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Abstract

Value function approximation is important in
modern reinforcement learning (RL) problems
especially when the state space is (infinitely)
large. Despite the importance and wide applica-
bility of value function approximation, its theo-
retical understanding is still not as sophisticated
as its empirical success, especially in the con-
text of general function approximation. In this
paper, we propose a provably efficient RL al-
gorithm (both computationally and statistically)
with general value function approximations. We
show that if the value functions can be approx-
imated by a function class F which satisfies
the Bellman-completeness assumption, our algo-
rithm achieves an O(poly(:H)v/T) regret bound
where ¢ is the product of the surprise bound and
log-covering numbers, H is the planning hori-
zon, K is the number of episodes and T' = HK
is the total number of steps the agent interacts
with the environment. Our algorithm achieves
reasonable regret bounds when applied to both
the linear setting and the sparse high-dimensional
linear setting. Moreover, our algorithm only
needs to solve O(H log K') empirical risk min-
imization (ERM) problems, which is far more
efficient than previous algorithms that need to
solve ERM problems for Q(H K') times.

1 INTRODUCTION

Modern Reinforcement Learning (RL) problems are of-
ten challenging due to the huge state spaces, and in prac-
tice, value function approximation schemes are usually em-
ployed to tackle this issue. Empirically, combining various
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reinforcement learning algorithms with function approxi-
mation schemes has led to tremendous success on various
tasks (Mnih et al.l 2013} 2015} Silver et al., [2017). How-
ever, despite the great empirical success, our theoretical un-
derstanding of RL with function approximation is still not
as sophisticated as its empirical counterpart. Until recently,
most existing theoretical work in RL has been focusing on
the tabular setting or the linear setting (Azar et al.,[2017;Jin
et al., 2018; |[Yang and Wang} 2019; |Wang et al., 2019; |Du
et al.,|2019bja; Agarwal et al.| 2020;|Wang et al.| | 2020a;|Du
et al.l [2020; Jin et al.l 2020; [Zanette et al., 2020; [Li et al.}
2020), while in practice, complex function approximators
like neural networks are usually employed. Over the years,
understanding conditions on the function class that permit
sample-efficient RL has evolved into an important open re-
search problem in machine learning theory.

Existing provably efficient RL algorithms that can handle
general function approximation (Jiang et al. 2017} |Sun
et al., 2019; |Ayoub et al., [2020; Jin et al., 2021} |Du et al.|
2021) usually require solving computationally intractable
optimization problems and are therefore computationally
inefficient. Recently,[Wang et al.|(2020b)) proposed a prov-
ably efficient RL algorithm with general function approx-
imation for function classes with bounded eluder dimen-
sions. The algorithm by [Wang et al.| (2020b) is based on
Least Squares Value Iteration (LSVI) and the principle of
“optimism in the face of uncertainty”. There are two short-
comings in the work of [Wang et al.| (2020b)). First, in order
to calculate the exploration bonus, their algorithm applies
sensitivity sampling (Langberg and Schulman, [2010; |[Feld-
man and Langberg| [2011}; |[Feldman et al.| [2013) to reduce
the size of the replay buffer. Using a replay buffer with
bounded complexity to calculate the exploration bonus is
crucial for the correctness of their algorithm. On the other
hand, such a step is complicated in nature and could be
hard to implement in practice. Therefore, to make the algo-
rithm practical, it is much more desirable to use simpler di-
mensionality reduction techniques (like uniform sampling)
without sacrificing the theoretical guarantee. Second, as
mentioned in [Foster et al.| (2018)), showing examples with
a small eluder dimension beyond linearly parameterized
functions is challenging. In addition, taking the worst-case
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over all histories, as in the definition of the eluder dimen-
sion, is usually overly pessimistic in practice. In contextual
bandits, it is known that provable efficiency can be estab-
lished by assuming distributional conditions on the prob-
lem. For example, [Foster et al.| (2018) establishes regret
bound for an optimism-based contextual bandits algorithm
by assuming bounded surprise bound. It is natural to ask
whether similar conditions can be used to establish prov-
able efficiencies of RL algorithms.

Recently, |[Foster et al| (2020) established instance-
dependent regret bounds for contextual bandits and rein-
forcement learning problems by assuming a bounded dis-
agreement coefficient, which is a distribution-dependent
assumption. [Foster et al.| (2020) show that the disagree-
ment coefficient is always upper bounded by the eluder di-
mension of the function class. The RL algorithm in [Foster|
et al.| (2020), which is also based on Least Squares Value
Iteration (LSVI) and the principle of “optimism in the face
of uncertainty”, has two drawbacks. First, their algorithm
achieves provable guarantees only in the block MDP set-
ting which might not be realistic in practice. Second, when
calculating the exploration bonus, their algorithm uses the
star hull to reduce the complexity of the replay buffer,
which is also complicated in nature and therefore difficult
to implement in practice.

In this paper, we develop a novel provably efficient RL
algorithm with general function approximation. Similar
to previous algorithms (Wang et al., [2020bj [Foster et al.,
2020), our algorithm is an optimistic version of LSVIL.
Compared to previous ones, our algorithm has the follow-
ing advantages:

e The regret bound of our algorithm is based on a vari-
ant of surprise bound proposed in (Foster et al., [2018]),
which is a distribution-dependent quantity and could
therefore be smaller than the eluder dimension which
considers the worst-case over all histories. Moreover,
our theory does not rely on the block MDP assump-
tion. Furthermore, the surprise bound can be upper
bounded in the tabular setting, the linear setting and
the high dimensional sparse linear setting, which im-
plies our algorithm achieves reasonable regret bound
in all these three settings.

e The dimensionality reduction technique for reducing
the complexity of the replay buffer is based on uni-
form sampling. This is much simpler than the sensi-
tivity sampling framework in/Wang et al.| (2020b) and
the method based on star hull in |Foster et al.| (2020).

e Our algorithm requires solving only O(H log K) em-
pirical risk minimization (ERM) problems, while pre-
vious algorithms (Wang et al., |2020bj Foster et al.,
2020) require solving 2(H K) ERM problems.

1.1 Related Work

Tabular reinforcement learning. Tabular RL is well stud-
ied in the context of sample complexity and regret bound
in numerous literature (Kearns and Singhl, 2002; Kakade,
20035 [Strehl et al., 2006, 2009; Jaksch et al., [2010; |Azar
et al.| 2013} |[Lattimore and Hutter, 2014} [Dann and Brun-
skill, 2015} |Agrawal and Jia, 2017} |Azar et al.l 2017; Jin
et al., 2018; Dann et al.l 2019; [Zanette and Brunskill,
2019; Zhang et al., 2020; |Wang et al., |[2020a; |Yang et al.|
2021). In particular, for episodic MDP without further as-
sumptions, the best regret bound is O(v H2SAT) for both
model-based (Azar et al) [2017) and model-free (Zhang
et al., 2020) algorithms, which matches the lower bound

Q (x/H2SAT) proved by Uin et al. (2018).
Yang et al.| (2021) propose an RL algorithm with a regret
bound of O (%‘{im log(SAT)) assuming the existence

of a positive sub-optimality gap. However, all algorithms
mentioned above cannot be applied to RL problems with
huge or infinite state spaces due to the polynomial depen-
dence on /S in the regret bound. Therefore, in this pa-
per, we assume the value function lies in a function class
with bounded complexity and design a provably efficient
algorithm whose regret bound depends polynomially on the
complexity of the function class instead of the size of the
state space.

Recently,

Bandits. There is also rich literature studying stochastic
(contextual) bandits, which can be viewed as a special case
of MDP without state transitions (Auer, 2002; |Dani et al.,
2008 Li et al., |2010; Rusmevichientong and Tsitsiklis|
2010; |Chu et al., 2011} |[Abbasi-Yadkori et al., 2011} [Fos-
ter et al., 2018}, 2020; |Li et al.,|2019). In particular, Foster
et al. (2018) study contextual bandit problems with general
value function approximation, and prove their algorithms
could achieve a regret bound depending polynomially on
the surprise bound and the implicit exploration coefficient
(IEC). In this paper, we study RL with general value func-
tion approximation, and prove that the regret bound of our
algorithm also depends on the (slightly modified) surprise
bound as well as the log-covering numbers. However, we
note that the RL setting is much more complicated than the
contextual bandits setting since there is no state transition
in bandit problems.

Reinforcement learning with function approximation.
In the setting of linear function approximation, there has
been great interest recently in the theoretical analysis of
the sample complexity of RL algorithms (Yang and Wang|
2019, [2020; Jin et al., [2020; |Ca1 et al., 2020; [Du et al.,
2019b, [2020; [Wang et al., 2019; [Zanette et al., [2020; |[Zhou
et al., 2021). Compared to linear function approximation,
however, many current provably efficient algorithms for
general value function approximation are relatively imprac-
tical. For example, algorithms in Jiang et al.| (2017); Sun:
et al.| (2019); |Dong et al.| (2020) achieve regret bound in
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terms of the witness rank or the Bellman rank, but they
are not computationally efficient. [Foster et al.| (2020) de-
vise REGRL algorithm which is both computationally and
statistically efficient. However, it requires the block MDP
assumption which greatly alleviates the difficulty of (in-
finitely) huge state space and might not be realistic in prac-
tice. |Ayoub et al.| (2020) propose a model-based algorithm
and|Wang et al.|(2020b) propose a model-free algorithm for
general value function approximation, and the regret bound
of both algorithms depend on the eluder dimension. Kong
et al| (2021) propose an efficient algorithm both compu-
tationally and statistically for general value function ap-
proximation, of which the regret bound also depends on
the eluder dimension. However, the eluder dimension con-
siders the worst-case over all histories and is thus often
overly pessimistic. Instead, the regret bound of our algo-
rithm depends polynomially on the surprise bound which is
a distribution-dependent quantity and thus could be smaller
than the eluder dimension for practical scenarios.

