ISSN 1330-3651 (Print), ISSN 1848-6339 (Online) https://doi.org/10.17559/TV-20250524002692

Original scientific paper

Dual-Layer Meta-Learning Framework for Adaptive Multi-Task Scheduling of Digital Agents
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Abstract: In the evolving landscape of luxury hospitality, efficient and adaptive task scheduling of digital agents is crucial, particularly during peak operational periods
characterized by simultaneous high-priority guest requests. Traditional scheduling systems, typically relying on rigid rules or deep learning models, often struggle with
dynamic environments, resulting in prolonged customer wait times and inefficient resource utilization. To overcome these limitations, this paper proposes an innovative
Dual-Layer Meta-Learning (DDL) framework. By modeling tasks scheduling as a Markov Decision Process (MDP) and integrating an attention-enhanced
sequence-to-sequence (Seq2Seq) neural network, our framework effectively captures task dependencies and dynamically adjusts priorities in real-time. The proposed
dual-layer meta-learning structure combines generalized cross-scenario knowledge extraction in the outer loop with rapid fine-tuning capabilities in the inner loop, enabling
quick adaptation to new operational contexts with limited data. Experimental validation demonstrates substantial improvements, including a 27% increase in service response
speed and a 19% reduction in customer waiting times compared to conventional methods. Ablation studies further highlight the pivotal role of the attention mechanism,
emphasizing its effectiveness in accurately prioritizing critical tasks. These results underscore the framework's significant potential for enhancing operational efficiency in
dynamic hospitality environments and its broader applicability to similar scheduling challenges across diverse service industries.

Keywords: adaptive service management; attention mechanism; digital agents; dual-layer Meta-Learning (DDL); few-shot learning; hotel operations; Markov decision
process (MDP); multi-task scheduling; sequence-to-sequence (Seq2Seq) networks

1 INTRODUCTION

In recent years, Al has been widely adopted in many
industries, with the focus mainly on whether it has truly
enhanced management efficiency. For instance, according
to the research of Dusadeerungsikul et al. [1],
human-machine collaboration systems have played a
significant role in the medical field, promoting effective
collaboration between Al and human managers.
Haesevoets et al. [2] also mentioned that the key point of
collaboration between humans and Al in management
decision-making lies in understanding how this
collaboration affects the decision-making process and the
quality of the outcome.

It is worth noting the discussion by Zhang et al. [3] on
how AI can assist the better development of the leisure
hotel and tourism industry. The highly competitive
landscape of luxury hospitality requires an unprecedented
level of agility and responsiveness, particularly during
peak operational periods. Malony [4] employed discrete
event simulation (DES) technology to analyze the impact
of employee scheduling on the service efficiency of the
hotel industry under high occupancy rates. High-end hotels
regularly encounter simultaneous surges in guest requests,
VIP expectations, and personalized service demands,
creating complex multi-task management scenarios. Under
these circumstances, effective scheduling and timely
response by digital agents powered by artificial
intelligence are essential to maintaining service quality and
customer satisfaction. However, current digital agent
scheduling methods exhibit significant limitations,
primarily due to their reliance on rigid rule-based
architectures or specialized deep learning models. These
traditional methods consistently fail to dynamically
prioritize and efficiently balance multiple concurrent tasks,
resulting in prolonged guest wait times, suboptimal
resource allocation, and diminished customer experience.

The inadequacies of current scheduling approaches
stem from a fundamental tension between adaptability and
interpretability. On one hand, rule-based systems provide

transparent and consistent decision-making but lack the
flexibility required to rapidly adapt to dynamic,
unpredictable hotel environments. For example, Zhan et al.
[5] demonstrated that while rule-based scheduling ensures
consistency, it underperforms significantly in adapting to
changing operational conditions. On the other hand, deep
learning methods offer high flexibility and powerful
representational capabilities; however, they require
extensive retraining and large datasets each time scenarios
change, which is both impractical and prohibitively
expensive for real-time hotel operations, as highlighted by
Pitakaso et al. [6] and Liu et al. [7].

Recent advancements in meta-learning, such as the
Model-Agnostic Meta-Learning (MAML) framework
proposed by Finn et al. [8] have shown promise in bridging
the adaptability gap by rapidly learning from minimal data.
Qi et al. [9] research further improved upon this by
proposing a method that combines meta-learning and
neural Bandit scheduler. This approach utilizes
meta-learning to acquire knowledge across tasks and
employs the neural Bandit model for efficient online
decision-making and resource scheduling. However,
existing meta-learning research primarily focuses on
single-task  scenarios, leaving multi-task priority
scheduling significantly underexplored. Therefore, the
adaptability-interpretability dilemma remains unresolved,
and there is a clear research gap in developing a
comprehensive scheduling framework capable of
dynamically managing multiple task priorities while
retaining transparency and generalizability.

To address these challenges, this study poses the
following key research questions:

(1) How can digital agent scheduling systems dynamically
and effectively adapt to rapidly changing, high-demand
multi-task environments in luxury hotel operations?

(2) Can a meta-learning-based scheduling approach
simultaneously achieve high adaptability, interpretability,
and performance improvements over traditional methods?
(3) What is the impact of integrating attention
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mechanisms within deep neural network architectures on
scheduling accuracy and responsiveness?

In response to these questions, this study introduces a
novel Dual-Layer Deep Meta-Learning (DDL) framework,
explicitly designed for adaptive multi-task scheduling in
high-concurrency hospitality environments. The primary
research objectives of this study are:

(1) To develop an integrated scheduling model combining
Markov Decision Processes (MDP) and attention-
enhanced Sequence-to-Sequence (Seq2Seq) neural
networks that capture task dependencies and dynamically
prioritize actions.

(2) To establish a dual-layer meta-learning structure
capable of rapidly generalizing learned scheduling
strategies across multiple scenarios while fine-tuning them
to specific hotel contexts with minimal additional data.

(3) To empirically validate the proposed framework's
effectiveness and adaptability against existing
state-of-the-art methods within realistic hotel simulation
environments.

The contributions of this study are threefold: first, we
propose a novel MDP-Seq2Seq integration that models
sequential dependencies and task priorities through
advanced attention mechanisms. Second, we introduce
DDL architecture, which combines the interpretability of
rule-based scheduling with the fast adaptation capabilities
of meta-learning. Third, comprehensive experimental
validation =~ demonstrates  significant  operational
improvements, with approximately 27% faster service
responses and 19% reductions in customer waiting times
compared to traditional methods.

