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The object of the study is automated generation and 
validation of wagon interface schemas in railway tick-
et booking systems. Manual updating of one configura-
tion takes approximately 24 hours. It depends on software 
releases, requires engineer involvement, and increases the 
risk of production errors.

A two-layer agentic architecture is proposed. It 
includes separation of reasoning and execution, multi-
modal conversion of schematics into structured configura-
tions, and deterministic validation. The architecture was 
tested on the Ukrzaliznytsia platform. The platform sup-
ports more than 150 wagon configurations and serves over 
20 million passengers per year.

Twenty production schematics of different wagon 
classes were processed. One schematic required manual 
correction. The others were refined through one or two 
additional prompts. The time required to create a new 
wagon type decreased from approximately 24 hours to 
15 minutes. This corresponds to an approximately 99% 
reduction. Monthly engineering involvement was large-
ly replaced by a serverless workflow with infrastructure 
costs of less than 5 USD per month. No incidents caused by 
model hallucinations were recorded.

The solution supports more than 150 configurations 
without loading all schemas into a single context. It enables 
non-technical administrators to update configurations out-
side release cycles and reduces dependence on engineering 
teams. The approach integrates mandatory pre-deploy-
ment validation into the configuration creation process. 
Structure, format, and correctness remain subject to for-
mal control. This reduces manual engineering work with-
out changes to the core application code. The approach is 
applicable to railway ticketing and related systems where 
physical objects are represented as digital interface schemas
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1. Introduction

Railway transportation systems face a persistent digitaliza-
tion problem. Physical wagon layouts must be translated into 
booking interfaces with high precision. Online sales increasing-
ly dominate passenger rail service delivery. In 2024, Ukrzali-
znytsia transported more than 20 million passengers, and about 
86% bought tickets online [1, 2]. Railway fleets may be highly 
heterogeneous. A single route may include several wagon types 
with different seats, amenities, and accessibility features. Any 
mismatch between physical and digital layouts may cause book-
ing errors, passenger complaints, and operational inefficiency. 

In modern conditions, this problem is becoming more 
important because online railway ticketing is no longer an 
auxiliary service. It is a primary passenger-facing digital 
channel through which passengers select trains, wagons, 
seats, services, and accessibility options. Therefore, the digi-
tal representation of a wagon must correspond to the physical 
layout with high precision.

The relevance of automated wagon interface schema 
generation is determined by current operational conditions. 
Railway fleets remain heterogeneous. Therefore, one book-
ing platform must support many wagon types. It must reflect 
different seat layouts. It must represent amenities separately. 

It must also provide accurate digital representation of acces-
sibility configurations.

Digital railway services must be updated faster than tra-
ditional software release cycles allow. Production booking 
interfaces also require a high level of safety. Layout errors 
may affect passenger transactions and operational processes.

In practice, this study can reduce the time needed to create 
and update wagon configurations. It can also decrease depen-
dence on engineering teams and support faster deployment of 
new wagon types. In addition, it reduces the risk of incorrect 
passenger-facing layouts in national railway systems.

Therefore, automated generation and validation of wagon 
user interface schemas is scientifically relevant. It addresses 
the need to convert physical wagon layouts into accurate, 
safe, and release-independent digital representations.

2. Literature review and problem statement

Railway digitalization forms the first group of studies 
relevant to the problem of automated wagon interface schema 
generation. In paper [3], railway digitalization is considered 
as a way to accelerate the modernization of legacy railway 
systems. However, this work focuses on the general need for 
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This confirms the practical importance of adaptive digital 
solutions for passenger rail services. However, the study 
does not focus on AI-assisted generation of wagon interface 
configurations.

The application of digital twins for railways, as described 
in paper [16], focuses primarily on tracks, civil structures, 
rolling stock, overhead lines, predictive maintenance, mon-
itoring, and infrastructure management. This confirms that 
passenger-facing booking interfaces remain underrepresent-
ed in study on railway digitalization.

Paper [17] shows that practical LLM performance depends 
on workflow design. This is relevant because wagon schema 
generation cannot rely on model capability alone. It requires 
controlled task organization and bounded processing.

Paper [18] demonstrates that visual input can be converted 
into structured output. This supports the use of visual-to-sche-
ma processing. At the same time, generating train car sche-
matics is more specialized than screenshot analysis. It requires 
domain-specific notation for JavaScript objects, with preserved 
seat numbers, element types, directional attributes, accessibili-
ty features, and convenience-related parameters.

Paper [19] confirms that LLM-based agents can support 
technical workflows. Paper [20] describes the main functions 
of autonomous agents, including planning, execution, tool us-
age, and memory management. These functions are relevant 
to the proposed two-level architecture.

A limitation of these studies is their general scope. They 
do not provide a workflow for verified wagon interface sche-
mas or deterministic validation in railway booking systems. 
This study fills this gap by combining limited-context schema 
processing, visual schema generation, and pre-production 
validation within the constraints of the railway interface.

The results presented in [21] show that chain-of-thought 
prompting can improve performance in complex reasoning 
tasks. This is relevant because the generation of wagon sche-
mas involves spatial reasoning, numbering dependencies, 
and structural constraints. However, improving reasoning 
alone is insufficient for implementation in a production en-
vironment. On a railway booking platform, the generated 
artifact must undergo formal validation and human visual 
inspection before it can affect passengers. Therefore, rea-
soning must be separated from the direct execution of the 
configuration and integrated into a controlled architecture.

Another constraint concerns the management of context 
windows. In [22], it is shown that language models are few-
shot learners limited by finite context windows. This limita-
tion is significant for managing wagon configurations, as a 
national railway booking system may contain over 150 wag-
on configurations. Loading the entire set of configurations 
into a single prompt can increase context complexity, compu-
tational costs, and the likelihood of inappropriate generation.

