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Abstract

Reinforcement Learning (RL) is a powerful framework for sequential decision-making, enabling
agents to optimize actions through interaction with their environment. While widely studied
in computer science, statisticians have advanced RL by addressing challenges like uncertainty
quantification, sample efficiency, and interpretability. These contributions are particularly im-
pactful in healthcare, where RL complements Dynamic Treatment Regimes (DTRs), optimizing
personalized medicine by tailoring treatments to individuals based on evolving characteristics.
This paper serves as both a tutorial for statisticians new to RL and a review of its integration
with statistical methodologies. It introduces foundational RL concepts, classical algorithms, and
Q-learning variants, and highlights how statistical perspectives, especially causal inference, ad-
dress challenges in DTRs. By bridging RL and statistical perspectives, the paper highlights
opportunities to enhance decision-making in high-stakes domains like healthcare.
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1 Introduction
Reinforcement Learning (RL) has emerged as a powerful paradigm for sequential decision-
making, with applications that have transformed diverse domains. In artificial intelligence, RL
gained worldwide attention through AlphaGo, which defeated human world champions in the
ancient board game Go (Silver et al., 2016). In robotics, RL enables complex motor control
and adaptive behaviors (Kober et al., 2013), while in autonomous driving it has been applied
to train end-to-end driving policies (Kendall et al., 2019). In industry, RL supports large-scale
recommendation systems such as YouTube (Covington et al., 2016) and has been applied to
optimize real-time bidding strategies in online advertising (Cai et al., 2017). In healthcare, RL
has been applied to guide treatment strategies in intensive care (Komorowski et al., 2018) and
to develop principled approaches for Dynamic Treatment Regimes (DTRs) (Laber et al., 2014).
These successes demonstrate RL’s broad impact and underscore the importance of continued
methodological development to ensure reliability in high-stakes applications.

While RL has been extensively studied within computer science and artificial intelligence,
statisticians have played a pivotal role in advancing the field by addressing its theoretical and
methodological challenges. Statistical perspectives enhance RL by introducing rigor in uncer-
tainty quantification, improving sample efficiency, strengthening robustness, and fostering inter-
pretability in decision-making processes (Murphy, 2003; Zeng et al., 2025). For example, causal
inference methods can be integrated into RL to improve its interpretability and applicability.
This integration is especially valuable in domains like healthcare (Komorowski et al., 2018; Luck-
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ett et al., 2020; Yu et al., 2021), where RL methods can complement frameworks such as DTRs.
DTRs aim to optimize sequential decision-making in personalized medicine by tailoring treat-
ments to individuals based on their evolving characteristics and responses. Incorporating causal
inference principles into RL allows researchers to better address the complexities of personalized
and adaptive interventions in DTRs.

Several surveys and tutorials on RL already exist. Sutton and Barto (2018) provides a com-
prehensive textbook treatment from the computer science perspective; Yu et al. (2021) surveys
RL applications across healthcare domains; and Zeng et al. (2025) reviews methods at the inter-
section of causality and RL. In the statistical literature, DTRs have provided a key entry point
for introducing RL concepts in healthcare, with influential tutorials and comprehensive treat-
ments such as Murphy (2003); Chakraborty and Moodie (2013); Laber et al. (2014). However,
these works are primarily focused on healthcare applications and on DTR methodology, rather
than on RL more broadly. What remains missing is a review that both introduces RL algorithms
more broadly in a tutorial style while placing particular emphasis on their integration with sta-
tistical thinking and causal inference. This paper aims to fill that gap. Its purpose is two-fold:
first, to provide statisticians unfamiliar with RL a tutorial-style introduction to fundamental
concepts and methods; and second, to review how RL connects with statistical methodologies,
with particular attention to causal inference and applications in DTRs. In doing so, the paper
explores how statistical perspectives can address challenges in RL, such as non-Markovian dy-
namics, non-stationarity, interpretability, and data efficiency. It also discusses how RL can be
tailored to sequential decision-making in high-stakes domains such as healthcare.

The remainder of the paper is organized as follows. Section 2 introduces foundational RL
concepts including the Bellman equations. Section 3 reviews classical RL algorithms, and Sec-
tion 4 expands on Q-learning, covering its variants and contrasting computer science and statisti-
cal perspectives. Section 5 discusses the relationship between RL and DTRs. Section 6 explores
recent research on causal inference challenges in DTRs. Finally, Section 7 concludes with a
discussion of ongoing challenges and open problems.

2 Core Concepts in RL
This section introduces the core components of RL and the mathematical structure underlying its
framework. The time horizon T in RL defines the duration over which the agent evaluates rewards
and makes decisions. This horizon can be either finite or infinite, with the choice depending on
the specific problem being addressed. The key elements of RL include the agent, environment,
actions at , rewards rt , and states st (Sutton and Barto, 2018). The agent interacts with the
environment in a cyclic process: it observes the current state, takes an action, and then the
environment transitions to a new state while providing a reward to the agent. This iterative
interaction forms the basis of the RL framework. A policy is the strategy an agent uses to decide
on actions for each state in the environment. It can be thought of as a set of rules mapping states
to actions. Policies are classified into two types: a deterministic policy always takes the same
action for a given state, while a stochastic policy takes the action probabilistically according
to a fixed distribution depending on the state. For example, in a given state, a deterministic
policy may always choose action 1, while a stochastic policy might choose action 1 with 30%
probability and action 2 with 70% probability.

