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Abstract: Public Administrative Procedures (APs) are processes, implementation methods, documents, and requirements
or conditions prescribed by government agencies or authorized individuals to address specific tasks related to individuals or
organizations. However, organizations and citizens still face challenges in easily and conveniently accessing information and
public administrative services. This paper investigates advanced techniques to address the challenges of document retrieval
for public administrative services. We implement a hybrid retrieval process, combining traditional retrieval models such
as TF-IDF and BM25 with modern models such as SBERT and fine-tuning models. Results demonstrate that combining
these models significantly enhances retrieval performance. The ensemble model of BM25 and finetuned SBERT achieved
the highest F2 score, indicating superior effectiveness in information retrieval.

Keywords: Document retrieval, ensemble Models, public administrative procedures

Thi tuc hanh chinh cong 1a cic quy trinh, phucng phap thuc hién, tai liéu va yéu ciu hoidc diéu kién do cic co quan

nha nudc hodc cd nhan c¢6 thim quyén quy dinh dé gidi quyét cic nhiém vu cu thé lién quan dén c4 nhan hoic t6
chifc. Tuy nhién, cic t6 chdc va cong dan van gdp kho khén trong viec tiép can thong tin va dich vu hanh chinh cong
mdt cach dé dang va thuan tién. Bai viét nay nghién ciu cic ky thuat tién tién d€ giai quyet thach thic trong viéc
truy xuét tai liéu cho cic dich vu hanh chinh cong. Ching t6i trién khai mot quy trinh truy xuét két hop cac md hinh
truy xuét truyén théng nhu TF-IDF va BM25 véi cic md hinh hién dai nhu SBERT va cdc md hinh tinh chinh. Két
qua cho thiy ring viéc két hgp cidc mo hinh nay cai thién ding ké hiéu suét truy xuit. M6 hinh két hgp giita BM25
va SBERT tinh chinh dat diém F2 cao nhét, cho thdy hiéu qua vugt troi trong viéc truy xuét thong tin.

Tiéu dé:  Phén tich bai toan truy xuét tai liéu thi tuc hanh chinh céng cho dich vu céng truc tuyén
Tém tit:
T khéa:  Truy xudt tai liéu, mé hinh két hop, thii tuc hanh chinh céng

I. INTRODUCTION

Public Administrative Procedures (APs) are processes,
implementation methods, documents, and requirements or
conditions prescribed by government agencies or authorized
individuals to resolve specific tasks related to individuals
or organizations. Government agencies are responsible for
drafting Decisions to announce APs, which must be made
publicly available on the Online Public Service Portal in
compliance with legal normative documents. In line with
the comprehensive administrative reform program for 2020-
2030, set forth by Resolution 76/NQ-CP dated July 15, 2021
[1], government administrative agencies are enhancing the
use of information technology and digital transformation.
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This aims to innovate working methods and improve the
quality of public services for individuals and organizations.
However, the continuous increase and updates in regulatory
documents and APs make it challenging for both the general
public and experts, including government agencies, to ac-
cess and filter information from the Decisions announcing
APs.

The goal of processing administrative procedure an-
nouncement documents is to facilitate users in accessing,
retrieving, searching, referencing, analyzing, and querying
essential information about APs and their implementation.
Despite efforts, organizations and citizens still face chal-
lenges in accessing information and public administrative
services with ease and convenience. Therefore, there is



a critical need for an automated information processing
tool to handle the Decisions announcing APs. This work
investigates information retrieval methods to enhance the
performance of searching relevant APs and to support
public access to online public services.

Based on our knowledge of public administration and the
regulations on administrative procedure control, we have
observed that each public service is associated with one or
more APs to resolve a specific task related to organizations
and individuals. Each AP is stipulated in legal normative
documents. The basic characteristics of APs are as follows:
1) Name of the administrative procedure; 2) Sequence of
execution; 3) Method of implementation; 4) Components
and quantity of documents; 5) Time limit for resolu-
tion; 6) Subjects executing the administrative procedure;
7) Agency resolving the administrative procedure; 8) In
cases where the administrative procedure requires forms or
administrative declarations, the results of the administrative
procedure, requirements, conditions, fees, and charges, then
these forms, declarations, results, requirements, conditions,
fees, and charges are integral parts of the administrative
procedure. APs are highly diverse and complex since they
may involve multiple government agencies and officials; the
participants may include state agencies, citizens, businesses,
or other organizations and individuals as prescribed by law;
and a single administrative procedure may require multiple
resolving agencies, coordinating agencies, and levels of
implementation. We release multiple datasets of APs with
different question types, such as Reasoning Questions, Fac-
toid Questions, Yes/No Questions, Multiple-choice Ques-
tions, and Questions involving multiple agencies, multiple
relevant documents, and multiple relevant articles.

