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Abstract

Information technology service management (ITSM) systems generate large volumes of
unstructured incident descriptions. They frequently include multilingual content, code-
switching, informal language, and domain-specific terminology. These characteristics make
automated text processing substantially more complicated and limit the applicability of
conventional machine translation solutions, particularly in environments subject to strict
data privacy and air-gap constraints. This paper presents a system-level reproducibility
study of a deterministic two-stage cascaded neural machine translation (NMT) pipeline
for normalizing multilingual IT incident text in resource-constrained, air-gapped envi-
ronments. The study evaluates a sequential RU—EN and LT—EN translation strategy
specifically selected to bypass unreliable language identification, enabling stable process-
ing of code-switched incident descriptions. A system-level processing pipeline, which
includes text normalization, segmentation, deduplication, adaptive batching, and language-
aware data flow optimization, is analyzed to assess its impact on reducing redundant
inference operations. The methodology is evaluated on a real-world ITSM dataset com-
prising 84,285 incident records. An incremental experimental design is used to isolate the
specific contributions of computational and data-flow optimizations. Translation quality is
assessed using BLEU and COMET metrics against expert reference translations produced
via a primary translation and subsequent cross-verification by a second domain expert
to ensure linguistic and technical consistency. The results indicate that a cascaded NMT
architecture combined with systematic data-flow optimization provides a reproducible and
privacy-preserving framework for multilingual IT incident text normalization, effectively
supporting downstream analytical tasks in constrained operational ITSM environments.

neural machine translation;
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1. Introduction

Information technology service management and support systems generate large
volumes of unstructured textual data on a daily basis, including incident records and
service requests that document service disruptions, anomalies in technical component be-
havior, user-reported failures, and their resolution processes in multilingual environments
(specifically Lithuanian, Russian, and English). Such records are often characterized by
cross-lingual code-switching, informal expression, highly specialized technical jargon, and
fragmentary syntax. The combination of these characteristics creates significant challenges
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for automated downstream analysis. For example, incident classification and root cause
identification both require semantically consistent monolingual data representations to
maintain analytical accuracy. In IT environments where Lithuanian, Russian, and English
are used in parallel, incident descriptions frequently combine words or sentences from
all three languages within a single text. Such trilingual segment mixtures disrupt both
language identification (LID) systems [1] and standard neural machine translation (NMT)
architectures. As noted in multilingual NMT (MNMT) research, models that are typically
trained on homogeneous parallel corpora [2,3] perform poorly on noisy, domain-specific
code-switched data. Although NMT models have reached a high level of development,
empirical studies in cascaded and multilingual translation [4,5] indicate that accuracy for
code-switched sentences degrades substantially as a result of unclear language boundaries,
inconsistent sentence structure, or a lack of contextual information.

Moreover, real-world companies operate under strict data privacy and regulatory
requirements. As a result, all sensitive technical, operational, or infrastructure-related
information in IT incident descriptions (including internal system identifiers, configuration
details, user data, and failure patterns) is often subject to internal security policies, contrac-
tual confidentiality obligations, and regulatory frameworks, which prohibit its transmission
to external or third-party cloud-based services. As a result, the use of commercial machine
translation APIs and cloud-hosted large language models becomes infeasible. These con-
straints impose strict operational boundaries, necessitating an investigation into fully local
execution, deterministic processing, and result reproducibility within resource-constrained,
CPU-only environments. Consequently, this study addresses the need for air-gapped,
lightweight, and auditable translation architectures that can operate without external
connectivity while guaranteeing data confidentiality and system-level reproducibility.

Despite rapid advances in NMT and research on code-switching [3,5], existing studies
predominantly focus on bilingual pairs or large multilingual models [6,7] operating un-
der unconstrained computational conditions. Although LLMs can process code-switched
inputs [8], their applicability in air-gapped environments is limited by system-level repro-
ducibility concerns, non-deterministic behavior, and prohibitive computational require-
ments for CPU-only execution.

Moreover, systematic reproducibility studies addressing the deterministic translation
of trilingual (LT/RU/EN) IT incident texts under strict air-gap constraints remain scarce.
In this context, this study investigates a two-stage cascaded air-gapped NMT architecture
for processing and normalizing real-world ITSM incident texts. The pipeline operates
in two sequential stages: first, Russian-language segments are translated into English
(RU—EN), followed by the translation of the remaining Lithuanian fragments (LT—EN).
This sequential process is designed to bypass unreliable language identification, decompose
heterogeneous sentences into more interpretable linguistic components, and maintain
deterministic translation behavior, which is essential for reproducible IT operations.

To address this gap, the study is built around the following research objectives:

(1) To investigate the suitability of a deterministic two-stage cascaded NMT ap-
proach for multilingual IT incident text normalization in air-gapped environments. The
study aims to examine whether a fully local two-stage RU—EN and LT—EN cascaded
neural machine translation pipeline can effectively process real-world ITSM incident texts
characterized by code-switching and unstructured syntax while operating without explicit
language identification, cloud services, or GPU acceleration.

(2) To analyze the baseline behavior of a CPU-based cascaded NMT pipeline on real
operational ITSM data. This research establishes a non-optimized baseline in order to as-
sess translation stability, computational cost, and processing characteristics when applying
standard neural machine translation models to large-scale, noisy incident descriptions.
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(3) To evaluate the impact of model-level computational optimization through
dynamic quantization. The study investigates how applying dynamic quantization to the
baseline pipeline affects inference efficiency and translation quality while the data flow and
translation logic remain unchanged.

(4) To examine the effect of data-flow restructuring on translation efficiency and
quality. The research explores whether pipeline-level optimizations, including length-
aware batching and language-aware routing, can reduce redundant inference operations
and padding overhead beyond what is achievable through model-level optimization alone.

(5) To compare incremental pipeline configurations using a controlled experimental
design. The study applies a three-stage experimental framework comprising a baseline, a
quantized baseline, and a data-flow-optimized pipeline in order to enable causal analysis
of how individual design decisions influence performance and translation quality.

Based on these objectives, the study is led by the following research questions:

RQ1: Can a deterministic two-stage RU—EN and LT—EN cascaded NMT pipeline
effectively normalize multilingual, code-switched IT incident descriptions under air-gapped
and CPU-only execution constraints?

RQ2: What is the baseline translation quality and computational behavior of the
proposed cascaded NMT pipeline when applied to real-world LT/RU/EN ITSM incident
data without any additional optimization?

RQ3: How does dynamic quantization affect inference efficiency and translation
quality in the proposed air-gapped cascaded NMT pipeline?

RQ4: To what extent do data-flow optimizations, including segmentation, deduplica-
tion, length-aware batching, and language-aware routing, reduce computational workload
while preserving translation quality?

RQS5: Which experimental configuration provides the most suitable balance between
translation quality, execution time, throughput, and reproducibility for practical ITSM use
under constrained infrastructure conditions?

