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Abstract. Function approximation has been an indispensable component in modern reinforcement learning
algorithms designed to tackle problems with large state spaces in high dimensions. This paper reviews re-
cent results on error analysis for these reinforcement learning algorithms in linear or nonlinear approxima-
tion settings, emphasizing approximation error and estimation error/sample complexity. We discuss various
properties related to approximation error and present concrete conditions on transition probability and re-
ward function under which these properties hold true. Sample complexity analysis in reinforcement learning
is more complicated than in supervised learning, primarily due to the distribution mismatch phenomenon.
With assumptions on the linear structure of the problem, numerous algorithms in the literature achieve poly-
nomial sample complexity with respect to the number of features, episode length, and accuracy, although the
minimax rate has not been achieved yet. These results rely on the L* and UCB estimation of estimation error,
which can handle the distribution mismatch phenomenon. The problem and analysis become substantially
more challenging in the setting of nonlinear function approximation, as both L* and UCB estimation are in-
adequate for bounding the error with a favorable rate in high dimensions. We discuss additional assumptions
necessary to address the distribution mismatch and derive meaningful results for nonlinear RL problems.
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1 Introduction

Reinforcement learning (RL) studies how an agent can learn, through interaction with the
environment, an optimal policy that maximizes his/her long-term reward [52]. When
the problem involves a finite set of states and actions of moderate size, the correspond-
ing value or policy functions can be represented precisely as a table, which is called the
tabular setting. However, when the problem contains an enormous number of states or
continuous states, often in high dimensions, function approximation must be introduced
to approximate the involved value or policy functions. With the rapid development of
machine learning techniques for function approximation, modern reinforcement learning
(RL) algorithms increasingly rely on function approximation tools to tackle problems with
growing complexity, including video games [41], Go [50], and robotics [32].

Despite the astonishing practical success of RL with function approximation when ap-
plied to challenging high-dimensional problems, the theoretical understanding of RL al-
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gorithms with function approximation remains relatively limited, particularly when com-
pared to the theoretical results in the tabular setting. In the tabular setting, roughly speak-
ing, we can achieve the minimax sample complexity up to the logarithm term: we need
samples of the order of H3|S||.A|/€? to obtain an e-optimal policy, where H denotes the
episode length, |S| and |.A| denote the size of the state space and action space (see [8/13]25]
for detailed discussions). Apparently, these kinds of results become vacuous when |S|
(and/or |A|) is extremely large or infinite. Therefore, the study of sample complexity
in the presence of function approximation has received considerable attention in recent
years in the RL community. Relatively simple function approximation methods, such as
the linear model in [29)/57] or generalized linear model in [37,/56] have been examined
in the context of RL algorithms. Meanwhile, nonlinear forms like kernel approxima-
tion [15,39,140,/58,59] have also been studied in RL problems to further bridge the gap
between theoretical results under restrictive assumptions and practice.

In this paper, we review recent theoretical results in RL with function approximation,
from linear setting to nonlinear setting. We mainly focus on the results regarding approx-
imation error and estimation error/sample complexity, which are errors introduced by
function approximation and finite datasets, respectively. We first review the basic con-
cepts of RL in Section[2land introduce two categories of RL algorithms: value-based meth-
ods and policy-based methods in Section[Bl We are interested in these algorithms when
combined with function approximation. In Section], we give a general framework for the
theoretical analysis of RL with function approximation. We adopt the concepts of approxi-
mation error, estimation error, and optimization error from supervised learning to RL and
discuss the crucial challenges of analyzing these errors in RL. In Section[5, we introduce RL
algorithms with linear function approximation, as it is the simplest function approxima-
tion. We introduce the basic linear MDP assumption [29], which assumes that both reward
function and transition probability are linear with respect to d known features. Under this
or similar assumptions, the Q-value function can be represented as a linear function with
respect to the features, and numerous algorithms in the literature can achieve polynomial
sample complexity with respect to the number of features d, episode length H, and accu-
racy €. However, the minimax sample complexity has not been achieved yet.

In Section 6] we further discuss RL with nonlinear function approximation. We first in-
troduce the theoretical results of supervised learning on reproducing kernel Hilbert space,
neural tangent kernel, and Barron space, and then discuss how to analyze the approxima-
tion error in RL problems with nonlinear function approximation. We then focus on the
distribution mismatch phenomenon, which is a crucial challenge of RL compared to su-
pervised learning when analyzing the estimation error in the presence of function approx-
imation. In tabular and linear settings, the distribution mismatch is handled by the L* and
UCB estimation. However, as we will point out, both L* and UCB estimation suffer from
the curse of dimensionality for various function spaces, including neural tangent kernel,
Barron space, and many common reproducing kernel Hilbert spaces. This challenge re-
veals an essential difficulty of RL problems with nonlinear function approximation, and
thus additional assumptions are needed to derive meaningful results for nonlinear RL in
the literature, including assumptions on the fast eigenvalue decay of the kernel and as-
sumptions on the finite concentration coefficient. We finally introduce the perturbational
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complexity by distribution mismatch in [39], which quantifies the difficulty of a large class
of the RL problems in the nonlinear setting, as it can give both lower bound and upper
bound of the sample complexity of these RL problems. Directions for future work are
discussed in Section[Zl

Notations. Given X as an arbitrary subset of Euclidean space, we use C(X') to denote the
bounded continuous function space on X, and P (X') to denote the probability distribution
space on X. For any random variable X, we use £(X) to denote its law. Given a positive
integer H, [H] denotes the set {1,...,H}. I; denotes the identity matrix of size d. The
notation O(-) ignores poly-logarithmic factors.

2 Preliminary

2.1 Markov decision processes

Throughout this article, otherwise explicitly stated, we mainly focus on the finite-horizon
Markov decision process (MDP) M = (S, A, H, P, r, i) with general time-inhomogeneity
as the mathematical model for the RL problem. The specifications are the following;:

* S is the state space and we assume S is a subset of a Euclidean space.

¢ Ais the action space and we assume A is a compact subset of a Euclidean space.

H is the length of each episode.

P: [H] x § x A P(S) is the state transition probability. For each (h,s,a) € [H| x
S x A. P(-|h,s,a) denotes the transition probability for the next state at step  if the
current state is s and action a is taken.

r: [H] x § x A — R is the reward function, denoting the reward at step & if we
choose action a at the state s. Unless explicitly stated, we assume r is deterministic
and the range of r is a subset of [0, 1]. We also assume that r is a continuous function.

i € P(S) is the initial distribution.
We denote a policy by m = {m;, }/L, € P(A|S, H), where

P(A|S, H) = {{nh<-y-)},§:1; u(+|s) € P(A) forany s€ S and h € [H]}.