Just like Alvarez-Campana, P. et al. [10] achieved
multi-project scheduling by conforming to priority rules,
by dynamically optimizing task scheduling and response
times, our proposed method directly addresses critical
operational bottlenecks encountered in contemporary hotel
management practices, enhancing customer satisfaction
and operational efficiency.

The remainder of this paper is structured as follows:
Section 2 provides a comprehensive review of related
literature and identifies gaps in existing scheduling
methodologies. Section 3 presents the technical details of
the proposed DDL framework, elaborating on the
formulation of the MDP model, integration with Seq2Seq
neural networks, and the dual-layer meta-learning
mechanism. Section 4 details experimental design, results,
and comparative analyses with existing baseline methods.
Finally, Section 5 concludes the study, discussing the
practical implications of our findings for hospitality
management and outlining future research directions.

2 RELATED WORK

Currently, hotel management increasingly employs
digital agents to enhance service delivery, yet existing
scheduling techniques struggle to adapt to dynamically
complex, high-volume scenarios. Therefore, it is essential
to review current methodologies critically to pinpoint gaps
that necessitate novel approaches such as ours.

2.1 Deep Learning-Based Scheduling

In recent years, deep learning methodologies have

increasingly been adopted in hotel management to
optimize task scheduling and service operations,
leveraging their powerful capabilities for modeling
complex, non-linear relationships within dynamic and
uncertain environments. For instance, Zhu et al. [11]
utilized deep reinforcement learning (DRL) to optimize
transmission  scheduling  decisions in  wireless
communication systems, effectively improving temporal
decision-making efficiency. Similarly, Wu et al. [12]
demonstrated significant productivity enhancements
through integrated human-robot collaboration in hotel
scenarios, underscoring the value of deep learning in
human-machine interactive tasks.

Pitakaso et al. [6] proposed a dynamic scheduling
system based on DRL specifically designed for hospitality
management. Their framework effectively optimized
resource allocation and improved guest satisfaction;
however, the adaptability cost was substantial due to the
extensive retraining required when operational scenarios
changed. This limitation is characteristic of traditional
DRL methods, which generally require large-scale datasets
and substantial computational resources to retrain their
models effectively, rendering them less practical in
fast-changing hotel environments.

More recent advances in deep learning-based
scheduling have attempted to mitigate these limitations by
integrating flexible neural architectures and transfer
learning mechanisms. For instance, Zahidi et al. [13]
explored multi-faceted artificial intelligence applications
in hospitality, emphasizing the necessity for models
capable of quickly adapting to diverse and rapidly
changing guest demands. Hassan and Eassa [14]
introduced an integrated IoT-driven context-awareness
framework aimed at enhancing guest experiences and
operational efficiency. In addition, Maududy and Nurdin
[15] proposed an integrated supply chain management
system architecture framework that incorporates
monitoring and data collection functions. This is aimed at
enhancing the visibility, control, and response speed of the
supply chain. Their deep learning-based approach
highlighted the importance of real-time data integration,
although it did not adequately address dynamic
multi-priority scheduling requirements.

Additionally, recent works have explored the
application of attention mechanisms within sequence
modeling frameworks. Wang et al. [16] incorporated
attention-based Long Short-Term Memory (LSTM)
models to enhance information security management,
demonstrating significant performance improvements in
predictive accuracy. Similarly, Cheng and Li [17] applied
sequence-to-sequence regularity learning methods to
pattern anomaly detection, highlighting the robustness of
attention-enhanced neural networks in capturing long-term
dependencies within sequential data. Meanwhile, Li et al.
[18] proposed an LSTM model that combines sliding
window technology and attention mechanism, specifically
designed for credit risk assessment in the field of Internet
finance. While these studies illustrate the advantages of
attention-based deep learning frameworks, their
applicability specifically to the multi-task scheduling
challenges in hospitality contexts remains largely
unexplored.

Despite these advancements, current deep learning
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scheduling approaches still face notable limitations.
Specifically, existing models generally require significant
retraining efforts to adapt to new operational scenarios, and
they seldom adequately address multi-priority scheduling
needs encountered during peak service periods. Moreover,
their black-box nature raises interpretability concerns,
limiting practical adoption in hospitality management,
where transparency in operational decisions is essential for
stakeholders.

Consequently, there remains a significant research gap
in developing deep learning-based scheduling methods
capable of rapid adaptation, effective multi-task priority
management, and interpretability in dynamic hotel
environments. To bridge this gap, our study proposes a
Dual-Layer Deep Meta-Learning (DDL) framework,
integrating MDP modeling with attention-enhanced
sequence-to-sequence neural networks, explicitly designed
to address these unresolved challenges.

2.2 Rule-Based Scheduling

Rule-based scheduling methods have historically been
popular due to their clarity, simplicity, and ease of
implementation. These systems typically operate based on
explicit, predefined rules established from historical data
or expert judgments, and they provide consistent and
interpretable scheduling outcomes. However, despite their
advantages, rule-based approaches demonstrate significant
limitations when managing dynamic, complex, and
unpredictable operational environments, such as those
frequently encountered in luxury hotel management.

Traditional rule-based systems, such as those explored
by Zhan et al. [5], utilize predefined rules to manage
repetitive and predictable tasks effectively. Their research
on manufacturing scheduling showed that while rule-based
dispatching methods reliably produce consistent outcomes,
their static nature limits flexibility, especially under
conditions of wvariability or unexpected demand
fluctuations. Similarly, Mei et al. [19] highlighted
limitations of rule-based approaches in the context of
integrated production scheduling and logistics. Although
these methods successfully handled straightforward,
clearly defined scheduling tasks, their rigid rule structures
significantly restricted their adaptability when confronted
with decision-dependent uncertainties common in dynamic
scheduling contexts. Recent studies have proposed hybrid
methods as a solution to the inflexibility inherent in purely
rule-based scheduling systems. For instance, a hybrid
approach combining priority rules and optimization
techniques for resource-constrained project scheduling by
Growing Science Editors [20] demonstrated improved
adaptability and performance. Their approach dynamically
adjusted predefined rules based on real-time feedback and
computational optimization, significantly enhancing
system responsiveness and efficiency under uncertainty.
Additionally, industry reports have consistently
emphasized the limitations of traditional rule-based
staffing schedules in hospitality management. According
to NetSuite [21], standard rule-based schedules are often
insufficient for addressing peak-hour variability or rapidly
changing guest requests, resulting in inefficient resource
utilization and prolonged customer waiting periods. TCP
Software [22] similarly found that rigid scheduling rules

significantly ~ hinder  operational  responsiveness,
recommending the integration of more adaptive, real-time
approaches to optimize service delivery and improve staff
utilization during periods of high variability.

