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Abstract

In this paper, we study policy evaluation in continuous-time reinforcement learning (RL),
where the state follows an unknown stochastic differential equation (SDE) but only discrete-
time data are available. We first highlight that the discrete-time Bellman equation (BE)
is not always a reliable approximation to the true value function because it ignores the
underlying continuous-time structure. We then introduce a new Bellman equation, PhiBE,
which integrates the discrete-time information into a continuous-time PDE formulation. By
leveraging the smooth structure of the underlying dynamics, PhiBE provides a provably
more accurate approximation to the true value function, especially in scenarios where the
underlying dynamics change slowly or the reward oscillates. Moreover, we extend PhiBE
to higher orders, providing increasingly accurate approximations.

We further develop a model-free algorithm for PhiBE under linear function approxima-
tion and establish its convergence under model misspecification, together with finite-sample
guarantees. Directly applying classical discrete-time LSTD bounds to the continuous-time
RL setting yields a model-misspecification bound with an O(At_l/ 2) stability factor and
a sample-complexity bound of order O(At_Q). By exploiting the smooth structure of
the underlying dynamics, our analysis instead gives a model-misspecification bound with
a stability factor independent of At and a sample-complexity bound of order O(At™1).
Moreover, we identify a fundamental trade-off between discretization error and sample er-
ror that is intrinsic to continuous-time policy evaluation: finer time discretization reduces
bias but amplifies variance, so excessively frequent sampling does not necessarily improve
performance. This is an insight that does not arise in classical discrete-time RL analyses.
Numerical experiments are provided to validate the theoretical guarantees we propose.

Keywords: continuous-time reinforcement learning, continuous-time policy evaluation,
optimal control with unknown dynamics, model-free reinforcement learning, higher-order
approximation

1. Introduction

Reinforcement learning (RL) has achieved remarkable success in digital environments, with
applications such as AlphaGo (Silver et al., 2016), strategic gameplay (Mnih et al., 2015),
and fine-tuning large language models (Ziegler et al., 2019). In these applications, the
system state changes only after an action is taken. In contrast, in many systems in the
physical world, the state evolves continuously in time, regardless of whether actions are
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taken in continuous or discrete time. Although these systems are fundamentally continuous
in nature, the available data are typically collected at discrete time points. In addition,
the time difference between data points can be irregular, sparse, and outside our control.
Examples arise in the following applications:

e Health care: for instance, in diabetes treatment, a patient’s glucose level changes
continuously, but measurements are recorded only when tests are performed (Guo
et al., 2023; Amos et al., 2018; Romero et al., 2024; Emerson et al., 2023; Cobelli
et al., 2009; Battelino et al., 2019);

e Robotic control (Karimi et al., 2023; Kober et al., 2013; Siciliano and Villani, 1999) and
autonomous driving (Sciarretta et al., 2004): the environment evolves continuously,
but sensor data are collected at discrete intervals;

e Financial markets (Merton, 1975; Moody and Saffell, 2001; Wang and Zhou, 2020;
Whittle, 1981): asset prices move continuously, but trades and quotes occur at discrete
times;

e Plasma fusion reactors (Degrave et al., 2022): the plasma evolves in continuous time,
while all experimental data are recorded as discrete-time samples via sensors.

This paper directs its focus toward addressing continuous-time RL problems (Wang
et al., 2020; Doya, 2000; Basei et al., 2022; Jia and Zhou, 2022b, 2023) where the underlying
dynamics follow unknown stochastic differential equations (SDEs) but only discrete-time
observations are available. Since one can divide the RL problem into policy evaluation
(PE) and policy update (Sutton et al., 1999; Konda and Tsitsiklis, 1999; Tallec et al., 2019;
Jia and Zhou, 2022b), we first concentrate on the continuous-time PE problem in this paper.

Currently, there are two main approaches to addressing this challenge. One approach is
to learn the continuous-time dynamics from discrete-time data and formulate the problem as
a policy-evaluation problem with known dynamics (Kamalapurkar et al., 2016; Della Santina
et al., 2023; Lee and Sutton, 2021; Vamvoudakis and Lewis, 2010). The key advantage of
this approach is that it preserves the continuous-time nature of the problem, enhancing the
stability and interpretability of the resulting algorithms. However, identifying continuous-
time dynamics from discrete-time data is often challenging and, in general, ill-posed: there
are infinitely many continuous-time dynamics that can yield the same discrete-time transi-
tions. Consequently, a misspecified continuous-time model may introduce significant errors,
which can propagate to the learned optimal policy and lead to suboptimal decision-making.

Another common approach to addressing the continuous-time PE problem involves dis-
cretizing time and treating it as a Markov reward process. This method yields an approxi-
mate value function satisfying a (discrete-time) Bellman equation (BE), thereby allowing RL
algorithms such as temporal difference (TD) (Sutton and Barto, 2018), gradient TD (Pre-
cup et al., 2001), and least-squares TD (Bradtke and Barto, 1996) to be used to solve the
BE. This approach is appealing for several reasons. First, it relies only on the discrete-time
transition dynamics, thereby avoiding the non-identifiability issues inherent in the first ap-
proach. Second, many RL algorithms are model-free, eliminating the need to explicitly learn
the transition dynamics, making these plug-and-play algorithms convenient to implement in
practice. Despite these advantages, it has been observed empirically that the RL algorithms
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can be sensitive to time discretization (Tallec et al., 2019; Munos, 2006; Park et al., 2021;
Baird, 1994). As illustrated in Figure 1, such algorithms often yield poor approximations
(see Section 5.1 for the details of Figure 1). Crucially, this failure is not due to stochasticity
or insufficient data; rather, it stems from a more fundamental issue: the (discrete-time)
Bellman equation is not a faithful approximation of the underlying continuous-time prob-
lem. We show in the paper that the solution to the Bellman equation is sensitive to time
discretization, the rate of change of the rewards, and the discount coefficient, as shown in
Figure 1. Fundamentally, the (discrete-time) Bellman equation is designed for discrete-time
decision-making processes, where only the discrete-time transition dynamics are utilized. In
contrast, the continuous-time dynamics considered in this paper are governed by an SDE,
a structure that the (discrete-time) Bellman equation does not capture. To faithfully ap-
proximate the true continuous-time value function, it is therefore necessary to move beyond
the standard MDP and (discrete-time) Bellman-equation frameworks.

The central question we aim to address in this paper is: if the dynamics are known
to follow a standard SDE but only discrete-time data are available, can we design algo-
rithms that exploit this structure to decisively outperform generic RL methods for policy
evaluation?

First, we view the continuous-time PE problem in terms of the solution to a PDE. Then,
we tackle the overall goal in two steps. The first step is to approximate the PDE operator
with the discrete-time transition dynamics, and the second step is to solve the resulting
equation in a model-free way. In the first step, we propose a PDE-based Bellman equation,
called PhiBE, which integrates discrete-time information into a continuous PDE. PhiBE
combines the advantages of both existing frameworks while mitigating their limitations.
First, PhiBE is a PDE that preserves the continuous-time differential equation structure
throughout the learning process. At the same time, PhiBE relies only on discrete-time
transition distributions, which is similar to the BE, making it directly compatible with
discrete-time data and enabling model-free algorithm design. Moreover, our framework
overcomes key drawbacks of existing methods. Unlike the continuous-time PDE approach,
which requires estimating the continuous-time dynamics and may suffer from identifiability
issues, PhiBE depends solely on discrete-time transitions and does not require explicit
dynamic modeling. Compared with the BE, PhiBE yields a more accurate approximation
of the exact solution as it utilizes the underlying differential equation structure. In addition,
PhiBE is more robust than BE to rapidly changing reward functions, which allows greater
flexibility in designing reward functions to effectively achieve RL objectives. Moreover,
higher-order PhiBE achieves comparable error to BE with sparser data collection, enhancing
the efficiency of RL algorithms. As illustrated in Figure 1, when provided with the same
discrete-time information, the exact solution derived from PhiBE is closer to the true value
function than the BE solution.

In the second step, we introduce a model-free algorithm for approximating the solution
to PhiBE when only discrete-time data are accessible. This algorithm can be viewed as
a continuous-time counterpart of least-squares temporal difference (LSTD) (Bradtke and
Barto, 1996) by replacing the (discrete-time) Bellman equation with the PhiBE equation.
Since PhiBE enjoys a smaller discretization error than the Bellman equation, the resulting
algorithm achieves significantly improved approximation accuracy for free with a slight
modification of the standard RL algorithm. As depicted in Figure 1, with exactly the



YUHUA ZHU

2 [—True value function
-~ Our algorithm (# of data = 40)

-~ LSTD (# of data = 40)

— Solution to PhiBE

=—True value function

-+ Our algorithm (# of data = 400)
-= LSTD (# of data = 400)

— Solution to PhiBE 15

5 —True value function

-~ -+ Our algorithm (# of data = 40)
% |-= LSTD (# of data = 40)

— Solution to PhiBE

— Solution to BE

— Solution to BE — Solution to BE

N I - T I S

(a) At = 5,8 = 0.1,V(s) = (b) At=05,8=0.1, (c) At = 0.1,8 = 10,V (s) =
cos?(s). V(s) = cos®(10s). cos?(s).

Figure 1: Here the data are collected every At units of time, § is the discount coefficient,
and V(s) is the true value function. In our setting, a larger discount coefficient indicates
that future rewards are discounted more. LSTD (Bradtke and Barto, 1996) is a popular
RL algorithm for linear function approximation. The PhiBE is proposed in Section 3 and
the algorithm is proposed in Section 4.

same data and the same computational cost, the proposed algorithm outperforms the RL
algorithms drastically. PhiBE can also be solved in a model-based way by first estimating
the discrete-time transition dynamics. This differs from model-based continuous-time RL,
as discussed in Section 1.1.2 and Remark 10.

The error analysis for continuous-time reinforcement learning differs fundamentally from
that of classical discrete-time RL. For continuous-time PE under function approximation,
the total error can be decomposed into three components, as illustrated in Figure 2. The
first component is the discretization error, which arises from the mismatch between the
underlying continuous-time dynamics and the discrete-time observations used for learning.
The second component is the algorithmic error, which may be caused by model misspec-
ification or by finite iterations when iterative solvers are employed. In this work, we use
an offline solver, and therefore the algorithmic error refers to a pure model misspecification
error. The third component is the finite-sample error, which results from having only a
finite number of observations. We denote by VXI’:D the value function approximation ob-
tained from n samples collected at intervals of At using linear basis functions ®(s). As
n — 00, the estimator converges to Vft, which still differs from the true value function V'
due to discretization error and the limited expressiveness of the basis functions. As the
approximation space is enriched, i.e., as the number of basis functions p — oo, Vft further
converges to Va¢, the solution of the discretized Bellman equation in the MDP framework or
of PhiBE, the new equation proposed in this paper. Finally, as the data collection frequency
At — 0, Vay converges to the true continuous-time value function V. Most of the existing
reinforcement learning literature focuses on analyzing the finite-sample and algorithmic er-
rors, namely the gap between V{, and Va; (Munos and Szepesvari, 2008; Yang and Wang,
2019; Jin et al., 2020; Cai et al., 2020; Zhang et al., 2021). In contrast, comparatively little
work has addressed the discretization error arising from the time discretization itself.
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Figure 2: Error decomposition for continuous-time RL

In this paper, we analyze all three error components within the proposed PhiBE frame-
work and its associated algorithm. In addition, we explicitly characterize the discretization
error incurred by the MDP formulation, namely the gap between the (discrete-time) Bellman
equation and the true continuous-time value function. In other words, the discretization er-
ror associated with the (discrete-time) Bellman equation represents the best approximation
achievable by the standard policy-evaluation algorithms derived from the (discrete-time)
Bellman equation, including temporal difference learning (Sutton, 1988), least-squares tem-
poral difference methods (Bradtke and Barto, 1996), and gradient-based temporal difference
methods (Sutton et al., 2009).

Our analysis leads to two notable observations. First, in terms of discretization error,
PhiBE can provide a more accurate approximation than the MDP framework when the
reward function exhibits high oscillation and the system dynamics evolve smoothly. This
regime is common in practice because reward functions are often designed to vary sharply in
order to distinguish rewards from penalties, while physical systems typically evolve smoothly
over time. These properties suggest that the MDP framework may be suboptimal for certain
continuous-time control problems, a limitation that has also been observed empirically
(De Asis and Sutton, 2024). Second, for continuous-time PE, we identify an inherent
trade-off with respect to the time discretization At. More frequent data collection reduces
discretization bias but increases statistical variance, requiring more samples to achieve the
same accuracy. 1o the best of our knowledge, the only prior work reporting a similar
trade-off is (Zhang et al., 2023), which provides analytical results only for linear-quadratic
policy evaluation without function approximation. In contrast, our results apply to general
controlled diffusion processes and incorporate function approximation.

Contributions

e We show that the classical Bellman equation, which does not exploit the underlying
continuous-time structure, is a first-order approximation to the continuous-time PE
problem, whose error deteriorates when the reward oscillates. To address this limi-
tation, we develop the PhiBE framework that explicitly utilizes the structure of the
underlying dynamics, yielding provably smaller approximation error than the Bellman
equation when rewards oscillate or dynamics evolve slowly. Furthermore, we derive
higher-order extensions to further enhance the approximation accuracy.

e We propose a Galerkin method to approximate the solution to PhiBE under linear
function approximation when the discrete-time transition dynamics are given, and es-
tablish its convergence under model misspecification. Directly applying the classical
LSTD bound to the continuous-time setting yields a model-misspecification bound
with an O(Atil/ 2) stability factor. By exploiting the smooth structure of the under-
lying dynamics, our analysis instead yields an approximation bound with a stability
factor independent of At.
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e We propose a model-free algorithm to approximate the Galerkin solution to PhiBE
when only data are available, and provide a sample-complexity bound guaranteeing an
e-accurate approximation. Under consistent continuous-time scaling, directly applying
the classical LSTD bound gives sample complexity of order O(e 237 *At™2). By
contrast, our bound is O(e 237*At~!), improving the dependence on the sampling
interval from At=2 to At~!.

e Combining all the errors, we identify an inherent trade-off with respect to the time
discretization At in continuous-time PE. More frequent data collection reduces dis-
cretization bias but increases statistical variance, requiring more samples to achieve
the same accuracy. To the best of our knowledge, such an explicit trade-off, together
with a nonasymptotic characterization of its dependence on At, n, and [, has not
been systematically analyzed in prior work.

e The PhiBE formulation integrates discrete-time information with a continuous-time
PDE. By leveraging the continuous-time structure, it achieves smaller discretization
error than classical RL. Moreover, due to its structural similarity to the discrete-time
Bellman equation, existing RL algorithms can be seamlessly adapted to the PhiBE
framework, achieving improved approximation accuracy essentially for free.

1.1 Related Work
1.1.1 ContINnuOus-TIME RL

There are primarily two approaches to addressing continuous-time RL from the continuous-
time stochastic optimal control perspective. One involves employing machine learning
techniques to learn the dynamics from discrete-time data and subsequently transforming
the problem into a model-based continuous-time RL problem (Kamalapurkar et al., 2016;
Della Santina et al., 2023; Lee and Sutton, 2021; Vamvoudakis and Lewis, 2010). However,
the underlying continuous dynamics are often unidentifiable when only discrete-time data
are available. Another approach involves developing an algorithm for the continuous-time
optimal control problem and then adapting it to discrete-time data (Basei et al., 2022; Jia
and Zhou, 2022a,b). Typically, numerical summation in discrete time is used to approxi-
mate continuous integrals (e.g., Algorithm 2 of Basei et al. (2022) or Equation (19) of Jia
and Zhou (2022a)). While these methods offer valuable theoretical insights, two issues re-
main underexplored. First, most analyses guarantee convergence to the true value function
when continuous-time data are available, but do not explicitly account for discretization
error arising when only discrete samples are available. Second, although these works as-
sume dynamics governed by a standard SDE, the resulting algorithms are not tailored to
this structure and remain broadly applicable to other dynamics. By contrast, the central
question of this paper is: when the dynamics follow a standard SDE but only discrete data
are available, can we exploit this structure to build algorithms that outperform generic RL
methods? To the best of our knowledge, this is the first work to address this question
systematically and establish corresponding theoretical guarantees.