Retrieval-Augmented Generation proposed in [23] can ex-
pand access to relevant knowledge without directly increasing 
the prompt size. However, retrieval does not fully solve the 
problem of modifying large structured artifacts. The resulting 
fragment may be relevant, but the model must still modify only 
the correct area of the schema and preserve all unchanged 
parts of the configuration. Therefore, a more suitable approach 
for generating wagon schemas is context-limited processing, in 
which the active context is restricted to the specific area of the 
schema required for the current operation.

The risk of hallucinations is another key issue. In [24], 
hallucinations in natural language generation are system-
atized as a serious reliability problem. [25] discusses methods 

digital transformation in railways and does not address the 
conversion of wagon layouts into passenger-facing booking 
interface schemas.

In paper [4], next-generation railway traffic management 
is analyzed through the OPTIMA project. This study con-
firms the importance of intelligent digital solutions for rail-
way infrastructure. However, its focus is traffic management 
rather than the representation of wagon interiors in booking 
platforms.

In paper [5], digitalization and machine learning are 
applied to railway operations and maintenance. The study 
shows that artificial intelligence-based methods can im-
prove operational railway processes. However, the problem 
of automated configuration of passenger-facing wagon user 
interfaces remains outside its scope.

Large language models provide the second group of tech-
nological foundations. In paper [6], large language models 
are reviewed as tools for code generation. This confirms 
their potential for structured output synthesis. However, gen-
eral code generation differs from wagon schema generation 
because a wagon schema must preserve seat order, layout 
constraints, direction attributes, accessibility elements, and 
rendering compatibility.

Paper [7] confirms the usefulness of code-trained mod-
els for code generation, but does not consider validated 
domain-specific schemas. Paper [8] presents Gemini as a 
multimodal model for processing text, images, and code, 
but multimodal input does not guarantee schema validity. 
Paper [9] demonstrates that Gemini 1.5 can process long mul-
timodal contexts. This is useful for technical documentation 
and large configuration sets. However, long-context capacity 
does not ensure bounded editing. The model must modify 
only the relevant schema fragment and preserve the rest of 
the configuration.

Paper [10] uses LLMs to extract parameters and detect in-
consistencies in clinical documentation. The study confirms 
the need for validation, as false positives and domain-specific 
errors may occur. This domain differs from railway booking 
interfaces, where invalid schemas can affect passenger trans-
actions. Paper [11] describes an LLM-based tool for vulnera-
bility detection. The study confirms the importance of adap-
tation, validation, and reliability control. However, it does not 
address validation of AI-generated interface schemas before 
deployment in a production environment.

Study on digital twins provides a third group of relevant 
sources. Paper [12] considers AI-based digital twins of trains 
as a means of improving railway services. However, this 
study focuses primarily on the train as a digital object for 
operational and predictive purposes, while passenger-facing 
booking interface schemas remain outside its scope.

Paper [13] proposes a reference architecture for AI-based 
digital twins in smart railways. This work demonstrates how 
artificial intelligence can be integrated into railway digital 
infrastructure. However, it does not provide a workflow for 
transforming manufacturer wagon schematics into validated 
interface configurations.

Paper [14] analyzes the integration of artificial intelli-
gence and digital twins into railway maintenance. The study 
identifies data integration and model accuracy as complex 
technical issues. These issues relate to wagon schema gen-
eration, but the work does not address booking systems or 
pre-production validation of interface schemas.

Paper [15] examines change management in passenger 
transport on Ukrainian railways under wartime conditions. 
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for mitigating hallucinations in large language models. These 
studies demonstrate that the generated output can be plausi-
ble but incorrect. This is particularly dangerous for railway 
booking interfaces, where a plausible but invalid schema can 
distort the actual wagon layout.

In [26], a validation-oriented method for hallucination 
detection is proposed. In [27], the use of external tools for 
deterministic computation is demonstrated. These approach-
es show that model outputs can be verified and constrained. 
However, hallucination mitigation in text generation does 
not automatically ensure production schema safety. Railway 
booking systems require that invalid AI-generated schemas 
never reach production. This requires deterministic schema 
validation, human visual approval, and revision history, rath-
er than reliance on model output alone.

The deployment model is also important. In [28], server-
less computing is described as suitable for event-driven work-
loads. In [29], analysis of real-world serverless workloads 
confirms that intermittent and bursty tasks can benefit from 
this model. Paper [30] examines current trends and open 
problems in serverless computing, including AI-related sce-
narios. These studies are relevant because wagon schema up-
dates are not continuous high-throughput operations. They 
occur irregularly, but must be processed quickly and safely.

However, most research on serverless artificial intelligence 
focuses on general cloud workloads. It rarely addresses low-fre-
quency and high-risk railway configuration tasks. One likely 
reason is that practical evaluation requires access to real produc-
tion infrastructure. This makes laboratory replication difficult. 
One way to address this limitation is to study a system deployed 
in a real national railway booking environment. In such an 
environment, update time, engineering cost, deployment com-
plexity, and production safety can be evaluated directly.

Thus, the reviewed literature shows that railway digitali-
zation, large language models, multimodal extraction, digital 
twins, agentic workflows, context management, hallucina-
tion mitigation, and serverless deployment provide separate 
technological foundations for the studied problem. However, 
these studies mainly focus on traffic management, mainte-
nance, monitoring, infrastructure, general code generation, 
or open-ended agentic workflows rather than passenger-fac-
ing railway booking interfaces.

