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ABSTRACT
Deep Reinforcement Learning (RL) has demonstrated remarkable
success in solving sequential resource allocation problems, but often
suffers from limited explainability and adaptability—barriers to inte-
gration with human decision-makers. In contrast, LLM agents, pow-
ered by large language models (LLMs), provide human-understandable
reasoning but may struggle with effective sequential decision mak-
ing. To bridge this gap, we introduce Rule-Bottleneck RL (RBRL),
the first LLM agent framework for resource allocation prob-
lems that jointly optimizes language-based decision policy and
explainability. At each step within RBRL, an LLM first generates
candidate rules—language statements capturing decision priorities
tailored to the current state. RL then optimizes rule selection to
maximize environmental rewards and explainability, with the LLM
acting as a judge. Finally, the LLM chooses the action (optimal
allocation) based on the rule. We provide conditions for RBRL per-
formance guarantees as well as the finite-horizon evaluation gap
of the learned RBRL policy. Furthermore, we provide evaluations
in real-world scenarios, particularly in public health, showing that
RBRL not only improves the performance of baseline LLM agents,
but also approximates the performance of Deep RL while producing
more desirable human-readable explanations. We conduct a human
survey validating the improvement in the quality of the explanations.
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1 INTRODUCTION
Sequential resource allocation is a fundamental problem in many
domains, including healthcare, finance, public policy, and opera-
tions research [2, 5, 10, 60]. This task involves allocating limited
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resources over time while accounting for dynamic changes and com-
peting demands. Deep reinforcement learning (RL) is an effective
method to optimize decision-making in resource allocation offering
scalable high-reward policies [47, 57, 59], albeit generally provid-
ing action recommendations without human-readable reasoning and
explanations. Such lack of interpretability poses a major challenge
in critical high-stake domains where decisions must be transparent,
justifiable, and in line with human decision-makers to ensure trust
and compliance with ethical and regulatory standards.

For example, in healthcare settings, doctors may need to decide
whether to prioritize intervention for Patient A or Patient B based
on their current vital signs [5]. An RL algorithm might suggest:

“Intervene with Patient A " with the implicit goal of maximizing the
value function. However, the underlying reasoning may not be clear
to the doctors, leaving them uncertain about the factors influencing
the decision [26]. For doctors, a more effective suggestion could be
risk-based with specific information, e.g., “Patient A’s vital signs
are likely to deteriorate leading to higher potential risk compared to
Patient B, so intervention with Patient A is prioritized" [4, 18].

LLM agents [45], on the other hand, leverage large language
models (LLMs) for multi-step decision-making using reasoning
techniques like chain of thought (CoT) [52]. They enable natural
language goal specification [14] and enhance human understanding
[22, 44]. However, agents based solely on LLM reasoning often
struggle with complex sequential decision-making out of the box
[17], making RL a crucial tool for grounding to specific tasks [6, 48,
53, 61].

Consequently, aiming to combine the strengths of both deep RL
and LLM agents, we pose the following question:

Can we design an LLM agent framework that can simulta-
neously perform sequential resource allocation and provide
human-readable explanations?

Similar to the celebrated index policy for prioritizing arms in
resource allocation problems [54], we explore the potential of using
rules-based prioritization in resource allocation tasks. In the context
of LLM agents, rules are defined as “structured statements" that
capture prioritization among choices in a given state, aligning with
the agent’s goals [44]. Building on this, we propose a novel LLM
agent framework called Rule-Bottleneck Reinforcement Learning
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Figure 1: Overview of the framework of RBRL for joint sequential decision-making and explanation generation at time instance 𝑡 .
Starting with current state s𝑡 , a state-to-language descriptor generates lang(s𝑡 ), which is used to create the input prompt p𝑡 . The LLM
processes p𝑡 to produce a thought 𝜏𝜏𝜏𝑡 and a set of candidate rules R𝑡 . An attention-based policy network selects a rule arule

𝑡 obeying
the budget constraint 𝐵(s𝑡 ), which is used by LLM to derive an executable action aenv

𝑡 for the environment and a human-readable
explanation ℓℓℓexpl

𝑡 , while also providing a rule reward 𝑟 rule
𝑡 . The environment transitions to the next state s𝑡+1 , returning an environment

reward 𝑟 env
𝑡 . This process is repeated iteratively at subsequent time steps.

(RBRL), which integrates the strengths of LLM and RL to bridge
the gap between decision-making and interpretability. RBRL pro-
vides an agent framework (as shown in Figure 1) that simultane-
ously makes sequential resource allocation decisions and provides
human-readable explanations, in contrast to prior work that gen-
erates post-hoc explanations for a learned policy [26, 30]. RBRL
leverages LLMs to generate candidate rules and employs RL to op-
timize policy, allowing the creation of effective decision policies
while simultaneously providing human-understandable explanations.
RBRL aims to increase efficiency and avoid the computational cost
of directly fine-tuning LLM agents, which can be highly challenging
in interactive environments due to the heavy computational costs
and the complexity of token-level optimization [33].

