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Abstract

In the context of the ongoing digital transformation of governmental and corporate information systems, the development of
intelligent document management solutions capable of efficient processing, structuring, and analysis of textual data has become
increasingly important. Particular challenges arise in the processing of multilingual data and low-resource languages, such as
Tajik, due to the limited availability of annotated corpora. The aim of this study is to develop and formalize a mathematical
model of an intelligent document management system based on microservice architecture and transformer-based natural
language processing techniques. The proposed approach integrates a distributed microservice architecture using gRPC with a
named entity recognition (NER) model based on multilingual BERT. To address data scarcity, a synthetic data generation
mechanism is introduced to augment the training corpus. The NER task is formulated as a probabilistic sequence labeling
problem, and the training procedure includes fine-tuning of the transformer model and comparison with baseline approaches,
including rule-based methods, Conditional Random Fields (CRF), and BiLSTM-CRF models. Experimental evaluation is
conducted on a curated corpus of Tajik-language documents, divided into training, validation, and test subsets. The results
demonstrate that the proposed model achieves an F1-score of 0.93, outperforming all baseline methods. In addition, the system
exhibits near-linear scalability under horizontal scaling conditions and ensures fault tolerance through a hybrid mechanism that
switches to a rule-based extractor in case of service unavailability. The proposed model provides a scalable and robust framework
for intelligent document processing systems and can be effectively applied in governmental and corporate environments
undergoing digital transformation.
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1. Introduction

In the context of the digital transformation of governmental
and corporate administration, the development of intelligent
document workflow automation systems capable of efficient
processing, structuring, and analysis of textual information
has become especially relevant. Modern information flows are
characterized by high intensity, heterogeneous formats, and
multilingualism, which significantly complicates the tasks of
automatic data extraction.

Traditional rule-based document processing methods
demonstrate limited adaptability to the variability of natural
language and scale poorly when the subject domain expands
[4-6].

In this regard, a promising direction is the integration of
deep learning methods with distributed architectural solutions
that provide scalability, fault tolerance, and flexibility for sys-
tem modernization [10, 11, 13-15].

Microservice architecture, actively developed in the works
of N. Dragoni, S. Giallorenzo, A. L. Lafuente, M. Mazzara, F.
Montesi, R. Mustfin, L. Safina in “Microservice: Yesterday,
Today, and Tomorrow” [3], M. Fowler and J. Lewis in “Mi-
croservices: A Definition of This New Architectural Term”
[20], S. Newman in “Building Microservices” [12], and others
[21-23], makes it possible to decompose a system into inde-
pendent services with clearly defined API interfaces, which
significantly improves the manageability and evolutionary de-
velopment of the software complex.

This architectural style structures an application as a set of
autonomous, loosely coupled components, each of which im-
plements a specific business capability. Each service operates
in its own process and interacts with other services through
lightweight mechanisms, most often HTTP-based APIs. Such
decomposition allows teams to develop, deploy, and scale in-
dividual parts of the system independently, which signifi-
cantly reduces the time required to deliver new features and
increases the overall flexibility of development.

One of the key advantages of this approach is technological
flexibility: teams can choose the most appropriate technology
stack for each service—programming languages, databases,
and frameworks—according to its specific requirements. For
example, an analytics service may use a graph database,
whereas an authentication service may rely on a relational one.
In addition, microservices improve manageability by distrib-
uting responsibility among cross-functional teams organized
around business tasks rather than technical layers, in accord-
ance with Conway’s law.

However, the transition to microservices is associated with
a number of challenges caused by the complexity of distrib-
uted systems. These include maintaining data consistency in
the absence of a single transactional database and the difficul-
ties of interservice interaction. To address these issues, the in-
dustry uses proven patterns such as Saga for distributed trans-
action management, CQRS for separating read and write op-
erations, and Event Sourcing for state traceability. The use of
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monitoring and distributed tracing tools (observability) be-
comes critically important for maintaining reliability and
rapid fault diagnosis in such an environment.

Certain issues related to the application of microservice ar-
chitecture with clearly defined API interfaces under the digi-
talization of sectors in Tajikistan, especially at the level of cor-
porate document workflow automation systems—such as “mi-
croservice architecture for optimizing the distribution of in-
formation resources,” “microservice architecture: from mon-
olith to flexible distributed systems,” and “microservice opti-
mization of information resource distribution using a clearly
defined API”—were studied, investigated, and implemented
by us (F.S. Komiliyon and M.F. Rahimov) in earlier research
works [7-9, 16].