As a result, the representation of wagon configurations 
for railway booking systems remains insufficiently studied. 
This unresolved problem is practically significant because 
booking platforms must accurately reflect seat numbering, 
spatial layout logic, amenities, accessibility elements, and 
direction-of-travel indicators. In production railway systems, 
schema errors may affect passenger-facing transactions and 
cannot be treated as ordinary interface inconsistencies.

Ukrzaliznytsia operates a national booking platform sup-
porting more than 150 wagon configurations across different 
train classes. This environment demonstrates the practical 
scale of the unresolved problem because wagon schemas 
must be updated, validated, versioned, and delivered to pro-
duction without disrupting the booking interface.

Therefore, the common unresolved problem is how to 
convert natural-language requests and manufacturer sche-
matics into valid, versioned, and release-independent wagon 
interface schemas while maintaining bounded context com-
plexity and preventing invalid artificial intelligence-generat-
ed outputs from reaching production. Solving this problem 
requires an artificial intelligence-assisted workflow that 
combines multimodal schema generation, bounded-context 

processing, deterministic validation, human visual review, 
and release-independent content delivery.

3. The aim and objectives of the study

The aim of the study is to develop an artificial intel-
ligence-assisted workflow for automated generation and 
validation of wagon user interface schemas in a national rail-
way booking system, with a focus on improving operational 
efficiency and production safety through a two-layer agentic 
mechanism using multimodal large language models.

The practical use of the obtained results will allow 
railway booking platform administrators to create, modi-
fy, validate, and deploy wagon configurations for web and 
mobile interfaces without direct editing of JavaScript Object 
Notation or TypeScript code and without waiting for sched-
uled software releases. This will reduce the duration and 
cost of wagon configuration updates, decrease dependence 
on engineering teams, support artificial intelligence-assisted 
processing of manufacturer schematics, and prevent invalid 
artificial intelligence-generated schemas from reaching pas-
senger-facing booking interfaces.

To achieve the aim, the following objectives were set:
– to formalize the production problem of manual wagon 

configuration development for railway booking websites and 
mobile applications and derive system requirements for arti-
ficial intelligence-assisted schema generation;

– to substantiate and implement the functional separation 
between the Reasoning Engine and the Worker Agent as a 
mechanism of metadata-level request analysis, scoped sche-
ma execution, and bounded-context processing;

– to develop a multimodal visual-to-schema pipeline for 
transforming manufacturer schematics into template-con-
strained JavaScript Object Notation configurations while 
preserving seat numbering, spatial layout, amenities, acces-
sibility elements, and direction-of-travel indicators;

– to compare the developed artificial intelligence-assisted 
workflow with the previous manual workflow according 
to update time, engineering cost, deployment coupling, re-
quired technical expertise, scalability, and production safety.

4. Materials and methods

The object of this study is the process of automated gen-
eration and validation of structured wagon user interface 
schemas for national railway booking platforms. The prin-
cipal hypothesis of this study is that decomposing complex 
schema generation into a separate reasoning layer operating 
on metadata and an execution layer operating on content 
within a bounded context can preserve bounded context com-
plexity regardless of the volume of wagon configurations and 
prevent invalid generated schemas from reaching production 
through deterministic validation and human review.

During the study, a number of presumptions were agreed 
upon: 

1) it will be easier to target particular schema regions if 
administrator appeals will be placed into a discrete schema 
modification; 

2) a hierarchical JavaScript Object Notation schema con-
tract is suitable for representing wagon configurations;

3) manufacturer-provided schematics include sufficient 
visual data to build seat layouts and placement of amenities. 
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The following simplifications were adopted: 
1) the evaluation is conducted on a single railway opera-

tor’s schema format (Ukrzaliznytsia);
2) only one multimodal model, Google Gemini 1.5, de-

veloped by Google LLC, United States, was used as a system 
component for schema extraction and generation; 

3) the quantitative evaluation is based on operational 
metrics rather than controlled laboratory experiments.

The methods of the study included system analysis and 
formalization for designing the architecture, comparative 
operational evaluation against the manual baseline, and vi-
sual validation by human administrators before production 
release.

The evaluation criteria were the time required to create 
a new wagon type, monthly engineering cost, deployment 
coupling, required technical expertise, scalability of configu-
ration management, schematic processing outcomes, and the 
number of invalid AI-generated outputs reaching production. 
These indicators were compared with the pre-intervention 
manual baseline.

The system analyzed in this study was architected and 
deployed during the author’s consulting engagement on the 
Ukrzaliznytsia booking platform in 2022–2024. The empirical 
basis of the study included the deployed production environ-
ment, managed wagon configurations, and manufacturer 
schematics processed through the system during the eval-
uation period. The software environment used in the study 
included Google Gemini and Google Cloud Platform services, 
both developed by Google LLC, United States. The frontend 
was implemented using TypeScript and VueJS, open-source 
software technologies originally developed by Microsoft, Unit-
ed States, and Evan You, China, respectively. The railway 
booking platform and wagon configuration data belonged to 
Public JSC “Ukrainian Railways” (Ukrzaliznytsia), Ukraine.

The deployed system operated on the Ukrzaliznytsia book-
ing platform (https://booking.uz.gov.ua/), which served more 
than 20 million passengers in 2024 [1]. According to platform 
statistics, approximately 86% of railway tickets were purchased 
online in 2024 [2], making the booking platform the primary 
passenger-facing digital channel of the national railway. The 
system managed more than 150 wagon configurations across 
multiple train classes. This deployment context was used as 
the empirical basis for comparing the artificial intelligence-as-
sisted workflow with the previous manual workflow.