Our contributions are summarized as follows. First, LLMs are
leveraged to generate a diverse set of rules according to the envi-
ronment state, where each rule serves as a prioritization strategy
for individuals in resource allocation, enhancing interpretability in
decision-making. Second, we extend the conventional environmental
state-action space by integrating the rules into states generated by
LLMs, creating a novel framework that enables RL to operate on
a richer, more interpretable decision structure. Third, we introduce
an attention-based training framework that maps states and rules to
queries and keys of a cross-attention network. The rule selection
process is optimized by a policy network trained using the Soft
Actor-Critic (SAC) algorithm [21], ensuring robust and efficient
decision-making. In particular, the LLM also acts as a feedback
mechanism, providing guidance during RL exploration to improve
policy optimization and promote more effective learning. To the best
of our knowledge, this is the first work to jointly optimize decision-
making and explanation generation in constrained RL tasks.

We evaluate our method in environments from three real-world
domains: HeatAlerts, where resources are allocated to mitigate
extreme heat events; WearableDeviceAssignment, for dis-
tributing monitoring devices to patients; and BinPacking, which
models allocating limited space in containers under constraints to op-
timize space utilization and minimize overflows. Using cost-effective
LLMs such as gpt-4o-mini [27] and Llama 3.1 8B [25], we first as-
sess decision performance by comparing RBRL with pure RL meth-
ods and language agent baselines. We then evaluate explanation
quality through a human survey conducted under IRB approval. The

results demonstrate RBRL’s effectiveness in both decision quality
and interpretability.

2 RELATED WORK
Our work intersects with three distinct areas within the RL literature.
We discuss related work in each of these domains.

RL for Sequential Resource Allocation RL has been widely
studied for constrained resource allocation across domains. In ma-
ternal health, [5] apply RL to a restless multi-armed bandit (RMAB)
problem [54] to compute stochastic intervention probabilities. Also
in an RMAB setting, Xiong et al. [56] propose a model-based RL
approach that prioritizes users via an index and allocates resources
under budget constraints. In public health, [10] propose RL to op-
timize extreme heat warnings under a budget on the number of
possible alerts. Other works include multi-agent RL for robotic
warehouse allocation [39] and exogenous MDPs for cloud resource
management [42]. While these methods optimize rewards effectively,
they often lack interpretability—critical for deployment in sensitive
domains requiring trust, transparency, and accountability.

RL and LLM Agents One stream of research in LLM agents
[45] has developed somewhat independently of RL, with works like
ReAct prompting [58] extending chain-of-thought (CoT) [52] to ac-
tion settings. These works have focused on tasks such as open-ended
web navigation [32], social simulations [29], and virtual assistants
[50]. Meanwhile, LLM agents have also been proposed for dealing
with complex Markov decision processes such as GLAM [6], TWO-
SOME [48], BAD [53], and AgentGym [55], which use LLM fine-
tuning techniques in RL environments with a reward function. While
our work is related to hierarchical methods that leverage LLMs for
high-level planning [46, 51], our framework is novel in its objective.
Unlike prior work that uses language solely to guide a policy toward
high task rewards, RBRL is the first to treat the language-based “rule"
as a primary output, jointly optimizing for both decision-making
performance and the rule’s quality as a human-readable explanation
via a dedicated reward signal.

Explainable RL (XRL) Early XRL relied on methods like de-
cision trees and concept-based explanations [12], but these struggled
with scalability in dynamic environments [31]. Recent advances
introduced LLMS for post-hoc explanations, such as explaining de-
cision paths from policy trees [62] or adding language descriptions
to RL policies [9]. However, these approaches focus on interpreting



pre-existing policies rather than enabling LLMs to generate inher-
ently explainable decisions, with challenges in aligning explanations
to human reasoning [43]. By contrast, inherently (also known as
intrinsically) interpretable policies are those that have internal rep-
resentation that allow explanations [26, 30]. Our work sits within
this literature by using LLM reasoning traces as the basis for envi-
ronment action selection. Other methods like EDGE [20] and RICE
[8] are primarily attribution-based; they identify which inputs (e.g.,
pixels or state features) were most critical to a decision. Similarly,
SelfIE [7] provides a post-hoc, mechanistic explanation of an LLM’s
internal mechanics (hidden states). In contrast, RBRL generates high-
level, user-facing policy rules that are functional components within
the RL loop, providing an explanation of the agent’s intent.

3 IMPACT STATEMENT AND LIMITATIONS
This work advances the development of transparent AI systems
for high-stakes decision-making in domains like healthcare, public
policy, industry, and many other applications. By enabling LLM
agents to generate human-readable rules and explanations while
attaining reward maximization via RL, RBRL improves trust and
accountability, critical for ethical deployment in settings where lives
and resources are at stake. While the framework prioritizes align-
ment with human reasoning, potential risks include over-reliance
on imperfect LLM-generated rules or explanations that may inad-
vertently obscure biases in training data. Mitigation requires rigor-
ous validation of rules by domain experts and ongoing monitoring
of LLM outputs. Additionally, RBRL ’s reliance on LLMs raises
computational and accessibility challenges in resource-constrained
environments. By addressing these considerations, this research con-
tributes to safer, more equitable AI systems that empower—rather
than replace—human decision-makers. To further validate the inter-
pretability of our method, we obtained IRB approval and conducted
a human subject study to evaluate the quality of the generated expla-
nations.

