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Abstract 

This paper addresses the challenge of uncertainty in reinforcement learning (RL) by presenting a robust policy learning approach 

based on interval optimization. Traditional RL methods often depend on precise estimations of environment dynamics and reward 

functions, potentially resulting in sub-optimal or unsafe decisions when faced with real-world ambiguity and limited data. To 

overcome these limitations, we propose modeling value functions, rewards, and transitions as bounded intervals, thereby 

explicitly capturing both epistemic uncertainty (arising from incomplete knowledge) and aleatoric uncertainty (stemming from 

inherent randomness). Our contribution includes formal mathematical frameworks that enable interval-based representation 

throughout the RL process. We explore strategies for developing policies that are optimized within these interval constraints, 

ensuring greater resilience to uncertainty and variability. The paper further introduces benchmarking metrics specifically 

designed to evaluate the effectiveness and robustness of interval-aware RL policies, providing a systematic means of comparison 

against conventional approaches. To demonstrate the practical value of this methodology, we present a case study focused on 

financial credit line allocation. The results highlight that interval-aware RL not only enhances safety and reliability in decision-

making but also leads to improved outcomes in environments characterized by uncertainty. By moving away from point estimates 

and adopting interval modeling, our work advocates for a fundamental shift in reinforcement learning practices—enabling more 

robust, uncertainty-aware policy learning that is well-suited to complex, real-world domains. This approach paves the way for 

safer and more effective RL deployments across various industries, including finance, healthcare, and robotics. 
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1. Introduction 

Reinforcement Learning (RL) is a powerful paradigm for 

sequential decision-making problems. However, standard RL 

algorithms assume accurate knowledge of the reward and tran-

sition functions or sufficient data to estimate them precisely. 

In many areas, such as healthcare, finance, or robotics, the en-

vironment is either partially observable or exhibits substantial 

uncertainty. 

Interval Optimization in RL addresses this limitation by 

maintaining bounds on rewards, transition probabilities, and 

value estimates. Rather than operating on point estimates, it 

optimizes policies based on worst-case, best-case, or uncer-

tainty-aware criteria. 
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To address these challenges, the article introduces Interval 

Optimization as a robust methodology for RL. This approach 

diverges from traditional models by representing rewards, 

transitions, and value functions as bounded intervals rather 

than single-point estimates. By capturing both epistemic un-

certainty (stemming from lack of knowledge) and aleatoric 

uncertainty (arising from randomness in the environment), in-

terval-based RL empowers policy learning that is more resili-

ent to ambiguity. The formal mathematical framework pre-

sented in the article lays the foundation for optimizing policies 

under interval constraints, enabling decision-making that ac-

counts for best-case, worst-case, and uncertainty-aware sce-

narios. 

Benchmarking metrics discussed in the article further rein-

force the effectiveness and reliability of interval-aware RL, as 

demonstrated in the practical case study involving financial 

credit line allocation. Ultimately, this methodology advocates 

for an novel approach in RL—moving away from point esti-

mates and towards interval modeling—to enhance safety, ro-

bustness, and overall performance in uncertain domains. 

Main contributions: 

1) The paper introduces a novel interval optimization 

framework for reinforcement learning, which explicitly 

models uncertainties by using bounded intervals for re-

wards, transition probabilities, and value functions. 

2) It develops rigorous mathematical models to support in-

terval-based policy learning, ensuring that both epis-

temic and aleatoric uncertainties are systematically ac-

counted for during decision-making. 

3) The authors propose practical strategies for optimizing 

policies within these interval constraints, enabling safer 

and more reliable outcomes in environments where data 

is sparse or noisy. 

4) Comprehensive benchmarking metrics are presented to 

empirically assess the robustness and performance of the 

interval-aware approach compared to conventional RL 

methods. 

5) A real-world case study in financial credit line allocation 

demonstrates the tangible benefits of interval modeling, 

showcasing improved safety and effectiveness in policy 

decisions. 