The proposed method fundamentally differs from the existing literature in three key as-
pects. First, unlike model-based approaches, which end up solving a PDE with continuous-
time information, we integrate discrete-time information into the PDE formulation. Second,
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unlike alternative methodologies that view the problem as a Markov reward process and
neglect the smoothness of the underlying dynamics, our method results in a PDE that
incorporates gradients of the value function, which ensures that the solution closely ap-
proximates the true value function under smooth dynamics. Third, in contrast to most
continuous-time RL algorithms that require long trajectory data, our formulation depends
only on the current and next states. Consequently, algorithms derived from it require access
only to transition pairs rather than full trajectories, making the approach more flexible and
broadly applicable to diverse data sources.

To sum up, our work complements this line of research by bridging the gap between
continuous-time algorithms and discrete-time data. We treat the discrete-time data before
the algorithm design. The PhiBE formulation offers a systematic way to approximate
the continuous-time problem from discrete-time data. First, from a theoretical standpoint,
because our learning algorithms retain the continuous-time PDE form, existing convergence
analyses developed in the PDE literature (Guo et al., 2025; Kerimkulov et al., 2020; Tang
et al., 2025, 2022) can be directly applied or adapted to analyze the proposed methods.
Second, from a numerical perspective, PhiBE and the (discrete-time) Bellman equation are
structurally similar and both depend only on the current and next states. Therefore, most
existing RL algorithms developed for solving Bellman equations can be directly applied to
PhiBE.

1.1.2 STATISTICAL ESTIMATION OF DIFFUSION DYNAMICS FROM DISCRETE
OBSERVATIONS

One model-based approach is to estimate the continuous-time drift and diffusion coef-
ficients directly from discrete observations. Representative methods include kernel esti-
mation (Florens-Zmirou, 1993), parametric contrast estimation (Kessler, 1997), penalized
projection estimation (Comte et al., 2007; Schmisser, 2013), maximum likelihood (Peder-
sen, 1995; Ait-Sahalia, 2002), and operator- or neural-network-based methods (Hansen and
Scheinkman, 1995; Gobet et al., 2004; Oga and Koike, 2024). Most studies either fix the
sampling interval At when deriving rates in n or give asymptotic results as At — 0. Non-
asymptotic risk bounds depending explicitly on both n and At are available for joint drift
and diffusion estimation in the one-dimensional stationary ergodic setting (Comte et al.,
2007) and for drift estimation in multidimensional stationary or mixing settings (Schmisser,
2013; Oga and Koike, 2024).

A second model-based approach is to estimate the discrete-time transition dynamics di-
rectly. Representative nonparametric results include adaptive transition-density estimation
for homogeneous Markov chains (Lacour, 2007; Sart, 2014), transition-operator estimation
motivated by multidimensional diffusions observed at low frequency (Loffler and Picard,
2021), and diffusion transition-density estimation at a fixed lag (Comte and Marie, 2025).
These results treat the Markov kernel or transition lag as fixed and therefore do not char-
acterize the joint dependence of estimation error on n and a shrinking At. An estimated
transition model can be inserted into either the Bellman equation or the conditional mo-
ments defining PhiBE, but propagating transition-estimation error to the final solution
requires a separate analysis. Classical simulation-lemma arguments provide such propa-
gation bounds for discrete-time Bellman equations (Kearns and Singh, 2002). Remark 10
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explains the corresponding plug-in construction for PhiBE, whose end-to-end error analysis
is left for future work.

The statistical analysis in this paper instead concerns the proposed model-free route. It
estimates the value function from data without first fitting a model of either the continuous-
time dynamics or the discrete-time transitions. The finite-sample guarantees established
here apply only to this route. They explicitly characterize how the data-to-solution error
depends jointly on n and At. Together with our discretization and function-approximation
bounds, they control the error of the final policy-evaluation approximation.

1.1.3 NUMERICAL SCHEMES FOR THE HJB EQUATION

Although the formulation of the PhiBE closely resembles the PDE associated with the
continuous-time PE problem, our method is fundamentally different from traditional nu-
merical schemes for solving PDEs in three key aspects. First, classical schemes require full
knowledge of the system dynamics, whereas our model-free algorithm does not. Second,
numerical schemes approximate trajectories based on known dynamics, while our approach
leverages exact trajectory data to approximate the underlying dynamics. Consequently, the
corresponding error analysis framework also differs. Third, the objectives of error analysis
are distinct. Numerical schemes typically focus on the convergence order of the discretiza-
tion, whereas one of the aims in this paper is to compare the first-order PhiBE formulation
with the discrete-time MDP formulation. Since both are first-order formulations, our analy-
sis emphasizes the leading constant, which ultimately determines the practical performance
of continuous-time PE. (See more discussion after Remark 6.)

1.1.4 MODEL-FREE ALGORITHMS FOR RL

Due to the structural similarity between PhiBE and the (discrete-time) Bellman equation,
our model-free algorithm for solving PhiBE is closely related to model-free algorithms for
the BE, particularly the LSTD method (Bradtke and Barto, 1996). Conceptually, the
proposed solver serves as the continuous-time analogue of LSTD by replacing the (discrete-
time) Bellman equation with the PhiBE equation. Both approaches are model-free, employ
linear function approximation, and can be derived via a Galerkin projection followed by
a stochastic approximation procedure. This connection highlights an important feature of
the PhiBE framework: most existing RL algorithms developed for the BE can be readily
adapted to the PhiBE setting with minimal modification. Moreover, because the PhiBE for-
mulation incurs a smaller discretization error than the BE, it achieves higher approximation
accuracy given sufficient data (see Remark 18 for detailed discussion). From a theoretical
perspective, directly applying the classical LSTD bound of Lazaric et al. (2012) to the
continuous-time setting yields a model-misspecification bound with an O(At_l/ %) stability
factor. By exploiting the ellipticity of the infinitesimal generator, our analysis instead yields
a stability factor independent of Af. Under consistent continuous-time scaling, the classical
bound gives sample complexity of order O(At™?), whereas our bound is O(At™1). These
comparisons concern the dependence of the bounds on At and do not imply that the LSTD
estimator itself diverges (see the discussions following Theorems 16 and 19).
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Organization The setting of the problem is specified in Section 2. Section 3 introduces
the PDE-based Bellman equation, PhiBE, and establishes the discretization error of PhiBE
and the (discrete-time) BE. In Section 4, a model-free algorithm for solving PhiBE is pro-
posed, and the algorithmic and finite-sample errors are derived. Numerical experiments are
conducted in Section 5.

Notation For a function f(s) € R, |[fll = sup, f(s); [Ifll, = /[ f(s)?*p(s)ds. For
a vector function f(s) € RY, Vf(s) € R with (Vf(s))y = 0sf5 |f]2 = S&, 12
represents the Euclidean norm; || f| ;0 = \/Zle || £(5)]|5.0, and similarly for [ £1l,,- For a
matrix function f(s) € R¥*4 V. f = Zle Os, fil-

2. Setting

Consider the following continuous-time policy-evaluation (PE) problem, where the value
function V' (s) € R, defined as follows, is the expected discounted cumulative reward starting
from s: -
V(s)=E [/ e Plr(s)dt]so = s| . (1)
0
Here 8 > 0 is a discount coefficient, 7(s) € R is a reward function, and the state s; € S = R?
is driven by the stochastic differential equation (SDE)

dSt = M(St)dt + O‘(St)dBt, (2)

with unknown drift function u(s) € R? and unknown diffusion function o(s) € R4, In
this paper, we assume that p(s) and o(s) are Lipschitz continuous and that the reward
function ||7]|;« is bounded. This ensures that (2) has a unique strong solution (Oksendal,
2013) and that the infinite-horizon integral is bounded.

Remark 1 Continuous-time reinforcement learning (Wang et al., 2020) can be formulated
as follows:
o0
max V7(s)=E [/ e Plr(sy, ar)dt|sy = s
at:W(st) 0

s.it. dsy = p(sg,ap) + o(s, ar)dBy,  ay = w(s¢).

where the goal is to find the optimal policy w(s) that mazimizes the value function under
unknown drift and diffusion. In this paper, we focus on the unreqularized optimal control
problem and therefore restrict attention to deterministic feedback policies ay = 7(s;). For
stochastic policies (see, e.g., (Jia and Zhou, 2022a; Wang et al., 2020)), additional chal-
lenges may arise (see, e.g., (Jia et al., 2025; Szpruch et al., 2024)), which we leave for
future study.

The policy evaluation problem is a fundamental step in reinforcement learning algo-
rithms, such as actor-critic and PPO (Konda and Tsitsiklis, 1999; Schulman et al., 2017).
Its goal is to assess the quality of a fixed policy m by evaluating the value function under that
policy. The continuous-time PE problem (1)—(2) considered in this paper arises by denoting
r7(s) = r(s,m(s)), wu"(s) = u(s,m(s)), o™(s) = o(s,m(s)). For simplicity, we omit the
subscript m throughout, as the policy is fixed in the entire paper.
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We aim to approximate the continuous-time value function V'(s) when only discrete-time
information is available. To be more specific, we consider the following two cases:

Case 1. The transition distribution p(s’, At|s) over the discrete time interval At, driven by the
continuous dynamics (2), is given. Here p(s’, At|s) represents the probability density
function of sa; given sg = s.

Case 2. Trajectory data generated by the continuous dynamics (2) and collected at discrete
times jAt are given. Here the trajectory data s = {sé,slAt, e ’SlmAt}zlzl contain [
independent trajectories, and the initial state slo of each trajectory is sampled from a
distribution pg(s).

The error analysis in Section 3 is conducted under Case 1. We demonstrate that the
(discrete-time) Bellman equation is not always the optimal equation for solving continuous-
time PE problems, even when the discrete-time transition dynamics are known, and con-
sequently, that the RL algorithms derived from it are not optimal either. To address this,
we introduce a physics-informed Bellman equation (PhiBE) and establish that its exact
solution provides a superior approximation to the true value function compared with the
classical Bellman equation. When only trajectory data are available (Case 2), one can also
use the data to solve PhiBE through model-free RL, as discussed in Section 4.

3. A PDE-Based Bellman Equation (PhiBE)

In Section 3.1, we first introduce the (discrete-time) Bellman equation, followed by an error
analysis to demonstrate why it is not always a good approximation. Then, in Section 3.2,
we propose the PhiBE, a PDE-based Bellman equation, considering both the deterministic
case (Section 3.2.1) and the stochastic case (Section 3.2.2). The error analysis provides
guidance on when PhiBE is a better approximation than the BE.

3.1 (Discrete-Time) Bellman Equation

By approximating the definition of the value function (1) in discrete time, one obtains the
approximate value function

V(s)=E |> e P9r(s;n)Atlso = s . (3)
j=0

In this way, it can be viewed as a policy-evaluation problem in a Markov decision process,
where the state is s € S, the reward is 7(s)At, the discount factor is e “#2*, and the transition
kernel is p(s’, At|s). Therefore, the approximate value function V (s) satisfies the following
(discrete-time) Bellman equation (Sutton and Barto, 2018). In this paper, we will simply
refer to it as the Bellman equation (abbreviated as BE).

Definition 2 (Definition of BE)

V(s) =r(s)At + e P2 E,, L osr.ans) [V (5a1)]s0 = 5. (4)

10
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When the discrete-time transition distribution is not given, one can utilize various RL
algorithms to solve the Bellman equation (4) using the trajectory data. Note that some
continuous-time RL papers approximate the value function by V (s) =~ Z;F:o e*fBiAtr(siAt),
which in fact is also approximating the solution of the Bellman equation, owing to the
equivalence between (4) and (3). However, if the exact solution to the Bellman equation is
not a good approximation to the true value function, then all the RL algorithms derived
from it will not effectively approximate the true value function. In the theorem below, we
provide an upper bound for the distance between the solution V to the above BE and the

true value function V' defined in (1).

Theorem 3 (Discretization error for BE) Assume that ||r||; and ||L, 57|, are bounded.
Then the solution V (s) to the BE (4) approzimates the true value function V (s) defined in
(1) with an error

_ 05l e + Bl e)

- 3 At 4 o(At),

HV(S) _ f/(s)H

where )
Ly =p(s) V+ 52 VAN (5)

with ¥ = oo, and ¥ : V? = > i j ij0s,0s; -

Remark 4 (Assumptions on ||£,s7||,.) One sufficient condition for the assumption
to hold is that || p(s) || pos [12(8)|| oo Hvk’l“(S)HLOO for k=0,1,2 are all bounded. However,
| L7 oo 18 less restrictive than the above and allows, for example, linear dynamics pu(s) =
As, 2 = 0, with the deriwative of the reward decreasing faster than a linear function at
infinity, ||s- Vr(s)| .~ < C.

The proof of the theorem is given in Section 6.1. In fact, by expressing the true value

function V (s) as the sum of two integrals, one can see more clearly where the error in the
BE comes from. Note that V(s), as defined in (1), can be equivalently written as

V(s) =E {/ON e Plr(s)dt + /;O e Plr(s;)dt|sg = s "
_E { /0 ™ B (s)d]so = s} + e PRV (s14.a0) |50 = 5]

One can interpret the Bellman equation defined in (4) as an equation resulting from approx-

imating E [ﬁ fOAt e Ptr(s))dt|sg = s} in (6) by r(s). The error between these two terms
can be bounded by:

'IE [(Alt /OM e‘ﬂtr(st)dt> — r(s0)| 50 = s}

characterizes the error of HV — f/HL in Theorem 3.

1
<5 (Bl +11£027ll o) At +o(AL), (7)

11
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Theorem 3 indicates that the solution V to the Bellman equation (4) approximates the
true value function with a first-order error of O(At). Moreover, the coefficient before At
suggests that for the same time discretization At, when § is small, the error is dominated
by the term [£, x7(s)||;«, indicating that the error increases when the reward changes
rapidly. Conversely, when 3 is large, the error is mainly affected by |||, implying that
the error increases when the magnitude of the reward is large.

Fundamentally, the Bellman equation is designed for discrete-time decision-making pro-
cesses and depends only on the discrete-time transition kernel p(s’, At|s). This kernel may
arise from any underlying mechanism. As a result, the Bellman equation does not utilize
or encode any assumption about how p(s’, At | s) is generated. In particular, it does not
exploit the assumption made in this paper that the discrete-time dynamics are induced by
a continuous-time SDE. To incorporate this continuous-time structure into the approxima-
tion, one must go beyond the standard MDP framework. The question that the rest of
this section seeks to address is whether, given the same discrete-time information, i.e., the
transition distribution p(s’, At|s), time discretization At, and discount coefficient (3, one
can combine the differential equation structure with the discrete-time transition dynamics
and estimate the value function more accurately.

3.2 A PDE-Based Bellman Equation

In this section, we introduce a PDE-based Bellman equation, referred to as PhiBE. We
begin by discussing the case of deterministic dynamics in Section 3.2.1 to illustrate the idea
clearly. Subsequently, we extend our discussion to the stochastic case in Section 3.2.2.

3.2.1 DETERMINISTIC DYNAMICS

When o(s) = 0 in (2), the dynamics become deterministic and can be described by the

following ODE:

dSt

— = u(Se)- 8

dt 1(st) (8)
If the discrete-time transition dynamics p(s’, At|s) = pat(s) are given, where pa¢(s) provides
the state at time t+ At when the state at time ¢ is s, then the BE for deterministic dynamics

reads as follows:
—BAt

1 -~ -
V() = () + SV (paels))

The key idea of the new equation is that, instead of approximating the value function
directly, one approximates the dynamics. First note that the value function defined in (1)

can be equivalently written as the solution to the following PDE,

BV (s) =r(s) + u(s) - VV(s). (9)
The above equation is known as the Hamilton—Jacobi-Bellman (HJB) equation, often re-
ferred to as the continuous-time Bellman equation. In this paper, we will consistently refer
to it as the HJB equation. A detailed derivation can be found in Appendix A or in classical
control textbooks such as Fleming and Rishel (1975). Applying a finite-difference scheme,
one can approximate p(s;) by

d 1

1
u(st) = %315 ~ E(SHAt - St) = Kt(pAt(St) - St)a

12
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and substituting it back into (9) yields

N 1 ~
ﬁV(St) = ’I“(St) + Kt(SH—At — St) . VV(St)
Alternatively, this equation can be expressed in the form of a PDE as follows:
. 1 .
BV (s) = 1(s) + 1 Pac(s) = s) - VV(s), (10)

Note that the error now arises from

St+At — St

1
) = A < e Tl

which only depends on the dynamics. As long as the dynamics change slowly, i.e., the

. . 2 . o
acceleration of dynamics ’ j?stH = ||t - V|| ;oo is small, the error diminishes.
Lo

We refer to (10) as PhiBE for deterministic dynamics, an abbreviation for the physics-
informed Bellman equation, because it incorporates both the current state and the state
after At, similar to the Bellman equation, while also resembling the form of the PDE (9)
derived from the true continuous-time physical environment. However, unlike the Bellman
equation, which is blind to the underlying SDE structure, PhiBE explicitly exploits this
structure by involving the gradient of the value function, thereby embedding the smoothness
induced by the continuous-time dynamics. At the same time, unlike the true PDE (9), which
requires direct access to the continuous-time dynamics and is therefore non-identifiable from
discrete-time information, PhiBE depends only on the discrete-time transition kernel. This
makes PhiBE amenable to model-free algorithm design while still leveraging continuous-
time structure.