Notice that the Uganda dataset used in this study is derived from
a simulator that models vital sign trajectories of patients, as provided
by [5]. Importantly, this simulator only replicates vital sign transi-
tions and does not include any feature information or identifying
details of real patients. Thus, the data generated by the simulator
cannot be traced to or represent actual individuals, ensuring privacy
and ethical compliance. We emphasize that this is purely a simulated
patient study; and recognize that for any next steps towards real
world use, there is a need to conduct rigorous simulation studies
on a large scale with real patient data, with detailed assessments of
potential biases, verification of policy convergence and its robustness
to distribution shifts in patient populations, and making necessary
adjustments. Beyond that, there will be a need to obtain ethics and
regulatory approval to test the policy in a real-world setting for future
comprehensive field testing, addressing issues of participant consent
and privacy; and ultimately there would need to be sufficient human
oversight for any future deployment.

Interpretability vs. Performance Tradeoff Various works ac-
knowledge the trade-off between interpretability and performance
[35]. In practice, prioritizing interpretability is crucial in practice in
many high-stake applications: an approach that we subscribe to in
this work. For example, in the clinical AI domain, high-performing

Two example thoughts: 
- There are only four warnings remaining in the budget.

- The current heat index is high, and issuing alert could raise public awareness.

Step 1: Generate Thoughts

An example rule:
- Background : Maintaining a balance in warning issuance is crucial for future effectiveness
- Rule: If there are 3 or more warnings remaining, issue a warning when the heat index is above 105 F.
- State Relevance: There are 4 warnings remaining, allowing for proactive issuance given the current 
heat index of 107 F.

Step 2: Generate Rules Based on Thoughts and the Current State

(a) Examples of generated rules for the Heat Alert Issuance task.

Task:  Assist policymakers in deciding when to issue public warnings to protect against heatwaves. Your goal is to 
minimize the long-term impact on health and mortality. Your decision should be based on the remaining budget, weather 
conditions, day of the week, past warning history, and remaining warnings for the season. The goal is to issue warnings 
when they are most effective, minimizing warning fatigue and optimizing for limited resources.

Action: A single integer value representing the decision: 1 = issue a warning, 0 = do not issue a warning. Warning can 
only be issued if the 'Remaining number of warnings/budget' is positive. Response in JSON format. For example: 
{'action': 1}.

State: Remaining warning budget: 4, - Current date and day of summer: 2008-07-10, - Current heat index: 107 F.

Example Language Wrapper for Heat Alert Issuance

(b) Examples of language wrapper, containing task description,
available actions and current state.

Figure 2: Examples of task prompts and generated rules for
HeatAlerts domain.

black-box systems often face rejection in clinical workflows due
to distrust [15, 40] as physicians require transparency to validate
recommendations and uphold ethical accountability, as mandated
by regulatory frameworks (e.g., [11, 16]). Interpretable models en-
able clinicians to audit biases, adapt decision logic to local con-
texts, and iteratively refine recommendations-fostering collabora-
tive decision-making over reliance on inflexible oracles-whereas
opaque policies are prone to failure under real-world distribution
shifts[13, 15, 35, 40]. Empirical surveys show clinicians favor mod-
els that enable shared decision-making, error accountability, and
ethical oversight despite modest performance penalties [40]-a criti-
cal stance in high-stakes healthcare environments where trust and
adaptability outweigh narrow efficiency gains.

4 PRELIMINARY, KEY CONCEPTS, AND
PROBLEM FORMULATION

4.1 Preliminary: Resource-Constrained Allocation
Resource-constrained allocation tasks are usually formulated as
a special type of constrained Markov Decision Process, which is
defined by the tuple ⟨S,A, 𝑃, 𝑅,𝐶, ℎ,𝛾⟩, where S denotes a state
space and A denotes a finite action space. The transition probability
function, specifying the probability of transitioning to state s′ ∈ R𝑑1

after taking action a ∈ R𝑑2 in state s, is 𝑃 (s′ |s, a) : S × A × S →
Δ(S), 𝑅(s, a) : S ×A → R represents the reward function, defining
the immediate reward received after taking action a in state s, and
we let 𝐶 (s, a) : S × A → R𝑑3 be the immediate cost incurred after
taking action a in state s. Often, each dimension 𝑖 ∈ [𝑑2] in a is
either 0 or 1 in resource-constrained allocation tasks. In addition, ℎ
is the time horizon and 𝛾 ∈ [0, 1] denotes the discount factor, which
determines the present value of future rewards.

The goal is to find a policy 𝜋 : S → Δ(A) that maximizes the
expected cumulative discounted reward while satisfying the cost
constraints with a budget function 𝐵 : S → R𝑑3 :

𝜋∗ = argmax
𝜋

E𝜋 𝐽 (𝜋) :=
[

ℎ∑︁
𝑡=1

𝛾𝑡−1𝑅(s𝑡 , a𝑡 )
]
,

𝑠 .𝑡 . ∀𝑡 ∈ [ℎ] : 𝐶 (s𝑡 , a𝑡 ) ≤ 𝐵(s𝑡 ) . (1)



4.2 Key Concepts for Rule-based LLM Agents
Our challenge is to design a rule-based LLM agent that jointly
optimizes a language policy to both solve the optimization problem
and improve explanation quality—a direction rarely explored. We
next introduce the key concepts and terminologies underlying our
main contribution.