2. Problem Definition and Interval 

MDPs 

Let a standard Markov Decision Process (MDP) be defined 

as: 

𝑀 = (𝑆, 𝐴, 𝑃, 𝑅, 𝛾) 

where: 

1) 𝑆: Set of states 

2) 𝐴: Set of actions 

3) (𝑃(𝑠′|𝑠, 𝑎)): Transition function 

4) (𝑅(𝑠, 𝑎)): Reward function 

In interval-based MDPs, reward and transition functions are 

represented as bounded intervals: 

𝑅(𝑠, 𝑎) ∈ [𝑅(𝑠, 𝑎), 𝑅(𝑠, 𝑎)] 

𝑃(𝑠′|𝑠, 𝑎) ∈ [𝑃(𝑠′|𝑠, 𝑎), 𝑃(𝑠′|𝑠, 𝑎)] 

These intervals reflect estimation uncertainty or bounded 

model errors. 

3. Interval Value Functions 

Interval Value Functions are an interesting concept in rein-

forcement learning, designed to represent uncertainty in the 

values that agents assign to states or actions [1]. Instead of 

sticking with a single-point estimate for how good it is to be 

in a particular state or to take a certain action, these functions 

capture a range – an interval – of possible values. This ap-

proach is quite useful when the agent is not entirely sure about 

the outcomes because it hasn’t seen enough examples or the 

environment is unpredictable. 

For each (𝑠, 𝑎), we maintain interval Q-values: 

𝑄(𝑠, 𝑎) ∈ [𝑄(𝑠, 𝑎), 𝑄(𝑠, 𝑎)] 

The interval Bellman backup operators for the lower bound 

(pessimistic) and upper bound (optimistic) are defined as: 

𝑄𝑘+1(𝑠, 𝑎) =  𝑅(𝑠, 𝑎) +  𝛾 ∑ 𝑃

𝑠′∈𝑆

(𝑠′|𝑠, 𝑎) max
𝑎′∈𝐴

𝑄𝑘 (𝑠′, 𝑎′) 

𝑄𝑘+1
(𝑠, 𝑎) =  𝑅(𝑠, 𝑎) +  𝛾 ∑ 𝑃

𝑠′∈𝑆

(𝑠′|𝑠, 𝑎) max
𝑎′∈𝐴

𝑄𝑘 (𝑠′, 𝑎′) 

These bounds define the pessimistic (lower) and optimistic 

(upper) estimates of expected returns. By expressing values as 

intervals, reinforcement learning algorithms can better man-

age situations where there’s ambiguity or lack of enough in-

formation [2]. For example, if an agent is exploring a new en-

vironment, it might be too early to commit to precise numbers. 

Interval value functions allow the agent to say, “The value 

here could be anywhere between S and A,” which helps in 

making more cautious or robust decisions. 

In practice, using intervals means the agent can balance be-

tween exploring new possibilities and exploiting known ones 

more effectively. It can identify states or actions that are prom-

ising but not yet well understood, encouraging further explo-

ration. This method also proves handy when there are errors 

or noise in the observations, as the intervals can absorb some 

of that uncertainty. 

All in all, interval value functions bring an extra layer of 

realism to reinforcement learning by acknowledging that 

sometimes, you simply don’t know everything for sure. They 
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help create agents that act wisely under uncertainty, making 

them more reliable and adaptable in complex or evolving en-

vironments. 

4. Policy Optimization Criteria 

In reinforcement learning, policy optimization criteria play 

a key role in shaping how an agent learns to make decisions 

[3]. At its core, the idea is to find a policy—a mapping from 

states to actions—that enables the agent to achieve the best 

possible outcome over time. The "criteria" here refer to the 

measures or objectives used to judge how good a particular 

policy is, guiding how the policy should be updated during 

learning. 

One of the most common criteria is to maximize the ex-

pected cumulative reward, sometimes called the "return". This 

means the agent aims to choose actions that, in the long run, 

bring the most reward on average [4]. There are a few different 

approaches within this framework. For instance, in episodic 

tasks, the focus is on maximizing the total reward from the 

start to the end of an episode. In ongoing or infinite-horizon 

tasks, the agent might use a discount factor to give more 

weight to rewards received sooner rather than later, ensuring 

the problem remains well-defined and future rewards do not 

overshadow present ones. 