In some cases, we need to work with time-homogeneous, infinite-horizon MDP M =
(S, A, v, P,r,u), where

e S, Aand yu are the same with the finite-horizon case,

e v €[0,1) is the discount factor,

* P:S x A P(S) is the state transition probability,

e 7:S X A R is the deterministic reward function.
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2.2 Total reward, value function and Bellman equation

Given an MDP M and a policy 7, the agent’s total reward is defined according to the
following interaction protocol with the MDP. The agent starts at an initial states So ~ y;
at each time step h € [H] the agent takes action A, ~ 7;,(-|Sy), obtains the reward
r(h, Sy, A) and observes the next state S, 1 ~ P(-|h, Sy, Ap). In this way, we generate
a trajectory (Sp, Ao, ..., SH, An) and we will use IPy; , and E s  to denote the probability
and expectation of the trajectory generated by policy 77 on the MDP M. The expected total
reward under policy 7t is defined by

H
r(h, Sp, Ay)
h=1

](M/ 7-[) = IEM,N

7

and our goal is to find a policy 71 to maximize J(M, ) for a fixed MDP M. We will use
J'(M) = sup J(M,m)
neP(A|S,H)

to denote the optimal value. For ease of notation in analysis, we will use pj, p r,, to de-
note the distribution of (S;, A;) under transition P, policy 7t and initial distribution p.
Moreover, we use I1(h, P, u) to denote the set of all the possible distributions of On,p,mu

I1(h,P,u) = {ph,p,n,‘ui neP(A|S H)},

and let

(P, ) = |J (kP u).
he[H]

Given an MDP M, a policy 7, a state s € S, an actiona € A and time step 1 € [H], we
define the value function and Q-value function as follows:

H
Vi (s) =Bmz | Y (W, S, Ay) | Sy = s] ,
n=h
H
Qr(s,a) =Ep | ) (', S, A, S, =5, A, =a|,
W=h

as the expected cumulative reward of the MDP starting from step . We have the following
Bellman equation:

Qi (s,a) = r(h,s,a) + By p(.|ns.a) [Vt (s)]

Vi(s) = [, Qi(s,a) drmy(als)
where we define V7 ; = 0. The optimal value function and the optimal Q-value function
are defined by

Vi(s)=sup Vj(s),
nell(S, A H)

Q;(s,a) = sup  Qj(s,a).
nell(S,A,H)
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The famous Bellman optimality equation gives,

Qpi(s,a) =r(h,s,a) +Egp(. nsa) Vi1 ()],

2.1)
Vi(s) = a), (
77(5) = max Qu(s,0)

where we again define Vi, ; = 0. We will use 7* to denote an optimal policy of Q;
satisfying the following greedy condition:

supp (7 (-|5)) C {a € Az Qj(s,a) = Vi (5)}

for any (I,s,a) € [H] x S x A. The optimal policy 7* satisfies that V;* = V; and QF =
Q;- We refer readers to [44] for an in-depth discussion of the value function, Bellman
equation, and optimal policy.

In the case of the time-homogenous MDP, our goal is to find a policy to maximize the

discounted total reward
[ee]

Y"1 r(Sn, A)
h=1
We can then introduce the value function, Bellman equation, and optimal policy similarly
as in the time-inhomogeneous case, and we refer [44] for details.

IEM,rc

2.3 Simulator models

In RL problems, the exact form of the transition probability P and reward function r is un-
known, and we can only interact with the MDP to obtain a near-optimal policy. Obviously,
the sample complexity of an algorithm depends on the way in which we are allowed to
interact with the MDP (the interaction can be different from the interaction according to
which the total reward is defined, as described above). There are two main types of sim-
ulators for the MDP, which specify the allowed interaction: the generative model setting
and the episodic setting. We describe these settings below, and the results in both settings
will be reviewed in this paper.

Generative model setting. In the generative model setting, one can take any time-state-
action tuple (h,s,a) as the input of the simulator and obtain a sample s’ ~ P(-|h,s,a)
and the reward r(h,s,a). In this sense, the MDP simulator works as a general generative
model.

Episodic setting. The episodic setting is a more restrictive scenario compared to the gen-
erative model setting. In the episodic setting, one can only decide an initial state s and the
action on each time step to obtain from the simulator a trajectory (S1, A1, ...,Sy, Ax) and
the rewards on the trajectory r(1,S51, A1),...,7(H,Sy, Ag). In the episodic setting, it is
common to consider the regret: the cumulative difference between the obtained reward
and the optimal reward over K episodes

K

Regret(K) = ) [J*(M) — J(M, )]

k=1
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for any given policy sequence (713, ...,7x) and we aim to minimize the regret over K
episodes. If we define a random policy 77, which uniformly chooses a policy among
m, ..., Tk and apply it to the MDP, then

J*(M) = J(M, 7t) = %Regret(K).

Therefore, a policy sequence with low regret can generate a near-optimal policy.

3 RL algorithms with function approximation

In this section, we introduce some typical RL algorithms with function approximation.
They can be divided into two categories: valued-based methods and policy-based meth-
ods.

3.1 Value-based method

Value-based methods approximate the value or Q-value functions and use the Bellman op-
timality equation (2.1)) to learn the optimal value or Q-value functions. The near-optimal
policy can then be obtained through the greedy policy with respect to the optimal Q-value
function.

If we have access to a generative model, one typical value-based algorithm with func-
tion approximation is the fitted Q-iteration algorithm [4,[12,122,142]. Its main idea is as
follows: noticing that the conditional expectation minimizes the L?-loss corresponding to
the Bellman optimality equation (2.I), we know that for any function space F such that
Q;, € F, Q; is the minimizer of the following optimization problem:

I}Iéi;l E (s a)mpis'mmy (- | s,0) | f(5,8) = 1(h,5,a) = Vi 4 (s") 2. (3.1)

Therefore, in the fitted Q-iteration algorithm, we compute the Q; backwardly through
the Bellman optimality equation (2.I). At each step h, we choose n state-action pairs
{(S}, Al ) }1<i<y, submit the queries {(Si, Al h)}1<i<, to the generative model, and ob-
tain the reward and next state {(r!, S} 1) }1<i<n- We solve an empirical version of the
least-square problem B.1) for h = H,H —1,...,1 backwardly. The pseudocode of the
fitted Q-iteration is presented in Algorithm[Il We comment that the performance of the
fitted Q-iteration algorithm relies on the samples of state-action pairs { (S}, A?)}1<j<,: we
hope these samples are representative enough among those encountered under the opti-
mal policy.

In contrast to the generative model setting where we can directly choose arbitrary state-
action pairs to query at each step, when we work in the episodic setting, we need to decide
how to take action on each step in order to balance the trade-off between exploitation and
exploration. Exploitation concerns taking actions with large estimated Q-values in order
to obtain large rewards, while exploration concerns taking actions with high uncertainty
in their Q-values in order to obtain more accurate estimates. On the one hand, taking
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Algorithm 1 Fitted Q-iteration algorithm
Input: MDP (S, A, H, P,r, ), function classes {]—"h}le, regularization terms {Ah}{f:l,
number of samples n, state-action pairs { (S}, A},) }ne (] ic[n]-

Initialize: Qp1(x,a) =0 for any (x,a) € S x A.

forh=H,H—-1,...,1do

Send (S}l, A}l,h), ..., (S}, A}l h) to the generative model and obtain the rewards and
next states (r,ll, SA}l +1)' e, (1, §Z +1) for all the state-action pairs.

Compute y;; = r;l + max,e 4 QhH(SA;'ZH,a).

Compute Qy, as the minimizer of the optimization problem

I
min = Y [, — f(Sh, 4[>+ Ay(F). 32
fefﬂli;‘yh F(Sn A"+ An(f) (3.2)

Set Q;, = max{0,min{Q;,, H}}.
end
Output: 7t as the greedy policies with respect to {Qj, }F. ;.

actions with large estimated Q-values can lead to large estimated total rewards in this
episode, but it can also prevent the agent from discovering better actions. On the other
hand, taking actions with high uncertainty can lead to more accurate Q-value estimates,
but it may also result in lower total rewards in this episode. Finding the proper balance be-
tween exploitation and exploration is an important challenge in RL. The upper confidence
bound (UCB) method is a common approach used in reinforcement learning to balance
such a trade-off. In the UCB method, a bonus function is added to the estimated Q-value
function to reflect the uncertainty in the Q-value estimates. The action that is chosen is the
one with the highest sum of the estimated Q-value and the bonus. Since the estimated Q-
value and the bonus reflect exploitation and exploration, respectively, the UCB method is
widely used in reinforcement learning algorithms and often achieves good performance.
The UCB method allows the algorithm to balance the need for exploitation, in order to
obtain large immediate rewards, with the need for exploration, in order to obtain more
accurate Q-value estimates. We present the pseudocode of one typical such algorithm, the
value iteration algorithm [29], in Algorithm 2|

