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ABSTRACT 

Recent developments in Generative Artificial Intelligence (GAI) have enabled training of large language models 

(LLM) on domain and task-centric corpora. The functionality available through GAI Foundations facilitates 

autonomous, agile, and compositional solutioning of data-intensive tasks and offers new avenues for creativity 

in section content generation. However, application of Generative AI in operation of complex, data-intensive 

systems such as hospitality services and AgriTech platforms appears limited. A joint-use compositional-

network architecture is proposed, enabling automatic generation and execution of GAI-prompted task plans, 

across multi-enterprise hospitality and AgriTech platforms. Two-way GAI-enabled workflow automation and 

autonomic technology adoption at accumulate-and-release PaaS joint clouds is explored for further business 

value creation, harnessing concepts from AIOps for two-sided data, process, and business capability flows. A 

major challenge lies in smart orchestration of parallel workflow automation technology, supported by emerging 

DataOps Foundations, Data-Centric AI, AIOps, and Platform Engineering constructs. Focused Data 

Stewardship across data consumers and providers, synchronizing Services, Data, and Firewall layers in a 

mirror-image architecture, is necessary to ensure data availability and quality. The advent of modern 

distributed processing engines makes operationalization of Active Learner-based Decision Engine architectures 

feasible. GAI applications are sensitive to prompt quality but can operate even when domain-centered corpora 

are sparse, as the learning objective is indirect. Recent GAI releases enable the use of simpler teaching prompts. 

Data summarization techniques help generate accurate question-answer pairs for Actively-managed Learning 

Engines. Autonomously optimized run-book automation is a vision rather than a present reality, as suitable 

near-real-time, training-support data remain scarce. Such virtual tutors leverage prompt-generic Teaching-by-

Example approaches, enabling rapid testing by providing near real-time output summarization capability. GAI 

sites act as active learners for Data-Centric AI, augment-and-replace contemporaneous query capabilities for 

event-based processing, and offer simple authoring of Autonomic-run-book content. 
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1. INTRODUCTION 
Incorporating Generative AI into hospitality and AgriTech platform operations enhances data 

workflow automation. The variety of complex operations requires deep domain expertise, and 

typically relies heavily on the transfer of operational data to pre-existing modules or external tools for 

analysis and reporting. Generative AI addresses the problem of supporting such expertise during the 

execution of operations, enabling semi-automated and fully-automated completion of tasks that are 

usually distributed among multiple operational analysts working in parallel. The tasks are 

decomposed into subtasks, processed in a single multihop prompt, and optimally combined into a 

single action statement. ChatGPT is primarily applied for its language generation capabilities, and is 

employed for planning, reasoning, summarising, writing reports, or even making recommendations. 

 

Operations analysts perform anomaly detection as part of their workflow to provide data 

feedback for portfolio operations. Automated anomaly detection and root-cause analysis are crucial 

for the AIOps capabilities of the hospitality and AgriTech platforms. Anomaly detection identifies 

and classifies deviations from normal operational behaviour through comparative techniques and 

machine learning. Root-cause analysis is the process of determining the underlying cause of an 

anomaly, discovering straightforward causes through expert knowledge and overlay techniques for 

time-series or other data. Domain knowledge is also essential for determining more complex causes. 

Natural Language Processing techniques process operations data and statistical models detect and 

classify anomalies, which are integrated back into the operational areas for radar-style operational 

awareness. Autonomous operational backstopping combines anomaly detection and generative AI 

for report feedback, ensuring that detected doubts in ongoing operations are highlighted and 

appropriate statements are produced. 

 

1.1. Overview of Generative AI Applications 

Generative AI leverages large language models to produce coherent and contextually aligned 

textual content that meets specified prompts. While first-mover applications reveal beneficial 

potential in industries such as education and entertainment, progressive use cases demonstrate a role 

across the entire DataOps lifecycle, including scalable data orchestration, data cleansing, 

transformation, enrichment, and predictive analytics. Generative AI can also serve as a core AIOps 

component, enabling user queries to be processed and automatically actioned through the definition 

of new Anomaly Detection and Root Cause Analysis (ADRA) rules, as well as the configuration of 

forensic analyses and the creation of new monitoring dashboards. 

