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Stochastic Nonlinear Control via
Finite-dimensional Spectral Dynamics

Embedding
Zhaolin Ren∗,1, Tongzheng Ren∗,2, Haitong Ma1, Na Li1, and Bo Dai3

Abstract— This paper presents an approach, Spectral
Dynamics Embedding Control (SDEC), to optimal control
for nonlinear stochastic systems. This method leverages
an infinite-dimensional feature to linearly represent the
state-action value function and exploits finite-dimensional
truncation approximation for practical implementation. To
characterize the effectiveness of these finite-dimensional
approximations, we provide an in-depth theoretical analysis
to characterize the approximation error induced by the
finite-dimension truncation and statistical error induced by
finite-sample approximation in both policy evaluation and
policy optimization. Our analysis includes two prominent
kernel approximation methods–truncations onto random
features and Nystrom features. Empirically, our algorithm
performs favorably against existing stochastic control al-
gorithms on several benchmark problems.

Index Terms— Stochastic nonlinear control, reinforce-
ment learning, dynamic programming

I. INTRODUCTION

Stochastic optimal nonlinear control—i.e. finding an opti-
mal feedback policy to maximize cumulative rewards for a
stochastic nonlinear system—has been a long-standing chal-
lenging problem in control literature [1], [2]. Various con-
trol techniques have been developed for nonlinear control,
including gain scheduling [3], [4], feedback linearization [5],
iterative linear-quadratic regulator [6], sliding model con-
trol [7], geometric control [8], back stepping [9], control
Lyapunov functions [10], model-predictive control [11], and
tools that leverage inequality approximation and optimization-
based methods like sum-of-squares (SOS) programming [12].
Nonlinear control often focuses on the stability of closed-loop
systems, while control optimality analysis is often heuristic
or limited to special classes of systems. Moreover, these
methods either lead to highly suboptimal solutions, can only be
applied to a subclass of nonlinear systems that satisfy special
conditions, or require a large amount of computation and thus
cannot handle large-size problems.

To take advantage of the rich theory and tools developed
for linear systems, kernel-based linearization has recently
regained attraction. The representative approaches includes
Koopman operator theory [13], [14], kernelized nonlinear reg-
ulator (KNR) [15], reproducing kernel Hilbert space (RKHS)
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dynamics embedding control [16], and optimal control with
occupation kernel [17], among others. The Koopman operator
lifts states into an infinite-dimensional space of known mea-
surement functions, where the dynamics become linear in the
new space. However, depending on the system itself, possible
coupling nonlinear terms between state and control would still
appear. Alternatively, KNR [15] studies the sample complexity
of learning control for an unknown nonlinear system whose
dynamics are assumed to lie in a pre-given RKHS whose
dimension can be infinite, and hence are linear with respect
to the feature maps for states and actions but neglect the
computation challenges induced by the infinite dimension
and the nonlinear features. [16] considers Markov decision
processes (MDP) and represents the conditional transition
probability of a MDP in a pre-defined RKHS so that calcu-
lations involved in solving the MDP could be done via inner
products in the infinite-dimensional RKHS. [17] introduce the
Liouville’s equation in occupation kernel space to represent
the trajectories, with which finding the optimal value can be
reformulated as linear programming in the infinite-dimensional
space under some strict assumptions.

Although kernelized linearization has brought a promising
new perspective to nonlinear control, these representative
approaches fall short in both computational and theoretical
respects. Computationally, control in an infinite-dimensional
space is intractable. Hence, a finite-dimensional approximation
is necessary. Though data-driven computational procedures
for kernel selection and RKHS reparametrization have been
proposed in these existing methods, they are inefficient in the
sense that i), the dynamics or trajectories are presumed to be
lying in some RKHS with a pre-defined finitely-approximated
kernel, which is a very strict assumption; in fact, finding good
kernel representations for the dynamics is a challenging task;
and ii), the dynamics information for kernelization is only
exploited through samples, and other structure information in
the dynamics are ignored even when the dynamics formula
is known explicitly. Meanwhile, theoretically, the optimality
of control with finite-dimensional approximations—i.e., the
policy value gap between the finite-dimensional approximation
and optimal policy in an infinite-dimensional RKHS—has
largely been ignored and not been rigorously analyzed.

Recently, [18] provided a novel kernel linearization method,
spectral dynamics embedding, by establishing the connec-
tion between stochastic nonlinear control models and lin-
ear Markov Decision Processes (MDPs), which exploits the
random noise property to factorize the transition probability
operator, and induce an infinite-dimensional space for linearly
representing the state-action value function for any arbitrary
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policy. Spectral dynamics embedding bypasses the drawbacks
of the existing kernel linearization methods in the sense that i)
the kernel is automatically induced by the system dynamics,
which avoids the difficulty in deciding the kernel features,
utilizes the knowledge of the dynamics and noise model
and eliminates the modeling approximation induced by a
predefined kernel; and ii) the kernel linearization and its finite
feature approximation is computational-friendly with well-
studied performance guarantees [19], [20]. The superiority of
spectral dynamics embedding has been justified empirically in
the reinforcement learning setting [18] where system dynamics
are unknown. However, there still lacks any end-to-end control
algorithm with theoretical guarantees that utilizes the finite-
dimensional approximation of spectral dynamics embedding,
motivating the present work.
Our contributions. In this paper, we close the gap by justi-
fying the finite random and Nyström feature approximation of
spectral dynamics embedding in nonlinear control rigorously,
enabling the practical usage of the kernelized linear represen-
tation in control. Our contributions lie in the following folds.

We first formalize a computational tractable stochastic non-
linear control algorithm with finite-dimension truncation of
spectral dynamics embedding representation, Spectral Dynam-
ics Embedding Control (SDEC). Specifically, we first extract
the finite-dimensional spectral dynamics embedding through
both Monte-Carlo random and Nyström approximations as
explained in Section III-A, and then, we conduct the dynamic
programming for value function estimation upon these repre-
sentations through least square policy evaluation. The policy
is improved by natural policy gradient for optimal control
based on the obtained value functions. The concrete algorithm
is derived in Section III-B. We note that the particular way
of policy evaluation and policy update is actually compatible
with cutting-edge deep reinforcement learning methods, such
as Soft Actor-Critic [21], by using our proposed representation
to approximate the critic function. In other words, one of the
novelties of SDEC is that it exploits the known nonlinear
dynamics to obtain a natural, inherent representation space
that could be adopted by various dynamical programming or
policy gradient-based methods for control.

To characterize the effectiveness of these finite-dimensional
approximations, we provide an in-depth theoretical analysis
to characterize the approximation error induced by the finite-
dimension truncation and statistical error induced by finite-
sample approximation in both policy evaluation and policy
optimization. To the best of our knowledge, the analysis is
the first time this has been done, due to the challenging
complications in stochastic nonlinear control. Specifically, we
show the gap between optimal policy and the SDEC induced
policy is inversely proportional to a polynomial dependency
w.r.t. number of features and the number of samples used in
dynamic programming. Lastly, we conduct a numerical study
on several robotic control problems to justify our theoretical
analysis in Section V.

We also would like to note that the preliminary work has
been published in [22]. This paper has several key differ-
ences with the conference version in [22]. First, this paper
has more detailed proofs and more exposition to motivate

the results. Second, this paper includes study of the use of
Nyström features in the kernel approximation, which was
not considered in [22]; moreover, we prove a novel high
probability kernel approximation error bound for Nyström
features (Lemma 11), which may be of independent interest.
Third, we prove theoretical justification of the validity of two
core technical assumptions key to our analysis (Assumptions 2
and 3), which is an important contribution over the conference
version in [22], where these assumptions were merely assumed
to be true. Finally, this paper has a significantly more fleshed
out numerical section, with results on more challenging bench-
marks such as 2D Drones, Pendubot balancing, and Cartpole,
and comparisons to energy-based control as well as standard
Soft-Actor-Critic [21], a state-of-the-art RL algorithm. Our
performance metrics include quantitative as well as qualitative
evaluation.

A. Related Work in Reinforcement Learning (RL)
Presumably, recently developed model-free deep RL meth-

ods for unknown systems, e.g., [21], [23], could be also
applied to optimal nonlinear control by treating the nonlinear
dynamics as a generative or simulation model to generate data.
The success of deep RL is largely attributed to the flexibility
of deep neural networks for policy or value function modeling.
However, such flexibility also brings difficulty in control by
making the optimization extremely non-convex, and thus, may
lead to sub-optimal policy, wasting the modeling power.

Though our proposed SDEC shares some similar aspects of
actor-critic family of algorithms in RL, in the sense that SDEC
also exploits policy improvement (actor) with state-action
value function estimation (critic). However, we emphasize
the major difference is that SDEC takes advantage of the
spectral dynamics embedding for both state-value function
and policy, instead of an arbitrary network parameterization.
This not only reduces sample complexity by exploiting the
known nonlinear dynamics structure but also bypasses the non-
convexity difficulty in optimization, allowing us to provide
rigorous theoretical guarantees with only mild assumptions.
We note that while our work builds on the concept of linear
MDPs [24], such linear MDPs merely refer to MDPs whose
transition admits a linear factorization, which is distinct from
the linear programming formulation of solving MDPs [25],
[26].

II. PROBLEM SETUP AND PRELIMINARIES

In this section, we introduce the stochastic nonlinear control
problem that will be studied in this paper and reformulate
it as a MDP. We will also briefly introduce the background
knowledge about reproducing kernel Hilbert space (RKHS)
and random features.

A. Stochastic Nonlinear Control Problem in MDPs
We consider the standard discrete-time nonlinear control

model with γ-discounted infinite horizon, defined by
st+1 = f(st, at) + ϵt, where ϵt ∼ N (0, σ2Id), (1)

such that γ ∈ (0, 1), s ∈ S = Rd is the state, a ∈ A is the
control action, and {ϵt}∞t=1 are independent Gaussian noises.
The function f (·, ·) : S × A → S describes the general
nonlinear dynamics, and r : S × A → R gives the reward
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function on the state and action pair. Without loss of generality,
we assume there is a fixed initial state s0. Given a stationary
policy π : S → ∆(A) with ∆(A) as the space of probability
measures over A, the accumulated reward over infinite horizon
is given by

Jπ = EP,π

[ ∞∑
t=0

γtr(st, at)

]
, (2)

where the expectation is w.r.t. the stochastic dynamics P (s(t+
1) | s(t), a(t) and the (possibly random) policy π which we
use to choose the actions a(t) ∼ π(· | s(t). In this paper, we
study the optimal control/planning problem which is to seek
a policy π∗ that maximizes (2), given the dynamics f and the
reward function r. Note that the nonlinearity of f and r, as
well as the stochasticity from ϵ makes this optimal control
problem difficult as reviewed in the introduction.

The above stochastic nonlinear optimal control problem can
also be described via Markov Decision Process. Consider an
episodic homogeneous-MDP, denoted by M = ⟨S,A, P, r, γ⟩,
where P (·|s, a) : S×A → ∆(S) describes the state transition
distribution, where ∆(S) denotes the space of probability
measures on the set S. Then, the stochastic nonlinear control
model (1) can be recast as an MDP with transition dynamics

P (s′|s, a) ∝ exp

(
−∥f(s, a)− s′∥22

2σ2

)
. (3)

Meanwhile, given a policy π : S → ∆(A), the corresponding
Qπ-function is given by

Qπ(s, a) = EP,π

[∑∞
t=0 γ

tr(st, at)

∣∣∣∣s0 = s, a0 = a

]
. (4)

It is straightforward to show the Bellman recursion for Qπ or
optimal Q∗-function, respectively,

Qπ(s, a) =r(s, a) + γEP

[
V π(s′)

]
(5)

Q∗(s, a) =r(s, a) + γEP

[
max
a′∈A

Q∗(s′, a′)

]
, (6)

with V π(s) := Eπ [Q
π(s, a)]. Equivalently, the accumulated

reward Jπ is V π(s0). The goal can be reformulated as seeking
the optimal policy π∗ = argmaxπ V

π (s0).
For an MDP with finite states and actions, optimal control

can be obtained by solving dynamic program for the Q-
function via the Bellman relation (6). However, for continuous
states and actions, representing the Q-function and conducting
dynamic programming (DP) in function space becomes a ma-
jor issue for obtaining the optimal policy. In this paper, we will
introduce spectral dynamics embedding, a novel kernelized
linearization, to linearly represent the Q-function, and develop
a practical and provable method to learn and approximate the
optimal control policy.
B. Positive definite kernels, its decompositions, and
connection to RKHS

In this section, we will introduce the necessary background
to understanding our proposed kernel embeddings. We first
define what a positive definite (PD) kernel is, and introduce
two decompositions of PD kernels.

Definition 1 ((Positive-Definite) Kernel [27]). A symmetric
function k : X × X → R is a positive-definite kernel on the
non-empty set X if ∀n ⩾ 1, ∀{ai}i∈[n] ⊂ R and mutually
distinct sets {xi}i∈[n] ⊂ X ,

∑
i∈[n]

∑
j∈[n] aiajk(xi, xj) ⩾ 0,

where the inequality is strict unless {ai}i∈[n]’s are all zero.

A bounded, continuous PD kernel k admits two important
decompositions, namely the Bochner decomposition [28] and

the Mercer decomposition [29]. We begin with introducing the
Bochner decomposition.

Lemma 1 (Bochner [28]). If k(x, x′) = k(x−x′) is a positive
definite kernel, then there exists a set Ω, a measure ρ(ω) on
Ω, and Fourier random feature ψω (x) : X → C such that

k(x, x′) = Eρ(ω)

[
ψω (x)ψω

(
x′
)]
. (7)

It should be emphasized that the ψω (·) in Bochner de-
composition may not be unique. The Bochner decomposition
provides the random feature [30], which is applying Monte-
Carlo approximation for (7), leading to a finite-dimension ap-
proximation for kernel methods. For example, for the Gaussian

kernel, k(x, x′) = exp

(
−∥x−x′∥2

2σ2

)
, the corresponding ρ(ω)

is a Gaussian proportional to exp
(
−σ2∥ω∥2

2

)
with ψω (x) =

exp
(
−iω⊤x

)
where i is the imaginary unit; for the Laplace

kernel, the ρ (ω) is a Cauchy distribution with the same ψω(·).
Please refer to Table 1 in [31] for more examples.

An alternative but also useful decomposition for positive
definite kernels is Mercer’s decomposition, stated below1.