One can derive a higher-order PhiBE by employing a higher-order finite-difference
scheme to approximate p(s;). For instance, the second-order finite-difference scheme

1 1

,U,(St) ~ ﬂQ(St) = E |:_2(3t+2At — St) + 2(5t+At — St):| s

results in the second-order PhiBE

BY2() = 1(5) + 3; |~ (Padpae() = 5) + 2pe(s) ~ 5)| - V(o)

In this approximation, ||u(s) — fi2(s)||;« has a second-order error O(At?). We summarize
the ith-order PhiBE for deterministic dynamics in the following definition.

Definition 5 (i-th order PhiBE in deterministic dynamics) When the underlying dy-
namics are deterministic, the ith-order PhiBE is defined as follows:

BVi(s) = r(s) + i(s) - VVi(s), (11)
where
i) = 37 2 | e omay( = | 12)

J

13
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and

. 4 0, k#1
(ag), -+, T = A7, with (Ag)k; = 5", (bi)kz{l kflforogj,ks@: (13)

Remark 6 Note that [i;(s) can be equivalently written as

1 <
fi(s) = AL Zay) [sjat — So|so = s].
j=1
There is an equivalent definition of a?), given by

L 0, k#1,
Za§z)jk:{1 kfl Jor 0 <4,k <. (14)
]:0 9 - 9

Discussion on the relation to numerical schemes for the HJB equation. The
PhiBE formulation is fundamentally different from classical numerical schemes for the HJB
equation in three key aspects.

First of all, the goals of the two approaches are different. Classical numerical schemes
aim to approximate the solution of the PDE L, ,V(s) = 0, where the operator £, , is
explicitly given. In contrast, our goal is not only to approximate the solution to the PDE
but also to do so without full knowledge of the PDE operator. We tackle the overall goal
in two steps. The first step is to approximate the PDE operator £,, ,, and the second step
is to solve the resulting equation. The PhiBE formulation (11) is constructed to address
the first task, namely approximating the unknown operator £,V (s) = 0 by L5V (s) =0
using only partial information in the form of the discrete-time transition kernel p(s’, At | s),
with no direct access to u(s) or o(s). Consequently, the “discretization error” analyzed in
this section refers to the error incurred from observing p(s’, At | s) at At > 0 rather than
the infinitesimal kernel lima¢_o p(s’, At | s). It does not refer to the numerical error of
solving the PDE.

Second, the discretization formulations differ. Classical schemes discretize the state
space over a uniform mesh h, e.g., V'(s) ~ +(V(s+h) — V(s)), while such uniform meshing
cannot be directly applied in RL because trajectory data are irregularly distributed. Con-
sequently, numerical error in classical schemes arises from spatial discretization, whereas
in PhiBE it originates from time discretization through the approximation of i and .
Moreover, although the definition of /i(s) superficially resembles a finite-difference expres-
sion, its meaning is fundamentally different. In classical methods, one starts from known
dynamics £1(s) and uses numerical schemes to approximate the trajectory s;a¢. As a result,
numerical error propagates and accumulates over time. In contrast, PhiBE takes the op-
posite approach: the trajectories sjas are observed from data and used to approximate the
underlying dynamics u(s). This inversion of roles leads to a distinct analytical treatment of
convergence and convergence rates for f/,(s) that does not accumulate over time, in sharp
contrast to classical numerical discretization errors.

Finally, the error analysis frameworks and emphasis are distinct. Classical analyses es-
tablish convergence by verifying that the discrete operator is monotone, stable, and consis-
tent, then applying comparison principles and perturbation arguments to derive convergence

14
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rates. In contrast, our analysis first quantifies the discrepancy between the data-driven dy-
namics (/1,%) and the true dynamics (;1, %), a component never addressed in traditional
numerical analyses, and then propagates this discrepancy to the value function via PDE
stability. Furthermore, while classical numerical analyses focus on the order of accuracy in
the mesh size h and typically omit constants, our comparison with discrete-time RL requires
explicit characterization of these constants, as both standard RL and PhiBE are first-order
approximations. The leading constant, which depends on the reward and dynamics, ulti-
mately determines the practical performance of continuous-time RL algorithms.

In summary, PhiBE differs fundamentally from classical numerical schemes for HJB
equations. Nevertheless, because the continuous-time RL problem is connected to a PDE
through the PhiBE formulation, one could, in principle, estimate pa from data, compute
({1, fl) explicitly, and then apply standard numerical schemes to solve the resulting PhiBE
equation. The classical convergence results would then apply to this model-based approach.
However, this paper will focus on developing a model-free algorithm for solving the PhiBE
equation directly from data without explicitly estimating ji or s

The error analysis of PhiBE for deterministic dynamics is presented in the following
theorem.

Theorem 7 (Discretization error for deterministic PhiBE) Assume that ||Vr(s)||
and H‘CL“(S)HLOO are bounded. Additionally, assume that |Vu(s)||;« < B. Then the solu-

tion Vi(s) to the PhiBE (11) is an ith-order approzimation to the true value function V (s)
defined in (1) with an error

~ V7|l oo HELMHLOO i
i) VO <207 g A
where
Ly,=p-V, (15)

and Cj is a constant defined in (50) that only depends on the order i.

See Section 6.2 for the proof of Theorem 7. Several remarks regarding this theorem are in
order.

1st-order PhiBE vs. BE By Theorem 7, the distance between the first-order PhiBE

solution and the true value function can be bounded by

2|Vl poo [l - Vil oo
(B =1Vl pe)?

Comparing it with the difference between the BE solution and the true value function in
deterministic dynamics,

At.

v — VH <
L()O

6Vl + Bl e
< -

one observes that when the change of the reward is rapid, i.e., |Vr|;« is large, but the

7=, At

change in velocity is slow, i.e., ‘

%StHL = ||pt - V|| ;oo is small, even though both Vi and

V are first-order approximations to the true value function, Vi has a smaller upper bound.
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Higher-order PhiBE The advantage of the higher-order PhiBE is two-fold. Firstly,
it provides a higher-order approximation, enhancing accuracy compared to the first-order
PhiBE or BE. Secondly, as demonstrated in Theorem 7, the approximation error of the i-th
order PhiBE decreases as HLL/LHLOO decreases. If the “acceleration,” i.e., %st = Lup, of

the dynamics is large but the change in acceleration, i.e., %st = Eiu, is slow, then the
error reduction with the second-order PhiBE will be even more pronounced in addition to
the higher-order error effect.

Dependence on 5 When § is large, PhiBE always has a smaller discretization error than
BE. However, when 3 is small, the BE error scales as O(3~!), whereas the PhiBE error
scales as O(372). Thus, when f3 is small, the gap in discretization error between the two
methods naturally narrows. However, as shown later in Section 4, the finite-sample error of
the model-free algorithms for both BE and PhiBE scales as O(872). As a result, in data-
driven settings, the potential advantage of BE for small g is dominated by the finite-sample
error, which scales as O(372). In contrast, PhiBE retains an advantage in regimes with
slowly varying dynamics and rapidly changing reward functions.

In addition, in standard RL settings, the discount factor is v = e #4t [0.9,0.99], so
the resulting range of S depends on the sampling frequency. When the data are collected
at At = 0.01, we expect § = O(1), i.e., p € [1,10]. For data collected at At = 0.1, one
obtains a smaller 8 € [0.1,1]. In the experiments in Section 5, we therefore evaluate both
methods across a broad range 5 € [0.1,10].

When does PhiBE outperform BE? In summary, PhiBE outperforms BE in terms
of discretization error whenever one of the following conditions is present: (i) the dynam-
ics evolve slowly; (ii) the reward function varies sharply; or (iii) the discount rate is not
extremely small. In summary, these features arise frequently in continuous-time RL appli-
cations. First, slow dynamics are common in physical and biomedical systems, where state
variables evolve gradually and smoothly. For instance, in glucose—insulin regulation, blood
glucose levels follow physiological ODE models with inherently slow drift dynamics. Second,
the reward function often needs to sharply penalize excursions outside a healthy range, so
that the optimal policy strongly encourages keeping the patient within a safe region. This
leads to a highly varying reward landscape, i.e., a large ||Vsr(s)||. Third, discount coeffi-
cients used in practice are rarely associated with extremely small continuous-time rates. In
OpenAl Gym environments with At ~ 1072, the typical choice v € [0.9,0.99] corresponds
to f € [1,10]. In clinical settings with larger sampling intervals, objectives often focus on
maintaining stability over short or moderate horizons, so the effective discount rate is sim-
ilarly not small. Taken together, the three features are common in real-world applications,
making the settings where PhiBE outperforms BE not exceptional but the typical regime
for continuous-time reinforcement learning.

Assumptions on HLLM(S)HLOO Note that the boundedness assumption of HELM(S)HLOO
is required in general to establish that fi;(s) is an i-th order approximation to u(s). A
sufficient condition ensuring that H,CL,U,(S)H 1 is bounded is that Hvk ,U,(S)H [0 15 bounded
for all 0 < k < i. Note that the linear dynamics p(s) = As do not satisfy this condition.
We lose some sharpness in the upper bound to make the theorem applicable to general
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dynamics. However, we prove in Theorem 8 that PhiBE works when u(s) = As, and one
can derive a sharper error estimate for this case.

Theorem 8 When the underlying dynamics follow %st = As;, where s; € R? and A €
R4 the solution to the i-th order PhiBE in deterministic dynamics approzimates the true
value function with an error

|

where C; is a constant defined in (50) that only depends on the order i.

vi-v| . < g; s Vr(s)ll oo [ All, DAAL, Dy = el41A28 | 4],

The proof of the above theorem is provided in Section 6.3. According to Theorem 8,
even when the dynamics s; = efsy evolve exponentially fast due to positive real parts in
the eigenvalues of A, the PhiBE solution remains a good approximation to the true value
function provided that D 4At is small. In particular, when DAt < 1, higher-order PhiBE
achieves a smaller approximation error than the first-order PhiBE.

3.2.2 STOCHASTIC DYNAMICS

When o(s) # 0 is a non-degenerate matrix, the dynamics are stochastic and driven by
the SDE in (2). By the Feynman-Kac theorem (Stroock and Varadhan, 1997), the value
function V'(s) satisfies the following HJB equation:

BV (s) =1(s) + LuxV(s), (16)

where £, 5 is an operator defined in (5). However, one cannot directly solve the PDE
(16) as u(s),o(s) are unknown. In the case where one only has access to the discrete-time
transition distribution p(s’, At|s), we propose an i-th order PhiBE for stochastic dynamics
to approximate the true value function V' (s).

Definition 9 (i-th order PhiBE in stochastic dynamics) When the underlying dynam-
ics are stochastic, the ith-order PhiBE is defined as follows:

BVi(s) = 1(5) + £, 5, Vi(s), (17)
where A
A 1 ¢ (i)
i() = 37 D Busarmpteiats [0 (sja0 = s0)ls0 = 5
= (18)

. 1 & ;
2i(s) = x5 D B aimp(iats) {ag /(sja¢ — s0)(sjat — 50) |50 = S}
j=1
where L, . is defined in (5), and al) = (a(()i), e ,al(-i))T is defined in (13).

Remark 10 (Model-based and model-free implementations of PhiBE) Suppose that
trajectory data are used to estimate the transition densities pja(s’|s), j =1,...,1. Re-
placing p(-, jAt | s) in (18) with pja(- | s) yields estimates (Bf,X¢). Substituting these
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estimated coefficients into (17) gives a model-based PhiBE that can be solved by a PDE
or Galerkin method. The estimated one-step transition operator can likewise be inserted
directly into the Bellman equation.
These plug-in operations introduce a second error stage after transition estimation. For
exzample, writing 6p;(s’ | s) = pjat(s’ | s) — p(s', jAL | s), the induced drift error satisfies
1 &<
() = iul) = 3 2o [ = ) | 9l

J=1

The corresponding expression for the error in if is analogous. Thus, transition-density
error must first be converted into weighted moment error, with the factor 1/At, and the
resulting coefficient perturbation must then be propagated through the PhiBE. The transition-
estimation results cited in Section 1.1.2 do not provide the corresponding transition-to-final-
solution bound for PhiBE. Such a bound requires norms strong enough to control the weighted
moments above, their spatial reqularity, and the stability of the perturbed PDE. We therefore
leave a complete end-to-end analysis of this model-based PhiBE procedure for future work.
Section 4.2 instead studies our model-free implementation, which bypasses a global estimate
of pat and directly estimates the Galerkin system; the finite-sample theory in Section 4.3
applies only to that proposed estimator.

Remark 11 There is another i-th order approximation for 3(s),
o Lm0 (T _ g7 _
Yi(s) = A Zaj (E[SjAtSjAt|50 = 5] — E[sjae|s0o = s] E[sja¢|so = s]) .
j=0

However, the unbiased estimate for $(s)
1 <
Xi(s0) & N Z aﬁ-” (SjTAtsjAt - SSAtSjAt)

j=1
requires two independent samples sjAt,s; Ap Starting from sg, which are usually unavail-
able in the RL setting. This is known as the “double-sampling” problem. One could
apply a similar idea in (Zhu and Ying, 2020; Zhu et al., 2022) to alleviate the double-
sampling problem when the underlying dynamics are smooth, that is, by approximating
s;-At ~ si—nat + (SG1ae — sjar). However, this would introduce additional bias into
the approximation. We leave the study of this approzimation il(s) or the application of
BFF to %(s) for future research.

The first- and second-order approximations are presented as follows. The first-order
approximation reads

fin(s) = Aitnz (sae — s0)ls0 = 8], Sals) = A%E (580 = s0) (s — 0) Tlso = ] :

and the second-order approximation reads

R 1 1

fi2(s) = EE [Q(Sm —50) — i(szm —50)|s0 = 8] ,

- 1 1

Yo(s) = EE [2(8& — 50)(s5a¢ — 50) | — §(S2At — 50)(s2a¢ — s0) " |s0 = 8] .
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Next, we show that the solution ‘A/;(s) to the ¢th-order PhiBE provides an ¢th-order
approximation to the true value function V'(s) under the following assumptions.

Assumption 1 Assumptions on the dynamics:
(a) Amin(2(8)) > Amin > 0 for all s € S, where Apin(A) is the smallest eigenvalue of A.
(b) HV’“;L(S)HLOQ , HV’“E(S)HLoo are bounded for 0 < k < 2i.

The first assumption ensures the coercivity of the operator L, s, which is necessary to
establish the regularity of V'(s). The second assumption is employed to demonstrate that
f1; and 3); are ith-order approximations to p and X, respectively.

To establish the error analysis, we define a weighted L? inner product and norm under
a probability density p(s) by

(1), = [ F©)aeis. 1712 = [ Fopl)s (19)
In addition, the density p satisfies
L, =|Vlogpl| ,is bounded. (20)

One may take p(s) to be the stationary distribution (when it exists), namely a density
satisfying

/ﬁngb(s)p(s)ds =0. for all ¢(s) € C. (21)
If a stationary distribution does not exist, one may select a density p such that
1 1 2 1
—p+ =V -X+ =XVliogp < = BAmin, (22)
2 2 o) 2

where Q = {s: p(s) # 0}. If Q # R? then all assumptions and results hold on €, rather
than on the entire space RY.