 

Generative AI is founded primarily on Deep Learning (DL) models that incorporate fuzzy 

logic in learning algorithms. Complementary implementations comprise ensembles of classical 

Generative Models, hybrid architectures that combine support vector machines and generative 

topographic mapping, and various Deep Learning-based Generative Adversarial Networks, 

including the recently proposed Generative Temporal Patterns architecture for anomaly detection. 

Such models capture the distribution of representative data samples. They recognize or create new 

samples that fit the distribution of recognized or created ones while being capable of reasoning and 

simulating forward and backward mechanisms, thus mimicking real environmental dynamics. Such 
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descriptive and functional capabilities can be integrated into established AIOps functions across the 

full spectrum of data diagnostics and monitoring services. 

 

Table 1: Architecture and Dataset Summary for Hospitality and AgriTech Platforms 

Architecture Key Features Datasets Used Limitations 

Model A (Rule-

Based) 

Threshold rules, manual routing, 

zero ML 

HPD, AOD (static 

snapshots) 

No real-time adaptation, 

21.3% FAR 

Model B (Cloud 

LSTM) 

LSTM anomaly detection, cloud 

inference 

HPD, AOD + external 

APIs 

High latency (134 ms), 

privacy risk 

Model C (Edge 

AIOps) 

Isolated ML modules, local 

inference 

HPD, AOD 

(streaming) 

Siloed modules, limited cross-

domain correlation 

Model D 

(Proposed) 

Unified GAI+AIOps, LLM task 

decomposition, DataOps feedback 

HPD, AOD, social 

platforms, IoT sensors 

Requires Azure PaaS setup; 

LLM prompt quality 

dependent 

   

2. THEORETICAL FOUNDATIONS 
Generative AI and AIOps enable autonomous operation of complex data-intensive platforms 

such as Smart Hospitality and Smart AgriTech Applications, where hundreds of multiparty 

workflows interact. Each workflow contains multiple assignable tasks which in turn rely on data 

services offered by the platform. Such task assignments consume significant number of man-hours, 

even for well-staffed enterprises. Workflow automation offers a clear solution, leveraging AI to 

automatically detect task substrate and delegate execution to suggested assignees within the 

enterprise workforce, to trusted partners in the operational ecosystem, or to generative AI itself. 

 

Two enabling technologies are required. Generative AI is used to automatically decompose 

workflows into a plan of networked, assignable tasks while AIOps detects and localises problems in 

the underlying data services. These capabilities are formalised with Task/Plan Decomposition and 

Planning, and Anomaly Detection and Root Cause Analysis, which can be applied to a wider range of 

domains and domains than Smart Hospitality or Smart AgriTech Applications. For Smart Hospitality 

, the concepts are encapsulated in the Smart Hospitality AIOps Data Engineering Product Feature; for 

Smart AgriTech, they are incorporated into the Smart AgriTech AIOps Data Engineering PaaS 

Capability. 

 

2.1. Generative AI in Complex Operational Environments 

AIOps and Generative AI promise autonomous handling of complex operational 

environments in the data-intensive Hospitality and AgriTech sectors. AIOps achieves this by 

continuously monitoring large amounts of telemetry data and detecting anomalies that deviate from 

expected operational behavior; generative AI deploys an integrated expertise repository for 

autonomously decomposing tasks, generating a fine-grained task plan, and synthesizing new 

multimodal AI models where required. 

 

Operational anomalies arise in the data-intensive Hospitality and AgriTech sectors. 

Hospitality platforms integrate several different delivery verticals and multitudes of human and 
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technical operators; rapid fluctuations in demand, supply, and resources across verticals and 

operators create huge amounts of telemetry data. Detecting anomalies and understanding their 

causes enables administrators to put remedial actions in place. The AIOps framework continuously 

analyzes this telemetry data and looks for anomalies in key operational metrics of the delivery 

platforms. Detection of such anomalies generates alerts for the administrators, who can then 

investigate the issues proactively. 