3.2 Policy-based method

In policy-based methods, the policy function is approximated and optimized based on
cumulative reward using stochastic gradient descent. A key step in this process is cal-
culating the gradient with respect to the cumulative reward. This relies on the policy
gradient theorem [53]

T

H
Vol(19) = Emy | ) Vologm(An|Sn) Y r(H, S, Aw)
7= H=h
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Algorithm 2 Value iteration with function approximation and bonus term

Input: MDP (S, A, H, P, r, u), number of episodes K, function classes { F}, }}Ile, regulariza-
tion terms { A} ;.
Initialize: Q} (s,a) = 0 for any (h,s,a) € [H] x S x A, Q% ,(s,a) = 0 for any (k,s,a) €
[K] x S x A.
fork=1,...,Kdo
Sample S’l‘ from the initial state distribution p.
forh=1,...,Hdo
Take action Af = argmax,. 4 Qf(SF, A¥) and observe the reward rf = r(h, Sk, Af)
and next state S]I;H ~ P(-|h, Sk, AK).
end
if k < K then
forh=H,H—-1,...,1do
Compute QZH as the minimizer of the optimization problem
k
min {1 L+ may il S - S, 4D M0 03
Compute the bonus function bi™ : S x A — [0, +c0) based on {(Si, Al)}k

and Fj,. Set Q’Zﬂ = max{0, miln{QA',;Jr1 + bZH,H}}.

end

end

end

Output: 7tF as the greedy policies with respect to {Q’;l H fork=1,...,K

Here we only state the naive method to compute the gradient. Several variants can be used
to replace Z,f,zh r(h', Sy, Apy) to reduce the variance, see [48] for a detailed discussion. Al-
gorithm[3gives the pseudocode of the policy gradient method. Besides the vanilla policy
gradient method, several variants of the policy gradient method have been proposed by
adding various regularization terms to the cumulative reward as the target of the opti-
mization, including the natural policy gradient [30], proximal policy optimization [49],
and trust region policy optimization [47].

4 General framework of theoretical analysis on RL with function
approximation

In this section, we will discuss how to distinguish and quantify different sources that affect
the performance of RL algorithms that use function approximation. To begin, we will
provide a brief overview of supervised learning and error decomposition in that context.
Then, we will examine how to adapt these concepts for application in the analysis of RL
algorithms with function approximation.
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Algorithm 3 Policy gradient method

Input: MDP (S, A, H, P, r, i), parametrization of policy 7y, initialization 6, batch size N,
iteration step K, learning rate 7.
Initialize: Set 6 = 0.
fork=1,...,Kdo
Sample N iid. states {S{}N, from p and collect N trajectories {(S, Al,...,
St AL) N using policy 7.
Estimate the gradient

1 N H . . T . .
Sk = NZ Volog me(AL|SH) Y r(i,Si,, AL).
i=1h=1 =

Update 0 < 0 + 1gy.
end
Output: 715.

In supervised learning, the goal is to estimate the target function f* based on a finite
training set

D = {x;,Yi}i=1,
where x1, ..., x, areii.d. sampled from a fixed distribution y,
yi=f(x;) +e

and the noises €, . .., €, are i.i.d. standard normal distribution independent of x, ..., x.
We aim to find an estimator f with a small population loss

R(f) = Exmpl f*(x) = f(x) 2.

In a standard procedure of supervised learning, one first chooses a hypothesis space
or a set of trial functions H,, = {f(x;0) : 6 € ©,}, where 0 denotes the parameters and
m denotes the number of parameters in H;,;. Common choices of the hypothesis space
include linear functions, kernel functions, and neural networks. The next step is to choose
a loss function and formulate an optimization problem. The loss function is typically
composed of the empirical loss R, (0) and a regularization term A(6)

£4(6) = Ra(®) + A©) = 1 VI~ F0)F + AG).

The last step is to solve the optimization problem that aims to minimize the above loss
function. It is usually solved by the gradient descent method, stochastic gradient descent
method, or their variants.

Let f;, be the minimizer of the population loss R(f), the best approximation to f* in
Hu, fumn be the minimizer of the loss function £,(#) in the hypothesis space H,, and f
be the output of the optimization algorithm. Then the total error between the true target
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function f* and the output of the supervised learning algorithm f can be decomposed into
three parts, where || - [|2(,,) denotes the L%-norm under the distribution u

1f* —f’|L2(y) < N = fumlleagey + 1 fm = fnn

approximation error estimation error optimization error

20 + | fnn = fllz2u -

The first part is the approximation error || f* — fu|| 12(y)» Which arises because the hy-
pothesis space H,;, may not be able to represent the true function f* exactly. The second
part is the estimation error || f — finnl| 12(4), Which arises because we only have a finite
dataset and may not be able to find the best approximation f;,. The third part is the opti-
mization error || fu,n — f| 12(y), which arises because the optimization algorithm may not
converge to the true minimizer of the empirical loss. We will then discuss the approxi-
mation error, estimation error, and optimization error in the context of RL with function
approximation.

4.1 Approximation error

To investigate the approximation error in the context of RL, we aim to understand the
requirements for the transition probability and reward function needed to accurately ap-
proximate the Q-value function for value-based methods and the policy function for po-
licy-based methods. Note that the value function V}' is less significant, as we cannot di-
rectly compute the optimal policy based on it. The subsequent theorem demonstrates
that when the action space is finite and the optimal Q-value function can be accurately
approximated, the optimal policy can also be accurately approximated by the correspond-
ing softmax policy. Consequently, our primary focus is on the conditions that ensure the
Q-value function can be effectively approximated.

Theorem 4.1. Assume that A is a finite set. Given any p > 0 and continuous functions Q =
{QuHL, : S x A= R, let

0,8 __ exp(BQn(s,a))
T (als) = Yweaexp(BQn(s,a’))’

Then,
0 < J"(M) - J(M, n%F)
< Hlog |A|
p
In supervised learning, a common approach to investigating the approximation er-
ror involves proving that the target function resides in specific function spaces, such as
reproducing kernel Hilbert space (RKHS) and Barron space. These spaces are ideal for

particular approximation schemes, like kernel function and neural network approxima-
tion, due to the direct and inverse approximation theorems present within these function

H
+2BH Y E,, opmax|Q; (S, a) — Qu(Sy,a)l.
h:1 4 HGA
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spaces. In other words, any function within the space can be approximated using the
selected approximation method at a specific rate of convergence, and any function that
can be approximated at a particular rate belongs to that function space. We will provide
a comprehensive introduction to RKHS and Barron space in Section[6.1

In RL, our primary focus is on whether the Q-value function, as a function of state and
action, lies within the specific function space. Depending on the specific algorithm we
analyze, we need to determine the conditions of P and r under which the MDP satisfies
the following properties:

Property 1. The optimal Q-value function Q; lies in the specific function space.

Property 2. The Q-value function Q7' lies in the specific function space for any policy 7.
This is often required in the policy iteration algorithm with function approximation (see,

e.g., [34]).
Property 3. The Bellman optimal operator

(E*f)(s,a) = T(h,S,El) + IES/NP(~|h,s,a) [?eai(f(s/,g/)]

maps the specific function space to itself and || 7,*f|| < C[1+ || f||] for a constant C > 0.
This is often required in the fitted Q-iteration and value iteration algorithm with function
approximation (see, e.g., [58-60]).

Property 4. The Bellman operator

(Tuf)(s,a) = r(h,s,a) + Egop(. sa)f(5)]

maps any bounded function in C(S) to the specific function spaces and || 7, f|| < C[1 +
I fllc(s)] for a constant C > 0.