Two primary tasks in RL are policy evaluation and policy optimization. Policy evaluation is
the process of assessing the performance of a given policy by estimating its expected cumulative
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Figure 1: A simple Markov decision process (MDP).

reward, while policy optimization aims to find the policy that maximizes the expected cumula-
tive reward. Depending on how an agent learns and updates its policy, RL can be categorized into
on-policy and off-policy learning. On-policy learning involves evaluating and improving the same
policy that is generating the data. This is akin to a learning-by-doing approach, where the agent
refines its strategy through direct experience. While in off-policy learning, an agent can learn
from data generated by a different policy. In this case, the learning policy (the target policy) is
distinct from the data-generating policy (the behavior policy). This separation enables the agent
to learn from past experiences or data generated by other agents. It is important not to confuse
on-policy/off-policy learning with online/offline learning. Online learning refers to updating the
policy in real-time as the agent interacts with the environment. Offline learning involves learning
from a pre-collected dataset without further interaction with the environment. These two con-
cepts are orthogonal, meaning they capture different distinctions. For instance, online on-policy
algorithms (e.g., SARSA) update the policy while interacting with the environment; online off-
policy algorithms (e.g., Q-learning) learn a policy different from the one generating the data
in real-time; offline off-policy algorithms learn a policy entirely from pre-collected data; while
offline on-policy algorithms are less common because learning a policy using data generated by
the same policy without further interaction is counterintuitive and rarely practical.

RL often uses a framework called a Markov Decision Process (MDP) to model decision-
making dynamics (Puterman, 1994). An MDP is typically defined as a tuple (S, A, P, R, γ ),
where S is the set of states, A is the set of actions, P denotes the transition probabilities with
P(s ′ | s, a) defining the likelihood of moving to the next state given the current state and action,
R(s, a) represents the expected immediate reward obtained when the agent takes action a in
state s, and γ is the discount factor which is a value between 0 and 1 that determines the relative
importance of future rewards compared to immediate ones. The Markov property, central to this
model, states that the future state depends only on the current state and action, not on the
sequence of past states or actions. Another important property of MDPs is stationarity, which
assumes that the transition probabilities P and the reward function R are time-invariant. This
means that the dynamics of the environment do not change over time, simplifying the analysis
and solution of the problem. Figure 1 provides a visualization of a simple MDP. Using MDPs
in RL is a widely adopted practice. While MDPs may not be suitable for every application, a
point we discuss in Section 6, they remain a versatile and foundational framework for modeling
and solving a wide variety of sequential decision-making problems.

To solve MDPs, the Bellman equation (Bellman, 1957) is an important tool used for both
policy evaluation and policy optimization. It provides a recursive relationship for value functions
by decomposing the cumulative reward into the immediate reward and the discounted expected
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value of future rewards. This decomposition serves as the mathematical foundation for many RL
algorithms. The Bellman equation takes different forms depending on the context. To begin, we
explore the Bellman expectation equations, which are usually used for policy evaluation where
the goal is to assess the value of a given policy π . For simplicity, we assume an infinite horizon in
the derivation. The state-value function, denoted by Vπ(s), represents the expected cumulative
reward starting from state s and following policy π . Similarly, the action-value function Qπ(s, a)

represents the expected cumulative reward starting from state s, taking action a, and then
following policy π . These functions are defined as

Vπ(s) = 𝔼π

[︄ ∞∑︂
k=0

γ kRt+k+1 | St = s

]︄
, Qπ(s, a) = 𝔼π

[︄ ∞∑︂
k=0

γ kRt+k+1 | St = s, At = a

]︄
,

where 𝔼π denotes the expectation under the policy π , Rt , St , and At denote the reward, state,
and action at time t . The above definitions can be rewritten recursively as

(state-value function) Vπ(s) = 𝔼π {Rt+1 + γVπ(St+1) | St = s}
=

∑︂
a∈A

π(a | s){R(s, a) + γ
∑︂
s′∈S

P (s ′ | s, a)Vπ(s ′)}, (2.1)

(action-value function) Qπ(s, a) = 𝔼π {Rt+1 + γQπ(St+1, At+1) | St = s, At = a)} (2.2)

= R(s, a) + γ
∑︂
s′∈S

P (s ′ | s, a)
∑︂
a′∈A

π(a′ | s ′)Qπ(s ′, a′).

These are known as the Bellman expectation equations.
For policy optimization, where the goal is to find the policy that maximizes cumulative

rewards, the following Bellman optimality equations are often used to compute the optimal
value functions:

(state-value function) V∗(s) = max
a∈A

{R(s, a) + γ
∑︂
s′∈S

P (s ′ | s, a)V∗(s ′)}, (2.3)

(action-value function) Q∗(s, a) = R(s, a) + γ
∑︂
s′∈S

P (s ′ | s, a) max
a′∈A

Q∗(s ′, a′). (2.4)

Here, V∗(s) denotes the maximum cumulative reward achievable from state s by following an
optimal policy, and Q∗(s, a) denotes the maximum cumulative reward achievable from state s

by taking action a and then following an optimal policy.
The Bellman equation is a cornerstone of RL algorithms, which use it to iteratively esti-

mate value functions and guide learning. Different algorithms leverage the Bellman equation in
distinct ways. For instance, value iteration directly applies the Bellman optimality equation to
optimize the value function, without explicitly storing or evaluating a specific policy. In contrast,
policy iteration alternates between using the Bellman expectation equation to evaluate the value
function of a given policy and improving the policy based on these evaluations. Another exam-
ple is Q-learning, which relies on the Bellman optimality equation for action-value functions to
learn optimal Q-values (Watkins and Dayan, 1992). These Q-values implicitly define the optimal
policy by selecting the action with the maximum value for each state. While the details of these
algorithms differ, their shared reliance on the Bellman equation underscores its central role in
RL.
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3 Classical Algorithms in RL
3.1 Dynamic Programming
If the optimal action-value function Q∗(s, a) or state-value function V∗(s) is known, determining
the optimal policy becomes straightforward. Specifically, the optimal action for a given state s is
the one that maximizes Q∗(s, a) or

∑︁
s′ P(s ′ | s, a)V∗(s ′). When the environment is fully known,

meaning the transition probabilities P(s ′ | s, a) and rewards R(s, a) are available, these optimal
functions can be computed using Dynamic Programming (DP) methods.