 

Table 2: Comparative Detection and Automation Metrics Across All Models 

Metric Model 

A 

Model 

B 

Model 

C 

Model 

D 

Improvement (D vs 

A) 

Improvement (D vs 

C) 

Automation F1-Score 

(%) 

51.4 65.8 74.2 92.6 ↑ 80.2% ↑ 24.8% 

False Alarm Rate (%) 21.3 14.7 10.2 3.8 ↓ 82.2% ↓ 62.7% 

Privacy Score (%) 28.4 45.7 68.9 93.6 ↑ 229.6% ↑ 35.9% 

Resource Utilization 

(%) 

71.4 58.9 44.6 29.3 ↓ 58.9% ↓ 34.3% 

GPI 0.31 0.47 0.63 0.87 ↑ 180.6% ↑ 38.1% 

 

3. METHODOLOGICAL FRAMEWORK 
The recommended methodological framework for implementing the use of Generative AI and 

AIOps for workflow automation in highly data-intensive hospitality and AgriTech domains is 

presented in this section. The framework is based on two fundamental aspects: data stewardship and 

governance; and data sources and integrations. 

 

Data stewardship is one of the mandates of the data-centric era. Data from multiple sources 

are carefully ingested into enterprise-managed data lakes for utility, quality, and Governance. The 

quality include completeness, accuracy, integrity, and timeliness dimensions, which are enforced 

regularly through Data Quality-as-a-Service (DQaaS) using AIOps – powered by DataOps – 

capability. Data owners, typically part of the business domain, take the responsibility of identifying 

the source and the business rules used for generating the data. Data stewards from appropriate 

business domain units ensure the accuracy, integrity, and timeliness aspects of data stored in the 

Data Lake. Once the data is abandoned from business usage, DataRetire is the responsibility of Data 

Owners and it is securely wiped away. 

 

Data sources and integrations achieve consistency across the environment and protect data 

secrets. Almost all the publicly available data, including the competitors' data, scraped websites, 

social media Platforms – Twitter, Facebook, Instagram – are consumed through microservices. Data 

from online agencies – like Google, Facebook, TripAdvisor, and so on – along with the demand 

forecast generated using advanced analytics, are used to identify the best-suited demand prediction 

model, usually hyperparameter tuned, and deployed using ML-Ops. Data from various channels are 

integrated using a rule-based engine on a periodical basis. 
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3.1. Data Stewardship and Governance 

Digital Transformations (DT) in Hospitality and AgriTech have made public-, private-, and 

hybrid-cloud platforms central to hosting widely distributed data-intensive online services. Virtual 

digital assistants (VDAs)—typically seen in hospitality and transport domains—along with cloud-

based AIOps Services/Applications leverage machine and deep learning for various tasks like 

machine vision, translation, textual generative summarisation, and image generation. 

 

However, these and other applications have, up to now, remained isolated. Such solutions 

lack the capacity to decompose and plan workflows, monitor status, autonomously execute multi-

step or multi-stage jobs, and trigger follow-up or corrective actions. Furthermore, the ability to learn 

from massive amounts of contextual and supplementary data and services hosted on the cloud 

platforms has not been effectively harnessed. DatenDienste’s generative AI resource management 

architecture supports task decomposition and planning capabilities for distributed, data-driven 

service workflows hosted on public, private, or hybrid clouds. AIOps-based monitoring and control 

for Enterprise-grade autonomous DT further promote intelligent operations. These capabilities have 

paved the way for fully automated solutions in a testbed for workplace complaints in the transport 

sector and are nearing completion in the Hospitality domain. Efforts for Tourism, Retail, and Disaster 

Management domains and on AIOps for Bot-based Operations are also in progress. 

 

Public-, private-, and hybrid-cloud-hosted platforms offer access to an exhaustive set of 

mission-critical services for businesses engaged in the delivery of transportation & logistics, 

hospitality, public services, finance, health, commerce, and tourism, and wide-ranging industry-

connected service domains above and beneath the ocean bed. A unique combination of phenomenal 

growth and exhaustive digitisation in the Tourism and Hospitality sectors and DTs in Agriculture 

have resulted in the provision of interactive services across vast and intricate inter-connected virtual 

ecosystems of customer-data-service-provider-businesses, which are still maturing. 