LLM Agent For our LLM agent, the action space includes
internal language actions Ã = A ∪ L [58]. The LLM agent has
two types of internal language actions: First, thoughts athought ∈ L,
are reasoning traces from the current problem state used to inform
environment action selection aenv ∈ A. Second, explanations ℓℓℓexpl,
are generated from actions and thoughts to enhance human trust and
interpretability [62], a focus of this work.

Rules Thoughts are useful to highlight relevant aspects of a
problem. However, they often lack detailed information to iden-
tify the next optimal action. In this work, we will consider “rules"
arule ∈ L, which are structured language statements derived from
thoughts that generally take the form “[if/when][do/prioritize] ".
More formally, each rule arule consists of a triple

(background, rule_statement, state_relevance) .

Figure 2a shows examples of generated rules from one of the do-
mains used in the experiments.

Task and Constraints Description Language agents require:
(1) a language description of the environment and the agent’s goal,
denoted task, containing the available actions for the task; (2) a
function describing the state of the environment in natural language,
denoted lang : S → L. At each state s𝑡 , these descriptors are used
to construct a natural language prompt p𝑡 = 𝑓 (task,lang(s𝑡 )).
Figure 2b exemplifies language wrapper generated for one of the
environments in our experiments.

Rule-based Language Policy The objective is to jointly opti-
mize the reward and explainability of the environment. Hence, we
have an LLM agent-driven policy 𝜋LLM for online interaction with
the environment:

athought
𝑡 ∼ 𝜋LLM (athought

𝑡 | p𝑡 ), arule
𝑡 ∼ 𝜋LLM (arule

𝑡 | athought
𝑡 , p𝑡 ),

aenv
𝑡 ∼ 𝜋LLM (aenv

𝑡 | arule
𝑡 , athought

𝑡 , p𝑡 ),

ℓℓℓ
expl
𝑡 ∼ 𝜋LLM (ℓℓℓexpl

𝑡 | aenv, arule
𝑡 , p𝑡 ). (2)

The rule acts as a “bottleneck" to the action and explanation. In
the next section, we will introduce RBRL, which allows an RL-based
learnable selection policy 𝜋𝜃 choosing among a set of dynamically
generated candidate rules.

4.3 Problem Statement
We aim to increase the quality of ℓℓℓexpl while also optimizing decision-
making by selecting rules that encourage both good quality explana-
tions and high reward. To achieve this goal, we construct a surrogate
explainabilty “rule reward" 𝑅rule

LLM (a
rule) using an LLM as judge

[3, 19, 38], which will be detailed in Section 5. Then, we propose
the following augmented optimization objective under the joint envi-
ronment/rule reward as 𝑅̃(s𝑡 , aenv

𝑡 ) = 𝑅(s𝑡 , aenv
𝑡 ) + 𝑅rule

LLM (a
rule
𝑡 ):

max
𝜋

E𝜋 𝐽 (𝜋) :=
[

ℎ∑︁
𝑡=1
𝛾𝑡−1𝑟𝑡

]
, 𝑠 .𝑡 . constraint in (1), (3)

where 𝑟𝑡 = 𝑅̃(s𝑡 , aenv
𝑡 ). We emphasize that LLMs cannot fully replace

the ultimate human assessment, but they they provide a scalable
alternative during the optimization process.

5 RULE-BOTTLENECK REINFORCEMENT
LEARNING (RBRL)

In this section, we propose RBRL, a novel LLM agent based on
the key concepts in Section 4.2, which leverages the strengths of
LLMs and RL to achieve both interpretability and robust sequential
decision-making for (3), thereby achieving our goal of jointly opti-
mizing policies and explanations for resource-constrained allocation
in (1).

Algorithm 1 RBRL
Require: Rule-selection policy 𝜋𝜃 ; and Replay buffer B.

1: Initialization: Initial state s0 and task-state prompt p0.
2: for 𝑡 = 0, . . . ,max_iters − 1 do
3: Generate rule candidates R𝑡 using CoT from p𝑡 and athought

𝑡 .
// Section 5.1

4: Select rule arule
𝑡 using the RL policy 𝜋𝜃 from R𝑡 and s𝑡 . //

Section 5.2
5: Generate the environment action aenv

𝑡 with the LLM from
arule
𝑡 , p𝑡 , and previous thoughts.

6: Apply the action in the environment and obtain new state s𝑡+1
and environment reward 𝑟 env

𝑡 .
7: Generate explanation with the LLM from aenv

𝑡 , rrule
𝑡 , p𝑡 , and

previous thoughts.
8: Generate rule reward 𝑟 rule

𝑡 with the LLM as judge. // Section
5.3

9: Update the prompt p𝑡+1 from s𝑡+1, and the constraints 𝐶 and
budget 𝐵.

10: Append transition to the replay buffer B ← B ∪
{(s̃𝑡 , arule

𝑡 , 𝑟𝑡 , s̃𝑡+1)}.
11: Sample from the replay buffer and update the policy network

𝜋𝜃 (arule
𝑡 |s̃𝑡 ). // Section 5.4

12: end for

Algorithm Overview The framework of RBRL shown in Al-
gorithm 1 involves four steps: (1) RULE SET GENERATION (line
3), where the LLM processes the state-task p𝑡 to create candidate
rules R𝑡 for action selection; (2) RULE SELECTION (line 4), where
an attention-based RL policy 𝜋𝜃 selects the best rule arule

𝑡 ∈ R; (3)
DECISION, RULE REWARD AND EXPLANATION (lines 5-8), where
the LLM generates an environment action aenv

𝑡 and based on the
chosen rule arule

𝑡 gives a human-readable explanation ℓℓℓexpl
𝑡 ; (4) RE-

INFORCEMENT LEARNING (line 11), where it updates the policy
𝜋𝜃 based on collected data with standard RL algorithm [21] and the
combined environment and rule reward 𝑟𝑡 . Algorithm 1 details the
entire process. Further sections elaborate on these steps.