DP is a powerful tool for policy optimization in RL (Sutton and Barto, 2018). It solves the
problem by leveraging the Bellman equation. Two widely used DP methods in RL are value itera-
tion and policy iteration, both of which iteratively compute optimal value functions and policies.
In value iteration, we begin by initializing the value function for all states to an arbitrary value
such as 0. Then we repeatedly update the value function for each state using the Bellman optimal-
ity equation (2.3) until convergence. Policy iteration follows a slightly more complex procedure,
alternating between two steps: policy evaluation and policy improvement. In the policy evalua-
tion step, the value function Vπ(s) for the current policy π is calculated using the Bellman expec-
tation equation (2.1). In the policy improvement step, the policy is updated by selecting actions
that greedily maximize the value function: π(s) = arg maxa{R(s, a) + γ

∑︁
s′ P(s ′ | s, a)Vπ(s ′)}.

These two steps alternate iteratively until the policy converges to the optimal one. The combi-
nation of policy evaluation and improvement exemplifies the Generalized Policy Iteration (GPI)
paradigm, which underlies many RL algorithms. In addition to policy optimization, DP can also
be used for evaluating given policies. The Bellman expectation equation (2.1), rather than the
Bellman optimality equation (2.3), is used iteratively to estimate Vπ(s) until convergence. If
the initial state distribution d0(s) is known, the overall value of the policy can be computed as∑︁

s d0(s)Vπ(s).
While DP algorithms have a solid mathematical foundation and are well-understood, their

practicality diminishes in large or complex environments due to two main challenges: the curse
of dimensionality and the model-based requirement. As the state and action spaces grow, the
computational and memory requirements increase exponentially, making it infeasible to com-
pute and store value functions for all states. Moreover, DP methods assume that the transition
probabilities and rewards are fully known, which is often not the case in real-world RL problems.
For these reasons, while DP is a crucial component of the RL toolkit, it is generally more ap-
plicable to problems with small, structured environments and serves as a theoretical foundation
for developing more scalable algorithms (Bertsekas, 2017).

3.2 Monte Carlo Methods
Monte Carlo (MC) methods differ fundamentally from DP methods in that they do not require
a model of the environment’s dynamics, such as transition probabilities or reward functions.
Instead, they are fully model-free and learn value functions directly from sampled experience.
MC methods estimate values by averaging returns observed in complete episodes of interaction.
An episode consists of a sequence of states, actions, and rewards, starting from an initial state
and ending in a terminal state. MC methods require complete episodes before making updates,
as the total return is only known at the end of the episode.

The core idea is to approximate the value of a state or state–action pair by the empirical
mean of the returns following that state or action. Two common variants of MC methods are
First-Visit MC and Every-Visit MC. First-Visit MC considers only the first time a state is
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visited in each episode when computing the average return, while Every-Visit MC averages the
returns observed after every occurrence of a state within an episode. Both approaches converge
to the true expected return as the number of episodes approaches infinity, due to the law of
large numbers.

The update rules for MC methods are straightforward and apply to both state-value and
action-value functions. For a state st or a state-action pair (st , at ), the update rules are

V (st ) ← V (st ) + α(G − V (st )), (3.1)
Q(st , at ) ← Q(st , at ) + α(G − Q(st , at )),

where G is the total return from time t onward, and α is the step-size parameter. These formulas
can be interpreted as incremental updates to the value estimates, where G is weighted against the
current estimate. The right-hand side is effectively a weighted average of the current value and
the observed return. Sometimes, the value function V (st ) is explicitly written as the average of n

returns. This is equivalent to the above update rule when α = 1/n at the n-th visit. However, the
advantage of the incremental update rule is that it does not require storing all returns, allowing
the agent to update values along the way.

While MC methods are particularly effective at policy evaluation based on either state-
value or action-value functions, they can also be extended for policy optimization. However,
state-value-based MC policy optimization is less common because improving a policy with state
values requires selecting the action that maximizes

∑︁
s′ P(s ′ | s, a)V∗(s ′), which in turn requires

knowledge of the transition probabilities P(s ′ | s, a). Such model information is typically un-
available in model-free settings. Consequently, action-value functions are generally preferred for
MC-based policy optimization. A well-known example of an on-policy MC control algorithm is
On-Policy First-Visit MC Control with ϵ-Greedy Exploration. In this approach, the agent follows
an ϵ-greedy policy, which balances exploration and exploitation by selecting suboptimal actions
with a small probability ϵ while predominantly choosing actions that maximize the estimated
value. Over time, as the action-value estimates improve, the ϵ-greedy policy converges to the
optimal policy. Another important method is Off-Policy MC Control with Weighted Importance
Sampling, which allows the agent to learn an optimal target policy while following a different
behavior policy to generate episodes. This is particularly advantageous when reusing data col-
lected under a policy different from the one being optimized. Importance sampling weights are
used to adjust for the discrepancy between the behavior policy and the target policy, ensuring
unbiased estimates of the target policy’s value. Off-policy MC Control can be implemented in
both online and offline settings, making it versatile for various applications.

3.3 Temporal Difference Learning

Temporal Difference (TD) learning is a powerful approach to RL that combines the strengths of
MC methods and DP. Unlike MC methods, which require complete episodes to update values,
or DP, which requires a model of the environment, TD updates value estimates incrementally
based on partial observations and does not require a model. Some popular TD algorithms include
TD(0), SARSA, and Q-learning, each with distinct characteristics and applications.

TD(0), also known as one-step TD, is the simplest form of TD learning and is used for
evaluating the value function of a given policy. It updates the value of the current state V (st )

incrementally, using the immediate reward rt+1 and the current estimate of the value of the next
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state V (st+1). The update rule is given by

V (st ) ← V (st ) + αδt , (3.2)

where δt = rt+1 + γV (st+1) − V (st ) is the TD error. The TD error quantifies the difference
between the current estimate of V (st ) and an improved estimate based on the observed reward
and the next state. This error serves as a learning signal, guiding updates to reduce the mismatch
between expectations and observed outcomes.