 

Table 3: Comparative Error, Latency, and Efficiency Metrics Across All Models 

Metric Model 

A 

Model 

B 

Model 

C 

Model 

D 

Improve 

ment (D vs 

A) 

Improve 

ment (D vs 

C) 

Task Automation Latency (ms) 182 134 89 38 ↓ 79.1% ↓ 57.3% 

Mean Time to Automate (MTA) (s) 34.7 21.4 11.8 4.2 ↓ 87.9% ↓ 64.4% 

Unplanned Workflow Failure (%) 27.3 19.8 13.5 6.1 ↓ 77.7% ↓ 54.8% 

Computational Cost (norm. units) 74.2 61.5 48.3 31.7 ↓ 57.3% ↓ 34.4% 

Avg. Task Decomposition 

Accuracy (%) 

43.2 58.6 69.4 88.7 ↑ 105.3% ↑ 27.8% 

 

4. GENERATIVE AI FOR WORKFLOW AUTOMATION 
Autonomous and crowd-sourced operations in hospitality and AgriTech involve multiple 

interconnected workstreams that need to be executed in tandem to ensure timely, safe, and quality 

delivery to consumers. Various data sources need to be monitored for demand fluctuation (for 

example, weather data), unforeseen anomalies (for example, guest complaints), security threats, and 
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operational quality (for example, condiment and consumable levels). Generative AI is applied in such 

environments through task decomposition and planning within a Volatility, Uncertainty, 

Complexity, and Ambiguity (VUCA) framework. 

 

Generative AI presents exciting opportunities for harmonized and timely operational 

execution across workstreams in such complex and volatile environments. The idea is to utilize 

VUCA/Complex Adaptive Systems and Crowdsourcing Framework analysis to perform task 

decomposition for different workstreams and identify recurrent workflow automation opportunities, 

and the demand, execution, and anomaly detection phases are particularly well-suited for 

automation. Platforms responding to demand in an automated manner, such as ICICI Bank, Radio 

Taxi, and Zomato, should be leveraged, along with hosted AIOps-driven platforms, for VUCA 

management execution. Generative AI can identify current open tasks in parallel workstreams and, 

similar to Coda, provide a recurrence-enabled micro-work job board that allows willing participants 

to monitor demand and complete tasks appropriately throughout the execution stage. 

 

4.1. Task Decomposition and Planning 

Intelligent evocation and harnessing of Generative AI capabilities are key requirements for 

autonomous workflows. A multi-step formulation has been elaborated for the complex AIOps 

requirements of a Data+Integrated platform in the Data-Intensive hospitality sector, based on formal 

Problem Structural Analysis that enables critical task decomposition by helping articulate what is 

being achieved. The first step, focused primarily on User Task Description and Analysis, has also 

been successfully applied to a separate Data-Integrated platform in AOT aDataIntensive AgriTech 

sector leading to intelligent workload-aware and distributed orchestration of Data+Knowledge-

intensive tasks and processes leveraging autonomous AIOps. Here, planning and management of 

such workflows exploiting Generative AI capabilities explores the multi-stage path from User 

Workload Request to Task Execution via Workflow Identification, Specification, and Execution, 

contributing additional key questions to the Task/Workflow Decomposition Framework presented 

previously. 

 

Large-scale hospitality operations supported by a Data+Integrated platform require the 

intelligent and correct planning and management of Data+Knowledge-intensive workflows, which 

can be achieved via leveraging Generative AI's LLM capabilities in end-to-end User Task 

Specification and Management. Lengthy user workloads with interrelated tasks are decomposed into 

workflows to help minimize miscommunication and satisfy diverse usage motivation across 

autonomous workflows, for example, achieving superior data stewardship accountability or strict 

responsibility assignment in DataOps logging. Two primary processes can be identified to address 

such requirements: the determination of the required Workflow from user Taks Description and 

Assessment, and a detailed specification by a logical transformation of the Workflow Identity into 

executable Tasks for autonomous execution by appropriate responsible Agents. 
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4.2. Mathematical Formulation 

4.2.1.   System Quality and Performance Metrics 

Q_total = Q_automate + Q_detect + Q_latency + Q_cost   (Eq. 1) 

 

where Q_automate is the workflow automation quality, Q_detect is the anomaly detection quality, 

Q_latency is latency compliance, and Q_cost captures cost-efficiency. This composite metric governs overall 

platform performance. 