Lemma 2 (Mercer [29], [32]). Let X ⊂ Rd, µ be a strictly
positive finite Borel measure on X , and k(x, x′) a bounded
continuous positive definite kernel. Then there exists a count-
able orthonormal basis {ei}∞i=1 of L2(µ) with corresponding
eigenvalues {σi}∞i=1,2 such that

k(x, x′) =
∞∑
i=1

σiei(x)ei(x
′), (8)

where the convergence is absolute and uniform for all
(x, x′) ∈ X × X . Without loss of generality, we assume
σ1 ⩾ σ2 ⩾ · · · > 0.

While analytical formulas of the Mercer decomposition
exist for special kernels such as the Gaussian kernel [27],
for general kernels they can be difficult to obtain analytically.
Thus, it is common in the literature to approximate the Mercer
features numerically, e.g., Nyström method [33].

In addition, there is a one-to-one correspondence between
PD kernels and Reproducing Kernel Hilbert Spaces (RKHSs).
We first formally define the RKHS.
Definition 2 (Reproducing Kernel Hilbert Space [34]). The
Hilbert space H of an R-valued function3 defined on a non-
empty set X is said to be a reproducing kernel Hilbert space
(RKHS) if for all x ∈ X , the (linear) evaluation functional
given by Lx : f → f(x) for any f ∈ H is continuous.

Next, we state the following classical result, which states a
one-to-one correspondence between RKHS and PD kernels.
Lemma 3 (RKHS and PD kernels [34]). Suppose H is a RKHS
of {f : X → R}. Then, there exists a unique positive definite
kernel k : X × X → R where k(x, ·) ∈ H for every x ∈ X ,
that satisfies the reproducing property, i.e. for every f ∈ H,

1We note that under the conditions set forth in Lemma 2 (especially the
finiteness of the measure µ), it can be shown using [32] that the Mercer
expansion also holds for unbounded X ⊂ Rd.

2Given a probability measure µ defined on X ⊆ Rd, we denote L2(µ) as
the set of functions f : X → R such that

∫
X (f(x))2dµ(x) <∞.

3We recall that a Hilbert space is an inner product space that is also a
complete metric space with respect to the distance induced by its inner product
⟨·, ⟩H.
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f(x) = ⟨f, k(x, ·)⟩H, where ⟨·, ⟩H denotes the inner product
in H (recall any Hilbert space has an inner product).

Conversely, for any positive definite kernel k : X ×X → R,
there exists a unique RKHS Hk of functions f : X → R
for which k is the reproducing kernel. Moreover, given any
x, y ∈ X , ⟨k(x, ·), k(y, ·)⟩Hk

= k(x, y).

We emphasize that any inner product, unless taking the form
⟨·, ·⟩Hk for some RKHS Hk, does not refer to an RKHS inner
product. Indeed, we only need the concept of RKHS when
proving the approximation error for Nystrom features.
III. CONTROL WITH SPECTRAL DYNAMICS EMBEDDING

In this section, we first introduce spectral dynamics em-
bedding [18], a novel kernelized linearization, by which the
Q-function for arbitrary policy can be represented linearly,
therefore, the policy evaluation can be conducted within the
linear space. This is significantly different from existing kernel
linearization methods, which are designed for linearizing the
dynamic model. We then propose the corresponding finite-
dimensional approximated linear space for tractable optimal
control. Specifically, we execute dynamic programming in the
linear function space constructed by the spectral dynamics
embedding for policy evaluation, upon which we improve the
policy with natural policy gradient. This leads to Spectral
Dynamics Embedding Control (SDEC) in Algorithm 1.

A. Spectral Dynamics Embedding

As we discussed in Section II, we have recast the stochastic
nonlinear control model as an MDP. By recognizing the state
transition operator (3) as a Gaussian kernel, we can further
decompose the transition dynamics and reward in a linear
representation, in two ways. The first utilizes the Bochner
decomposition, as presented below.

Lemma 4 (Bochner linear representation, cf. Proposition 2 in
[22]). Consider any α ∈ [0, 1). Denote θr = [0, 0, 1]⊤,

ϕω,b (s, a) =
[
ψω,b(s, a), r(s, a)

]
, where (9)

ψω,b(s, a) =
gα(f (s, a))

αd
cos

(
ω⊤f(s, a)√

1− α2
+b

)
, (10)

µω,b

(
s′
)
= pα(s

′)[cos(
√

1− α2ω⊤s′ + b), 0]⊤,

where gα (f(s, a)) := exp
(

α2∥f(s,a)∥2

2(1−α2)σ2

)
, ω ∼ N (0, 1

σ2 Id),
b ∼ U([0, 2π]) := Unif([0, 2π]) and pα(s

′) =
αd

(2πσ2)d/2
exp

(
−∥αs′∥2

2σ2

)
is a Gaussian distribution for s′ with

standard deviation σ
α . Then,

P (s′|s, a) =E
ω∼N

(
0, 1

σ2 Id

)
,b∼U([0,2π])

[
ϕω,b(s, a)

⊤µω,b(s
′)
]

:=
〈
ϕω,b(s, a), µω,b(s

′)
〉
N
(
0, 1

σ2 Id

)
×U([0,2π])

, (11a)

r(s, a) =E
ω∼N

(
0, 1

σ2 Id

)
,b∼U([0,2π])

[
ϕω,b(s, a)

⊤θr
]

:=
〈
ϕω,b(s, a), θr

〉
N
(
0, 1

σ2 Id

)
×U([0,2π])

, (11b)

Proof. The representation of reward r(s, a) through ϕω,b(s, a)
is straightforward since we explicitly include r(·) in ϕω,b(·).
For P (s′|s, a), we first notice that ∀α ∈ (0, 1), we have

P (s′|s, a) ∝ exp

(
−
∥∥s′ − f(s, a)

∥∥2
2σ2

)

= exp

(
−∥αs′∥2

2σ2

)
exp

(
−

∥∥∥(1−α2)s′−f(s,a)
∥∥∥2

2σ2(1−α2)

)

exp

(
α2∥f(s,a)∥2
2(1−α2)σ2

)
. (12)

The factorization of the transition P (s′|s, a) in (11a) can
thus be derived from the property of the Gaussian kernel
by applying Lemma 1 to the second term in (12), with the
ϕω,b(·) and µω,b(·) as the random Fourier features of Gaussian
kernel.

The ϕω,b(·) is named as the Bochner Spectral Dynamics
Embedding. We emphasize the decomposition in [18] is a
special case of in (11) with α = 0. The tunable α provides
benefits for the analysis and may also be used to improve em-
pirical performance, as seen in our empirical simulations. We
note that another linear representation ϕM (s, a) ∈ ℓ2,4 which
we will name as the Mercer Spectral Dynamics Embedding,
is possible via the Mercer decomposition of the kernel, as
described below.

Lemma 5 (Mercer linear representation). Let µ denote a
strictly positive Borel measure on S, and denote kα(x, x′) =
exp

(
− (1−α2)∥x−x′∥2

2σ2

)
for any 0 ⩽ α < 1. By Mercer’s

theorem, kα admits a decomposition for any (x, x′) ∈ X :

kα(x, x
′)=

∞∑
i=1

σiei(x)ei(x
′), {ei} a basis for L2(µ). (13)

We denote kα(x, x
′) = ⟨ẽ(x), ẽ(x′)⟩ℓ2 where ẽi(x) =√

σiei(x) for each positive integer i. Denote θr,M =
[1, 0, 0, . . . ]⊤ ∈ ℓ2 (and the same gα (f(s, a)) and pα(s

′) as
in Lemma 4), and

ϕM (s, a) = [r(s, a), ψM (s, a)], where (14)

ψM (s, a) =
gα (f(s, a))

αd
ẽ

(
f(s, a)

1− α2

)⊤
, (15)

µM (s′) = pα(s
′)
[
0, ẽ
(
s′
)]⊤

(16)
Then,

P (s′|s, a) =⟨ϕM (s, a), µM (s′)⟩ℓ2 (17a)
r(s, a) =⟨ϕM (s, a), θr,M ⟩ℓ2 (17b)

Proof. The proof is analogous to the proof of Lemma 4, where
here we apply Mercer’s theorem to decompose the middle term
in terms of the kernel kα

kα

(
s′,

f(s, a)

1− α2

)
= exp

−
(1− α2)

∥∥∥s′ − f(s,a)

1−α2

∥∥∥2
2σ2


= exp

(
−
∥∥(1− α2)s′ − f(s, a)

∥∥2
2σ2(1− α2)

)
.

Remark 1. In the proof of our kernel approximation result for
the Nyström method later (Lemma 11), for technical reasons
it is easier to work with kα (as defined in the statement of
Lemma 5) rather than k. Since the Nyström method is an ap-
proximation of the Mercer decomposition, we also decompose
kα in Lemma 5.

The MDP with the factorization either in (11) or in (17)
shows that we can represent the stochastic nonlinear control

4The ℓ2 space is the set of square-summable infinite-dimensional vectors
v indexed by the positive integers, such that ∥v∥2ℓ2 =

∑∞
i=1 v

2
i <∞.
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problem as an instantiation of the linear MDP [24], [35],
where the state transition and reward satisfy

P (s′|s, a) = ⟨ϕ(s, a), µ(s′)⟩ , r(s, a) = ⟨ϕ(s, a), θ⟩
with the feature functions ϕ(s, a) be either {ϕω,b(s, a)} with
ω ∼ N

(
0, 1

σ2 Id
)
, b ∼ U([0, 2π]) or ϕM (s, a) ∈ ℓ2. The most

significant benefit of linear MDP is the property that it induces
a function space composed by ϕ(s, a) where the Q-function
for arbitrary policy can be linearly represented.

Lemma 6 (cf. Proposition 2.3 in [24]). For any policy, there
exist weights {θπω,b} (where ω ∼ N (0, 1

σ2 Id), b ∼ U([0, 2π]))
and θπM ∈ ℓ2 such that the corresponding state-action value
function satisfies5

Qπ(s, a) =
〈
ϕω,b(s, a), θ

π
ω,b

〉
N (0, 1

σ2 Id)×U([0,2π])

=
〈
ϕM (s, a), θπM

〉
ℓ2
.

Proof. Our claim can be verified easily by applying the
decomposition in (11) to Bellman recursion:
Qπ(s, a) = r(s, a) + γEP

[
V π(s′)

]
(18)

=
〈
ϕω,b(s,a), θr+γ

∫
S
µω,b(s

′)V π(s′)dpα(s
′)︸ ︷︷ ︸

θπ
ω,b

〉
N (0, 1

σ2 Id)×U([0,2π])
,

=
〈
ϕM (s, a), θr,M+γ

∫
S
µM (s′)V π(s′)dpα(s

′)︸ ︷︷ ︸
θπ
M

〉
ℓ2
,

where the second equation comes from the random feature
decomposition and the third equation comes from the Mercer
decomposition.

Immediately, for the stochastic nonlinear control model (1)
with an arbitrary dynamics f(s, a), the spectral dynamics
embeddings ϕω,b(·) and ϕM (·) provides a linear space, in
which we can conceptually conduct dynamic programming
for policy evaluation and optimal control with global optimal
guarantee. However, compared to the existing literature of
linear MDP ( [24], [35]) that assumes a given linear factor-
ization with finite dimension ϕ, both the Bochner and Mercer
Spectral Dynamics embedding decomposes general stochastic
nonlinear model explicitly through an infinite-dimensional
kernel view, motivating us to investigate the finite-dimensional
approximation.

B. Control with Finite-dimensional Approximation

Although the spectral dynamics embeddings in Lemma 4
and Lemma 5 provide linear spaces to represent the fam-
ily of Q-function, there is still a major challenge to be
overcome for practical implementation. Specifically, for the
Bochner random feature embedding, the dimension of ϕω,b(·)
is infinite with ω ∼ N

(
0, 1

σ2 Id
)

and b ∼ U([0, 2π]),
which is computationally intractable. Similarly, for the Mercer
embedding, the dimension of ϕM (·) ∈ ℓ2 is also infinite.
For the random feature embedding, [18] suggested the finite-
dimensional random feature, which is the Monte-Carlo approx-
imation for the Bochner decomposition [30], and demonstrated
strong empirical performances for reinforcement learning. For

5We note that these inner products refer to the inner product defined in
Equation 11 and the standard ℓ2 space inner product respectively, and not
any RKHS inner products.

Algorithm 1: Spectral Dynamics Embedding Con-
trol (SDEC)

Data: Transition Model s′ = f(s, a) + ε where
ε ∼ N (0, σ2Id), Reward Function r(s, a),
Number of Random/Nyström Feature m,
Number of Nyström Samples nNys ⩾ m,
Nyström Sampling Distribution µNys, Number
of Sample n, Factorization Scale α, Learning
Rate η, Finite-Truncation-Method
∈ {’Random features’, ’Nystrom’}

Result: π
Spectral Dynamics Embedding
Generation

1 Generate ϕ(s, a) using Algorithm 2
Policy evaluation and update

2 Initialize θ0 = 0 and π0(a|s) ∝ exp(ϕ(s, a)⊤θ0).
3 for k = 0, 1, · · · ,K do

Least Square Policy Evaluation
4 Sample i.i.d. {(si, ai, s′i), a′i}i∈[n] where

(si, ai) ∼ νπk , s′i = f(si, ai) + ε where νπk is the
stationary distribution of πk, ε ∼ N (0, σ2Id),
a′i ∼ πk(s

′
i).

5 Initialize ŵk,0 = 0.
6 for t = 0, 1, · · · , T − 1 do
7 Solve

ŵk,t+1 = argmin
w{∑

i∈[n]

(
ϕ(si, ai)

⊤w − r(si, ai)− γϕ(s′i, a
′
i)

⊤ŵk,t

)2}
(19)8

9 end
Natural Policy Gradient for Control

10 Update θk+1 = θk + ηŵk,T and
πk+1(a|s) ∝ exp(ϕ(s, a)⊤θk+1). (20)

11 end

the Mercer embedding, a well-known method to derive a
finite-dimensional approximation of the Mercer expansion is
the Nyström method [33], which seeks to approximate the
subspace spanned by the top eigenfunctions in the Mercer
expansion by using the eigendecomposition of an empirical
Gram matrix. Compared to random features, it is known
that the Nyström method can yield tighter approximation of
the kernel when the kernel eigenvalues satisfy certain decay
assumptions [36], motivating us to study and compare both
finite-dimensional truncations.