Remark 12 Several remarks regarding the weight p(s) are in order. First, classical results
(e.g., (Huang et al., 2015)) imply that when the drift and diffusion satisfy a suitable dissipa-
tion condition, a stationary distribution exists. Furthermore, once a stationary distribution
exists, Theorem 1.1 of (Bogachev et al., 1996) yields the bound L, < ﬁ |+ V-2 oo

Second, if no stationary distribution exists, one can still choose a density p such that
(22) holds. For example, in one of our numerical experiments (36), the system admits no
stationary solution when A > 0. In this case, one may take

~ sel-ed po?
5 S —C, Cf,

pls) = { 2 el < T
Oa § ¢ [_C7 C]7 2

which ensures (22). The trade-off is that under this choice of weighted norm, one can
guarantee convergence of the approzimation error only on the domain Q = {s : p(s) # 0},
rather than on the entire space RY. At the same time, Assumption 1 on the drift and
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diffusion is also relaxed: instead of requiring it to hold globally, it only needs to be satisfied
on the domain €.

Third, if one chooses to work with the Lebesque measure on Q@ C R?, then, in addition
to Assumption 1 on the drift and diffusion terms, we require

2 1

1
H—qu V-2 =
2 L) 2

This ensures that the requirement (22) remains valid when the density p is taken to be the
(unnormalized) Lebesgue measure.

The error analysis for BE in the weighted L? norm is presented in the following theorem.

Theorem 13 (Discretization error for BE in weighted L? norm) Assume that ||r|| o
and ||Lyzr||, are bounded. Then the solution V(s) to the BE (4) approzimates the true

value function V (s) defined in (1) with an error
H < 2Ly zrll, + Blirll,)
P 5

The proof of Theorem 13 is given in Section 6.4. Next, the error analysis for PhiBE in
stochastic dynamics is presented in the following theorem.

[V =)

At + o(At).

Theorem 14 (Discretization error for stochastic PhiBE) Under Assumption 1 and
At' < D, x 3, the solution Vi(s) to the ith-order PhiBE (17) is an ith-order approzimation
to the true value function V (s) defined in (1) with an error

ORRAD] = (Cgf;’z + f;%f}f) AL,

where D, 5 5, Cr 5, and C’N’gﬂ are constants defined in (56) and (57) that depend on p,
>, and r.

The proof of Theorem 14 is given in Section 6.5.

Remark 15 (PhiBE vs. E:E) Here we discuss two cases. The first case is when the
diffusion is known, that is, X; = X. In this case, the distance between the PhiBE and the
true value function can be bounded by

IVE] o

i IVl o
S 52 H£ HLOO Amin e

Amin

- 7L, + V7], | At

Similar to the deterministic case, the error of the ith-order PhiBE is proportional to the
rate of change of the dynamics E[ tzﬂst] E’ siit. See the discussion under Theorem 7 for
the benefits of the first- and higher-order thBE under different dynamics.
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The second case is when both the drift and diffusion are unknown. Then the distance
between the first-order PhiBE and the true value function can be bounded by

[ -v]
p
At Ly, Cv
S ||u+v-z||m)< 9 o Lm+||wum>]

At 1 Cy
53/2 / manE < )\mm ”T||p+ |V7‘||p> )

where

Luslienl, Ls S [ + 5V £3|| -+l

| Cv

+IVallpe

Cy ||VM|| = IVE oo
v L e = Il + il e
Amin min

Here the operator L represents L .5 This indicates that when A, is large or Vi, VY

v
2]l oo

)\’WLZ’VL

jv +EVu+£EH +HV <uu +EVM+£E>H LT

are small, the difference between Vi and V is smaller. Compared with the BE upper bound
|Lr|l, + Blrll,, which is more sensitive to large B and variations in the reward function,
the PhiBE upper bound is less sensitive to these factors. When the change in the dynamics
18 slow, or the moise is large, even the first-order PhiBE solution is a better approximation
to the true value function than the BE.

4. Model-Free Algorithm for PhiBE

In this section, we assume that one only has access to the discrete-time trajectory data
{sh, shs st A H_,. We first revisit the Galerkin method for solving PDEs with known
dynamics in Section 4.1, and we provide the error analysis of the Galerkin method for
PhiBE. Subsequently, we introduce a model-free Galerkin method in Section 4.2. Finally,
we conclude this section with an end-to-end error analysis for the model-free algorithm in
Section 4.3.

4.1 Galerkin Method

Given p basis functions {¢;(s)}?_,, the objective is to find an approximation V(s) = ®(s) 0
to the solution V' (s) of the PDE,

BV (s) = LuxV(s) = r(s),

where 6 € R?, ®(s) = (¢1(s), - ,¢p(s)) ", and L, 5 is defined in (5). The Galerkin method
involves inserting the ansatz V into the PDE and then projecting it onto the finite basis,

(BV(s) = LuxV(s), ®(s)), = (r(s), ®(s)), .
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where the same measure p defined in (19) is used here. This results in a linear system for
0:
A =b, A= (f(s) - LyxnP(s), B(s)),, b= (r(s),(s)),-

When the dynamics pu(s), X(s) are known, one can explicitly compute the matrix A and the
vector b, and find the parameter # = A~'b accordingly.

In continuous-time PE problems, one does not have access to the underlying dynamics
1, 2. However, the approximate dynamics ji;, 3, are given through PhiBE. Therefore, if one
has access to the discrete-time transition distribution, then the parameter 6 = AZ_ 1y can be
obtained by approximating A with A;:

A; = <ﬁ<I>(s) —L, 5 ®(s), <I>(s)> , (23)

p

where fi;,%; are defined in (18). We give the error estimate of the Galerkin method for
PhiBE in the following theorem.

Theorem 16 (Galerkin Error) The Galerkin solution V,%(s) = 6 ®(s) satisfies

(6 £,,8)7C6)2) = tr(s).0(5),. 1)
For sufficiently small At satisfying At' < min {Nux.8,Dus,p}, the Galerkin solution YA/;G(S)
approximates the solution to the i-th order PhiBE defined in (17) with an error

A

VC(s) — VZ(S)H < C/YBG VPmefT(b ‘

vi-ve|
Hj

Here, n,, 5.8, Ca, and D, x g are constants depending on u, X, B, L7°, and Ly, defined in
(60), (61), and (56), respectively, and ||f|| gz = If1l, + IV f1l,-

The proof of the theorem is given in Section 6.6.

Several remarks are in order. First, the above theorem establishes an approximation-
error bound under model misspecification, that is, the error arising when the true value
function cannot be exactly represented within the chosen linear bases ®(s). More specifi-
cally, the bound in Theorem 16 can be interpreted as the limiting error of the data-driven
algorithms (Algorithms 1 and 2) when infinite data are available.

Second, the Galerkin solver (24) is a continuous-time counterpart of LSTD (Bradtke
and Barto, 1996): LSTD projects the discrete-time Bellman equation onto a linear function
space, whereas our method projects the PhiBE equation. This connection motivates com-
paring the Galerkin error of Theorem 16 with the approximation error obtained by applying
an LSTD bound to the same setting. The discrete-time value function V is defined in (3),
and its Galerkin approximation V(s) = 01, ®(s) satisfies the BE (4) in the following weak
form:

<f/G(s) s [VG(SAt) | s0 = s] ,(I)(s)>p = (r(s)At, 2(s)), -

The population LSTD approximation term in Theorem 1 of Lazaric et al. (2012) gives

- - 1 -
G .
v —=ve, < \/72%\/13 nf V=V, S Tant i, V=Vl (25)
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For a fixed feature space with a nonvanishing best approximation error, the right-hand
side of (25) diverges as At — 0. This does not imply that the population Galerkin error
|V — f/GH p itself diverges. Rather, it shows that directly applying the classical discrete-
time RL bound to the continuous-time setting yields no uniform error guarantee as the data
interval At vanishes.

In contrast, the PhiBE Galerkin bound in Theorem 16 is independent of At¢. Although
this comparison does not establish that the PhiBE Galerkin error is always smaller than
the population Galerkin error of LSTD, it demonstrates that our error analysis is sharper in
its dependence on At when the transition kernel is induced by an SDE. This improvement
arises because our analysis exploits the coercivity and elliptic structure of the infinitesimal
generator, whereas the general contraction-based LSTD bound does not use this structure.
The resulting At-uniform stability guarantee is the key novelty of Theorem 16.

The role of regularity in sharpening RL error bounds also appears in other settings.
For example, Maran et al. (2023) use Lipschitz and Holder regularity to analyze policy-
performance mismatch in continuous-action behavioral cloning. Their result, however, does
not address LSTD or policy-evaluation Galerkin error. Whether the regularity of SDE-
induced transitions can also yield a At-uniform Galerkin bound for the discrete-time BE
remains an interesting direction for future work.

Remark 17 The Galerkin error remains bounded even when ||V logp| e is unbounded.
However, since the sample-complezity analysis in this paper assumes boundedness of |V log p|| .,
we move the Galerkin error theorem under unbounded ||V logpl|lr assumption to Sec-
tion 6.6 to maintain internal consistency. The corresponding result is stated in Theorem 27.

4.2 Model-Free Galerkin Method for PhiBE

When only discrete-time trajectory data are available, we first develop unbiased estimates
I, 2 of fi;,%; from the trajectory data:

/j’ ]At At Z a’k ]Jrk)At jAt)7
(26)
)T

)

. ! l !
i( jAt N Z a 3(j+k SjAt)(S(j+k)At — SjAt

with @ defined in (13). Then, using the above unbiased estimates, one can approximate
the matrix A and the vector b by

I m— T
A= Z P(s ]At [B(I)( ]At) Eﬁi(sé.m),i,-(s;m)(I)(Sé'At)} )
=1 j=
~ I m—i
bi = Z Z T(SéAt)(I)(Sé'At)-
=1 j=0

By solving the linear system A;6 = b;, one obtains the approximate value function V(s) =
®(s) 70 in terms of the finite basis. Note that our algorithm can also be applied to stochastic
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or even unknown rewards, as only reward observations at discrete times are required. We
summarize the model-free Galerkin method for deterministic and stochastic dynamics in
Algorithm 1 and Algorithm 2, respectively.

Algorithm 1 Model-free Galerkin method for i-th order PhiBE in deterministic dynamics
Given: discrete time step Atf, discount coefficient 3, discrete-time trajectory data
{(sé A ré- At);-”:()}l[:1 generated from the underlying dynamics, and a finite basis set ®(s) =
(61(3). -+ pl5)) T

1: Calculate A;:

3

I
.
A= 3" 3" 0(shan) [B(shar) — filsha) - V(a0
=13

I\
o

where ﬁi(sé Ap) is defined in (26).
2: Calculate b;:

s .
Z r Atq) ]At)'

N

—
.
Il

=)

3: Calculate 0:

4: Output V(s) = 07 ®(s).

Algorithm 2 Model-free Galerkin method for i-th order PhiBE in stochastic dynamics
Given: discrete time step At, discount coefficient [, discrete-time trajectory data
{(sé At,ré- At);-”:O}lI:]L generated from the underlying dynamics, and a finite basis set ®(s) =
(91(s), ()T

1: Calculate A;:

I
L=y

=1 j=0

m—

@

] 1 !
B(sa0) | 0(sha0) ~ B VB(sha) — 55:(shaa)  VPR(sk)]

where ﬂi(sém), E_Ji(sém) are defined in (26).
2: Calculate b;:

—1

I
Z r At(I) jAt)‘

=1

3

T
o

3. Calculate 0:
0= A'b;.

)

4: Output V(s) = 0T d(s).

Remark 18 (Comparison to the LSTD Algorithm) Algorithms 1 and 2 serve as continuous-
time counterparts of LSTD (Bradtke and Barto, 1996) by replacing the discrete-time Bell-
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man equation with the PhiBE equation. Both our algorithms and LSTD are model-free
and employ linear basis functions. In addition, both methods can be derived by applying the
Galerkin method, followed by a stochastic approximation of the resulting system (Szepesvdri,
2011).

This connection, however, highlights a key advantage of our formulation. Owing to the
structural similarity between PhiBE (11), (17) and the discrete-time Bellman equation, both
depend only on the current and next states. Thus, most existing RL algorithms developed
for solving Bellman equations can be directly applied to PhiBE. Moreover, as shown in Sec-
tion 3, our method enjoys a smaller discretization error, allowing one to achieve significantly
improved approzimation accuracy for free with a slight modification of the RL algorithm.

4.3 Sample Complexity of the Model-Free Algorithm for First-Order PhiBE

We now establish the sample complexity of the model-free algorithm for solving the first-
order PhiBE. A sample complexity analysis for higher-order PhiBE is deferred to future
work. We assume that the data consist of n independent short trajectories {s;,s;}™ ;.
Each trajectory provides a single transition pair: an initial state s; ~ p(s) and its one-step
successor s, ~ p(s’, At | s;). Here the initial density p(s) is the weight we defined in (19),
and the discrete-time transition p(s’, At | s) is driven by the underlying SDE (2). The
model-free algorithm approximates the value function by Vj,(s) = ®(s)'6,,, where 6,, € RP
is obtained by solving the empirical linear system

1 & T 1
Anb, = by, A, = E Z; (I)(Si) |:/B(I>(SZ) - [’ﬁﬁ,iiq)(si) , bn= E z;’r(si)q)(si)’ (27)
where ) .
fy = E(SQ —58), Xj= E(S; —5)(s} — Si)T-

This estimator targets the Galerkin solution V,%(s) = ®(s)70 of the first-order PhiBE
defined in (24) when the discrete-time transition dynamics are known. Here 6 solves

T
AD=b A= / 0(s) [B(s) — £, 5,2()] ple)ds. b= / r(s)B(s)p(s)ds.  (28)
The theorem below establishes both consistency and finite-sample guarantees.

Theorem 19 (Sample Complexity) Assume that HV’WI)H < Lg¢ p-a.s. for k =0,1,2
and that the Gram matrix for the basis functions satisfies

Go = /@(s)@(s)—rp(s) ds = Mol (29)

Suppose further that At < n,x 3 (the same n,x g as in Theorem 16). Then, for any
sufficiently small € > 0, if

> 1og(2p/6) R L0t
~TTpieANE

where R = ||r||pee and omax = ||o||zec, then, with probability at least 1 — &, we have

IV = Vi1 <e.
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4 2 -2
Equivalently, if n 2 Le 10g(2§éi)fma"/\‘1’ , then, with probability 1 — 6,

‘ Vi, — VFHLN < (LéRamaXA;%/log(Qp/a)) ﬁ%/lﬁ'

The proof of the above theorem is given in Section 6.7. Several remarks are in order.
The model-free Galerkin estimator analyzed in Theorem 19 is a continuous-time counterpart
of LSTD, as discussed in Remark 18. This connection motivates a comparison of their finite-
sample estimation errors. To express the estimation term in Theorem 1 of Lazaric et al.
(2012) under the same continuous-time scaling, let ya; = e #2t and ||ra¢lle = O(RAL).
Then Vinax = ||7at]loo/(1=7a¢) = O(R/B), and their term O((1—yaz) ™ Vinaxn ™ /?) becomes
O(RB~2At™'n~1/2). The corresponding sample-complexity bound is therefore of order
0(6*26*4At_2). This bound need not be sharp when the transition kernel is induced by
an SDE; rather, it shows that a direct application of the general LSTD sample complexity
analysis to the continuous-time setting yields a At~ dependence.

By comparison, Theorem 19 gives a sample-complexity bound of order 0(6_25_4At71),
improving the dependence on the data interval from At=2 to At~!. Although this com-
parison does not establish that our estimator always has a smaller finite-sample error than
LSTD, it demonstrates that our analysis is sharper in its dependence on At when the tran-
sition kernel is induced by an SDE. This improved dependence on the data interval is the
key finite-sample contribution of Theorem 19.

Corollary 20 (Overall Error Bound) Under the same assumptions as in Theorem 19,
with probability at least 1 — ¢,

O s Co . . Cry.o
V.-V < ) At + = f ‘V;—VP‘ + —,
I (), < 3 B vPegTo Hy o o B2VnAt

where Cy x50 = LéRomaX)\;zwlog@p/é), and Cy.,, 5, Cq are the same constants as in The-
orems 14 and 16.

Several remarks are in order. The total error consists of three components: a discretiza-
tion error, a model approximation error, and a finite-sample error. Among these terms,
only the model error is independent of the time step At. The discretization and sample
errors exhibit opposite dependencies on the data-collection frequency At, i.e.,

. At 1
1=V =0( 55 + )

This bound highlights a fundamental trade-off inherent in continuous-time PE. Decreasing
At reduces the discretization bias but increases the variance of the estimator, thereby
requiring a larger sample size to maintain the same level of accuracy. As a result, excessively
frequent sampling does not necessarily improve overall performance.