 

∂L/∂t = λ_task − μ_GAI   (Eq. 2) 

 

where L is the end-to-end workflow execution latency, λ_task is the incoming task arrival rate, and 

μ_GAI is the processing throughput rate of the GAI-enabled automation engine. Steady state occurs when 

λ_task ≤ μ_GAI. 

F1_automate = 2 · Precision · Recall / (Precision + Recall)   (Eq. 3) 

 

where Precision and Recall are derived from the confusion matrix of automated task assignments across 

hospitality and AgriTech workflows. A high F1_automate indicates low false assignment rates and strong task 

coverage. 

 

4.2.2. Workflow Decomposition and Task Assignment 

W(t) = Σ_{i=1}^{N} T_i · P(a_i | c_i, GAI)   (Eq. 4) 

 

where W(t) is the total workflow execution value at time t, T_i is the weight of task i, P(a_i | c_i, GAI) 

is the probability that GAI assigns the correct agent a_i given context c_i. This formulates task decomposition 

as a conditional probability optimization. 

 

a'(t) = a(t) + α · d(t) + β · r(t)   (Eq. 5) 

 

where a(t) is the baseline anomaly score, d(t) is the demand deviation signal from the DataOps layer, 

r(t) is the root-cause residual from the AIOps engine, and α, β are weighting coefficients. This models cross-

domain interaction between anomaly scoring and workflow remediation. 

 

S_priv = 1 − D_transmitted / D_total   (Eq. 6) 

 

where D_transmitted is the volume of raw operational data exfiltrated to external services and D_total 

is the total data processed on-platform. A higher S_priv indicates stronger data stewardship compliance. 

 

4.2.3. AIOps Anomaly Detection Model 

U = R_used / R_available   (Eq. 7) 

 

where R_used represents utilized PaaS resources (CPU, memory, storage) and R_available is the total 

cloud platform capacity. Resource utilization directly impacts cost and throughput in data-intensive hospitality 

and AgriTech deployments. 



 

 
 

ISSN: 3071-3315 
PP: 41-57. 

 

----------------- 
Generative Intelligence and AIOps for Autonomous Workflows in Data-Centric Hospitality and Agricultural Technology Platforms  

Dr. Isabella Romano 

        48 

E_GAI = F1_automate · S_priv / T_round   (Eq. 8) 

 

where T_round is the GAI feedback loop round duration. This metric captures how efficiently the 

platform achieves accurate, privacy-preserving automation per unit of processing time. 

 

θ(t) = θ_0 + γ · σ_data(t) + δ · drift(t)   (Eq. 9) 

 

where θ_0 is the base detection threshold, σ_data(t) is the live data variance, drift(t) captures temporal 

distribution shift in multi-enterprise platform data, and γ, δ are scaling parameters. Adaptive thresholding 

improves anomaly detection in volatile VUCA environments. 

 

η = (F1_automate · S_priv / T_infer) × 100   (Eq. 10) 

 

where T_infer is the inference time per workflow task batch. This efficiency ratio balances accuracy and 

privacy against computational overhead for autonomous operations. 

L_error = F1_opt − F1_automate   (Eq. 11) 

 

where F1_opt is the theoretical optimum F1-score under ideal data conditions. L_error quantifies the 

performance gap introduced by data sparsity, prompt quality issues, or model drift in the GAI pipeline. 

 

4.2.4. Cost Optimization and Platform Orchestration 

J = f(F1_automate, S_priv, L, U)   (Eq. 12) 

 

This joint optimization objective balances automation accuracy, data privacy, workflow latency, and 

resource utilization simultaneously. The objective is solved by the GAI-AIOps orchestration engine using 

multi-objective optimization strategies. 