In these questions, we assume that the function space is a Banach space with norm || - ||
and a subset of the space of all bounded functions in C(S x A). Noticing that for any
policy 7r, we have that Q;f = 7, V}" ; and V[, € [0, H|, we know that [Property 4]implies
and hence implies [Property 1| Observing that for any bounded function f in
C(S x A), max,c 4 f(s',a’) is a bounded function in C(S), we know that [Property 4]im-
plies Moreover, since Q; = 7,Q;; 417 implies [Property 1| Finally,
we remark that[Property 2| and [Property 3| cannot be inferred from each other [60, Propo-
sition 5]. We introduce [Property 4|because it is the strongest one among those properties

and the conditions which imply [Property 4]are easy to analyze due to the linearity of 7j,.
Proof of Theorem By the definition of the optimal value, we have

J* (M) — J(M, 79F) > 0.

Noticing that
J*(M) = J(M, 7n9P) = T*(M) = J (M, 72 F) 4+ ] (M, 79 P) — J(M, P)
=L+ D,

we will estimate I; and I, respectively.
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Using the classical performance difference lemma [31], we have

DEM <o ¥ Qi(Sna) [mia] $1) = i Pals)]

acA

= E <5 |max Q5 (Sy,,a) —
h;l M,ﬂQ,ﬁLeAQh(h )

Yacaexp(BQ; (Sp,a))

We will then prove that for any g = (44),c4,

YacAqaexp(Bqa) < log [ A|
Yacaexp(Bga) — B 7

where g, = max,c 4 9,. We can then conclude that

dm —

I < Hlog|A|.
p
Noticing that

G — LacAqaexp(Bga) _ (92 — qm) exp(B(qa — Gm))
" Laeaexp(Bda) exp(B(ga — qm))

Define ¢ : R4 — R
o) =71 5 o).
ac A

Then
YacAqaXp(Pga) _

Yacaexp(Baa)

Noticing that ¢ is a convex function, we have [24]
—(0—4m) "V —gu) = 0= (9= Gun)] V(g — qu)
< ¢(0) — (9 —gm)

_ log|A] _
= B (g — qm)-

—(q - Qm)TV‘l’(q — qm)-

gm —

Noticing that there exists an a € A such that g, — ¢;» = 0, we have

¢(g—qm) >0

Therefore,
_ Lacaqap(Bga) _ log|A|
qm = .
Yacaexp(Bga) B

Yaea Qr (S a) eXP(ﬁQZ(Sh/ﬂ))] '

172

@.1)
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For I, we again use the performance difference lemma to obtain that

b= Z Ey o 1 QF " (Sua) [l Pa] 1) —mPal5)]
acA
S Qp
SHY Eyaou L |0 Pal$1) =P (alsy)]
h=1 acA
H

exp(BQ;,(Sy.a)) exp(BQn(Sk,a)) '
=H E * — .
Z Mms anA ‘ Yoeaexp(BQ;(Sn ")) Laecaexp(BQu(Sn a’))
Given q = {qa}seq and § = {Ga }se4, we have

exp(Bga) _ exp(Bda) ‘
acA ZH'EAeXp<ﬁqa’> Za’eAexp(:Bq_a’)

ZaeA Yoealexp(Bga+ Biaw) — exp(Bia + Bga)|
YaeAexXP(Ba) Yacaexp(Bida)

iy YacA Lacalexp(Bga + Bia) + exp(Bia + Bqa)]
Yacaexp(Bga) Yocaexp(Bda)

<ﬁmax|qa
=2 —q,l,
ﬁr;lglqa dal

where we used |¢* —e¥| < (e* 4 €¥)|x — y|/2. Therefore,

H
L <2BH ) E) o+ max|Qs(Sp,a) — Qu(Su )]
h=1 ’ acA

Combining the above estimation and inequality (.I), we conclude our proof. O

4.2 Estimation error

In the context of RL, sample complexity, i.e., the number of samples required to obtain
a near-optimal policy, is often used to refer to the estimation error and plays a central role
in the theoretical analysis of RL. However, in contrast to the estimation error in supervised
learning, which can be characterized by the gap between the empirical loss and the popu-
lation loss, the estimation error in RL is much more complex. The main challenge in the RL
problem is the so-called distribution mismatch phenomenon. Take value-based methods
as an example. Assume that we have an estimation of the optimal Q-value function QZ,

denoted by Q, which is close to Q; in the sense of L%(v) for a prespecified distribution v.

Then, we consider the performance of the greedy policy 7t with respect to QZ Using the
performance difference lemma, we have

H
0<JM, ") = J(M,7t) = Emz ), ZAQZ(Sh,M [ty (a | Sn) — 7tn(a| Sp)]
h=1lac
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H
<Emz Y, Y [Qn(Sna) —Q;(Spa)] [ (alSy) — An(alSy)],

h=1acA

where in the last inequality, we use that Y, 4 Q; (s,a) [} (a|s) — Ay (a|s)] < 0since 7y, is
the greedy policy with respect to Q7. Therefore, we need to control the difference between
Q;, and QZ under the state distribution generated by the policy 7, which is unknown
before we obtain QZ We refer to this phenomenon as the distribution mismatch: a mis-
match between the distribution v for estimation and the distribution for evaluation that is
unknown a priori. This phenomenon is ubiquitous in the analysis of RL; see, e.g., [31} Sec-
tion 6].

4.3 Optimization error

In the context of RL, the optimization error differs significantly between value-based meth-
ods and policy-based methods. In value-based methods, the optimization error arises
during the optimization process at each iteration, such as in (3.2) or (3.3) in Algorithm 1]
or Algorithm 2l As these optimization problems typically have a similar form to those
in supervised learning, the analysis of the optimization error in RL is largely comparable
to the analysis of the optimization error in supervised learning. On the other hand, the
optimization error in policy-based methods, particularly the rate at which the algorithm’s
performance converges as the number of iterations increases, is a key focus in the theoret-
ical analysis of these methods. The analysis of the optimization problem in policy-based
methods is more challenging than in supervised learning due to the shift of the distri-
bution of the trajectories {Si, Ai, s, h, ZH ZI\L ; in Algorithm [3 during the optimization
process in policy-based methods.

5 Linear setting

The simplest form of function approximation is linear function approximation. It is the
setting under which the most recent theoretical results in RL are derived with function ap-
proximation. In the linear setting, we do not assume that the state space and action space
are finite, and hence we need to make some structural assumptions to obtain meaningful
results. The most common one is the linear MDP assumption introduced in [29].

Definition 5.1 (Linear MDP). We say an MDP(S, A, H, P, r, u) is a linear MDP with a feature
map ¢ : S x A — RY, if for any h € [H], there exists d unknown signed measures p, =
(y}l, L, yz) over S and an unknown vector 0;, € R?, such that for any (s,a) € S x A

P(-|hs,a) =" (s,a)pi (),
r(h,s,a) = ¢ (s,a)0,.

We shall notice that the tabular MDP is a special case of the linear MDP if we set d =
|S||.A|, index each coordinate of R? by state-action pair (s,a) € S x A, choose ¢(s,a) as



J. Mach. Learn., 2(3):161-193 175

the canonical basis in R? and set

(0n)sa =r(h,5,0),  (mn()),, = P(-|hs,0)

for any (h,s,a) € [H] x S x A.

5.1 Approximation error

The next theorem demonstrates that the linear MDP assumption is the necessary and
sufficient condition of the holding true when discussing the approximation
error in Section 4.1l Noticing that is the strongest one among the four, we
know that under linear MDP assumption, for any policy 7, the corresponding Q-value
function QJ lies in the linear space, i.e., there exist weights {w]"} ne[H) such that for any
(h,s,a) € [H) xS x A,

Qjf (s,a) = ¢' (s, a)wj.
Theorem 5.1. Assume that S x A is a compact set and ¢ : S x A — R is a feature map. Then
the following two statements are equivalent:

1. There exist d signed measures pj, = (y}l, cees yz) over S and a vector 8), € RY, such that for
any (s,a) € S x A

P(-|h,s,a) = ¢ (s, a)u(-),
r(h,s,a) = ng(s,a)Gh.