The evaluation was conducted in several stages. At the 
first stage, the manual workflow for wagon configuration 
development was analyzed in order to identify the production 
bottleneck and derive system requirements. At the second stage, 
the two-layer agentic architecture and the multimodal visu-
al-to-schema pipeline were implemented in the deployed envi-
ronment. At the third stage, the developed workflow was com-
pared with the previous manual workflow according to update 
time, monthly engineering cost, deployment coupling, required 
technical expertise, scalability of configuration management, 
schematic processing outcomes, and production safety.

The system was implemented on Google Cloud Platform 
using a serverless architecture [28]. Google Gemini 1.5, 
developed by Google LLC, United States, was used as the 
multimodal component for text and image processing [9]. 
Google Cloud Storage was used for versioned schema storage 
and revision history. The frontend was implemented using 
TypeScript and Vue.js. A custom JavaScript Object Notation 
Schema validator was used to check structural correctness 
and domain-specific wagon configuration rules.

The manual workflow served as the baseline condition, 
while the artificial intelligence-assisted workflow served as 
the intervention condition for evaluating operational effec-
tiveness and production safety.

5. Results of implementing the artificial intelligence-
assisted wagon schema generation workflow

5. 1. Results of formalizing the production problem 
and system requirements

The production process was first formalized as a se-
quence of administrator input, reasoning, schema execution, 
validation, storage, and production delivery. Fig. 1 provides a 
general map of this workflow and shows where invalid gen-
erated schemas are blocked before release.

Fig. 1. General workflow of the Wagons Lab system 
showing the data flow from administrator input to validated 

production delivery

Let’s note that validation is placed before cloud storage 
and production delivery. This prevents invalid generated 
schemas from entering the version history or reaching the 
passenger-facing interface.

In the Ukrzaliznytsia online booking platform, a wagon 
functions as an interactive interface, not as a fixed visual im-
age. The interface is generated from a structured JavaScript 
Object Notation schema. This schema defines the essential 
layout data, including seat positions, numbering, travel di-
rection, accessibility elements, luggage areas, and amenities. 
Fig. 2, a shows an example fragment of this schema. Each 
element in the schema is linked to a TypeScript object used 
by the front-end renderer to build the seat selection interface. 
Fig. 2, b presents the corresponding visual output in the 
booking system.

 
  

Admin input 
Natural-language request or schematic image 

API gateway 
Serverless cloud function 

Layer 1: Reasoning engine 
Intent analysis and context selection 

Layer 2: Worker agent 
Multimodal processing and JSON generation 

Production 
Build-time JS model and live UI 

Cloud storage 
JSON schema and revision history 

Schema  
validation 

No 

Yes 
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a

b

Fig. 2. Representation of the wagon interface structure: 	
a – example of a wagon JavaScript Object Notation schema 
fragment showing seat positions, types, direction attributes, 

and amenity placements; b – visual representation of the 
schema 

Let’s note the hierarchy: wagon → sections → rows → 
columns → items. Each seat also has fixed attributes. Togeth-
er, these attributes form a schema contract that the LLM fills 
in but cannot freely change.

The schema follows a nested structure. A wagon consists 
of sections. Sections include rows, rows include 
columns, and columns contain individual items. 
These items may be seats with number, direction, 
and class attributes. They may also include acces-
sibility elements, such as wheelchair spaces and 
accessible restrooms, service elements, such as staff 
compartments and luggage racks, and amenities, 
such as toilets or bicycle storage areas. Because 
these elements are connected, the schema must 
preserve numbering order, spatial placement, and 
accessibility rules.

Before deployment, wagon schema updates 
were handled manually and tied to the software 
release cycle. Site administrators first sent request-
ed changes to the engineering team. The engineers 
would then manually develop or adapt the JSON 
structures. Domain knowledge of the wagon plan 
and technical expertise regarding the schema con-
tract are essential aspects for quality work, as soon 
as the schema needs to be verified against the 
rendering output by means of visual comparison. 
The last step is to deploy and to update the code to 
production as part of a scheduled software release 
conducted by a team. 

This process was only possible during software deployment 
and resulted in several considerable inefficiencies. It usually 
took 24 hours to produce a new wagon, and the manual JSON 
sequence revealed inconsistencies in the formatting, which re-
quired iterative quality control cycles. A dedicated engineering 
team was required to manage over 150 wagon configurations 
costing thousands of dollars per month. These constraints 
provoked the four system requirements mentioned in Table 1. 
Therefore, the formalized production problem was defined as 
the need to convert natural-language requests and manufac-
turer schematics into valid, versioned, and release-independent 
wagon interface schemas under requirements R1–R4.

This baseline workflow served as the reference condition 
against which the operational performance of the proposed 
architecture was subsequently evaluated.

5. 2. Results of substantiating reasoning-execution 
separation and bounded-context schema processing 

Processing complex wagon schemas in a single LLM 
prompt is both inefficient and error-prone, as large schemas 
may overflow available context windows [22]. This constraint 
was addressed by separating the task into metadata-level rea-
soning and bounded-context schema execution. Fig. 3 shows 
the functional separation between metadata-level reasoning 
and bounded-context schema execution. 

 
   

 
  

 

 
  

Execution plan 
Received from Layer 1 

Scoped schema content 
Relevant regions only 

Gemini multimodal generation 
Template-constrained JSON 

Layer 2: Worker agent 

Information bottleneck 
Only the execution plan crosses layers 

Admin request 
Natural-language  

 

Schema metadata 
Names and types 

Change history 
Prior revisions 

Chain-of-thought analysis 
Metadata only 

Layer 1: Reasoning engine 

Fig. 3. Functional separation between metadata-level reasoning and 
bounded-context schema execution: Layer 1 produces a scoped execution 
plan from a natural-language request, and Layer 2 applies this plan only to 

the relevant schema fragment

Table 1 

System requirements derived from the engineering bottleneck 
analysis

ID Requirement Description

R1 Content-code 
decoupling

Wagon schema definitions must be updatable 
independently of application releases

R2 Natural  
language interface

Non-technical administrators must specify schema 
modifications without JSON syntax knowledge

R3 Visual input 
support

System must accept manufacturer wagon  
schematics (PDF/JPEG) and translate them into 

valid schemas

R4 Production safety No AI-generated schema may reach production 
without deterministic validation and human review
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Let’s note the explicit information bottleneck between 
Layer 1 and Layer 2: only the scoped execution plan cross-
es this boundary, which is the mechanism that maintains 
bounded context complexity.