Recent advancements in learning-enabled scheduling
methods have further exposed the limitations of static
rule-based systems. Moon et al. [23] illustrated how
flexible, learning-driven scheduling methods consistently
outperformed traditional rule-based counterparts in smart
manufacturing contexts by quickly adapting to unexpected
operational changes. Their findings underscored the
necessity of real-time adaptive scheduling strategies to
handle dynamically evolving environments effectively.

Despite their interpretability and simplicity,
conventional rule-based scheduling methods remain
significantly disadvantaged in highly dynamic and
unpredictable  operational contexts, as frequently
encountered in hospitality management. Their limitations
primarily include poor adaptability to new scenarios,
delayed responsiveness to rapid changes, and inefficient
resource allocation stemming from static decision-making
structures. Consequently, purely rule-based systems are
unsuitable for scenarios requiring frequent priority
adjustments or real-time responses to emergent guest
demands. To overcome these critical limitations, this
research proposes an innovative Dual-Layer Deep
Meta-Learning (DDL) framework, which integrates the
transparent interpretability of rule-based scheduling with
adaptive learning capabilities, specifically targeting
dynamic multi-task environments typical of luxury hotel
operations.

2.3 Meta-Learning Approaches

Meta-learning, also known as 'learning to learn'. The
core advantage of two-layer meta-learning lies in its
hierarchical learning architecture: the outer ring realizes
the "experience accumulation" across scenarios, while the
inner ring completes the "rapid adaptation". This design
not only overcomes the limitations of simple methods in
dynamic multi-task scheduling, but also solves the data
bottleneck in actual deployment through few-shot learning,
providing an efficient and scalable solution for hotel
management. Just as Gharoun et al. [24] discussed the total
number of applications of meta-learning in few-shot
learning, this method can effectively address scene
problems in scenarios where training data is scarce. Future
research can further explore its optimization potential in
real-time edge computing (such as reducing computing
latency). Finn et al.'s MAML framework [8] demonstrated
rapid adaptation across new tasks. Similarly, Ben Saad [25]
effectively utilized meta-learning to enhance customer
satisfaction by transferring preferences across different
hotel settings. However, current meta-learning models
mainly focus on single-task transfers and have not
adequately addressed the complexities of multi-task
priority scheduling.

Meta-learning or "learning to learn" enables models to
rapidly adapt to new tasks by leveraging prior experience,
making it highly valuable for dynamic, multi-task
scheduling scenarios. Unlike traditional deep learning
models that require extensive retraining for each new task,
meta-learning aims to extract transferable knowledge
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across a distribution of tasks, enabling quick fine-tuning
with minimal additional data.

A key innovation in meta-learning for scheduling is the
use of adaptive task selection during training. For example,
Yao et al. [26] introduced an Adaptive Task Scheduler
(ATS) that learns to prioritize meta-training tasks based on
task difficulty and model loss, enhancing generalization by
avoiding uninformative or noisy tasks. This approach
ensures that the meta-model remains robust and efficient
across varied conditions, an essential property for
hotel-resource scheduling. In parallel, NeurIPS 2023
presented BASS (Bandit-Adaptive Scheduling for
meta-learning tasks), which employs a contextual bandit
algorithm to balance exploration and exploitation in task
scheduling. BASS dynamically adjusts task sampling
probabilities based not only on current model performance
but also on the potential long-term benefit of learning from
underexplored tasks. This mechanism addresses
distribution skewness and avoids overfitting, providing
stronger meta-performance in environments with
heterogeneous task difficulty. Another significant area of
application is in resource-constrained and dynamic
systems. Hu et al. [27] developed MSARS, which uses
meta-learning combined with reinforcement learning and
graph neural networks to rapidly allocate resources under
SLO constraints in microservices. MSARS adapts to
changing service demands within minutes, reducing SLO
violations by 38% and resource costs by 8%,
demonstrating strong real-time adaptability a capability
that is directly applicable to fluctuating demands in luxury
hotel operations. Additionally, MRLM
("Meta-Reinforcement Learning Metaheuristic") integrates
meta-learning principles into scheduling for hybrid

flow-shop problems with learning and forgetting dynamics.

These hybrid methods demonstrate improved convergence
and scheduling quality under dynamic conditions, offering
a potential pathway for addressing complexities in
hospitality scheduling settings.

Overall, meta-learning methods for scheduling
establish a middle ground between inflexible rules-based
systems and data-intensive deep learning approaches.
Their strengths lie in rapid adaptation, generalization from
limited data, and intelligent task prioritization crucial for
dynamically shifting and multi-faceted scheduling
environments such as those found in luxury hospitality
settings.

3 METHOD

To address the complexity and high demand of
multi-task scheduling and dynamic responses required of
digital agents in contemporary hotel operations, we have
adopted a Markov Decision Process (MDP) framework
integrated with a Seq2Seq neural network and dual-layer
meta-learning. Just like Liu et al. [28] and Mao et al. [29]
who employed the ensemble learning strategy approach for
customer segmentation, credit risk characterization, and
improvement of credit risk prediction. This integrated
approach effectively overcomes the limitations inherent in
traditional scheduling and deep learning methods,
particularly in dynamically adapting to novel scenarios and
generalizing effectively with limited data.

3.1 Justification for Using Markov Decision Process (MDP)

Sequential ~ decision-making  problems  under
uncertainty. As hotel management tasks typically involve
continuous processes with inherent dependencies, the
MDP approach excels in capturing these dynamics. This
capability allows for the optimization of decision
sequences by systematically analyzing the future
implications of current actions.

3.1.1 Agent Connection Rules and Policies for Hotel Digital
People

To clearly represent complex sequences of actions and
their interrelationships, this paper defines the hotel digital
agent scheduling strategy as a structured sequence of agent
decision units. These include task-priority actions,
response-speed adjustment actions, and the logical rules
governing these actions. The combinations of actions and
their associated logical rules characterize various hotel
operational environments. These sequential rule strategies
can be visualized as distinct decision-tree structures, where
each leaf node represents specific action decisions. The
sequential relationships between leaf nodes correspond to
scheduling rules, and various combinations of these nodes
generate diverse sequential decision paths.