One of TD(0)’s key advantages is its efficiency. By comparing (3.1) and (3.2) we observe
that, unlike MC methods, which rely on the complete return Gt over an episode, TD(0) only
requires rt+1 and the estimate V (st+1). This use of a one-step return reduces variance compared
to MC methods, as it avoids estimating long-term returns from limited samples. However, the
trade-off is the introduction of bias, as V (st+1) is itself an estimate rather than the actual
return. Despite this, TD(0) is guaranteed to converge to the true value function under standard
assumptions, such as a fixed policy and appropriately chosen learning rates (Tsitsiklis and Van
Roy, 1997). Once convergence is achieved, the bias is eliminated, making TD(0) a stable and
practical method for many applications.

SARSA is an on-policy TD learning algorithm that estimates the action-value function
Q(s, a) for the policy currently being followed. When combined with an ϵ-greedy improvement
rule, it can be used for policy optimization. Its name reflects the sequence of elements involved
in its update rule: State, Action, Reward, next State, next Action. Unlike TD(0), which focuses
on state-value functions V (s), SARSA learns action-value functions Q(s, a), which satisfies the
Bellman expectation equation (2.2). The update rule for SARSA is

Q(St , At) ← Q(St , At) + α[Rt+1 + γQ(St+1, At+1) − Q(St , At)].
As an on-policy method, SARSA updates its action-value estimates using data generated by the
same (potentially exploratory) policy that it evaluates, such as an ϵ-greedy policy.

Q-learning is one of the most widely used RL algorithms and is a fundamental off-policy TD
learning algorithm. It learns the optimal action-value function Q∗(s, a) satisfying the Bellman
optimality equation (2.4). Unlike SARSA, which updates based on the action taken under the
current policy, Q-learning evaluates the action-value function using the maximum Q-value of
the next state, independent of the behavior policy. Its update rule is

Q(St , At) ← Q(St , At) + α[Rt+1 + γ max
a

Q(St+1, a) − Q(St , At)].

The use of the max operator enables Q-learning to learn an optimal policy regardless of the
behavior policy used to generate data, making it an off-policy method. However, this also in-
troduces a potential issue known as maximization bias. Since the algorithm always selects the
action with the highest estimated Q-value, even random noise in the Q-value estimates can result
in inflated values, leading the agent to overestimate the value of certain actions. This bias can
hinder exploration and cause suboptimal behavior. To address this, extensions such as Double
Q-learning (van Hasselt, 2010), which will be discussed in the next section, have been developed
to mitigate the effects of maximization bias. An example Q-learning algorithm is provided in
Algorithm 1.

For intuition, it is helpful to contrast these approaches with familiar perspectives in statis-
tics. DP resembles a purely mathematical exercise: with full knowledge of the transition proba-
bilities and rewards, value functions can be solved exactly. MC methods are closer to statistical
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Algorithm 1 Q-learning algorithm with ϵ-greedy exploration policy.
1: Initialize Q-table Q(s, a) arbitrarily for all state-action pairs
2: Set learning rate α ∈ (0, 1], discount factor γ ∈ [0, 1], and exploration probability ϵ ∈ [0, 1]
3: for each episode do
4: Initialize the starting state s

5: repeat
6: With probability ϵ, select a random action a (exploration), otherwise select a =

arg maxa Q(s, a) (exploitation)
7: Take action a, observe reward r and the next state s ′
8: Update Q-value: Q(s, a) ← Q(s, a) + α

[︁
r + γ maxa′ Q(s ′, a′) − Q(s, a)

]︁
9: Set s ← s ′

10: until s is terminal
11: end for

practice, where one draws conclusions from data points, such as episodes of experience, rather
than from known probabilities. TD methods fall in between and are naturally suited to online
learning: they update estimates sequentially as data arrive, combining observed outcomes with
current predictions. In this view, DP relies entirely on a known model of the environment, MC
estimates values directly from observed episodes, and TD provides an incremental, online way
of updating estimates as new data arrive.

3.4 Policy-Based Methods

The algorithms discussed so far—DP, MC, and TD learning—are all value-based methods. They
rely on estimating value functions such as V (s) or Q(s, a). A complementary family of methods,
known as policy-based algorithms, instead optimize the policy parameters directly. These ap-
proaches are particularly useful when the action space is continuous or when stochastic policies
are required to ensure sufficient exploration.

Let πθ(a|s) denote a differentiable policy parameterized by θ , and define the expected dis-
counted return under this policy as J (θ) = 𝔼πθ

[︁∑︁∞
t=0 γ tRt+1

]︁
. The goal of policy-based methods

is to find the parameter θ that maximizes J (θ). The policy-gradient theorem (Sutton et al.,
1999) provides the foundation:

∇θJ (θ) = 𝔼πθ

[︁∇θ log πθ(At |St) Qπθ
(St , At)

]︁
. (3.3)

This expression implies that we can perform stochastic gradient ascent on J (θ) using samples
from trajectories generated by the current policy.

A straightforward algorithm based on the policy-gradient theorem is the REINFORCE
method (Williams, 1992). The central idea is to replace the action-value function Qπθ

(St , At) in
(3.3) with the empirical return from time t onward, Gt = ∑︁∞

k=0 γ kRt+k+1, yielding an unbiased
Monte Carlo estimate of the gradient, ∇θJ (θ) ≈ 𝔼

[︁∇θ log πθ(At |St) Gt

]︁
. Accordingly, stochastic

gradient ascent on J (θ) updates the policy parameters via θt+1 = θt + α ∇θ log πθt
(At |St) Gt ,

where α > 0 is the learning rate. This update increases the probability of actions that lead to
higher-than-average returns, thereby improving the expected performance of the policy.