The novelty of this study is not in suggesting a new neural machine translation
architecture; instead, the contribution is a system-level, deterministic, air-gapped imple-
mentation and empirical evaluation of a cascaded RU—EN and LT—EN NMT pipeline
for noisy real-world ITSM incident data. The proposed approach is partially aligned with
prior work on open-source machine translation, code-switched machine translation, and
multilingual NMT, but it differs from previous studies by integrating normalization, seg-
mentation, deduplication, RAM-adaptive batching, dynamic quantization, language-aware
routing, and expert-based quality evaluation into a single reproducible workflow suitable
for privacy-constrained operational ITSM environments. As a result, the methodological
approach is partially aligned with previous studies in its use of established NMT models
and standard translation quality metrics, but differs in its operational integration, deter-
ministic execution design, air-gapped deployment constraints, and empirical evaluation on
real-world multilingual IT incident data.

2. Related Works

The direction of research on machine translation has evolved from deterministic rule-
based linguistic systems and statistical phrase-based translation methods toward neural
sequence-to-sequence architectures and transformer models, which enable modeling of
context, longer sequences, and mixed syntax. This evolution has significantly expanded the
possibilities for processing multilingual and code-switched language data. Open-source
initiatives such as OPUS-MT have laid the foundation for widely accessible neural transla-
tion systems. Tiedemann and Thottingal [9] emphasized the potential of developing open
translation services based on the integration of multilingual corpora and easily adaptable
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architectures. Subsequent work by the same authors [10] expanded the OPUS-MT ecosys-
tem and demonstrated that open models can achieve competitive quality, attaining high
BLEU, chrF, and COMET scores even for low-resource language pairs and, in some cases,
outperforming systems evaluated in WMT benchmarks. The rapidly growing need to
process code-switching text has stimulated research related to the effectiveness of machine
translation for mixed-language data. Khatri et al. [8] analyzed the capabilities of large
language models for translating code-switched content and showed that standard NMT
models, which are designed for specific language pairs and are not adapted to mixed
RU-LT-EN syntax, often fail to correctly interpret multiple language segments within a
single sentence. A similar issue was observed by Nguyen et al. [11], who, while exam-
ining Vietnamese— English code-switching data, demonstrated that model performance
significantly depends on data cleaning and the accuracy of language identification. The
authors also highlighted a research gap in processing mixed-script sequences where LID
remains unreliable.

Language identification in mixed texts remains a critical step prior to any translation
process. Hidayatullah et al. [1] presented a systematic review of language identification
for code-switched data and emphasized methodological challenges arising from uneven
resource distribution across languages. The authors showed that hybrid systems combin-
ing symbolic and neural methods typically achieve higher accuracy. Meanwhile, Zhang
et al. [12] proposed a selective online data augmentation methodology aimed at improving
the performance of multilingual translation models. From a similar perspective, Licht
et al. [13] validated the applicability of open-source translation models for quantitative text
analysis. It was demonstrated that properly prepared models can substitute commercial
alternatives without substantial quality loss. The specifics of code-switched social media
texts were further analyzed by Srivastava and Singh [14], who developed the Hinglish cor-
pus PHINC for mixed-language translation and NLP tasks. In a task organized by CALCS,
Chen et al. [4] highlighted the complexity of translating into and out of code-switched
text, demonstrating that models suffer semantic losses when language segments are tightly
interwoven. These results were complemented by the GLUECoS benchmark introduced by
Khanuja et al. [15], which has become one of the primary standards for evaluating NLP
tasks involving code-switching. A survey conducted by Sheth et al. [5] found that the
integration of large language models is fundamentally reshaping the research landscape of
code-switching text, yet many architectures still inadequately process small-scale and gram-
matically irregular segments characteristic of real organizational data, particularly when
such models must operate under the deterministic and resource-constrained requirements
of air-gapped systems.

From a linguistic perspective, code-switching is closely related to language contact
theory. Auer [16] interpreted code-switching as a phenomenon driven by pragmatic
factors, reflecting the social and situational context of communication. Myers-Scotton [17]
provided an extended analysis of bilingualism in which code-switching is viewed as a
structurally predictable but semantically variable linguistic practice. Such linguistic insights
are important for NMT and LID systems, as they help explain why unexpected grammatical
transitions occur in mixed-language texts, potentially misleading even the most advanced
neural models, and further justifying the use of deterministic cascaded stages to manage
such structural variability.

The development of multilingual translation models has been driven by the creation
of large-scale multilingual corpora and advances in model architectures. Fan et al. [6] pro-
posed a multilingual model that overcomes the dominance of English in traditional NMT
systems and enables translation among many low-resource languages. Masoud et al. [18]
studied back-translation methods for code-switched texts and demonstrated their effective-
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ness in improving translation results, particularly when the original data is fragmentary.
Dabre et al. [2] presented the first systematic review of MNMT, emphasizing architectural
heterogeneity, integration of different data types, and the importance of transfer learning.
A later review by Dabre et al. [19] developed these findings and introduced the concept
of universal multilingual architectures that can be adapted to various NMT tasks with-
out extensive retraining. The effectiveness of transfer learning in low-resource language
translation was studied by Zoph et al. [20], while Gu et al. [21] introduced meta-learning
principles that allow models to adapt more rapidly to new language pairs with minimal
data. These works form a theoretical foundation for streaming, resource-constrained trans-
lation processes commonly used in internal organizational systems, yet the challenge of
maintaining system-level reproducibility in fully air-gapped, CPU-only environments re-
mains. According to Cohn-Gordon et al. [3], meaning preservation is further enhanced by
incorporating pragmatic reasoning into the decoding process—avoiding the collapse of
semantic distinctions common in vanilla sequence-to-sequence models.

Development of new architectures and deeper models forms another significant direc-
tion of future research. Bapna et al. [22] introduced the “transparent attention” mechanism,
enabling more efficient training of very deep NMT models, while Sennrich et al. [23]
demonstrated that integrating monolingual data significantly improves translation qual-
ity, especially when parallel data is scarce. Kudo [7] proposed “subword regularization,”
which provides models with additional variability for processing incomplete or irreg-
ular word forms. Data augmentation strategies that help models better handle rare or
out-of-vocabulary forms were studied by Fadaee et al. [24]. These studies showed that
appropriately applied data augmentation methods can compensate for limited corpus sizes
and enhance model generalization in mixed domains.

In a broader NLP context, many modern architectures have been applied beyond
traditional translation tasks. Warstadt et al. [25] analyzed the ability of neural models to
perform grammatical acceptability judgments, emphasizing the importance of integrating
semantic and syntactic signals. Johnson et al. [26] introduced the Google MNMT system,
which enables zero-shot translation between language pairs not directly seen during train-
ing. This approach was further developed by Yan et al. [27] by proposing multisource
meta-transfer methods that allow more efficient processing of low-resource text queries.