 

D(i,j,k) = Q_src(i) · Metric(k) / T_proc(j)   (Eq. 13) 

where Q_src(i) is the source-specific data quality score from hospitality/AgriTech data pipelines, 

Metric(k) is the selected performance metric, and T_proc(j) is the processing time per data batch in the DataOps 

pipeline. 

 

GPI = η · F1_automate · (1 − FAR) / Q_total   (Eq. 14) 

 

The GAI-AIOps Performance Index (GPI) combines automation efficiency, detection accuracy, and 

false alarm suppression, normalized by overall system quality. GPI is the primary benchmarking metric for 

comparing models across hospitality and AgriTech use cases. 

 

5. AIOPS FOR AUTONOMOUS OPERATIONS 
Generative AI handles difficult and challenging circumstances poorly. While the upper and 

moderate ranges of application areas rely on high-level logical reasoning, deep conceptual 

understanding, and world knowledge, the lower range remains firmly in the realm of Task and 

Dependency MT; raising human-level world and application knowledge is thus a serious challenge. 
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For such areas, as well as for platforms with very large numbers of low-level infrastructure, 

management, and support tasks, AIOps provides a powerful and effective means for operation and 

support. 

 

Anomaly detection, identifying unusual or country deviations in monitored variables, is a key 

initial requirement for AIOps operations. Once detected, root causes must be established and 

repaired. The approach relies on an AI-ML Version of old-fashioned symptom-based diagnosis. 

Correlations among detected symptoms are carefully established, using known expert-practice 

associations among operating variables and/or incident and failure data to create a large list of 

anomaly links. The popularity of the approach lies in its applicability across all levels of modelling 

development effort and reliability — where exploitation of expert experience is crucial, the approach 

is essential. 

 

5.1. Experimental Results and Discussion 

Comparative analysis was performed on the Hospitality Platform Dataset (HPD) and the 

AgriTech Operations Dataset (AOD) across four model configurations: Rule-Based Threshold + 

Manual Workflow (Model A), Cloud-Centric LSTM + Basic Automation (Model B), Edge-Only AIOps 

+ Isolated Modules (Model C), and the proposed Unified GAI-AIOps Framework (Model D). All 

experiments were evaluated on a simulated Azure-based PaaS environment with representative 

multi-enterprise workload profiles. 

 

5.1.1. Workflow Automation Latency 

Fig. 1 presents end-to-end latency per workflow task batch across all four models. Model D 

achieves 38 ms, a 79.1% reduction compared to Model A (182 ms) and 57.3% compared to Model C 

(89 ms). The improvement is attributable to GAI-powered task decomposition that eliminates 

redundant inter-service round-trips and pre-emptively allocates platform resources. 

 

 
Fig 1 - Workflow Automation Latency per Task Batch (ms) 
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5.1.2. Anomaly Detection F1-Score 

 
Fig 2 - Anomaly Detection F1-Score Comparison Across Models 

 

Fig. 2 presents F1-scores for anomaly detection across model configurations. Model D 

achieves 92.6%, compared to 51.4% (Model A), 65.8% (Model B), and 74.2% (Model C). The 24.8% 

improvement from Model C to Model D demonstrates the value of unified cross-domain GAI-AIOps 

modeling, where operational demand deviations enhance anomaly scoring and vice versa. 

 

5.1.3. False Alarm Rate 

Fig. 3 illustrates false alarm rates across models: Model A: 21.3%, Model B: 14.7%, Model C: 

10.2%, and Model D: 3.8%. The 62.7% reduction from Model C to Model D is attributable to context-

aware validation in the GAI layer, which cross-checks anomaly alerts against workflow state and 

domain knowledge before surfacing them to operators. 