In this section, we first formalize the Spectral Dynamics
Embedding Control (SDEC) algorithm, implementing the dy-
namic programming efficiently in a principled way as shown
in Algorithm 1, whose theoretical property will be analyzed
in the next section. In Spectral Dynamics Embedding Con-
trol (SDEC), there are three main components,

1) Generating spectral dynamics embedding (Line 1 in Algo-
rithm 1, which calls Algorithm 2 as a subroutine.) To gen-
erate the spectral dynamics embedding, we consider either
using random features as a finite-dimensional truncation of
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Algorithm 2: Spectral Dynamics Embedding Genera-
tion
Data: Same data as Algorithm 1
Result: ϕ(·, ·)

1 if Finite-Truncation-Method = ’Random features’ then
2 Sample i.i.d. {ωi}i∈[m] and {bi}i∈[m] where

ωi ∼ N (0, 1
σ2 Id), bi ∼ U([0, 2π]) and construct

the feature

ψrf(s, a)=
gα(f(s, a))

αd

[
cos

(
ω⊤
i

f(s, a)√
1− α2

+ bi)

)]
i∈[m]

(21)3

Set ϕ(s, a) = [ψrf(s, a), r(s, a)]
4 else if Finite-Truncation-Method = ’Nystrom’ then
5 Sample nnys random samples {x1, . . . , xnys}

independently from S following the distribution
µNys.

6 Construct nnys-by-nnys Gram matrix given by
K

(nNys)
i,j = kα(xi, xj)

7 Compute the Eigendecomposition K(nnys)U = ΛU ,
with λ1 ⩾ . . . ⩾ λnnys

denoting the corresponding
eigenvalues.

8 Construct the feature

ψnys(s, a)=

[
gα(f(s, a))

αd
√
λi

nnys∑
ℓ=1

Ui,ℓkα

(
xℓ,

f(s, a)

1−α2

)]
i∈[m]

(22)9

Set ϕ(s, a) = [ψnys(s, a), r(s, a)]
10 end

the Bochner random features, or the Nyström method as a
finite-dimensional truncation of the Mercer features.
• Random features. Following Lemma 4, we construct

finite-dimensional ϕ by Monte-Carlo approximation,
building ψrf = [ψωi,bi ]

m
i=1, where ωi ∼ N

(
0, 1

σ2 I
)

and
bi ∼ U([0, 2π]). We then concatenate ψrf with r to form
ϕ.

• Nyström features. At a high level, we use the Nyström
method [33] to obtain the Nyström feature decomposition
of kα(·, ·) ≈ φnys(·)⊤φnys(·) for some φnys(·) ∈ Rm

by drawing nnys random samples iid from a sampling
distribution µnys over the state space S, where the sam-
pling distribution can be specified by the user, and in our
analysis is chosen to be pα (note we always choose m ⩽
nnys) and then working with the eigendecomposition of
the corresponding Gram matrix; we derive and motivate
the Nyström method in greater detail in Appendix VI-B
of our supplement [37]. Then, noting that

kα

(
s′,

f(s, a)

1− α2

)
≈ φnys

(
f(s, a)

1− α2

)⊤
φnys

(
s′
)
,

echoing the Mercer decomposition in Lemma 5, we set

ψnys(s, a) =
gα(f(s, a))

αd
φnys

(
f(s, a)

1− α2

)
,

which can be viewed as a finite-dimensional truncation
of the Mercer feature in (15). We specify the exact form
of φnys(·) in (50) of Appendix VI-B, which results in
the feature ψnys in (22) of Algorithm 2.

2) Policy evaluation (Line 4 to 9 in Algorithm 1). We conduct
least square policy evaluation for estimating the state-action
value function of current policy upon the generated finite-

dimensional truncation features. Specifically, we sample6

from the stationary distribution νπ(s, a) from dynamics
under current policy π and solve a series of least square
regression (19) to learn a Qπ(s, a) = ϕ (s, a)

⊤
wπ , with

wπ ∈ Rm×1 by minimizing a Bellman recursion type loss.
3) Policy update (Line 10 in Algorithm 1). Once we have the

state-value function for current policy estimated well in
step 2), we will update the policy by natural policy gradient
or mirror descent [38]. Specifically, we have the functional
gradient of accumulated reward w.r.t. a direct parameteri-
zation policy π as ∇πJ

π = 1
1−γ ν

π (s)Qπ (s, a) , where
νπ (s, a) denotes the stationary distribution of π. At t-
iteration, we estimated the Qπt (s, a) with ϕ(s, a)⊤wπt ,
we have the mirror descent update [39] for π as

πt+1 = argmax
π(·|s)∈∆(A)

〈
π, νπt (s)ϕ(s, a)⊤wπt

〉
+

1

η
KL (π||πt)

leading to the following closed-form solution,
πt+1(a|s) ∝ πt(a|s) exp

(
ϕ (s, a)⊤ ηwπt

)
= exp

(
ϕ (s, a)⊤ θt+1

)
where θt+1 =

∑t
i=0 ηw

πi , giving the update rule in (20).
Once the finite-dimensional spectral dynamics embedding has
been generated in step 1), the algorithm alternates between
step 2) and step 3) to improve the policy.

Remark 2 (Policy evaluation and update). We note that
although SDEC uses the least square policy evaluation and
natural policy gradient method for the policy update, the
proposed dynamic spectral embedding is compatible with
other policy evaluation and policy update methods, including
cutting-edge deep reinforcement learning methods, such as
Soft Actor-Critic [21], by using our proposed representation
to approximate the critic function. In other words, one of the
novelties of SDEC, is that it exploits the known nonlinear
dynamics to obtain a natural, inherent representation space
that could be adopted by various dynamical programming or
policy gradient-based methods.

Remark 3 (Beyond Gaussian noise). Although SDEC mainly
focuses the stochastic nonlinear dynamics with Gaussian
noise, the Nyström feature is clearly applicable for any
transition operator. Moreover, we can easily extend the ran-
dom feature for more flexible noise models. Specifically, we
consider the exponential family condition distribution for the
transition [40], i.e.,

P (s′|s, a) ∝ p(s′) exp
(
f (s, a)⊤ ζ

(
s′
))
, (23)

The transition (23) generalizes the noise model in the tran-
sition in two-folds: i), the noise model is generalized beyond
Gaussian to exponential family, which covers most common
noise models, e.g., exponential, gamma, Poisson, Wishart, and
so on; and ii), the nonlinear transformation over ζ (s′) also
generalize the dynamics. The random features for (23) are
derived in Appendix VI-A.

IV. THEORETICAL ANALYSIS

The major difficulty in analyzing the optimality of the
policy obtained by SDEC is the fact that after finite-
dimensional truncation, the transition operator constructed

6Our analysis also assumes that we sample exactly from νπ(s, a), but in
practice, we can only approximately sample from this distribution, which may
incur another source of error.
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by the random or Nyström features is no longer a valid
distribution, i.e., it lacks non-negativity and normalization,
which induces a pseudo-MDP [41] as the approximation.
For instance, in general, for the random features, the
term P̂ (s′|s, a) := 1

m

∑m
i=1 ϕωi,bi (f(s, a))µωi,bi (s

′) with
{ωi, bi}mi=1 ∼ N

(
0, σ−2Id

)
× U([0, 2π]) may be negative

for some values of s′ and (s, a). As a consequence, the
value function for the pseudo-MDP is not bounded, as the
normalization condition of the transition operator no longer
holds. Then, the vanilla proof strategy used in majority of the
literature since [42], i.e., analyzing the optimality gap between
policies through simulation lemma, is no longer applicable.

In this section, we bypass the difficulty from pseudo-MDP,
and provide rigorous investigation of the impact of the approx-
imation error for policy evaluation and optimization in SDEC,
filling the long-standing gap. We first specify the assumptions,
under which we derive our theoretical results below. These
assumptions are commonly used in the literature [24], [38],
[43], [44].

Assumption 1 (Regularity Condition for Dynamics and Re-
ward). ∥f(s, a)∥ ⩽ cf , and r(s, a) ⩽ cr for all s ∈ S, a ∈
A. For the ease of presentation, we omit the polynomial
dependency on cf and cr and focus on the dependency of
other terms of interest.

Assumption 2 (Regularity Condition for Feature). The fea-
tures are linearly independent.

Assumption 3 (Regularity Condition for Stationary Distribu-
tion [44]). Any policy π has full support over A. In addition,
for any policy π, the discounted stationary state distribution
dπ has full support over any region in S on which an optimal
policy π∗ is supported, and the discounted stationary state-
action distribution νπ satisfies the following conditions:

σmin

(
Eνπ

[
ϕ(s, a)ϕ(s, a)⊤

])
⩾ Υ1, (24)

σmin

(
Eνπ

[
ϕ(s, a) (ϕ(s, a)− γEνπϕ(s

′, a′))
⊤
])

⩾ Υ2, (25)

where Υ1,Υ2 > 0, and σmin(·) denotes the smallest singular
value of a matrix.

Assumption 1 is an assumption that holds whenever the state
space is compact. In the case of unbounded state spaces, given
the ability to design rewards, the boundedness of ∥f(s, a)∥
is more difficult to ensure. However, so long as we are in
the fairly reasonable scenario where the value function is 0
outside of a bounded set, this assumption on the boundedness
of ∥f(s, a)∥ can be seen to no longer be necessary. To see
why, suppose that the value function V π(·) function for any
policy π is 0 outside of a bounded set S0 ⊂ S; this is a fairly
representative scenario since for many problems, assuming we
have the ability to do reward design, there exists a region of
interest which we would like to give high rewards to encourage
the agent to stay inside. Outside of this region, we can simply
set the rewards to be 0. With this in mind, observe that we
need the bound on sups,a f(s, a) because we need the term

sup
((s,a),ω)

∣∣∣ϕω(s, a)
⊤
β
π
ω

∣∣∣ ⩽ sup
((s,a),ω)

|ψω(s, a)|1 ∥βπω∥∞ = O

(
sup(s,a) gα(f(s, a))

αd(1 − γ)

)
,

which appears in the proof of Proposition 1 to be bounded
(the analysis is similar for Nystrom features in Proposition 2).
When we set α = 0, the term gα(f(s, a)) = exp(α

2∥f(s,a)∥2

2σ2(1−α2) )
is simply equal to 1. In this case, it is clear that term
ψω,b(s, a) =

gα(f(s,a))
αd

cos
(

ω⊤f(s,a)√
1−α2

+ b
)

is always bounded.

Meanwhile, the term ∥βπ
ω,b∥ =

∫
S pα(s

′)µω,b(s
′)V π(s′)ds′ is

bounded even though pα(s′) = 1 for α = 0, since V π(s′) = 0
outside of a bounded set S0 ⊂ S. Thus, even when the state
and action spaces are infinite, so long as we are in the fairly
general scenario where the value function V π(·) function for
any policy π is 0 outside of a bounded set S0 ⊂ S, our analysis
should go through without the need for bounding ∥f(s, a)∥ on
the entirety of the state-action space..

Assumptions 2 and 3 are also typically challenging to
verify. Nonetheless, for our proposed features ϕ(s, a) =
[ψ(s, a), r(s, a)], where ψ(s, a) can either denote ψrf (s, a)
or ψnys(s, a), we show that the transition features ψ(s, a) are
linearly independent under very mild conditions, which then
implies that Assumption 2 holds when the reward function
r(s, a) does not lie exactly in the span of the transition feature
functions ψ(s, a); this again is a mild condition that is for
instance satisfied for any (locally) quadratic reward function
when random features are used. When this happens, we then
show that the two key conditions (24) and (25) in Assumption
3 holds for all but finitely many discount factors λ.

Lemma 7. The random features ψrf (s, a) are linearly inde-
pendent almost surely.

Lemma 8. Consider any feature dimension 0 < m ⩽ nNys.
Suppose the Nystrom Gram matrix K(nNys) has rank at
least m. Then, the Nystrom features ψnys(s, a) are linearly
independent.

Lemma 9. Suppose the features ϕ(s, a) are linearly indepen-
dent over the interior of the support of νπ for any policy π.
Then, for all but finitely many 0 ⩽ λ < 1, the two conditions
(24) and (25) in Assumption 3 holds.

Proofs of Lemmas 7,8 and 9 are deferred to our supple-
ment [37].

Throughout the analysis, for notational simplicity it will be
helpful to define the term

g̃α := sup
s,a

(gα(f(s, a)))α
−d (26)

We provide a brief outline of our overall proof strategy. First,
in Section IV-A we study the policy evaluation error. To do so,
for any policy πk encountered during the algorithm, let Q̂πk

denote the learned Q-value at the end of the policy evaluation
step in Line 9 of Algorithm 1. Then, by the triangle inequality,
the approximation error satisfies
∥Qπk − Q̂πk∥νπk ⩽ ∥Qπk − Q̃πk∥νπk︸ ︷︷ ︸

approximation error

+ ∥Q̃πk − Q̂πk∥νπk︸ ︷︷ ︸
statistical error

,

where Q̃πk denotes the solution to a projected Bellman
equation where the projection is onto the either the finite-
dimensional random features ((Line 2 in Algorithm 2)) or
Nyström features (Line 8 in Algorithm 2); we explain this in
greater detail in Section IV-A. Essentially, the approximation
error corresponds to the truncation error incurred by using
finite-dimensional features, while the statistical error is the
error incurred by using finitely many samples to approximate
Q̃πk . Bounding these two sources of errors gives us a total
error for policy evaluation bound in Theorem 1.

Second, in Section IV-B, we study the policy optimization
error of the natural policy gradient in Line 10 of Algorithm



8

1. We note that the policy optimization error includes a
component inherited from the policy evaluation error. This cul-
minates in Theorem 2, which provides the overall performance
guarantee for the control optimality of SDEC.

A. Error Analysis for Policy Evaluation

Our analysis starts from the error for policy evaluation
(Line 4 to 9 in Algorithm 1). We decompose the error into two
parts, one is the approximation error due to the limitation of
our basis (i.e., finite m in Line 2 and Line 8 of Algorithm 2),
and one is the statistical error due to the finite number of
samples we use (i.e., finite n in Line 4 of Algorithm 1).
For notational simplicity, we omit π and use ν to denote the
stationary distribution corresponding to π in this section.

a) Approximation Error: We first provide the bound on
the approximation error in terms of representing the Q-
function for arbitrary policy due to using an imperfect
finite-dimensional basis. When restricted to using a finite-
dimensional basis, the best possible Q̃ approximation is the
solution to a projected Bellman equation (cf. [43]), defined as
follows: given any (possibly finite-dimensional) feature map
Φ := {ϕ(s, a)}(s,a)∈S×A, we define the approximation Q̃π

Φ as
follows

Q̃π
Φ = Πν,Φ(r + PπQ̃π

Φ), (27)
where we recall ν is the stationary distribution under π, the
operator Pπ is defined as

(Pπh)(s, a) = E(s′,a′)∼P (s,a)×πh(s
′, a′). (28)

and Πν,Φ is the projection operator as defined as
Πν,ΦQ = argmin

h∈span(Φ)

Eν (Q(s, a)− h(s, a))
2
. (29)

Our interest in Q̃π
Φ stems from the fact that the least-squares

policy evaluation step in Algorithm 1 (see equation (19))
recovers Q̃π

Φ if the number of samples, n, goes to infinity.
We will address the statistical error from using a finite n later.