We explore different strategies to optimize policies [5] 

based on interval Q-values: 

a. Robust Policy (Pessimistic Optimization) 

This policy maximizes the worst-case return and is suitable 

for safety-critical domains. 

𝜋𝑟𝑜𝑏𝑢𝑠𝑡(𝑠) = arg max
𝑎∈𝐴

𝑄(𝑠, 𝑎) 

b. Optimistic Policy (Exploratory Optimization) 

This policy encourages exploration and aims to maximize 

potential rewards. 

𝜋𝑜𝑝𝑡𝑖𝑚𝑖𝑠𝑡𝑖𝑐(𝑠) = arg max
𝑎∈𝐴

𝑄(𝑠, 𝑎) 

c. Uncertainty-Aware Policy 

First, define the uncertainty width for each state-action pair: 

𝑈(𝑠, 𝑎) = 𝑄(𝑠, 𝑎) − 𝑄(𝑠, 𝑎) 

Then, the policy is chosen by optimizing a trade-off be-

tween the upper bound and the uncertainty: 

𝜋𝑎𝑤𝑎𝑟𝑒(𝑠) = arg max
𝑎∈𝐴

(𝜆1𝑄(𝑠, 𝑎) − 𝜆2𝑈(𝑠, 𝑎)) 

Where 𝜆1 and 𝜆2 and are non-negative trade-off parame-

ters. This is explained in Figure 1 as process flow. 

 
Figure 1. Process Flow. 

Sometimes, additional considerations come into play. For exam-

ple, in risk-sensitive settings, the agent may want to consider not 

just the average reward but also its variability—preferring policies 

that offer more consistent outcomes [6]. Another example is when 

constraints are present, such as limiting the probability of en-

tering undesirable states or ensuring certain safety thresholds 
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are not breached. 

In summary, policy optimization criteria are all about defin-

ing "what does it mean for a policy to be good?" in a reinforce-

ment learning scenario [7]. By clearly specifying these criteria, 

researchers and practitioners can design algorithms that guide 

agents towards learning effective and practical behaviors in a 

wide variety of environments. 

4.1. Algorithm: Interval Q-Learning 

Table 1. Comparison of other methods with proposed algorithm. 

Method Description Handling Uncertainty Decision Criteria Practical Advantages Novelty 

Interval Q-

Learning 

Keeps track of lower 

and upper bounds for 

action values, providing 

a range for each 

estimate. 

Directly represents 

uncertainty by 

maintaining value 

intervals instead of 

single values. 

Balances optimism 

and caution by 

considering both 

ends of the interval 

when selecting 

actions. 

Offers safer, more 

robust decisions in the 

face of limited data or 

unpredictable 

environments. 

Introduces 

interval-based 

learning in Q-

value estimation. 

Robust 

MDPs 

Optimizes policies as-

suming worst-case sce-

narios within predefined 

uncertainty sets. 

Models uncertainty 

through fixed ambiguity 

sets for transitions or re-

wards. 

Focuses on the most 

adverse outcomes 

possible within the 

uncertainty set. 

Provides strong safety 

guarantees but can be 

overly conservative. 

Less flexible in 

adapting to ob-

served data varia-

bility. 

Distribu-

tionally Ro-

bust RL 

Considers a range of 

possible probability dis-

tributions for environ-

ment parameters. 

Captures uncertainty by 

working with sets of 

plausible distributions 

rather than point esti-

mates. 

Optimizes for the 

least favorable dis-

tribution in the set. 

Balances robustness 

and performance, of-

ten less conservative 

than classic robust 

methods. 

Robust MDPs by 

leveraging distri-

butional assump-

tions for finer 

control. 

CVaR-based 

Methods 

Focuses on controlling 

risk by considering the 

expected loss in the 

worst-case percentile. 