Layer 1: Reasoning Engine. This layer processes ad-
ministrator requests in natural language, such as “Update 
second-class seats and add wheelchair acces-
sibility to seats 47–48.” It performs intent and 
scope analysis without directly modifying ex-
isting components. It identifies the minimum 
required data: relevant schema parts, element 
definitions, and change history. Irrelevant 
content is excluded to reduce redundancy. 

Layer 2: The Worker Agent. This layer 
receives the structured execution plan and 
applies it only to the relevant schema frag-
ments. It follows the specified constraints and 
checks seat numbering, spatial constraints, 
and amenity placement before generating the 
final JSON output.

Before schema generation, this layer uses 
structured intermediate reasoning steps to 
check seat numbering, spatial constraints, and 
amenity placement [21]. For example, when 
accessibility spaces are added, the model must 
justify adjacent seat numbering, path width 
constraints, and amenity placement rules.

To meet requirement R1, the wagon sche-
ma is stored separately from the application 
codebase as a configuration file in a Google 
Cloud Storage bucket. During build time, 
the frontend fetches the latest configuration 
and generates a TypeScript wagon model to 
avoid runtime JSON parsing overhead. This 
architecture turns wagon updates from a re-
lease-dependent activity into a content man-
agement task. Administrators can update 
wagon configurations and see the changes 
on the production booking platform without 
software releases, code reviews, or deploy-
ment pipelines.

The Ukrzaliznytsia booking platform 
successfully integrated and deployed the 
two-layer agentic architecture. The Reason-
ing Engine, Layer 1, accurately parses natural 
language requests into structured execution 
plans for all tested request types, including 
reordering, availability updates, wagon clon-
ing, and new wagon generation. The Worker 
Agent, Layer 2, executes these plans within a 
bounded context window without loading all 
150+ configurations simultaneously.

In Edit Mode, requirement R2, admin-
istrators interact with wagon configura-
tions using natural language commands. 
For example, the instruction “Copy wagon 
configuration #23, but replace the bike rack 
with luggage storage” starts the following 
process. The Reasoning Engine analyzes 
the request and identifies cloning of the 
existing configuration, locating the termi-
nal row, and replacing the bike rack with 
luggage storage. The initial configuration of 
wagon #23 is shown in Fig. 4, a. The Worker 

Agent then performs these operations on the actual sche-
ma and uses structured constraint checking to account for 
structural effects, column width adjustments, and amenity 
placement [21]. It then generates the final JSON. Fig. 4, b 
shows the modified configuration with luggage storage in 
the last row.

 

 
  

 

 
  

b 

Fig. 4. Before-and-after comparison: a – original wagon configuration #23; 	
b – modified configuration with luggage storage in the last row

a
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The continuity of seat numbering in the unmodified rows 
and the structural integrity of the modified terminal row 
show that Layer 2 correctly applies the amenity substitution 
and spatial constraints specified by Layer 1.

The main architectural result is that the context window 
size remains constant regardless of the total number of wag-
on configurations in the system. Whether the system manag-
es 50 or more configurations, the Reasoning Engine process-
es only metadata, including schema section names, element 
types, and change history. The Worker Agent receives only 
the specific schema regions defined in the execution plan.

Thus, the functional separation between the Reasoning 
Engine and the Worker Agent limits processing 
to specific schema regions, reduces context 
complexity across more than 150 configura-
tions, and preserves the structural integrity of 
modified wagon layouts. The metadata-to-plan 
transition in Fig. 3 and the scoped modification 
example in Fig. 4 demonstrate this result.

5. 3. Results of implementing the mul-
timodal visual-to-schema pipeline

The multimodal visual-to-schema pipeline 
was implemented to transform manufacturer 
schematics into structured JavaScript Object 
Notation configurations. Railway operators 
typically provide wagon specifications in PDF 
format or as schematic JPEG format. The 
“visual-to-schema” pipeline processes require-
ment R3, converting visual artifacts into struc-
tured configurations. The pipeline workflow is 
represented in Fig. 5. 

Let’s note that step (c) constrains the large 
language model to populate predefined tem-
plate fields rather than generating JSON freely, 
this is the mechanism that prevents structural 
hallucinations.

Create Mode is utilized by the administrator 
to upload the wagon schematic image. With the 
help of Google Gemini vision capabilities [9], 
the system extracts seat layouts and numbering 
sequences, spatial arrangement (head, rows, col-
umns, positions), direction-of-travel indicators, 
and amenities (restrooms, conductor compart-
ments, bicycle storage). The visual items are 
mapped to the unified JSON schema structure 
via a template-driven creation process. The mod-
el does not generate the full schema freely; it fills 
predefined template fields with values extracted 
from the visual input. The template constraints 
ensure that the result will always match the 
anticipated contract schema, regardless of the 
complexity or uniqueness of the schematic input. 

The Create Mode user interface is shown 
in Fig. 6, a. The image is sent to Google Gemini 
together with a structured prompt and an explic-
it specification of the output schema contract. 
The model extracts spatial layout and amenity 
locations from the visual input, and the result is 
then processed to verify schema conformance. 
An example of the manufacturer wagon sche-
matic used as input is shown in Fig. 6, b. The 
administrator reviews the rendered component 
and may refine it with additional natural-lan-

guage prompts. The generated wagon component rendered from 
the extracted schema is shown in Fig. 6, c. 