2 PRELIMINARIES

In this paper, we study episodic Markov Decision Pro-
cess (MDP) M = (S, A, H, P,r, 1), where S is the state
space, A is the finite action space, H € N, is the plan-
ning horizon, P : § x A — A(S) is the transition kernel
which maps a state-action pair to a distribution over the
state space, r : S x A — [0, 1] is the reward function and
pt € A(S) is the initial state distribution ]

A (stochastic) policy
7= {m}, S x [H] = A(A)

maps any state s to a distribution over the action space
at each step h, where we use [N] to denote the set
{1,2,..., N} for any positive integer N. A trajectory

(Slaalarl)? (52,0,2,7"2)7 ey (SH,CLH,TH)

is induced by a policy 7 if 51 ~ p, ap, ~ w(sp),rp =
r(sh,an),Yh € [H] and sp41 ~ P(sp,an),Vh € [H —1].
Furthermore, a policy 7 = {m, }/L, is deterministic if for
each step h € [H]|, 1, : S — A maps a state to only one
action.

For any policy 7, the expected cumulative reward starting
from state s at step h is defined as the value function

H
Vir(s) = E, lz The|sn = 5] ,

h'=h

where we use superscript 7 to denote that the trajectory is
induced by 7. Similarly, the expected cumulative reward

'Our analysis can be naturally extended to the time-
inhomogeneous settings where the reward function and the tran-
sition kernel are different for each h € [H].

starting from state-action pair (s, a) at step h is defined as
the ()-function

H

Qh(s,a) = ]E”[Z Th|Sh = S, ap = al.

h'=h

Let 7" denote the optimal policy which maximizes
EsinnlViT(s1)].  Also, let Vi*(s) = Vi (s) and
Qj,(s,a) = Qf (s,a).

The agent interacts with the environment for K episodes.
At the beginning of each episode k € [K], the agent speci-
fies a policy ¥ based on previous trajectories and interacts
with the environment using 7% for H steps. We assume
the agent knows the number of episodes K, and we define
T = KH to be the total number of steps that the agent
interacts with the environment. The regret of an algorithm
after K episodes is defined as

K k

Reg(K) = Y (Vi (sh) = v (sD)).

k=1
which compares the accumulated rewards between the
agent’s policy and the optimal policy. The goal of the agent
is to minimize the regret. In this paper, we consider the
typical regime that [ is fixed while K grows to infinity.

Width function and norms. For notation convenience, we
define the width function for any function class F C {f :
S x A — R} and several norms for any function f : S x
A — R. The width function is defined as

’LU(.F, Saa) = fr}l?é}g—‘ (f(S,(l) - f’(s,a)),

V(s,a) € § x A. For any dataset Z C S x Aand D C
S x A x R, define Z-norm

HfHZ: / Z f2(8’a)7
(s,a)€Z

D-norm
I fllo = > (fs,a) = 1),
(s,a,r)€D
and infinite norm
I£loe = max |f(s.a)

respectively. In addition, define ||[v||oc = maxgses |v(s)]
forany v : S — R.

Additional notations for algorithms. For any finite mul-
tiset X, let Unif(X) denote the uniform distribution over
X and Cardgy(X') denote the number of distinct elements in
X. Forany x € Ry, let | ] denote the integer part of  and
define [z] = |[z] + 1 if z is not an integer and otherwise
[2] = 2. We use the standard O(+), Q(-) notations to hide
constants and use O(-), Q(-) to suppress log factors. Also,
we use x < y to denote that there exists a constant ¢ > 0
st.z <ecy,anduse x 2 yify < x.
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3 ALGORITHM

In this section, we first introduce the assumptions for the
algorithm and then present our main algorithm (Algo-
rithm[T). The theoretical guarantee of our algorithm is pre-
sented in Section 4]

3.1 Assumptions

Assume our algorithm (Algorithm [I)) receives a function
class F C {f : S x A — [0, H + 1]} as part of the input.
Since the complexity of F determines the efficiency of the
algorithm, it is natural and necessary to require bounded
complexities of the function class under appropriate mea-
sures. We make the following assumptions on the function
class F.

Assumption 3.1 (Bellman-completeness). For any func-
tion V. : § — [0, H|, there exists a function fy € F,
s.t.

fo(s) =r()+ Y Pl V().

s'eS

Assumption indicates the closedness under Bellman
equations. This is a general assumption that summarizes
many previous assumptions in special settings and is com-
monly adopted in previous literature for general value func-
tion approximation (Wang et al., |2020bj [Foster et al.,|2020;
Kong et al.,|2021)). For tabular RL, F can be chosen as the
set of all functions mapping from S x A to [0, H + 1]. In
the linear MDP setting (Bradtke and Bartol [1996; Jin et al.,
2020; |Yang and Wang| 2019} 2020; [Wang et al., |2019)
where the transition kernel and the reward function are both
linear in a feature map ¢ : S x A — R?, F can be the set
of all linear functions with respect to ¢. In sparse high-
dimensional linear MDP settings where the transition ker-
nel and the reward function are both s-sparse linear func-
tions in ¢, F can be the set of all (2s)-sparse linear func-
tions with respect to ¢. Furthermore, Assumption ap-
proximately holds in practice as long as F is rich enough
(e.g., deep neural networks) and we show in Section [5] that
our algorithm is robust to model misspecification.

Assumption 3.2 (Bounded covering number). Given any
e > 0, there exist covering sets C(F,e) C F and C(S %
A, e) C Sx Awithbounded size N (F,e) and N (Sx A, ¢)
respectively, where

o VfeF, 3f € C(F,e),st ||f — ']l <e

e V(s,a) € S x A 3F(¢,a) € C(S x Ae), st
maxser | f(s,a) — f(s',d)] < e

Assumption requires bounded covering numbers
N (-, ¢) for both F and § x A, and the regret bound of

our algorithm depends only logarithmically on the cov-
ering numbers (Theorem H.1). In the tabular RL set-
ting, nN(F,¢) = O(S||A]) and In V(S x A,e) =
O(In(|S||A])).  In d-dimensional linear MDP set-
tings, ImN(F,e) = O(d) and InN(S x Ae) =
6(d) In s-sparse high-dimensional linear MDP settings,
InN(F,e) = O(s). If we further assume that ¢(s, a) is s-
sparse for all (s,a) € S x A, then In (S x A, &) = O(s).

Surprise bound. Another important complexity measure
in this paper is surprise bound, which was first introduced
in|Foster et al.| (2018)) to characterize the complexity of the
function class in the contextual bandit setting.

Definition 3.3 (Surprise bound). The surprise bound is the
smallest positive constant L s.t.

(f(s,a) = f'(s,a))”
SLlEs’NDh,(Tr)]Ea’Nﬂ'h(S’) [(f(S/, CL/) - f/(sl> al>)2]

forall f,f' € F,s € S,a € A h € [H| and any policy T,
where Dy, (m) is the distribution of s, when the policy is 7.

Intuitively, the surprise bound is small if all pairs of func-
tions with a small expected squared error with respect to
any policy, do not encounter a much larger squared error
on any state-action pair. The following proposition gives
upper bounds of the surprise bound for linear and sparse
linear settings (see Appendix |C|for the proof).

Proposition 3.4. In the (sparse) linear MDP setting with a
fixed feature map ¢ : S x A — RY, consider the function
class F = {(s,a) — w'¢(s,a)|w € W} for some W C
RY.

o If |lo(s,a)llz < 1,¥(s,a) € S x Aand |w|2 <
2H\d,Yw € W, then Ly is upper bounded by

1
sup )
m,h€[H] Amin (ESND}L(TF),O/VTF}L(S) [¢(57a)¢(57a)T])

o If[[6(s,a)]oc < 1L,V(s,a) € S x Aand ||w|e <
2HVd, |wlly < 2s,Yw € W, then Ly is upper
bounded by

4s
sup

mhelH] Ymin (Bspy, (n),ammn (s) [0(5,a)d(s,a)T])’

where Ymin(A) = Miny, 2o )wl|o<4s w Aw/wTw is
the minimum restricted eigenvalue for (4s)-sparse
predictors (Raskutti et al.} |2010).