Other equally important topics to consider are data privacy and security. Abadi
et al. [28] demonstrated that differential privacy methods can be applied to training deep
neural networks, becoming particularly relevant in contexts with high risks of data leakage.
In the context of incident analysis, Zhang et al. [29] developed a corpus of medical incidents
annotated for intent and factuality, revealing that precise semantic analysis is essential to
avoid misinterpretation. Such principles are important for translation quality control when
incident texts contain dense, domain-specific information. The BLEU metric, introduced
by Papineni et al. [30], remains one of the primary standards for automatic translation
quality evaluation and is widely used to assess NMT performance in both homogeneous
and mixed texts. But it is important to consider that its application requires high-quality
reference translations that are not always available in real organizational data. In such cases,
the development of expert-verified benchmarks is required for reliable system evaluation.

Hilbig et al. [31] presented a collection of applied linguistics studies examining lan-
guage contact, social multilingual communication, and the structural properties of rare
languages. These aspects are particularly relevant when working with Lithuanian, which
is often used in combination with other languages in complex information technology
contexts. Such insights complement linguistic aspects of code-switching research required
for the accurate interpretation of mixed-language texts unconstrained by strict grammatical
structures, which are frequently encountered in IT incident reports.
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2.1. NLP Challenges in Code-Switched IT Incident Texts

Code-switched IT incident descriptions represent a particularly challenging form of
operational NLP data because they combine multilingual content, informal syntax, abbre-
viations, technical identifiers, and incomplete sentence structures within short and noisy
textual fragments. Unlike general-domain multilingual corpora, ITSM records frequently
contain mixed Lithuanian, Russian, and English expressions together with system names,
error messages, device identifiers, and user-written shorthand notes. These characteristics
complicate tokenization, language identification, sentence segmentation, and semantic
preservation during the translation process.

Prior research confirms that code-mixed and code-switched texts create substantial
difficulties for NLP systems. Hidayatullah et al. [1] showed that language identification
in code-mixed text is affected by ambiguity, lexical borrowing, non-standard words, and
intra-word code-mixing. Khanuja et al. [15] introduced GLUECoS as a benchmark for
code-switched NLP tasks, demonstrating that code-switching affects multiple downstream
tasks, including language identification, named entity recognition, sentiment analysis, and
question response. Khatri et al. [8] further showed that code-switched machine translation
remains challenging even for large multilingual language models. Nguyen et al. [11] also
demonstrated that code-switching input introduces specific methodological difficulties
for machine translation evaluation. Similarly, Chen et al. [4] emphasized the demand for
dedicated machine translation resources and evaluation settings for code-switched data.

These challenges justify the use of a deterministic staged translation strategy rather
than a single end-to-end multilingual translation step. A cascaded RU—EN and LT—EN
pipeline allows mixed-language incident descriptions to be decomposed into more stable
processing stages, reducing dependence on explicit language identification and improving
auditability of the translation process. This is especially relevant for operational ITSM
environments, where reproducibility and traceability are required for downstream anal-
ysis such as incident classification, root-cause analysis, SLA analytics, and retrospective
service improvement.

2.2. Security and Privacy Constraints in Operational NLP

Operational NLP pipelines for IT incident data must also address strict security and
privacy constraints. Incident descriptions may contain internal system identifiers, infras-
tructure names, configuration details, failure patterns, user-related information, and other
organization-specific operational context. As a result, transferring such data to external
machine translation APIs, cloud-hosted LLMs, or third-party NLP services may lead to vio-
lations of internal security rules, contractual confidentiality obligations, or data protection
requirements. These constraints are especially relevant in critical or highly regulated envi-
ronments, where data isolation and auditability are not optional implementation choices
but mandatory design requirements.

The importance of privacy-preserving processing has been emphasized in broader
research on machine learning. Abadi et al. [28] showed that machine learning datasets may
contain sensitive information, and that model development must account for privacy risks.
In the machine translation domain, Tiedemann and Thottingal [9] presented OPUS-MT
as an open translation ecosystem intended to support transparent and secure translation
services. Tiedemann et al. [10] further emphasized that reliance on commercial machine
translation involves risks related to data privacy, transparency, and inclusivity. Licht
et al. [13] also showed that open-source machine translation can support reproducible
multilingual text analysis as an alternative to commercial translation services.

For this reason, air-gapped and fully local NLP execution becomes a methodological
requirement for privacy-preserving incident text processing. When compared with cloud-
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based translation services, an offline NMT pipeline provides stronger control over data
locality, reproducibility, and operational auditability. However, this design also introduces
computational constraints, particularly when only CPU-based infrastructure is available.
Therefore, research on multilingual ITSM translation must jointly consider linguistic quality,
computational efficiency, reproducibility, and information protection.

In summary, the processing of multilingual and code-switching text poses significant
methodological challenges for neural machine translation models, particularly when lan-
guage segments are tightly interwoven, and resources for specific languages are limited.
Research indicates that successful mixed-language NMT systems must integrate linguistic
principles, advanced language identification methods, MNMT architectures, data aug-
mentation, meta-learning strategies, and privacy-preserving mechanisms. This integrated
methodological foundation enables the development of more reliable systems adapted to
real-world domains in which translation accuracy is critically important.

However, the implementation and reproducibility of such systems within strict air-gap
and CPU-only constraints remain a secondary focus in current literature, necessitating
dedicated systems-oriented studies.

Based on the analyzed references, it can be concluded that the processing of multi-
lingual and code-switching text remains one of the most challenging problems in neural
machine translation, especially when dealing with real organizational data characterized
by irregular structure, fragmentary syntax, and limited linguistic resources. Studies reveal
that applying a single universal model to mixed multilingual sentences often results in
semantic loss, insufficient separation of language segments, and limited stability in do-
mains that are not well represented in standard NMT training datasets. For these reasons,
the scientific literature increasingly emphasizes the need for staged translation strategies,
hybrid approaches, and selective data transformation techniques that help circumvent
unreliable language identification in mixed texts and enable more accurate translation. In
this study, we adopt a staged cascaded architecture as a deliberate design choice to ensure
system-level determinism and auditability, which are key requirements for reproducibility
in air-gapped IT operations that are often overlooked by end-to-end multilingual models.

Within this context, the OPUS-MT model ecosystem stands out as a suitable solu-
tion for low-resource languages, as these models are accessible, capable of operating in
air-gapped environments, and provide sufficient quality for limited-domain tasks. More-
over, many studies stress the importance of privacy and data isolation in practical NLP
workflows, noting that sensitive information cannot be transmitted to external translation
services. Consequently, air-gapped NMT architectures become a methodological require-
ment rather than an optional criterion. At the same time, research shows that effective
translation of mixed domains requires not merely architecturally complex models, but
a consistent and reproducible pipeline of data preparation, segmentation, and quality
control. This study contributes to this direction by evaluating how such a pipeline compen-
sates for linguistic non-standardization and terminological fragmentation within the strict
operational boundaries of CPU-only infrastructure.