Reflects uncertainty 

through risk measures 

like Conditional Value-

at-Risk (CVaR). 

Prioritizes minimiz-

ing potential high-

impact losses over 

maximizing average 

rewards. 

Useful for applica-

tions where avoiding 

rare but severe out-

comes is critical. 

Applies reinforce-

ment learning. 

 

Interval Q-Learning is an interesting variant of the tradi-

tional Q-Learning algorithm used in reinforcement learning. 

Unlike the standard approach, where the agent estimates pre-

cise values for how good each action is in a given state, Inter-

val Q-Learning works with ranges – or intervals – of possible 

values [8]. This means, instead of fixing a single number, the 

algorithm keeps track of the minimum and maximum ex-

pected rewards for each action-state pair. The novel approach 

in proposed algorithm as compared to other popular methods 

is compared in below table. 

In many real-world scenarios, there’s uncertainty in rewards 

or transitions, either because of limited data or inherent ran-

domness in the environment. By using intervals, the agent be-

comes more robust to such uncertainties and can make deci-

sions that are safer or more cautious when needed [9]. Essen-

tially, it allows the model to hedge its bets by understanding 

not just the average outcome but also the spread of possible 

outcomes. 

STEP 1: Initialize 𝑄(𝑠, 𝑎)  and 𝑄(𝑠, 𝑎)  arbitrarily for all 

(𝑠, 𝑎) pairs (e.g. to zero) 

STEP 2: Loop for each episode: 

Initialize the starting state 𝑠 

Loop for each step of the episode: 

Select action: Choose an action 𝑎 in the current state 𝑠 us-

ing a policy 𝜋 derived from the Q-intervals (e.g., 𝜀-greedy on 

𝑄 or 𝑄). 

Take Action & Observe: Take action 𝑎 and observe reward 

bounds [𝑟, 𝑟]and the next state 𝑠′. 

Update Q-Intervals: Update the interval Q-values for the 

state-action pair (𝑠, 𝑎)  using the observed bounds and a 

learning rate 𝑎: 

Lower bound 

𝑄(𝑠, 𝑎) ← (1 − 𝛼) 𝑄(𝑠, 𝑎) + 𝛼[𝑟 + 𝛾 𝑚𝑎𝑥𝑎′  𝑄(𝑠′, 𝑎′)]  

Upper bound 

𝑄(𝑠, 𝑎) ← (1 − 𝛼) 𝑄(𝑠, 𝑎) + 𝛼[𝑟 + 𝛾 𝑚𝑎𝑥𝑎′  𝑄 (𝑠′, 𝑎′)]  

This procedure iteratively updates interval Q-values using 
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observed bounds. 

The process of updating these intervals is quite similar to 

regular Q-Learning, but instead of updating a single Q-value, 

the agent updates both ends of the interval based on the ob-

served rewards and estimated future returns [10]. Over time, 

as the agent gathers more experience, these intervals can 

shrink, reflecting increased confidence in their estimates. 

In summary, Interval Q-Learning brings a layer of flexibil-

ity and safety to reinforcement learning, making it particularly 

valuable in situations where reliability and caution are im-

portant. It’s a neat way of not just learning what’s best, but 

also understanding what could possibly go wrong, and plan-

ning accordingly. 

4.2. Theoretical Properties 

In the world of reinforcement learning (RL), certain theo-

retical properties are fundamental to how algorithms behave 

and perform [11]. Let’s take a closer look at three important 

ones: monotonicity, contraction, and robustness. 

Monotonicity 

Monotonicity, in the context of RL, refers to how certain 

updates or transformations always move in a single direction, 

typically towards improvement or at least not worsening. For 

example, when you update the value function using Bellman 

updates, monotonicity means that your new estimates won’t 

be worse than the previous ones according to a specific meas-

ure [12]. This property is valuable because it offers assurance 

that, as you keep learning and updating, the system is at least 

not regressing. The interval Bellman operator is monotonic. If 

𝑄𝑘 ≤ 𝑄𝑘+1 and 𝑄𝑘 ≤ 𝑄𝑘+1 for all state-action pairs, then the 

same holds after applying the respective backup operators. 