3.2 Algorithm

In this section, we present our main algorithm (Algo-
rithm([T)) and discuss in detail several important components
of our algorithm.
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Algorithm 1 Optimistic LSVI with doubling epoch sched-

ule

1:

R A

1

12:

13:
14:
15:
16:
17:
18:
19:
20:
21:
22:

23:
24
25:

e

Input: number of epochs M, number of warm-start
epochs My, failure probability § € (0, 1)

for episode k = 1,2,..., 7y, — 1 do
Receive initial state s¥ ~
forh=1,2,...,Hdo
Take action af ~ Unif(A), observe sf , ~
P(-|s¥,af) and receive r¥ = r(sk, ak)
end for
end for
for epochm = My, My +1,..., M do
7Hn+1('7 -) += 0 and V;InJrl(') +0

2™ {(827G’Z)}(h,k)e[H]x[‘rm—l]
forh=H H-1,...,1do
Dy A {(Sﬁl,aﬁ,,r,’i, + Vﬁ1(52’+1))}’
V(W k) € [H] X [Tm]
i+ argminge 7 ||f||2D;;7
b (-,-) < Bonus(F, f;*, Z2™,0) (Algorithm
Q;Ln(v ) — min{f;L”(-, ) + b;zn(’ ')v H}
Vi (-) < maxgea Q1 (-, a)
T (+) — argmax,e 4 Q7 (-, a)
end for
for episode k = 7,5, 71, + 1,. .., Tu41 — 1 do
Receive initial state s ~ p
forh=1,2,...,Hdo
Take action afL — ﬂ,T(SZ), observe SZH ~
P(-|sk,a¥) and receive rf = r(sf, ak)
end for
end for
end for

3.2.1 Doubling Epoch Schedule

Our algorithm consists of M epochs where each epoch
m € [M] starts at the beginning of episode 7, = 2"~ !
and consists of T}, = 2™~ ! episodes. Thus, the total
number of episodes K = 2™ — 1 and M = O(log K).
At the beginning of epoch m, the algorithm fixes a policy
7™ = {7} and the agent executes 7™ for all episodes
k € [T, Tm + Trm — 1]. The M epochs can be divided into
two phases.

e Phase 1: Warm-up epochs. For the first (My — 1)
epochs, the agent plays a uniformly random policy.
These warm-up epochs are designed to encourage ex-
ploration at the initial episodes.

e Phase 2: Optimistic LSVL. Starting from epoch M,
we use an optimistic version of Least Squares Value
Iteration (LSVI) similar to Jin et al| (2020); Wang
et al.| (2019, [2020b)); |[Foster et al.| (2020). At the be-
ginning of each epoch m > M, we maintain all pre-
vious trajectories as a replay buffer, and find the best
fit fm = {f"}_, € FH with respect to the replay
buffer in the sense of mean squared error (MSE), i.e.,

m : 2
p T arg e HfHD’,’L"

where D} is the replay buffer (see definition in Al-
gorithm [T). To avoid overfitting and encourage explo-
ration, we design a bonus function b} (-, -) which we
will discuss later in Section[3.2.2] and approximate the
optimal ) function @Qj (-, ) by

ZL(.’ ) = min {f}’zn(’ ) + b;zn('7 ')’ H} .

Our design of the bonus function ensures that Q}"
is an optimistic estimator of ()7 with high proba-
bility (Lemma [B.3). Finally, for each episode k €
[Tm, Tm+1 — 1] in epoch m, the agent plays the greedy
policy with respect to 7" and collect the trajectory in
episode k.

The advantages of the doubling epoch schedule are two
folded:

e Computationally efficient. Since our algorithm only
conducts large amount of computation at the begin-
ning of each epoch (computing f;" by empirical risk
minimization and 0" by the width function as in Sec-
tion which can often be solved efficiently by
appropriate optimization methods or assuming access
to appropriate regression oracles (Wang et al.l 2020b;
Foster et al., [2018)) and there are only O(log K)
epochs, our algorithm is much more computationally
efficient than previous methods (Wang et al., [2020b;
Foster et al., 2020) which require to solve Q(HK)
equivalent optimization problems.
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Recently, [Kong et al.| (2021)) proposes an online sub-
sampling technique which improves the computa-
tional complexity of Wang et al.| (2020b). However,
our algorithm is still much more computationally ef-
ficient than Kong et al.| (2021). The algorithm of
Kong et al.| (2021) adopts sensitivity sampling, which
requires computing sensitivities for each state action
pair (sf,a}). Since the calculation of sensitivity re-
quires solving a regression oracle for Q(log(TH))
times (see Section 4.4. in Kong et al.|(2021)), and
there are T' = K H such state-action pairs, their al-
gorithm needs to solve Q(K H log(TH)) regression
oracles to calculate sensitivities and subsample the
dataset. While in our algorithm, we use uniform sam-
pling to avoid the complex and time-consuming sen-
sitivity calculation and thus does not need any oracle
to perform the subsampling procedure.

e Stabilizing adjacent trajectories. The doubling
epoch schedule together with the warm-up epochs sta-
bilizes the adjacent trajectories by ensuring that at the
beginning of each epoch, at least half of the histori-
cal trajectories in the replay buffer are induced by the
same policy. This property enables us to adopt uni-
form sampling (Algorithm[2)) to reduce the complexity
of the replay buffer.

3.2.2 Uniform Sampling

An important technical novelty of our algorithm is the de-
sign of the bonus function via uniform sampling. To ensure
optimism of our estimator )}*, we can choose b}" as the
upper bound of the difference between @} and f;". If we
are able to obtain a confidence region /" which contains
both f;* and @), it suffices to define the bonus function as
the width function of F}".

A naive way to choose the confidence region is Fj* =
{feF|If - fr|%Zn < B} with a carefully selected §3.
However, since the confidence region depends on the whole
replay buffer with size at most 7', the confidence region and
thus the bonus function would suffer extremely high com-
plexity. This implies that 3 needs to be set extremely large
to ensure the accuracy of the confidence region. To obtain
a bonus function with low complexity, we reduce the com-
plexity of the replay buffer by uniform sampling, which is
formally stated in Algorithm 2]

Comparison to previous methods. Actually, the algo-
rithms in Wang et al.| (2020b)); Foster et al.| (2020) also
suffer the high complexity of the bonus function and ad-
dress the issue by sensitivity sampling and star hull re-
spectively. However, sensitivity sampling requires estimat-
ing the sensitivity of each state-action pair, which is time-
consuming; the star hull is complicated in nature and thus
is hard to implement in practice. In contrast, our uniform
sampling is conceptually simple and easy to implement.

Algorithm 2 Uniform-Sampling(F, Z, A\, ¢€,9)

1: Input: function class F, dataset Z, parameters A, & >
0 and failure probability § € (0, 1)
Seteg < €/72-\/A/|Z|
Set p~! + max {1, {
Initialize Z’ + {}
for z € Z do

Add 1/p copies of z to Z’ with probability p

end for
Output: Z’

1
384L1~1n(4./\f(.7:,60)/5)/(€2'|z|)J }

Note that there is only one single parameter p to be de-
termined in Algorithm 2] When the surprise bound L, is
known in advance, we can directly calculate the value of
p. When L; is unknown, we can perform a grid-search
in a log-space of L;. Specifically, we can set a small
value L, as the lower bound of L; and a large value
Lmax as the upper bound, and perform Algorithm [] for
Ly e e {Lmim 2L min, 22Lmin7 ey Lmax}. Then we
can pick the policy with the best performance under differ-
ent choices of L.

Theorem [4.1] shows that the regret of our main algorithm
(Algorith is O(v/T) in T dependence. We also em-
phasize that the above grid-search procedure won’t result
in higher total regret, since one can first try each possible
Ly € L for O(\/T) times, and then exploit the best L; for
the remaining O(T —v/T'10g( Limax/Lmin)) = O(T) steps.
The resulting total regret is still O(v/T).

Algorithm 3 Bonus(F, f, Z,0)

1: Input: function class F, reference function f , dataset
Z and failure probability § € (0,1)

2: Z' Uniform—Sampling(]—',Z,ﬁ,%,%)
(Algorithm [2)

3. 0f |2'] > 64T%/§ or Cardy(Z') > 9216L; -
In(64TN (F,6/(9216T72))/5) then

4 Z'+{}

5: end if

6: Let f € C(F,1/(8y/64T2/5)) such that || f — f]loe <
1/(8+/64T2/5)

7 2« {}

for z € Z' do

9: Let 2 € C(S x A,1/(8,/64T2/6)) such that

suprer | f(2) = f(2)] < 1/(8/64T7/9)

10 Z+ ZUu{z}

11: end for

12: B2 B(F,08) < -LiH?*In*(T/8) In(N(F,8/T3)) x
In(NV(S x A, §/T?)) for some constant ¢/ > 0

13: F e {reF|Ir-fI% <38+2}

o~

14: Output: (-, ) + w(F,-,")

®
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Design of the bonus function via uniform sampling.
Now we are able to design a bonus function with low com-
plexity as in Algorithm |3|via uniform sampling. After ob-
taining the reduced dataset Z’, we round each data in Z’
and the reference function f to their nearest neighbors in
covering sets. The confidence region and the bonus func-
tion is then defined by the rounded reference function and
the rounded dataset. Note that in Algorithm[3] the rounding
operation does not need to be performed explicitly since all
the data are stored in computers with bounded precision,
and thus all the data will be implicitly rounded. For the
choice of /3, we can use the same grid-search method of L
since [ is also determined by L;.