Each branch's rule logic and corresponding response
actions collectively form a cohesive rule strategy. As
illustrated in Fig. 1, the two dashed lines represent two
distinct strategy-branch trees. Within these trees, each node
corresponds to a specific rule logic, while action nodes
occupy the final positions. Specifically, the scheduling
action node and escalation action node appear as the last
two nodes of each strategy-branch tree.

As depicted in the figure, when certain conditions such
as exceeding the intelligent time slot defined by the
preceding node, the presence of high-variable scheduling
conditions, strong scheduling intent, and promotion criteria
are met, scheduling and escalation actions are executed.
Conversely, if the condition of exceeding the intelligent
time slot is not satisfied, the system further evaluates
high-variable scheduling conditions and then promotion
conditions to execute appropriate actions. These individual
leaf actions and their sequential dependencies together
form various sequences of successive actions.

To determine optimal solutions for these complex
strategy scenarios, this study introduces a dual-loop
learning structure. In the outer loop, meta-learning extracts
hyperparameters from diverse sets of sample hotel
environments. These hyperparameters are subsequently
provided as initial values to the inner loop, enhancing the
neural network's generalization capabilities. In the inner
loop, a sequence-to-sequence (Seq2Seq) neural network is
employed to encode rule-based scheduling strategies
tailored to specific hotel operational contexts. This
approach fully utilizes the contextual relationships
between fundamental rule units, enabling the network to
achieve effective learning even with limited samples and
to iteratively refine action decisions. Ultimately, optimal
rules and corresponding actions are derived with the
primary objective of maximizing hotel operational
efficiency.
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Figure 1 Rule policies and branch trees for Agent continuation

3.1.2Use MDP Model to Construct the Combination
Relationship Between Agent Actions of Digital Hotel
Agents

Next, the MDP model will be used to characterize the
sequential relationships between these nodes or basic rules
and actions. In a multi-task hotel scheduling environment,
actions and the logical rules between actions are
intertwined. This paper combines the sequential rules in
hotels and models the Agent object as a Markov Decision
Process (MDP) [12] (Markov decision process), leveraging
contextual information among sequential rules to enhance

decision accuracy. Let the set 77=[771, Ty oees 77L] be a
randomly distributed p(7) sample. A sample is in

. Within a

certain period of time, the process of different state
transitions of a sample corresponds to an MDP process.

This MDP process is defined by a {S,A, P, R, 7}

five-tuple. Among them, § is the state space, 4 is the
decision space, P is the state transition matrix, R is the state
transition benefit, and it is the discount of the long-term
benefit.

State space: When the MDP model is in a certain state
vector, the Agent learns the rules and makes the optimal
decision and performs the corresponding action according
to the changes of the hotel environment, and then transfers
to a new state after performing the action. In this paper, the
MDP model will form the optimal rules through the
learning of the neural network and perform the best action.

The state of the Agent cell is combined with the input

vector as 77, 7 =[771, Mys e 77,,}

In the MDP model, an output subsequence is obtained
after the first k output decisions have been executed

Ao [az, s ak] . In order to represent the continuation

different states at different times s, s,, ...

rule strategy, the output subsequence 4, is combined
with the input 5 vector to form a new state vector
S = (1, Ay ) -

The state space defined by the state vector is S, so we
can get:

S{(m Ag) | Ay =[apay, oa ] k=12, .,m (1)

Among them, the five states of Agent include task
response speed V, the order of the cell in which the task is
located (M, N), whether the task is completed by the hotel
digital person itself, and task ID; the three states of the cell
include whether there is a task with three levels of high,

medium and low response speed of the digital person.
Decision space: Let the action combination output

vector of the agentbe 4,4 =[a,,a,, ..., a,, |. Among them,

the priority scheduling actions include high to medium,
medium to low, medium to high, low to medium, and no
scheduling. Response speed actions include upgrading,
downgrading, and upgrading.

To represent the continuation rule strategy, the
scheduling action of the output to be decided is obtained.
To represent the continuation rule strategy, the scheduling
actions C and response actions dV of the output to be
decided are combined to form a new decision vector
a, =(Cp, dV).

The decision space defined by the decision vector is 4 ,
SO we can get:

4{(c.ar)| @)

The continuous action is encoded as high change in the
middle = 1, medium change in the low = 2, medium change
in the high = 3, low change in the middle = 4, and no
scheduling = 0; the response action includes escalation = 6,
downgrade = 7, and unchanged level = 5.

State transfer benefits: The state transition of an Agent
describes the influence of the current decision on
subsequent decisions. The design intention of the reward is
to encourage the model to accurately predict the probability
of high-priority tasks and the penalty for the prediction
error of key tasks is amplified through log operation. After
satisfying a scheduling rule or executing a decision, its
state changes. This paper will describe the benefits of a
state transition R; defined as:

K ~k
R =Yy log(y,- ) 3)
k=1

Among this, y; is the number of i is the optimal
output distribution, it corresponding to &k , K is the

corresponding number of categories. y;, is from i-1

transfers to i ,which could Predict the output distribution.

In order to maximize the benefits of the entire
sequence state transition, define the total benefits of a
sequence as:

R= Z(Ri -b) 4)
i=1
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Among this, M is the number of state transitions, b;

is the income bias.

Within the MDP framework, the Markov assumption
which posits that task state transitions depend solely on the
current state is crucial for ensuring the iterative
convergence of the decision-making strategy. However,
this assumption inherently neglects the potential influence
of historical states, such as the decline in agent efficiency
resulting from sustained high workloads. To address this
limitation, we propose compensatory measures that
implicitly capture long-range dependencies through an
LSTM neural network. Experimental results demonstrate
that this approach effectively accounts for approximately
85% of relevant scenarios.

3.2 Justification for Seq2Seq Neural Network with
Attention

The integration of Seq2Seq neural networks with
attention mechanisms is particularly advantageous for
hotel operational scenarios, as this combination effectively
captures intricate dependencies between sequential tasks
and decisions. Especially when handling longer sequences,
the attention mechanism excels at identifying and
emphasizing critical tasks during scheduling decisions.
This capability significantly enhances the interpretability

of the model and improves overall scheduling performance.

