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Motivation

Offline Reinforcement Learning (RL): Learn an optimal policy

from a fixed dataset collected a priori:
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(b) Off-policy learning (OPL)

optimal policy?
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Environment
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(a) Online setting

Function approximation: We will never get enough data to

learn each state individually→ need to generalize from

collected states to unseen states

Existing results [Rashidinejad et al., (2021), Yin et al., (2022), Jin

et al., (2021)] obtain finite value suboptimality 1/
√

K , where K
is #of episodes in the offline data, and nearly match lower
minimax bounds
Advantages: hold for all instances, even in the worst case

Limitations: Assuming a worst-case setting is too conservative. In many

natural problem instances, offline RL can be faster than 1/
√

K .

Can offline RL adaptively exploit instance-dependent structure

of the underlying MDP to obtain faster rates than the minimax

1/
√

K rate?

Research Question:

How to design provably (instance-)efficient offline RL algo-

rithms in the function approximation settingwith themildest

data collection assumption possible?

Contributions

In this paper, we study instance-dependent bounds for offline

RL with linear function approximation:

We propose a new pessimistic algorithm that adapts to the

“minimal gap” ∆min, to achieve a fast rate of O(log K
K ). Our

result holds under the “single-policy concentrability” and

adaptively collected data.

Under an additional condition that the linear features for

optimal actions in states reachable by the behavior policy

span those in states reachable by an optimal policy, we show

that our algorithm obtains an absolute zero value

sub-optimality when K exceeds some problem-dependent

constant.

We provide information-theoretic lower bounds, which show

that our gap-dependent bounds for offline RL are nearly

optimal up to a polylog factor in terms of K and ∆min.

Background

Time-inhomogenous Markov decision processes (MDPs):

M = (S,A,P = {Ph}h∈[H ], r = {rh}h∈[H ], H, d1):
S,A, H,P, r, d1 are the state space, action space, episode

horizon, transition kernels, reward functions, and initial state

distribution, respectively.

State-action visitation prob. dπ
h(s, a) := Pr((sh, ah) = (s, a) | π)

Value functions: V π
1 (s1) = Eπ

[∑H
h=1 rh(sh, ah)

]
for policy π

Offline regime: Given historical data D = {(st
h, at

h, rt
h)}t∈[K]

h∈[H ] gen-

erated by some unknown behaviour policy µ = {µh}h∈[H ]. The

trajectory at any episode k can depend on the trajectories at all

the previous episodes t < k.

Learning objective: Find π̂ from D and a function class F to mini-

mize SubOpt(π̂) := Es1∼d1

[
V π∗

1 (s1)− V π̂
1 (s1)

]
.

LinearMDPs: AnMDPhas a linear structurew.r.t. a known feature

mapping φh : S ×A → Rd if for any (s, a, s′, h),

rh(s, a) = φh(s, a)T θh,Ph(s′|s, a) = φh(s, a)T νh(s′),

for some unknown vectors θh ∈ Rd and measures νh : S → Rd.

Algorithm: LSVI + LCB + Bootstrapping +
Constrained Policy Extraction

Bootstrapping: Split D into K subsets to mimic the data

obtained by an online learner. Form an ensemble of value

estimates from each subsets

Constrained policy extraction: π̂k
h ← arg max

π:π supported by µ
〈Q̂k

h, π〉

Key Results

Gap-dependent bounds:

Assumptions:
(Partial data coverage) ∀(h, s, a), d∗h(s, a) > 0 =⇒ dµ

h(s, a) > 0
Let κ∗ = maxh∈[H] κh, where κ−1

h = inf{dµ
h(s, a) : dµ

h(s, a) > 0}
Let ∆h(s, a) := V ∗h (s)−Q∗h(s, a). Assume

∆min := infh,s,a{∆h(s, a) : ∆h(s, a) > 0} is strictly positive.
Value suboptimality upper bound: Õ

(
d3H5κ3∆1

minK−1)
Independent of state space size |S|
Fast rate K−1, under partial data coverage and adaptively collected data

Lower bound: Ω(H2κ∗∆1
minK−1)

Faster-than-K−1 rates:

Assumptions
Let λ+

min be the smallest positive eigenvalue of E(s,a)∼d∗h

[
φh(s, a)φh(s, a)T

]
Spanning features: span{φ∗h(sh) : ∀sh ∈ Sµ

h} ⊆ span{φ∗h(sh) : ∀sh ∈ S∗h}
Results

Let k∗ = Θ(d6H10κ6∆1
min(λ+

min)2 + κH(λ+
min)1)

We have: SubOpt(π̂k) = 0,∀k > k∗.

We extend our results to linear mixture MDPs. Our results are

summarized in the following table (Grey cells are our contributions):

Summary

We now have a provably (instance-)efficient algorithm for linear

function approximation with polynomial sample and runtime

Algorithm: LSVI + LCB + Bootstrapping +

Constrained policy extraction, under linear assumptions

Sample complexity:
Gap-dependent: Õ (d3H5κ3∆1

minε−1)
“Good” linear features: Õ(d6H10κ6∆1

min(λ+
min)2 + κH(λ+

min)1) (independent
of ε)
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