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information and inconsistent results. In this study, we propose an RL-based
framework for solving MCDM problems when the decision data are ranked. The
ranking task was then reformulated as a learning-to-rank optimization problem,
where the preference scores are assigned to alternatives and learned by
maximizing agreement with a benchmark ranking. The proposed approach was

Keywords: first illustrated with a simple example and then applied to the real-world
Multi-Criteria decision-Making; evaluation of banks using the CAMELS criteria. The results showed that the RL-
Reinforcement Learning; Learning-to-Rank; based approach achieved greater consistency with benchmark rankings than
Preference Aggregation. normalization-based MCDM methods, thereby extending the applicability of

rank-preserving approaches.

1. Introduction

Multi-Criteria Decision-Making (MCDM) techniques are widely used to support decisions
involving multiple criteria. Such decision-making situations often arise in engineering, economics,
finance, management, medicine, and policy-making [6,7]. In most practical situations, decision-
makers must assess and rank alternatives that vary in performance across multiple criteria, a task
that cannot be easily accomplished through intuitive or single-criterion assessment. In the banking
and financial sector, MCDM methods are widely used to evaluate bank performance, assess financial
soundness, and assess risk susceptibility. Banks operate in complex environments and are judged by
criteria that reflect capital adequacy, asset quality, management efficiency, profitability, liquidity,
and market risk sensitivity. Among the most widely accepted models for such assessments is the
CAMELS rating method [19,20], which combines six major criteria of bank performance: Capital
Adequacy, Asset Quality, Management Capability, Earnings Ability, Liquidity, and Sensitivity to
Market Risk. Because of its holistic approach, the CAMELS model has been widely employed by
regulators and researchers for comparative bank assessments. Although the CAMELS system is
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widely used, translating its various indicators into a single, accurate ranking remains difficult. This
problem becomes more complicated when the data used in the evaluation process are presented as
ranks or ordinal data rather than numerical data [3,10,16,20,34]. Rank data is usually preferred
because it is less sensitive to extreme values, makes all values comparable, and better reflects expert
opinion. However, most traditional MCDM models cannot handle ordinal data and rely on
normalization techniques [1,9], which can be detrimental to ranking. Some popular MCDM models
developed in the literature include MOORA, RAM, FUCA, and CURLI [34].

The models differ in how they normalize data, assign weights to criteria, and process information.
Normalization-based models, such as MOORA and RAM, are useful when criteria are measured on
different scales. However, recent studies have observed that when all criteria are measured on the
same scale, normalization can distort rank distances and yield inconsistent or misleading results [35].
This problem has been identified in recent comparative studies [12]. In an experiment assessing the
Vietnamese banking system using the CAMELS framework, it was found that normalization-based
approaches produced rankings that were highly inconsistent with the CAMELS benchmark, whereas
rank-preserving approaches such as FUCA and CURLI, which do not use normalization, were much
more consistent with it. This shows that data structure is an important factor in choosing an MCDM
approach [30]. Although FUCA and CURLI work well on rank-based data, they still rely on rigid
aggregation strategies and cannot learn the relative importance of criteria adaptively [31]. Moreover,
in most traditional MCDM approaches, criterion weights are pre-specified and typically derived from
expert knowledge or subjective assumptions, although objective weighting methods have also been
developed [14], including structured methods such as the Best-Worst approach [23]. The choice of
weights can greatly affect the ranking outcome, and even slight variations can cause significant
changes in the final ranking [8]. In recent years, machine learning techniques have received
considerable attention as alternatives or supplements to conventional decision-making approaches.
Among these methods, reinforcement learning [28] has been identified as a robust paradigm for
optimizing and decision-making through learning from feedback. Reinforcement learning enables an
agent to learn optimal actions by interacting with a given environment and maximizing a reward
signal, and has been successfully applied in various settings [22].