5.1 Rule Set Generation
The rule generation process seeks to create interpretable and action-
able guidelines for decision-making. Under this framework, a set of
candidate rulesR𝑡 is generated according toR𝑡 ∼ 𝜋LLM (R𝑡 |p𝑡 , athought

𝑡 ).
To enhance interpretability, each rule is accompanied by a rationale
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Sentence embeddings
State (attention keys)

Attention-based RL
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Probability vector of 
selecting each rule 

Figure 3: Overview of the RULE SELECTION step. The cur-
rent state is encoded as a key vector, while candidate rules are
encoded as Queries using a text embedding API (e.b., BERT
sentence embedding). An attention-based policy network 𝜋𝜃
computes a probability distribution over the candidate rules,
enabling the selection of the most suitable rule for decision-
making and explanation.

explaining the reasoning behind the decision. The LLM is instructed
to generate rules as a JSON format, which is common for integration
of LLMs with downstream applications [38]. An example generated
rule is given in Figure 2a.

5.2 Rule Selection
In this step, rules are converted from text to vector form, and a
trainable attention-based policy network 𝜋𝜃 provides the probability
distribution for sampling a rule. Figure 3 illustrates the process.
Below are the major components of the architecture of 𝜋𝜃 . We
propose to base the architecture on cross-attention layers [1, 49],
with the state acting as the keys and values, and the rules as the
queries. This allows to learn from the embedding representations of
rules, and efficiently handle dynamically changing number of rules
if needed.

State Representation The numeric state is projected by a linear
layer: k𝑡 = Linear(s𝑡 ) ∈ R1×𝑑ℎ , with 𝑑ℎ being to denote the
architecture hidden dimension.

Rule Candidate Embedding Each rule in the list of rule candi-
dates R𝑡 = {𝜌𝜌𝜌𝑡1, 𝜌𝜌𝜌𝑡2, . . . , 𝜌𝜌𝜌𝑡𝑞} is embedded into a numeric representa-
tion using a Sentence Embedding language model (e.g., Sentence-
BERT [34]) and further processed by a projection layer similar to
the state representation. This results in a query matrix Q𝑡 ∈ R𝑞×𝑑ℎ .

Attention-based Policy Network 𝜋𝜃𝜋𝜃𝜋𝜃 The vector k𝑡 , serving
as keys, engages with the rule embeddings Q𝑡 , acting as queries,
via a cross-attention mechanism to derive a hidden state repre-
sentation h(1)𝑡 = Attention(Q𝑡 , k⊤𝑡 , k

⊤
𝑡 ) ∈ R𝑞×𝑑ℎ , computed as

Attention(Q𝑡 , k⊤𝑡 , k
⊤
𝑡 ) = softmax

(
Q𝑡 k⊤𝑡√

𝑑ℎ

)
k⊤𝑡 , which facilitates

the rule candidate vector embeddings in attending to the environ-
ment state. Subsequently, we sequentially apply self-attention layers
to the hidden representation h(𝑘+1) = Attention(h(𝑘 )𝑡 , h(𝑘 )𝑡 , h(𝑘 )𝑡 ),
enabling the rule embeddings to attend to one another to rank an
optimal candidate. Ultimately, following 𝐾 − 1 self-attention lay-
ers, a final linear layer converts the rule representations into logit
vectors 𝛼𝛼𝛼𝑡

𝜃
= Linear(h(𝑘 )𝑡 ) ∈ R𝑞 used for the computation of the

probability of selecting each rule.
Rule Selection The policy distribution over the rules is calcu-

lated as: 𝜋𝜃,𝑖 (Q𝑡 , k𝑡 ) =
exp(𝛼𝑡

𝜃,𝑖
(Q𝑡 ,k𝑡 ) )∑𝑞

𝑗=1 exp(𝛼
𝑡
𝜃,𝑗
(Q𝑡 ,k𝑡 ) )

, 𝑖 = 1, . . . , 𝑞. There-

fore, a rule is selected at random from the distribution: arule
𝑡 ∼

Categorical(R; (𝜋𝜃,𝑖 (Q𝑡 , k𝑡 ))𝑞𝑖=1).

5.3 Decision, Rule Reward, and Explanation
Upon selection of rule arule

𝑡 , the LLM determines the action to be ap-
plied within the environment aenv

𝑡 ∼ 𝜋LLM (aenv
𝑡 |arule

𝑡 , athought
𝑡 , p𝑡 ), en-

suring concordance with the chosen strategy. Subsequently, the LLM
formulates an explanation ℓℓℓexpl

𝑡 ∼ 𝜋LLM (ℓℓℓexpl
𝑡 |aenv, arule, athought, p𝑡 )

contingent upon the rule.
This procedure concurrently produces the rule reward 𝑅rule

LLM (𝑟
rule
𝑡 ),

used for RL in the next step. This rewards is derived from using the
LLM as a judge to answer the following three questions: ER1. With-
out providing aenv

𝑡 , is arule
𝑡 sufficient to predict the optimal action?