2. Forany f € C(S), there exists wy, € R? such that

(Tif)(s,a) = r(h,5,0) + Egop( . |nsa)f(s)] = ¢ (s, 0)wgy,

and [|wg || < C[[|fllc(s) + 1] for a constant C > 0, where we use || - || to denote the 12-norm
on R,

The linear MDP assumption completely ensures (in Section[d.])) in the linear
setting, but it rules out non-trivial deterministic MDPs that are frequently encountered
in real-world situations. This is because P(-|h,s,a) is a delta distribution and hence the
supports of ji,.. ., yz are all single point sets. Therefore, the MDP can only visit at most
d state when 1 > 2. Hence, there are some studies that direct assume [2] or
[60]. However, there has been little investigation into the concrete conditions of
the transition probability and reward function under which the MDP satisfies

or Property 3
Proof of Theorem5.1l 1 = 2: For any f € C(S), we have

Tuf = 1(h,5,0) + Egp(. s [f(")] = ¢*(s,a) [Bh + /Sf(s/) dﬂh(s/)] :
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Therefore, let
W =0+ [ F) A (s).
Hence,
lwpnll < 110l + [llmnlrv Il fllc(sx.a)

where ||ty = (|} |1v, ..., || Tv) is the total variation of signed measures ). We can
then choose C = max{||60;]|, || |p|rv ] }-

2 = 1: Let f = 0, we know that we can choose 6, = wyy such that r(h,s,a) =
@' (s,a)6),. Moreover |0, || < C.
Let
Wy = {w eRY: ¢ (s,a) - w=0,Y(s,a) €S x A}.

Noticing that W is a subspace of RY, we can define W as the orthogonal complement
of Wp. Forany f € C(S), let w}lh be the orthogonal projection of w , to W. Then by the

definition of WW;, we have
(Tuf)(s,a) = ¢T(S,ﬂ)wf,h = ¢T(s,a)w},h.

On the other hand, for any w € W such that (7,,f)(s,a) = ¢ (s,a)w holds for any (s,a) €
S x A, by the definition of Ny, we know that w = aJ’f - We can then define a mapping

from f to w},h and B:C(S x A) = N
Bf = wj ), — 6},
where 6 is the orthogonal projection of 8;, to W. Then,
Egp(- |50 ()] = ¢ (5,2) (BS).
We can then prove that Bf is a linear mapping and
IBFIl < llwiull + 1631 < lewpull + 18all < C(Ilfllc(sxa) +2)-
Then for any || f||c(sx.4) = 1, we have || Bf| < 3C, which means that

IBfIl < 3CI fllc(sx.a)-

Therefore, Bf is a bounded linear mapping from C(S x A) to W. Noticing that W is a fi-
nite-dimensional linear space, we can use the Risez representation theorem on C(S x A)

[45] to show that there exists d signed measure p;, = (yi3, ..., yz) such that for any f €
C(Sx A),

Buop(- o) F()] = 97 (5,0)(BF) = ¢7(s,0) [ (") ()
= [ ) agT (s, (s,

which means that
P(-|h,s,a) = ¢ (s,)pu ().
The proof is complete. O
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5.2 Estimation and optimization error

Under the linear MDP assumption, the above analysis justifies our use of a linear function
to approximate the Q-value function. We can then apply the fitted Q-iteration algorithm or
value iteration methods in Section[3.T]with linear function approximation. We can also use
the linear function to approximate the Q-value function and then use the softmax policy
to approximate the optimal policy to apply the policy gradient algorithms in Section 3.2
Here we take the value iteration (Algorithm [2) in the episodic setting [29] as an example
to discuss the estimation error. In [29], they set

Fn = {¢T(s,a)9,9 € ]Rd},

An(f) = Al

k -1 2
bt (s,a) = (Z (Si, A Sh,Ah)—Hz/\I) o(s,a)| .

Intuitively speaking, the bonus term blfl is proportional to the standard deviation of the

QkH It is proved that [29, Lemma B.5], with high probability,
Qr(s,a) < Qfl(s,a), V(s,a) € S x A

In this sense, Qk+1 is the uniformly upper confidence bound of Q;. The introduction

of the bonus term b],;“ and resulting UCB estimation is the crucial step to address the

distribution mismatch phenomenon. By properly choosing the parameters g and A, [29]
prove that Algorithm 2] can achieve the following regret bounds (recalling that K denotes

the number of episodes):
Regret(K) = O(Vd3H*K),

which implies that to obtain an e-optimal policy, the algorithm needs at most O(d>H> /€?)
samples. Such a result is independent of the number of states and actions and is much
more general than the tabular setting.

In Algorithm 2] the optimization problem (3.3) is a ridge regression problem whose
solution can be exactly computed, so there is no error introduced in this optimization step.
However, we need to compute max,e 4 QF (s, a) many times. If | 4| is finite, the maximum
can be exactly computed. However, if | A| is infinite, numerical errors may be introduced
when calculating the maximum value.

There are other works in the RL literature studying RL problems in the linear setting.
[36)154,57] consider the linear setting with a generative model in the time-homogeneous
case. These works use L™ estimation instead of UCB estimation to handle the distribution
mismatch phenomenon. [60] considers a similar assumption with [29] but provides an
algorithm with a tighter regret bound. [61] also considers the RL problem in a linear setting
but with respect to discounted MDP with infinite horizons. [1}2,[10] study the policy-
based methods for the RL problem in the linear setting. Most of these results establish
the polynomial sample complexity with respect to the number of features d, the length
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of the episode H, and the accuracy € under similar assumptions. However, so far, the
gap between the lower bound and upper bound in sample complexity still exists in the
linear setting, except for results in [54,57], which require a generative model and a very
restrictive assumption called anchor state-action pairs assumption. This gap is evident by
noticing that the tabular MDP is a special case of the linear MDP, and the lower bound in
the tabular MDP implies a naive lower bound dH?3/€?; see [29, Section 5] for a detailed
discussion. Bridging the gap is an important direction for future work.

6 Nonlinear setting

6.1 RKHS, NTK and Barron space

As powerful function approximation tools (particularly in high dimensions), kernel func-
tions and neural networks are now widely used in various machine learning tasks, in-
cluding RL problems. Theoretical analysis of RL algorithms involving function approxi-
mations hinges on the proper choice of function spaces and a deep understanding of these
spaces. In this subsection, we will briefly introduce the concepts of reproducing kernel
Hilbert space (RKHS), neural tangent kernel (NTK), and Barron space, as they are suitable
function spaces associated with kernel function and neural network approximation. In
particular, we introduce the theoretical results of supervised learning algorithms in these
function spaces, which will be the foundation for analyzing RL algorithms with function
approximation.

RKHS. Suppose k is a continuous positive definite kernel that satisfies:
1. k(x,x") = k(x/,x),Vx,x' € X;
2. Forallm>1,xq,...,x € X and aq,...,a,; € R, we have

m m
2 Zaia]-k(xi, x]) > 0.

i=1j=1
Then, there exists a Hilbert space Hy; C C(X’) such that:
1. Forallx € R, k(x, -) € Hy;
2. Forallx € R?and f € Hy, f(x) = (f,k(x, - )3,

k is called the reproducing kernel of Hy [5], and we use || - ||, to denote the norm of the
Hilbert space Hy. Common examples of reproducing kernels include the Gaussian kernel
k(x,x") = exp(—a||x — x’||?) and the Laplacian kernel k(x, x") = exp(—a||x — x'||) (« > 0).