Contraction 

Contraction is a mathematical property that is central to 

many RL algorithms [13], especially those involving dynamic 

programming. A contraction mapping is an operation that con-

sistently pulls different value functions closer together with 

each application. In RL, the Bellman operator is a classic ex-

ample: it’s a contraction under the right conditions. What’s 

great about contraction is that it guarantees the value function 

will converge to a unique fixed point—meaning, after enough 

updates, you’re bound to land on the optimal solution regard-

less of where you started. The operator is a 𝜸-contraction in 

the sup-norm for the space of bounded intervals. This property 

guarantees convergence of the interval value functions to a 

unique fixed point. 

Robustness 

Robustness is all about how well an RL algorithm can han-

dle uncertainties, noise, or slight changes in the environment 

[14]. Real-world environments are rarely perfect, so algo-

rithms that are robust can cope with unexpected events, errors 

in modelling, or variations in input without losing their effec-

tiveness. In simple terms, robustness ensures that small hic-

cups or inaccuracies won’t send your learning agent off track, 

which is crucial for practical deployment. Policies optimized 

over the lower-bound Q-value, 𝑄, guarantee a minimum ex-

pected return within the defined uncertainty set. This provides 

a formal performance guarantee against the worst-case sce-

nario. 

All in all, monotonicity, contraction, and robustness serve 

as guiding principles, helping ensure RL algorithms are relia-

ble, converge as expected, and can stand up to the messiness 

of real-world scenarios. 

4.3. Use Case: Credit Line Allocation in 

Financial Services 

Problem: A bank must decide personalized credit line ex-

tensions for users under uncertainty in repayment behavior 

and income volatility. 

Credit line allocation stands as one of the cornerstone deci-

sions within the financial services sector. Determining the 

right amount of credit to extend to each customer not only af-

fects the individual's experience, but also the institution’s risk 

exposure, profitability, and overall financial health. Tradition-

ally, banks and financial institutions have relied on a blend of 

statistical models, expert judgment, and rule-based systems to 

guide these decisions. However, as the landscape evolves, ar-

tificial intelligence—and specifically, Reinforcement Learn-

ing (RL), is making its mark as a transformative force for op-

timizing credit line allocation. 

Allocating credit lines is far from straightforward. Financial 

institutions must balance the need to grow their lending port-

folios against the imperative to minimize default risk. Several 

complex factors come into play: 

1) Customer creditworthiness and historical behavior 

2) Macroeconomic trends 

3) Regulatory requirements 

4) Competitive pressures 

5) Changing customer needs 

Static models often fall short in capturing the dynamic rela-

tionship between these factors, especially as market condi-

tions and individual behaviors shift over time. That’s where 

RL can offer a meaningful advantage. 

Setup: 

States (𝑠): User credit score, debt-to-income ratio, recent 

transactions. 

Actions (𝑎): Offer no credit, moderate credit, or high credit. 

Rewards (𝑅(𝑠, 𝑎)) : Estimated profit from interest pay-

ments minus potential default losses. 

Interval Uncertainty: 

Income prediction and default risk estimates come with 95% 

confidence intervals. 

Transition dynamics are modeled via historical user behav-

ior with statistical bounds. 

Policy Goal: 

Use 𝜋𝑟𝑜𝑏𝑢𝑠𝑡(𝑠) to ensure minimal loss in the worst case, or 

𝜋𝑎𝑤𝑎𝑟𝑒(𝑠) to maximize gain while bounding risk. 

Results: 

The robust policy avoids extending high credit to volatile 
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users. 

Balanced policy successfully segments low-risk high-value 

users and maximizes profitability with bounded uncertainty. 

5. Benchmarking and Performance 

Metrics 

When evaluating interval optimization techniques in rein-

forcement learning, particularly in the context of Interval Q-

Learning, Standard Q-Learning, and Robust Baseline methods, 

it's insightful to consider two key performance metrics: ex-

pected return and worst-case return [15]. 