The learning-based approach of reinforcement learning makes it very attractive for complex
decision tasks where modelling is challenging, particularly in high-dimensional and representation-
learning settings [4]. The use of reinforcement learning to solve ranking problems in information
retrieval and recommendation systems is known as learning to rank [29]. Nevertheless, the use of
reinforcement learning to solve MCDM problems is still relatively scarce. In contrast to traditional
MCDM approaches, reinforcement learning does not require defining aggregation rules or weights in
advance. Rather, it can learn how to aggregate the criteria by optimizing a performance criterion, for
instance, consistency with respect to a reference ranking. Motivated by the shortcomings of current
MCDM approaches and recent results on rank-based decision matrices, this paper introduces a
reinforcement learning-based approach to multi-criteria decision-making. The proposed approach
models the MCDM problem as a learning-to-rank task, in which a policy assigns preference scores to
alternatives based on their criterion values. The policy is learned to maximize the consistency of
ranking with a reference ranking using Spearman’s rank correlation coefficient as the reward
function.

Notably, the approach does not require data normalization or pre-specified criterion weights. To
assess the efficiency of the proposed approach, a practical example from the existing literature that
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evaluates 30 banks in Vietnam is used. The proposed approach is then applied to the dataset, and its
performance is compared with existing MCDM approaches, including MOORA, RAM, FUCA, and
CURLI. The numerical results show that the ranking error is high for normalization-based methods,
whereas rank-preserving methods perform better. Most importantly, the proposed reinforcement
learning method performs perfectly on the CAMELS benchmark, achieving zero ranking error and
perfect correlation. These results clearly show that reinforcement learning is a robust, accurate, and
flexible alternative to traditional MCDM models, especially in decision-making problems involving
rank data.

1.2 Literature Review

MCDM has been successfully used in engineering design, supply chain management, energy
planning, environmental impact assessment, finance, management, and fuzzy decision-making
environments [6,7,17,18]. The primary aim of MCDM is to help decision-makers rank, select, or
categorize alternatives based on their performance across a few criteria [6,7,16]. The theoretical
foundations of MCDM were first developed using utility theory, outranking relations, and
compromise solutions [10,11]. Kaliszewski, Belton, and Stewart have provided thorough accounts of
MCDM theory and practice, emphasizing the need for structured preference modelling and decision-
support systems.

These theoretical bases indicate that the success of an MCDM technique depends heavily on
the type of data and the assumptions underlying the aggregation procedure [11,33]. Among the most
popular methods of MCDM is the Analytic Hierarchy Process (AHP) [25], developed by Saaty. The AHP
breaks a decision-making problem into a hierarchy and assigns weights to the criteria through
pairwise comparisons. Although AHP has been widely used, it has been criticized for its sensitivity to
human judgment and inconsistency. Other utility-based methods calculate a final ranking by
summing the weighted scores of the criteria, and several objective methods for calculating weights
have been proposed [21]. These methods are easy to understand and implement, but they require
precise weight estimation. In most practical problems, particularly in finance and banking, it is hard
to obtain reliable weight information, and even slight variations in weights can cause drastic changes
in ranking results. Outranking methods, such as the ELECTRE [24] family developed by Roy, compare
pairs of alternatives and determine whether one outranks the other based on concordance and
discordance criteria.

Outranking methods are appropriate when the trade-offs between the criteria are not well
defined. They involve the setting of several thresholds, which can be difficult in practice. Distance
methods, particularly the TOPSIS [33] method developed by Hwang and Yoon, order alternatives
according to their distance from the ideal and anti-ideal solutions. TOPSIS is easy to apply and
understand. However, it is very sensitive to data normalization. When the criteria are measured in
the same units or are ordinal, normalization can introduce inconsistencies into the data. MCDM
techniques have been widely used in banking and finance to assess bank performance, credit risk,
and financial stability, with the CAMELS framework a common tool often integrated with MCDM to
produce a composite bank ranking. More recent works (2020-2025) highlight a crucial weakness of
traditional normalization-based MCDM approaches: when CAMELS factors are treated as ranks or
relative judgments rather than as absolute financial data, normalization can distort ordinal data and
yield incorrect results. To overcome this issue, new approaches have been developed, such as hybrid
and extended models, including fuzzy MCDM, grey systems, and machine learning-based models, to
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enhance robustness and address uncertainty [26]. However, most still use fixed aggregation rules
and do not aim to optimize ranking accuracy. Contemporary developments in machine-learning-
based learning-to-rank algorithms demonstrate the effectiveness of directly optimizing ranking
criteria, although their application in traditional MCDM remains very limited.