3.2.1 Seq2Seq Network Design

As illustrated in the figure below, the input to the
Seq2Seq network is a sequence representing the evolving
state of the operational environment, capturing its dynamic
nature. The output, in turn, is a sequence describing the
continuation rule strategy, characterizing the logical
relationships among actions. Each element within the input
sequence can be viewed as a "task," while each element
within the output sequence represents a corresponding
"decision." Decisions outputted early in the sequence are
subsequently incorporated back into the input, influencing
and shaping future decisions. Tab. 1 is the detailed
description of configuration, including the number of
layers, neurons, activation functions, and training
parameters.

U(SI{ v(ays;)

Figure 2 Seq2Seq Neural network framework

Table 1 Seq2Seq Neural network framework explanation

Parameter Setting

Justification

sequence (scheduling decision).

Encoder-decoder | Encoder: It uses a double-layer LSTM (Long Short-Term Memory
structure Network) to process the input sequence (task status).
Decoder: Another set of double-layer LSTM generates the output

This structure can effectively model the long-term
dependencies in temporal tasks.

Neurons and Hidden units: 256 neurons per layer
Layers The embedding dimension: 256

Number of layers:

Encoder: 2-layer LSTM.

Decoder: 2-layer LSTM.

For Hidden units, it can balance computational
efficiency and representational capability.

For the embedding dimension, which is used to encode
the task state into a dense vector.

Activation Output layer: Softmax &fully connected layer For Softmax is used to multi-task classification decision
Function making.
For fully connected layer is to evaluation state value.
Training Optimizer: Adam (Adaptive Learning Rate /) For Batch size, balancing training stability and efficiency.
Parameters Learning rate: Inner loop (a = 0.002), outer element learning (5 = 0.002). | For Gradient clipping threshold, prevent gradient

Batch size: 20 explosion.
Gradient clipping threshold: 5
The Seq2Seq neural network [30] comprises two main output together.

components an encoder and a decoder both implemented
as Recurrent Neural Networks (RNNs). Specifically, the
network utilizes a two-layer Long Short-Term Memory
(LSTM) architecture within each component. After
encoding, the agent's state vectors are transformed into
embedding vectors, which collectively form the input
sequence to the Seq2Seq model. This dual-layer LSTM
structure is particularly well-suited for managing long
sequences, effectively preserving temporal and contextual
dependencies among inputs and outputs, thus maintaining
the critical associative information between different
sequential nodes.

The input sequence is mapped to the cell state Z and
hidden state / by a two-level encoder. The last hidden state
is combined with the decoded task as the input of the
decoder, and the next decoding result is predicted and

The i task of the input sequence is represented ¢; , after

the neural network learns and memorizes the encoding
through the encoder, it then outputs the sequence results in
sequence through the decoder based on the network's
memory. Thej result of the output sequence is d .

The encoder and decoder are represented separately

fenc > f Dec. » then
The output of the coding section is:

€ = fone (771"‘3:'—1) ©)

The output of the decoding section is:
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d; = fre(Z.0,21) (6)

The output sequence of the decoder is not one-to-one
with the input sequence of the encoder, but is based on the
context vector Z of the encoder output, as well as the

preceding prediction and activation values a;_; , Jointly

predict the next result of the output sequence d; . Z as the

context of the encoder output, contains the attributes of the
input state data.
d; then passes through two different activation

functions respectively, corresponding to the output status
value functions v(s) and decision sequence probability

7y (als). Among them, s is the input state. 7,(a|s) is the

output conditional probability of the best decision.
Seq2Seq In the neural network architecture, including
the termination code of decoding, the output sequence of
the decoder forms an m + 1 dimensional vector d. Each
element in the vector includes scheduling decisions and
variable decisions. After passing through the softmax
output layer and the fully connected output layer
respectively, a m-dimensional policy function is obtained

the Strategy function 7, and value function v(§) . Strategy
function 7, . It expresses the probability of the decision

action taking a certain @, and its sum is 1. Through the
greedy algorithm, the decision action in step j can be
obtained a; = argmax,, (7,). Value function v(s) is an

evaluation of the output result under the input state.

When the sequence is very long, in order to avoid the
Seq2Seq networks difficulty in learning reasonable output
representation, this paper introduces Attention mechanism
[7] into the network to change the target output weighted,
so as to affect the selection of context information.

3.2.2 Loss Function and Evaluation

The goal of sequence decision is to minimize the loss
of digital human decision in hotels. In order to avoid local
optimization, this paper defines the loss function of each
MDP state transition process as the negative value of the
total return of sequence state transition.

The loss function is defined as:

Loss =—R 7

For the continuation rule strategy of Agent, the
continuation rule of action determines the order of action,
and the number of categories corresponding to different
types of action is different, which belongs to the problem
of multiple classification.

Hypothesis C; stands for outputing a; number of

categories, C;

. stands for strategy a; corresponding

category label. Combined with Eq. (4), the loss function
equation of the sequence can be rewritten as:

N e
Loss ==Y pit log(pi )er (8)

i=1

where p; is decision-making a; probability of the actual

output, 1/7\, is a; through the probability of the neural

network output, » is loss bias. In sequence decision
number N = (m + 1) m is the number of action decisions in
a single sequence.

In order to evaluate the efficiency of the algorithm, the
response speed and density of hotel services are used as the
evaluation value [9].

(1) Hotel response speed: defined as the product of
customer flow density and average digital person
processing time.

Q=pxv )

(2) Customer request density: defined as the average
number of customer requests present in a unit cell at a
given instant during a specified time period.

Nttl
= total 10
P N xK (10)

Besides, K is the number of cells on a single task,

N is the number of tasks, N,,,; request traffic for all

customers within the specified time period.

(3) Average customer wait time: defined as the average
of the average interaction time of all customers in a
specified period of time.

_ 1 Niotal
v :WZ V; (l) (11)

t=1 j=

Among Tis,v,(¢) is in the task j in the # moment

the response speed at all times.

3.3 Justification for Dual-Layer Meta-Learning (DDL)
3.3.1 Comparison Between the Dual-Layer Meta-Learning
(DDL) and Traditional Work

The outer-loop phase of the meta-learning approach
aggregates information from multiple hotel environment
scenarios to derive generalized hyperparameters,
effectively capturing the broader characteristics of diverse
operational contexts.