This phenomenon is not specific to the PhiBE framework but is intrinsic to continuous-
time reinforcement learning. As illustrated in Figure 6 of our numerical experiments, the
model-free RL algorithm (LSTD) exhibits a similar trade-off. Similar behavior was observed
in (Zhang et al., 2023), which studied a Monte Carlo sampling algorithm for linear—quadratic
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(LQ) policy evaluation. Their theoretical analysis is restricted to the LQ setting, with non-
linear dynamics examined only through numerical experiments. In contrast, our analysis
applies to general controlled diffusion processes and provides explicit non-asymptotic error
bounds. Moreover, their approach evaluates the value function only at discrete states and
does not involve function approximation, whereas our algorithm produces a global approx-
imation of the value function via function approximation, leading to a substantially more
involved analysis. Finally, our results explicitly characterize the dependence on the discount
parameter 3, which is not addressed in Zhang et al. (2023).

5. Numerical Experiments

All MATLAB code used to generate the numerical results is available.!

5.1 Deterministic Dynamics

We first consider deterministic dynamics, where the state space is defined as S = [—7, 7].
We consider two kinds of underlying dynamics: one is linear,

d
ast = )\St, (30)
and the other is nonlinear,
d :
5t = Asin®(s;). (31)

The reward is set to be r(s) = Bcos(ks)® — As(—3k cos®(ks)sin(ks)) for the linear case
and 7(s) = Bcos?(ks) — Asin?(s)(—3k cos?(ks)sin(ks)) for the nonlinear case, for which
the exact value function is V(s) = cos®(ks) in both cases. We use periodic basis functions
{on(s1) 12! = %{%, cos(msy),sin(ms1)}M_, with M large enough so that the solution
can be accurately represented by this finite basis (M = 4 for the low-frequency value
function and M = 30 for the high-frequency value function).

For the linear dynamics, the discrete-time transition dynamics are

pai(s) = e Pls.

Hence, one can express the BE as

V(s) = r(s)At + e PRV (M), (32)

and the 7th-order PhiBE as

)

Z ag) (e)\k:AtS —s)

k=1

BVi(s) = r(s) + - VVi(s), (33)

At

respectively, where a(? is defined in (13). For the nonlinear dynamics, we approximate
pat(s) and generate the trajectory data numerically,

St1s = St + 0 sinQ(st)

1. The repository is available at https://github.com/yuhuazhumath/phibe-matlab.
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with 6 = 10~ sufficiently small.

The trajectory data are generated from .J different initial values sg ~Unif[—7, 7], and
each trajectory has m = 4 data points, {sg, - - ,s(m,l)m}. Algorithm 1 is used to solve for
the PhiBE, and LSTD is used to solve for BE. LSTD is similar to Algorithm 1 except that
one uses A derived from the BE (4),

[\

- i T
A=375" 0shar) [@(shad) — 21D sl ) a) (34)
=1 j=0

instead of A;.

In Figure 1, the data are generated from the linear dynamics (30) with A = 0.05 and
collected at different At. For the low-frequency value function (Figure 1/(a), (c)), we
use 40 data points with J = 10,m = 4, whereas for the high-frequency value function
(Figure 1/(b)), we use 400 data points with J = 100,m = 4. We compare the second-
order PhiBE solution with the BE solution (when the discrete-time transition dynamics
are known) and the performance of LSTD with that of the proposed Algorithm 1 (when
only trajectory data are available) under different data-collection intervals At, discount
coefficients 8, and reward oscillations k. Note that the exact solution to BE is computed
as V(s) = Zfzo r(e*¥s) with I = 500/ At large enough, and the exact solution to PhiBE
is calculated by applying the Galerkin method to (33).

In Figure 3, the data are generated from the nonlinear dynamics (31) and collected at
different At. For the low-frequency value function (Figure 3/(a), (c)), we use 80 data points
with J = 20, m = 4, whereas for the high-frequency value function (Figure 3/(b)), we use
400 data points with J = 100, m = 4. We compare the first- and second-order PhiBE
solutions with the BE solution (when the discrete-time transition dynamics are known) and
the performance of LSTD with that of the proposed Algorithm 1 (when only trajectory
data are available) under different values of At, 3, k, and .

In Figure 4, the distances from the PhiBE and BE solutions to the true value function
are plotted as At — 0; the distances from the solutions approximated by Algorithm 1
and LSTD to the true value function are plotted as the amount of data increases. We set
J = [10, 102,103, 103] and m = 4 for the data size. Here, the distance is measured using the
L? norm

D(V,V) = \//7r (V(s) = V(s))2ds. (35)

In Figures 1 and 3, when the discrete-time transition dynamics are known, the PhiBE
solution is much closer to the true value function than the BE solution in all the experiments.
In particular, the second-order PhiBE solution is almost identical to the exact value function.
Additionally, when only trajectory data are available, one can approximate the solutions to
PhiBE very well with only 40 or 400 data points. In particular, when At = 5 is large, the
solution to PhiBE still approximates the true solution very well, which indicates that one
can collect data sparsely using PhiBE. Moreover, the solution to PhiBE is not sensitive to
oscillations in the reward function, which implies greater flexibility in designing the reward
function in the RL problem. The BE error increases when £ is too small or too large, whereas
the PhiBE error decays as [ increases. Furthermore, it is noteworthy that in Figure 3/(b)
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(a) Nonlinear dynamics (31) (b) Nonlinear dynamics (c¢) Nonlinear dynamics (31)
with At =5,8=0.1,k=1,A= (31) with At = 0.1, = with At = 0.1, = 10,k =

0.1 10,k=1,A=5 10,\ = 2

Figure 3: The PhiBE solution and the BE solution, when the discrete-time transition
dynamics are given, are plotted in solid lines. The approximate PhiBE solution based on
Algorithm 1 and the approximate BE solution based on LSTD, when discrete-time data are
given, are plotted in dashed lines. Both algorithms utilize the same data points.

and (c), for relatively large changes in the dynamics indicated by |[|[Vpu| < A = 5 and 2,
respectively, PhiBE still provides a good approximation.

In Figure 4/(a) and (b), one can observe that the solution for BE approximates the true
solution with first-order accuracy, while the solution for the ith-order PhiBE approximates
the true solution with ith-order accuracy. In Figure 4/(c) and (d), one can see that as
the amount of data increases, the error from the LSTD algorithm stops decreasing when it
reaches 10~!. This is because the error between BE and the true value function HV — VH =

O(At) dominates the data error. On the other hand, for higher-order PhiBE, as the amount
of data increases, the performance of the algorithm improves, and the error can reach
O(At).
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1072

(a) Linear dynamics (b) Nonlinear dynamics (c) Linear dynamics (d) Nonlinear dynamics

(31). (31) (31). (31).

Figure 4: The L? errors (35) of the PhiBE and BE solutions with decreasing At are plotted
in the two left panels. The L? errors (35) of the approximate PhiBE and BE solutions
with increasing amounts of data collected every At = 5 units of time are plotted in the two
right panels. The solid lines are averages over 100 simulations for all data sizes. We set
A=0.05,6=0.1,k =1 in both the linear and nonlinear cases.

5.2 Stochastic Dynamics

We consider the Ornstein—Uhlenbeck process,
ds(t) = A\sdt + odBy, (36)

with A = 0.05, 0 = 1. Here the reward is set to be 7(s) = 3 cos®(ks)—As(—3k cos?(ks) sin(ks))
—302(6k? cos(s) sin?(ks) — 3k? cos®(ks)), for which the exact value function is V(s) =
cos?(ks). For the OU process, the conditional density function for s; given sg = s fol-
lows a normal distribution with expectation se* and variance %(62” —1). Both PhiBE
and BE have explicit forms. One can express PhiBE as

i

BVi(s) =r(s) + — S al (A - 1)sVT(s)

At Pt
Lo o2 (37)
L (@) |9/ 22kAE MeAE 1322 N,
T oA Zak [%(e 1) + (e 1)%s } AV (s);
and BE as ) )
V(s) =r(s)At + e PME [V (see)lse = 5|
i (38)
= ()84 [ T (par(s's)ds
S
where
1 1 2
par(s’,s) = NorTh <—2&2 (s — se)‘At)2> ., with 6 = %(QQW —1).

In Figure 5, we compare the exact and approximate solutions to PhiBE and BE, re-
spectively, for different values of At, 3, and k. For the approximate solution, we set the
data size m = 4, and J = 10* for Figure 5/(a), J = 10° for Figure 5/(b), and J = 100
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(a) Stochastic dynamics (36) ™ @ 2 + o 1 2 & & w4 & 2 4 0 1z 3 3
with At =1,8=0.1,k = 1. (b) Stochastic dynamics (36) (c¢) Stochastic dynamics (36)
with At = 0.1, = 0.1,k = 5. with At =0.1,8 =10,k = 1.
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Figure 5: The PhiBE solution and the BE solution, when the discrete-time transition
dynamics are given, are plotted in solid lines. The approximate PhiBE solution based on
Algorithm 2 and the approximate BE solution based on LSTD, when discrete-time data are
given, are plotted in dashed lines. Both algorithms utilize the same data points.

for Figure 5/(c). In Figure 6/(a), the errors of the exact PhiBE and BE solutions are
plotted as At — 0. In Figure 6/(b), the errors of the approximate PhiBE and BE solu-
tions based on Algorithm 2 and LSTD are plotted as the amount of data increases. We set
J = [10%,10%,10°,10%,107] and m = 4 for the data size. In Figure 6/(c), the errors of the
approximate PhiBE and BE solutions based on Algorithm 2 and LSTD are plotted as At
decreases. We set J = 10% and m = 4 for the data size.

We observe similar performance under stochastic and deterministic dynamics, as shown
in Figures 5 and 6. In Figure 6, the variance of the higher-order PhiBE is larger than
that of the first-order PhiBE because it involves more future steps. However, note that
the error is plotted on a logarithmic scale. Therefore, when the error is smaller, although
the variance appears to have the same width on the plot, it is actually much smaller. In
particular, when the amount of data exceeds 106, the variance is smaller than 10~!. Figure
6/(c) illustrates a non-monotone dependence of the error on the time discretization At when
the total data budget is fixed. For the data-driven RL algorithm and the first-order PhiBE
method, the error initially decreases as At is reduced from 1 to 0.1, reflecting a regime in
which discretization error dominates. As At is further reduced from 0.1 to 0.01, the error
increases, indicating that finite-sample error becomes dominant. The second-order PhiBE
method, which exhibits higher variance, enters the variance-dominated regime earlier: its
error already increases as At decreases from 1 to 0.1.

5.3 Stabilization Problem
In the previous section, we compared the PhiBE framework with the standard RL formula-

tion and validated our theoretical results using a synthetic example. We now examine their
performance on a real control problem.
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[—1st order PhiBE 10" —1st order PhiBE
——2nd order PhiBE ~-2nd order PhiBE

BE —BE

-3
10
103 102 107 10°
102 107" 10° 10’ 10* 10° 108

(a) Discretization error w.r.t. (b) Approximation error w.r.t (c) Approximation error w.r.t data
data collection frequency At. the amount of data. collection frequencyAt.

Figure 6: The L? error (35) of the PhiBE and BE solutions as a function of the time
discretization At is shown in (a). Plot (b) reports the L? error of the data-driven approxi-
mations as the amount of data increases, with samples collected every At = 1 unit of time.
Plot (c) shows the L? error of the data-driven approximations with a fixed budget of 4 x 10°
data points as At decreases. Solid lines denote averages over 100 independent simulations.
In all plots, we set 8 = 0.1 and k = 1.

Problem setup. We consider the continuous-time PE problem

s) = Ooe*’gt S ru(s Sop =38
Ve = | [ e ast + rulen?lso "

dS; = (—ks; + (asy — bu(sy)) dt + o dWy,
with parameters k > 0, « € R, b > 0, and o > 0. We focus on the linear feedback policy
u(s) = Ks.

Under this policy, the true value function V solves the elliptic equation
3 o
V() = LV(s) =r(s),  Lf(s) = (= s’ +(a=bK)s)f'(s)+ T f"(s).  (40)

where 7(s) = gs% + rK?2s?.

This model represents a standard stabilization problem, where the quadratic reward
balances state deviation and control effort, and the linear policy u(s) = —K's acts as a pro-
portional controller. When x = 0, the dynamics reduce to a linear system, corresponding
to the classical continuous-time LQR formulation widely used in robotics, aerospace, and
process control. In this regime, the value function admits a closed-form solution, provid-
ing a baseline against which the approximation accuracy of RL and PhiBE can be directly
evaluated. When x # 0, the cubic drift introduces strong nonlinear restoring forces, mod-
eling phenomena such as soft-spring mechanical systems or the stabilization of an inverted
pendulum near its upright position.
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5.3.1 LINEAR DYNAMICS

In the linear-dynamics setting, the true value function admits a closed-form solution,

R o?
V(s) = a1’ +az, a1 =—-——", ay= E

B =2\
where R = g+rK? and A = a— bK. Moreover, for this linear system, the Bellman equation
(BE) and PhiBE both admit exact analytical solutions. For the discrete-time BE, we have

ai, (41)

BE: V(s) = Rs®At + 7/V(s')p(s'|s)ds', R=q+rK? ~=e P2

where )
p(s'|s) ~ N(e* s, 62At), 62 = ﬁ(e%m —1).
This yields the quadratic solution for BE,
~ RAt YAt
V(s) = afs? R R_ _ Nt R_ 02 -2 R 49
(s) =ar’s” +ag, a [ a0 =72,0M (42)
Similarly, the PhiBE equation can be evaluated exactly:
. . I 1. /I 2
PhiBE : V(s) =Rs* + V/(s)/ SAtS,o(s'|s)ds/ + 5‘/”(8) / (SA:)p(s/\s)ds/
22 1 32,2 At
9 r oy 0%+ N\ s At -, ~oet—1
= A - A= ———.
Rs® + AsV'(s) + 5 V7(s), Az
This yields another quadratic solution,
. R ~92
V(s)=als® +al, of = ————, af = U—af, (43)

5—2;\—777 0 B

where n = Ait(e”m — 2 4 ).

Figure 7 compares the analytical BE and PhiBE solutions, V and ‘A/, with the true value
function V' (s) across four test cases. Throughout all experiments we set ¢ = 1, r = 0.1, and
K = 2. The four configurations are:

1
case 1 Baseline: a =b= 7= 0.5,8=1,At =0.1.

1
case 2 More frequent observations (smaller At): « =b = 70" 0.5,8=1,At = 0.01.
case 3 Quicker dynamics: a=b=1,0=1,6=1,At =0.1.
1
case 4 Less discounted (smaller 5): a = b= 7= 0.5,8=0.1,At =0.1.
(44)
From Figure 7, we observe that reducing At by one order decreases the approxima-
tion error of both formulations by approximately one order, consistent with the theoretical

convergence rates. Moreover, as the system dynamics become faster or the discount fac-
tor 5 becomes smaller, the advantage of PhiBE over BE diminishes, although PhiBE still
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mean (PhiBE) | mean (BE) | variance (PhiBE) | variance (BE)
Baseline (n = 10°) 4.76 x 1073 | 4.54 x 1072 2.7x 1076 1.02 x 107°
Smaller At (n = 10°) 9.64 x 1073 | 1.04 x 102 3.84 x 107° 4.3 x107°
Smaller At (n = 107) 291 x 1073 | 4.7x 1073 3.6 x 1076 8.1 x 1076
Quick dynamics (n = 10%) | 3.45x 1072 | 5.5 x 1072 3.87 x 1074 8.07 x 10~*
Smaller 8 (n = 10°) 7.48 x 1072 | 7.81 x 102 2.11 x 1073 2.93 x 1073
Smaller 3 (n = 107) 341 x 1072 | 4.97x 1072 1.97 x 1074 3.80 x 1074

Table 1: Comparison of the approximation error for the model-free PhiBE solver and the
LSTD method under linear dynamics.
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Figure 7: Stabilization control under linear dynamics. The error V(s) — V(s) from the
PhiBE solution (red) and V(s) — V(s) from the BE solution (green) are plotted, where
V(s), 17(5), and V(s) are given in (41), (43), and (42). Each subplot corresponds to one
scenario in (44).

performs better overall. This observation aligns with our theoretical analysis: (1) PhiBE
achieves greater improvement when the dynamics evolve more slowly, and (2) the approx-
imation error of PhiBE scales as O(1/%), whereas that of BE scales as O(1/8) when 3 is
small.