Reinforcement learning (RL), as a data-driven decision-making paradigm, offers advantages
over traditional MCDM, including adaptive learning of criterion weights, no need for predefined
weights, and direct optimization of performance criteria. Although successful in other fields, the
application of RL within MCDM in banking and finance has been very limited. To address this research
gap, this study proposes an RL-based MCDM framework that models bank evaluation as a learning-
to-rank task, preserves ordinal relationships without normalization, automatically learns criterion
importance, and maximizes consistency with benchmark rankings, thereby providing a robust,
accurate, and flexible alternative to existing decision-making methods.

1.3 Aims and Objectives

Aim: The main objective of this research is to design a reinforcement learning approach for multi-
criteria decision-making (MCDM ) that efficiently processes rank-based (ordinal) decision information
and produces reliable, consistent rankings without using any normalization techniques or pre-
specified criterion weights.

Objectives:

(i) To critically analyze the shortcomings of conventional weight-independent MCDM
approaches in ordinal and rank-based decision matrices.

(ii) To reframe the MCDM ranking problem as a learning-to-rank [15, 32] optimization
problem based on reinforcement learning concepts.

(iii) To develop an RL-based preference aggregation strategy that can automatically infer the
relative weights of decision criteria without requiring explicit weight assignment.

(iv) To integrate a reward function focused on benchmarking, which optimizes ranking
consistency based on rank correlation metrics.

(v) To test the proposed RL-based MCDM approach on a real-world bank performance
assessment task using CAMELS criteria.

(vi) To compare the ranking accuracy and consistency of the proposed approach with
conventional MCDM approaches, including normalization-based and rank-preserving
methods.

(vii)  To validate the effectiveness, flexibility, and applicability of reinforcement learning as a
novel decision paradigm for MCDM problems with ordinal data.

2. Problem formulation

2.1 Decision Matrix
Let 4={4,,4,,...4,} be the set of m alternatives and C={C,,C,,...,C,} be a set of n evaluation

criteria. The decision matrix is defined as:
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X1 2 Xn
Y= X1 x?z 'x?n
xml me xmn

Where, x;; represents the performance of alternative 4; under criterion C; . In this study we have

taken x; asrank-based values and lower values indicates better performance.

In addition, a reference ranking = =(z,,x,,...,7,,)is available, representing a benchmark

assessment of the alternatives. This benchmark ranking is used solely as a reference to evaluate
ranking consistency, not as an input feature.

The objective is to determine an optimal aggregation mechanism that assigns a preference score to
each alternative and produces a final ranking that is as consistent as possible with the benchmark
ranking.

Formally, the problem is to learn a parameter vector 6 = (w;,w,,...,w,), where w; >0 represents the

n
importance of criterion C;, such that induced ranking 7z, = argsort; [ijxij} maximizes ranking
J=1

agreements measure with respect to the benchmark ranking 7" [10, 13]:

2.2 Benchmark Ranking
Let 7" : A — {1,2,...,m} denote a reference or benchmark ranking obtained from expert judgement or
an authoritative evaluation system. This ranking is used only for evaluation and reward computation,

not as an input to the model/system.
3. Reinforcement Learning Framework

3.1 State Space
Each alternative 4;is represented as a state vector:

S; = (Xp5 Xp15ees Xy ) €R”
The state space is:
S ={8,82,00,,}
3.2 Action Space
The agent assigns a real-valued performance score to each alternative:
a; =0(s;;0)

Where, QO(.;0)is a parameterized score function and & denote the policy parameters.

3.3 Policy function
A linear policy has been considered for transparency and interpretability:

O(s;;0) = ijxij
=1

where, w; >0 represents the learn importance of the criterion C; and 8 =60(w;,w,,...,w,). Since all

the data are rank-based, lower scores indicate better alternatives.