3. Research Methodology

Based on the regularities identified in the literature [2,3], an air-gapped two-stage
RU—EN and LT—EN translation architecture was selected for this study as a system-
oriented and empirically grounded solution. This approach represents a deliberate design
choice aimed at decomposing code-switched IT incident descriptions into deterministic
processing stages and bypassing unreliable language identification to ensure system-level
reproducibility [1,4] for short, mixed, and semantically fragmented texts typical of real
ITSM environments.
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The research methodology is designed as a consistent, multi-stage data processing
and translation pipeline beginning with automated field identification and data loading,
followed by intensive text normalization to stabilize the input. The core of the system
is a cascaded translation engine optimized for CPU-only execution through algorithmic
and structural enhancements. The final stages involve result consolidation and systematic
quality assessment against an expert-verified reference. By utilizing this deterministic step-
by-step pipeline, the system ensures the preservation of the semantic integrity of technical
identifiers, providing more reliable input for downstream models than stochastic end-to-
end alternatives. The overall workflow of the proposed cascaded translation methodology
is illustrated in Figure 1.

é Input
ServiceCall.xIsx

¢ Cascading Translation

= Pre-pr in
= re-processing

Stage I: RU — EN

Model: Helsinki-NLP
5 Import & Field ID odel: Helsinki

2 Data extraction & identification

Stage IIl: LT — EN

L Model: Helsinki-NLP
#9 Normalization RAM-Adaptive

m@@ Unicode fix, Whitespace trim Batching

Dynamic l

== Segmentation imizati
optimization 0 Quality & Output

+ ¢ o Sentence split/ Length check

? Deduplication Quality Evaluating
%] Remove redundant entries CalcBLEU; CalcCOMET

Figure 1. Overall architecture of the proposed two-stage RU—EN and LT—EN cascaded translation
pipeline.

3.1. Data Import, Dataset Structure, and Field Identification

The primary data source is the ServiceCall.xlsx file exported from the organization’s
ITSM system. The dataset was used exclusively for methodological evaluation of multi-
lingual incident text normalization. Personal names and assignment-related fields were
excluded from the translation input and were not used for evaluating individual users,
employees, or service desk personnel. The analysis focuses on textual normalization, trans-
lation quality, processing efficiency, and aggregate experimental outcomes rather than on
individual-level behavioral assessment. Operationally sensitive identifiers and confidential
organizational information are subject to internal data protection and security restrictions;
therefore, the original dataset cannot be made publicly available. Data import is performed
using auxiliary functions that read the selected worksheet and automatically verify whether
the file structure is suitable for further processing. During import, empty rows are removed,
data types are standardized, and the number of columns is validated, thereby ensuring
stable and deterministic data loading.

Figure 2 shows an anonymized excerpt of the original ITSM incident dataset used
in this study. The example illustrates the multilingual and code-switched nature of the
description field, where Lithuanian, Russian, and English fragments may appear together
with technical identifiers, application names, e-mail references, and informal service desk
notes. This figure also shows solution and man-hours fields, which provide operational
context for later aggregate analysis but are not used to identify or evaluate individual users,
employees, or service desk personnel.
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Figure 2. Excerpt of the original ITSM incident dataset with multilingual code-switching descriptions.

The loaded dataset comprises 84,285 incident records and includes a total of 9 at-
tributes, covering administrative, temporal, assignment-related, and textual information.
Although only a limited set of columns (Description, Solution, Actual Finish) is directly
used in subsequent translation stages, it is necessary to define the complete data structure,
as certain fields are critical for filtering purposes (e.g., distinction between open and closed
incidents), while others may be utilized in later analyses such as incident classification,
SLA analysis, or assessment of personnel workload. The key fields of the ITSM incident

dataset used in this study are summarized in Table 1.

Table 1. Key ITSM incident dataset fields.

Field Description
1D Unique incident identifier; used for record linking.

. . Incident registration timestamp; used for noise analysis, durations, and
Registration date )

SLA modeling.

Status Incident state (Open/Closed); used for data splitting.
Actual Finish Completion timestamp; used to calculate resolution duration.
Caller names Client first and last name (LT); excluded from translation; anonymized.

Assignment names  Resolver names; excluded from translation; used for workload analysis.

Main raw incident text (RU/LT/EN); primary input for segmentation and

Description translation.
Solution Resolution text; reserved for future NLP analysis.
Man-hours Work effort metric; used for SLA and performance analysis.

The Man-hours field represents an operational work-effort value recorded in the ITSM
system during incident handling. It should be interpreted as an administrative proxy rather
than as a directly validated measurement of actual labor time. In this study, Man-hours is
not used as a primary translation quality metric and is not used to evaluate NMT perfor-
mance. Its relevance is limited to later SLA-oriented analyses, where translated incident
descriptions may be linked with work effort, resolution duration, incident complexity, and
service performance indicators. Because the field depends on manual reporting practices,
it may contain inconsistencies and should be used cautiously.

Since ITSM data column names can be heterogeneous, multilingual, abbreviated, or
subject to spelling variations, automated field identification is performed after import. A
combined approach, incorporating regular expressions (regex), fuzzy matching similarity
measures, and semantic keyword voting, ensures that true semantic fields are reliably
identified. The identified columns are then automatically normalized into a standardized
schema, which is consistently used by the translation model in subsequent stages. This

solution enables robust methodology operation across heterogeneous datasets, eliminates

manual variable labeling, and ensures that a structurally consistent and semantically
reliable input dataset enters the translation pipeline. The incident data import and semantic

field identification process is depicted in Figure 3.
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Figure 3. Data import and semantic field identification process for heterogeneous ITSM incident
datasets.

3.2. Text Normalization and Segmentation

Incident descriptions contained in the description column demonstrate a high degree
of structural and linguistic diversity: some are presented in a formal manner, while the
majority consist of mixed-language (LT/RU/EN) fragments combined with extraneous
symbols, abbreviations, and multi-line blocks. This unstructured nature complicates the
operation of machine translation models, so comprehensive text normalization and seg-
mentation are performed prior to applying neural translation. The normalization objectives
are noise reduction, removal of elements that interfere with model operation, and prepa-
ration of the text for efficient translation. This stage is critical for ensuring system-level
reproducibility and deterministic behavior of the NMT models under strict operational
constraints. The applied text preprocessing steps, including normalization, segmentation,
and deduplication, are illustrated in Figure 4.

The first step involves the removal of invisible or undesired Unicode control charac-
ters, as these can disrupt tokenization and lead to unpredictable model behavior. Next,
whitespace and line structures are standardized: excessive spaces are collapsed, multiple
consecutive line breaks are replaced with single ones, and CR/LF sequences are normalized
into a unified format. This step eliminates inconsistencies arising from different systems,
varying input practices, or copy-paste operations.