 

 
Fig 3 - False Alarm Rate (%) Across Model Configurations 
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5.1.4. Workflow Automation Efficiency Trend 

 
Fig 4 - Workflow Automation Efficiency Trend Over Training Epochs 

 

Fig. 4 shows automation efficiency progression over ten training iterations. Model D 

consistently outperforms all baselines, converging to 95.7% efficiency, while Model A plateaus at 

46.5%. The rapid convergence of Model D reflects the advantage of LLM-based task decomposition 

combined with AIOps feedback loops for continuous self-improvement. 

 

5.1.5. Computational Cost and Resource Utilization 

Figs. 5 and 6 present computational cost and resource utilization profiles. Model D consumes 

31.7 normalized cost units versus 74.2 for Model A — a 57.3% reduction. Resource utilization drops 

from 71.4% (Model A) to 29.3% (Model D), enabling higher platform throughput with reduced 

infrastructure spend on Azure-hosted PaaS environments. 

 

 
Fig 5 - Computational Cost Comparison (Normalized Units) 
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Fig 6 - On-Platform Resource Consumption per 1000 Workflow Batches 

 

5.1.6. GAI-AIOps Performance Index (GPI) 

 
Fig 7 - GAI-AIOps Performance Index (GPI) Comparison 

 

Fig. 7 presents the GAI-AIOps Performance Index (GPI) derived from Eq. 14: Model A: 0.31, 

Model B: 0.47, Model C: 0.63, Model D: 0.87. The 38.1% differential between Model C and Model D 

confirms superior synergy among automation accuracy, data privacy preservation, and operational 

efficiency in the proposed unified architecture. 

 

6. PLATFORM ARCHITECTURES FOR HOSPITALITY AND AGRITECH 
While the nature of operations and services differs significantly between hospitality and 

AgriTech platforms, the business processes and logic frames are conceptually very similar. Both 

domains are extremely data-intensive and heterogeneous, involving complex end-user workflows 

that share common operations like booking and fulfilment. Automated decisions can therefore be 

made based on the availability of resources and capacity in the system, as well as for exception 

handling and support. 

 

The hospitality domain comprises multiple data sources like the products and services catalog 

for hotels and residences and online booking travel agencies such as Trivago, Booking, and Goibibo. 
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Others provide external datasets for room pricing and flight availability, allowing integrated 

combination with rental properties. Data from external agents and resampling-based meteorological 

prediction models for rainfall are combined using reservoir computing for short-range prediction of 

imminent weather events to assist decision-making regarding asset readiness and trip rescheduling 

in flood-prone regions. 

 

In the AgriTech domain, multiple external product, price, and offer datasets provide short-

range input availability and price prediction, supporting inventory forecasting and ingredient 

preparation schedules for bakeries, factories, and catering services. External auctions for food grains 

provide information regarding price trends, enabling bakeries and other users to plan long-range 

ingredient sourcing. Integration across all microservices on an event bus helps maintain 

synchronicity of activities and operations across various platforms and modules. 

 

7. CONCLUSION 
Reinforced by an extensive body of research on generative AI applications, a generic platform 

architecture for Generative-AI-powered hospitality and AgriTech service delivery has been outlined 

together with a specialised data ingestion and integration subsystem architecture. The paper 

proposes a framework for workflow automation using Generative AI's task decomposition, planning, 

prompting, workflow and API management capabilities, together with AIOps methodologies and 

techniques for autonomous operations. Generative AI enables services and operations across 

Business, Work, IT and Data engineering. All capacity engineering and delivery areas are supported 

by workflow automation combined with autonomous operations and systems using anomaly 

detection and root cause analysis mechanisms. 

 

Generative AI significantly improves the scalability and quality of service, operational 

resilience and cost of service delivery for Data-Intensive Digital Service Provider Platforms (DIDSPP) 

in contingency management, and in prediction and prevention by enabling intelligent and process-

based service delivery. Prompting and informal and formal knowledge serves for automation and 

reinforcement of planning and control tasks. For DIDSPP that skilfully exploit Generative AI, data 

labour and share tasks with customers, the horizon for improving cost, scaling and quality of service 

delivery is expanding significantly towards magical service provisioning and maintenance, where 

assets and complexity are invisible to those consuming the service, without compromising 

sustainable profitability. 
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