We are now ready to introduce our bound for the approxi-
mation error in using finite-dimensional random and Nyström
features. We begin with the result for random features. To do
so, we first need the following technical result, which is a
restatement of Lemma 1 from [19].

Lemma 10 (cf. Lemma 1 from [19]). Let p be a distribution
on a space Ω, and consider a mapping ϕ(x;ω) ∈ R. Suppose
f∗(x) =

∫
Ω
p(ω)β(ω)ϕ(x;ω)dω for some scalar β(ω) ∈ R

where supx,ω |β(ω)ϕ(x;ω)| ⩽ C for some C > 0. Consider
{ωi}ki=1 drawn iid from p, and denote the sample average of
f∗ as f̂(x) = 1

K

∑K
k=1 β(ωk)ϕ(x;ωk). Then, for any δ >

0, with probability at least 1 − δ over the random draws of
{ωi}ki=1,√∫

X

(
f̂(x)− f∗(x)

)2
dµ(x) ⩽

C√
K

(
1 +

√
2 log

1

δ

)
.

Proposition 1 (Q-Approximation error with random features).
We define the feature map Φrf for random features as follows

Φrf = {[ψrf(s, a), r(s, a)]}(s,a)∈S×A, (30)
where ψrf(s, a) is defined in (21) in Algorithm 1. Then, for
any δ > 0, with probability at least 1− δ, we have that∥∥∥Qπ − Q̃π

Φrf

∥∥∥
ν
= Õ

(
γg̃α

(1− γ)2
√
m

)
, (31)

where ∥ · ∥ν is the L2 norm defined as ∥f∥ν =
∫
f2dν, and

Q̃π
Φrf

is defined in (27).

Proof. With the contraction property and results from [43], we
have ∥∥∥Qπ − Q̃π

Φrf

∥∥∥
ν
⩽

1

1− γ

∥∥Qπ −Πν,Φrf
Qπ∥∥

ν
, (32)

where Πν,Φrf
is defined as in (29). By definition Πν,Φrf

is
contractive under ∥ · ∥ν . Note that
Qπ(s, a) = r(s, a)

+ γEω∼N (0, 1
σ2

Id),b∼U([0,2π])

[
ϕω,b(s, a)

⊤
∫
S
pα(s

′)µω(s
′)V π(s′)ds′

]
.

With Hölder’s inequality, as well as ∥µω,b(s
′)∥ = O(1) by

definition, ∥V π∥∞ = O((1 − γ)−1), and using the notation
βπ
ω,b :=

∫
S pα(s

′)µω,b(s
′)V π(s′)ds′, we have for every (ω, b)

that
∥∥∥βπ

ω,b

∥∥∥ = O((1 − γ)−1). In addition, recalling that
ϕω,b(s, a) = [ψω,b(s, a), r(s, a)], we have

sup
((s,a),(ω,b))

|ϕω,b(s, a)β
π
ω,b| ⩽ sup

((s,a),(ω,b))
|ψω,b(s, a)|

∣∣βπω,b

∣∣
since the coordinate in βπ

ω,b corresponding to the reward
coordinate of ϕω,b(s, a) is 0. Since

sup
((s,a),(ω,b))

|ψω,b(s, a)| ⩽ 2 sup
(s,a)

gα(f(s, a))

αd
,

this implies that

sup
((s,a),(ω,b))

|ϕω,b(s, a)β
π
ω,b| = O

(
sup(s,a) gα(f(s, a))

αd(1− γ)

)
Thus, applying Lemma 10, we have that∥∥Qπ −Πν,Φrf

Qπ∥∥
ν
= Õ

(
γ sups,a gα(f(s, a))

αd(1− γ)
√
m

)
. (33)

Substituting (33) into (32) finishes the proof.

We see above that with high probability, the approximation
error for random features shrinks at a rate of O

(
m−1/2

)
as

we increase the number of random features m. We proceed to
show our approximation error result for Nyström features. An
essential step to proving our approximation error for Nyström
features is the following proposition, which is a general high-
probability approximation error bound when approximating a
smooth kernel using Nyström features.

Lemma 11 (Kernel approximation error using Nyström fea-
tures). Consider the following Mercer decomposition (on S)
of kα(·, ·):

kα(x, x
′) =

∞∑
i=1

σiei(x)ei(x
′), (34)

where {ei}∞i=1 forms a countable orthonormal basis for
L2(µnys) with corresponding eigenvalues {σi}∞i=1. Let
Xnnys = {xi}

nnys

i=1 be an i.i.d nnys-point sample from µnys.
In addition, let λ1 ⩾ λ2 ⩾ . . . ⩾ λnnys

denote the eigenvalues
of the (unnormalized) Gram matrix K(nnys) in its eigendecom-
position K(nnys)U = ΛU where U⊤U = UU⊤ = I . Suppose
that σj , λj/nnys ≲ exp(−βj1/h) for some β > 0 and h > 0.
Suppose that nnys ⩾ 3 and that ⌊(2 log nnys)h/βh⌋ ⩽ m ⩽
nnys.

Consider the rank-m kernel approximation k̂
nnys
α,m con-

structed using Nyström features, defined as follows:
k̂nnys
α,m (s, t) = φnys(s)

⊤φnys(t), (35)
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where φnys(·) ∈ Rm and is defined as

(φnys)i(·) :=
1√
λi
u⊤i kα(X

nnys , ·), ∀i ∈ [m], (36)

where ui denotes the i-th column of U , and kα(X
nnys , ·)

denotes a nnys-dimensional vector where (kα(X
nnys , ·))ℓ =

kα(xℓ, ·); for details on deriving (φnys)i, see Appendix VI-B
in our supplement [37]. Then, ∀δ > 0, with probability at
least 1− δ,∫

S

√(
kα − k̂

nnys
α,m

)
(x, x)dµnys(x) = Õ

(
1

nnys

)
. (37)

We defer the proof of Lemma 11 to Appendix VI-C. We
note here that the Õ(1/nnys) high probability error decay
rate is a novel result, outperforming the Õ(1/

√
nnys) rate in

[20]. We achieve this improvement by combining Bernstein’s
inequality and results in local Rademacher complexity theory
[45]. Using Lemma 11, we can then demonstrate the following
approximation error for the Nyström features.

Proposition 2 (Q-Approximation error with Nyström fea-
tures). Suppose all the assumptions in Lemma 11 hold. Sup-
pose also that we pick the sampling distribution µnys such
that µnys(x) = pα(x). We define the feature map Φnys for the
Nyström features as follows:

Φnys = {[ψnys(s, a), r(s, a)]}(s,a)∈S×A, (38)
where ψnys(s, a) ∈ Rm is defined in (38) in Algorithm 1. Then,
for any δ > 0, with probability at least 1− δ,∥∥∥Qπ − Q̃π

nys

∥∥∥
ν
⩽ Õ

(
γg̃α

(1− γ)2nnys

)
⩽ Õ

(
γg̃α

(1− γ)2m

)
,

where ∥ · ∥ν is the L2 norm defined as ∥f∥ν =
∫
f2dν, Q̃π

Φnys

is defined in (27), and g̃α := sups,a
gα(f(s,a))

αd
.

Proof. Similar to the analysis at the start of the proof of
Proposition 1, with the contraction property and results from
[43], we have that∥∥∥Qπ − Q̃π

Φnys

∥∥∥
ν
⩽

1

1− γ

∥∥∥Qπ −Πν,ΦnysQ
π
∥∥∥
ν
, (39)

where Πν,Φnys
is defined as in (29). It remains for us to bound∥∥Qπ −Πν,Φnys
Qπ
∥∥
ν
. First, by (35), recalling the definition of

φnys(·) in (36), we have

k̂
nnys
m

(
s′,

f(s, a)

1− α2

)
= φnys(s

′)⊤φnys

(
f(s, a)

(1− α2)

)
, (40)

as our Nyström approximation of kα
(
s′, f(s,a)1−α2

)
. Since we

have ψnys(s, a) = gα(f(s, a))φnys

(
f(s,a)
1−α2

)
, where ψnys(·) is

defined as in (22), this motivates us to consider the following
Q-value approximation:
Q̂π

nys(s, a) :=r(s, a) + γψnys(s, a)
⊤
(∫

S φnys(s
′)V π(s′)pα(s

′)ds′

αd

)
,

which we note this is a feasible solution to the objective
argmin

f∈span(Φnys)
Eν
(
Qπ(s, a)− f(s, a)

)2
.

Thus, we have∥∥Πν,Φnys (Q
π)−Qπ

∥∥
ν
⩽
∥∥∥Q̂π

nys −Qπ
∥∥∥
ν

= γ

∥∥∥∥∥ψnys(s, a)
⊤

(∫
S φnys(

√
1− α2s′)V π(s′)pα(s′)ds′

αd

)

−
∫
S
P (s′ | s, a)V π(s′)ds′

∥∥∥∥
ν

= γ

∥∥∥∥∥
(
gα(f(s, a))

αd

)(∫
S
φnys

(
f(s, a)

1−α2

)⊤
φnys(s

′)V π(s′)dpα(s
′)

−
∫
S
kα(s

′,
f(s, a)

1−α2
)V π(s′)dpα(s

′)

)∥∥∥∥
ν

⩽ γ

(
Vmaxgα,sup

αd

)
×∥∥∥∥∫

S

∣∣∣∣k̂nnys
m

(
s′,

f(s, a)

1−α2

)
−kα

(
s′,

f(s, a)

1−α2

)∣∣∣∣ pα(s′)ds′∥∥∥∥
ν︸ ︷︷ ︸

T1

, (41)

where gα,sup := sups,a gα(f(s, a)). By our choice of µnys =
pα(x), continuing from (41), we have

T1 =

∥∥∥∥∫
S

∣∣∣∣k̂nnys
m

(
s′,

f(s, a)

1− α2

)
− kα

(
s′,

f(s, a)

1− α2

)∣∣∣∣ pα(s′)ds′∥∥∥∥
ν

=

∥∥∥∥∥
∫
S

∣∣∣∣∣
〈
kα

(
f(s, a)

1−α2
, ·
)
, k̂

nnys
m (s′, ·)−kα(s′, ·)

〉
Hkα

∣∣∣∣∣ dpα(s′)
∥∥∥∥∥
ν

⩽

∥∥∥∥∥
∫
S

√
kα

(
f(s, a)

1− α2
,
f(s, a)

1−α2

)√
(kα−k̂nnys

m )(s′, s′)dpα(s
′)

∥∥∥∥∥
ν

⩽

∥∥∥∥∫
S

√
(kα − k̂

nnys
m )(s′, s′)dpα(s

′)

∥∥∥∥
ν

Note to move from the second last line to the last line, we used
the fact that kα(·, ·) ⩽ 1. Using Proposition 11, by utilizing
the decay assumption on the eigenvalues of both the Mercer
expansion and empirical gram matrix, we thus have that for
any δ > 0, with probability at least 1− δ,

T1 ⩽

(∫
S

√
(kα − k̂

nnys
m )(s′, s′)µ(s′)ds′

)
= Õ

(
1

nnys

)
.

We conclude by combining (41) and the bound on T1.

Remark 4. Proposition 2 shows that using the Nyström
method improves the approximation error to O(

(
n−1
nys

)
), where

nnys is the number of samples we sample to construct the
Gram matrix used to build the Nyström features. We emphasize
that an important condition for this hold is the assumption
in the above proposition that the number of features m

satisfy m ⩾ (2 lognnys)
h

βh
. The rate O(

(
n−1
nys

)
) is always an

improvement over O(1/m) where m is the number of features,
since by design SDEC chooses m ⩽ nnys. The only assumption
required for this improvement is that the eigenvalues of the
empirical Gram matrix and Mercer expansion satisfy certain
decay assumptions, which is a natural assumption to make in
the kernel literature (cf. Theorem 2 in [46]).

b) Statistical Error: We now provide the bound on the
statistical error due to using a finite number of samples n.
We note that this is a general result that applies to any
features ϕ(s, a), inclding both Nyström and random features,
that satisfies Assumptions 1 to 3.7

Proposition 3. For each policy π encountered in the algo-
rithm, let Q̂π

Φ,T denote the policy given by Q̂π
Φ,T (s, a) =

ϕ(s, a)⊤ŵT , where ŵT is defined as in (19), and Φ can
either be the reward concatenated with the Nyström or random
features, i.e. either Φnys or Φrf . Let ϕsup := sups,a ∥ϕ(s, a)∥.
Then, for sufficiently large n, there exists an universal constant
C > 0 independent of m, n, T and (1− γ)−1, such that with
probability at least 1− δ, we have∥∥∥Q̃π

Φ − Q̂π
Φ,T

∥∥∥
ν
⩽ γT

∥∥∥Q̃π
Φ

∥∥∥
ν
+
Cϕ6suppolylog(m,T/δ)

(1− γ)Υ2
1Υ2

√
n

, (42)

where we recall Q̃π
Φ is defined as in (27).

7Similar analysis of statistical error of policy evaluation with linear function
approximation also exist in the literature [44], [47].
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Proof. We define w̃ which satisfies the condition

w̃=
(
Eν

[
ϕ(s, a)ϕ(s, a)⊤

])−1
(43)(

Eν

[
ϕ(s, a)

(
r(s, a)+γE(s′,a′)∼P (s,a)×π

[
ϕ(s′,a′)⊤w̃

])])
,

and let Q̃π
Φ(s, a) = ϕ(s, a)⊤w̃. It is straightforward to see that

w̃ is the fixed point of the population (i.e., n→ ∞) projected
least square update (19). For notational convenience, we drop
the Φ in the subscript of Πν,Φ. With the update (19), we have
that

∥Φ(w̃ − ŵt+1)∥ν ⩽γ ∥Φ(w̃ − ŵt)∥ν +
∥∥∥(Πν − Π̂ν

)
r
∥∥∥
ν

+ γ
∥∥∥(ΠνP

π − Π̂ν P̂
π
)
Φŵt

∥∥∥
ν
,

where we use the contractivity under ∥ · ∥ν . Telescoping over
t leads to

∥Φ(w̃−ŵT )∥ν ⩽γT ∥Φ(w̃ − ŵ0)∥ν+
1

1− γ

∥∥∥(Πν−Π̂ν

)
r
∥∥∥
ν

+
γ

1− γ
max
t∈[T ]

∥∥∥(ΠνP
π − Π̂ν P̂

π
)
Φŵt

∥∥∥
ν
.

With the concentration of the second and third terms as shown
in Appendix VI-D, we conclude the proof.