ER2. Does arule
𝑡 contain enough details about the applicability of the

rule to current state? ER3. Given aenv
𝑡 , is arule

𝑡 compatible with this
selection? Each question scores as 0 if negative or 1 if positive. The
rule reward is calculated as 𝑟 rule

𝑡 = 𝑅rule
LLM (a

rule
𝑡 ) ∝ (1/3)

∑
𝑖 ER𝑖 .

5.4 Policy Update through RL
Augmented state space Traditional RL frameworks fail to directly
return a policy based on current environment state due to intermedi-
ate steps: generating the rule set R𝑡 , mapping rules arule

𝑡 to actions
aenv
𝑡 in an LLM-driven environment. RBRL addresses this issue by

creating an augmented state s̃𝑡 := (s𝑡 ,R𝑡 ) with transition dynamics
𝑃 (s̃𝑡+1 |s̃𝑡 , arule

𝑡 ), integrating rules into the state space for reasoning
over both the environment’s dynamics and decision rules arule

𝑡 . The
following theorem explains the transition computation.

Theorem 5.1. The state transition of the RBRL MDP can be calcu-
lated as

𝑃 (s̃𝑡+1 |s̃𝑡 , arule
𝑡 ) = 𝑃 (R𝑡+1 |s𝑡+1) ×

∫
a
𝑃 (s𝑡+1 |aenv, s𝑡 )

·𝑃 (aenv |arule
𝑡 , s𝑡 )𝑑aenv, (4)

where 𝑃 (R𝑡+1 |s𝑡+1) = 𝜋LLM (R𝑡+1 |p𝑡 ,𝜏𝜏𝜏𝑡 ) is the probability of the
LLM generating rule set R𝑡+1 provided the state s𝑡+1, 𝑃 (s𝑡+1 |aenv, s𝑡 )
is the original environment dynamics, and 𝑃 (aenv |arule

𝑡 , s𝑡 ) is the
probability of the LLM selecting the environment action aenv, equiv-
alent to 𝜋LLM (aenv |p𝑡 , arule

𝑡 ).

Policy update step The attention-based policy network in Sec-
tion 5.2 is optimized using the standard SAC algorithm, which bal-
ances reward maximization with exploration. The policy network in
SAC is updated by minimizing the KL divergence between the policy
and the Boltzmann distribution induced by Q networks𝑄𝜙𝑖 ,∀𝑖 = 1, 2,
which is expressed as

𝐿𝜋 (𝜃 ) = ED
[
𝛽 log𝜋𝜃 (arule

𝑡 |s̃𝑡 ) −min
𝑖=1,2

𝑄𝜙𝑖 (s̃𝑡 , arule
𝑡 )

]
, (5)

where 𝛽 is a temperature parameter. The detailed implementation for
SAC update procedure is detailed in Algorithm ?? in Appendix ??.

6 PERFORMANCE GUARANTEE
In this section, we derive and prove conditions under which RBRL
can learn the optimal task policy, as well as characterize the po-
tential trade-off between explainability and task performance when
rewarding rules for higher explainability.

Proposition 6.1 (Rule Set Coverage). Let A be a finite action
space and 𝑄∗ (s, aenv) the optimal state-action value function, with
aenv,∗ (s) := argmaxaenv∈A 𝑄∗ (s, aenv) denoting the optimal action at



state s. Given state s, an LLM samples 𝑁 rules independently from
a conditional distribution 𝜋LLM (· | s), and each rule 𝜌𝜌𝜌𝑖 maps s to an
action aenv

𝑖
∼ 𝜋LLM (aenv

𝑖
|𝜌𝜌𝜌𝑖 , s). Assume there exists 𝛿 > 0 and 𝜂𝑠 ∈

(0, 1] such that: P𝜌𝜌𝜌𝑖∼𝜋LLM ( · |s)
[
𝑄∗ (s, aenv

𝑖
) ≥ 𝑄∗ (s, aenv,∗ (s)) − 𝛿

]
≥

𝜂𝑠 . Define the 𝛿-optimal rule set as:

R𝛿 (s) :=
{
𝜌𝜌𝜌𝑖 : 𝑄∗ (s, aenv

𝑖 ) ≥ 𝑄∗ (s, aenv,∗ (s)) − 𝛿
}
.

Then with high probability over the sampled rules, there at least
has a rule 𝜌𝜌𝜌𝑖 and the induced action aenv

𝑖
∼ 𝜋LLM (aenv

𝑖
|𝜌𝜌𝜌𝑖 , s) that

satisfies:

E
[
𝑄∗ (s, aenv,∗ (s)) −𝑄∗ (s, aenv

𝑖 )
]
≤ 𝛿 + 𝜖worst · (1 − 𝜂𝑠 )𝑁 , (6)

where 𝜖worst :=max𝜌𝜌𝜌∉R𝛿 (s)
(
𝑄∗ (s, aenv,∗ (s)) −𝑄∗ (s, aenv

𝑖
)
)

is the worst-
case loss outside the 𝛿-optimal set.