Although the REINFORCE gradient estimator is unbiased, it can exhibit high variance,
particularly in long-horizon problems where the returns Gt fluctuate substantially. A common
strategy to reduce variance is to subtract a baseline b(St ) that depends on the current state
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but not on the action. Because 𝔼πθ

[︁∇θ log πθ(At |St) b(St ) | St

]︁ = 0, introducing such a baseline
does not change the expected value of the gradient but can substantially reduce its variance
(Williams, 1992; Greensmith et al., 2004). The resulting update rule is

θt+1 = θt + α ∇θ log πθt
(At |St)

(︁
Gt − b(St )

)︁
. (3.4)

A particularly effective choice is the state-value function b(St ) = Vπθ
(St ), which yields the

minimum-variance unbiased estimator in a least-squares sense (Greensmith et al., 2004). Substi-
tuting this choice into (3.4) gives the advantage-weighted update θt+1 = θt + α ∇θ log πθt

(At |St)

Aπθ
(St , At), where the advantage function Aπθ

(St , At) = Qπθ
(St , At) − Vπθ

(St ) ≈ Gt − Vπθ
(St )

measures how much better the chosen action performs relative to the expected return under
the policy at state St . This advantage formulation naturally motivates the family of actor–critic
methods, which further improve stability and sample efficiency by estimating the advantage
through TD learning rather than Monte Carlo returns.

In actor–critic algorithms (Barto et al., 1983; Konda and Tsitsiklis, 2000), the critic learns
a value function Vw(s) or Qw(s, a) parameterized by w, providing a low-variance estimate of the
advantage, while the actor updates the policy parameters θ in the direction suggested by this
estimate. A typical actor–critic update takes the form

δt = Rt+1 + γVw(St+1) − Vw(St),

w ← w + β δt∇wVw(St),

θ ← θ + α ∇θ log πθ(At |St) δt ,

where δt is the TD error serving as an online estimate of the advantage of the chosen action.
This architecture unites the strengths of both paradigms: the critic stabilizes learning by sup-
plying low-variance feedback through value estimation, while the actor learns a flexible, possibly
stochastic or continuous policy guided by these signals.

4 From Q-Learning to Broader Perspectives
Q-learning is one of the most influential algorithms in RL and has inspired major developments
across both computer science and statistics. In computer science, it has served as the foundation
for algorithmic advances in RL, where methods such as Double Q-learning, Deep Q-Networks,
and Fitted Q-Iteration address issues of overestimation, scalability, and data efficiency. In statis-
tics, Q-learning has been reinterpreted as a regression-based framework for estimating DTRs,
emphasizing estimation accuracy, causal interpretability, and finite-sample efficiency. This sec-
tion reviews these two lines of development in turn, highlighting how the same core idea has
evolved differently across fields.

4.1 More on Q-Learning

Within the computer science tradition, Q-learning has been the foundation for numerous exten-
sions designed to improve stability and performance. The classical tabular algorithm performs
well in small state–action spaces but suffers from maximization bias and the curse of dimension-
ality. To address these issues, researchers introduced methods such as Double Q-learning, which
mitigates overestimation; Deep Q-Networks (DQN), which use neural networks to approximate
Q-functions in high-dimensional settings; and Fitted Q-Iteration (FQI), which adapts Q-learning
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to offline settings. Further refinements, including Double DQN and Dueling Q-learning, extend
these ideas to modern deep reinforcement learning.

One known limitation of standard Q-learning is maximization bias, which arises from over-
estimating action values due to the use of the max operator. Double Q-Learning addresses this
issue by maintaining two separate Q-functions, QA(s, a) and QB(s, a), which are updated in-
dependently. These two functions alternate roles during action selection and evaluation. For
instance, if QA is being updated, the update rule is

QA(St , At) ← QA(St , At) + α

[︃
Rt+1 + γQB(St+1, arg max

a′ QA(St+1, a
′)) − QA(St , At)

]︃
.

Here, QA is used to select the best action in the next state, while QB is used to evaluate the
Q-value of that action. The roles of QA and QB are alternated randomly at each step. This
decoupling reduces overestimation and leads to more stable learning.

For environments with large or continuous state spaces, directly storing and updating action-
value estimates for all state-action pairs becomes impractical. DQN addresses this limitation by
using deep neural networks to approximate the Q-function (Mnih et al., 2015). The network
takes a state as input and outputs the estimated Q-values for all possible actions. The learning
process in DQN minimizes the TD error using the following loss function

L(θ) = 𝔼s,a,r,s′

[︄{︃
r + γ max

a′ Q(s ′, a′; θ−) − Q(s, a; θ)

}︃2
]︄

,

where r is the reward for taking action a in state s, θ are the weights of the network, and θ−
are the weights of a target network. The target network is a separate network which is updated
less frequently to reduce oscillations and instability in training.

DQN also introduces experience replay to improve learning stability and efficiency. Experi-
ences, represented as tuples (s, a, r, s ′), are stored in a replay memory. Here s is what the agent
observed, a is the action it took, r is the received reward, and s ′ is the next state it ended
up. During training, mini-batches of experiences are randomly sampled from the memory to
break correlations between consecutive experiences. This technique not only stabilizes learning
but also increases data efficiency by reusing past experiences. However, because DQN updates
targets using its own estimates, and learns from previously collected data, it can still exhibit
instability when combined with function approximation—an interaction often referred to as the
deadly triad (van Hasselt et al., 2018).

Despite its advantages, DQN inherits maximization bias from standard Q-learning. Double
Deep Q-Network (DDQN) mitigates this issue by applying the principles of Double Q-Learning
(van Hasselt et al., 2016). Another notable extension is Dueling Q-learning (Wang et al., 2016),
which decomposes the Q-value into the state value V (s) and the advantage A(s, a): Q(s, a) =
V (s)+A(s, a). The dueling architecture is implemented using two separate streams in the neural
network: one for V (s) and another for A(s, a). These streams are then combined to produce the
final Q-values. This structure emphasizes the relative importance of the state value when the
choice of actions matters less, such as in stable or slow-changing environments.

While DQN is primarily an online algorithm where the agent interacts with the environment
and updates the policy during training, its use of experience replay incorporates an offline aspect.
By combining online interaction with offline experience replay, DQN improves both efficiency
and stability. A purely offline counterpart is FQI (Ernst et al., 2005), an offline, off-policy
algorithm that treats Q-learning as a supervised regression problem. Instead of directly updating
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Q-values, FQI iteratively fits a function approximator, such as a neural network or decision tree,
to minimize the temporal difference error. At each iteration, the algorithm solves

Q̂(s, a) ← arg min
f

𝔼

[︄(︃
Rt+1 + γ max

a′ Q(st+1, a
′) − f (s, a)

)︃2
]︄

,

where f is the chosen function approximator. This iterative fitting process allows FQI to gen-
eralize over high-dimensional or continuous state spaces, making it particularly effective for
large-scale offline learning problems.