 

  
   

 
   

 
  

c 

Fig. 6. Visual schema creation example: a – user interface; b – manufacturer 
wagon schematic (input); c – artificial intelligence-generated wagon 

component rendered from the extracted schema (output)

b

a
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Fig. 5. Visual-to-schema pipeline workflow showing four 
consecutive stages: manufacturer schematic input, Gemini 

vision extraction, template-constrained generation, and 
structured JavaScript Object Notation schema output
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Let’s note the correct preservation of seat numbering 
sequence, the accurate placement of amenities (restrooms 
and luggage storage), and the consistent direction-of-travel 
indicators between the input schematic and the rendered 
output.

The multimodal pipeline successfully processed sche-
matics for all tested wagon types across multiple train class-
es, including first-class sleeper wagons, second-class com-
partment wagons, third-class open wagons, luxury wagons, 
and special-purpose wagons with non-standard accessibility 
configurations. Across the 20 schematics processed during 
the evaluation period, only one required manual correction 
after a full generation pass, while the others were refined 
through one or two follow-up natural-language prompts. 
The template-constrained generation method ensured that 
all outputs adhered to the JSON schema contract, regardless 
of the input quality. In cases where the initial extraction was 
incomplete or inaccurate, administrators refined the out-
put using follow-up natural-language prompts within the 
same two-layer workflow, where one layer interpreted the 
requested correction and the other applied it to the relevant 
schema fragment. 

5. 4. Results of comparing operational effectiveness 
and production safety with the manual baseline

The developed architecture was compared with the man-
ual workflow previously used on the Ukrzaliznytsia booking 
platform. The evaluation covered two groups of indicators: 
operational effectiveness and production safety. Operational 
effectiveness was assessed by update time, monthly engineering 
cost, deployment coupling, required technical expertise, scal-
ability of configuration management, and schematic processing 
results. Production safety was assessed by the number of invalid 
artificial intelligence-generated schemas reaching production 
and the number of production incidents caused by model hallu-
cinations. The evaluation results are presented in Table 2.

As shown in Table 2, the developed architecture im-
proved both operational effectiveness and production safety 
compared with the manual baseline. The time needed to 

create a new wagon type decreased from approximately 
24 hours to approximately 15 minutes, which corresponds 
to a 99% reduction. Monthly engineering involvement was 
replaced by serverless infrastructure costing less than 
5 USD per month. Schema updates also became indepen-
dent of software release cycles. Across 20 processed manu-
facturer schematics, 19 cases required one or two follow-up 
natural-language prompts, while one case required manual 
correction after the full generation pass. No invalid arti-
ficial intelligence-generated schemas reached production, 
and no production incidents caused by model hallucinations 
were recorded.

Schema verification. The automated JSON Schema valida-
tor intercepted and blocked all structurally incorrect schemas 
created by the Worker Agent, preventing any hallucinations 
generated by artificial intelligence from appearing in the re-
vision history. The structurally incorrect schemas included: 
incorrect nesting depth, missing required fields, duplicate 
seat numbers, and elements that were spatially incompatible. 
All of these issues were rejected before reaching the visual 
review phase.

Visual verification. Even with minimal training, site 
administrators successfully verified that the generated 
schemas met the input data requirements. The natural lan-
guage interface reduced the learning period from several 
weeks (editing JSON) to just a few hours (for conversational 
interactions). The administrators noted that the visual 
validation step, reviewing the visualized component before 
approval, gave them confidence in the results generated 
by artificial intelligence and reduced their concerns about 
deploying AI-generated configurations in the production 
environment.

Revision history. The version-based data storage mech-
anism enabled administrators to quickly restore a previous 
state when they identified semantic (rather than structural) 
issues in approved configurations. Though there was no need 
to apply rollbacks because of hallucinations, the tool was test-
ed with changes to the administrative settings, confirming 
that it was ready for operation.

Table 2

Evaluation of operational effectiveness and production safety of the developed architecture

Evaluation criterion Manual baseline Developed architecture Result
Time to create a new wagon type Approximately 24 hours Approximately 15 minutes 99% reduction

Monthly engineering cost Thousands of USD per 
month

Less than 5 USD per month for 
serverless infrastructure Approximately 99% reduction

Deployment coupling Release-bound software 
update Release-independent content update Fully decoupled from software 

releases

Required technical expertise JavaScript Object Notation 
and TypeScript editing

Natural-language interaction and 
visual review

Access shifted to non-technical 
administrators

Number of managed wagon 
configurations

More than 150 configura-
tions managed manually

More than 150 configurations 
managed through scoped schema 

processing

Full configuration set supported 
without loading all schemas into 

one context

Number of manufacturer sche-
matics processed

Not applicable to the manual 
baseline

20 schematics from different wagon 
classes

19 cases required one or two  
follow-up prompts; 1 case  

required manual correction
Invalid artificial intelligence-gen-

erated schemas reaching 
production

Not applicable to the manual 
baseline 0 cases Invalid outputs blocked before 

production

Production incidents caused by 
model hallucinations

Not applicable to the manual 
baseline 0 incidents Zero production incidents caused 

by hallucinations

Administrator training effort Several weeks for manual 
schema editing

Several hours for conversational 
interaction and visual review

Training effort reduced from 
weeks to hours
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Scalability of the validation pipeline. The serverless ar-
chitecture automatically scaled to meet demand. No per-
formance degradation was noted. The number of supported 
wagon types increased since adoption of this pipeline, and 
the zero-deploy content delivery mechanism enabled the im-
plementation of validated configurations on the production 
platform within minutes of approval.