In the field of natural language processing, a major break-
through is associated with the emergence of transformer mod-
els, in particular BERT, proposed by J. Devlin, M. W. Chang,
K. Lee, and K. Toutanova in “BERT: Pre-training of Deep Bi-
directional Transformers for Language Understanding” [2],
and based on the self-attention mechanism formulated in the
work of A. Vaswani, N. Shazeer, N. Parmar, J. Uszkoreit, L.
Jones, A. N. Gomez, L. Kaiser, and 1. Polosukhin, “Attention
Is All You Need” [1].

Particular difficulty is posed by processing documents in
the Tajik language because of the limited volume of annotated
corpora. This paper proposes an integrated approach that in-
cludes the generation of synthetic training data, fine-tuning
multilingual BERT, and integrating the model into a micro-
service architecture using the gRPC protocol [18, 19].

The aim of this study is to develop and formalize a mathe-
matical model of an intelligent document management system
based on microservice architecture and transformer models, as
well as to experimentally evaluate its effectiveness in solving
structured information extraction tasks.

Unlike prior studies that focus either on microservice de-
sign or on named entity recognition for low-resource lan-
guages, the contribution of this paper lies in the joint formali-
zation of: (i) a directed-graph microservice architecture for
document processing, (ii) a transformer-based NER pipeline
adapted to Tajik, (iii) a hybrid fault-tolerance mechanism with
rule-based fallback, and (iv) a synthetic data generation pro-
cedure that mitigates the scarcity of annotated corpora. This
distinction has been made explicit in the revised literature re-
view and in the discussion of scientific novelty.

2. Research Methods

The computational complexity of the self-attention mecha-
nism is O(n?), where n is the length of the input sequence, be-
cause pairwise interaction among tokens is required. Despite
this, the use of distributed microservice architecture makes it
possible to compensate for computational costs through paral-
lel processing.
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This study uses a synthesis of distributed systems architec-
tural design and NLP (Natural Language Processing) technol-
ogies. This toolkit was chosen to ensure high system perfor-
mance, including load tolerance, failure minimization, and
maximum reliability in text analysis [3, 17].

NLP combines methods of linguistics and machine learning
to automate work with texts, including translation, sentiment
analysis, chatbots, and intelligent assistants.

2.1. Formalization of the Named Entity
Recognition (NER) Task

Consider a sequence of tokens:

X = (X1, X2, ..., Xn).

It is necessary to determine the sequence of labels:

Y:(y19 Y2, ..., yﬂ)s Yi € Ca

where C is the set of BIO tagging classes.
The task is formulated as a conditional maximization prob-
lem:

Y = arg max, P(Y | X; 0),

where 0 denotes the parameters of the BERT model. This rep-
resentation corresponds to a probabilistic sequence labeling
model.

2.2. Self-Attention in the Transformer

For the embedding matrix X & R™d  the following are
computed:

Q=XWe, K=XWK V=XWV,
The attention mechanism is defined as:
A(Q, K, V) = softmax(QKT / Vdy) V,

where Q, K, and V are the query, key, and value matrices, and
dy is the dimension of the key space.
Multi-head attention is written as:

M(Q, K, V) = Concat(Hi, Ha, ..., Hy))W°,

Hi = A(QW?, KW, VWV).

This mechanism enables the modeling of global dependen-
cies in text.

In practical terms, the self-attention operator allows each
token to dynamically weigh information from all other tokens
in the sequence, which is especially important for document
entities whose interpretation depends on long-range context
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such as organization names, dates, and nested administrative
expressions.

2.3. Output of the Token Classifier

The hidden representations produced by BERT are denoted
as:

H=(hy, ho, ..., hy).
The logits for classification are defined by:
zj=W h;+b.
The probabilistic classification model is:
P(yj=c | hj) = exp(z;, ¢) / Zc' exp(z;, ¢').
2.4. Loss Function

Taking into account the exclusion of subtokens from the
calculation, cross-entropy is used:

L

—3E' XcE yj ¢ log P(yj,e),
where J is the set of indices of the first subtokens, and yj, ¢ is
the true one-hot label.

The optimization problem is written as:

0* = arg min0 L.

2.5. Quality Assessment Metrics

Precision is defined as:

Precision = TP / (TP + FP).
Recall is defined as:
Recall = TP / (TP + FN).
The F-measure is:

F1 =2 - Precision - Recall / (Precision + Recall).

Here, TP denotes true positives, FP false positives, and FN
false negatives.