Proposition 3 demonstrates that, the statistical error of the
linear parts can be decomposed into two parts. The first part
γT
∥∥∥Q̃π

∥∥∥
ν

is due to the fact that we start from ŵ0 = 0

and shrinks as the number of least square policy evaluation
iterations T increase. The second part Cg̃6

αm
3polylog(m,T/δ)

(1−γ)Υ2
1Υ2

√
n

denotes the statistical error due to the finite sample and shrinks
as the number of samples n increases. We can balance the two
parts with T = Θ(log n) and obtain an estimation error that
shrinks as O(n−1/2) with high probability.

c) Total Error for Policy Evaluation: Combine the approx-
imation error in Proposition 1 and Proposition 2 and the
statistical error in Proposition 3, we have the following bound
on the error for least square policy evaluation:
Theorem 1. Let T = Θ(log n). With probability at least 1−δ,
we have that for the random features Φrf ,

∥∥∥Qπ − Q̂π
Φrf ,T

∥∥∥
ν
= Õ

 g̃α
(1−γ)2

√
m︸ ︷︷ ︸

approx. error

+
g̃6αm

3

(1−γ)Υ2
1Υ2

√
n︸ ︷︷ ︸

stat. error

 ,

(44)
and for the Nyström features

∥∥∥Qπ − Q̂π
Φnys,T

∥∥∥
ν
= Õ

 g̃α
(1− γ)2nnys︸ ︷︷ ︸
approx. error

+
g̃6αn

3
nys/λ

3
m

(1− γ)Υ2
1Υ2

√
n︸ ︷︷ ︸

stat. error

 .

(45)

Proof. This directly comes from the triangle inequality, i.e.,∥∥∥Qπ − Q̂π
Φ,T

∥∥∥
ν
⩽
∥∥∥Qπ − Q̃π

Φ

∥∥∥
ν
+
∥∥∥Q̃π

Φ − Q̂π
Φ,T

∥∥∥
ν
.

The first approximation error term is bound using Proposi-
tion 1 and Proposition 2 for random and Nyström features
respectively, while the second statistical error term can be
bound using Proposition 3, and applying the result from
Appendix G in our supplement [37] that for random features,
sups,a ∥ϕ(s, a)∥ = O(g̃α

√
m), and that for Nystrom features,

sups,a ∥ϕ(s, a)∥ = O(g̃α
√

nnys
λm

), where λm is the m-th

largest eigenvalue of the Gram matrix K(nnys).
Theorem 1 provides the estimation error of Q with least

square policy evaluation under the ∥ · ∥ν norm for both the
random and Nyström features. It can be used to provide an
estimation error of Jπ shown in the following corollary. Mean-
while, it also performs as a cornerstone of control optimality
analysis, as we will show in the next section. The bound
also reveals a fundamental tradeoff between the approximation
error and statistical error: for random features, a larger number
m of features will make the finite kernel truncation capable of
approximating the original infinite-dimensional function space
better (cf. the Õ

(
1√
m

)
approximation error term in the RHS

of (44)) but it also requires a larger number of learning samples
n in the policy evaluation step in order to train the weights
well (cf. the Õ

(
m3
√
n

)
statistical error term in the RHS of (44)).

While the statistical error term in Nyström features remains the
same, the approximation error term here (cf. (45)) improves
to Õ(1/nnys) ⩽ Õ(1/m) (which holds since the number
of features we pick, m, is always less than nnys which is
the number of samples used to obtain the Nyström features),
smaller than the Õ(1/

√
m) approximation error term in (44).

B. Error Analysis of Natural Policy Gradient for Control

We now provide the error analysis for policy optimization.
We start with the following "regret lemma" that is adapted
from Lemma 6.2 in [38]. We remark that in the following
proof we assume the action space A is finite for simplicity,
however, the proposed SDEC is applicable for infinite action
space without any modification.

Lemma 12 (cf. Lemma 6.2 in [38]). Let ϕsup :=
sups,a ∥ϕ(s, a)∥. For a fixed comparison policy π̃, we have
that
mink<K

{
V π̃ − V πk

}
= O

(
1

1−γ

(
log |A|
ηK +

ηϕ4
sup

Υ2
2

+ 1
K

∑K−1
k=0 errk

))
,

(46)
where errk is defined as
errk := Es∼dπ̃,a∼π̃(·|s)

[
Aπk(s, a)− ŵ⊤

k,T

(
ϕ(s, a)− Ea′∼πk(s) [ϕ(s, a

′)]
)]
,

where Aπk(s, a) = Qπk(s, a)−V πk(s), and ŵk,T is as defined
in (19).

Proof. We provide a brief sketch here. Note that ∥ϕ(s, a)∥2 =
O(ϕsup). Thus, by Remark 6.7 in [38], we know that
log π(a|s) is smooth with the smoothness parameter β =
O(ϕ2sup), with which we have

Es∼dπ̃ [KL(π̃(·|s)∥πk(·|s))−KL(π̃(·|s)∥πk+1(·|s))]

=Es∼dπ̃ ,a∼π̃(·|s)

[
log

πk+1(a|s)
πk(a|s)

]
⩾ηEs∼dπ̃ ,a∼π̃(·|s)

[
(∇θ log πk(a|s))⊤ ŵT

k

]
− η2β

2

∥∥∥ŵT
k

∥∥∥2
2

=ηEs∼dπ̃ ,a∼π̃(·|s)
[
Aπk (s, a)

]
− η2β

2

∥∥∥ŵT
k

∥∥∥2
2

+ ηEs∼dπ̃ ,a∼π̃(·|s)

[
(∇θ log πk(a|s))⊤ ŵT

k −Aπk (s, a)
]

=(1− γ)η
(
V π̃ − V πk

)
− η2β

2

∥∥∥ŵT
k

∥∥∥2
2
− ηerrk,

where second inequality comes from smoothness condition
and the last step comes from the performance difference
lemma (Lemma 3.2 in [38]). We can then complete the proof
by a telescoping sum, and also use the fact that for sufficiently
large number of learning samples n, the learnt ŵk,T ≈ w̃
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(where w̃ is defined in (43)) and that ∥w̃∥ = O(ϕsupΥ
−1
2 ).

More details are provided in Appendix VI-E.

Given an arbitrary policy π̃, for K steps of the policy
update step in SDEC (yielding {V πk}Kk=1), this lemma bounds
a difference term where the largest of the {V πk}Kk=1’s is
subtracted from V π̃ . We note that the first term of the bound in
(46) decreases at the rate of O

(
K−1

)
, with the second term in

the bound in (46) coming from the smoothness parameter (see
Appendix VI-E for details) and the third term in the bound in
(46) arising from the estimation error in the policy evaluation
step. We can eventually balance the first and second terms to
select the optimal stepsize η, while the third term is irreducible
and inherited from the policy evaluation step. Now, we can
provide the performance guarantee for the control optimality
with natural policy gradient.
Theorem 2. Let η = Θ

(
Υ2g̃

−2
α m−1

√
log |A|

)
for random

features and η = Θ
(
Υ2g̃

−2
α n−1

nysλm
√

log |A|
)

for Nystrom fea-
tures. With high probability, for the V πk

Φrf
learnt using random

features Φrf , we have
E
[
mink<K

{
V π∗ − V πk

Φrf

}]
= (47)

Õ

(
g̃2
αm
Υ2

√
log |A|

K + 1
1−γ

√
maxs,a,π,k

dπ∗ (s)π(a|s)
νπk (s,a)

(
g̃α

(1−γ)2
√
m

+
g̃6
αm

3

(1−γ)Υ2
1Υ2

√
n

)
.

Meanwhile for the V πk
Φnys

learnt using Nyström features Φnys,
we have
E
[
mink<K

{
V π∗ − V πk

Φnys

}]
= (48)

Õ

(
nnysλ

−1
m g̃2

α

Υ2

√
log |A|

K + 1
1−γ

√
maxs,a,π,k

dπ∗ (s)π(a|s)
νπk (s,a)

(
g̃α

(1−γ)2nnys
+

g̃6
αn

3
nys/λ

3
m)

(1−γ)Υ2
1Υ2

√
n

)
Proof. This is proved by setting π̃ := π∗ in Lemma 12,
selecting the appropriate η as our choice in the lemma, and
characterizing the term errk as in Appendix VI-F. Finiteness
of the policy distribution ratio is ensured by the coverage
conditions in Assumption 3.

We emphasize that Theorem 2 characterizes the gap between
optimal policy and the solution provided by SDEC, taking
in account of finite-step in policy optimization (K), finite-
dimension (m) in the feature space, finite number of samples
used to generate Nyström features (nnys) and finite-sample (n)
approximation in policy evaluation, respectively, which, to the
best of our knowledge, is established for the first time. As
we can see, for the random features, when m increases, we
can reduce the approximation error, but the optimization and
sample complexity will also increase accordingly. For Nyström
features, this tradeoff may be better especially since the
approximation term scales as O(1/nnys)), and depending on
the spectrum eigendecay, m may be chosen to be significantly
smaller than nnys. In either case, we can further balance the
terms for the optimal dimension of features. Finally, we note
that the final bound has a polynomial dependence on g̃α, which
at first glance scales exponentially with cf . However, α can
be picked to be Õ(1/cf ) to cancel out this dependence.

V. SIMULATIONS

A. Details of SDEC implementation
In this section, we will empirically implement the SDEC

and compare it with other methods. As we discussed in Re-
mark 2, the advantage of the proposed spectral dynamics em-
bedding is that it is compatible with a wide range of dynamical

programming/reinforcement learning methods, allowing us to
take advantage of the computational tools recently developed
in deep reinforcement learning. Though in SDEC we stick to
a particular type of policy evaluation and policy update for
the purpose of theory development, in our empirical imple-
mentation of SDEC, we combine spectral dynamicsal embed-
ding with Soft Actor-Critic (SAC) [21], a cutting-edge deep
reinforcement learning method that has demonstrated strong
empirical performance. Specifically, we use random features
or Nyström to parameterize the critic, and use this as the critic
in SAC. In SAC, it is necessary to maintain a parameterized
function Q(s, a) which estimates the soft Q-value (which in-
cludes not just the reward but also an entropy term encouraging
exploration). For a given policy π, the soft Q-value satisfies
the relationship Qπ(st, at) = r(st, at) + γEst+1∼p[V (st+1)],
where V (st) = Eat∼π[Q(st, at) − β log π(at | st)]. Based
on the spectral dynamics embedding proposed in our paper,
we parameterize the Qπ-function as Qπ(s, a) = r(s, a) +
ϕ̃ω(s, a)

⊤θ̃π where ϕ̃ω(s, a) is our feature approximations.
We use two types of feature approximations, random features
and Nyström features. The random features are composed by
ϕ̃ω(s, a) =

[
cos(ω⊤

1 s
′ + b1), · · · , cos(ω⊤

ms
′ + bm)

]⊤
, where

s′ = f(s, a), with {ωi}mi=1 ∼ N (0, Id) and {bi} drawn iid
from Unif([0, 2π]). The θ̃π ∈ Rm is updated using (mini-
batch) gradient descent for (19). For the Nyström feature, we
first sample m data s1, . . . , sm uniformly in the state space
to construct the corresponding Gram matrix K ∈ Rm×m.
Then we do spectral decomposition of K to get orthogonal
eigenvectors U and diagonal matrix Λ. The Nyström features
are composed by ϕ̃ω(s, a) = [k(s′, s1) . . . , k(s

′, sm)]UΛ−1/2.
We then use this Q-function for the actor update in SAC.

B. Experimental Setup
We implemented the proposed SDEC algorithm on four

nonlinear control tasks, Pendulum swingup, pendubot balance,
cartpole swingup, and 2D drone hovering. Pendulum and
Cartpole are two classic nonlinear control tasks, the tasks are
swinging up the pendulum to the upright position. Pendubot
is another classic underactuated system where two rods are
linked together with an un-acturated joint [48]. The task is to
balance the two rods in the upright position. The 2D drone
task simplifies drones to a 2D plane with two motors. The
task is hovering the drone at a fixed position.

C. Performance versus other nonlinear controllers
We compare SDEC with iterative LQR (iLQR) [6] and

Koopman-based control [14], Energy-based control [49], [50],
and soft actor-critic (SAC) [21]. We note that iLQR, the
energy-based controller and SDEC all make use of the knowl-
edge of the environment dynamics. DKUC and SAC do
not make use of the environment dynamics. The first two
are well-known alternatives for nonlinear control, and the
energy-based control is a Lyapunov-based method to design
stabilizing controllers. For iLQR, we used the implementation
in [51], where we added a log barrier function to account
for the actuator constraint. Meanwhile, for the Koopman-
based control, we adapted an implementation called Deep
KoopmanU with Control (DKUC) proposed in the paper [52],
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where we combine the dynamics learned from DKUC with
MPC to enforce the input constraint. We modified the energy-
based swing-up controller from [50]. For SDEC and DKUC,
we trained using 4 different random seeds, and both algorithms
have access to the same amount of environment interaction.
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training iterations (×104)
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ep
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0 5 10
training iterations (×104)
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50

0 Pendubot

Fig. 1. SDEC performances with random features and Nyström on
noisy and non-noisy environments.
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Fig. 2. Performances of all algorithms on Pendulum with varying noise
levels σ ∈ {0, 1, 2, 3}.
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Fig. 3. SDEC performance on the Pendulum with different α in scaling
f(s, a) (left) and in Nystrom sampling distribution (right).
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Fig. 4. 5 trajectories of 2D quadrotor controlled by SDEC and SAC.

The performance of the various algorithms in both the noise-
less and noisy setting (with σ = 1) can be found in Table I.
The mean and standard deviation (in brackets) over 4 random
seeds are shown. The number of random and Nyström features
used is 512 for pendulum, 4096 for pendubot and 2D Drones
and 8192 for Cartpole. We observe that the SDEC strongly
outperforms other nonlinear controllers in the noisy setting
(higher reward is better; in this case the negative sign is due
to the rewards representing negative cost). For the noiseless
setting, SDEC are comparable to the best nonlinear baseline
controllers. For comparison with SAC, we observe different

results depending on whether the system is fully actuated.
For the pendulum and 2D drones where the systems are fully
actuated, we observe significant advantages of the proposed
SDEC over baselines, especially in noisy environments. For
the Cartpole and pendubot that are underacutated, the proposed
SDEC can still outperform other nonlinear control baselines
but achieve comparable performance with SAC. We further
plot the performance of SDEC during the course of its learning
in Figure 1 and 2. The evaluation is performed every 25
learning episodes on a fresh evaluation set of 100 episodes,
and the y-axis represents the average episodic reward on the
evaluation set. The shaded regions represent a 1 standard
deviation confidence interval (across 4 random seeds). Figure 1
compares performance with different features and noise levels.
In both the noiseless and noisy settings, the performance of
SDEC continuously improves until it saturated after a few
episodes. Figure 2 shows the evaluation performance on the
pendulum swingup task during training with noisier envi-
ronments. The performance still continuously improves and
then saturates. Performance with different finite approximation
dimensions are compared in Figure 5. As dimension increases,
the performance improves. Nyström features are constantly
better than random features and benefit more from dimension
increase, which aligns with our theoretical results.
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0 2D Drones Noisy Random Feature
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10

5
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Fig. 5. Performance after training with different feature dimensions on
noisy 2D drones with random and Nyström features.