Table 2 Step-by-step guide of Dual-Loop Meta-Learning Implementation

Implementation Objective Key design

Meta-Learning Extract shared -Adopting the MAML
knowledge from algorithm framework but
multiple hotel extending it to multi-task
scenarios and parallel optimization
generate the -Adjust the initial parameters
initialization through the second-order

model parameter gradient (6°Loss/06?) to
6o. enhance cross-scene
adaptability

Fine-Tuning To quickly adapt | -Limit the number of iteration

specific strategies steps (usually <5 steps) to

based on 0o in new force the model to adapt
scenarios. quickly

‘Freeze the embedding layer

and only fine-tune the top-

level parameters of LSTM to

prevent overfitting
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These learned hyperparameters then serve as initial
settings for the inner-loop Seq2Seq network parameters,
enabling rapid adaptation and efficient optimization
tailored specifically to the hotel scenario at hand. In Tab. 2
we provide a step-by-step guide clearly distinguishing
outer-loop meta-learning (hyperparameter extraction) from
inner-loop scenario-specific.

3.3.2 Dual-Layer Meta-Learning (DDL) Framework

The optimal strategy training algorithm based on deep
learning is as follows:

1) Sequence distribution of given states p (7).

2) Randomly initialize the parameters of deep learning & .

3) Collect N sample sequences
{7y, Ty, ... T,,} from p(T).
4) External circulation: for i e {l, ..., n} do.

5) Select sequence i.
6) Internal cycle f or: for each sequence 7; 4, .

7) Initialize the
corresponding to the sequence task 49,?:0 , that is the

Seq2Seq network  parameters

parameters obtained by the outer loop are assigned to the
inner loop, and the optimal values of the network
parameters are saved g, =0 .

8) Use sampling strategies 0 collect the trajectory
k

sequence of the K task of the sequence D = (rl,rz, ey ) ,

that is, the Adam gradient update trajectory of the KTH
task in the sequence. Calculate the Seq2Seq network
parameters on D. Based on the initial value of the outer
loop strategy, this task can obtain the convergence value of
its strategy with a fast delay after only m steps of iteration

6’,; =0, +a*Vy Jg, (Hk) a is the inner MDP learning rate

[7].

9) After each task in the sequence converges, update the
system state and enter the strategy learning of the next task.
Save the convergence strategy parameters corresponding
to each task in the sequence.

10) End for.

11) Pass the network parameters learned from the previous
sequence to the outer loop to train the hyperparameters.
12) The outer loop performs prior hyperparameter learning
and  uses gradient g update  parameters

0:0+ﬂ*g,( 49,) , f is the outer learning rate. It is a

balanced parameter of exploration and utilization.
13) End for:
In the above-mentioned algorithm, J and V g, are

respectively the loss function and gradient operator of the
Seq2Seq network. The actions of the MDP model are
essentially classification problems. Set g, is the second-
order gradient operator of meta-learning, when the Adam
gradient [18] ascent method is used to maximize the
second-order operator g,. Since it is the gradient of the
gradient, the computational load is overly complex.
Therefore, first-order value approximation is used, as
shown in Eq. (18).

N

g, :%xZ[(B}—G)/a/m} (12)

i=l1

0 is the training parameters of the outer loop network,
which are passed to the inner loop, « is the learning rate
of the inner loop, where m is the number of Adam gradient
descensions of the inner loop; N is the number of sequences

in the outer cycle. ¢9l is the set of convergence values of the

network parameters of the ith sequence in the inner loop,
which is output to the outer loop to participate in the
calculation of the second-order gradient operator.

After the training is completed, the test data is input
into the neural network with optimal parameters, and the
corresponding customer request response time can be
calculated. When the hotel environment changes, the meta-
strategy based on the outer loop can be used to converge
quickly with only a few iterations in the inner loop.

3.3.3 Dual-Layer Meta-Learning (DDL) Advantages

The primary advantage of the dual-layer meta-learning
(DDL) framework lies in its hierarchical learning structure.
Specifically, the outer loop facilitates the accumulation of
generalized experiences across multiple scenarios, while
the inner loop enables rapid adaptation to specific contexts.
This design effectively addresses the shortcomings of
simpler scheduling methods, particularly in handling
dynamic, multi-task scenarios. Moreover, by employing
few-shot learning techniques, it mitigates data scarcity
challenges commonly encountered in real-world
deployment, thus offering an efficient and scalable solution
for hotel management. Consequently, the DDL framework
can swiftly adapt and enhance operational performance in
unfamiliar hotel management environments. Future
research may further investigate optimization opportunities
in real-time edge computing applications, such as
strategies to reduce computational latency.

4 EXPERIMENTS AND RESULTS

In this section, the proposed dual-layer meta-learning
(DDL) framework 1is validated through rigorous
experiments. The main objectives are: (a) evaluating the
convergence and adaptability of the proposed model
compared to benchmark methods; (b) assessing scheduling
performance improvements, specifically in terms of
response speed and waiting time; and (c) demonstrating
generalization performance and few-shot Ilearning
capabilities. To systematically address these objectives,
this section is organized into three key subsections.

4.1 Experimental Design and Setup

Our experimental objectives aim to verify the three
improvements of the proposed Dual-Layer Meta-Learning
(DDL) framework in the multi-task scheduling scenario of
hotels. First, it enhances dynamic adaptability, that is, the
rapid adaptability to new task distributions and unknown
scenarios. Then comes the improvement in scheduling
efficiency such as response speed and waiting time
compared with traditional methods (such as rule systems
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and single-layer deep learning). Finally, it enables hotel
management to have generalization performance under
limited training data and possess the ability of few-shot
learning.

The reasons why we consider generating simulation
data are as follows: First, the real hotel data involves user
privacy and business secrets, and direct use poses
compliance risks. Second, there is no historical data to
support the new service model under study. In terms of
generation logic, we simulated customer attributes such as
age and booking channels, as well as hotel dynamic
variables (such as seasonal pricing) and environmental
factors (such as holidays). We ensured the rationality of the
data through statistical distribution and association rules,
and calibrated the parameters by referring to industry
reports.

The key data characteristics are mainly divided into
two major parts: task type and environment variables. For
task types, first, we classify customer requests into
check-in processing (high priority), room service (medium
priority), and feedback handling (low priority). Afterwards,
in terms of resource allocation, it is divided into the
response speed of digital agents (high/medium/low) and
the task processing duration. For environmental variables,
we conduct research on customer traffic density (the
number of requests per unit time) and task dependencies
(such as the inability to trigger room cleaning before
check-in completion). The data preprocessing steps adopt
standardized and serialized methods. For standardization,
the task priorities (high/medium/low) are encoded as
numerical labels (2/1/0). Then normalize the response time
to the interval of [0, 1] to eliminate the dimensional
influence. For serialization, discrete tasks are sorted by
timestamp and constructed as temporal sequences (input:
sequence of task states;) Output: Scheduling decision
sequence.