We next evaluate the data-driven algorithms. To solve the PhiBE formulation, we use
the first-order method in Algorithm 2; for the BE formulation, we apply LSTD as in (34).
We generate {s;}"_; from [—1,1] on the uniform mesh, and s; ~ N(e*2ts;, 62At) for all
1 < ¢ < n, consistent with the linear system dynamics. The mean and variance of the
approximation error, computed over 100 Monte Carlo repetitions for all four cases, are
shown in Figure 8.

Figure 8 demonstrates that the data-driven estimators concentrate around the corre-
sponding analytic solutions in Figure 7 when the sample size is sufficiently large. However,
the variability differs across scenarios. To examine this more closely, Table 1 reports the
mean and variance of the approximation error. Two observations stand out from Table 1.
First, across all test cases, PhiBE consistently attains smaller mean error and smaller vari-
ance compared with BE given the same amount of data. Second, for a fixed sample size, the
variance increases for both methods as At decreases, 8 decreases, or the dynamics become
faster.

34



PHIBE

Mean and Variance Band Mean and Variance Band

—Modet-free solver for PhIBE —Modefree solver for PhIBE
—Model-free solver for BE | —Modefree solver for BE

state state

state
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Figure 8: Stabilization control under linear dynamics. The mean and variance of the
approximation error |V (s) — V(s)| from the PhiBE algorithm (Algorithm 2) are shown in
red, and those of V(s)—V (s) from the LSTD method (34) are shown in green. Each subplot
corresponds to one scenario in (44), illustrating how the error behaves under different values
of At, 8, and the system dynamics.

5.3.2 NONLINEAR DYNAMICS

In this section, we demonstrate that our approach also applies to nonlinear dynamics. In
this setting, the true value function is no longer available in closed form, so we approximate
the ground-truth solution using a high-accuracy Galerkin method with sufficiently many
polynomial basis functions. The data collection procedure follows the linear case, except
that we generate each s) by simulating the SDE using the Euler-Maruyama scheme with
step size §; = 1073.

We consider the following four cases, setting ¢ = 1, r = 0.1, K = 2, and n = 10° for all
experiments:

case 1 Baseline: a =b=xk=0.1,0 =0.05,8=1,At =0.1;
case 2 More frequent observations (smaller At): « = b=k =0.1,0 = 0.05,5 = 1, At = 0.01;
case 3 Quicker dynamics: a =b=r=1/2,0 =1/4,5=1,At =0.1;
case 4 Less discounted (smaller 8): a=b=kx=0.1,0 =0.05,5=0.1,At =0.1.
(45)

The resulting approximation errors are shown in Figure 9. The qualitative behavior is
similar to the linear-dynamics experiments: PhiBE exhibits smaller mean error and more
stable performance across all cases.

One caveat appears in Case 3, where both methods exhibit a few significant outliers.
These outliers inflate the empirical variance, especially for LSTD, which in one run produced
an error nearly two orders of magnitude larger than the average. This behavior is sensitive

to the random sample, and a systematic analysis of such instability phenomena is left for
future work.

5.4 High-Dimensional Case

We next evaluate the algorithms on a 10-dimensional linear-quadratic PE problem:

Vis)=E [/00 e P(s] Qsy)dt|so = s

0
dSt = ASt dt+o th,
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Figure 9: Stabilization control under nonlinear dynamics. The mean and variance of the
approximation error |V (s) — V(s)| from the PhiBE algorithm (Algorithm 2) are shown in
red, and those of V(s)—V (s) from the LSTD method (34) are shown in green. Each subplot
corresponds to one scenario in (45), illustrating how the error behaves under different values
of At, 8, and the system dynamics.
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Figure 10: Stabilization control under linear dynamics with high-dimensional state space

s € R0, The mean and variance of the approximation error ||V (s) — V(s)H from the
p

PhiBE algorithm (Algorithm 2) are shown in red, and those of HV(S) - V(S)H from the
p
LSTD method (34) are shown in green.

where @ € R!*10 ig constructed to have eigenvalues (1,...,10) by generating a random
orthonormal matrix O and setting @ = O Tdiag(1,...,10) O. The drift matrix A € R10*10 g
generated analogously with eigenvalues —(1,...,10) x 0.1. The diffusion matrix ¥ € R!0*10
is a diagonal matrix with all diagonal entries equal to 0.3, and we set 8 = 1.

We use polynomial basis functions up to second order. The dataset consists of samples
(si,85), where s; ~ Unif([—1,1]'°), and s/ is obtained by simulating the SDE for one
step of size At starting from s;. Since achieving a smaller discretization error at smaller
At requires more samples, we choose n = 10°, 10%, 10% for At =1, 0.1, 0.01,
respectively.

Figure 10 reports the results for LSTD and the model-free PhiBE algorithm. The
findings closely parallel the one-dimensional case: both error curves decay approximately at
first order in At, confirming that the approach scales effectively to higher dimensions and
that the theoretical predictions remain valid in the high-dimensional setting.
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6. Proofs
6.1 Proof of Theorem 3.

Let p(s',t|s) be the probability density function of s; starting from sy = s. It satisfies the
following PDE

Orp(s',tls) =V - [u(s")p(s', 1] ) 2852851 ij(s)p(s, ]s)]. (46)

with initial data p(s’,0|s) = 6s(s). Let f(t,s) = e P*r(s). Then

o0 At(i+1)

V(s)—V(s)=E Z/At' f(t,se) — f(AtL, sa)dt|so = s]
o oty (47)

:Z%/Ati </S f(t,s)p(s t]s) — f(Ati,s’)p(Ati,s’)ds’) dt.

Since
/Sf(t, p(s' t]s) — f(Ati, s")p(Ati, s')ds'

:/sf(t’ ) (p(s',t]s) — p(s, Atils)) + (f(t,s") — f(Ati, s')p(s', Atils)ds’

= /S Ft,8")0p(s' &als)(t — Ati) + O f (€2, 8")(t — Ati)p(s', Atils)ds' (48)

where &1, & € (Ati, At(i+ 1))
= / Lusf(t,s),p(s &ls)(t — Ati)ds' — /Be_ﬂ’fzr(sl)p(sl, Atils)(t — Ati)ds'
S
< ﬁt/ﬁu sr(s)p(s', &1s )ds'—Be552/Sr(3')p(3’,Ati\s)ds’> (t — Ati),
where the second equality is due to the mean value theorem, and the third equality is

obtained by inserting the equation (46) for p(s’,t|s) and integrating by parts. Therefore,
for t € [Ati, At(i + 1)],

[ 1600 t1s) = F(athp(rt s
S

Lyl oo €72 (= Ati) + Be™ P2 |7 oo (= Ati).
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Therefore, one has

Vis)—V H
Ve -vol,.
< A L —BAL (G _ At —BAti t — Ati)dt
Z L5700 € ( i) + Be [/l oo ( i)
Afi t(i+1)
<(1Lu57] oo + BTl oo ) Z —BAti . (t — Ati)dt
1 C C 1
- —BAt: 2 _ 2 _ ¥ 2
<3 (12usrl + B 17l ZO At = = Togar = Sare o (At

where C' = 3 (|[Lu 57|10 + B |7]| o). Since
, 1 , A 1
AI?EOC <1 — e BAt At 5 > At =0

one has LAt
V(s)—=V H = At
[ve) v, = =5 +otan.
6.2 Proof of Theorem 7

Note that the true value function V and the ith-order PhiBE solution V satisfy
BV (s) =1(s) + p(s) - VV(s), BVi(s) =r(s) + fu;(s) - VVi(s).

i e with || — ]| e

Lemma 21 For functions V and 1% satisfying

BV (s) =r(s)+p(s) - VV(s), BV(s)=r(s)+ils) - VV(s),
the distance between V and V can be bounded by

- 2| = il oo V7] oo
V—VH <
H (B =1Vl o0 )?

(See Section B.1 for the proof of the above lemma.) Therefore, one has
M= il g 97l

‘ L=~ (B=Vullp=)?

Then by the following lemma, one can further bound ||g — ;|| ;-

Lemma 22 The distance between f[i;(s) defined in (12) and the true dynamics can be

bounded by . '
I72i(s) = (s)ll e < Ci|[Lhpe(s) || o AE
where L, is defined in (15), and

Z] 0|a )’]Hl

Ci= (14 1)!
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(See Section B.2 for the proof of the above lemma.) Hence, applying the above lemma to
(49) completes the proof:

At

. Ci || £ oo IV
V-V <
H L (B = 1IVall e )?

6.3 Proof of Theorem 8

At

For the linear dynamics ds; = As;dt, one has s; = e“*'sg; therefore,

_ 1 i (@ pAIAL _
At;aj (sjar — AtZa J I)s.

Let A; = ag-i)(eAjAt — I). Then the ith-order PhiBE reads

~ A

BVi(s) = r(s) + Ajs - VVi(s),

which can be equivalently written as
~ 0 n
BVi(s) = / e Plr(eits)dt.
0

Now define ¢(0) = eAte?2its, where A; = A — A, then els = ¢(0), eAts = ¢(1), which
implies

1 1
M) = r(eMs) = r(0(0) — r(o0) = [ (o) = [ V(606 0)ds
0
1
_ [ /0 <w<¢<9>>>%<9>de] Adt.

Therefore, one has

V(s) = Vi(s)| =

/Ooo e Pt <r(e‘4t3) - r(eAts)> dt‘

/0 1 < /0 OO(VT(qﬁ(e)))%(e)eﬁftdt) dOA;| < Jlu- r(u)]] foo /0 1 ( /0 - eﬂttdt) 06 |2

_Hu r( )HLOo ”A H
=3
Next we estimate ||4A;||. First note that

e A e = 3 (3 Boassor n,)

j=1 k=1
where
. ¢ A1+1(]At)z+1
_ JAJAE AjANk = 2 MY AL A
Rij=e kzok,< jant = S, for e [0.jA)
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and therefore

1 1
A (jAL)! elaliat < A (jAL)! JlAlliae

18351l < (i+1)! (i+1)!

By the definition of agi), one has

2 1 . 1 < i
Aizl;k!AkAtkl Zag-)jk +At;a§) —A+—Z DR R;j,
- =

which leads to

IRij|| < CillAl| D4AE,  with Da = el4I8¢ 4] (51)

1Al = HAZ —AH < Li}%@
=

where C; is defined in (50).

6.4 Proof of Theorem 13

We first present, in the following proposition, a property of the operator £, 5; that will be
used frequently later.

Proposition 23 For the operator L, 5, defined in (5), under Assumption 1/(a), one has

)\mm
(LusV(s),V(s)), < =220 VY2

D (05 LusV(5),05V(5)), < Copvs [VVI2;

%

(Luxnf(s),9(s)), < (IlullLoo+ V- E!m) lgll, + 5 HEIILoo Vgl ] VA,

+35 IIEHLw IViogpll, llgll, IIVfIILoo ;

(£ (5).0()), < (umuwuv Sl + 5 1Sl 1V 108l ) gl
+3 12l 1991, 1911,

where Cy vy, is defined in (53) depending on the first derivatives of i, >
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Proof Inserting the operator £, 5, and applying integration by parts gives

(LusV(5),V(s), = (u-VV,V), - %Z (05,(24;V ), 05,V')

Z‘?j

-y (moo (3v)) -3 3 (0 0.0. (57) ) - ;ZJ) (04,V)%5,0,V),
--% (0t 5v) + 5 > (0.0, (55037 = 5 [(FV) STV )
)

= <V- <—up+ %V : (Ep)> %

< <V : (—up + %V - (2,0)> ,;V2>
(52)

where the last inequality is because of the positivity of the matrix ¥(s) in Assumption 1.
If p is the stationary solution, then

<V- <—up+ %V : (Ep)> 7;V2> =

—p+iV-S+ %EVIongim < 4, then

/ (VV)TS(VV)pds

= vV,

If p satisfies )\nm

(o) 30 (oo ()

1 1
< |- 5v-z - gevions| Wl IvVI,
Lo

1 2

- )\min

)\mm )\rmn
IIVH + IVV; < IIVH + VvV .

1 1
— V.Y - =%Vl
=35 gV el P2

Substituting this into (52) completes the proof of the first inequality.
For the second part of the lemma, first note that

1
05, LyxV = Ospu- YV + 2053 V2V + L,,50s,V.
Therefore, applying the first part of the lemma gives

3 0L,V (). V(9)),

1 Amin B
sZ<<6Siu-vv,asiV>p+2<6sizzvzv,83iV>p> -~ Zuvasivuiﬁuvvui

)\mln
<1Vl IVVIE + - ||vzHLoo Vv, van - oo vy +*vau

o )\min 2 HVEHLOO Hv HL"O
=== (HVVH el A4 Do +kum+ IVVII;

Cvuvs
SL Vv,
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where )
Conys = TP g [y + 6, (53)
For the last two inequalities, one notes
(Lusti9),
=(u-Vf.g),- % (Vf-V-%,9),+(VfE,Vg), + <Vf2, V;)g> ]
p

1 pol. >
<[ (bt 509 3 Yt + = 4w, | 1951, + (975 a0 10w
p

By bounding the last term differently,

1 1
5 IV10g pll oo [l oo lgll, IV AN, 0r, S IV Iog pll, 1l oo llgll, IV Fll oo

one obtains the last two inequalities of the lemma.

|

Proof of Theorem 13 Now we are ready to prove Theorem 13.
Proof By (47), one has

V() -7

p
o0 At(i+1) 2 (54)
Sy ‘ [ a0t t1s) = 58t ol s | e,
i=0 Ati S o

where Jensen’s inequality is used. By (48), one has for ¢ € [Ati, At(i + 1)]

H/S F(t.8)p(s' ts) — f(Ati,s")p(Ati, s')ds’

p
<e P4 At) (le(&, s)ll, + B llp2(Ati, S)Hp) )

where
pi(s,t) = /ﬁu,ET(S')P(S’7t|S)d~5', pa(s,t) = /T(SI)P(S',t\S)dS'-
S S
Note that both p;(s,t) and pa(s,t) satisfy
Opi(s,t) = L, xpi(s,t), with initial data pi(0,s) = L, x7(s), p2(0,5) =7(s).

By Proposition 23, one has

1 )\min B
00 (5 In0I2) < =22 [Tp (O + 5 IOl
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which implies,
B
i ()], < e=* [lps(0)]l,,-

Therefore, one has

H/f(t, sp(s' t]s) — f(Ati, s")p(Ati, s')ds'
S

P
<ePMI(E = Ati)es M (SEOAD £, r(s)], + B (s, ) o €1 € [Ati, At +1)].

Substituting this into (54) yields

HV(s) _ f/(s)Hp

by A1) '
< (Iumr()l, + Blr(s)l,) 523"/ Are-sae / (t — Ati)2dt
=0

Ati

_ N 2oo —BAti
= (Wensr @, + B lr(s)l,) €28 = > e

:Z (12usr ()], + BlIr(s)ll,) At +o(Ad),

where the last equality comes from

oo
BAL A 42 _Ban _ 24t
e2= At e 27" = —— 4 o(At),
;O 5 (At)

which completes the proof. |

6.5 Proof of Theorem 14
First note that V and V; satisfy

LysV =BV —r, L, oVi=pV—r

By the following lemma, one can bound HV -V by the distance between u, > and fi;, 3
P

Lemma 24 For V,V satisfying

LysV =BV —r, L,V=p8V-r

under Assumption 1/(a), if ||jt — ptl| poo < Oy |2 =2 ’ <Oy, ||V (- Z)H < Cvy.y,
Lo Lo
|Viogpll, < L, . and C, + 30y </ %,C’E < )‘z”'", one has
~ 4C), + 2Cy.x 20y, 20y, 2Cxy L ~
V- VH < | e TPV <1 vV o va” .
H P [ /8 - Amm " ﬁ)‘mm H Hp " B Lee
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(See Section B.3 for the proof of the above lemma.) Then we further apply the following
lemma regarding the distance between p, > and fi;, 3.

Lemma 25 Under Assumption 1, for ji(s),$(s) defined in (18), one has

liis(s) = 1)l e < LulE, ||Silsa = (o) < Lot + o8,

and
v~ E)H; < LusnAt + o(A), (55)

where Ly, Ly, Ly.x, are constants depending on p, %, 1 defined in (76), (79), (81), respec-
tively.