D. Robustness and Stability
To evaluate the robustness of the proposed algorithm, We

show the performance under different noise levels in Figure
2. We can see that both two SDEC algorithms show good
robustness against increasing noise levels, while SAC has
significantly worse performance as the noise level increases.
As for all the nonlinear control baselines, they are not able to
obtain good performance with noise dynamics. We can study
stability using the results in Table I. The reward functions are
designed as the squared error with respect to the equilibrium
state. We see the proposed SDEC shows good stability, es-
pecially with noise. We also show 5 trajectories of noisy 2D
drones controlled by SDEC and SAC in Figure 4. The goal
is to stabilize the drone at the initial position [0.0, 0.5, 0.0].
The initial state is the origin and the noise level is σ = 1.0.
The six plots show six drone states including the 2D position
and the roll angle [x, z, θ], and their time derivatives. The
trajectories show that SDEC can stabilize the drone even with
the presence of noise. However, with SAC, the drones quickly
become unstable and flip over due to the noise.

VI. CONCLUSION

There has been a long-standing gap between the theoret-
ical understanding and empirical success of the kernelized
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TABLE I
PERFORMANCE COMPARISON. BOLD NUMBERS ARE THE BEST AVERAGE PERFORMANCE OVER ALL ALGORITHMS.

Pendulum Pendulum Pendubot Pendubot 2D Drones 2D Drones Cartpole Cartpole
(Noisy) (Noisy) (Noisy) (Noisy)

SDEC(RF) -279.0±175 -240±173 -0.793±0.190 -3.883±0.283 -5.074±2.023 -7.423±2.549 -212±116 -211±93
SDEC(Nyström) -245.0±174 -225±156 -2.635±1.072 -3.880±1.192 -2.315±0.323 -4.424±0.924 -216±118 -207±90
iLQR -1084±544 -1191±415 -429.6±113.8 -1339±605 -0.973±0.841 753.7±119.7 -430±87.3 -705±59
DKUC -1090±436 -1021±546 -446.0±54.2 -330.8±140.1 -750.8±427.7 -867.0±94.9 -486±189 -774±309
Energy-based -895.8±128 -1604±288 -0.797±0.588 -16.63±5.62 -322.9±14.6 -339.8±35.3 -779±247 -694±91
SAC -250±173 -261±179 -0.295±0.132 -0.751±0.458 -10.87±12.15 -20.06±14.82 -206±100 -214±96

linearization control with spectral dynamics embedding, i.e.,
the error induced by finite-dimensional approximation has
not be clearly analyzed. In this work, we close this gap by
studying the policy evaluation and optimization error for finite-
dimensional random and Nystrom features, theoretically vali-
dating the practical usage of SDEC. Along the way, we have
also developed new analysis tools and results that may be of
independent interest, e.g. the novel O(1/nnys) high-probability
convergence rate for Nyström kernel approximation.
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APPENDIX

A. Random Feature for Exponential Family Transition
With the transition operator in (23), we have

P (s′|s, a) = exp (A (s, a)) exp
(
f (s, a)⊤ ζ

(
s′
))
p(s′)

= exp (A (s, a)) exp

(
∥f(s, a)∥2

2

)
︸ ︷︷ ︸

h(s,a)

· exp
(
−
∥f (s, a)− ζ (s′)∥2

2

)
exp

(
∥ζ (s′)∥2

2

)
p(s′)︸ ︷︷ ︸

g(s′)

=Eω
[〈
h (s, a)ψω (f(s, a)) , µω

(
s′
)
g(s′)

〉]
,

where ψω,b (f(s, a)) = cos
(
ω⊤f (s, a) + b

)
and µω,b =

cos
(
ω⊤ζ (s′) + b

)
with ω∼N (0, I) and b ∼ U([0, 2π]).

B. Nyström features
We refer to Appendix VI-B in our supplement [37] for a

more detailed derivation and justification of Nyström features.
For simplicity, in the sections relating to the Nyström method,
let n := nnys denote the number of samples used to learn the
Nyström features. In brief, for any m ⩽ n, we approximate
kα by the rank-m approximation k̂nα,m, where

k̂nα,m(x, y) = kα(x,X
n)

(
m∑
i=1

1

λi
uiu

⊤
i

)
kα(X

n, x), (49)

and Xn is n i.i.d samples drawn from µNys. This is the Nys-
tröm kernel approximation that we will consider in the paper.
Since it can be shown that k̂nα,m(x, y) = φnys(x)

⊤φnys(y),
where

(φnys)i(·) =
1

√
λi
u⊤i kα(X

n, ·), ∀i ∈ [m], (50)

we may view φnys(·) ∈ Rm as the (rank-m) Nyström features
associated with the Nyström kernel approximation.

C. Detailed Proof for Proposition 11 (Kernel
approximation error of Nyström features)

By Lemma 3, in the RKHS corresponding to kα, which we
denote as Hkα , given any x, y ∈ S, ⟨kα(x, ·), kα(y, ·)⟩Hkα

=
kα(x, y). Let ϕ(·) ∈ Rm be as defined in (50). Note that
for each i ∈ [m], we can view (φnys)i(·) as an element in
Hkα . This and several other useful properties of the features
{(φnys)i(·)}mi=1 is shown in this next result (cf. [20]).

Lemma 13. Let (φnys)i(·) := 1√
λi
u⊤i kα(X

n, ·) for each i ∈
[m]. Then, the following statements hold.

1) The set {(φnys)i(·)}mi=1 is orthonormal in Hkα .
2) Define an orthogonal projection map PXn

m : Hkα → Hkα
onto the span of {(φnys)i(·)}mi=1 , such that

PXn

m (h(·)) =
m∑
i=1

⟨h(·), (φnys)i(·)⟩Hkα (φnys)i(·).

Then, PXn

m kα(x, ·) = k̂nα,m(x, ·) for every x ∈ S. Thus,
for every (x, y) ∈ S, recalling the definition of k̂nα,m in
(49), we have

k̂nα,m(x, y) =⟨kα(x, ·), k̂nα,m(·, y)⟩Hkα
=⟨PXn

m kα(x, ·), PXn

m kα(y, ·)⟩Hkα
3) Let PXn

m,⊥ denote the orthogonal projection onto the
complement of {(φnys)i(·)}mi=1 in Hkα . Then,

∥PXn

m,⊥kα(x, ·)∥Hkα =
√

(kα − k̂nα,m)(x, x) (51)

We defer the proof to our supplement [37], and note that
the lemma follows from results in [20]. We next bound
the approximation error of the Nyström method, i.e. find a
bound for

∫
S

√
(kα − k̂nα,m)(x, x)dµ(x), which by (51) is

equal to
∫
S ∥PXn

m,⊥kα(x, ·)∥HK
dµ(x). To do so, we need a

few preliminary results. We first introduce some additional
notation. For any distance d and class of functions F , we
define
N (ϵ,F , d) := min

G∈G
|G|, G := {G : ∀f ∈ F ,∃g ∈ G s.t. d(f, g) ⩽ ϵ},

and |G| denotes the cardinality of the set G. In addition, for
any function f ∈ L2(µ), we denote µ(f) :=

∫
S f(x)dµ(x),

and µXn(f) = 1
n

∑n
i=1 f(xi). Given any f, g ∈ L2(µ),

we also define dL2(µXn )(f, g) :=
√

1
n

∑n
i=1(f(xi)− g(xi))2.

The first result below, which utillizies local Rademacher
complexity [45], is based on Corollary 3.7 in [45], but applies
to classes of real-valued function (as oppposed to binary
functions as stated in Corollary 3.7 in [45]).

Lemma 14. Let F be a class of [0, 1]-valued functions such
that for any ϵ > 0

logN (ϵ,F , dL2(µXn )) ⩽ S log(1 + 4/ϵ).

Then, there exists a constant c > 0 such that for any δ > 0
and any C > 0, with probability at least 1−δ, for any f ∈ F ,

µ(f) ⩽
C

C − 1
µXnf + cC

(
S log(n/S)

n
+

log(1/δ)

n

)
.

Proof. The result follows naturally by using the log covering
number bound in the proof of Corollary 3.7 in [45].

We note that local Rademacher complexity is critical
in deriving the O(1/n) convergence rate above. Standard
Rademacher complexity bounds [40] can only ensure a
O(1/

√
n) convergence rate, which is strictly worse. The next

result we need is this lemma, which builds on Lemma 14.
Lemma 15. Suppose Πr is an arbitrary deterministic r-
dimensional orthogonal projection in Hkα . Then, there exists
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a constant c > 0 such that for any constant C > 1 and
orthogonal projection P in Hkα possibly depending on Xn,
we have that for any δ > 0 , with probability at least 1− δ,

µ(∥PΠrkα(x, ·)∥Hkα ) ⩽
C

C − 1
µXn (∥PΠrkα(x, ·)∥Hkα )

+ cC

(
r2 max{log(n/r2), 1}

n
+

log(1/δ)

n

)
.

Proof. First, given any orthogonal projection P in Hkα , let
{ui}i∈I denote an orthonormal basis for PHkα , and let P⊥
denotes the orthogonal projection onto its complement. In
addition, let {e1, . . . , er} denote a basis for ΠrHkα . We note
that for any projection P in Hkα , straightforward calculations
show that (see details in online report)

∥PΠrkα(x, ·)∥2Hkα = v(x)⊤AP,Πrv(x),

where v(x) = (e1(x), e2(x), . . . , er(x)) ∈ Rr, and AP,Πr ∈
Rr×r is a r by r dimensional positive semidefinite matrix
where (AP,Πr )ℓ,s = ⟨Peℓ, P es⟩Hkα

. We can similarly define
a r × r positive semidefinite matrix AP⊥,Πr ∈ Rr×r where
(AP⊥,Πr )ℓ,s = ⟨P⊥eℓ, P⊥es⟩Hkα

. Since
(AP,Πr )ℓ,s + (AP⊥,Πr )ℓ,s = ⟨Peℓ, P es⟩Hkα + ⟨P⊥eℓ, P⊥es⟩Hkα = ⟨eℓ, es⟩Hkα = δℓ,s,

it follows that AP,Πr ⪯ Ir×r, and hence can be decomposed as
AP,Πr = U⊤U for some matrix U ∈ Rr×r such that ∥U∥2 ⩽
1. Thus, we can reexpress ∥PΠrHkα∥Hkα

as
∥PΠrkα(x, ·)∥Hkα

= ∥Uv(x)∥2
Since this holds for any random orthogonal projection P ,

the class of functions PΠrkα(x, ·) is a subset of the class of
functions FU := {fU (x) = ∥Uv(x)∥2 : U ∈ Rr×r}. We next
seek to find a covering number bound for the class FU . We
note that straightforward calculations show that if we have an
ϵ/
√
2 covering set Uϵ of U := {U : U ∈ Rr×r, ∥U∥2 ⩽ 1}

under the distance ∥·∥2, then we have an ϵ-covering Fϵ of FU

under the distance dL2(µXn ). Thus, since logN (ϵ/
√
2,U , ∥ ·

∥2) ⩽ r2 log(1 + 4/ϵ) ( as U is the unit ball of Rr2 under
the spectral norm; see Example 5.8 in [53]), it follows that
logN (ϵ, FU , dL2(µXn )) ⩽ r2 log(1 + 4/ϵ) as well. Our result
then follows by applying Lemma 14.

We note Lemma 15 is a new result, and it is key to obtaining
the fast rate of O

(
n−1
nys

)
for Nyström kernel approximation in

Lemma 11. Now we prove Lemma 11.

Proof of Lemma 11. Recall that for any function f ∈
L2(µ), we denote µ(f) :=

∫
S f(x)dµ(x), and µXn(f) =

1
n

∑n
i=1 f(xi). Observe that by (51), we have√

(kα − k̂nα,m)(x, x) = ∥PXn

m,⊥kα(x, ·)∥Hkα .

Thus it suffices for us to bound µ(∥PXn

m,⊥kα(x, ·)∥Hkα
) =∫

S ∥PXn

m,⊥kα(x, ·)∥Hkα
dµ(x). We follow the idea in the proof

of Proposition 9 in [20], and use the observation that for any
C > 0 and f, f− ∈ L2(µ) where f− ⩽ f pointwise, we have
µ(f)− CµXn (f)

= (µ(f)− µ(f−)) + (µ(f−)− CµXn (f−)) + C(µXn (f−)− µXn (f))

⩽ (µ(f)− µ(f−)) + (µ(f−)− CµXn (f−)), (52)
where we used the fact that f− ⩽ f pointwise to derive the
inequality above. Now, consider setting

f(x) = ∥PXn

m,⊥kα(x, ·)∥Hkα ,

f−(x) = ∥PXn

m,⊥Πrkα(x, ·)∥Hkα − ∥PXn

m,⊥Πr,⊥kα(x, ·)∥Hkα ,
where Πr denotes the orthogonal projection onto
{e1, e2, . . . , er} ⊂ Hkα which are the first r eigenfunctions
in the Mercer expansion of kα(x, ·) (so each ei satisfies
∥ei∥Hkα

= 1), and Πr,⊥ is the orthogonal projection onto
the complement of {e1, . . . , er} in Hkα . We first note that

f−(x) ⩽ f(x) holds pointwise by the triangle inequality.
Continuing from (52), picking C = 2, we have via appropriate
decompositions (see supplement [37] for details)

µ(∥PXn

m,⊥kα(x, ·)∥Hkα )− 2µXn (∥PXn

m,⊥kα(x, ·)∥Hkα )

⩽ 2µ
(
∥PXn

m,⊥Πr,⊥kα(x, ·)∥Hkα
)

+µ
(
∥PXn

m,⊥Πrkα(x, ·)∥Hkα
)
−2µXn

(
∥PXn

m,⊥Πrkα(x, ·)∥Hkα
)

+ 2µXn
(
∥PXn

m,⊥Πr,⊥kα(x, ·)∥Hkα
)

(53)

From (53), we see that we need to bound three terms. The
first term we need to bound is 2µ(∥PXn

m,⊥Πr,⊥kα(x, ·)∥Hkα
).