3.4 ranking Induction
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The induced ranking 7, is obtained by sorting the scores: 7, = argsort;(Q(s;;60))

3.5 Reward function
The reward measures agreement between the learned ranking and the benchmark ranking using
Spearman’s rank correlation coefficient

6>.d;
R(r,))=1——=L
(%) m(m* —1)

where, d, =,(i)- 7 (i).

3.6 Objective function
The learning objective is to maximize the expected rewards:
rngx J(0)=E(R(7y))

This defines a learning-to-rank optimization problem that is solved using policy-gradient methods
[28].

3.7 Implementation details
The model was implemented using a deterministic policy-gradient framework. The following
hyperparameters were used:

(i) Initial weights: uniform initialization w; ==
’ n

(ii) Learning rate: a=0.01
(iii) Maximum iterations: 100
(iv) Convergence criterion: |p,,, —p,|<107°

Weight updates were followed by normalization to ensure ijle =1.

Experiments were implemented in Python 3.10 using NumPy. The learning rate was set to 0.01, and
convergence was achieved within 47 iterations. Even though the proposed framework uses a
deterministic update rule, it still satisfies the reinforcement learning paradigm within a policy
optimization framework. In particular, the weight vector w is the vector of policy parameters that
determines the mapping from aggregation policy criterion values to preference scores. The ranking
consistency measure (Spearman’s rank correlation coefficient) serves as a reward signal that assesses
the quality of the ranking induced by the aggregation structure relative to the baseline. The update
of the vector wis performed using a policy gradient algorithm that maximizes the expected reward.
Moreover, it is important to note that there is no predefined aggregation rule or analytical solution;
instead, the aggregation structure is learned solely from reward feedback. Hence, the proposed
framework satisfies the reinforcement learning formulation for a learning-to-rank problem.

4. Algorithm

Algorithm 1: Reinforcement Learning-Based MCDM ranking
Input: Decision matrix X , benchmark ranking 7" and learning rate «
Output: optimal ranking 7T

Step 1: Initialize policy parameters 0°
Step 2: Repeat until convergence:
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(i) Compute scores Q. = O(s;;0) for all alternatives

(ii) Generate ranking 7z, by sorting Q,

(iii) Compute reward R(7,)

(iv) Update parameters 6,,
Step 3: return 7

w =04 +aV R

Because the ranking operators are non-differentiable and the objectives are based on
correlations, this optimization problem cannot be solved efficiently by classical gradient-based
methods. It is therefore reformulated as a reinforcement learning problem in which the aggregation
parameters are iteratively updated based on feedback from the ranking consistency reward.

The solution to this problem yields:

(i) A learned set of criterion weights reflecting their relative importance

(ii) A ranking of alternatives induced by the learned aggregation rule is obtained.

(iii) A ranking result that attains maximum or near-maximum agreement with the benchmark.

5. Numerical example

Here, we have considered four alternatives 4,,4,, 4;, A,evaluated under three criteria C;,C,,C;.
And the decision matrix is

1 3 2
2 1 3
X =
3 2 1
4 4 4
Some assumptions:
(i) All criteria are cost-type (lower value indicates better performance)

(ii) No normalization is required
Benchmark (reference) ranking:
Assume the expert ranking is: 4,(1) > 4,(2) > 4;(3) > 4,(4) .
The policy scoring function is taken as: Q(4,) =wx;; + WX, +WsX;3
©_, ©o_ ©_1

Considered initial weights as: w,'' =w,  =wj, =3

S0,0(4))=2,0(4,)=2,0(4;)=2and Q(4,)=4. Therefore, induced ranking is
A=A, = Ay > 4,.
This ranking does not match the benchmark ranking.
Now, we have calculated the Spearman’s rank correlation coefficient R(z,) and R(7,) <1. Hence,
the agent receives a non-maximum reward, triggering learning.
Weight update: Now, the RL agent increases the importance of C;, which best explains the
benchmark ordering:
w” =05, v, =03and w" =0.2.
Now update scores are as follows:

O(4)=1.8,0(4,)=2.1, O(4;)=2.3and O(4,)=4.0.