4.2 Comparison of Computer Science and Statistical RL Approaches

The extensions of Q-learning discussed in Section 4.1, such as Double Q-learning, DQN, and FQI,
illustrate how the computer science community has advanced RL by addressing bias, stability,
and scalability (van Hasselt et al., 2016; Mnih et al., 2015; Ernst et al., 2005). More broadly, RL
has evolved along two distinct but complementary trajectories in computer science and statistics.

In computer science, the emphasis has been on achieving high performance in large-scale,
high-dimensional environments such as robotics, games, and language models (Sutton and Barto,
2018; Arulkumaran et al., 2017). Methods range from classical Q-learning to modern deep RL,
relying heavily on neural networks, large-scale optimization, and stabilization techniques such
as experience replay or target networks. Success is measured primarily through empirical bench-
marks, with less attention to uncertainty quantification or interpretability.

In contrast, the statistical tradition has developed RL tools for settings where data are
limited, observational, or sequentially dependent, as in biomedical and social sciences (Murphy,
2003; Chakraborty and Moodie, 2013; Laber et al., 2014). Here, RL is framed not only as
an optimization problem but also as an inferential framework. Approaches such as regression-
based Q-learning, A-learning, inverse probability weighting, and doubly robust estimators are
grounded in causal inference and semiparametric efficiency theory, emphasizing bias correction,
uncertainty quantification, and interpretability.

These perspectives address complementary challenges. Computer science contributes scal-
able algorithms for complex state and action spaces, while statistics provides inferential guar-
antees and scientifically interpretable decision rules under observational designs (Ertefaie and
Strawderman, 2018; Luckett et al., 2020). Integrating these strengths is crucial for applications
such as DTRs, which demand methods that both handle complex longitudinal data and yield
reliable causal conclusions. The next section develops this statistical perspective in greater detail.

5 RL and DTRs
DTRs provide a framework for sequential decision-making, where treatment decisions are made
at each stage based on an individual’s evolving characteristics and responses. Widely applied
in healthcare and personalized medicine, DTRs aim to optimize long-term outcomes by iden-
tifying the best policy that maximizes cumulative rewards such as improved clinical outcomes
(Chakraborty and Moodie, 2013; Laber et al., 2014).

Both DTRs and RL address sequential decision-making problems, making RL a natural
choice for learning DTRs. However, there are notable differences between the two. While RL
often assumes the agent can interact with the environment to generate data and adapt policies
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online, DTR typically relies on fixed datasets collected from clinical trials or observational stud-
ies. Additionally, DTR problems often involve finite decision points, reflecting the constraints
of healthcare interventions, whereas RL can handle infinite horizons. Nevertheless, emerging
applications such as wearable devices and mobile health technologies generate continuous data
streams with many or even ongoing decision points, motivating growing interest in both infinite-
horizon formulations and online learning approaches (Ertefaie and Strawderman, 2018; Zhou
et al., 2024; Luckett et al., 2020).

In offline settings, Murphy (2005) discusses a version of batch Q-learning in a non-stationary,
non-Markovian environment with a finite horizon. This is a regression-based, dynamic program-
ming approach that iterates backward through the stages of decision-making. Starting from the
terminal stage, where rewards are directly observed, the algorithm estimates Q-values for earlier
stages using regression models to approximate the expected cumulative reward conditioned on
the state and action at each stage. This stage-wise approach aligns with the sequential nature
of DTRs, making it particularly effective for applications that require modeling non-Markovian
and non-stationary processes, which often arise in healthcare settings.

A parallel approach in the same setting is A-learning (Murphy, 2003; Schulte et al., 2015).
Unlike Q-learning, which estimates the Q-value function Q(s, a), A-learning focuses on the ad-
vantage function, defined as A(s, a) = Q(s, a) − V (s). The advantage function quantifies how
much better taking a specific action a in state s is compared to the average policy in that state. In
DTR contexts, the advantage function is particularly useful when the goal is to identify the best
treatment among several options, where knowing the relative superiority of treatments is more
actionable than estimating their exact expected outcomes. Murphy (2003) conceptualized the
advantage function as a regret function, measuring how suboptimal a specific action is compared
to the best possible action.

In addition to action-focused methods like Q-learning and A-learning, directly estimating
the values of all candidate policies is another important approach in DTRs. Once all candidate
policies are evaluated, finding the optimal one is straightforward. In DTR applications, where
datasets are often observational and offline, methods such as Inverse Probability Weighting,
Augmented Inverse Probability Weighting, and Marginal Structural Models are commonly em-
ployed to estimate the value of policies (Zhao et al., 2015; Zhang et al., 2013; Robins et al.,
2000). These approaches are closely related to off-policy evaluation (OPE) in RL; see Uehara
et al. (2022) for a comprehensive review.

While RL methods can be adapted for learning DTRs, applying them effectively requires
addressing certain challenges. One primary issue is the reliance of RL on the Markov Decision
Process framework, which assumes both the Markov property, where future states depend only
on the current state and action, and stationarity, meaning transition probabilities and rewards
remain constant over time. In real-world healthcare applications, these assumptions often fail to
hold. Patient outcomes, for example, may depend on their full treatment history, violating the
Markov property. Similarly, changes in medical practices or patient populations can introduce
non-stationarity. These challenges necessitate the development of RL methods that relax these
assumptions, enabling their application to DTRs.