Remark 6.2. Proposition 6.1 states the rule diversity property in the
rule candidate set such that the best possible action (when 𝛿 → 0) is
included is guaranteed with high probability when number of rules
𝑁 goes large. This is crucial in guaranteeing that RBRL can learn
a near-optimal policy with high probability (with optimality when
𝛿 = 0 and 𝜂𝑠 = 1).

Define the T-step value function𝑉 𝜋,𝑇

M′ (s0) = [
∑𝑇−1

𝑡=0 𝛾
𝑡𝑅M

′
𝑡 (s𝑡 , 𝜋 (s𝑡 )) |s0],

where 𝑅M
′

is the reward function inM′. We will denote the original
MDP asM and use M̃ to denote the MDP for the RBRL agent with
transition function as in Theorem 5.1 and reward 𝑅̃. We have the
following theorem.

Theorem 6.3. The evaluation gap Gap(𝑇, 𝑠0) :=𝑉 𝜋∗,𝑇
M (s0)−𝑉 𝜋RBRL,𝑇

M (s0)
of RBRL is bounded as

Gap(𝑇, 𝑠0) =𝑉 𝜋∗,𝑇
M (s0) −𝑉 𝜋RBRL,𝑇

M̃
(s0) +𝑉 𝜋RBRL,𝑇

M̃
(s0) −𝑉 𝜋RBRL,𝑇

M (s0)

≤ 𝜆 · 1 − 𝛾
𝑇

1 − 𝛾 , (7)

where 𝜆 is a constant depending on the magnitude of the rule reward,
and, with a slight notational abuse,𝑉 𝜋RBRL,𝑇

M is the value of the RBRL
policy when seen as a policy in the original MDP mapping states
to actions (i.e., by integrating out the rule generation and action
selection via LLMs.)

Remark 6.4. This analysis focuses on the evaluation gap between the
optimal policy 𝜋∗ under the original MDPM and the policy 𝜋RBRL,
captures the suboptimality of using 𝜋RBRL instead of the true optimal
policy 𝜋∗, assuming RBRL is optimized under the extended MDP
M̃ (with same transitions asM but additional rule-based reward).
It can be decomposed into two interpretable terms. The first part
captures the optimism of using 𝜋RBRL under the extended MDP M̂
rather than the original MDP, which is non-positive. The second
part quantifies the accumulated reward difference induced by the
additional explanation rewards when using the same RBRL policy in
both MDPs.

7 EXPERIMENTS & HUMAN SURVEY
In this section, we evaluate RBRL and empirically show that it can
achieve a joint improvement in both reward and explainability over
comparable baselines. We briefly summarize these environments
here.

Domains. We evaluate RBRL in three main distinct resource-
constrained allocation domains:

⊲ WearableDeviceAssignment: We use two environments,
Uganda and MimicIII, from the vital sign monitoring domain in-
troduced by [5], modeling the allocation of limited wireless devices
among postpartum mothers as an MDP setting. ⊲ HeatAlerts:
We use the weather2alert environment from [10] , which for-
mulates issuing heat alerts as a constrained MDP to reduce hospi-
talization risk from the alert. ⊲ BinPacking We adopt the online
stochastic BinPacking: environment introduced by [2], which
Sequentially places arriving items into bins with fixed capacity to
minimize total waste, following the online stochastic formulation.

7.1 Environment Reward Optimization
We discuss the main results here. Unless otherwise specified, we
use gpt-4o-mini as LLM due to its reasonable cost and high
performance.

Q1. Did RBRL optimize the reward function? RBRL is com-
pared to CoT [52] for language reasoning and PPO [36] for nu-
meric states. Figure 4 indicates RBRL outperforms CoT, showing
RL-optimized rule selection improves decision-making. RBRL also
exceeds PPO in all environments with equal environment steps, sug-
gesting a better online learning performance. Notice that RBRL is
compatible with a baseline LLM trained for advanced reasoning
techniques (e..g, GRPO [37]). However, GRPO or similar cannot be
used directly in MDPs. Nevertheless, our experiments with the com-
parable GPT o3 prove that RBRL can also help improve reasoning
models in our tasks.

Q2. Did structured rules help optimization? We conduct two
ablation studies on structured rules. First, we benchmark the use of
structured rules without RL, called baseline Rule-bottleneck(no
RL), which is shown in Equation (2)-(5). Next, we compare RBRL
with a variant optimizing unstructured thoughts, termed thoughts-
based RL (TBRL). The implementation mimics RBRL, utilizing a
candidate pool P with the CoT prompt. Results in Figure 5a show
that comparing RBRL with RulesLLMOnly highlights RL training
gains, suggesting rule generation alone does not explain RBRL’s
performance. Additionally, significant improvements over TBRL
suggest optimizing structured rules is more effective than optimizing
free reasoning traces.

Q3. How does RBRL compare to token-level LLM finetuning with
RL? We implement LLM finetuning on a Llama 3.1 8B model,
termed FinetunePPO. A value head is trained on final hidden
states, with KL divergence from a reference model as regularization
[63]. CoT is generated, followed by an action query, optimizing both.
Training runs for 18 hours on 3 seeds using an A100 40G GPU (1200
steps/seed). For fair comparison, RBRL is also run on Llama 3.1 8B.
Figure 5b shows RBRL outperforms the flatter trend of finetuning,
indicating better online learning. Moreover, RBRL runs on a regular
laptop, whereas FinetunePPO requires specialized hardware and
takes 4× longer per step. Due to compute limits, results are shown
only for the less noisy MimicII domain.