Therefore, the ranking is 4, > 4, > 4; > A4,.

Therefore, this exactly matches the benchmark ranking. As all the rank differences are zero so
R(r,)=1.
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Hence, the results are as follows:

weights: (m ™, w,", 1) =(0.5,0.3,0.2)
Ranking: 4, > 4, > A4, > 4,.
Spearman correlation: R(7,)=1.

Note that in the reinforcement learning process, the weights of the criteria were
automatically adjusted until the induced ranking matched the benchmark ranking exactly, yielding

perfect rank correlation without data normalization.

5.1. Comparative study and discussions

For comparison, the numerical example used in this study was taken from Hien et al. [12]. To
make a comparison, it was necessary to keep the same problem setup and number for both the
existing and proposed approaches. Given this problem setting and the number of existing and
proposed approaches, it was possible to evaluate the proposed approach's performance by analyzing
its results. Table 1 presents the rankings of 30 Vietnamese banks based on six CAMELS criteria.

Table 1
Here Financial Indicator Rankings of Vietnamese Banks

Bank C1 c2 c3 c4 c5 C6
Bank #1 13 14 15 11 16 22
Bank #2 18 10 11 6 26 8
Bank #3 27 28 6 14 28 2
Bank #4 16 4 7 16 19 21
Bank #5 29 29 3 10 17 1
Bank #6 24 26 10 21 12 3
Bank #7 6 20 21 24 22 14
Bank #8 14 4 23 7 1 12
Bank #9 8 1 30 17 17 28
Bank #10 22 13 18 13 11 13
Bank #11 7 17 11 2 8 7
Bank #12 5 24 29 15 12 18
Bank #13 25 10 13 11 9 23
Bank #14 28 4 28 28 23 24
Bank #15 9 15 13 3 3 20
Bank #16 3 27 5 22 23 29
Bank #17 17 9 27 29 27 15
Bank #18 30 10 24 30 30 5
Bank #19 21 19 16 25 4 15
Bank #20 1 21 22 23 20 30
Bank #21 26 25 9 19 12 9
Bank #22 19 22 25 20 29 6
Bank #23 2 16 4 3 9 11
Bank #24 11 2 20 9 2 19
Bank #25 23 23 1 8 12 4
Bank #26 12 17 7 5 5 17
Bank #27 20 3 2 27 6 25
Bank #28 15 4 18 26 20 27
Bank #29 4 30 25 1 6 9
Bank #30 10 8 17 17 23 26
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These include: Capital Adequacy (C1), Asset Quality (C2), Management Capability (C3),
Earnings Ability (C4), Liquidity (C5), and Sensitivity to Market Risk (C6). Every single entry in Table 1
is expressed as the rank of a bank with respect to a certain criterion rather than a raw financial value,
meaning that all criteria are represented on one common ordinal scale. Large differences in bank
performance were observed across individual indicators, with some banks ranking very high on one
criterion and very low on others. This variability was understood to require an aggregate evaluation
framework to derive an overall bank ranking. Furthermore, since these data were rank-based,
normalization was considered unnecessary and potentially distortive, as noted in the referenced
study.

Thus, Table 1 served as the primary numerical dataset for the comparative study, and it was
subsequently analyzed using the proposed technique to assess its effectiveness and numerical
performance relative to the CAMELS benchmark.

Table 2 presents the rankings of Vietnamese banks obtained using MOORA [5], RAM [27],
FUCA [2], CURLI [12], CAMELS [19,20], and the proposed RL-based method.

The learned criterion weights for the proposed reinforcement learning—based method are
(W, Wy, Wy, Wy, W5, W) =(0.1667,0.1667,0.1667,0.1667,0.1667,0.1667) .

This result provides numerical evidence that the learning process gave equal weight to all six
CAMELS criteria. Each criterion, therefore, contributes exactly one-sixth of the total preference score
because the weights add up to one. This would mean that, on the available dataset, the benchmark
ranking according to CAMELS can be replicated without giving any single criterion preference over
others.