(See Section B.4 for the proof of the above lemma.) Combining the above two lemmas
yields

v

3L, +2Lvy.x LgAti Ly 2Ls. L - . .
< L 1 £ Atito(At
< | (T (14 5) + v ) v+ B [5]  adotats

for

(56)

. Ami 28 Ami
At < DM,E,Bv szﬁ _ min{ min /8 min }7

2L ’ QLH + Ly.y

with L,, Ly, Ly.x, defined in (76), (79), (94). Furthermore, the following lemma provides
upper bounds for HVVHP and HVVHL , completing the proof of Theorem 14.

Lemma 26 Under Assumption 1/(a), for V(s) satisfying (16), one has

2 Cvuvs
IVV (s, < 3 ( % Irll, + HVTHp>

IVV ()l o < 3

where Cy,, vy, is a constant defined in (53) that depends on Vyu(s), VE(s).

A min

1 20 )
( me A ||W||Loo> +o(AL?)

(See Section B.5 for the proof of the above lemma.) Therefore, one has

3L, +2Ly.x Ly, Cv,uvs
< [ M,
)= [( o ) ( M IV

v

2Ls L 20v,,vs i i
+ 2 ? ( /\’f [rllpee + VTl Loe | | A"+ o(At)
Cr,u,Z énmE i i
S 2 63/2 At + O(At )7
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where

Cvuvs
Cr,,u,E = (BLM + 2LV-E) ( )\L ||er + ||VTHp

2C
+2LZLP< jmur||m+||wum>, (57)
A Ly Cyuvs
Crpm = m( ol + 19l

with Ly, Ly, Ly.x, L, CV,LL,VE defined in (76), (79), (94), (20), (53).

6.6 Proof of Theorem 16 and Galerkin Error with Unbounded ||V log p||;

The ith-order approximation Vl(s) can be decomposed into two parts:

Vi(s) = Vi"(s) + el (s) with Vi"(s) =Y dnon(s =Vi(s) = Vi"(s),
k=1

where V;7(s) can be any function in the linear space spanned by ®(s). Note that Vj(s)
satisfies

171

(6= L5, 5)Vi(s), @) = (r(s), 2(5)),

which can be decomposed into two parts:

(8= L5, s )V (), @) = (r(s),0(5), = (8- £5, ¢ )el (5), @)

p

Subtracting the above equation from the Galerkin equation (24) gives

((B= L4, 5)VE(s) = VP (3), @) = (8L, 5)el(5), @) .

P P

Let eF(s) = VG(s) — VP(s) = >k exdr(s). Then multiplying the above equation by
(e1,- - ,ep) yields

(6= L5500 e7) =((B= L 5)el )

(58)
<(6 - ‘Cﬂyz)eiG)eiG>p = <‘CM — 1,3 ZevaezG>p + <(6 - Eﬂi7ii)ef)7€?>p .

When L3° = [|[Vlog p| ;o is bounded, by applying the last inequality of Proposition 23
and Lemma 25, one has

5 2 /\min 2 2
5 eIl + = 1Velll, <ed [Velll, + eallefll, 9]l + Bllel’ll, e,

+ 3 |[Vel ||, [Vefll, +eal[Verll, llefll,
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where

L , Ly. Ls L% )
o= 2n8, o= <LH ylvs 2) Al

(Il + LeAt?), (59)

V-3 e Yl peo LY Ly. Ly L%° ,
co= (e + V- 2im  Blan B 4 (  Bem | DAY

with L,, Ly, Ly.s defined in (76), (79), (94). Under the assumption that ¢; < 2min €2 <

16 » 2 —
min{*;—gn,g}, ie.,

C3 =

min { —/\‘Zi“ , B}

At < iuss s =g L, + Ly + Ly max{L. 4] (60)
with L, Ly, Lv.x, defined in (76), (79), (94), one has
p 2 Ami 2
TNl + =g 1wl ll, <Blel Il llefll, + esl[Vel |, [I7ef],
+ea || Vel ||, [le7],
8 [ 2c3 4¢?
el <, + 5 (2 + ) pwer,
which implies that
e P ¢ P 8 (263 4k P
[ v < he e, <5 & (224 4 28 e,
Since the above inequality holds for all V;P in the linear space spanned by {®},
N 1 . .
‘VZ_VZ ‘pé Bccvi%fﬂp‘v;_v’H/}
where ses/B
Ca = maX{w, VD +664}, Iy = 1A, IV AL, - (61)
)\min ’

with ¢, ¢4 defined in (59).

Theorem 27 (Galerkin Error with unbounded ||Vlogpl||;«) The Galerkin solution
VG (s) = 07 ®(s) satisfies

(0 £,,8)76)2) = tr(s).2(),. 62)
When |V 1og p|| = is unbounded, assume that the basis vector LY = ||®| « is bounded.

Then, as long as At' < min {Nux8,Dux.p}, the Galerkin solution ViG(s) approrimates the
solution to the ith-order PhiBE defined in (17) with an error

|

5 - C
Gl _ 1 G
-], =% |

Vi-vr|

P H}
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where ﬁu72’5,é’g,Du7z’5 are constants depending on pu, %, 3, L3°, Ly defined in (65), (66),
(56) respectively, and |l _ = |fllmy + 1V fll

Proof When L7° = |[Vlog pl| .« is not bounded, applying the second-to-last inequality of
Proposition 23 and Lemma 25 to (58) gives

)\ .
eI+ 2 Ve < e [FeC 2 +es le€], Ve, + o ] [19€,

(63)
+Blel N, lef N, + es Vel |l IVl ll, + er [[Vel ||, lef ], + es Vel || o lleF ],
where . I Ior
5 = <L#+Lz.E)Ati7 cg = H |[é°<> p + 22 pAti,
(64)
6 = LELpAtz cr = (HMHLOO + ||v §HL<>°> + (L,u LZZ) Ati,
with L, Ly, Ly.x, L, defined in (76), (79), (94), (20). Since
el = |||, . < Nello Il < f €1l 19l

where ) is the smallest eigenvalue of the matrix B, where Bij = [ ¢i(s)¢i(s)p(s)ds. Note
that the matrix B is always positive definite when {¢;(s)} are linearly 1ndependent basis
functions with respect to the weighted L? norm. Let LY = [|®||;; then (63) can be
rewritten as

ﬁ 2 )\min 2 2
5 eIl + = IVelll, < eal[Velll, +eo lle?ll, [Velll, + Bllelll, el

+ 3 [Vel ||, [IVerll, + er [Velll, leFll, + es Vel || 1€,

where

Ly. LsL,LE ;

2 2v/A

. A min { )‘rzi" , ﬁ}
At < Nw,x.6,  Mu,x,8 = LI ) (65)
2Lu+va+LEmaX{ \/574}

with L, Ly, Ly.y, defined in (76), (79), (94), then one has
n

B 2 Ami 2
—Nef N+ Z2 Vel (], <B el ]|, e ||, +es|[Vel ||, [ Ve,
4 8
+er|[Vel|| lef |, +es [[Vel || o [lef]], -

1603 4807

P Tcs P
T Iveill, + 5 Vel

lef'll, < 7’1l +
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which implies that

1603 4807
B)‘mi

Tc
[Vef||, + = 5 Vel -

P
< el +

Since the above inequality holds for all V;P in the linear space spanned by {®},

o 1. .
v, —V-G‘ < -Cy inf ‘ g ,
ol T B ¢ lie
where
A 4esy/ B
Co = max {35, /P +7c7,7c8}, 1y = 1l + 19 e (66)
with ¢3, ¢7, cg defined in (59), (64). [ |

6.7 Proof of Theorem 19

Note that in the proof, we refer to the vector norm ||b|| as the Euclidean norm and the
matrix norm ||A|| as the operator norm.

We first prove that the matrix A defined in (27) is positive definite. By applying the
first and last inequalities of Proposition 23, one has, for all § € RP,

07T A0 = <BV(5) —L, 5 V(s), V(s)>p, with V = &(s) 76

=8IV}~ (LamV (), VD), = (L s, sV (), V()

>\min
2BVl + =5 IV VI

1 1 )
| (Bl + 519 sl + 5 leslo 9 10201 ) IV, VW, + 5 el 1OV
where €, = fi1 — p, €z = 3 -3 By Lemma 25, one has

1 1
leulloe + 5 IV - esllos + 5 lesllo V108 pllog S (L + LeLy® + Lye)At,  leg]lo < LeAt.

Under the assumption that At < 7, x 3 defined in (60) is small enough, one can further

bound
_ g&TGqﬁ > Pre m‘l’

p
67 A6 > §||VH§ [l
where the last inequality comes from Assumption (29) on ®.
In addition, one also has the following bound on ||b||:

Il = | [ rsre

< RLs, R=|r|p~-
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Next, one can decompose the error [|6,, — 0] as

165 — 0] = || 4, "0 — A70|| = || 4,1 (b — b) — (4,1 — A7 D)|
<145 [ o = bl + (|45 1A — ATl AT[| 18]

If one has

. [Bro (Bra)%e b
|An — All $ min{ ——, 5 ¢ lon = 0[] <
1 16RL2 SLo

then, by the positive definiteness of A and the boundedness of b, one has

SLa R
Bra B 47 A”) o=

Since we assume that € is small enough, the goal becomes determining the sample complexity
required to bound

IV = VI < 16 —e||L@<< 6 — bl +

6,8)@

2
1o — bl < PA® g, g g PRk

16RL2,

Next, we bound the first term. Let b; = r(s;)®(s;) with s; ~ p. By the boundedness
of ||7]|cc and the almost-sure boundedness of ®(s), the random vectors b; are uniformly
bounded. Applying Bernstein’s inequality for sums of bounded random vectors (Vershynin,
2018), we obtain that for n > log(1/4), with probability at least 1 — 4,

Zb—

Therefore, the sample complexity to achieve the first error in (67) is

(67)

1bn — 0l =

< 1o, JlE07D)
n

S log(l/é)L?I,R2
~ 62,32)\%

Now we bound the second term. Let w; = s, — s;. Under Assumption 1, the transition
density p(At,w | s;) admits two-sided Gaussian bounds of Aronson type (Aronson, 1967).
Specifically, there exist positive constants cy, ¢, c3, ¢4, depending only on the dimension d,
the ellipticity constants A\, A of co ", and ||b||s0, such that for all sufficiently small At,

2 2
_ _ w
c1 At d/2exp< - clg‘At) < p(At,w | s;) < eg At dﬂexp( - cLLt>
Define the norm ||-[|,,, for a scalar random variable X as
1X 1, = inf{C’ >0:E [e c ] < 2}
and for a vector or matrix X, define it as
|X1l,, = sup H TXH X, = sup HuTXU‘ .
Y lully=1 L =il i
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Then one has

Hwinﬂsi < OmaxV At.

It is well known that sub-Gaussian random variables are sub-exponential and that
[ Xy S 11X N

where the implicit constant is universal (Vershynin, 2018).
Let M;(t) := fot u' o(s;)dB,; with some ||u|| = 1, Since the quadratic variation of M;(t)
can be bounded by (Karatzas and Shreve, 2014)

(M), = / W o (s,)0(s7) Tudr < o2 t,

AM;(t) is a continuous local martingale with M;(0) = 0 and I[*E[e}><p()‘72 (M),)] < oo for any
finite ¢. By the Doléans-Dade exponential martingale theorem (Karatzas and Shreve, 1998,
Chapter 3),

)\2
Zt = exp <AMt — 2<M>t>

is a martingale, and therefore

It follows that
A2 A2
Elexp(AMa¢) | si(0) = s3] < exp(2<M>At> < exp<2afnaXAt> .
This implies (Vershynin, 2018)

M (A) [ py)s; < ComaxV AL, (68)

for a universal constant C. In addition, because the upper bound is independent of s;, the
relation between |-, and [|-[|,,, (Vershynin, 2018) implies

[Mi(At)]lg; S TmaxV AL. (69)
Let Y; = f ))dt. Then |Y;| < [|p]| At. By (69) and u'w; = M;(At) +u'Y;, one
has
|wi — Elwil|ly; < 2llwilly; S omax VAL + ||l At.
Therefore,

H— V(s V<1>(s,)”

Omax
<
-E| & o ST < \/A—+||HHL<>0>-

By (68) and the boundedness of HV2<I> H < Lg, M;"V2®(s;)M; is sub-exponential; there-
fore,

Hw;—V2<I>(S¢) i D(s;)Y;

< HMZTVQq)(Si)

+2 HMZ-TVQQ)(S?;) ¢

P1lsi P1]s; Y1lsi )

SLo (Rt + 1] e Tmax AVAL+ 1] AF)

(ED

50



PHIBE

Hence, one has

L T2 1 T2
H w; V(s E{Atwlvcﬁ()

2
SLo(0max + Omax |l oo VAL + [|p1l| 700 A).

<2l wlv2
2’Atle€D()

U1 P1

Therefore, for A; = ®(s;) (BB(s;) — L - V(s;) — gsw] V2D(s;)w;) '

A; —E[A; §L2< + Tmax s + Oax + Tmax o VAL + ooAt)
| [Aillly, S La (8 AL i axc [ 2]l Il

Finally, by applying Bernstein’s inequality (Tropp, 2012), one obtains, with probability
1-4,

40— AILS 14~ ELA, ( ) log(ip/5)>

In addition, for n > log(2p/d) sufficiently large and At sufficiently small, one can further
simplify the above inequality:

14, — Al < @Umax log(2p/5)
Therefore, the sample complexity to achieve the error in (67) is
log(zp/(s)RQLéamax
2 B2 AtNG
To summarize, with probability 1 — 9, if

2 2 2
n > max {log(2p{15§R Lfamax’ 1og(12 /52) L;p R }
I53 At)\(b €2 )\(D

one has

i), <<
p

This gives the first inequality.
On the other hand, if

>y — 1613 log(2p/9) (%)2 N Lilog(2p/0)02 g’
~ 222, B2At
then w.p. 1 — 9, one has
40— A < 222,
Therefore, for all n > ny, with probability 1 — J, one has
V= VI < (5 I =00+ 325 s = A1) Lo

logp/5 8L¢R log(2p/9d) I
m@ Ry * Bre)? Lg0max nAt ®

S <L<I>Ramax)\ \/W) ﬁz\/i
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7. Conclusion

In this paper, we introduce PhiBE, a PDE-based Bellman equation that integrates discrete-
time information into a continuous-time PDE. PhiBE outperforms the classical Bellman
equation in approximating the continuous-time PE problem, particularly in scenarios where
underlying dynamics evolve slowly. Importantly, the approximation error of PhiBE depends
on the dynamics, making it more robust against changes in reward structures. This property
allows greater flexibility in designing reward functions to effectively achieve RL objectives.
We further propose higher-order PhiBE, which yields improved approximations of the true
value function and achieves the same accuracy with sparser data, thereby improving sam-
ple efficiency. In addition, we develop a model-free algorithm for solving PhiBE under
linear function approximation and establish theoretical guarantees that sharpen classical
RL convergence results, particularly in their dependence on the discretization step size At.
This work serves as the first step toward a systematic PDE-based approach to continuous-
time reinforcement learning. We expect the PhiBE framework to extend naturally to more
general RL settings, including richer function classes and control problems beyond policy
evaluation. Another direction for future work is a systematic theoretical and empirical
comparison among direct estimation of the continuous-time SDE coefficients, transition-
model-based PhiBE, and the model-free PhiBE estimator proposed and analyzed here.
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Appendix A. Derivation of the HJB Equation Under Deterministic
Dynamics

By the definition of V'(s) in (1), one has

V(st)—/ eiﬁ(f*t)r(slg)dt,
t

which implies that
d o0 P -
—V(sy) :ﬂ/ e_ﬂ(t_t)r(s,g)dt —7r(s).
dt ¢

Using the chain rule on the LHS of the above equation yields %V(st) = %st -VV(st), and

the RHS can be written as SV (s¢) — r(s¢), resulting in a PDE for the true value function

BV (s¢) =r(s) + %st V'V (st). (70)
or equivalently,
BV (s) =r(s) + u(s) - VV (s). (71)

52



PHIBE

Appendix B. Proof of Lemmas
B.1 Proof of Lemma 21

By the Feynman-Kac theorem, V can be equivalently written as

A

x d
7= / (st with 5 = ils).

0
Hence,
R 0o 00 St
V(s) = V(s)] = / e (r(s,) —r(§t))dt‘ _ / et < / Vr(s)ds) dt‘
0 - 0 St (72)
Vel [ e s st
0
where
is— (s¢) iS’—A(é) so =358 =s (73)
dtt_'u t) dtt—#t, 0 =50 =S.