Efficient computation of the bonus function. The com-
putation of the bonus function is equivalent to an optimiza-
tion problem of the following form:

max s,a) — fa(s,a
(max_fi(s,a) = fos, )

S.t. Hf1 — f2||z <e.

This problem can be solved efficiently by either assuming
access to an optimization oracle, or assuming access to only
aregression oracle (which is a milder assumption than opti-
mization oracles) as mentioned in Section 4.4 of [Kong et al.
2021).

4 THEORETICAL RESULTS

In this section, we formally present our main theorem of
the regret bound and defer the proof to Appendix

Theorem 4.1 (Main theorem). Under Assumptions 3.1
and let My — [ln (16L% In 128T/\/(F,6§(9216T2))2

where the number of total steps T = H - (2™ — 1) is suf-
ficiently large. With probability at least 1 — 6, the regret of
Algorithm[Iis at most

O(- H3?.VT),

where 1 = Ly -In*(T/8)-max(In(N(F,§/T?)), In(N(S x
A, 6/T?))).

Proof sketch. In this proof sketch, we ignore the rounding
operation in Algorithm [3] for convenience. The proof can
be decomposed into three main steps.

e Step 1: Bounding the complexity of the bonus func-
tion. First, we show that our bonus function has low
complexity (Proposition [A.5). Note that the bonus
function is defined as the width function of the con-
fidence region

e ={reF|If-fri3. <8}

Since the reduced dataset Z™ has bounded size
(Lemma and bounded number of distinct ele-
ments (Lemma[A.3)), our bonus function which is de-
fined by Z™ also has low complexity. Now it re-
mains to show that the bonus function defined over
the reduced dataset Z™ is (almost) the same as the
bonus function defined over the original dataset Z™.
It is equivalent to show that the confidence region
remains (almost) unchanged after uniform sampling.
This can be proved by showing that for any function
pairs f, f' € F, the Z’'-norm of f — f’ approximates
well the Z-norm of f — f’ (Lemmal[A.2). For a fixed
function pair (f, f'), ||f — f'l|% is an unbiased esti-
mator of || f — f’||% and its variance can be controlled,
since the trajectories in the replay buffer are stabilized
by the doubling epoch and thus Z’ has low complexity
after uniform sampling. Then we can apply the Bern-
stein inequality to a fixed function pair (f, f) to show
that || f — f'||%, is close to || f — f’||% with high proba-
bility. Applying a union bound over all function pairs
in the covering set of F, we can obtain the desired
result.

e Step 2: Optimism of the estimated QQ-function. The
next step is to show that the estimated @-function
is an optimistic version of the true @-function of
the optimal policy (Lemma [B.3). To achieve this,
we need to show that the best fit f;" is close to
F(2) + Ses POV (). I 7 and Vi,
are independent, a standard concentration argument
concludes the result. However, V;"} | and f;* are sub-
tly dependent since they are both determined by the
previous dataset. To address the difficulty, we first
apply the standard concentration result on a fixed V'
(Lemma [B.I)), and then apply a union bound over all
V in a covering set (Lemma [B.2)) to obtain the result.
This method is similar toWang et al.| (2020Db).

e Step 3: Regret decomposition. Finally, we decom-
pose the regret by the summation of the bonus func-
tions (Lemma [B.4). Then, we use similar arguments
as in|Foster et al.| (2018)) to bound each bonus term by
the surprise bound separately since the bonus function
is defined as the (approximate) width function of the
confidence region.

O

Remark 4.2. Recently, |Foster et al| (2021) proposes a
high-level algorithm E2D. When applying E2D algorithm
to our settings, one can show that it also achieves a similar
regret bound O(poly(L,)\/T) (other parameters omitted).
However, we want to emphasize that E2D algorithm is too
high-level to implement in practice. The implementation
of E2D algorithm requires an online estimation oracle (see
Algorithm 1 in|Foster et al.|(2021)), which is a very strong
assumption in RL settings. While in our algorithm, we only
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require a ERM oracle and a regression oracle, which are
mild and common assumptions in machine learning prob-
lems.

While our algorithm works for general value function class,
it also achieves reasonable regret in special cases.

Tabular settings. In the tabular RL setting, it holds
that InN(F,e) = O(|S||A]) and In N (S x A,e) =
O(In(|S||A])). When pu(s) > € and P(s|s,a) > € for
all s, € S, a € A for a (not too) small positive value
e, L1 = O(poly(|S||A])), which implies that the regret
bound is O(poly(|S||.A|)H?/2/T). This is a reasonable
regret bound since it is optimal in terms of 7', the most
important term in the regret bound, and has polynomial de-
pendency in other parameters.

Linear settings. When F is a d-dimensional linear func-
tion class, we have In V' (F,e) = In NV (S x A, e) = O(d).
When

Amin (ES’N’D;L(W)Ea’NTr;L(s’) [¢(S/7 a/)¢(5l7 a/)T])

is lower bounded (of order ©2(1/d)) and thus L; = O(d)
by Proposition the regret bound is 6(d2 - H3? T,
which is optimal in T-dependency and matches the result
of Wang et al.| (2020b) in d-dependency.

Sparse linear settings. Furthermore, when F is an s-
sparse high-dimensional linear function class where typi-
cally d > T > s, we have In N (F,¢) = O(s). When

¢min (]ES/ND}l(ﬂ)]EalNW}l(S/) [¢(8,7 a/)¢(sl7 aI)T])

is lower bounded (of order (1)) and thus L; is O(s) by
Proposition the regret bound is O(s-max(s, In(A/(S x
A,6/T?)))-H>/?-\/T). If we further assume that ¢(s’, a’)
is s-sparse for all (s’,a’) € S x A, we have In N (S x
A, ) = O(s) and thus obtain an O(s? - H3/2 . \/T) regret
bound. However, directly applying the result in linear set-
tings of Wang et al.| (2020b)) can only obtain a linear regret
when d > T. This shows the superiority of our algorithm
since we can provide theoretical guarantee for more gen-
eral function classes, and thus it is an important step toward
studying general value function approximation beyond the
tabular and linear settings.

We also emphasize a subtle difference between lin-
ear and sparse linear settings. In linear settings,
when  Amin (Egop, (m) Earm, (s [0(57,a)) (s, a/)T])
is lower bounded, we typically expect it to be
of order Q(1/d) since we assume the 2-norm
¢l < 1. While for sparse linear settings, when
Ymin (s any (m) Earmmy sy [0(5,a") (s, a’)T]) is lower
bounded, we typically expect it to be of order (1) since
we assume the infinity norm ||¢||oo < 1 in this setting.

S MODEL MISSPECIFICATION

Our main theorem (Theorem requires Bellman-
completeness assumption (Assumption [3.1). Although the
Bellman-completeness assumption is fairly common in the-
oretical analysis, especially in the presence of general value
function approximation, the ground truth model together
with the function class might slightly violate this assump-
tion in real-world scenario. This phenomenon is known
as model misspecification (Jin et al.l [2020; [Wang et al.|
2020b).

In this section, we show that as long as the violation of the
Bellman-completeness assumption is small, the regret of
our algorithm is still bounded. To state the result formally,
we first introduce the following assumption, which can be
viewed as a model misspecification version of the Bellman-
completeness assumption.

Assumption 5.1 (Model misspecification). There exists a
constant ¢ > 0 satisfying that for any function V. : § —
[0, H], there exists a function fv € F, s.t.

Fols) =r()+ Y0 P V()

s'eS

<<

oo

Under Assumption[5.1] one can directly apply Algorithm/[I]
to the model misspecification setting with only a different
choice of the parameter 3 in Algorithm[3] Specifically, for
some constant ¢’ > 0 we set

B =c (L H*In*(T/8)In(N(F,8/T?))

‘In(N(S x A,§/T?)) + HTC). W

Note that when Assumption [3.1] holds, it is equivalent to
Assumption with { = 0, and thus the parameter 3 is
exactly the same as the one in our original algorithm. The
following theorem provides theoretical guarantees of our
algorithm for model misspecification, and the proof is at-
tached in Appendix [D] which is very similar to the proof of
Theorem [4.11

Theorem 5.2 (Theoretical guarantee for model misspec-

ification). Under Assumptions and let My =
iln (16[/% In 128TN(I’56/(9216T ) i and the number of
total steps T = H - (2M — 1). With probability at least
1 — 9, the regret of Algorithm[l] (where the parameter 3
is defined as in (1)) is at most

O(-H*? . NT+ /Ly -H?-(-1ogT - T),

where 1 = Ly -In*(T/8)-max(In(N(F,§/T?)), In(N(S x
A, 6/T?))).

6 CONCLUSION

In this paper, we propose a provably efficient RL algorithm
(both computationally and statistically) with general value
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function approximation. The regret bound of our algorithm
depends on the surprise bound, which is a distribution-
dependent quantity and could therefore be smaller than the
eluder dimension considered in previous work. Our algo-
rithm achieves reasonable regret bound when instantiating
to special function classes.