Expected Return 

Expected return is essentially the average reward an agent 

can anticipate when following a particular policy over time. 

Standard Q-Learning generally aims to maximize this ex-

pected return. Since Standard Q-Learning does not explicitly 

account for uncertainties or adversarial conditions, it often 

achieves higher average rewards in well-specified environ-

ments where the model assumptions closely match reality. 

Interval Q-Learning, on the other hand, incorporates uncer-

tainty by optimizing over a range of possible outcomes. This 

means while its expected return may be slightly lower than 

that of Standard Q-Learning in benign settings, it still per-

forms reliably, especially when there is a risk of model mis-

specification. 

The Robust Baseline approach is more conservative. It pri-

oritizes stability and security over high average gains, often 

leading to a lower expected return compared to the other two, 

but with the advantage of being less sensitive to unexpected 

changes in the environment. 

Worst-case Return 

Worst-case return, as the name suggests, reflects the mini-

mum reward an agent can expect under the most challenging 

circumstances. Here, Robust Baseline methods shine—they 

are specifically designed to guard against adverse scenarios, 

ensuring that even in the least favorable cases, the agent does 

not perform disastrously. 

Interval Q-Learning also offers improved protection com-

pared to Standard Q-Learning, as it hedges against uncertainty. 

Its worst-case performance usually sits between Standard Q-

Learning and Robust Baseline. While it may not always guar-

antee the absolute best safety, it provides a good balance be-

tween risk and reward. 

Standard Q-Learning, by focusing on maximizing average 

returns and not explicitly accounting for risks, can sometimes 

suffer from poor performance when things go wrong. Its 

worst-case returns are typically lower, making it less suitable 

for applications where safety and consistency are critical. Be-

low figure shows a sample experiment of performance com-

parison of Interval Optimization methods. 

 
Figure 2. Performance comparison of Interval Optimization methods. 

To sum up, if your primary goal is to maximize average 

rewards and the environment is predictable, Standard Q-

Learning is a good choice. If you value safety and con-

sistency in unpredictable settings, Robust Baseline is more 
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appropriate. Interval Q-Learning offers a balanced compro-

mise, providing both reasonable expected returns and im-

proved protection against the worst-case scenarios. 

We evaluated Interval RL against traditional Q-learning and 

robust MDP baselines using synthetic and real-world datasets. 

Evaluation Metrics 

1) Expected Return: Average cumulative reward 

2) Worst-Case Return: Minimum performance under un-

certainty bounds 

3) Uncertainty Coverage: Width of interval estimates 

4) Regret: Difference in reward compared to optimal in 

hindsight 

Experimental Setup 

It is important to note that certain aspects of the experi-

mental setup may limit full reproducibility. The dataset in-

cludes both synthetic financial simulations and anonymized 

real-world credit records, but fine-grained characteristics such 

as user segmentation or data preprocessing steps are not ex-

haustively documented. Interval construction methods, which 

play a central role in Interval Q-Learning, are described at a 

high level, yet specific algorithmic details or parameter 

choices are only briefly mentioned. Furthermore, hyperparam-

eter values—such as learning rates, discount factors, and ex-

ploration strategies—are summarized without providing ex-

haustive configuration grids or rationale for selection as 

shown in below Table 2. 

Table 2. Sample Hyperparameter values and metrics in Model for Experimental setup. 

Model Learning Rate Discount Factor Exploration Strategy λ₁ λ₂ 

Interval Q-Learning 0.05 0.98 ε-greedy (ε = 0.1) 0.2 0.8 

Standard Q-Learning 0.1 0.95 ε-greedy (ε = 0.1) N/A N/A 

Robust Baseline 0.05 0.98 ε-greedy (ε = 0.05) 0.3 0.7 

 

This table summarizes the main hyperparameters that were 

set for each model, including learning rates, discount factors, 

and the approach used for exploration. The λ₁ and λ₂ values, 

which are specific to interval and robust methods. 

Lastly, while baseline models are compared, the nuances in 

tuning and implementation may introduce subtle differences, 

making exact replication challenging for future studies. 