Subtracting the two equations in (73) and multiplying by (3; — s;)" gives

% % 80 = sell® =(i(30)) — pa(50)) (3¢ = 1)

= (((3¢) — p(8e) + (1(8¢) — mu(s¢))) (8¢ — st)
1t = il poo 18e = sell + [V 2e(8) || oc 136 — ¢l
1

IN

~ 12 € A 2
<ol = itllfe + (5 + 1906 ) 136 = sl for Ve >0,
where the mean value theorem is used in the first inequality. This implies

. 1 . ¢
I3 = sully < 7zl = Al /271900

Inserting the above inequality back to (72) gives

1
< =

V-7 . < G

[e.e]
Vel = il [ el gy
0

_ VAlp = hllpe V7l
2Ve(B —€/2 = [ Viu(s)l| )2

Assigning € = (8 — | Vu(s)| ) to the above inequality completes the proof.

B.2 Proof of Lemma 22

By Taylor expansion, one has

~ (jAYF [ d
siae= 2= | g
k=0 )

i At i+1 di+1
> L UAY
t=0

G+ \ de+t™

t=¢; )
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with &; € (0, jAt). Inserting it into f1;(s) gives,

~

1 <
fuls) =5y > a0l sjadso =
=0

i

1 (i)
:E,Z% [ (dtk ot

di+1
dptiot .

) (Atj)i+
3

At]
(1+1)!
1 d ( ) 41 (Atj)”l
At Z (dt’f 0> s A Z (dtz+1 ] G+
d ) At (@) 1 [ A
=\ =5t t T 24 1St ;
<dt =0 (14 1)! jz;) J dt+1 1=¢
where the last equality is due to the definition of a(¥ in (14). Since
d
—st| = p(s0) = pls),
dt "|,_,
one has
7 — At Z (@) i1 dH—l
Since 1 .
d' d' ;
st = (uls0)) = Lhn(s0),
as long as HC#M St HLOO is bounded, one has
i) — (o) < Ve 5 215 = G4t
2% 1% Lo = ('l 4 1 [, .

B.3 Proof of Lemma 24
Subtracting the second equation from the first and letting e(s) = V(s) — V (s) gives

Be = ﬁu,ze + (»Cu,E — ‘Cﬂ,i)f/'

Multiplying the above equation by e(s)p(s) and integrating it over s € S yields

Bz ’
5 el = (Cpzee), + (L s sVoe)

<= 2min 9ol 4 (Gt o ) lel [ 97+ 3o 19el, |7

1 N
este [o7] .

< (P ea) 19l + (crlel, + a9V, 19, + (VYL + s [VP] ) el
(1)
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where the first and third equations in Proposition 23 are used for the first inequality,
HVVH < [[VV], + [[Ve|, are used for the second inequality, and ¢; = C), + 3Cv.3,
P

Cco = %Cz, c3 = %CEL,). Under the assumption that ¢y < /\I?Ti“, one has

B2 Amin 4 2
el < = 2 (19l = (et el + 2 [9V1,))
+ Afmwl lell, + ez IVVI,)2 + (e IVVI, + s [97]| ) e,
<290 g2+ [ (322 1) 19l + e[ 99),]ell, + 2 oV,
Under the assumption that 201 B)\mm, one has
< [ (520 e+ 22 i o] D

which yields

el < [ (32 1) + 22 yov, + 22 97

B.4 Proof of Lemma 25
The proof of Lemma 25 relies on the following two lemmas, which we prove below.

Lemma 28 Define the operator II; acf(s) = ﬁE[Z;ﬂ ag-i)f(sjm — S0)|s0 = s] with ag-i)
defined in (14) and f(0) = 0. Then

i aef(s) = [Ln=f1(0 At‘za / ﬁ”lf(st—so)\sozs]tidt.

Lemma 29 For p(s,t) = E[f(s¢)|so = s] with s; driven by the SDE (2), under Assumption
1/(a), one has

Cyuvs

HVP(Sat)HLoo < ||f||L°° + HVf”LOO ,  with CV;A,VE defined in (53).

)\ min

For p(s,t) = E[f(s¢)(st — s0)|so = s| with s; driven by the SDE (2), under Assumption
1/(a), one has

1p(s, )| oo < Crlllpller s [Zllor s 1fllgr) Vet = 1.

19p(s, D)l <Collilla s ISl e s Ifllo2) Vel — 1.
Here, Cy(lullr » IS 1l or) and Colllllca  [Zlge . 1 fllge) are defined in (87) and (92).
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Now we are ready to prove Lemma 25. By Lemma 28, one has

fils) = 1) + o Z ([ ighntooiso = star). @

which implies that

R [79 oo () / . )
fii(s) = ()l poe < i B2 ay t'dt < L,At’,
|| (S) (S)H = ﬁtl' = ’ J | 0 —

where
| |jz+1

Ly =Ci||Ll su(s)]| o with C; = Z (3T

defined in (50). (76)

To prove the second inequality in the lemma, we first apply Lemma 28 to obtain

1 <y [T .
o dal) /0 B, (1(s0)(se — 50)T + (50— so)ie” (s0) + Zs0) ) [so = st
j=1

(77)
Note that

h(st) ==L}, 5 (M(St)(st —s0)" + (st —s0)p (s¢) + Z(St)>
— | L wi(se) (st = 0) " + (st = 50) (L] (1)

is a function that depends only on the derivatives V/¥ and V/u of order up to 2i, which
can be bounded under Assumption 1/(b). Thus applying the second inequality of Lemma
29 yields

(78)

HE e (“( £ (st = s0) T+ (st — so)u” (s0) + E(St>> |50 = S]H
<|[h(s)| e +2C1€"?,

LOO

where C7 = Cl(“#“cl ) HEHcl ’

LL,E/”LH@) is defined in (87). Hence, one has

JAL )
/0 B[, (jas0) (s — s0) T+ (50— so)u” (s0) + 2s0) ) |so = sltia

LOO
JAL '
<Sir 11| 700 (AL 4 201/ (2+t)t'dt, for jAt <3
0
1 : 1 4
= h||; s +4C1) (AT +2C jAL) T2
where e'/2 < 2+t for t < 3 is used in the first inequality. Plugging the above inequality

back to (77) implies

Si(s) — E(S)Hm < Ly Al + o(Al),
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where X
Ly = Ci(||h(s) |l g +4C1([[1llor s 12l er s ||£

with C;, h(s),Ci(p,q,g) defined in (76), (78), (87).
To prove the third inequality, one first applies V- to (77):

sl )

j AL
[y i
V-3i(s) =V -X(s Am,z V - p(s, t)tidt,

where

p(s,t) = E[h(st)]s0 = s] + E[L‘Z,Eﬂ(st)(st - 30)T + (8¢ — 30)(£L,2M(St))T’30 = s,

(79)

with A defined in (78). Therefore, by the first and third inequalities in Lemma 29, and

denoting 1 = \/CowAain 11l 1V Bl 2 = Calllllen s 18 £ )
has ,
3 LS, (7 it 1o ot/2y
(s =V - < ! 1 {
HV Si(s) =V 2(3)HLN < Ati!;‘aﬂ \(/0 et + 2c9e tdt)
1 d @ AL . - . .
_m Z |a]- | (/0 (61 + 462)157’ + QCQtH_ dt) = Ly s At + O(Atl),
j=1
where

Loy =C; [ Conrs/Main [l oo + 1V - B o

0 (lllez Il cn s [|£hnill o2)]
with C;, h(s), Cy,.vs, Ca(p, ¢, g) defined in (76), (78), (53), (92).
Proof of Lemma 28 Proof First note that

i f(s Atza“/fs—s s jtls)ds

where p(s',t|s) is defined in (46). By Taylor’s expansion, one has

(s',M]3) Zafp [ At

Inserting the above equation into (82) yields

I acf(s) = = zz: zz: al?) j* M f(s' = )0 p(s',0]s)ds’
k=0 \j=1

1

j AL
(Z ! i+1 ! i /
Amu Z (// f(s"—5)0; p(s, t]s)t dtds> )
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By the definition of ay), the first part can be simplified to

I:i l) /fs—s '.0s ds+/fs—s)8tp(s 0|s)ds
i ()
=S 10) 4 [ L )0 00 = £5(0),

After integration by parts, the second part can be written as

1 Oy A |
= 7 229 /0 E[LE f (51 — s0)ls0 = s]tidt,
2

which completes the proof. |

Proof of Lemma 29 Proof Note that p(s,t) satisfies the following forward Kolmogorov
equation (Pavliotis, 2016),

Op(s,t) = L, xp(s,t), with p(s,0) = f(s).

Multiplying the above equation by p and letting ¢ = 0s,p, under Assumption 1/(a), one
has

0(5p7) = Lux(5p7) = 50 g, (5p7) < Lus(5p7) — — = llall (83)
On the other hand, ¢; satisfies
Owq = Luxq + Lleu,leEpa with ¢(s,0) = 0s,f(s). (84)

Multiplying the above equation by ¢; and then summing over [ gives

1 1 1 1
Ot(§ lqll3) Zﬁu,z(§ lall3) — 5 ZI:(qu)TE(qu) +q"Viu-q+ Zl: 5(3312 Vo),

1 1 )\mm
(5 lall) <Lus( llall) IVall3 + 1V ul, llalls + IIVZHZ IVl [lgll,

1 IVEl| 7
<Lux(s lall3) + (HVuHLoo Ay lall3 -

Ao
min
b} C

Adding the above inequality to ¢x(83) with ¢ = % and Cy,, vy defined in (53), one
has

c c 1 9
o (597 + 5 1418) < Lun(5r? + 5 lalB)

Let g(s,t) = §p°+3 ||qll5- Then 8,9 < L, xg. Let gi(s,t) = Elcf (s:)?/2+[V f(s0)]5 /250 =
s]. Then gl(s t) satisfies Oyg1 = L, xg1, with ¢1(0,s) = g¢(0,s). Since |[gi(t,5)| 0 <
5 Hf”Loo + 5 [[Vf|l 1o by the comparison theorem, one has, for all s € S,

g(t,s) < gi(t,s) < ( 11z + 1V F 1),
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which completes the proof for the first inequality.
For the second inequality, let p(t, s) = E[f(s¢)(st—s0)|so = s]. Let p1(t,s) = E[f(s¢)st]|s0 =
s] and pa(t,s) = E[f(st)|so = s]. Then p satisfies the following PDE:

Op = O(p1 — p25) = Luxp1 — (Luxp2)s = Lusp + pp2 + XVp,  with p(0,s) = 0.

Multiplying it by p' and letting ¢ = Vp gives

1 1 >\
(5 lIpllz) = Loz (5 lIpll2) — 2 Jlqll3 + Ilup2+EszHLoo+ Ipl3, for all a > 0.

Let o = ||up2 + X V2|3, one has

1 2 1 2 )\ i G 2
o5 Ipl3) < Lus (G Ipl3) = 25 lals + 32 + 5 bl foralla>0.  (85)
Let g(t,s) = 3 [|pll5 e + e~ Then
O < L, 59, with g(0,s) = ;—22 (86)
a

Similarly, by the comparison theorem, ||g(t,s)||; < [|g(0,5)| 10 = 52,

C
It )l < Y21 = Verv/d 1< Cullullen  IBlr Il Ve~ 1

which implies

with

Cvuvs
Ci(llpllgrs 1Bl s 1fllgr) = Nl pos 1l poo + 121 oo ( — = fll e + vaHLOO) (87)

)\mln

where the first equality is obtained by selecting a = 1. One obtains the last inequality by
applying the first inequality in this lemma to ||Vpa|| ;e and [[pal e < || 00

On the other hand, letting h(t,s) = ups + XVpa, applying V to (86), and multiplying
it by ¢ gives

1 1 1 1
(5 lall3) =Lux(5 lql3) — 5 > (Vo) 'S(Va) +¢"Vi-g+ ) 502 Va)a +q-Vh,
I !

(88)

1 1 )\mm 1
(5 llall3) <L (5 llal3) - IVall3 + 1Vl llall3 + HVEH2 1V4lls llalla + 5 IVl

a 2
+ 5 lall3

v EIILoo

1
<Lus( lald) + (kum -

) g H2+7||VhHL°° t3 HQHQ

Adding the above inequality to ¢x(85) with ¢ = % and Cy,, vy defined in (53), one
has

1 2 Ly ¢ 0\, 1 2 2 T T
o0 (57 + 5 1018) < Lo (39 + 5 Wl ) 5 (1901 + el ) +a (5 1ol + 5 1)
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Let g(s, 1) = (§2° + Ellall3) e + g (el + VI3 )e ™. Then

1
5z (el +I1VAIT)-

O < L, 59, with g(s,0) = 50

By the comparison theorem, one has g(s,t) < 0, which implies

]' a
(cllullZoe + IVAIIZ) (e —1)

o2 + 5 ol < 55

gl < (Vellull oo + IVl L) Vet =1

Since one needs to bound V2ps, we estimate it first. Differentiating (84) with respect to sy
and letting ¢ = 0s, O0s,p gives

O = Lpsik + Lo, u,0,,29% + Lo, 0., 20 + Lo, 0,, 1,04,05, P

Multiplying both sides of the above equation by ¢ and summing over I, m gives

1 2
o (5 197
Va1 1
<o (319%505) + (19t + 5200 4 w5l ot

Cc3

(89)
The equation (88) gives
1 2 1 2 )\mln 2
O ) HVPHQ <Ly 9 HVPHQ - HV HQ + )‘mmCHQHQ- (90)
Now combining (83), (90), and (89) leads to
83) x Ai (; V2 +4003> +(90) x % 1 (s9)
1 2 1 4
=50 [A ( I +4063> Ipll3 + ﬁ IIVpHg + HVQPHZ] (91)
1 2
<5 | (5 IVl + dcea) ol + 522 1013 + [
By the comparison theorem, one has
2 2 2y/c3 2
HV pHQ \/;(HV “HQ""QVCO )Hf”2 \/7HVfH2+HV fHQ

By the first inequality of this lemma and the above inequality, one has
velullpe + 11Vl L. < Colllullez  [1Zlle2 s [1fll2)
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where

Colllpll ez s 115l 2 1 flle2)
=vellullpee + IV all poo [1f1l oo

+ (Il oo + IVE ) Vel fllpoe + IV Fll L) (92)

2
+ 12 e F(HVQMHQWLQW) IF112 + \/5 IV £lly + V2 £

mll’l \% m1n

which completes the proof.

B.5 Proof of Lemma 26

Based on Proposition 23, one has

TWVIE = (). Vi), < =22 9V (s)|2:

C
BIVVIE — (Vr(s), VV(s)), < — 5= [VV];.

Cvu vs

Multiplying the first inequality by and adding it to the second gives

C
5 (W V2 + ||vv<s>u§)

)\mln

1 Cvuvs B (2Cyuvs
/3( WYY |12 +kui)+(“,Hvuiﬂwvvui),

mm 2 AH‘lll’l

which implies

mm

2 C
vV, < 5 ( TEVE ir]],, + rwm) :

For the second inequality, let p(s,t) = E[r(s;)|so = s|. Then, by Lemma 29, one has

[V

/ e PtVp(s, t)dt
0

oo
i —\ < / e P |[Vp(s, 0)l| o dt
L 0

o Cyuvs
< / I 4 IV | d
0

o >\m1n

1 1 1 NIE R
<3 (= f205uws + o [FE -+ 2190 = il ol + 19712 ).

As in the estimate of HV (X - f))” in Lemma 22, one has

LOO

HV(E—&)

S LysAt' + o(AtY),
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where
Lys = G [\/m!hﬂm VA + 4 (\/muﬂum N Hw,,mﬂ |
: (o4)
with Cy, h(s), Cy,, vy defined in (76), (78), (53). Applying V to (75) gives
LS00 7 -
1900 = i)l < 5 Dl y/ IVp(s,0)]| tidt
i~ 0
with |
p(s,t) = E[L], su(st)]so = s].
By Lemma 29, one has |
19— i)l e < LoyAF
with
Cyuvs .
Ly, =C; ( ﬁ H ok S)HLoo + HVﬁ ,E/‘(S)HLoo> ) (95)
Therefore,
Y 1 2Cv,,vs Lys : 2Ly 9
VVSH B T At' + AP 7] oo + 1V7] oo | + 0(AE:
H ( B [( m1n \/i)\min )\mln ” HL H HL ( )
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