As a future direction, it would be interesting to see if
it is possible to establish the provable efficiency of RL
algorithms using other distribution-dependent complexity
measures. For example, it would be interesting to study
whether it is possible to design a provably efficient RL al-
gorithm by assuming a bounded disagreement coefficient
(as in [Foster et al.| (2020)) but without the block MDP as-
sumption.
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A ANALYSIS OF THE BONUS FUNCTION

In this section, we analyze our bonus function, and the main proposition is presented in Proposition [A.5]

A.1 Analysis of Algorithm

Note that the notation ¢ in Algorithm [3] and Algorithm 2] are different. In this subsection, all the notation ¢ refer to § in
Algorithm and therefore, A = §/(16T"). Also, leteg = £/72 - /Ad/| Z| throughout this subsection.

We assume that the input dataset of Algorithm is Z = {(Slﬁ» G’Z)}(h, k)e[H]x[) Where more than half of the trajectories
are induced by the same policy and the number of trajectories

8./\[(.7, 80)2

t>4L%In 5
which is satisfied if ¢ > 75y, and M is chosen as in Theorem4.1]

The first lemma gives an upper bound on the size of the dataset produced by uniform sampling.
Lemma A.1. With probability at least 1 — ¢ /4, |2'| < 4| Z]/6.

Proof. We define random variable

P 1/p =z isadded into Z’ for 1/p times
- 0 otherwise ‘

Since [2'| =}, .z X, and E[X] = 1, we can obtain

Pr{|2'| > 4]2|/6} < 6/4

by Markov inequality. O

The next lemma proves that after uniform sampling, the norms of difference of any function pairs are approximately
preserved with high probability.

Lemma A.2. With probability at least 1 — 6 /2, for any f, f' € F,
A=llf = flIz =22 < |If = 2 < A+ o)l f = FIIZ +8|Z]A/6.
Proof. Whenp =1, Z = Z’, the result directly holds. So we only consider the case when p < 1, which means
p > 384Ly - In(4N(F,20)/6)/(e* - |Z]).

We separately consider the cases when || f — f/[|% < 2Aand || f — f'||% > 2\

For any function pair f, f’ € F where ||f — f’||%2 < 2\, conditioned on the event in Lemma which holds with
probability at least 1 — §/4, we can obtain that || f — f'||Z, < |Z'|||f — f/|Z <4|Z|/6-||f — f'||Z < 8|Z|\/4. Also, by
the fact that | f — f/||% < 2Xand || f — f||%, > 0, we can conclude that

A=llf = Iz =22 < |If = f'IZ < A+ o)l f = FIIZ +8|Z]A/6.

In the remaining part of the proof, we consider the case that || f — f/||% > 2.

We first fix any pair of distinct functions f, f' € C(F,eg). Assume the first u = [ (¢ + 1)/2] trajectories are all induced by
the same policy 7. Also, forany 1 < k < u, let

9k = Z(f(sﬁvaﬁ) - f/(sﬁva’;i))?
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Therefore,

H

E [gk] = Z ESNDh(TF)EaNTFh(S) [(f(57 a’) - f/(S’ a))Q] .

h=1

Note that

0<ge <Hx max (f(s,a)— f(s,0)>=H|f— f'|%.
(s,a)eSx.A

Also, by Definition [3.3]

H H
Blo] 2 7- max (f(s,0) = f'(s,0)" = 7-IIf = £l

Therefore, by Hoeffding’s inequality,

. 2
Pr {i Z (g — E [gk]) < —vE [91}} < exp <_m>

k=1
<ex o 211,1)2 H2||f _ f/”go cox _E
N 1 V21 F R =\ T
2 2 9
< exp (—Z% . 4L% In 8./\[(];7€O)> < exp <—4U2 In 8'/\/'(‘/;’80)> .

Setting v = %, we can obtain

Let &1 denote the event that

then Pr{&1} > 1 — gyrioz-

Now, we condition on &; for the following analysis. For each z € Z, define

p

x Lf(2) — f'(2))® =zisaddedinto Z’ for 1/p times
- 0 otherwise '

f= 1% =Yz Xoyand E[X.] = (f(2) = f(2))". Also,

> VarlX] < 3 EIXZ] < max(£(2) = £(2)*/p- Y (F(2) = f'(2))?

z€EZ z€EZ z€EZ

_If =PI maxeez(f(2) - £(2))?
P Yz (f) = F(2))?
W= P 5 S LB, Banm (o) [(£(5.0) = /(5. 0))°]
T STy S (s af) = f(sh,af))?
N = FE | LiElg]
p-uHl % > k=1 9k

e Y e R [ il P
-~ pu-H = 96 - In(4N(F,e0)/0)"

Obviously,
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Moreover,

maXXZ :maxM
z€Z 2€Z P
< If = f1% max.ez(f(2) - f'(2))?
-p >z (f(2) = f1(2))2
_elf-fz
96 - In(4N(F,e0)/0)

Then, by Azuma-Bernstein’s Inequality,

Pr|lf = FIZ - Ilf = FIZ | >e/a-If - FI% 16}
:Pr{ZE[XZ]—ZXZ 51}

z€Z zEZ
216 |1f = /14
s2ep (‘2 > e Var[X.] + 2/3max.cz X, - £/4- |[f - f’II%)
<2ex <_ €2/16 ||/ — J'|[% - (AN (F,20)/9) )
SEEP\ TN = FI% - e2/48 + |If — FII% - <2/576
<2exp (~2In(4N (F, ) /6))
<(6/8)/ (N'(F,20))?.

>e/4-IIf - flZ

Since the above inequality holds conditioned on &7, if we do not condition on &,

Pryllf = £ = If = 12| = e/4-1If = FIZ} < (6/4)/ (N(F,e0))*.

By union bound, the inequality above implies that with probability at least 1 — §/4, for any f, f € C(F,eg),
A—e/DIf = FIZ<If = FIZ <@ +e/dlf - FE

Denote the event above and the event in Lemma@by &y, where

& ={|2'| < 42|/6}
N{A—e/If = FIZ < IF = fIZ < A +e/a)llf = FIIZ VS f € C(F.e0)}

Now we condition on & where Pr{&€;} > 1 — §/2. For any function pair f, f' € F where || f — f'||% > 2], there exists
i fh € C(F,ep), s.t.

1f = Flloe <20 =2/T2-\/AG/IZ] < V/A/(2B|2]), IF' = F'llee < V/A/(25|Z]).
Therefore,

(L—e/DIf =PIz <If = FIZ < W+ e/aIf - FIIZ
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by . Then we can obtain that
1 = 212 < (1F = Flz +1f = Fllz+ 17— £z
Lt e/8)f — Pl + 2V )
L+ e/8)f — Pz + 212 /72 VATIZ])
L+ e/8)f - Fllz +VA-/18)°

<
Lt e/8)f — £l + VA-e/184 20— fllz + 21 - 1z)

L+ e/8)If — fllz +VX-e/18 + 4¢/|2] - /72 - \//\6/|Z)
)

(
(
(
(
(
(1 +e/8)If ~ Fllz+VA-ef9)

(

<(
=
|z |§4\Z\/5<
<(

<(

<(

If=F'llz2VX o
= L T -2

By similar methods, we can also obtain that
, 2
1f = £1% = (1 = Flz =1 = Flz = 1 = 1))
2
1=¢/6)1f = f'lz = 2V/1Z7]- /72 \/A3/IZ])

|z’ \<4|z|/6

(1= </6)f = Flz = VA-e/18)"

> ((
((
> (L= /O)1f — Pz —VA- /18~ |~ Fllz — |~ ]lz)
(1—5/6||f fllz—VA-e/18 =2 |Z|-5/72~\/W)2
> (L= e/O)f ~ Fllz ~VA-e/12)’

lf=f'llz>vX o
= (A=9lf-rlz

We also give the bound of the number of distinct elements in Z’.
Lemma A.3. With probability at least 1 — § /4, Cardy(Z') < 2304L; - In(4N(F,£0)/6) /<>
Proof. First, note that
p < 768Ly - In(4N'(F,e0)/6)/(e* - |Z])
since for any 0 < z < 1, there must exists & € [z, 2] s.t. 1/ is an integer.
When p = 1, which means Z = Z’ and
T68L1 - In(4N(F,e0)/0)/(e* - |2]) > 1
we have

|2'| = | 2] < T68Ly - (4N (F, 20)/8) /&

When p < 1, we have p > 384L; - In(4N(F,£0)/8)/(2 - | Z]). Now, For each 2 € Z, define

P 1 zisadded into Z’ for 1/p times
10 otherwise '
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Then the number of distinct elements in 2’ is upper bounded by > __ > X.. Since E[X] = p,
> E[X.]=p-|Z| < T68Ly - In(AN(F,£0)/0) /.
z€Z

By Chernoff bound,

Pr {Z X, >3 x T68L; - In(4N(F, 60)/5)/62} <Pr {Z X.>3) E[Xz}}

z€EZ z€Z zEZ
<exp{—p-|Z|} < exp{—384L; - In(4N(F,e0)/6)/e*} < exp{—1In(4/6)} = 5/4.

A2 Analysis of Algorithm 3]

In this subsection, all the notation 4 refer to § in Algorithm[3] In other words, we replace all the § in Appendix [A1] by
0/(16T). Also, we still assume that the input dataset of Algorithmis Z = {(s},af)} (nwem)x[ Where more than half
of the trajectories are induced by the same policy and the number of trajectories ¢ satisfies

128TN (F,6/(9216T2))>
5

which is satisfied if ¢ > 75z, and My is chosen as in Theorem 4.1}

412 1In

<t<K=T/H,

Combining the three lemmas in Appendix [A-T with a union bound, we can obtain the following proposition.