The kernel method can efficiently learn functions in the RKHS with finite data. In the
kernel method, we set the hypothesis space as Hy, the entire RKHS. In this sense, since the
target function f* lies in Hy, the approximation error is zero. We can then define the loss
function

L) = 5 Ll = SR + AR
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We can then obtain the kernel ridge estimator f = arg ming ,, Ly (f). If we choose A =

n~1/2 then the estimation error

17 = Flliagy < O+ | fllagln 1)

We can then show that the kernel ridge estimator can be computed exactly, and hence the
optimization error is zero. First, using [43, Proposition 4.2], we know that

. _ . L .
;161%}( n(f) fzzgﬁ(-,xi) n(f)

Then we only need to compute the a4, ...,a, to minimize the loss function. Moreover, if

f=Xiak(:, x;), then
1
Ln(f) = ” ly — Kua] [y — Kya] + Aa"Ka,

wherey = (y1,...,yx)", & = (a1,...,a,)" and Ky, = (k(x;, X)) )1<ij<n is an n X n matrix.
Therefore,
&= (Kn + Anld)_ly,

which can be computed directly. See [11}146}/51]] for more details on the kernel method.

NTK. Neural tangent kernel (NTK) was first introduced to study the overparameterized
neural networks [27]. For the input data x € R9, we consider a two-layer ReLU neural
network with m neurons "
1 T
x;0) = — ) ao0(w;:x),

where o(x) = max{x,0} is the ReLU activation function. Here 6 denotes the collection of
all the parameters (a1, w1, ..., am, wm), witha; € R, w; € RY,i=1,...,m. If we initialize 0
according to the following rule:

a; " N(0,1), w; R N(0,14/d), 6.1)
then the fully trained neural networks approximate the kernel ridge regression on the
RKHS with respect to the NTK kntx when the width m goes to the infinity [6], where

kntr (%, X') = By nr(o1,/d) [xTx/a/(wa)a/(wa') + (T((UTJC)(T(CUTJC/)]

and ¢’ (x) = 1y>0 is the derivative of ¢. The theory of NTK establishes a connection be-
tween neural network and kernel methods and shows that it is sufficient to study the
corresponding NTK if we are interested in the overparameterized neural networks with
the NTK scaling (6.1). Therefore, we will not discuss RL with neural network approxima-
tion under the NTK regime, as it is covered by the kernel function approximation. For
more details on the NTK theory, including the NTK corresponding to multi-layer neural
networks, see [3,6,[7,18,27].
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Barron space.  Barron space is introduced to study the overparameterized neural net-
works as well but with a different scaling. We consider the two-layer ReLU neural network
with mean-field scaling

1 & T
f(x0) ==Y ai0(w;x).
iz
The function in the Barron space serves as the continuous analog of the two-layer neural
network as the width m goes to infinity

£ = [ a(@)o(@x) dp(a) 62

The Barron space is defined as follows:

B:{f(x):/wa(w)a(wa)dp( ), p € P(R?) and / w)|dp(w )<+oo}.

Due to the scaling invariance of the ReLU function, the norm of the Barron space can be
defined by

Iflls =inf [, la(ew)|do()

where the infimum is taken over all possible p € P(S~!) and a € L(p) such that Eq. 6.2)
is satisfied. We have the following relationship between the RKHS and Barron space:

B = U ’Hkn, (6.3)
neP(S4-1)

where kr(x,y) = Ey~r[o(wTx)o(wTy)]. We shall also point out that compared to the
RKHS, the Barron space is much larger in high dimensions, see [21, Example 4.3]. We refer
to [17,120] for more details and properties of the Barron space. For a detailed comparison
between the NTK and the Barron space, see [16}/18]].

We can approximate the target function in Barron space with the two-layer neural net-

works

m
H, = {f(x,f)) = %Zaia(wfx) 0= (a1, w1, ..., Am,wm), 8 € R,w; € 89711 <i < m}
i=1
Then we have that for any f* € Band u € P(R%)
inf lExwt’f*@C) _fm<x)’2 >

fm€Hm

g
m
Similar to the kernel ridge regression, we can define the following loss function:

Zmax{ (Inn)?, [y; — f(xi,f))]z}+%i|ai|||wi|’

i=1
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to obtain the estimator f. Under proper condition, we can obtain that
. ~ 1 1
1F* = Fliagny = O (Ifls[m~% +n73]),

if we set A = O(n~1/2), see [19] for details. However, it is still not clear how to efficiently

compute the estimator f , see, e.g., [16,18]. More work is needed to further understand the
optimization error in this case.

6.2 Reinforcement learning with nonlinear function approximation

We first discuss the approximation error in the nonlinear setting. To this end, we general-
ize Theorem 5.1l to the case of RKHS.

Theorem 6.1. Assume that S x A is a compact set. Let p be a probability distribution on S x A,
we will use {A;};£5 and {1;};1 to denote the eigenvalues and eigenfunctions of the operator

(Kog)(x) = [ Kx,x)g(x) do(=)

from L2(p) to L2(p). We further require that {A;} % is nonincreasing and {4;} £ is orthonormal
in L?(p). Then, the following statements are equwalent

1. Forany h € [H], r(h,-) € Hy and there exist signed measures {y! }1% over S, such that
forany (s, a)

(-|h,s,a) lel s,a)
in the sense that for any f € C(S)

A6 aP( s 0) = /f ) (<5, ),

where the convergence is in the sense of Lz( ). Moreover, for any f € C(S)

—+00

Z

1

S/

< CllflIZs)

for a constant C > 0.
2. Forany f € C(S)and h € [H],

(Tuf)(s,a) = r(h,s,8) + By p(. | nsa)lf(s)] € Hy
and || Ty fll2, < C/[IIch +1] for a constant C' > 0.

Proof. We will use the following representation of the RKHS norm:

—+o0

1
lgllE =) EHg’ Yi) 2> (6.4)

i=1
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See, e.g., [9, Section 2.1].
1= 2:Forany f € C(S),

mea%4h5u+2/f (<) i(s.a).

Let
gfh—Z/f s )i,

then
(8 id12(p / f(s") dpj(s

for any i € N. Therefore gf, € Hy and
T 1

Ignllae = 4| 1o =

i=1 7t

T f e < (g, + 18 ull2e < C' L+ 1 fllees)]-

2
s')dpi(s')| < VC|fllees)

Hence,

2 = 1: Choose f = 0 we know that r(h,-) € Hy and ||r(h, )|, < C'. Let

8fh = lES’NP( | h,s,a)[f(sl)]/
then for any f € C(S), g¢n € Hi- If || fllc(s) = 1, we have

185 nll7 < I Tafllae, + 7 (R, )|l < 3C"

Then by the linearity of g, with respect to f, we have that for any f € C(S),

I8¢l <3C I fllces)

Noticing that g, € Hy C L?(p), we know that for any f € C(S),

A& AP ,s,0) gm—Z/ gpn(sa )il ') dp(s', a' (s, a).
Noticing that

< llgallizg) < VAligenllzg, <3¢ VMl flics)

We can then use the Riesz representation theorem to obtain that there exists signed mea-
sures {p! } 1 such that
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/gfhs a i(s',a’)dp(s',a") /f

Therefore,
(-|h,s,a) Z yh Yi(s,a)
Moreover,
» o1 NN NI 2
I87alBe = X2 5 | L) ()| <92 IfIRs) =+ Cl s
The proof is complete. U

Similar to the discussions in the linear setting, Theorem [6.1] provides a necessary and
sufficient condition to ensure in the RKHS setting. The extension of Theo-
rem [6.1] to the Barron space is not yet clear, mainly due to the lack of a representation of
the Barron norm that is similar to (6.4). Nevertheless, it is still worthwhile to consider only
sufficient conditions for [Property 4)in Barron space. [40] introduce one such condition: for
any h € [H],

Ir(h, )lls < +oo, sup|lp(h,s’, )]s < +eo, (6.5)

s'eS

where p(h,s',s,a) = dP(s' | h,s,a)/ dpy(s’) and py, is a probability distribution on S. Sim-
ilar to the situation in the linear setting, these conditions rule out many interesting de-
terministic MDPs, since these MDPs can only visit countably infinite states when i > 2.
Additionally, there has been little investigation into the concrete conditions on the transi-
tion probability and reward function that ensure [Property 2| and [Property 3|in Section [4.1]
in the nonlinear setting.