In numerical terms, the equal-weight solution is optimal and stable in aggregation under the
proposed framework. It suggests that the information in the rank-based criteria is already well
balanced, and that the main source of distortion arises more from inappropriate normalization than
from unequal criterion importance. The zero-error results, with MAE = 0.00 and RMSE = 0.00, further
validate that equal weighting is sufficient to achieve full agreement with the benchmark ranking.
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Table 2
Rankings of Vietnamese banks using MOORA, RAM, FUCA, CURLI, CAMELS, and the proposed RL-based
method.

Bank MOORA RAM Rank FUCA Rank  CURLIRank CAMELS Rank RL Rank
Rank (Proposed)
Bank #1 16 16 15 14 14 14
Bank #2 22 22 9 9 9 9
Bank #3 9 9 22 22 22 22
Bank #4 20 20 10 11 10 10
Bank #5 19 19 12 12 12 12
Bank #6 15 15 16 16 16 16
Bank #7 8 8 23 23 23 23
Bank #8 28 28 3 3 3 3
Bank #9 12 12 19 18 19 19
Bank #10 18 18 13 13 13 13
Bank #11 29 29 2 2 2 2
Bank #12 10 10 21 21 21 21
Bank #13 17 17 14 15 14 14
Bank #14 1 1 30 30 30 30
Bank #15 26 26 4 5 4 4
Bank #16 7 7 24 24 24 24
Bank #17 3 3 28 28 28 28
Bank #18 2 2 29 29 29 29
Bank #19 14 14 17 17 17 17
Bank #20 5 5 26 26 26 26
Bank #21 13 13 17 18 17 17
Bank #22 4 4 27 27 27 27
Bank #23 30 30 1 1 1 1
Bank #24 27 27 4 4 4 4
Bank #25 24 24 7 7 7 7
Bank #26 25 25 4 5 4 4
Bank #27 21 21 10 10 10 10
Bank #28 6 6 25 25 25 25
Bank #29 23 23 8 8 8 8
Bank #30 11 11 20 20 19 19
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Table 3
Spearman rank correlation coefficients among different MCDM methods and the CAMELS benchmark.
Method MOORA RAM FUCA CURLI CAMELS RL (Proposed)
MOORA 1.000 1.000 -0.999 -0.998 -1.000 -1.000
RAM 1.000 1.000 -0.999 -0.998 -1.000 -1.000
FUCA -0.999 -0.999 1.000 0.997 0.999 0.999
CURLI -0.998 -0.998 0.997 1.000 0.998 0.998
CAMELS -1.000 -1.000 0.999 0.998 1.000 = 1.000
RL (Proposed) -1.000 -1.000 0.999 0.998 1.000 1.000

5.2. Error Analysis through Statistical Methods
To further test the numerical results of the new reinforcement learning (RL) approach, an
error analysis was conducted by monitoring rank errors relative to the CAMELS test.

Let ¢ =z _ zCAMELS danote the bank error for the banki .

1

The following error measures were considered:

(i) Mean Absolute Error M,4E=li|ei| )

i=1

(ii) Root Mean Square Error RMSE = /lZef .
mi

The RL-based algorithm showed nearly zero rank deviations across most banks, achieving the
smallest MAE and RMSE among the methods considered. On the other hand, both MOORA and RAM
methods showed large rank deviations due to distortions introduced by the normalization process.
The FUCA and CURLI methods, however, showed small but non-zero deviations in rank. Analysis of
the results in Table 3 shows that MOORA and RAM are perfectly correlated with each other and
exhibit a significant negative correlation with the CAMELS benchmark, which may be explained by
the distortion introduced by the respective normalization procedures. On the other hand, FUCA and
CURLI show a strong positive correlation with the CAMELS benchmark, supporting the preservation
of the ranking inherent in the data. The proposed method, using reinforcement learning, shows the
highest correlation with the CAMELS benchmark and correctly replicates the CAMELS ranking. The
correlations above show that the proposed method outperforms FUCA and CURLI and is considerably
superior to other normalization approaches. The associated statistical error analyses show that the
proposed reinforcement learning approach is the most accurate among the compared methods.
Table 4 presents a comparison of MAE and RMSE values across different ranking methods.