Proposition A.4. Let Z' denote the dataset returned by Algorithm[2} With probability at least 1—5/(16T), | Z'| < 6412/,
the number of distinct elements in Z' does not exceed

9216L; - In(64TN (F,5/(9216T72))/6),

and for any f, f’' € F,
If=FZ/2=1/2<|If = fIZ <3If = flZ/2+1/2.

By Proposition[A.4] we can deduce the following proposition.
Proposition A.5. For Algorithm[3] the following holds.

1. With probability at least 1 — § /(16T),
w(E,s,a) < w(s,a) < w(F,s,a),
where F = {f € F||If = flI% < B(F,0)} and F = {f € F|||If - flIZ < 126(F,5) +12}.
2. There exists a function set W s.t. W(-,-) € W and

In |W| <9216L; - In (647N (F,6/(92167%))/5) In (J\/(S x A, 1/(8/64T2/6)) x 64T2/6>

+1In (N(F, 1/(8\/6477/3)) ) +1
<C-Ly-In(N(F,8/T% x T/8) In (N(S x A,5/T?) x T/5)

for some absolute constant C > 0 when T is sufficiently large.

Proof. For the first part, we condition on the event defined in Proposition We only need to prove that F C F C F,
where F is defined in Algorithm For any f € F, we have

If = FlIZ/2=1/2<1If = flIZ <3If - fllZ/2+1/2.
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Therefore,

17 =71 < (IF = Fllz- +/6AT2]3/(4/6AT2]5) )

< (Hf — fllz + /6472 /5/(8+/64T2/5) + \/64T2/5/(4\/64T2/6))2
<2Af = flz +1/2<38)f - flIZ +2

This means for any f € F, we have || f — f||%2 < B(F, ), which implies ||f—f||2§ < 38(F,8)+2.ie., f € F. Similarly,

17— 71 = (I ~ fllz — /OAT2/5/(4/GT2]5) )
> (If ~ Fllzr — JEATZ]5/(8\/GAT?]5) — \/GIT2]5/(4:/GIT2]5) )
20 = FIZ /2= 1/4= |1 = FIZ/4—1.
Soforany f € F, we have || f — || < 33(F,0) + 2, which implies || f — f|[% < 128(F,0) + 12,ie., f € F.

For the second part, since function (-, -) is uniquely defined by F, we only need to analyze the maximal number of
different possible function classes F. When |Z’| > 6472/ or the number of distinct elements in Z’ is larger than

9216L; - In(64TN (F,5/(9216T%))/6),

|Z’] = 0 and thus F = F. Otherwise, F is determined by Z and f. Since f € C(F,1/(8+/64T2/5)), the number of
different f does not exceed NV (F, 1/(81/64T2/5)). Moreover, since there are at most

9216L; - In(64TN(F,5/(9216T2))/6)
distinct elements in Z, where |Z| < 6472/5 and each element belongs to C(S x A, 1/(8y/6472/5)), the number of
different Z is upper bounded by

9216 L1 -In(64TN (F,5/(9216T%))/4)
(WS x4, 1/(8/64T2]5)) x 6412 /5) .

B ANALYSIS OF THE MAIN ALGORITHM

Now we start to prove the regret bound of Algorithm [T} The following lemma provides a bound on the estimation of a
single backup.

Lemma B.1 (Single step optimization error). Consider a fixed epoch m € [M]\[M,]. We define
m o__ k _k
Zn = {(Sh’ah)}(h,k)E[H]x[rm—l]
as in Algorithm([l] Also, for any function V : S — [0, H], we define
m k k .k k
Dy = {(S}w ap, T, + V(Sh+1)) }(h,k)e[H]x[rm—l]
and

;o ) 9
fv= afg?g% ||f||D$-

Then, for any function V : S — [0, H] and § € (0, 1), there exists an event Ey s where Pr{&y s} > 1 — 0, s.t. conditioned
on &y, forany V' : § — [0, H| with ||V — V'||ec < 1/T, we have

Forl) = () = Y P V()

s'eS

< H\/In(T/§) + n N (F,1/T).

Zzm

for some constant ¢’ > 0.
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Proof. Forany V : § — [0, H], we define
fo()=rCo)+ Y0 PV (s,
s'eS
and now we consider a fixed V. For any f € F, define
En(F) = 2(f(shy, ap) = fv(shyan) - (fv(sh, ai) =1 = V(siyr)), V(b k) € [H] X [ — 1].

Also, for any (h, k) € [H] x [, — 1], define F¥ as the filtration induced by

{(Slfi”a'lfi'?T]]?L’)}(h’,k’)E[H}X[kfl] U {(Sﬁz, aﬁl,r,’j,)}h/e[h].

Then we have E[¢F(f)|FF] = 0 and E[(EF(f))?|FF] < 4(H + 1)2(f(sk,af) — fu(sF,af))?. Applying Lemma 10 of
Kirschner and Krause|(2018) by setting {X;} = {£F(f)}, we can obtain that with probability at least 1 — 4,

2T + 2 T 12
Y. G <8H D log =5 +AH + D|f — fyllzmflog

(h,k)E[H] X [Tm—1]

Applying a union bound of £F(f), —£F(f) over all f € C(F,1/T), we can further obtain that with probability at least
1-4,

S | <0 (H2n(T/8) + W N(F,1/T)) + HIIf = fullzev/In(T/0) + I N(F,1/T))
(h7k)€[H]X [TWL*l]
holds for all f € C(F,1/T).
Let £y,5 denote the above event, and for the rest of the proof, we condition on Ey 5.

Now, for any f € F, there exists a function g € C(F,1/T), s.t. ||f — g|lcoc < 1/T. Therefore,

> &n(H)| < > &n(9)| +2(H + DIIf = gll|2™|

(h,k)E[H]X [T, —1] (h,k)E[H]X [T —1]
SH*(In(T/5) + mN(F,1/T)) + H|lg — fv|z=/In(T/5) + mN(F,1/T)
SH*(In(T/8) + InN(F,1/T)) + H||f — fv|zm/In(T/6) + m N (F,1/T).

Forany V' : § — [0, H] with |V’ — V|| < 1/T, we can obtain that

1fvr = folloo = || D_ Pl )(V'(s') = V(")

s'eS

< V' =Vl < 1T,

oo

Furthermore, for any f € F,
£ 1Dm, = v D, = I1f = frllZm
=2 S (Flskiab) — fuo(shiab)) - (Fuo(shyal) — vk = V/(sksy)
(sk,ak)ezm

>2 Y (fsh.ap) = fu(shap)) - (fv(shyah) —rh = V(shi) — 6(H +1)

(sk,ak)ezm

> & (f) = 6(H +1)

(h,k)E[H] X [T —1]
H?*(In(T/8) + W N (F,1/T)) — H||f — fv|lz=/In(T/6) + m N (F,1/T)
H*(In(T/6) + mN(F,1)T)) — H||f — fv'||zm/In(T/8) + In N(F,1/T).

z_
Z_
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If we let f = fy, since fi = argmingcr || f| D, , we have

0 Z||fv'||29y, - ||fv'||QD$,

ZIfve = folZm — H(W(T/8) + N (F,1/T)) = H||fv' = fv|l 20/ In(T/6) + W N(F,1/T),

which implies

I fv: = fvillzm < ¢ H\/In(T/6) + In N (F,1/T).
for some constant ¢’ > 0. O
Lemma B.2 (Confidence region). In Algorithm[I] for m > My, define confidence region
w=A{feFIf - fitlZn < BFH)}.
Then with probability at least 1 — §/16, for all (h,m) € [H] x ([M]\[Mo]),
() + Y PG| Vi (s') € A
s'eS
given
B(F,8) > H*(In(T/8) + mN(F,1/T) + In |W)).

for some constant ¢’ > 0. Here, WV is given in Proposition @

Proof. By Proposition[A3] b (-, -) € W,V(h,m) € [H] x ([M]\[Mo]). Note that
Q= {min{f<'7 ) + w(" ')7 H}lf € C(]:v 1/T)7w € W} U {O}
is a (1/T)-cover of

m () = min{fﬂl(.’ )+ b;l”+1(.’ ), H}, h<H
ity 0, h=H"

i.e., there exists ¢ € Q, s.t. |g — Q1 |lc < 1/T'. Therefore,

V= {r;leajcq(wa)lq € Q}

is a (1/T)-cover of V;™ | with In [V < In |W| +In N (F,1/T) + 1.