After basic normalization, text segmentation is performed using a two-level strat-
egy. Initially, natural sentence boundaries are identified using punctuation marks and
capitalization in both Latin and Cyrillic alphabets. In cases where sentence boundaries
cannot be reliably detected, segmentation is performed based on a maximum allowable
fragment length, in order to prevent memory overload during the translation stage. This
segmentation yields smaller, semantically clearer text segments.
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—»  Split by Sentence Boundaries

START l
i Initialize segments list
Input: raw_text *
| o
More
— 4—
Remove Unicode Controls Segments?
i YES ¢
B SR Get Next Segment
Normalize Newlines — NO
Length <
MAX_LEN?
Deduplicate Segments <+— YES ‘
l Append Segment —
Return Output
Fallback:
l Split by Max Length
END

Append Chunks —

Figure 4. Text normalization, segmentation, and deduplication workflow for multilingual incident
descriptions.

After segmentation is finished, deduplication is performed: identical segments are
extracted only once and stored in a separate cache list. Since incident descriptions often contain
recurring standard phrases (e.g., “login does not work,” “please reboot,” etc.), deduplication
reduces the number of redundant translation operations. Finally, normalized segments are
assembled into structures suitable for batching, and their lengths are calculated.

After following these steps, the original text becomes structured and semantically
predictable. Segmentation ensures that long mixed-language descriptions are divided into
optimally sized fragments that the model can process without loss of context. Deduplication
reduces the overall translation workload, while the standardized segment structure enables
efficient application of batching.

In order to evaluate the linguistic complexity of the dataset and to identify potential
challenges for automated routing, a quantitative audit of the 84,285 incident records was
performed. This analysis was focused on identifying specific edge cases that typically
disrupt standard language identification (LID) systems.

And the results revealed that 487 records (0.5778%) contained mixed-script tokens
where Cyrillic and Latin characters were combined within a single word (e.g., “server” +
Cyrillic A). Additionally, 277 records (0.3286%) featured Latin-scripted Russian translitera-
tion (e.g., “perezagruzit” or “oshibka”). These cases constitute a total “router noise” floor of
0.9064%, representing over 760 instances where a conventional script-based router would
fail to initiate the required translation stage.

3.3. Adaptive Batching in a Resource-Constrained Computing Environment

OPUS-MT neural machine translation models process textual data not as individual
lines but in batches, that is, groups of multiple text sequences processed within a single
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model execution cycle. Such batching enables efficient utilization of CPU computational
capacity and reduces overall translation time, especially when working with large-scale
datasets. The RAM-adaptive batching mechanism used to optimize inference efficiency is

b

illustrated in Figure 5.

START
current_batch
not empty?
Input: segments,
VRAM_profile l YES
Init: batches, current_batch, Append last batch
current_tokens ¢
Get tok limit fi VRAM fil NO More
et token_limit from |_profile ¢
¢ Batches?
YE!
More NO S i
> ?
Segments? Process Batch
l YES ¢
. NO
Estimate seg_tokens Processed
¢ Successfully?
NO YES l
Fits in

current_batch? Increase token_limit —

YES

Add to current_batch L—» Decrease token_limit —
current_tokens += seg_tokens

Append current_batch L » Return batches
to batches l

END

current_batch = [seg]
current_tokens = seg_tokens

Figure 5. Resource-adaptive batching strategy for CPU-based neural machine translation execution.

Since all experiments in this study are conducted in CPU mode without GPU accelera-
tion, batch size is constrained not by graphics memory (VRAM) but by system memory
(RAM), according to processor load and execution stability criteria. For this reason, a
dynamic, resource-adaptive batching strategy is employed, which automatically adjusts to
actual execution conditions and allows stable model operation to be maintained without
memory exhaustion or significant performance fluctuations.

For each text segment, an approximate token count is calculated prior to translation,
and batches are constructed in a way that their total size does not exceed a predefined
safe computational threshold. This ensures that model execution remains stable even
while processing longer or structurally more complex incident descriptions. Batch size
is adjusted adaptively based on the results of previous executions, gradually achieving
an optimal compromise between performance and reliability. This approach makes the
solution independent of specific hardware configurations and allows it to be directly
applied in other computing environments, including GPU-based systems. It also ensures
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both experimental stability under resource-constrained conditions and methodological
portability to higher-performance infrastructures.

3.4. Cascaded Two-Stage Translation

After text normalization and segmentation, each incident description fragment is
passed to a two-stage translation model, which forms the core of the methodology em-
ployed in this study. The language-aware data flow routing strategy introduced in the
optimized configuration is shown in Figure 6.

—» Initialize final_segments
START l
i NO
More
Input: segments list — > Intermediate S
i Segments?
YES
Initialize intermediate_segments ¢
¢ Get Next Intermediate Segment
NO i
More
> Segments? - Translate LT -> EN
* YES
Append to
Get Next Segment — final_segments

' i

Translate RU -> EN
Return final_segments

Append to l
intermediate_segments END

Figure 6. Logical structure of the two-stage cascaded translation process with intermediate result
handling.

Initially, all segments are translated from Russian into English using the Helsinki-
NLP/opus-mt-ru-en model. At this stage, Cyrillic-language fragments are eliminated,
while Lithuanian-language words remain unaffected, because the model does not recognize
them as Russian ones. This ensures that LT fragments are not erroneously converted and
that their interpretation is postponed until the second, specialized translation stage. Since
Russian-language elements represent the most frequent code-switching component in
incident texts, this stage removes structural interference that would otherwise hinder the
second model.

In the second stage, the resulting mixed text is translated from Lithuanian into
English using the Helsinki-NLP/opus-mt-tc-big-lt-en model. At this stage, the remaining
Lithuanian-language fragments are translated, while words already in English remain
unchanged. Because the first stage has removed Russian fragments and the normalization
and segmentation processes have ensured appropriately sized inputs for the models, the
second stage operates stably and accurately, without the ambiguity characteristic of mixed
RU+LT sentences.

The selection of the cascaded two-stage model is motivated by several fundamental
linguistic and technological considerations. First, there is no effective air-gapped model that
operates without GPU VRAM and is capable of reliably processing trilingual LT+RU+EN
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sentences in a dataset characterized by grammatical disorder and syntactic ambiguity.
Second, large multilingual models that could theoretically perform such translation cannot
be applied in practice due to strict privacy, resource, and infrastructure constraints, as an
air-gapped environment eliminates the possibility of using cloud-based services. Third,
the two-stage sequence allows code-switching texts to be constructively decomposed into
logical components by removing one language layer at a time, thereby reducing the risk of
model errors.

3.5. Result Consolidation and Structuring

In the final stage of the methodology, all intermediate translation and quality con-
trol results are consolidated into a unified, structured dataset, which is used not only
for generating the final output files but also for the systematic evaluation of neural ma-
chine translation results. At this stage, the methodology is extended beyond the mere
accumulation of automated translation outputs to include their comparison with expert
reference translations using COMET and BLEU metrics. The automated translation quality
evaluation process based on BLEU and COMET metrics is presented in Figure 7.