6. Discussion of the two-layer architecture 
performance and applicability 

The obtained results show that wagon schema manage-
ment can be transformed from an engineering-dependent 
process into a content-driven workflow. This transformation 
is reflected in Table 2, where the time required to create a 
new wagon type decreased from approximately 24 hours 
to 15 minutes, monthly infrastructure cost decreased to 
less than 5 dollars, deployment coupling changed from 
release-bound to independent, and no invalid artificial in-
telligence-generated outputs reached production. These re-
sults can be explained by the architecture shown in Fig. 1: 
administrator input is processed through the API gateway, 
divided between the reasoning and worker layers, checked 
by schema validation, and only then stored and delivered to 
production. Thus, the performance improvement results not 
only from model generation, but from the combined effects 
of output separation, large-scale schema processing, natural 
language interaction, deterministic validation, and content 
propagation without code deployment.

These results confirm the study’s main hypothesis. The 
separation of schema generation into reasoning and execu-
tion layers kept contextual complexity bounded for more 
than 150 wagon configurations. Deterministic validation and 
human visual inspection prevented invalid model outputs 
from entering production. In practice, non-technical admin-
istrators can manage wagon configurations outside software 
release cycles. This reduces update time, operational costs, 
and the risk of invalid production results.

The results of the study reveal several unique features. 
First, the developed process integrates metadata-level rea-
soning and bounded-context template execution into a sin-
gle production workflow. Second, multimodal extraction is 
based on constrained schema generation using predefined 
JavaScript Object Notation structures, rather than free-form 
generation. Third, code-independent content distribution 
is combined with deterministic validation, human visual 
review, and edit history. These features distinguish this 
approach from code generation methods based on large lan-
guage models and from railway digital twin methods, since 
the generated artifacts are not only produced but also verified 
and version-controlled before production, and blocked if their 
structure is invalid.

The results also demonstrate that the proposed archi-
tecture extends study in railway digitalization and digital 
twins [12–14]. Current study on railway digital twins is 
primarily focused on predictive maintenance, infrastructure 
monitoring, and operational control. In contrast, this study 
applies the logic of digital representation to a passenger-ori-
ented booking interface. Wagons are considered not only as 
physical objects but also as structured digital artifacts that 
must support seat numbering, spatial logic, amenities, ac-
cessibility features, and visual consistency. Fig. 2 illustrates 
this point. It shows a fragment of the JavaScript Object Nota-

tion (JSON) schema for the same wagon and its correspond-
ing user interface. The figure explains why a digitized model 
must preserve not only visual similarity but also its internal 
hierarchical structure, including sections, rows, columns, 
elements, and seat attributes.

The results also highlight the importance of separating 
intent from execution. As shown in Fig. 3, the first layer han-
dles administrator requests, schema metadata, and change 
history, while the second layer receives only execution 
plans and the schema’s scoped content. This information 
bottleneck explains why the system can manage more than 
150 wagon configurations without loading all layouts into a 
single model context. Fig. 4 demonstrates the same mecha-
nism: natural language commands modify only the relevant 
terminal rows, while preserving seat-numbering continuity 
and spatial areas. Therefore, as the number of configurations 
increases, context complexity remains low.

The proposed architecture also differs from visual struc-
ture extraction methods such as Pix2Struct [18]. In these 
methods, the primary task is to transform the visual input 
into a structured representation. In this study, visual ex-
traction is only part of a broader manufacturing workflow, as 
shown in Fig. 5. First, the Gemini visual analysis component 
processes the manufacturer’s schematic diagram, then trans-
forms it by generating template constraints, and finally pro-
duces a structured output template. Fig. 6 further illustrates 
why visual extraction alone is insufficient: the generated 
interface must be compared to the manufacturer’s schematic 
diagram, preserving seat numbering, amenity placement, 
and directional indicators. Therefore, the resulting output 
must comply with the formal template contract, be verified 
via deterministic validation, support human validation, and 
be delivered to the booking platform without a software 
release.

Compared to agent approaches based on large language 
models [19, 20], the proposed architecture meets stricter pro-
duction requirements. General proxy systems are typically 
evaluated in open environments, and their success depends 
on task completion. In this study, simple task completion is 
insufficient. The generated template must be formally valid, 
visually accurate, and safely deployable in the national rail-
way reservation system. This explains why strict inter-level 
information bottlenecks are more appropriate than extended 
multi-agent interaction schemes. As shown in Fig. 3, this bot-
tleneck also reduces the likelihood of uncontrolled schema 
changes, since the working level receives only the relevant 
schema regions selected by the reasoning layer, rather than 
the full configuration library.

Compared to retrieval-augmented generation [23], the 
proposed method does not rely on linear growth in context 
size. Methods with improved search can provide relevant 
external information, but they cannot automatically solve 
the problem of modifying large structured artifacts. In the 
proposed architecture, only the relevant areas of the tem-
plates are processed. Fig. 3 illustrates this principle at the ar-
chitectural level, and Fig. 4 at the interface level, where only 
selected segments of the train cars are modified, while the 
rest of the configuration remains unchanged. This reduces 
the contextual load and the risk of inconsistencies.

Compared to single-prompt large language modeling 
methods [24], which are prone to hallucinations in complex 
generation tasks, the proposed system employs determinis-
tic validation prior to deployment. No production incidents 
caused by hallucinations were detected. This result does not 
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mean that the model never produced erroneous outputs, but 
rather that invalid outputs were effectively prevented from 
entering the production environment thanks to the valida-
tion path shown in Fig. 1, the template constraint generation 
stage shown in Fig. 5, and the visual review by an adminis-
trator shown in Fig. 6.