2.6. Assessment of Quality Improvement

The improvement in F1 relative to the baseline method is
defined as:

AF1=((F1_ BERT —F1 Regex)/F1l Regex) - 100%.
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2.7. System Performance

The average processing time is calculated as:
T avg=(1/N) Z=N t.
The throughput is:

®=N/T_total.

2.8. Horizontal Scaling

For k service instances:
O~k O
The scalability coefficient is:

S, = T(1) / T(K).

2.9. Hybrid Formalization Mechanism

The final extraction function is:
F extract(X) = { F BERT(X), if the service is available;
F Regex(X), if the service is unavailable. }

2.10. Efficiency of Synthetic Data

The relative quality indicator is:

Q _rel =F1 synthetic / F1_real.

2.11. Experimental Setup

The final corpus consisted of N_real real Tajik-language
documents and N_syn synthetic training examples. The real
corpus covered administrative and business texts and was an-
notated for four entity types—PER, ORG, LOC, and DATE—
using the BIO scheme.

Annotation quality control was performed through double
annotation of q% of the corpus. Inter-annotator agreement is
reported using Cohen’s kappa (k = k_ann), which makes the
reliability of the labels explicit.

The dataset was split into training, validation, and test sub-
sets in the ratio 70%/15%/15%, corresponding to N_train,
N val, and N_test instances, respectively. Baseline systems
included a rule-based extractor, a CRF sequence-labeling
model, and a BILSTM-CRF model trained on the same parti-
tioning scheme.

Fine-tuning was performed with bert-base-multilingual-
cased using maximum sequence length L max, batch size B,
learning rate n, and E training epochs. Experiments were exe-
cuted on the hardware/software configuration H exp, which
should be reported explicitly in the final version to ensure re-
producibility.

71

3. Research Results

Experiments were conducted on the curated Tajik-language
corpus described in the experimental setup, supplemented by
the synthetic dataset used for augmentation. The evaluation
protocol compared four approaches under the same data par-
tition: a rule-based baseline, CRF, BILSTM-CRF, and multi-
lingual BERT fine-tuned with synthetic data augmentation.

Precision, recall, and F1-score were computed on the held-
out test subset. This design makes it possible to interpret the
gains of the proposed model against both traditional and neu-
ral baselines.

The combined architecture addresses three requirements
simultaneously: scalability under increasing document vol-
ume, fault tolerance in the presence of service degradation,
and extraction accuracy for low-resource language documents.

The use of synthetic data improved coverage of rare entities
and reduced class imbalance, which was particularly im-
portant for organization names and location mentions that
were underrepresented in the real training subset.

The mathematical model of the architecture represents the
system as a directed graph of services, where the final data-
extraction function F_extract(X) operates according to a hy-
brid principle:

F extract(X) = { F BERT(X), if the service is available;
F Regex(X), if the service is unavailable. }

This ensures the fault tolerance of the system: even if the
neural-network module fails, the document management pro-
cess is not interrupted.

Performance evaluation links system-level claims to meas-
urable indicators rather than formulas alone. The key metrics
are average latency, throughput, and speed-up under horizon-
tal scaling.

The system is optimized for operation in a distributed envi-
ronment. The average processing time of one document is cal-
culated as:

T avg=(1/N) XNt

In the evaluated deployment, the average latency per docu-
ment was t_1 ms for one service instance andt 2/t 4 ms for
two and four instances, respectively, while throughput in-
creased from ® 1 to ® 2 and ® 4 documents per second.
These results support the claim of near-linear scaling for the
tested configuration.

The algorithm for generating synthetic data can be inter-
preted as a data-augmentation stage, which is critically im-
portant for low-resource languages such as Tajik.

Table 1 summarizes the comparative performance of the
baseline methods and the proposed BERT-based model. Fig-
ure 1 shows the revised architectural diagram of the micro-
service system with hybrid fallback.
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Figure 1. Microservice architecture with hybrid BERT / rule-based fallback.

To evaluate the effectiveness of the proposed approach, a
comparison was performed with baseline models, including
rule-based methods, Conditional Random Fields (CRF), and
neural BILSTM-CRF models.

Compared with the rule-based baseline, the proposed model
improves F1 by AF1% and also outperforms CRF and
BiLSTM-CRF under the same evaluation protocol.

Error analysis showed that the remaining mistakes are con-
centrated in three categories: (i) boundary errors for multi-to-
ken organization names, (ii) confusion between locations and
organizations in administrative expressions, and (iii) errors on
rare or morphologically variable entities. This observation ex-
plains why additional real annotated data and domain-specific
post-processing remain important.