START i
YES
Contains
Input: original_text, LT Diacritics?
translated_text
NO is_weak =
Calculate Confidence: TRUE
EN_conf_before =
ascii_ratio(original)
EN_conf_after = YES
ascii_ratio(translated) EN_conf_after <
¢ Threshold?
Initialize is_weak = FALSE
NO is_weak =
i TRUE
YES
Similarity > Proceed to
Threshold? ASCII Check
NO *
is_weak =
TRUE Contains
NO Non-ASCII?
NO YES
Contains
Cyrillic? § . .
final_text = transliterate_ascii
¢ YES
is_weak = q -
TRUE —> final_text = translated_text
Return:
END EN_conf_before,

EN_conf_after,
is_wealk, final_text

Figure 7. Translation quality control and weak-output detection logic within the cascaded pipeline.

Expert reference translations were produced for the research dataset and used as refer-
ences for comparison of the results. This reference translation enables objective assessment
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of NMT output quality using BLEU and COMET metrics. For each incident record, the final
neural English translation and the corresponding expert translation are paired, forming a
direct basis for comparison at the individual incident level.

In order to partition incidents into analytically meaningful groups, a strict classification
rule is applied: an incident is considered closed only if its status is marked as “closed”
and if the Actual Finish field is filled, indicating the factual completion date. All records
that do not meet these criteria are automatically assigned to the open incident group.
Based on this classification, two separate datasets are formed: closed incidents and open
incidents, which are exported into separate files named Translated_Closed_Tickets.xlsx
and Translated_Open_Tickets.xlsx. If required, a combined aggregated dataset can also
be generated for global analysis. This consolidated scheme enables clear separation of
analytically suitable completed records from active incidents, preserves full linkage to
all original data, and provides a solid foundation for consistent downstream analysis,
retrospective incident evaluation, and future supervised modeling if required.

4. Experimental Environment and Reproducibility

An incremental experimental design strategy is applied in this study, whereby each
subsequent experiment does not replace a previous methodological decision but consis-
tently extends and enriches it. This design choice is made deliberately in order not only
to improve overall system performance but also to empirically identify specific practical
limitations that arise in real-world IT incident translation processes. All experiments are
conducted strictly in an air-gapped environment to ensure data confidentiality and deter-
ministic system behavior. The hardware and software configuration meeting the minimum
reproducibility requirements for the experiments is presented in Table 2.

Table 2. Minimal reproducibility environment (hardware and software).

Parameter Specification

Operating system Windows 11 Enterprise (Build 26200)
Processor (CPU) AMD Ryzen 5 8540U (6 cores, 12 threads)
CPU frequency 3.20 GHz

Memory (RAM) 32 GB

Compute mode CPU execution only

Exec. env. Jupyter Notebook 7.4.4

Python version Python 3.10.18

Package manager Conda 24.11.3

pip version pip 25.1

All translation experiments were executed locally without external API calls, cloud-
based translation services, or network-dependent inference components. The RU—EN
translation stage used the Helsinki-NLP/opus-mt-ru-en model, while the LT—EN stage
used the Helsinki-NLP/opus-mt-tc-big-lt-en model. Translation quality was evaluated
using BLEU and COMET metrics against expert reference translations. The experimental
design was incremental: the baseline FP32 configuration was first evaluated, followed by
dynamic quantization and then by data-flow optimization through length-aware batch-
ing and language-aware routing. This design enables direct comparison of individual
optimization effects under identical dataset and execution conditions. The combination
of a two-stage air-gapped translation architecture, an incremental experimental design
strategy, and strictly defined reproducibility conditions constitutes the core methodological
contribution of this study. The complete pipeline implementation and additional exper-
imental results are provided in the Supplementary Materials. The results indicate that
hybrid neural machine translation strategies, which deliberately bypass direct language
identification and operate in an air-gapped environment, can deliver reliable, reproducible,
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and practically applicable translation outcomes for complex code-switching IT incident
data without the use of large GPU resources.

By addressing practical challenges of incident management systems—such as data
privacy, deterministic execution, and constrained computational resources—the proposed
methodology contributes to the advancement of applied machine translation technologies
and is explicitly oriented toward real-world ITSM processes.

Each experimental stage was formulated based on the shortcomings identified dur-
ing the preceding experiment, allowing all architectural and computational decisions to
be clearly and rigorously justified. This section provides a detailed account of the issues
identified after each experiment and explains how they motivated the introduction of subse-
quent experimental stages, thereby ensuring methodological transparency and traceability
of decisions.

4.1. Experiment: Baseline Experimental Configuration

In the first experiment, a baseline configuration of the proposed methodology was
implemented in order to validate the operation of the two-stage cascaded neural machine
translation scheme on a real IT incident dataset. The experiment was conducted without
any additional performance optimizations, with the aim of evaluating the initial behavior
of the method in an air-gapped, CPU-based environment.

The entire research dataset, consisting of 84,285 incident records, was used in the ex-
periment. After text normalization, segmentation, and deduplication, 58,817 unique textual
fragments were obtained, constituting the actual translation workload. All fragments were
sequentially passed through both translation stages: first applying the RU—EN model,
followed by the LT—EN model.

No supervised model training or fine-tuning was performed in this study; there-
fore, no conventional training/validation split was required for model optimization. The
Helsinki-NLP models were used as fixed, pre-trained NMT models under offline inference
conditions. The dataset was not partitioned into training and validation subsets because
the experimental objective was to evaluate a deterministic inference pipeline rather than to
optimize model parameters. Deduplication was performed before translation and quality
evaluation to prevent repeated textual fragments from inflating the reported results. The
complete deduplicated fragment set was processed through the same deterministic pipeline,
and translation quality was assessed against expert reference translations.

In this experiment, no logical separation of the data flow based on linguistic character-
istics was applied—each fragment was processed by both translation stages. This design
choice was made in order to capture a baseline “full-path” execution scenario.

The entire translation process was executed in a CPU environment using FP32 com-
putational precision, thereby ensuring a conservative and easily reproducible experimen-
tal setup.

4.2. Experiment 2: Application of Quantization in the Baseline Configuration

In the second experiment, the same methodological structure, dataset, and translation
flow logic as in the first experiment were retained. The objective of this stage was to
evaluate the impact of dynamic quantization on the translation process without altering
the overall experimental scheme.

The only methodological modification was introduced at the level of the model’s
computational representation: the linear layers of the neural networks were quantized from
FP32 to the qint8 format using a dynamic quantization approach. The model architecture,
training data, and inference logic remained unchanged.
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As in the first experiment, the entire dataset of 84,285 incident records was processed,
yielding the same 58,817 textual fragments after normalization and deduplication. All
fragments were sequentially passed through both translation stages, without applying any
linguistic filtering or flow optimization mechanisms. This ensured direct comparability of
the results with the baseline configuration.

4.3. Experiment 3: Data Flow Optimization and Computational Load Reduction

The third experiment focused on optimizing the data processing logic while retaining
the quantized model representation and the two-stage cascade structure applied in the
previous stages. The goal of this stage was to reduce redundant computations arising from
non-optimal fragment handling and a universal translation flow.