The results regarding costs are consistent with studies on 
serverless computing [28–30], which show that periodic and 
event-driven workloads can benefit from serverless deploy-
ments. However, this case differs from typical serverless AI 
scenarios. Generating wagon schemas is not a high-throughput 
consumer-level task. This explains why the cost impact in Ta-
ble 2 is primarily related to eliminating the constant involve-
ment of engineers and version-controlled deployments, rather 
than optimizing large-scale computational performance. In-
stead, wagon schema generation is a low-frequency but high-
risk operation, and every update must be accurate, traceable, 
and safe to ensure usability in a production environment.

Furthermore, the proposed solution has clearly defined 
use cases. The results are most reproducible in environments 
where a wagon layout can be represented as a hierarchical 
schema, as shown in Fig. 2, and where operational require-
ments are similar to those listed in Table 1. These require-
ments include content-code decoupling, a natural language 
interface, support for visual input, and deterministic produc-
tion safety. Migration to other railway operators is possible, 
but it will require adaptation of schema contracts, validation 
rules, interface logic, and local booking constraints.

A limitation of this study is the empirical scope of the 
evaluation. The results are based on only one national rail-
way booking platform, one operator-specific schema format, 
one core server-side component of the multimodal model, 
and 20 manufacturer schematics processed during the eval-
uation period. These limitations do not affect the practical 
applicability of the results presented in Table 2, but they 
limit the extent to which the same quantitative results can be 
generalized to other railway operators, schema standards, or 
model server components. Therefore, future study should in-
clude controlled comparative testing of multiple multimodal 
models, multiple railway schema formats, and a larger num-
ber of manufacturer schematics.

The proposed architecture has shortcomings that differ 
from these study limitations. First, the system depends on the 
quality and completeness of the manufacturer’s schematics. If 
the input images are incomplete, outdated, or visually ambigu-
ous, the generated schemas may require additional correction 
by an administrator. These shortcomings can be mitigated by 
adding automatic image quality checks and visual detection of 
discrepancies between the input schematics and the rendered 
output. Second, the architecture relies on predefined schema 
contracts. This improves safety but limits flexibility when new 
wagon components appear. This can be addressed by expand-
ing the schema library and validation rules before adding new 
component categories. Third, the architecture still requires 
human visual inspection because formal validation cannot 
detect all semantic differences between physical wagons and 
the rendered interface. This can be reduced by combining de-
terministic validation with automated visual comparison, test 
rendering, and domain-specific rule checks.

Further study can follow two application paths. The first 
is real-time wagon reconfiguration during schedule disrup-
tions. This requires integration with real-time operational 
data, access control rules, and pre-deployment validation. 
The second is synchronization between the physical state of 

a wagon and its digital model using sensors or operational 
data. These directions should address data heterogeneity, 
update delays, incomplete manufacturer documentation, and 
operational safety during automated schema changes.

7. Conclusions

1. For national railway booking platforms, the opera-
tional challenge of creating schematics for the wagon user 
interface was formalized. The analysis showed that manually 
updating a schema takes about 24 hours for each configura-
tion, depends on software release cycles, requires knowledge 
of JavaScript Object Notation and TypeScript, and is prone to 
production errors. Four system requirements were identified: 
separation of content from code, natural language interac-
tion, support for visual input, and production safety through 
deterministic validation and human review.

2. A functional separation between the reasoning engine 
and the Worker Agent was established and implemented as 
a schema processing mechanism in a restricted context. The 
reasoning engine performed request analysis at the metadata 
level and generated high-level execution plans, while the 
Worker Agent modified only the relevant schema fragments. 
This mechanism supported work with more than 150 wagon 
configurations without loading the entire set of schematics 
into a single model context.

3. A multimodal visual-diagrammatic pipeline was im-
plemented to convert manufacturer schematics into struc-
tured configurations in JavaScript Object Notation. The 
pipeline processed 20 schemas from different wagon classes. 
After a full generation cycle, only one diagram required man-
ual correction, while the remaining cases were refined using 
one or two subsequent iterations.

4. The operational effectiveness and production safety of 
the artificial intelligence-assisted workflow were evaluated 
against the manual baseline. The time needed to create a 
new wagon type decreased from approximately 24 hours to 
approximately 15 minutes, corresponding to a 99% reduc-
tion. Monthly engineering cost decreased from thousands 
of dollars to less than 5 dollars for serverless infrastructure. 
No invalid artificial intelligence-generated schemas reached 
production, and no production incidents caused by model 
hallucinations were recorded.
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ways” (Ukrzaliznytsia). The developed architecture, method-
ology, and evaluation logic are disclosed in sufficient detail to 
support replication in analogous domains.

Use of artificial intelligence

Google Gemini 1.5, developed by Google LLC, United 
States, was used only as a functional component of the AI 
Wagons Lab system described in Sections 4, 5.2, and 5.3. The 
model was used for multimodal extraction of seat layouts, 
numbering, direction indicators, and amenities from man-
ufacturer wagon schematics, and for template-constrained 
generation of wagon schemas in JavaScript Object Notation 
format.

The model was not used to write, paraphrase, translate, 
shorten, expand, or stylistically edit any part of the manu-
script text, including the abstract, introduction, literature 
review, materials and methods, results, discussion, conclu-
sions, references, or author statements.

The outputs generated by the AI Wagons Lab system were 
checked through deterministic schema validation, visual 

review by administrators, revision history, and comparison 
with the manual baseline workflow. Invalid schema outputs 
were blocked before production release. The model-generated 
outputs did not independently determine the study conclu-
sions. The conclusions were formulated by the author on the 
basis of validated operational results obtained in the deployed 
railway booking environment.
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