The parameters used in the experiment include hotel
digital human parameters, MDP model parameters,
Seq2Seq network parameters and meta-learning
parameters. The simulation parameter list is as follows

Here we have simplified the parameters. The
parameter selection method and basis are as follows:
According to the experimental comparison, for example,
the number of neurons is determined through the ablation
experiment, and the 128/256/512 test has the lowest loss in
the 256 validation set. Afterwards, regarding domain
knowledge, the number of LSTM layers refers to the
average length of the hotel task sequence (10 - 20 steps),
and two layers are sufficient to capture dependencies.
Finally, regarding grid search, the learning rate is tuned at
0.001 steps in the range of [0.001, 0.01]. After the
modification, the core parameters that affect the
performance of the DDL framework are more prominently
highlighted, and the correlation between the parameters
and the hotel scenario is emphasized.

Compared with the other three methods, although the
traditional deep learning and rule-based scheduling
methods each have obvious advantages at present, neither
can fully meet the requirements of the complex and
dynamic hotel environment. Both rapid adaptation and
interpretability are indispensable. Furthermore, although
the existing meta-learning frameworks are adaptive, they
rarely incorporate multi-priority tasks. The Dual-Layer

Meta-Learning (DDL) framework proposed in this paper
adopts an innovative algorithm. Different from single-layer
iteration, the meta-deep learning algorithm DDL uses
double-loop layer iteration. Through the outer ring layer,
more environmental learning is formed, certain experience
is accumulated, and the generalization ability of prior
knowledge is enhanced. The optimal multi-task scheduling
effect with high generalization and high adaptability has
been achieved. The DDL framework we proposed truly
responds to real-world issues and fills the existing research

gap.

Table 3 Simulation parameters

Parameter Value description
Number of tasks M=3
Fast shooting =100
Cell length 55m
Number of progenets 2000
Smart time slots dijm. =vy ( ,)
Maximum time extension of task [17 6]
(minutes)
Minimum time limit for task (g/s) [6 1]
Schedule probability B,=04, P3=0.6, P, =0.8

Desire for scheduling

[0 1]

Response probability 0.8

Outer circulation learning rate £=0.002
Inner cycle learning rate a=0.002
Number of training samples 600
Number of test samples 600
Batch size 20
Gradient descent threshold 5
MDP return discount factor y=09
S e q2Seq Number of network Units =256
neurons
Number of hidden network units Layers =256
Coding layer Layer 1 =2
Decoding layer Layer2 =2

4.2 Comparative Analysis and Results
4.2.1 Convergence Performance

First, the advantage of the algorithm in this paper lies
in its ability to learn from a specific environment rather
than starting from scratch. Therefore, it incurs less loss and
converges faster during the iterative process. As can be
seen from Fig. 3, DDL only requires 50 rounds of iterations
to achieve a verification loss of 0.15, which is 2.4 times
faster than the DL benchmark method (which requires 120
rounds of iterations). It can be seen from this that the
existing deep learning algorithms require more than five
times the sample size to achieve the same convergence
trend as the algorithm in this paper.

oo Epoch: 5. Elapsed: 00:02:26

Single-layer cycle

22 Double-layer cycle

2 L

1.8

16+

1.4 f

Loss

12}
11
08

06 . 4

Iteration
Figure 3 The proposed DDL approach reduced customer waiting time by 19%
(mean difference: 2.3 min, 95% C/ [1.8, 2.8], p < 0.01) compared to traditional

DL methods, indicating significant operational improvement
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As shown in Fig. 4, under the same training sample
size (N = 600), the final loss value of DDL (0.12 + 0.02)

was 42.9% lower than that of DL (0.21 £ 0.03) (p <0.01).
The convergence speed is significantly faster than that of
existing deep learning algorithms, and its loss curve is also
steeper. The Seq2Seq network strategy converges faster
and requires far fewer samples.

155 - Epoch: 5, Elapsed: 00:00:50

Single-layer cycle
15 F Double-layer cycle

Loss
w

1.05

1 15 2 25 3 35 4 45 5
Iteration

Figure 4 Loss of DDLvs. DL( 10 times benchmark sample) It clearly shows that

DDL achieves significantly faster convergence than existing DL methods under

identical sample conditions

Based on Fig. 3 and Fig. 4, it can be concluded that

when the DDL algorithm uses one time the sample size, the
loss is reduced by 42% compared with the DL algorithm,
and when it uses five times the sample size, the
convergence speed is increased by three times. This
indicates that the DDL algorithm developed in this paper
helps hotels quickly deploy efficient scheduling strategies
under limited resources and reduces the cold start cost of
the model.

4.2.2 Scheduling Performance and Efficiency

Second, as shown in Tab. 3, DDL algorithm is better
than the existing rule-based method in terms of customer
flow and environmental adaptability. According to the
coding of Eq. (8), the decision of action and the
corresponding continuation relationship of rules are output.
Tab. 4 compares the results of DDL and the existing rule-
based method.

Scheduling decision-making process:

Step 1: The encoder extracts the feature vectors of each
task

Step 2: Calculate the query - key matching degree, Eq. (12).
Step 3: Obtain the weights through softmax normalization
Step 4: Weighted generation of context vectors,
high-weight tasks obtain super-proportional resource
allocation.

Table 4 Comparison of test results

References Decoded result Results compared
Existing rule- In some cases,
sar?leslz 1 based approach 2525452525252525251515151515151525252525 the strategies of the two algorithms are basically consistent and have
P DDL algorithm | 3460111515151515151515151515151515151515 similar continuity.
Existing rule- In some cases,
sari(;)sl:e 2 based approach 1545252525252543333535353535353533333535 DDL is more adaptable to the environment, which is characterized by

DDL algorithm

0633401217633401217633401217633401217633

greater instantaneous response speed fluctuation.

Existing rule-

2526152525252545453535353535353535353535

Test | based approach

sample 3

DDL algorithm | 0631211216312112163121121631211216312112

In the scheduling strategy of the existing method, digital people are in
medium and low latency tasks most of the time.The scheduling strategy
of DDL makes the digital person spend most of his time on high latency

tasks.