Dataset: Synthetic financial behavior simulator and anony-

mized credit dataset (10k users). 

Models: Interval Q-learning, standard Q-learning, and ro-

bust baseline. 

Training: 1,000 episodes, ε-greedy exploration. 

Quantitative Results 

Table 3. Quantitative Results of Metrics evaluated. 

Metric Interval Q-Learning Standard Q-Learning Robust Baseline 

Expected Return 82.1 ± 2.4 87.3 ± 3.1 74.6 ± 2.0 

Worst-Case Return 71.8 42.6 68.3 

Interval Width (Avg) 5.4 N/A 7.1 

Regret (vs. Oracle) 4.1 9.7 6.0 

 

Visual Benchmark Summary: 

The visualization above illustrates: 

Strong worst-case return and low regret by Interval Q-

Learning. 

Tight interval bounds (lower uncertainty) compared to ro-

bust baseline. 

Competitive expected returns, showing safety-performance 

trade-off. 

Reinforcement learning adds a dynamic, adaptive layer to 

credit line allocation by continuously learning from outcomes 

and evolving environments. Here’s how RL can help solve 

some of the longstanding challenges: 

1) Personalized Credit Allocation 

RL algorithms can be trained to tailor credit line decisions 

to each individual customer. Unlike rule-based systems that 

segment customers into broad categories, RL agents analyze 

granular data on spending patterns, repayment behavior, life 
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events, and even market signals. By simulating various sce-

narios, the agent learns to optimize credit limits that are both 

fair to the customer and prudent for the institution. 

Balancing Risk and Reward 

In credit allocation, there’s always a trade-off between max-

imizing revenue (by granting higher credit limits) and control-

ling risk (by keeping limits conservative). RL agents are 

uniquely positioned to learn this delicate balance. By receiv-

ing feedback on loan performance, defaults, and repayments, 

the RL model can adjust its strategy over time. If higher limits 

lead to increased delinquencies, the agent will naturally be-

come more cautious. Conversely, if customers demonstrate re-

liable repayment, the agent may increase limits to foster loy-

alty and drive usage. 

2) Adapting to Changing Market Conditions 

The financial world is in a constant state of flux, shaped by 

economic cycles, policy changes, and unforeseen events. RL 

methods excel at adapting to change. Because they are trained 

in ongoing data streams, RL agents can quickly learn the im-

pact of market shifts on customer behavior and adjust credit 

line allocation strategies accordingly. For example, if a reces-

sion causes a spike in defaults, the RL agent will learn to 

tighten limits, reducing exposure. 

3) Continuous Learning and Improvement 

Unlike static models that may require periodic retraining, 

RL systems learn continuously. Every day brings new data—

repayments, purchases, defaults—and the RL agent absorb 

these lessons, evolving its policy to reflect recent trends. This 

means credit line allocation is always informed by the latest 

information, making decisions more responsive and relevant. 

4) Scenario Simulation for Strategic Decisions 

Financial institutions often want to simulate the impact of 

different credit policies before rolling them out widely. RL of-

fers a powerful tool for scenario analysis. Institutions can set 

up virtual environments where RL agents test different credit 

allocation strategies, observing the outcomes in terms of risk, 

revenue, and customer experience. This enables data-driven 

decision making, minimizing the risk of costly mistakes. 

Benefits of RL-Based Credit Line Allocation 

Adopting reinforcement learning for credit line allocation 

brings several notable benefits: 

a) Agility: The system can rapidly adjust to changes in 

customer behaviour or economic conditions. 

b) Personalization: Customers receive credit offers tai-

lored to their unique profiles, strengthening loyalty 

and trust. 

c) Risk Optimization: RL agents can fine-tune the bal-

ance between risk and return, helping institutions re-

main profitable while managing exposure. 

d) Efficiency: Automation reduces manual workload, free-

ing up experts for higher-level strategy and interventions. 

e) Transparency: Continuous learning makes it easier to 

trace the rationale behind allocation decisions, sup-

porting compliance and customer communication. 