By nonexpansiveness of PXn

m,⊥,
2µ(∥PXn

m,⊥Πr,⊥kα(x, ·)∥Hkα ) ⩽ 2µ(∥Πr,⊥kα(x, ·)∥Hkα )

⩽ 2
√
µ(Πr,⊥kα(x, ·)∥2Hkα ) = 2

√∑
j>r

ej(x)2 = 2

√∑
j>r

σj . (54)

Next we bound(
µ(∥PXn

m,⊥Πrkα(x, ·)∥Hkα )− 2µXn (∥PXn

m,⊥Πrkα(x, ·)∥Hkα )
)
.

To do so, we apply Lemma 15 (by picking C = 2 in that
proposition) , which shows that there exists c > 0 such that
for any δ > 0, with probability at least 1− δ,(

µ(∥PXn

m,⊥Πrkα(x, ·)∥Hkα )− 2µXn (∥PXn

m,⊥Πrkα(x, ·)∥Hkα )
)

⩽ c

(
r2 max{log(n/r2), 1}

n
+

log(1/δ)

n

)
. (55)

Finally, to bound µXn(∥PXn

m,⊥Πr,⊥kα(x, ·)∥Hkα
), we

use Bernstein’s inequality [53]. It suffices to bound
µXn(∥Πr,⊥kα(x, ·)∥Hkα

since ∥PXn

m,⊥Πr,⊥kα(x, ·)∥Hkα
⩽

∥Πr,⊥kα(x, ·)∥Hkα
. Next, observe that

Var(∥Πr,⊥kα(x, ·)∥Hkα ) ⩽ µ
(
∥Πr,⊥kα(x, ·)∥2Hkα

)
=
∑
j>r

σj .

Then, since 0 ⩽
√

(kα − k̂nα,m)(x, x) ⩽
√
kα(x, x) ⩽ 1for any

x ∈ X , by Bernstein’s inequality, there exists a constant c > 0
such that for any δ > 0, with probability at least 1− δ,

µXn (∥Πr,⊥kα(x, ·)∥Hkα )− µ(∥Πr,⊥kα(x, ·)∥Hkα )

⩽ c log(1/δ)
(√

Var(∥Πr,⊥kα(x, ·)∥Hkα )/
√
n+ 1/n

)
⩽ c log(1/δ)

√∑
j>r

σj/
√
n+ 1/n


Since µ(∥Πr,⊥kα(x, ·)∥Hkα

) ⩽
√∑

j>r σj (this follows from
(54)), we thus have (with probability at least 1− δ),

µXn (∥Πr,⊥kα(x, ·)∥Hkα )

⩽ µ(∥Πr,⊥kα(x, ·)}∥Hkα ) + c log(1/δ)

√∑
j>r

σj/
√
n+ 1/n


⩽
√∑

j>r

σj + c log(1/δ)

√∑
j>r

σj/
√
n+ 1/n

 . (56)

Thus, by plugging (54), (55) and (56) into (53), we find that
µ(∥PXn

m,⊥kα(x, ·)∥Hkα )− 2µXn (∥PXn

m,⊥kα(x, ·)∥Hkα )

⩽ c log(1/δ)

√∑
j>r

σj +
r2 max{log(n/r2), 1}

n

 . (57)

By picking r ⩾ ⌊(2 log n)h/βh⌋ and the argument in Remark
1 in [20], using the decay assumption on {σj}, we have that√∑

j>r

σj +
r2 max{log(n/r2), 1}

n
= O

(
(logn)2h+1

n

)
(58)

Thus, to bound µ(∥PXn

m,⊥kα(x, ·)∥Hkα
), all it remains is to
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bound 2µXn(∥PXn

m,⊥kα(x, ·)∥Hkα
. To this end, observe that

µXn (∥PXn

m,⊥kα(x, ·)∥) =
1

n

n∑
i=1

√
(kα − k̂nα,m)(xi, xi)

⩽

√√√√ 1

n

n∑
i=1

√
(kα − k̂nα,m)(xi, xi)

2

=

√
1

n

∑
i>m

λi, (59)

where the first inequality follows from Jensen’s, and the sec-
ond follows from Lemma 2 in [20]. The result then follows by
plugging in (58) and (59) into (57), and using the assumption
that m ⩾ ⌊(2 log n)h/βh⌋ as well as the argument in Remark 1
in [20], which by the decay assumption on the empirical eigen-
values gives us

√∑
i>m n−1λi = O

(
n−1(logn)h/2

)
.

Remark 5. Our result significantly strengthens the high-
probability result in Corollary 1 of [20], since we attain an
O(1/n) high-probability rate rather than their O(1/

√
n) rate.

Remark 6. We note that by Theorem 2 in [46], both the
(normalized) empirical and Mercer eigenvalues ( 1

nλj and σj
respectively) satisfy

λi/n ⩽ C′ exp(−Ci1/d), σi ⩽ C′ exp(−Ci1/d)

for some measure-independent constants C,C ′ > 0, where d is
the dimension of S. This justifies our assumption on eigenvalue
decay in the statement of Lemma 11. To model more situations
where the decay exponent may be better than expected, we use
a general spectral decay exponent h rather than d.

D. Detailed Proof for Proposition 3
For notational ease, we define Φ as the concatenation of

ϕ(s, a) over all (s, a) ∈ S ×A, and define the operator Pπ as
(Pπf)(s, a) = E(s′,a′)∼P (s,a)×πf(s

′, a′).

We additionally define w̃ which satisfies the condition
w̃ =

(
Eν

[
ϕ(s, a)ϕ(s, a)⊤

])−1

(
Eν

[
ϕ(s, a)

(
r(s, a) + γE(s′,a′)∼P (s,a)×π

[
ϕ(s′, a′)⊤w̃

])])
,

and let Q̃(s, a) = ϕ(s, a)⊤w̃. It is straightforward to see that
w̃ is the fixed point of the population (i.e., n→ ∞) projected
least square update (19). Furthermore, note that

w̃ =
(
Eν

[
ϕ(s, a)

(
ϕ(s, a)− γE(s′,a′)∼P (s,a)×πϕ(s

′, a′)
)⊤])−1

Eν [ϕ(s, a)r(s, a)] .

With this characterization, letting ϕsup := sups,a ∥ϕ(s, a)∥,
we have ∥w̃∥ = O

(
ϕsupΥ

−1
2

)
. We define the operator Dν as

∥f∥2ν = ⟨f,Dνf⟩, (60)
and we omit the subscript when ν is the Lebesgue measure,
and we also use Π̂ν and P̂π to define the empirical counterpart
of Πν and Pπ . With the update (19), we have that

Φŵt+1 = Π̂ν(r + γP̂πΦŵt), Φw̃ = Πν(r + γPπΦw̃),

which leads to
Φ(w̃ − ŵt+1) =(Πν − Π̂ν)r + γ(ΠνP

π)Φ(w̃ − ŵt)

+ γ(ΠνP
π − Π̂ν P̂

π)Φŵt.

With the triangle inequality, we have that
∥Φ(w̃ − ŵt+1)∥ν ⩽γ ∥Φ(w̃ − ŵt)∥ν +

∥∥∥(Πν − Π̂ν

)
r
∥∥∥
ν

+ γ
∥∥∥(ΠνP

π − Π̂ν P̂
π
)
Φŵt

∥∥∥
ν
,

where we use the contractivity under ∥ · ∥ν . Telescoping over
t leads to

∥Φ(w̃ − ŵT )∥ν ⩽γT ∥Φ(w̃ − ŵ0)∥ν+
1

1− γ

∥∥∥(Πν − Π̂ν

)
r
∥∥∥
ν

+
γ

1− γ
max
t∈[T ]

∥∥∥(ΠνP
π − Π̂ν P̂

π
)
Φŵt

∥∥∥
ν
.

Note that ∥ϕ(s, a)∥ = O(ϕsup), and ∥w̃∥ = O(ϕsupΥ
−1
2 ).

We follow the proof of Theorem 5.1 from [44] to bound the

second term and the third term. In particular, as the subsequent
analysis makes clear, the third term dominates the second
term, so we focus on bounding the third term. For notational
simplicity, we denote w := ŵt in this section. Note that∥∥∥(ΠνP

π − Π̂ν P̂
π
)
Φw
∥∥∥
ν
=
∥∥∥D1/2

ν

(
ΠνP

π − Π̂ν P̂
π
)
Φw
∥∥∥

⩽
∥∥∥D1/2

ν Πν

(
Pπ − P̂π

)
Φw
∥∥∥+ ∥∥∥D1/2

ν

(
Πν − Π̂ν

)
P̂πΦw

∥∥∥
For the first term, as Πν can be written as Πν =
Φ
(
Φ⊤DνΦ

)−1
ΦDν , we have∥∥∥D1/2

ν Πν

(
Pπ − P̂π

)
Φw
∥∥∥

⩽
∥∥∥D1/2

ν Φ
∥∥∥∥∥∥∥(Φ⊤DνΦ

)−1
∥∥∥∥∥∥∥Φ⊤Dν

(
Pπ − P̂π

)
Φw
∥∥∥

=O
(
ϕsupΥ

−1
1

∥∥∥Φ⊤Dν

(
Pπ − P̂π

)
Φ
∥∥∥ ∥w∥) .

For the second term, we have∥∥∥D1/2
ν

(
Πν − Π̂ν

)
P̂πΦw

∥∥∥
=

∥∥∥∥D1/2
ν Φ

((
Φ⊤DνΦ

)−1
ΦDν−

(
Φ⊤D̂νΦ

)−1
ΦD̂ν

)
P̂πΦw

∥∥∥∥
⩽

∥∥∥∥D1/2
ν Φ

(
Φ⊤DνΦ

)−1
Φ
(
Dν − D̂ν

)
P̂πΦw

∥∥∥∥
+

∥∥∥∥D1/2
ν Φ

((
Φ⊤DνΦ

)−1
−
(
Φ⊤D̂νΦ

)−1
)
ΦD̂ν P̂

πΦw

∥∥∥∥ .
For the former term, we have that∥∥∥∥D1/2

ν Φ
(
Φ⊤DνΦ

)−1
Φ
(
Dν − D̂ν

)
P̂πΦw

∥∥∥∥
⩽
∥∥∥D1/2

ν Φ
∥∥∥∥∥∥∥(Φ⊤DνΦ

)−1
∥∥∥∥∥∥∥Φ(Dν − D̂ν)P̂

πΦw
∥∥∥

=O
(
ϕsupΥ

−1
1

∥∥∥Φ(Dν − D̂ν)P̂
πΦ
∥∥∥ ∥w∥) .

For the latter term, note that(
Φ⊤DνΦ

)−1
−
(
Φ⊤D̂νΦ

)−1
=(Φ⊤DνΦ)

−1
(
Φ⊤

(
D̂ν−Dν

)
Φ
)
(Φ⊤DνΦ)

−1.

Hence, we have∥∥∥∥D1/2
ν Φ

((
Φ⊤DνΦ

)−1
−
(
Φ⊤D̂νΦ

)−1
)
ΦD̂ν P̂

πΦw

∥∥∥∥
=O

(
ϕ3supΥ

−1
1

∥∥∥Φ⊤
(
D̂ν −Dν

)
Φ
∥∥∥∥∥∥∥(Φ⊤D̂νΦ

)−1
∥∥∥∥ ∥w∥)

Now we bound the remaining terms
∥∥∥Φ⊤Dν

(
Pπ − P̂π

)
Φ
∥∥∥,∥∥∥Φ(Dν − D̂ν)P̂

πΦ
∥∥∥ and

∥∥∥Φ⊤
(
D̂ν −Dν

)
Φ
∥∥∥ with standard

operator concentration inequalities. We start with the term∥∥∥Φ⊤
(
D̂ν −Dν

)
Φ
∥∥∥. With the matrix Azuma inequality [54],

we have that∥∥∥Φ⊤
(
D̂ν −Dν

)
Φ
∥∥∥ = Õ

(
ϕ2supn

−1/2
)
.

Hence, for sufficient large n, we have that
∥∥∥∥(Φ⊤D̂νΦ

)−1
∥∥∥∥ =

O(Υ−1
1 ). Furthermore, as P̂π is a stochastic operator, we also

have ∥∥∥Φ(Dν − D̂ν)P̂
πΦ
∥∥∥ = Õ

(
ϕsupn

−1/2
)
.

Now we turn to the term
∥∥∥Φ⊤Dν

(
Pπ − P̂π

)
Φ
∥∥∥. Note that∥∥∥Φ⊤Dν

(
Pπ−P̂π

)
Φ
∥∥∥⩽∥∥∥Φ(Dν−D̂ν)P̂

πΦ
∥∥∥+∥∥∥Φ(D̂ν P̂

π−DνP
π
)
Φ
∥∥∥ .

We already have the bound for the first term. For the second
term, we still apply the matrix Azuma’s inequality and obtain∥∥∥Φ(D̂ν P̂

π −DνP
π
)
Φ
∥∥∥ = Õ

(
ϕ2supn

−1/2
)
.

Thus for large enough n, we have ∥w∥ := ∥ŵt∥ = Θ(∥w̃∥).
Combining the previous results completes the proof.

E. Detailed Proof for Lemma 12
Note that ∥ϕ(s, a)∥2 = O(ϕsup) and ∥w̃∥2 = O(ϕsupΥ

−1
2 ).

By Remark 6.7 in [38], we know that log π(a|s) is smooth
with the smoothness parameter β = O(ϕ2sup). As a result, we
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have that
log

πk+1(a|s)
πk(a|s)

⩾ η (∇θ log πk(a|s))⊤ ŵk,T −
η2β

2

∥∥ŵk,T

∥∥2
2
.

With this inequality, we have
Es∼dπ̃ [KL(π̃(·|s)∥πk(·|s))−KL(π̃(·|s)∥πk+1(·|s))]

=Es∼dπ̃,a∼π̃(·|s)

[
log

πk+1(a|s)
πk(a|s)

]
⩾ηEs∼dπ̃,a∼π̃(·|s)

[
(∇θ log πk(a|s))⊤ ŵk,T

]
−
η2β

2

∥∥ŵk,T

∥∥2
2

=ηEs∼dπ̃,a∼π̃(·|s) [A
πk (s, a)]−

η2β

2

∥∥ŵk,T

∥∥2
2

+ ηEs∼dπ̃,a∼π̃(·|s)

[
(∇θ log πk(a|s))⊤ ŵk,T −Aπk (s, a)

]
=(1− γ)η

(
V π̃ − V πk

)
−
η2β

2

∥∥ŵk,T

∥∥2
2
− ηerrk,

where in the last step we use the performance difference
lemma (Lemma 3.2 in [38]). Telescoping over k gives

K−1∑
k=0

{
V π̃ − V πk

}
⩽
Es∼dπ̃ [KL(π̃(·|s)∥π0(·|s)))]

1− γ

+
η2β

2

K−1∑
k=0

∥∥ŵk,T

∥∥2
2
+

1

1− γ

K−1∑
k=0

errk.