The same dataset was used—=84,285 incident records—from which 58,817 unique
textual fragments were obtained after normalization and deduplication. Unlike the first
two experiments, fragments were not automatically passed through both translation stages.

The first applied modification was sorting fragments by length prior to batch formation
(smart batching), with the aim of reducing the number of padding tokens and the associated
computational overhead. This change did not affect model outputs, as only the organization
of inputs was modified.

The second modification involved logical separation of the data flow based on linguis-
tic characteristics. By introducing a Cyrillic character detection mechanism, fragments were
routed only to the translation stage required for them. As a result, 42,426 fragments were
processed in the RU—EN stage, while 16,391 fragments were processed in the LT—EN
stage, thereby eliminating redundant double processing.

5. Results

The conducted experimental study enabled a systematic evaluation of the performance
and translation quality of the two-stage cascaded neural machine translation methodology
under different experimental configurations. Execution time and effective throughput were
selected as primary operational efficiency metrics because the proposed pipeline targets
CPU-only and air-gapped environments, where large-scale translation must be completed
locally without cloud infrastructure. Execution time captures the total processing cost
of a complete translation run, while throughput indicates how many incident fragments
can be normalized per unit of time, directly reflecting practical deployability in ITSM
settings. A comparative summary of execution time and effective throughput across all
three experimental configurations is provided in Table 3.

Table 3. Comparative overview of the three experimental configurations.

Experiment Configuration Main Change Data-Flow Logic Purpose and Metrics
No optimization: FP32 All fragments are processed ~ Conservative baseline;
E1 Baseline FP32 in fere}?nce ’ through RU—EN and execution time, throughput,
LT—EN BLEU, COMET
Same full-path processing as Model-level efficiency gain;
E2 Quantized baseline  Dynamic quantization E1 patip J execution time, throughput,
BLEU, COMET
- . System-level optimization
L - Quantization, batching, Language-aware and N
E3 Optimized pipeline . . . effect; execution time,
routing, deduplication length-aware processing

throughput, BLEU, COMET

A detailed execution time and throughput summary for each experiment is provided
in Table 4.
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Table 4. Execution time and throughput summary across three experimental configurations.

Experiment 1: Baseline FP32, Full Cascaded Execution

Unique texts 58,817 (from 84,285 total records)
Total execution time  8:51:27 (RU—EN: 2:51:41; LT—EN: 5:59:19)
Effective throughput  2.64 rows/s (RU—EN: 5.71 it/s; LT—+EN: 2.73 it/s)

Experiment 2: Quantized (FP32— qint8), full cascaded execution

Unique texts 58,817 (from 84,285 total records)
Total execution time  2:34:02 (RU—EN: 1:10:02; LT—EN: 1:23:13)
Effective throughput 9.12 rows/s (RU—EN: 14.00 it/s; LT—EN: 11.78 it/s)

Experiment 3: Quantized, smart batching, and language-aware routing

Unique texts 58,817 total (RU: 42,426, LT: 16,391)
Total execution time  0:42:07 (RU—EN: 0:28:17; LT—EN: 0:13:22)
Effective throughput 33.35 rows/s (RU—EN: 25.00 it/s; LT—EN: 20.42 it/s)

5.1. Results of the Baseline Configuration

The performance results obtained in the first experiment revealed clear limitations of
the baseline configuration. The average translation throughput of Russian fragments in
the RU—EN stage reached 5.71 fragments per second, while the translation throughput
of Lithuanian fragments in the LT—EN stage was 2.73 fragments per second. Due to this
asymmetry, the second translation stage became the dominant contributor to the overall
processing time.

The total execution time of the RU—EN stage was 2 h 51 min 41 s. The LT—EN stage
required 5 h 59 min 19 s. Overall, the complete two-stage translation of the entire dataset of
84,285 incident records took 8 h 51 min 27 s. When considering the full processing pipeline,
the effective system throughput was 2.64 incident records per second.

In terms of translation quality, the baseline configuration achieved BLEU and COMET
scores of 36.93 and 79.45, respectively. These results are used in this study as reference
points for subsequent experimental comparisons.

The takeaway confirmed that the baseline methodology is functionally correct and
capable of stably processing large-scale, mixed-language IT incident data in a local envi-
ronment. At the same time, significant practical limitations were also identified, including
long overall execution time, relatively low effective throughput, and high computational
load in a CPU-based environment. In addition, it was determined that routing all textual
fragments through both translation stages and forming batches without prior length-based
sorting resulted in redundant computations and inefficient resource utilization.

5.2. Impact of Dynamic Quantization on Performance and Quality

In the second experiment, the application of dynamic quantization—without modify-
ing the data flow logic—resulted in a substantial improvement in execution performance.
The RU—EN stage was completed in 1 h 10 min 02 s, while the LT—EN stage required
1 h 23 min 13 s. The total execution time of the two-stage translation process was reduced
to 2 h 34 min 02 s, and the effective system throughput increased to 9.12 incident records
per second.

These results confirmed that optimization of the model’s computational represen-
tation alone can have a significant impact on practical system performance. Dynamic
quantization substantially reduced memory consumption, enabled stable inference in a
CPU environment, and rendered the methodology realistically applicable for organiza-
tions that either lack access to GPU infrastructure or deliberately avoid it due to cost or
security requirements.
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Translation quality evaluation revealed a small but quantitatively measurable decrease:
the BLEU score declined from 36.93 to 35.70 (—3.33%), and the COMET score decreased
from 79.45 to 78.82 (—0.79%). These findings indicate that computational representation
optimization, although highly beneficial for performance, is not sufficient on its own to
achieve maximum system effectiveness.

5.3. Results of Data Flow Optimization

The third experiment demonstrated the strongest overall methodological effect, as
optimization was applied not to the computational representation of the neural transla-
tion models but to the logic of textual data presentation and processing. By applying
length-based segment sorting and logical data flow separation according to linguistic
characteristics, a substantial performance gain was achieved. The comparison of effective
processing speed across the three experimental configurations is shown in Figure 8.
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Figure 8. Translation throughput comparison across baseline, quantized, and optimized pipeline
configurations.

The reduction in total execution time achieved by quantization and data flow opti-
mization is illustrated in Figure 9. The translation throughput of Russian fragments in the
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RU—EN stage increased to 25.00 fragments per second, while the translation throughput
of Lithuanian fragments in the LT—EN stage reached 20.42 fragments per second. Accord-
ingly, the RU—EN stage was completed in 28 min 17 s, the LT—EN stage in 13 min 22 s,
and the entire two-stage translation process required only 42 min 07 s. The effective system
throughput reached 33.35 incident records per second, exceeding the baseline experiment
by more than a factor of twelve.