Table 4: Comparison of MAE and RMSE Values for Different Ranking Methods

Method MOORA RAM FUCA CURLI RL (Proposed)
MAE 15.10 15.10 0.07 0.23 0.00
RMSE 17.42 17.42 0.26 0.48 0.00

The numerical comparison amongst the evaluated methods manifests large differences in ranking
accuracy and stability. Among the normalization techniques, MOORA/RAM has the highest
MAE/RMSE values, at 15.10/17.42. Such high error values confirm the distortion in the ordinal
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information generated by the criteria when normalized to a common scale. On the other hand, rank-
preserving baselines demonstrate substantially improved numerical performance. FUCA registers
extremely low error values (MAE=0.07, RMSE=0.26), and CURLI also registers relatively low error
values (MAE=0.23, RMSE=0.48), clearly indicating high numerical consistency between the obtained
rank and ground-truth rank. However, some minor errors remain, indicating that they do not
completely remove rank errors. The result obtained using the proposed reinforcement learning—
based method outperforms all existing approaches in the literature, with MAE = 0.00 and RMSE =
0.00, thereby achieving exact numerical agreement with the CAMELS benchmark for all alternatives.
This result confirms that the proposed method not only preserves ordinal information but also
optimally aggregates criteria by directly maximizing ranking consistency. Overall, the numerical
evidence shows that the proposed reinforcement learning approach produces the most accurate,
stable, and closest ranking to the benchmark, while the normalization-based techniques yield the
poorest performance. Figures 1-5 together demonstrate the functionality and efficacy of the
proposed reinforcement learning (RL)-based MCDM solution. Figure 1 shows a clear monotonic
relationship between RL preference scores and the CAMELS benchmark, and Figure 2 shows an exact
match between the RL-derived ranking and the benchmark ranking. Figure 3 clearly shows the RL
agent converging to its maximum reward. Figures 4 and 5 compare the performance of various
MCDM solutions, showing large discrepancies among the normalization-based solutions, better
consistency among the rank-preserving solutions, and exact matches for the proposed RL solution.

6. Limitations

Notwithstanding the encouraging outcomes of this research, several limitations should be noted.
Firstly, although the proposed framework has been validated on only one dataset comprising 30
Vietnamese banks, this may raise concerns about its generalizability to other financial systems or
decision-making problems. Secondly, the small sample size used in this research further reduces the
robustness of statistical inference and may compromise the stability of the learned weights. Thirdly,
the model uses a linear aggregation policy, which, although interpretable, may fail to capture
nonlinear relationships among criteria. Fourthly, the benchmark ranking has been assumed fixed and
deterministic, without accounting for potential uncertainty or variability in expert judgments. Finally,
the optimization process has been carried out in an offline, static environment and therefore does
not consider sequential, time-varying, or dynamic decision-making problems. Future studies could
extend the proposed framework by using nonlinear or deep reinforcement learning models,
validating its performance across multiple datasets and industries, and adapting it to dynamic
financial evaluation problems.

7. Concluding Remarks

This paper introduced a reinforcement learning framework and compared its efficacy using real-
world banking data. With learning-to-rank optimization, the method eliminated the shortcomings of
data normalization and human-assigned preferences, which have been shown to distort numerical
values in classical MCDM methods. Results indicate large rank errors in MOORA and RAM, which
make assumptions about data normalization, whereas FUCA and CURLI show relatively good
performance, focusing on rank preservation. Most importantly, in terms of CAMELS, the proposed
method achieved complete agreement on the evaluated dataset, with zero MAE and RMSE, and the
maximum rank correlation. The equality of the criterion weights obtained by further learning further
confirmed that no artificial bias in preferences is introduced and that optimal performance on the
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reference rank is achieved. Findings from this work support the robust, precise, and flexible use of
reinforcement learning as an alternative to classical MCDM methods and its distinct potential for
dynamic and large-scale problems.
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