Note that KL(π̃(·|s)∥π0(·|s)) ⩽ log |A| and ∥ŵk,T ∥ =
O (∥w̃∥) = O(ϕsupΥ

−1
2 ), we finish the proof.

F. Detailed Proof for Theorem 2
With Lemma 12 and our choice of η, we only need to bound

the term errk. We observe that
errk = E

s∼dπ̃,a∼π̃(·|s)

[
A
πk (s, a) − ŵk,T

⊤
(
ϕ(s, a) − E

a′∼πk(s)

[
ϕ(s, a

′
)
])]

Note that
Edπ̃,a∼π̃(·|s)

[
Aπk (s, a)− ŵk,T

⊤ (ϕ(s, a)− Ea′∼πk(s)

[
ϕ(s, a′)

])]
=Es∼dπ̃,a∼π̃(·|s)

[
Qπk (s, a)− Q̂T

πk (s, a)
]

− Es∼dπ̃,a∼πk(·|s)

[
Qπk (s, a)− Q̂T

πk (s, a)
]

⩽

√
Es∼dπ̃,a∼π̃(·|s)

[(
Qπk (s, a)− Q̂T

πk (s, a)
)2]

+

√
Es∼dπ̃,a∼πk(·|s)

[(
Qπk (s, a)− Q̂T

πk (s, a)
)2]

.

Plugging in π∗ as π̃, combining the results in the previous
subsection, we have concluded the proof.

G. Bounding the norms of ψrf(s, a) and ψnys(s, a)

We have the following lemma which bounds the norm of
∥ψrf (s, a)∥ and ∥ψnys(s, a)∥.

Lemma 16. The random features and Nystrom features con-
structed in Algorithm 2 satisfy the bounds

∥ψrf (s, a)∥ ⩽
√
mg̃α

∥ψnys(s, a)∥ ⩽

√
nnysg̃2α
λm

respectively, where λm denotes the m-th largest eigenvalue of
K(nnys).

Proof. Recall that

ψrf (s, a) := {gα(f(s, a))
αd

cos(ω⊤
i f(s, a) + bi)}mi=1

ψnys(s, a) := {gα(f(s, a))
αd

√
λi

nnys∑
ℓ=1

Uℓ,ikα

(
xℓ,

f(s, a)

1− α2

)
}mi=1,

where we recall that U ∈ Rnnys×nnys is the U that appears in
the eigendecomposition of the empirical Nystrom Gram matrix
K(nys) = UΛUT .

For random features, it is not hard to see that ∥ψrf (s, a)∥ =
O(

√
mg̃α), since each random feature takes the form of a

randomly shifted cosine gα(f(s,a))
αd

, which in our paper is upper
bounded by the expression g̃α.

For Nystrom features, we note that since 0 ⩽ kα(·, ·) ⩽ 1
and U is an orthonormal matrix, we see that

∥ψnys(s, a)∥
2

⩽ g̃
2
α

[kα(x1, f(s, a)) . . . kα(xnnys , f(s, a))
]⊤

U:,:mΛ
−1
m U

⊤
:,:m

 kα(x1, f(s, a))
. . .

kα(xnnys , f(s, a))


⩽ g̃

2
α ·

1

λm

[kα(x1, f(s, a)) . . . kα(xnnys , f(s, a))
]⊤

U:,:mU
⊤
:,:m

 kα(x1, f(s, a))
. . .

kα(xnnys , f(s, a))


(a)
⩽

1

λm
g̃
2
α


∥∥∥∥∥∥
 kα(x1, f(s, a))

. . .
kα(xnnys , f(s, a))

∥∥∥∥∥∥
2


⩽ nnys
1

λm
g̃
2
α

where we note that U:,:m denotes the first m columns of U ,
Λm denoted the top m by m block of Λ,and we used the fact
that the columns of U are independent to derive (a). Thus,
for the Nystrom features, we have the bound ∥ψnys(s, a)∥ ⩽√

nnysg̃2
α

λm
.

H. Proofs on Lemmas 7, 8,9

Lemma 17 (Restatement of Lemma 7). The random features
ψrf (s, a) are linearly independent almost surely, i.e. the
probability of randomly drawing {ωi, bi}mi=1 ∼ N(0, 1

σ2 Id)×
U([0, 2π]) is 0.

Proof. Without loss of generality, we consider the case
that α = 0, such that the random features take the
form ψrf (s, a) = {cos(ω⊤

i f(s, a) + bi)}mi=1, where ωi ∼
N(0, σ−2Id) and bi ∼ Unif([0, 2π]), i.e. the random features
are randomly shifted cosines; we note that the general case
when α > 0 can be easily reduced to this case since the factor
gα(f(s, a))/α

d shared by all the features is strictly positive.
Suppose the random features are not linearly independent over
the space f(S ×A). Then there exist scalars {ai}mi=1, not all
of which are 0, such that

S(x) :=

m∑
i=1

ai cos(ω
⊤
i x+ bi) = 0, ∀x ∈ f(S ×A).

Pick some x0 in the interior of f(S × A), and denote yi :=
cos(ω⊤

i x
0+bi); the fact that x0 lies in the interior of f(S×A)

means that all derivatives of S(x) vanish at x = x0. Now, for
any natural number n ⩽ m−1, differentiate S(x) with respect
to the first coordinate x1 at the point x0, giving us

m∑
i=1

ai(ωi)
2n
1 yi = 0.

This then yields the following relation

V a = 0, whereV :=


1 . . . 1

(ω1)21 . . . (ωm)21
... . . .

...(
(ω1)21

)m−1
. . .

(
(ωm)21

)m−1

 , a :=

 a1
...
am

 .

We note that since V ∈ Rm×m is a Vandermonde matrix, its
determinant is non-zero so long as the (ωi)1’s are all distinct,
which happens with probability 1 if the ωi’s are drawn iid



18

from a Gaussian distribution. This implies then that the scalars
{ai}mi=1 must all be 0, which is a contradiction. Thus, the
random features must be linearly independent over the space
f(S ×A).

Lemma 18 (Restatement of Lemma 8). Consider any feature
dimension 0 < m ⩽ nNys. Suppose the Nystrom Gram matrix
K(nNys) has rank at least m. Then, the Nystrom features
ψnys(s, a) are linearly independent.

Proof. Without loss of generality, for simplicity we con-
sider the case when α = 0, in which case the Nystrom
features are constructed as follows. First, let m denote the
feature dimension, and let nnys ⩾ m denote the number of
random samples

{
x1, . . . , xnnys

}
drawn from S following

the distribution µNys. Recall that the (nnys by nnys) Gram
matrix K is constructed as follows: Ki,j = k(xi, xj) :=

exp
(
−−∥xi,xj∥2

2σ2

)
. Compute the eigendecomposition KU =

ΛU , where UU⊤ = U⊤U = I , and Λ denoting a diagonal
matrix with eigenvalues λ1 ⩾ . . . ⩾ λnnys ⩾ 0. Suppose that
m-th largest eigenvalue λm > 0. Then, for any (s, a) pair,the
m Nystrom feature functions are given as

(ψnys)i(s, a) :=
1√
λi

nnys∑
ℓ=1

Uℓ,ik(xℓ, f(s, a)), i ∈ [m].

Note that by construction, the m eigenvectors U:,ℓ are linearly
independent (so long as λm > 0). Suppose that the m Nystrom
feature functions are not linearly independent. That implies
then that there exists m scalars {ai}mi=1 ⊂ R (at least some
of which are nonzero) such that for any (s, a),

m∑
i=1

ai(ψnys)i(s, a) = 0

⇐⇒
m∑
i=1

ai

(
1√
λi

nnys∑
ℓ=1

Uℓ,ik(xℓ, f(s, a))

)
= 0

⇐⇒
nnys∑
ℓ=1

k(xℓ, f(s, a))

(
m∑
i=1

ai

(
1√
λi

nnys∑
ℓ=1

Uℓ,i

))
= 0.

Note that since k(·, ·) > 0, the above derivation implies that
we must have for every ℓ ∈ [nnys]:

m∑
i=1

ai

(
1√
λi

nnys∑
ℓ=1

Uℓ,i

)
= 0

=⇒ U:,:mΛ−1/2
m a = 0,

where U:,:m ∈ Rnnys×m denotes the first m columns of
U , Λm denotes the top m by m block of Λ, and a :=
vec(a1, . . . , am) ∈ Rm. Since the columns in U are linearly
independent by design, and Λm ≻ 0 (by our assumption that
λm > 0), it follows that the vector a ∈ Rm has to be 0, which
contradicts the assumption that the m Nystrom features are
linearly dependent. Thus, whenever λm > 0, it follows that
the Nystrom features are linearly independent.

Lemma 19 (Restatement of Lemma 9). Suppose the features
ϕ(s, a) are linearly independent over the interior of the set
supp(νπ) for any policy π. Then, for all but finitely many
0 ⩽ λ < 1, Assumption 3 holds.

Proof. Fix some policy π. Suppose that the matrix
Eνπ

[
ψ(s, a)ψ(s, a)⊤

]
(which must be positive-semidefinite)

is not positive definite. Then, there exists some 0 ̸= v ∈ Rm

such that
v⊤Eνπ

[
ψ(s, a)ψ(s, a)⊤

]
v = 0.

In particular, this implies that v⊤ψ(s, a) = 0 for any
(s, a) ∈ int(supp(νπ)). However, by linear independence of
the features {ψi(s, a)}mi=1 over int(supp(νπ)), it follows that
v must be 0. This forms a contradiction, and thus the matrix
Eνπ

[
ψ(s, a)ψ(s, a)⊤

]
must be positive definite.

Next, we show that
σmin

(
Eνπ

[
ψ(s, a)

(
ψ(s, a)− γEνπ [ψ(s

′, a′)]
)⊤])

> 0

for all but finitely many 0 ⩽ λ < 1. Denote the matrix
M(λ) := Eνπ

[
ψ(s, a)

(
ψ(s, a)− γEνπ [ψ(s

′, a′)]
)⊤]

. Observe
that the determinant of M(λ) is a polynomial in λ with degree
at most m. Since M(0) ̸= 0 (as we just showed that the
matrix Eνπ

[
ψ(s, a)ψ(s, a)⊤

]
is positive definite), it follows

that det(M(λ) is not the zero polynomial. Thus, it can have
at most m roots, which shows that for all but finitely many
λ, M(λ) must be invertible, i.e. its smallest singular value is
bounded away from 0.

I. Necessity of local Rademacher complexity

A natural approach to bounding the approximation error
without using local Rademacher complexity is as follows. For
any function f ∈ L

(
2µ), let µXn(f) = 1

n

∑n
i=1 f(xi), where

each xi denotes the i-th sample from Xn, drawn iid according
to the distribution µ. The key is that by construction of the
Nystrom features,

µXn(
∥∥∥PXn

m,⊥k(x, ·)
∥∥∥) = 1

n

n∑
i=1

√
(k − k̂nm)(xi, xi)

⩽

√√√√ 1

n

n∑
i=1

(k − k̂nm)(xi, xi)

=

√
1

n

∑
i>m

λi,

where the λi’s denote the eigenvalues of the empirical Gram
matrix K ∈ Rn×n, where Ki,j = k(xi, xj). By appropriate
assumptions on the decay speed of the empirical eigenvalues,
this term can be shown to be of the order Õ(1/n) for
m sufficiently large. Hence, if the true approximation error
µ(
∥∥∥PXn

m,⊥k(x, ·)
∥∥∥) concentrates around the empirical approx-

imation error µXn(
∥∥∥PXn

m,⊥k(x, ·)
∥∥∥) also at a rate of O(1/n),

we will get an overall convergence speed of Õ(1/n).
However, assuming for simplicity that

∥∥∥PXn

m,⊥k(x, ·)
∥∥∥ be-

longs to a function class F , the catch is that standard
Rademacher complexity arguments [53] can only show that

µ(
∥∥∥PXn

m,⊥k(x, ·)
∥∥∥)− µXn(

∥∥∥PXn

m,⊥k(x, ·)
∥∥∥)

⩽ O(Rad(F)) +O(

√
log(1/δ)

n
),

with probability at least 1 − O(δ). Note that there is a term
O(1/

√
n) is strictly worse than the O(1/n) rate we hope to
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achieve.
However, by leveraging local Rademacher complexity re-

sults, it is possible to show for any function class F with
appropriately bounded covering number (see Lemma 11 in
our original submission for the detailed conditions), for any
f ∈ F , with probability at least 1− δ, we can show that

µ(f) ⩽ O(µXn(f)) + Õ(
log(1/δ)

n
),

where the Õ hides dependencies on terms related to the size of
the covering number of F . Note that this improves the scaling
with n from 1/

√
n in the generic bound to 1/n.

If
∥∥∥PXn

m,⊥k(x, ·)
∥∥∥ belonged to a function class F that

satisfied appropriate bounded conditions on its covering num-
ber, then this argument above based on local Rademacher
complexity sufficies for us to improve the approximation error
bound to depend on 1/n rather than on 1/

√
n as in the generic

bound. However,
∥∥∥PXn

m,⊥k(x, ·)
∥∥∥ may not belong to a function

class F that satisfies the regularity conditions in Lemma 11, so
we cannot directly apply this result. Nonetheless, via a careful
analysis, we are able to eventually rearrange the error bound
such that it can be written as

µ(
∥∥∥PXn

m,⊥k(x, ·)
∥∥∥)

⩽ µ

(∥∥∥PXn
m,⊥Πrkα(x, ·)

∥∥∥
Hkα

)
−

2µXn

(∥∥∥PXn
m,⊥Πrkα(x, ·)

∥∥∥
Hkα

)
+ remainder terms,

where remainder terms can be shown to scale as the
decay rate of either the eigenvalues of the Mercer
expansion or Gram matrix plus a O(1/n) term that
comes from application of a Bernstein inequality,

leaving a key term µ

(∥∥∥PXn
m,⊥Πrkα(x, ·)

∥∥∥
Hkα

)
−

2µXn

(∥∥∥PXn
m,⊥Πrkα(x, ·)

∥∥∥
Hkα

)
. Using the fact that∥∥∥PXn

m,⊥Πrkα(x, ·)
∥∥∥ can be shown to be part of a function

class with bounded covering number, we can then apply the
local Rademacher complexity result in Lemma 11 to bound
this term such that it is also of the form Õ(1/n), leaving an
overall rate of Õ(1/n).
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