffrerIf=f%, —



Comparison between Pessimism Frameworks

_____________________________________________

'Pomt -Wise pessimism:v.s. Bellman-consistent! pessimism

____________ s

Q(S, Cl) S QTL'(S’ a),‘v’s,a Q(So,ﬂ) S Vn(SO)

|

e.g., [Liu et al. 20], [Jin et al. 21]

[Liu et al 20] Provably Good Batch Reinforcement Learning Without Great Exploration NeurlPS’20
[Jin et al 21] Is pessimism provably efficient for offline RL? ICML'21



Comparison between Pessimism Frameworks

________________________

'Pomt -Wise pessimism:v.s. Bellman-consistent! pessimism

O(s,a) < Q™(s,a),Vs,a

Usually need strong assumptions

A

additional density estimator + stronger
expressivity assumptions [Liu et al. 20],
linear MDPs [Jin et al. 21]

________ e

Q(so, ™) < V™(so)

\

standard assumptions and general FA

[Liu et al. 20] Provably Good Batch Reinforcement Learning Without Great Exploration NeurlPS'20
[Jin et al. 21] Is pessimism provably efficient for offline RL? ICML'21



Results in Linear FA

MSPBE (quadratic form of 8) [Antos et al. 08]

* f(') N ¢(.,.)T9’ 0 € ]Rd _________ J __________

« £ = argmax min f(sg, ), Fre = {f € FuEp[(f — HT”f)Z]ES £
Ttell fETn',g ’ b o e !

deaxla‘ll)
Vo dlog ( S

1_)/\1 n

J(m) = J(7T) S

Eq, [\/ d(s,a)T2p P (s, a)

[Antos et al. 08] Learning near-optimal policies with Bellman-residual minimization based fitted policy iteration and a single sample path



Results in Linear FA

*fC) < ()"0, 6 € R
T = argmax min f(so, ), Fre = {f € F:Ep[(f —TITTf)*] < ¢

nenl f€Fne
Zp = Epl¢p(s,a)p(s,a)"]
v dlog(defg‘lﬂ|)."""""""""'7/" """ |
J(m) —J(@) S 1nla); " Eq_ [ \/ o (s, a)Ti_Z_ZE_lJiqb(s, a)
\ | |

Single-policy concentrability in linear FA



Results in Linear FA

*fC) < ()"0, 6 € R

e = argmax min f(sq, ), Fre ={f E F:Ep[(f —NITTf)?] < ¢
mell f€Fre '

Induced an additional log(|A|) term compared with [Jin et al. 21]
(resolved by [Zanette et al. 21])

Vmax e

1)/\1 n

J(m) = J(7T) S

d? = d over bonus-based pessimism [Jin et al. 21]

Uin et al. 21] Is Pessimism Provably Efficient for Offline RL? ICML 21
[Zanette et al. 2021] Provable Benefits of Actor-Critic Methods for Offline Reinforcement Learning. NeurlPS 21



Agenda

* Practical Algorithm
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Bottlenecks of Implementation

f = argmax: min f(so, @),  Fre={f € F:Ep[(f —T™f)?] < &}

| TTE :fej:n',e

Issue 1: how to optimize policy
over pessimistic PE?



Bottlenecks of Implementation

fi = argmax ' min f(sy, ), Fre = {f € F:Ep[(f —T™f)?] < }
el fej:ns

———————————————————————————————————————————————————————————————

Issue 2: how to find the most pessimistic evaluation over the version space?



1). Policy optimization---no-regret learning

* Mirror descent update

Output Unif(my.7)

1U22Sap JOMIN

o }
T Ty X 11eXp(MQpes) Ty X ﬂTeXP(UQggs)

policy class Il := {n o< exp(n Zie[t]fi), t<T,flUe IT-'}

33



2). Pessimistic PE---constraint=regularization

* Constrained optimization

fo < argminf (so,m),  Fre = {f € F:Ep[(f — T2 < )

f€Fm e
U

e Regularized optimization

fr < arjger?:inf(so»ﬂ) + AEp [(f — T f)?]