With theoretical results in supervised learning and analysis on the approximation error
of RL in the nonlinear setting, it remains to develop tools to handle the distribution mis-
match phenomenon in the nonlinear setting, which leads to a paramount difference in RL
analysis between tabular/linear settings and nonlinear settings. In the tabular and linear
settings, the L® estimation and UCB estimation are used to handle the distribution mis-
match. The L® estimation or UCB estimation of the value function is obtained such that
the error under any distribution can be controlled. However, as pointed out in [33,40] and
the theorem below, both L*° and UCB estimations will suffer from the curse of dimension-
ality for high-dimensional NTK, Barron space, and many common RKHSs. This challenge
reveals at least one essential difficulty of RL problems in the nonlinear setting compared
to the tabular and linear settings.

Theorem 6.2. Given an RKHS Hy on X associated with a continuous kernel k (assuming that
sup, .y k(x,x) < Dandany xq,...,x, € X, let 7-[,1 be the unit ball of Hy and Gy, 7-[,1 — C(X)
be a mapping satisfying

Gof = Guf', V.S €HE suchthat f(x)=f(x), i=1..n  (66)
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For any given distribution p on X, let {A;}% be the nonincreasing eigenvalues of the mapping
Ko : L(p) — L*(p)

(Kpg)() = [ k(x,x)g(x") dp(x)
The following two statements hold true:

1. (L* estimation) .

+o0
sup [|f = Gnflleo > ( )y Ai)

feH] i=n+1
2. (UCB estimation) If G,, additionally satisfies that
Guf(x) > f(x), VfeH}, xec&i, 6.7)
then,

sup Ey[Gnf — f] > Z Aj.

fG?—ll i=n+1

We can interpret the mapping G, in Theorem [6.2 as an abstraction of a function ap-
proximation algorithm that takes the function values at n points, xq,...,x, as input and
returns a continuous function. The requirement in Theorem [6.2]is naturally satisfied: if
two target functions have the same values at xy, . . ., x;, the function approximation result
will be identical. From the definition, UCB estimation must satisfy condition (6.7) as the
UCB estimation should give a pointwise upper bound of the target function. Therefore,
Theorem [6.2] gives the lower bound of the worst-case error of both L* and UCB estima-
tion based on the eigenvalue decay of the kernel. As pointed out in [40], if we choose
X = 8971, the unit ball in RY and p the uniform distribution on $¢~1, the eigenvalue
decay y 1 /i of the following RKHSs:

kLap(x, x") = exp(—|lx — x'[]),
k(x,x") = { knt(x,x") = Egmr(x - ") (w0 - )0’ (w - x7),
kr(x,x") = Epono(w - x)o(w - x")

is n~%/4 for some universal constant a. Here 7 is also the uniform distribution on S~
Therefore, if the target function lies in the RKHS associated with the Laplacian kernel or
NTK, according to the first argument in Theorem [6.2] the L™ estimation suffers from the
curse of dimensionality: the number of points needed to achieve an error tolerance scales
exponentially with respect to the dimension d. Since the H _ is the subspace of the Barron
space B (Eq. (6.3)), the L*® and UCB estimation in the Barron space also suffer from the
curse of dimensionality.

Proof of Theorem[6.2] We first prove that

+00
Exp sup P> Y A (6.8)
feHll(’f(xl):"':f(xn)zo I=n+1
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Notice that
sup flx) = sup (frk(x,-))
feHLf(x1)="=F(xn)=0 I fll2<L(fk(xi)) 3, =01<i<n
n
= inf — Y cik(x;, )‘
C1,-eCn i=1 Hy

Then, let ¢4, ..., ¢, be the Gram-Schmidt orthonormalization of {k(x1,-),...,k(x,, )} in
‘H, then

n 2 n
inf — Y cik(xj, ) =k(x,x) =) ¢7(x)
C1,e--sCn i=1 Hy i=1
Therefore,
Erp  sup F(0) = Bempk(x,x) - AZEMWz)

fEHLf(x1)="=f(xn)=0

Let {1, },"%] be the eigenfunctions corresponding to {A;};, which is an orthonormal basis
in L2(p). Let

n

=Y (Bxmpty (0)01(x))’,

i=1
then,
n IExN ; 2
= 1l = 4 - () = 4 1 EetEOE g5
i= i=1 !
and + + 2
oo n [e9) IExN l n
ooy y oot gy
=17 i=1l=1 ! i=1
Hence,
+o00 n
Y Erpi(x) = Y < YA
1=1 1=1

The famous Mercer decomposition states that
/ = /
) =Y Api(x)pi(x)
i=1
Therefore, with the observation that
IEXN‘D X X Z /\l,

we obtain inequality (6.8).
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To prove the first argument, first notice that

sup [ flleo = sup sup |f ()]
FEHLF (x1) == F (x2)=0 XEX FEHLf(x1) == (¥2)=0

b e\
> (B s f0P) ( Y Al> |
fEMLf(x1)="=Ff(xn)=0 I=n+1

Then, noticing that for any f € ! such that f(x;) = --- = f(x4) = 0, we have G,f =
Gn(—f). Therefore,

—Gufllo+ | = f = Guflleo
sup [|f — Guflleo = sup ILf nfl 2” f nfll
fer; FEHLf (1) =r=f (xn) =0

= sup [ f1leos

feHlf(x)==F(x) =0

which concludes the proof.
For the second argument, let fo = 0. Forany f € H} suchthat f(x;) = -+ = f(x4) =0,

we have
Gnfo(x) = Gnf(x) = f(x)
for any x € X. Therefore,

Gnfo(x) = sup flx) = sup ()]
fEHLf(x1)==F(xn)=0 fEHLf () == (xn)=0

Combining the fact that
sup [f(x)| = sup [(f,k(x, ), | = Ik(x, )3, = k(x, x) <1,

feH} feH}
we know that
Gnfo(x) = sup f()2.
fEHLf(x1)==f(xn)=0
Therefore,
—+o00

sup Exo[Gnf — f] 2 ExpGnfo(x) = Exp sup f(0)]> > Y A

feH} fEMLf(x1)="=Ff(xn)=0 i=n+1
The proof is complete. U

Theorem [6.2] indicates that the L® or UCB estimation is too strong as a requirement
to pursue in the high-dimensional cases with nonlinear function approximation. There-
fore, to obtain meaningful results in the nonlinear setting, besides the assumption that
ensures the value or policy function can be approximated by the kernel or neural func-
tions, some additional assumptions are needed to handle the distribution mismatch phe-
nomenon. Based on the assumptions used, most of the existing works addressing this
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difficulty can be divided into two categories. The first category [58|59] assumes the fast
eigenvalue decay of the kernel such that the L and UCB estimation still provide a mean-
ingful bound in high dimensions. The second category [2,[12,22}123,!40,55] requires the
following concentration coefficient condition: for any /1 € [H], there exists a distribution
vy, such that for any policy 7, the corresponding state-action distribution py, p -, satisfies

<C,

L2(vy)

dp h,P,mt,u
th

where C > 0 is a universal constant. Under this assumption, an L? estimation under v}, is
sufficient to handle distribution mismatch since we can control the estimation error under
the state-action distributions generated by all possible policies, including the optimal pol-
icy. This assumption is commonly used to study the convergence of the fitted Q-iteration
algorithm (Algorithm [I) [12,22]23,/40]. In the episodic setting, due to the lack of a genera-
tive model, we need to additionally assume that v, is the state-action distribution py, p 7 ,
for a policy 7 [55].