Additional comparison with XRL benchmarks. We further com-
pare RBRL against a representative XRL method that also targets
joint optimization and intrinsic interpretability: Decision Diffusion



(a) Uganda (b) MimicIII (c) HeatAlerts (d) BinPacking

Figure 4: Results from Q1 using ChatGPT 4o-mini. The plots show the mean and standard error across three seeds, using exponentially
weighted moving averages (𝜆ema = 200).

(a) Q2: ablations (b) Q3: LLM finetuning (c) Q4: no rule rewards

Figure 5: Additional experiments and ablations. (a) Comparison of RBRL with thoughts-based RL (TBRL) and the baseline rule-based
LLM without RL training; (b) comparison against LLM finetuning with PPO at the token level from the environment reward with
CoT generation for the Mimic; (c) shows the effect of removing the rule reward in the HeatAlerts environments. For (a) and (c), we
show distribution of rewards in the last 20% training steps.

Table 1: XRL Baselines Results Table

Dataset (@steps) RBRL SAC PPO DDT DDT w/rules

Uganda (@500) −0.56 ± 0.18 −0.83 ± 0.14 −0.91 ± 0.14 −1.01 ± 0.20 −1.20 ± 0.31
Uganda (@2500) −0.60 ± 0.20 −0.75 ± 0.14 −0.74 ± 0.05 −1.28 ± 0.35 −1.20 ± 0.30
MimicIII (@500) −0.36 ± 0.05 −0.61 ± 0.11 −0.78 ± 0.05 −0.92 ± 0.10 −1.02 ± 0.10
MimicIII (@2500) −0.39 ± 0.07 −0.43 ± 0.10 −0.64 ± 0.10 −0.97 ± 0.11 −0.99 ± 0.13
HeatAlerts (@500) 0.14 ± 0.11 −0.04 ± 0.33 0.00 ± 0.01 0.22 ± 0.25 0.15 ± 0.29
HeatAlerts (@2500) 0.13 ± 0.14 0.05 ± 0.04 0.00 ± 0.01 0.38 ± 0.57 0.38 ± 0.56
BinPacking (@500) −0.03 ± 0.00 −0.03 ± 0.00 −0.03 ± 0.00 −0.19 ± 0.03 −0.19 ± 0.04
BinPacking (@2500) −0.03 ± 0.00 −0.06 ± 0.00 −0.03 ± 0.00 −0.21 ± 0.02 −0.21 ± 0.02

Trees (DDTs) [41]. As shown in Table 1, RBRL is consistently com-
petitive and often outperforms the tree-based baseline across most
domains, particularly in the early stages of training, underscoring
its sample efficiency. Although DDT achieves a higher average re-
ward than RBRL in HeatAlerts, it exhibits substantially higher
variance, highlighting the greater stability of RBRL.

7.2 Human Survey and Explainability
Q4. Did RBRL increase the explainability of explanations? A sur-
vey with 40 participants was conducted to assess explanation quality.
Each prompt included the task, state, and action space as origi-
nally given to the LLM, followed by actions and explanations from

the CoT agent and the RBRL agent, without disclosing agent types.
Participants were asked to choose preference for explanation A, B, or
none. Prompts were split between WearableDeviceAssignment
and HeatAlerts domains. Figure 6 shows results, favoring RBRL’s
explanations in both domains. An additional experiment with an
LLM judge using a large gpt-4o model showed strong agreement
with humans, preferring RBRL’s explanations in all cases.

Discussion on Explainability. The trustworthiness of explanations
is a core challenge in XAI. Following recent work [23, 24, 28], we
highlight three concepts: Plausibility: whether an explanation is con-
vincing to humans (validated via our survey, Figure 6). Consistency:
whether the stated reason logically entails the action. Faithfulness:
whether the explanation reflects the true decision mechanism.

Our work is motivated by the gap between plausibility and faith-
fulness in post-hoc methods. By design, RBRL ensures consistency:
explanations factually follow the State→ Rule→ Action pipeline,
where the rule is the verifiable cause of the action. While our ex-
periments validate consistency, establishing faithfulness—verifying
the LLM’s internal reasoning for rule generation—remains an open
challenge.

Q5. What was the effect of the rule reward? During training of
RBRL, rules received rewards from two prompts. We examine an



Figure 6: Results from the human survey.

ablation without this reward. Figure 5c illustrates results for the
HeatAlerts environment, noted for high variance and a challeng-
ing reward function. We extended training to 5k steps to understand
these dynamics. Without rule reward, environment reward remains
steady (slightly increasing), but explainability scores drop signif-
icantly. Refer to Section 5.3 for the definition of the rule reward
metrics. A decline in metric 1 indicates that rules are less predic-
tive of the optimal actions. A decline in metric 2 suggests rules
lack detailed applicability to the current problem state, indicating
more generic rather than specialized rule selection. Metric 3 (not
shown) was always 1 in all steps, indicating the limitations of di-
rectly evaluating post hoc explanations. Although judged by the
LLM, these results are encouraging, as our previous experiment
showed alignment between the LLM and human assessments.
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