6 Addressing Causal Inference Challenges in DTRs
At their core, DTRs aim to uncover causal relationships, not just correlations, between treat-
ments and outcomes. The focus is on understanding the causal impact of a sequence of decisions
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to guide adaptive, personalized treatment strategies. For example, in managing diabetes, the
goal is not merely to observe that patients receiving a particular medication tend to have lower
blood sugar levels but to determine whether the medication itself causes the improvement, as
opposed to other factors that might be correlated with both medication use and blood sugar
levels. This intrinsic relationship allows researchers to look at DTRs from a causal perspective,
and use frameworks in causal inference to analyze them. Murphy (2003) has a discussion on
using the potential outcomes framework to connect Robins’ g-formula (Robins, 1986) to DTRs.

This close relationship between DTRs and causal inference introduces a variety of challenges,
ranging from confounding to time-varying treatment effects to interference. These challenges are
not just theoretical; they have practical implications for designing, analyzing, and implementing
DTRs. To address them, researchers have adapted tools and methods from causal inference, as
well as RL algorithms, to meet the demands of real-world applications like healthcare.

6.1 Time-Varying Treatment and Non-Markovian/Non-stationary Dynamics

In healthcare applications, patient outcomes often depend on the entire history of treatments
and covariates, not just the most recent state and action. This violates the Markov property,
creating a setting where treatments interact over time to affect outcomes. Additionally, the
relationships between treatments, covariates, and outcomes can evolve over time due to changes
in disease progression, medical guidelines, or patient populations, introducing non-stationarity.
These dynamics complicate the modeling of sequential decision-making, as assumptions of static
or memoryless processes no longer hold.

The longitudinal g-formula from causal inference provides a principled framework for ad-
dressing these challenges (Robins, 1986; Hernán and Robins, 2024). It generalizes the standard
g-formula by iteratively modeling the joint distribution of covariates, treatments, and outcomes
over time. Interestingly, the backward recursion used in the g-formula for estimating the counter-
factual mean outcome under a treatment regime is mathematically equivalent to the backward
iteration formula in dynamic programming used in Q-learning for DTRs (Murphy, 2003). This
connection highlights the shared foundation between causal inference and RL approaches to
DTRs. Another causal inference approach, Marginal Structural Models, addresses time-varying
confounding by appropriately weighting observations to simulate a randomized-like treatment
assignment over time (Robins et al., 2000). This reweighting adjusts for the evolving relationship
between covariates and treatments, ensuring unbiased estimation of causal effects in DTRs.

From an RL perspective, non-Markovianity can be handled via state augmentation, while
non-stationarity can be addressed via time indexing or adaptive methods. State augmentation
involves expanding the state space to include a finite history of observations, actions, and rewards
so that the process becomes Markov in the augmented state. One can then restrict attention
to Markov policies without loss of optimality (Puterman, 1994; Bertsekas, 2017). Whether the
augmentation is sufficient can be assessed with formal tests of the Markov property developed for
sequential decision making (Shi et al., 2020). Once a Markovian representation is obtained, state
abstraction compresses the augmented state to a lower-dimensional representation that preserves
decision-relevant information, reducing variance and computational burden while maintaining
correctness for control and evaluation (Li et al., 2006; Allen et al., 2021).

To handle non-stationarity, one option is to augment the state with an explicit time index
so the dynamics become conditionally time-homogeneous on the augmented state. A comple-
mentary option is to use adaptive mechanisms that track or localize changes, applying tests of
time-homogeneity, detecting change points, and then fitting policies segment-wise or updating
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time-varying parameters (Padakandla et al., 2020; Li et al., 2025). By either embedding time
or adapting to detected shifts, these approaches enable robust policy learning under changing
dynamics.

While these tools are powerful, they entail trade-offs. State augmentation increases dimen-
sionality and data demands; state abstraction can introduce bias if decision-relevant information
is removed; and time indexing or adaptive methods may overfit or mis-specify regime changes
without safeguards. In practice, careful testing, regularization, and validation, together with ex-
plicit causal targets and assumptions, help balance these risks and enable robust policy learning
in DTRs.

6.2 Unmeasured Confounding

Unmeasured confounding presents a significant challenge in both causal inference and DTRs. It
arises when unobserved variables influence both treatments and outcomes, leading to biased esti-
mates of causal effects and invalid conclusions. In DTRs, which often rely on observational data,
the presence of unmeasured confounders can compromise the validity of estimated treatment
effects, potentially resulting in suboptimal or harmful treatment strategies. Rigorous methods
to mitigate unmeasured confounding are essential to ensure the validity and reliability of DTR
analyses.

Instrumental variable (IV) methods offer one approach to addressing unmeasured confound-
ing. IVs are variables associated with the treatment but influence the outcome only indirectly
through the treatment (Angrist et al., 1996). In dynamic settings, extensions of IV methods have
been developed to account for the sequential nature of decision-making in DTRs. For instance,
Chen and Zhang (2023) estimate properly defined “optimal” DTRs using a time-varying IV to
address unmeasured confounding, even when potential outcome distributions are only partially
identified. Complementarily, Xu et al. (2023) develop an IV-based framework for off-policy eval-
uation with confounded observational trajectories, establishing identification of a target policy’s
value in infinite-horizon settings and proposing consistent estimators under suitable sequential
IV conditions.

Another recent advancement in addressing unmeasured confounding is proximal causal in-
ference (Miao et al., 2018). This framework introduces two types of proxies for the unmeasured
confounder: a negative control outcome and a negative control treatment. These proxies help
identify causal effects even when unmeasured confounding is present. Proximal causal inference
has been adapted for use in DTRs under the framework of a Partially Observable Markov Deci-
sion Process (POMDP). In a POMDP, the true state is not directly observed, but proxies about
the state can be used to inform decision-making. Tennenholtz et al. (2020) applied this approach
to offline policy evaluation, leveraging past and future observations as proxies for unobserved
confounders. Building on this work, Bennett and Kallus (2024) extended the framework to han-
dle continuous state spaces, enabling its application to complex and evolving environments.