6. Related Work 

Our approach builds upon the rich field of robust and risk-

aware Reinforcement Learning. Foundational work in Robust 

MDPs provides a formal framework for optimizing policies 

under model ambiguity, but these methods are often model-

based and computationally intensive, requiring solvers for 

min-max dynamic programming. Our Interval Q-Learning of-

fers a model-free alternative that learns robust policies directly 

from interaction. 

Bayesian Reinforcement Learning (BRL) models uncer-

tainty by maintaining full posterior distributions over MDP 

parameters. While powerful, BRL can be complex to imple-

ment. Interval Optimization provides a simpler, non-probabil-

istic framework that only requires bounds on uncertain param-

eters rather than full distributions. 

Finally, our pessimistic policy is related to Risk-Sensitive 

RL methods that optimize criteria like Conditional Value at 

Risk (CVaR). The use of the lower-bound Q-value, 𝑄, can be 

seen as a direct strategy to optimize for the worst-case return, 

providing a practical and intuitive approach to risk aversion. 

7. Discussion 

The benchmarking results highlight the practical trade-offs 

inherent in robust policy learning. The superior Worst-Case 

Return of Interval Q-Learning (71.8) compared to Standard Q-

learning (42.6) and the Robust Baseline (68.3) validates our 

method's primary goal: providing a high-performance guaran-

tee against uncertainty. This is a critical feature for high-stakes 

applications like the financial use case, where limiting down-

side risk is paramount. 

This safety comes at a modest cost to the Expected Return 

(82.1 vs. 87.3 for Standard Q-Learning). This demonstrates 

the classic safety-performance trade-off: our agent foregoes 

actions with high potential rewards if they also carry high un-

certainty, leading to a slightly more conservative but far safer 

policy. 

Furthermore, the tighter Interval Width (5.4 vs. 7.1 for the 

Robust Baseline) suggests that our Q-learning update rules are 

efficient at incorporating environmental feedback to reduce 

uncertainty over time. The significantly lower Regret (4.1) 

confirms that the decisions made by our agent are closer to 

optimal in hindsight, effectively balancing exploration with 

robust decision-making. 

8. Limitations 

Despite its strong performance, this work has several limi-

tations that suggest avenues for future research. The experi-

ment is done with LLM already designed for standard RL ap-

proach. Customized model with cusom filtered knowledge 

source for private LLM need to be experimented which can 

give good performance due to data optimization with Private 
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LLM datasets. 

Dependence on Priors: The effectiveness of Interval Q-

Learning hinges on the initial specification of reward and tran-

sition bounds, [𝑅, 𝑅] and [𝑃, 𝑃]. Acquiring accurate and mean-

ingful bounds can be a significant challenge in real-world ap-

plications where data is sparse or non-stationary. 

Potential for Over-Pessimism: The robust policy, 𝜋𝑟𝑜𝑏𝑢𝑠𝑡, 

is optimized against the worst-case scenario defined by the in-

tervals. If these bounds are excessively wide or the true envi-

ronment is consistently more favourable, this policy may be 

overly conservative, sacrificing significant potential returns. 

Computational Overhead: By maintaining and updating 

two separate Q-tables (𝑄  and 𝑄  ), our method doubles the 

memory and computational requirements per step compared 

to standard Q-learning. While manageable for the problems 

studied here, this could pose a challenge in environments with 

extremely large state-action spaces. 

9. Conclusion 

Interval Optimization in Reinforcement Learning provides 

a principled way to handle model and environment uncertainty. 

By modeling rewards and transitions as intervals and design-

ing policies that incorporate pessimistic, optimistic, or uncer-

tainty-aware perspectives, RL becomes applicable to high-

stakes, real-world decision systems. 

The benchmarking results show that interval-aware policies 

offer a robust trade-off between safety and performance. Fu-

ture work includes integrating Bayesian interval estimates, 

combining with offline RL, and adapting to multi-agent set-

tings for applications in finance, supply chains, and autono-

mous decision-making. 
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