Now, for each V. € V, let Ey;s/16/v)7) denote the event defined in Lemma [B.1| By union bound,
Pr{(Nycy Evs/aevim)} = 1 —6/(16T). In the rest of the proof, we condition on the event [y, ., Ev,5/(16v|T)-

Since f;* = argminycr ||f||%;n and there exists V € Vs.t. [|[V — V7 ||o < 1/T, by Lemrna we have

< H\/In(T/8) + N (F,1/T) + In |W|
Zm

FRCo) = () = Y0 P8 ) Vit (s)

s'eS

for some constant ¢’ > 0. Applying a union bound over all (h,m) € [H] x ([M]\[Mo]), we have that with probability at
least 1 — /16,

r() + ) P Vi (s)) € Fi W(hym) € [H] x ((M]\[Mo)).
s'eS
O
The above lemma proves that the confidence region contains 7(-, )+, g P(s'|-, 1)V} | (s") with high probability, which

implies that all the estimated Q-function @)} are optimistic with high probability as well. We formally state the conclusion
in the next lemma.
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Lemma B.3 (Optimistic Q-function). With probability at least 1 — §/8,
Qi(5.0) < QP (s,0) < v(s,0) + 3 P(s, )V, () + 26 (5. )
s'eS
forall (h,m) € [H]| x ([M]\[My]) and (s,a) € S x A.
Proof. Let F]* be the confidence region as defined in Lemma@ Let &; denote the event that
)+ D P Vil (s') € Fi,V(hym) € [H] x ([M]\[Mo]).
s'eS
By Lemma|[B.2] Pr{&;} > 1 — §/16. Let & denote the event that
br(s,a) > w(Fi, s,a),V(h,m) € [H] x ([M]\[M]), (s,a) € S x A.

By Proposition [A.5]and union bound over all (h,m) € [H] x ([M]\[My)]), Pr{&} > 1 — §/16. We condition on & N &,
in the rest of the proof, which holds with failure probability at most /8.

By the definition of width function,

Joax |f(s,a) = fi*(s,a)] < w(F*, s,a) <bi(s,a),¥(s,a) € S x A.
EFY

Since 7(+, ) + > es P(S'|, )V (s') € F, we have

r(s,a)+ Y P(s|s,a)Vilii(s)) = fi'(s,a)| < bR (s,a),¥(s,a) € S x A. )

s'eS
Therefore, for all (s,a) € S x A,

Q' (s,a) < fil'(s,a) + b (s,a) < r(s,a) + Y P(s/]s,a) Vit i (s') + 267" (s, a).
s'eS

Next, we start to prove Q7 (-,-) < Q7'(-,-) by induction on h. When h = H + 1, the inequality directly holds since
Qtr41() = QF1(-,-) = 0. Now for any h € [H], assume Qi1 (s ) < QY1 (s -). This also implies Vﬁk+1(') <

Vi1 (). Therefore, for any (s,a) € S x A,

Qh(s,a) =r(s,a) + Y P(s'|s,a)Viiy ()

s'eS

< min {H,r(s,a) + Z P(s'|s, G)Vﬁl(sl)}

s’eS
@ . m m m
< min {H’ -fh (Sa a) + bh (57 a)} = Qh (Sa a)7
which completes the proof. O
Now, we can decompose the regret and bound it by the summation of bonus functions.

Lemma B.4 (Regret decomposition). With probability at least 1 — 6 /4,

Tm4+1—1 H

Reg(K) < Tajgq1 - H +2 Z > Zb (s¥,ak) + 8H+\/T1n(16/6)

m=Mo+1 k=1, =

Proof. For any step h € [H], epoch m € [M]\[Mpy] and episode k in epoch m, define

&k = > P(s'Ishyak) (Vita(s) = Vi) = (Vitka sh) = Vil (sh))
s'eS
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and define F¥ as the filtration induced by

{(SZ/,afmTﬁ/)}(hgk')e[H]x[k—l} U{(sh, aﬁurlff/)}h'e[h—l]-
Then E[¢F|FF] = 0 and |£F| < 2H. By Azuma-Hoeffding inequality, with probability at least 1 — §/8,

Tm4+1—1 H

Z > ) & <8H\/T(16/9).

m=Mo+1 k=1, h=1

We condition on both this event and the event defined in Lemma which also holds with probability at least 1 — 6/8 in
the rest of the proof.

Let ¥ denote the uniformly random policy adopted in the first (Mg — 1) epochs. By Lemma

Reak) = 3 (VG h) 4 0 S0 (Vsh - v )
k=1 m=Mo k=Tm

Tm+1—1

<tm,+1-H + Z Z ( V17Tm(3]1€>)-

m=Mo+1 k=71,
For each k and corresponding m, we have
VI (sh) = Vi (1)
:QT(s’f,alf) 517a1 Z P(s |51,a1 vy (5/)

s'eS
<r(st,a}) + Y P(s'|s}, a)) V3" (s') + 267" (st af) — r(st,at) = D P(s'|st, af)V5 (s)
s’eS s'eS
= P(s'Is}, al)(V3"(s') = V57 (s')) + 267" (s, af)

s'eS
(V3" (s5) = V5" (55)) + &F + 267" (s}, af)

g({@,m(s’g) — V5 (s5)) + €5 + & + 207" (s1, af) + 265" (55, ab)
<

H
Z £F 4 20 sh,a’,i))
h=1

Therefore,

Tm+1—1 H

Reg(K) < tasgp1- H +2 Z > birskaf) + 8HA/TIn(16/5).

m=Mo+1 k=1,, h=1

To prove the main theorem, we also need the next lemma.
Lemma B.5. With probability at least 1 — /2, for all (h,m) € [H] x ([M]\[Mo]) and any f, f' € F,

Tm—1
T 1By (rrvty o (o [(F(5.0) = F(s,0)?] <43 (F(sal)) — £/(sh.af))? +64.

k=Tm—1

Proof. We first fix any (h,m) € [H] x ([M]\[My]). Define dataset

Z;Ln = {(Slfcm afl)}ke[Tm—lva_l]'
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Now we fix any pair of distinct functions f, f* € C(F,1/T). Also, for any episode k € [Ty,—1, T — 1], let
& = (F(siyah) = f'(sh. i)
Therefore,
E [fﬂ = Eswph(wmfl),aNﬂgfl(s) [(f(s,a) — f'(s, a))z] :
Note that

0<&r < (Sﬁfé(“(f(s’“) — f(s,0))> = |If = F'll%.

Also, by Definition[3.3]

1 1
E[g] = - max (F(s,a) = f'(s,0)* = Z-If = FII%.

Therefore, by Hoeffding’s inequality,

e 2 2 Tm—112
Pr 1 Z (& —E[&]) < —oE[g" ] p <exp (ZTT”_W E[¢" ] >

Ty 2 Tl - 1%
2Tm,1’l}2 ”f B f/H4 > < 2Tm11)2>

<exp (— . ) <exp|——5— .
1f = Fll% L3 L7

Since

128TN (F,6/(9216T2))>
5

TN (F,1/T)?

Trpq =2m"2>2M0"1 > 812 n 5 ;

>2L%1In

. _ 1 .
by setting v = 5, we can obtain that

1 « J N, v? 2TN(F,1/T)?
Pr{Tm_lggﬁs2E[eh ]}Sexp(—ﬂ-mmé

1

2N (F, 1T _ 5
5 > = TN (F,1/T)2

By a union bound over all such function pairs (f, '), this implies that with probaiblity at least 1 — §/(27T), for any
[ f e C(F,1/T),

<exp ( In

Tm_lESN'Dh(7‘("’"*1)7(1&471';;171(S) [(f(57 a’) - fl(S? a))z] S 2||f - f/||22/7;’n
Now we condition on the event above in the following part of the proof.

To simplify the notation, we denote
”f - f/Hi;L”*l = ESNDh(Tr""_l),aN‘n'Z”_l(s) [(f(S, CL) - f/(s7a))2] 7Vf7 f/ S

For any pair of functions f, f’ € F, there exists f, f' € C(F,1/T),s.t. ||f — flloo < 1/T and ||f' — f'||oc < 1/T. When
If = fl?n_1 < 64/T,,_1, we can directly obtain that
Th

Toallf = Flzms < 4If = FlIZp + 64

So we only consider the case when || f — f’||?,._, > 64/T,,_1. Then, we have
Th

1f = Fllzg 20F = Fllz = 1F = Flzp =1 = Fllzp
>\ Tt 20 = Pl — 2T
> VT 172 (If = Fllggs = 1 = Fllgms = 1 =
>\ T 1 /2 (I1f = fllgpr = 2/T) = 2/VT
>V To1 /2| f = 'l = 4/VT 2 0.

V

o) —2VT
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Therefore,
If = FZp 2(Tn-1/4) - |1 = f’Hi;m —16/T > (Trn—1/4) - If — f’llfr;lnfl - 16,

which means

Tm—1

Tm—l]ESNDh(Trm—l)’amrgkl(s)[(f(sa a)— f'(s J<4 Z Shv ah ~f (S;Cn ah)) + 64.

k?‘l'ml

Finally, we complete the proof by directly applying a union bound over all (h,m) € [H] x ([M]\[Mo]).

Now we are ready to prove the main theorem.

Proof of Theorem We condition on the event defined in Lemma|[B.2] Lemma[B.3] Lemma[B.4land Lemma[B.3] Also,
we condition on the event in Proposition after applying a union bound over all (h,m) € [H] x ([M]\[Mo]). With
probability at least 1 — 4, all the above events hold.

By Lemma[B.4] we have

Tm+1—1 H

Reg(K) < tasgp1 - H +2 Z > btk af) + 8HA/TIn(16/5).

m=Mo+1 k=1,, h=1
For any (h,m) € [H] x ([M]\[Mo]), we define
Fu ={reFIIf -z

Zm <12B(F,0) + 12},
where
2z = {(827aﬁ)}(h,k)e[H]x[-rm—l}
as defined in Algorithm[I] Let
HIGHf;n(s,a) = flg%)’éf(s,a), Lowzm (s,a) = frél;-'ri f(s,a).