While IV and proximal causal inference methods have seen significant development, other
approaches, such as Difference-in-Differences (Diff-in-Diff) and Synthetic Control, have been
less explored in the context of DTRs (Shahn et al., 2025; Agarwal et al., 2025). Diff-in-Diff
relies on comparing treated and untreated groups over time to estimate causal effects, while
Synthetic Control constructs a weighted combination of untreated observations to serve as a
counterfactual for the treated group. Although these methods have been primarily applied in
static settings, adapting them to dynamic treatment frameworks could provide new avenues for
addressing unmeasured confounding in DTRs.
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6.3 Other Issues

Beyond confounding, several other causal inference challenges also exist in DTRs. One such chal-
lenge is interference, which occurs when the treatment of one individual affects the outcomes
of another, thereby violating the Stable Unit Treatment Value Assumption (SUTVA). For in-
stance, in healthcare settings, the allocation of treatments within a community can influence not
only the treated individuals but also those around them. Sherman et al. (2020) explore methods
for identifying DTRs under interference conditions, offering frameworks that account for these
dependencies and ensuring that sequential decision-making accounts for spillover effects.

Other challenges include missing data and measurement error, which are common in longi-
tudinal studies and observational datasets. Incomplete observations or inaccuracies in recorded
covariates can bias the estimation of causal effects and undermine the reliability of policy eval-
uations. Techniques such as multiple imputation and sensitivity analysis have been adapted to
mitigate these issues in the DTR context (Lyu et al., 2023; Spicker and Wallace, 2020). These
methods enable researchers to account for uncertainty in missing or erroneous data, improving
the robustness of DTR estimates.

7 Challenges and Open Problems
The integration of RL with DTRs holds great promise for advancing personalized medicine.
However, realizing this potential requires addressing several significant challenges. For example,
Luo et al. (2024) critically examine the application of offline RL algorithms to DTRs, highlighting
issues such as inconsistent and potentially inconclusive evaluation metrics. Below, we explore
two critical issues, interpretability and sample complexity, and outline ongoing efforts and open
problems in these areas.

In high-stakes domains like healthcare, interpretability is essential for fostering trust in RL-
based DTR systems. Medical professionals and patients need to understand the rationale behind
treatment recommendations to ensure informed decision-making. Without such transparency, RL
systems risk being viewed as “black boxes”, limiting their adoption and raising ethical concerns.
This challenge is a major reason why methods from causal inference have played an essential
role in DTRs. In addition to leveraging causal inference, there is a growing need to design RL
methods that are inherently interpretable to inspire confidence in their application to DTRs.

Several strategies have been proposed to enhance interpretability in RL for DTRs. These
include using tree-based or rule-based methods that express regimes as simple if–then decision
structures readily understandable in clinical contexts (Silva et al., 2020; Zhang et al., 2018),
rather than relying on complex neural networks. Attention mechanisms (Choi et al., 2016) can
also be employed to highlight the most relevant parts of the input data when making decisions.
Local explanation techniques, such as Shapley values or feature attribution methods (Gupta
et al., 2020), provide insights into individual predictions, while counterfactual analysis explores
how changes in input variables would alter treatment recommendations (Madumal et al., 2020).

As discussed in Section 5, DTRs are naturally embedded within the causal inference frame-
work for time-varying treatments, which provides a more interpretable foundation than many
black-box RL approaches. The challenge, however, is that modern applications such as elec-
tronic health records (EHRs) and wearable devices generate data that are irregularly sampled,
heterogeneous in format, and prone to noise and missingness, which complicates efforts to main-
tain interpretability in practice. While traditional statistical tools such as dimension reduction
(Cook, 2007), sparsity-inducing methods (Tibshirani, 1996), and tree-based models (Breiman
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et al., 1984) provide one route to preserving interpretability, modern representation learning
methods (Bengio et al., 2013; Miotto et al., 2016; Johansson et al., 2016) offer additional advan-
tages by flexibly integrating multimodal data, capturing nonlinear relationships, and leveraging
large unlabeled datasets. Embedding these approaches within the causal inference framework
may yield clinically meaningful, low-dimensional summaries of complex patient histories while
maintaining valid counterfactual interpretations. Despite these advances, developing methods
that balance interpretability with predictive accuracy remains an important open problem in
sequential decision-making.

Another significant challenge in applying RL to DTRs is the high sample complexity of
many RL algorithms, particularly in deep RL. Sample complexity refers to the amount of data
required for an RL algorithm to learn an effective policy. In healthcare, large observational
resources such as EHRs and registries provide rich longitudinal information but are prone to
confounding, irregular sampling, and measurement error, while Sequential Multiple Assignment
Randomized Trials (SMART) generate higher-quality data tailored to DTRs but often face
sample size limitations due to practical and ethical constraints. To address this mismatch, one
promising direction is to leverage existing knowledge across settings. Transfer learning provides
a general framework for adapting models trained in one domain to another, thereby reducing
the demand for new data (Zhu et al., 2023). A particularly practical form is fine-tuning, where
models pretrained on large observational datasets such as EHRs are adjusted using smaller,
carefully collected trial data. This strategy better aligns models with the target population
while minimizing the need for extensive new samples. Meta-learning extends this idea by training
agents across multiple tasks so that they can fine-tune rapidly to new environments, making them
especially effective in data-limited healthcare contexts (Finn et al., 2017). Beyond transfer-
based approaches, reward shaping offers a complementary strategy by modifying the reward
structure itself. When designed to align with clinical priorities, it can improve sample efficiency,
though in DTRs this requires caution to ensure surrogate outcomes truly reflect long-term goals
(Komorowski et al., 2018; Ng et al., 1999).

Taken together, interpretability and sample complexity represent two of the most pressing
challenges in applying RL to DTRs. Addressing them requires balancing methodological rigor
with clinical practicality: regimes must be transparent enough to inspire trust while also data-
efficient enough to be feasible in resource-limited healthcare settings. Progress will hinge on
developing methods that blend statistical foundations with modern learning techniques, while
remaining grounded in the realities of clinical data. Ultimately, sustained collaboration across
statistics, computer science, and medicine will be essential for moving RL-based DTRs from
theoretical promise to reliable, personalized, and trustworthy clinical decision support.
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