In terms of translation quality, the third experiment not only compensated for the
decrease observed in the second stage but also surpassed the results of the baseline config-
uration. The impact of different experimental configurations on BLEU scores is illustrated
in Figure 10. The variation of COMET scores across the three experimental stages is pre-
sented in Figure 11. The BLEU score increased to 42.73 and the COMET score to 82.97,
corresponding to improvements of (+15.71%) and (+4.43%), respectively, compared to the
first experiment. Since all results were obtained using an identical evaluation methodology
and the same dataset, this improvement in translation quality is attributed directly to the
applied data flow optimization strategies.

Execution time

600
—&— Total
—B - RU stage
450 --A- LT stage
A
300

Time (minutes)

150 W==eo___

0
Exp. 1 Exp. 2 Exp. 3
(Baseline) (Quantized) (Batching)

Experiments

Figure 9. Execution time comparison of RU—EN and LT—EN stages across experimental

configurations.

—&— BLEU

36

Exp. 1 Exp. 2 Exp. 3
(Baseline) (Quantized) (Optimized)

Experiments

Figure 10. BLEU score comparison across baseline, quantized, and data-flow-optimized experiments.
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Figure 11. COMET score comparison across baseline, quantized, and data-flow-optimized

experiments.

6. Discussion

The results confirm that a staged cascaded NMT strategy is theoretically relevant
for code-switched operational texts where language identification is unreliable. Unlike
general-domain multilingual corpora, ITSM incident descriptions contain short, noisy, and
structurally irregular fragments that combine Lithuanian, Russian, English, technical iden-
tifiers, transliterated words, and incomplete syntax. Under these conditions, the RU—EN
and LT—EN cascade provides a deterministic way to decompose multilingual input into
sequential processing stages and reduce dependence on unstable language identification.

From a practical perspective, the proposed pipeline is relevant for enterprise ITSM
environments because it supports local translation without external APIs, cloud-based
inference, or network-dependent services. This is important for organizations where
incident descriptions may contain internal system identifiers, infrastructure details, user-
related information, and failure patterns. Normalized English-language output can support
downstream ITSM tasks such as incident classification, duplicate detection, SLA-oriented
reporting, root-cause analysis, and retrospective service improvement.

Compared with previous studies on multilingual NMT and code-switched machine
translation, this study does not introduce a new neural translation architecture. Specif-
ically, prior studies such as Chen et al. [4], Khanuja et al. [15], Khatri et al. [8], Nguyen
et al. [11], and Srivastava and Singh [14] have mainly addressed benchmark-based eval-
uation, general-domain code-switching, social media text, or multilingual model behav-
ior on mixed-language inputs. Other studies, including Fan et al. [6], Dabre et al. [2],
Dabre et al. [19], and Tiedemann et al. [10], have focused on multilingual NMT archi-
tectures, multilingual transfer, large-scale multilingual models, open-source MT ecosys-
tems, and broader model-level translation capabilities. In contrast, the contribution of
the present study lies in the system-level integration and empirical evaluation of existing
open-source NMT models under operational constraints. Specifically, this study evaluates
real-world LT/RU/EN ITSM incident data under CPU-only, air-gapped, deterministic, and
reproducibility-oriented conditions.

Several limitations should be acknowledged. The original ITSM dataset cannot be
made publicly available because it contains operationally sensitive and organization-
specific information. The evaluation is based on one organizational environment and
one specific language combination, which limits opportunities for generalization. The
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expert reference translation provides a practical evaluation benchmark but remains con-
strained by manual validation effort. In addition, the Man-hours field should be interpreted
only as an administrative proxy for work effort and was not used as a primary translation
quality metric.

7. Conclusions

This study evaluated a deterministic two-stage RU—EN and LT—EN cascaded neu-
ral machine translation pipeline for normalizing multilingual ITSM incident text under
air-gapped and CPU-only execution constraints. The results show that the proposed ap-
proach is suitable for real-world incident descriptions characterized by code-switching,
fragmentary syntax, heterogeneous terminology, and unreliable language identification.

The main finding is that translation performance and operational efficiency depend not
only on model-level optimization but also on the structure of the complete data processing
workflow. Normalization, segmentation, deduplication, adaptive batching, quantization,
and language-aware routing jointly reduce excessive inference operations and improve
the practical applicability of the pipeline without demanding changes to the underlying
NMT models.

The main contribution of this study is therefore not a new neural translation archi-
tecture, but a reproducible system-level implementation and empirical evaluation of an
air-gapped cascaded NMT workflow for privacy-constrained ITSM environments. Future
research should evaluate the proposed pipeline in three specific directions. First, the trans-
lated and normalized incident texts should be tested in downstream ITSM tasks such as
incident classification, duplicate incident detection, SLA-risk prediction, and causal rela-
tionship analysis. Second, the approach should be validated using datasets from additional
organizations and other language combinations to assess whether the observed efficiency
and quality gains generalize beyond the LT/RU/EN setting. Extending the approach
to other languages would require language-specific adaptation of the translation stages,
routing logic, segmentation rules, and evaluation procedure. For example, an extension
to Chinese-language incident descriptions could be implemented by introducing an addi-
tional or alternative ZH—EN translation stage using a local, open-source model such as
Helsinki-NLP/opus-mt-zh-en. However, such an extension would also require replacing
the current LT/RU-oriented routing logic with Han-character-aware detection rules, includ-
ing the detection of Chinese characters, Chinese punctuation, and mixed Latin-Chinese
technical expressions. The segmentation module would also need to be adapted because
Chinese text does not rely on whitespace-delimited word boundaries in the same way as
Lithuanian, Russian, or English. Therefore, sentence and fragment segmentation would
need to account for Chinese punctuation, character-level boundaries, and embedded IT
terms written in Latin script. Finally, a new expert-validated reference sample would be
required for the Chinese setting, and BLEU and COMET evaluations should be repeated
against corresponding ZH—EN reference translations. These adaptations indicate that
the proposed architecture is transferable at the system-design level, but not language-
independent without script-aware routing, language-specific segmentation, and renewed
validation. Third, future work should compare alternative local NMT models, routing
strategies, and segmentation rules under the same CPU-only and air-gapped constraints,
using BLEU, COMET, execution time, throughput, and downstream task performance as
evaluation criteria.

Supplementary Materials: The following supporting information can be downloaded at https:
//www.mdpi.com/article/10.3390/make8070191/s1. The package contains a notebook-based source-
code package of the proposed air-gapped cascaded NMT pipeline. It includes notebooks covering
data preprocessing, field identification, text normalization, segmentation, deduplication, baseline
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CPU-only translation, dynamic quantization, RAM-adaptive batching, language-aware routing,
cascaded RU—EN and LT—EN translation logic, BLEU/COMET evaluation, and aggregate result
visualization. The package also includes aggregate figure files used to report the experimental
results. The original operational ITSM dataset, translated incident texts, expert reference translations,
translation caches, internal infrastructure paths, credentials, organization-specific identifiers, and
production deployment details are not included due to confidentiality, data protection, and the
organization’s security restrictions.
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version of the manuscript.
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