4.2.3 Adaptability to Complex Hotel Scenarios

Finally, taking the selected simplified examples, we
compare the DDL algorithm with the traditional methods
(see Tab. 2), and combine the analysis and comparison of
meta-learning and self-learning in Tab. 4. It can be
concluded that the DDL method performs better in the
complex and changeable hotel operation scenarios,
indicating the high adaptability and rapid response ability
of the DDL algorithm in complex and high-demand
environments. Meet the demand for multi-task scheduling
in hotel management scenarios.

4.3 Ablation Studies and Additional Analysis
4.3.1 Impact of Sequence Length and Attention Mechanism

This paper uses the cellular model to describe hotel
scenarios. When the test period is fixed, the longer the
sampling sequence of the cells, the more information is
retained, corresponding to longer input and output
sequences. The Se q2Seq network can better fit long
sequences, supporting longer input and output sequences.
Long sequences have lower loss because more information
is retained, leading to more accurate predictions during

decoding.
Here, we divide the task scale of the hotel operation
scenario into growth sequences and short sequences.

— Short sequence: 10 to 20 tasks (simulating
single-hour requests during regular periods, such as: 5
check-in +3 cleaning +2 service requests)

— Long sequence: 80 - 100 tasks (simulating a
continuous request flow during peak hours, such as: 30
check-in +40 cleaning +30 service)

— The threshold setting basis: Industry research
shows that the average task volume of five-star hotels

during peak hours is 92 £ 15 tasks per hour.

Fig. 5 shows the performance comparison for
sequences of 10 times the length. The loss metric for longer
sequences is better than that for shorter ones. This is
because more sampling information is preserved through
longer sequences in the Seq2Seq network, which enhances
decoding accuracy. The optimization capability of longer
sequences can support high-end hotels in handling more
complex customer request chains, avoiding response
delays caused by task fragmentation.
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Figure 5 Long sequence vs. Short sequence
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Figure 6 Attention heatmap, which demonstrates the focusing effect of the
attention mechanism on key. tasks

To address the issues brought about by long sequence
computations, this paper introduces an attention
mechanism in the S eq2Seq network, where the horizontal
and vertical coordinates represent the encoded values of
input and output sequences, with darker colors indicating
higher attention. The generation probability of each task
item in the output sequence depends on which important
task items were selected from the input sequence. Fig. 6
shows the task items that receive attention during the
encoding and decoding process, highlighting essential
information in long sequences. This visualization
demonstrates that the algorithm can dynamically identify
and prioritize key tasks, ensuring rapid response to VIP
customer needs at high-end hotels, thereby enhancing VIP
customer satisfaction.

4.3.2 Meta-Learning and Self-learning Analysis

In the complex hotel scenario, the scheduling strategy
will involve multiple actions. Since MDP model can
describe the relationship between actions and make full use
of the information of decoded actions in the current
decoding, it is suitable for the scheduling of successive
combined actions.

As shown in Fig. 7, the DDL self-learning method does
not significantly differ from supervised learning in terms
of performance, but it greatly enhances the DDL
algorithms ability to handle complex new scenarios. For
low-latency tasks, due to the low requirements for
scheduling combinations of different actions, there is
sufficient time to process each one separately. However, in
high-end hotels, where service standards are high, the
response scheduling requirements for combined actions are
more stringent, thus requiring better scheduling strategies.

In such scenarios, considering the sequential combination
scheduling of multiple actions uniformly can effectively
improve hotel scheduling performance. Since supervised
labels cannot be used during testing, only the results of
current action decisions can be used as input states for the
next action decision.
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Figure 7 MDL self-learning vs. supervised learning

This paper employs self-learning methods in the
optimization of Seq 2Seq networks. The difference
between this method and supervised learning is that when
decoding the current task, it uses the results of previous
decodings instead of supervised labels. This allows
high-end hotels to autonomously implement optimization
strategies without manual labeling when adjusting layouts
or experiencing sudden surges in customer traffic, ensuring
service stability and enhancing management efficiency.
The existing rule method adopts complex artificial prior
rules, which is not adaptable to changing scenarios.
However, the DDL method learns rules and has stronger
adaptability to the environment through more intelligent
strategies, which can achieve higher hotel efficiency.

5 CONCLUSION

This study introduced a Dual-Layer Meta-Learning
(DDL) framework specifically designed for adaptive
multi-task scheduling of digital agents within hotel
operations. By modeling the scheduling problem as a
Markov Decision Process (MDP) and integrating an
attention-enhanced  Sequence-to-Sequence  (Seq2Seq)
neural network, the proposed framework successfully
captures sequential task dependencies and dynamically
adjusts task priorities. The innovative dual-layer
meta-learning architecture allows the framework to rapidly
adapt to new hotel operational contexts, achieving
substantial efficiency gains even with limited training data.
Experimental  validation  demonstrated  significant
improvements, specifically a 27% increase in service
response speed and a 19% reduction in customer waiting
times compared to traditional methods. Additionally,
ablation studies underscored the importance of the
attention mechanism, which, when removed, reduced
scheduling accuracy by approximately 4%, highlighting its
role in efficiently prioritizing critical tasks.

Despite these promising results, the research faces
several limitations. Firstly, the reliance on synthetic,
simulation-based data may limit the generalizability of
findings to complex real-world hotel scenarios, which can
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involve unpredictable events and customer demands.
Validating the framework's effectiveness with real-world
data in actual hotel environments remains essential.
Secondly, the model currently employs simplified discrete
task priority levels (high, medium, low), which may not
sufficiently reflect the nuanced priority distinctions
encountered in practice. Additionally, the computational
complexity associated with the dual-layer meta-learning
framework might pose challenges in real-time,
resource-constrained environments, especially during peak
operational periods.

Looking forward, future research should address these
limitations by pursuing three key directions. First,
empirical validation using real-world hotel operational
data and real-time constraints is necessary to confirm the
practical applicability and robustness of the DDL
framework. Second, enhancing the model to support
finer-grained task prioritization and integrating real-time
sensor inputs (such as guest location tracking or immediate
feedback  systems) will further strengthen its
responsiveness and practical utility. Lastly, exploring the
integration of the DDL framework with edge computing
technologies can significantly reduce computational
latency, enabling real-time, on-site optimizations suitable
for deployment in diverse hospitality management contexts.
Such enhancements would considerably broaden the
applicability and impact of the DDL framework,
positioning it as a powerful tool for optimizing dynamic
service management in the hospitality industry.
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