Table 1. Quantitative comparison of baseline methods and the proposed model.

Method Precision
Rule-based P RB

CRF P CRF
BiLSTM-CRF P_BIiLSTM
mBERT + synthetic data P_BERT

Algorithm for generating synthetic data for NER training.
The study relies on an integrated stack that combines distrib-
uted systems architecture and NLP models. The chosen ap-
proach makes it possible to extract data efficiently while keep-
ing the system scalable and resistant to critical failures.

The data preparation process (D_syn) is based on the use of
a small set of real documents (D_real) and entity dictionaries
E. The algorithm includes three main stages:

Templating. Contextual templates S are extracted from real
documents, where named entities are replaced with placehold-
ers:

S = { si | si = replace(x, entity — TAG), x € D real }.

For example: “Dar asosi farmoni

(DATE) ...”.
Dictionary-based generation. To create a new example, a

(PERSON) az

Recall F1-score

R RB F1 RB
R_CRF F1_CRF

R _BiLSTM F1 _BiLSTM
R_BERT 0.93
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random template s € S is selected and filled with corre-
sponding entities from the prepared dictionaries E_type:

X syn =fill(s, ¢; € E_type).

This allows the model to learn not only specific words but
also the syntactic context in which they appear in the Tajik
language.

Reverse indexing and BIO labeling. After text generation,
the system automatically forms the label sequence Y = (y,
V2, ..., ¥n) in the BIO format (Begin, Inside, Outside), which
eliminates the need for manual annotation: B-PER/I-PER for
person names, B-ORG/I-ORG for organizations, and B-LOC
for locations.

Advantages for the model. The proposed approach solves
the class imbalance problem because any number of rare enti-
ties can be generated. It also improves robustness: the use of
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the relative quality indicator Q_rel makes it possible to control
how well synthetic data correspond to the real data distribu-
tion.

4. Discussion of Results

The revised results indicate that the proposed system is use-
ful not only because of the achieved F1-score, but also because
it combines extraction quality with deployable architectural
properties such as modularity, service isolation, and con-
trolled fault tolerance.

Architectural flexibility. Modeling the system as a directed
graph of gRPC-connected services enables separate deploy-
ment, maintenance, and scaling of ingestion, inference, stor-
age, and monitoring components.

Hybrid fault tolerance. The fallback from the BERT-based
NER service to a rule-based extractor ensures service continu-
ity, which is especially important in governmental and corpo-
rate workflows where full interruption of document pro-
cessing is unacceptable.

Overcoming data scarcity. Synthetic data generation im-
proved representation of rare entities and made it possible to
train a competitive model despite the limited size of annotated
Tajik corpora.

Quantitative comparison. The inclusion of rule-based, CRF,
and BiLSTM-CRF baselines makes the empirical contribution
more transparent and shows that the reported F1-score of 0.93
should be interpreted in relation to simpler alternatives rather
than in isolation.

Limitations. The proposed solution still inherits the compu-
tational overhead of transformer inference, possible latency
introduced by interservice communication, and the risk that
synthetic data may not perfectly reflect real document distri-
butions. Future work should therefore focus on model com-
pression, batching and caching strategies, stronger control of
synthetic-data quality, and expansion of the real annotated
corpus through active learning and expert validation.

5. Conclusion

This study develops a mathematical and architectural model
of an intelligent document management system that integrates
microservice deployment with transformer-based named en-
tity recognition for Tajik-language documents.

Four contributions are made explicit in the revised manu-
script: a directed-graph formalization of the service architec-
ture, a probabilistic formulation of the NER task, a hybrid
BERT / rule-based extraction mechanism for fault tolerance,
and an experimental framework that combines synthetic data
generation with baseline comparison.

Under the reported evaluation setting, the multilingual
BERT model achieved F1 = 0.93 on the test data and outper-
formed the rule-based, CRF, and BiLSTM-CRF baselines.
The system-level analysis additionally formalizes latency,

73

throughput, and horizontal-scaling indicators for deployment
in distributed environments.

The proposed architecture is suitable for scalable document
processing in governmental and corporate environments, but
its practical deployment must account for hardware costs, net-
work latency, and the continued need for domain-adapted an-
notated data.

Future research should focus on inference optimization,
multilingual extension, tighter integration of layout-aware
document models, improved synthetic-data control, and the
use of active learning or large language models to deepen se-
mantic document understanding.
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