To better capture the influence of distribution mismatch in the RL problem, [39] in-
troduce a quantity called perturbational complexity by distribution mismatch for a large
class of the RL problems in the nonlinear setting when a generative model is accessible.
This quantity can give both the lower bound and upper bound of the sample complexity
of these RL problems and hence measure their difficulty. Moreover, both fast eigenvalue
decay and finite concentration coefficient can lead to small perturbational complexity by
distribution mismatch [39, Propositions 2 and 3] and hence the results in [39] generalize
both categories of the previous results in the nonlinear setting.

The formal definition of the perturbational complexity by distribution mismatch is
given as follows.

Definition 6.1. (i) For any set I1 consisting of probability distributions on S x A, we define
a semi-norm || - ||y on C(S x A)

= su s,a)dop(s,a)l.
gl pGP ‘/SxAg( )dp(s,a)
We call this semi-norm II-norm.

(ii) Given a Banach space B, a probability distribution v € P(S x A) and a positive constant
€ > 0, we define a v-perturbation space Be,, with scale €, as follows:

Ber‘/ = {g € B: HgHB <1, HgHLZ(V) < 6}.

(iii) The perturbation response by distribution mismatch is defined as the radius of B, under
IT-norm,
R(I1,B,e,v) := sup |glm
8€Bey

We consider an RL problem whose underlying MDP belongs to a family of MDPs
M={My=(S,APryHp):0c0}
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Algorithm 4 Fitted reward algorithm

Input: MDP family M, generative model of MDP (S, A, H, P, g, 1), sampling distribution
0 =argmin,cp s, 1) RII(Po, ), Hy, n14 ).

forh=1,2,...,Hdo

Sample (s1,a1), ..., (s, a,) i.i.d. from 7.

Sample ”}11' ..., 1} from N(rg(h,s1,a1),1),...,N(rg(h,sy,a,),1), respectively.

Compute 7g(h, -) as the minimizer of the optimization problem

n

min ) _ [r(si, a;) — r;;r

Irls<1;,53

end

Collect the fitted reward function to form the MDP (é’, A,H,P,?g, 1), of which both re-
ward function and transition are knovyn. Denote it as M.

Output: 7y as the optimal policy of M.

where S, A, P,H and p are common state space, action space, transition probability@,
length of each episode, and initial distribution. The unknown reward function lies in
the unit ball of a Banach space B

{re,0 € ®} = BL.

In the generative model setting, [39] prove that any RL algorithm ], : 6 — R on M with
at most 1 accesses to the generative model satisfies that

1
Sup E|],(6) = I (Ms)| = 78 (1 %),
0cO

where
Apm(e) = inf  R(IL(P,u), B,ev).
veP(SxA)

Therefore, the perturbational complexity by distribution mismatch gives a lower bound
for RL problems on M. Note that in [39], it is assumed that we can only obtain a noisy re-
ward with a standard normal noise in the generative model, rather than the exact reward.
On the other hand, if 3 is the Barron space or an RKHS, then the output 7ty of Algorithm4]
satisfies 3 .

sup |[J(Mg, 7tg) — J*(Mp)| < O(HApm (17 1)).

0cO
Therefore, the perturbational complexity by distribution mismatch also gives an upper
bound for RL problems on M.

n [39], the general case where the transition probability is unknown is also considered and fitted Q-iteration algorithm
(Algorithm [I) with kernel function approximation is studied in this case. Here for brevity we only discuss the case where
the transition probability is known.
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The perturbational complexity by distribution mismatch can also be used to construct
various RL problems that suffer from the curse of dimensionality [39]. The first example
involves a state space S consisting of a single point so, while the action space .A is S~ and
H = 1. In this setting, the RL problem essentially aims to find the maximum value of the
reward function lying in the unit ball of B based on the values of n points. We can prove
that when B is the Barron space and the RKHS corresponding to the Laplacian kernel and
NTK, the convergence rate can be bounded below by the eigenvalue decay. Therefore, if
we consider the RKHS corresponding to the Laplacian kernel or neural tangent kernel, the
convergence rate suffers from the curse of dimensionality. We can then conclude that if
we want to solve RL problems with high dimensional action space, we need to assume the
decay of the eigenvalue is fast enough to break the curse of dimensionality. The other ex-
ample involves a high-dimensional state space and finite action space. For any dimension
d > 2, length of each episode H € IN™ and positive constant § > 0, we define an MDP
family M p 5 as follows:

S=¢8"1 A=1{01}, H=H, p=Uniformg: 1,
{ro, 0, € ©,} = {r:||r(h,-)|l3, <1,¥h € [H]},
k((s,a),(s',a")) = exp(=lls =s'll), P(-|h,s,a) =0r,,s(-),

ThS: <¢1”¢hd+5’/¢d>l When EZIOI
a, <¢1,,,,,¢hd—5,...,(])d), when a=1,

where h; = h mod d and we use the spherical coordinates (¢4, ...,¢;) to denote the
points on $9~1. Then we can show that there exist no universal constants &, > 0 and
constant C; > 0 only depending on d such that

1\ P
SupAMdHé(nf%) < CdHa <—>
5>0 o h

holds for all n, H € N and d > 2. Therefore, the above RL problems cannot be solved
without the curse of dimensionality.

7 Discussion and conclusion

In this paper, we review existing research on reinforcement learning with function ap-
proximation. The results in the tabular and linear settings are well-developed because
methods such as L* and UCB estimation can be used to handle the phenomenon of dis-
tribution mismatch. When a generative model is available, the perturbational complexity
by distribution mismatch can be used to measure the impact of distribution mismatch and
assess the difficulty of reinforcement learning problems in the nonlinear setting. However,
it remains unclear how to extend these results to the episodic setting, and it is still an open
question how to use perturbational complexity information to guide the design of efficient
reinforcement learning algorithms in practice.
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Approximation error is also an important topic in RL, especially in the nonlinear set-
ting. Apart from the Theorem 5.1l for linear space, Theorem [6.1] for RKHS, and the condi-
tion (6.5) for Barron space, there are limited results in this area, particularly for determin-
istic MDPs. We remark that the solution of the continuous-time Hamilton-Jacobi-Bellman
equation, which is the value function of continuous-time MDPs, can be approximated by
neural networks, see, e.g., [26]. However, it is not clear whether this result can be applied
to discrete-time MDPs. Computational issues are another important topic in reinforce-
ment learning, particularly for reinforcement learning with neural function approxima-
tion. The convergence of the gradient descent method of neural networks in the mean
tield regime is still not well-understood. We hope that further research will be conducted
on these topics.

Finally, a significant gap exists between the current theory and practice of reinforce-
ment learning, even in the absence of function approximation. The majority of theo-
retical results focus on algorithms that employ strategic exploration, such as the UCB
method [8,28]29,59]. However, RL algorithms in practice often utilize the random ex-
ploration. Theoretical research suggests that, in the worst-case scenario, RL with random
exploration exhibits exponential difficulty with respect to the horizon [14], which does
not accurately explain practical performance. While some theoretical studies [35,38] have
examined instance-based bounds by identifying specific RL problem properties that lead
to better performance than the worst case when random exploration is employed, these
properties do not fully account for the success of all practical RL problems, nor do they
address function approximation. Furthermore, many practical techniques, such as reward
shaping, experience replay, and pre-trained policies, have not been sufficiently explored
in theoretical research to explain their positive impact on RL algorithm performance. It is
essential for future research to bridge the gap between theory and practice, particularly in
the presence of function approximation.
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