Theoretical Guarantee

* Performance guarantee (simplified, er = ex ¢ = 0):

Ir-£'1,
For any 1, any constant C, and any distribution v satisfies max 2V < C

f.flerlf=f'5, —

J(m) = (1) =

On-support error Optimization error Off-support error



Theoretical Guarantee

* Performance guarantee (simplified, er = ex ¢ = 0):

Ir-£'1,
For any 1, any constant C, and any distribution v satisfies max 2V < C

f.flerlf=f'5, —

Due to policy class complexity
(policy class Il := {n x exp(n Zie[t]fi), t<T fltle ,‘F} )
/.

v

03|

C - Vmax JITlOg(lfgl) Vmax |log|A| (dn \V ft Tﬂﬁ)
J(m) —J(7) = 1=y n +1_VV TZ

tE[T]

Due to regularized PE



Theoretical Guarantee

* Performance guarantee (simplified, er = ex ¢ = 0):

. - Ir-£'1,
For any m, any constant C, and any distribution v satisfies max —2Y < C
£.fer lf=-rliz,u

:= argminf (s, ;) + AEp[(f — T™tf)?]
feF

*|Tlo (—) -/ i

C-V 8 114 log| Al 1 d. \v,fi— Thf.

Jm) =J(@) = 1 _maX ' t 1nfx 87|1 | + T ) 1fi J2
14 \ n N v == )/




Full computational efficiency in linear FA

Epl(f = T7F)%] = Bp [(f(s,@) = 7 = vf(s',m))"] = minEp [(F'(5,0) = 7 = vf (s, m)]

fIEF



Full computational efficiency in linear FA

Epl(f ~T"f)?] = Ep |(f(s,@) =7 = ¥/ (s',m)"| = minkyp | (f (s, @) = 7 = yf(s',m))’|
U

(In “near FA) — IED [(f - El‘l:j"ﬂf)Z] — MSPBE [Proposition 2, Antos et al 08]

Projection operator

[Antos et al 08] Learning near-optimal policies with Bellman-residual minimization based fitted policy iteration and a single sample path



Full computational efficiency in linear FA

Ep[(f = T7f)?] ~ Ep |(f(s,a) =7 —vf(s',m))" | = minEyp |(F'(s,@) =7 —¥f (s, )]

freF
U

(In linear FA) = Ep [(f — IIT™f)?%] = MSPBE fproposition 2, Antos et al 08
U

f(so,m) + Allf = IT™f|135 — Quadratic form (f(-) « ¢(-)76)



Agenda

* Related Works and Summary
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Related Work

* Theoretical:
* General FA with strong assumptions (e.g., density estimation) [Liu et al 2020]
* Linear MDPs [Jin et al 2021], Linear FA w/ completeness [Zanette et al 2021]
* Model-based [Uehara et al 2021]

* Empirical:
* Model-free [Fujimoto et al 2019, Kumar et al 2020]
* Model-based [Kidambi et al 2020, Yu et al 2020]



Conclusions

* Bellman-consistent Pessimism

1. A general framework for offline reinforcement learning
* Applies to general function approximation
* Simple and provably efficient algorithm with standard assumptions

2. Implementation-friendly practical algorithm
* Fully computationally tractable in linear FA



Future Directions

« Computationally tractable algorithm with 0(1/n°%°>) rate
* Simply empirically practical algorithm

e Offline hyper-parameter tuning

Thank you!



Appendix



Proof Sketch of Practical Algorithm

+ J() = J (@) < 2 Beepr) (T = I (m)) + 7 Beepry (Jig () — Jiag(me) )

An augmented MDP s.t.:
i) M; has the same transition function as the true MDP

ii) fyisthe true Q™t in M;



Proof Sketch of Practical Algorithm
+J(0) = J (@) < 7 Sieir (V) = g, (0)) + 2 Beerry (Una, (1) = Jag, (7))

=~ Yeerr) (Q7(s0, ) — fth))

By performance difference Lemma > 4+ — Zte Ed [ft(S T[) ft(S T[t)]




Proof Sketch of Practical Algorithm

+ J(0) = J (@) < 2 Beepr) (T = T, () + 7 ety (Jaa, () = Jaa, ()

=~ Yoeir (Q7(s0,m) = fth))

Controlled by E; [(Q” — T,\ZQ”)ZI =Eq [(ft — Tt fi)?]

Controlled by standard online learning argument