By Prop0s1t10n- A5 b (-, ) < w(F), ,-,-). Then, for any episode k € [Ty, Tmi1 — 1,

m 2 —m 2 2
(b (sh,af))” < (T shoah))” < (HiGugy (sh,af) — Lowsen (s}, af))
ko k k kb))
= (HIGH?;{L (shrar) = fi' (shak) + [ (sh ap) — LOW]—"”(shvah))
2
<2 (HIGH}' (s an) = fi" (Sma@) +2(fh (s an) — Lowzm (SZ»GZ))
2
<4 sup (f(sy,ar) — fi'(sh,ap))
feFy
§4L1 SIE) ESNDh(Wm_l)EQNWhm_l(S) [(f(saa) - f}rln(s,a))ﬂ
feFy
Tm—1

Lemma[B3l 4], o ’
< ! - sup |4 Z (f(SfL,ah) fh( ’Z))2+64

Tm_l fe?;,n k’:‘rm,1
4L .
<EL L sup (4 — £ 1%+ 64)
m=1 feFy
4L,
< (4 % (12B(F, 8) + 12) + 64)
m—1
 64L,

T BBE.) 4 7).
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Therefore,

2

( £ Eines)

m=Mo+1 k=7, h=1

Tm+1—1 H
b Sh,ah 'T
m=Mo+1 k=1, h=1

Tm+1— 1 H

<64TL, Z > Zgﬁ

m=Mop+1 k=1, h=1
<128TLHM (33(F,5) +7),

which implies
Tm+1—1 H

Z Z me Sh,ah ) < 32\/L THM(38(F,0) +7).

m=Mop+1 k=1, h=1

Then, we can obtain that

Reg(K)

<oMo. [ 4 32\/L\THM (36(F,6) +7) + 8H+/T'In(16/9)

128TN(F, / OASTO 32/ T HNIGACE, )+ 7) + SH/TIn(16/9)

<O(L?H(n(T/8) + In(N'(F,6/T?)))) + O(L?H*/? n*(T/6) - max(In(N(F,8/T3)), In(N'(S x A,8/T?))) - VT)
<O(LyH??1n*(T/6) - max(In(N(F, 8/T%)),In(N (S x A,8/T?))) - VT)

<64LiH In

C PROOF OF PROPOSITION 3.4

In this section, we provide the proof of Proposition[3.4]

Proof of Proposition[3.4] For linear settings, let W* = {w — w’|w,w’ € WY}, then by Definition[3.3]

b o ey SWPeaesaluT00) ~ uTols,a))
x helH] wuew Egnp, () Earam, (s [(WTS(8),a") —w'Te(s', a’))?]
<sup max sup Sup(&a)GSXA(w #e.a))”
= helH] wew* By, (m)Barmm, (s [(wTo(s;a))?]

lwl3

<sup max Ssup
n h€[H] wew* Es’th(w)Ea/Nwh(s’) [(quS(s/’a/))z]

wlf3

<
Sl?ip ;Iel?}}l(] wSEuVI\i* w ]Es NDh(ﬂ')Ea ~p (s’) [(b(sla al)(b(slv a/>T] w

[wll3
U)||2 min (ESlNDh(TF)Ea,Nﬂ'h,(SI) [¢(S/7a/)¢(8/7 a/)TD

1
<sup max
n he[H] )\min (Es’w’Dh(ﬂ’)Ea’Nwh(s’) [¢(8/7 &/)¢(S/, a/)T])

<sup max sup
m h€[H] wew=
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For sparse high-dimensional linear settings, let W* = {w — w'|w,w’ € W}, then by Definition 3.3}

L, <sup max sup SUP(s yesxa(W' d(s,a) —w'T¢(s, a))?
m h€[H] ww ew Es/NDh(w)Ea’Nwh(s/) [(wT¢(s/7 a/) - wquS(s/’ a/))2]
< sup max sup SUP (s ayesxa(w' d(s,a))?
m h€[H] wew* Es’ND;L(w)Ea/NmL(s’) [(wT¢(s’,a’))2]
<sup max sup 45||wH§
n he[H] wew* Es’th(w)Ea’NmL(s’) [(wT¢(S/7a/))2]

4s]|w||3

<
o Sl;p }frel?‘l){(] wSEHVI\)/* wTEs’NDh(ﬂ)Ea’Nﬂ’h(s’) [¢>(5/, a/)d)(slv a'/)T] w

4s|w|[3
w”%wmin (]Es’~Dh(7r)Ea’~7rh(s’) [¢(S/7 a/)¢(317 a'l)T])

4s
<sup max .
7 h€[H] Ymin (Es’NDh(w)Ea’~7rh(s’) M)(Slva/)d)(slv a/)TD

<sup max sup
7w h€[H] wew*

D PROOF OF THEOREM

In this section, we provide the proof of Theorem [5.2]for model misspecification. First, we slightly modify Lemma [B.T|and
reprove it in model misspecification case.

Lemma D.1 (Single step optimization error for misspecification). Assume that our function class F satisfies Assump-
tion[5.1} Consider a fixed epoch m € [M]\[M]. We define

m o__ k _k
Z —{(Siwah)}(h,k)em]x[rmq}

as in Algorithm([l] Also, for any function V : S — [0, H], we define

Dy = {( Koak, i+ V(SZ+1))}(h,k)e[H]X[Tm—l]

and

;L ] )
fv = argmin | f[lp;,.

Then, for any function V : S — [0, H] and § € (0, 1), there exists an event Ey, 5 where Pr{&y s} > 1 — 9§, s.t. conditioned
on &y, forany V' : S — [0, H| with ||V — V'||ec < 1/T, we have

Forl) = () = Y P V()

s'eS

< \H2(In(T/8) + In N (F,1/T)) + HTC.

ZzZm

for some constant ¢’ > 0.
Proof. Forany V : § — [0, H], we define
fo()=r()+ )0 PV (s),
s’eS

and now we consider a fixed V. Note that under Assumption [5.1] it does not necessary hold that fy; € F, but it can be
ensured that

2. <l|z2™|I? <1

gzgngffvl

For any f € F, define

&n(f) = 2(f(sh, ak) = fv(sh,ah)) - (fv(sh,ap) — i = V(shi1)), V(h,k) € [H] x [ — 1].
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By the same method as in Lemma[B.1] we can prove that with probability at least 1 — 4,

> &N (f)| S8(H +1)%log

(h,k)E€[H] X [Tm —1]

2T + 2 2T 42
L2 A+ D)f — frlzeylog =

Let £y,5 denote the above event, and for the rest of the proof, we condition on Ey 5.

Similarly, by the same method as in Lemma[BI} for any f € F, we have

> & ()| SHA(W(T/8) + W N(F,1/T)) + H||f = fvllznVIn(T/8) + N (F, 1/T).

(h,k)E[H] X [Tm—1]

Forany V' : S — [0, H] with ||V’ — V|| < 1/T, we can obtain that

< V' = Voo < 1/T.

o0

v = fvllee = || D P(|)(V'(s') = V(s))

s'eS

Furthermore, again by the same method as in Lemma[B.T} we can obtain that for any f € F,
2 20
1£13p, = v 1,

2If = forllzn — H2((T/8) + W N(F,1/T)) = H||f — fvllzn/In(T/6) + N (F, 1/T).

If we let f = fi/ = arg minge r Hf||p$,, we have

| fv ||QD$, =l fvr ||%$,

ZIfvr = frillZm — HA(I(T/8) + mN(F, 1/T)) = H| fyr = ful|zm/In(T/6) + M N(F, 1/T).

%, then

Now let i = arg minge z[|f — fv|
v llog, < 1 llop < v

o, — | fvllop, < VT¢

= fvlibp, = v g, < VI v lioy, + I1fv/llog,) < VTC-AVTH = 4HTC.

o, + | fvr = fvrllzm < | fvellom, + VT

= | fv|

Therefore,

1 = firll S HX(n(T/3) + N (F,1/T)) + H| fyr = fu | zm/I(T/0) + N (F, 1/T) + 4HTC.

which implies

I fvr = fvrllzm < ¢VH2(W(T/8) + W N(F,1/T)) + HT(.

for some constant ¢’ > 0. O

Using the above lemma, we can obtain the following lemma similar to Lemma B2

Lemma D.2 (Confidence region for misspecification). Assume that our function class F satisfies Assumption In
Algorithm[) for m > My, define confidence region

Fit={r e F|If - fitlzm < B(F.0)}.
Then with probability at least 1 — §/16, for all (h,m) € [H] x ([M]\[Mo]),

r()+ Y P Vi (s) € F
s’eS

given
B(F,8) > (H*(In(T/6) + In N (F,1/T) + In|W|) + HTC).

for some constant ¢ > 0. Here, W is given in Proposition @
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Proof. The proof is almost identical to that of Lemma B2} O

Proof of Theorem By Lemma|[D.2] Lemma[B.3] Lemma[B.4] Lemma[B.3] the proof is almost the same as the proof of
Theorem 411 O
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