II. RELATED WORKS

Retrieving information related to public administrative
procedures is an extremely important task that directly
affects subsequent stages such as generating answers [2].
There are various approaches to building a retrieval system,
from traditional to modern, but the common goal remains
efficiency and relevance to the information being retrieved.

Traditional lexical matching methods like TF-IDF [3] and
BM25 [4] have been widely used due to their simplicity and
effectiveness in extracting data based on keyword overlap.
However, these methods often fail to capture the semantics
of queries and documents, resulting in suboptimal retrieval
performance for more complex queries.

Recent advances have seen the integration of neural
network-based approaches, leveraging deep learning tech-
niques to understand and encode the semantic content
of text. Among these, the BERT (Bidirectional Encoder
Representations from Transformers) model [5] has become
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prominent. BERT’s ability to generate context-aware em-
beddings has significantly improved the performance of var-
ious natural language processing tasks, including document
retrieval. Adjusting BERT for retrieval tasks in the work
of Nogueira and Cho (2019), demonstrates its potential
in re-ranking candidate documents by gaining a deeper
understanding of the query’s context.

Additionally, Sentence-BERT (SBERT) [6], built upon
BERT, introduces a more efficient method for sentence-
level embeddings. SBERT’s dual-encoder architecture al-
lows for independent encoding of queries and documents
into fixed-size embeddings, facilitating faster similarity
comparisons. This approach has shown significant im-
provements in retrieval tasks by capturing the semantic
similarities between sentences.

In this work, we utilize and extend these advanced
techniques to address the specific challenges of document
retrieval for public administrative services. Our retrieval
pipeline combines an initial pre-ranking stage using tra-
ditional methods, followed by a re-ranking stage utilizing
SBERT to refine the relevance of candidate documents.
This multi-stage approach ensures a balance between com-
putational efficiency and retrieval accuracy, leveraging the
strengths of both lexical and semantic matching techniques.

III. DATASET AND PREPROCESSING
1. Dataset

a) Public Administration Datasets

We automated the collection of frequently asked ques-
tions (FAQs) and answers from various public service
portals, such as National Public Service Portal!, Ha Giang?,
Quang Ninh?, Bac Ninh*, and Bac Giang’. We utilized
the webdriver module from the Selenium library for web
browsing automation and BeautifulSoup from the bs4 li-
brary for parsing and extracting data from web pages.
The collected data includes: The name of the agency
providing the FAQ); the content of each question; and the
content of the corresponding answer. This information aids
in understanding the common queries addressed by these
agencies and provides a basis for enhancing our QA system.
For dataset collection from Ha Giang, we coordinated with
the Department of Information and Communications of Ha
Giang Province to distribute a survey to 21 departments
and sectors, and 11 districts and cities. This collaboration
led to the collection and preliminary processing of 1,627
samples.

!dichvucong.gov.vn
2dichvucong.hagiang.gov.vn
3dichvucong.quangninh.gov.vn
4dichvucn.bacninh.gov.vn
Sdichvucong.bacgiang.gov.vn
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Figure 1. Data Length Distribution

We then processed the collected data to remove du-
plicates and supplemented any missing information using
our expertise. This resulted in a comprehensive dataset in
around 11,450 QA pairs which cover a broad spectrum of
legal fields, including contracts, criminal law, intellectual
property, natural resources, environment, health, education,
and more. The final dataset includes:

 Questions: Practical inquiries, hypothetical scenarios,
and requests for legal interpretations.

o Answers: Detailed explanations, case references, and
legal materials, providing thorough insights into each
query.

This extensive collection supports a wide range of online
public service queries, offering valuable information for
developing and enhancing QA systems.

b) Administrative Procedure Dataset of Ha Giang

By gathering data from the Decisions announcing APs
under the jurisdiction of the Chairman of the People’s
Committee of Ha Giang Province, we developed a dataset of
1,946 APs. Each entry sample includes detailed attributes
such as ID, link, name, AP code, status, execution se-
quence, target subjects, implementation methods, required
documents, implementation results, resolution time, and
resolving agency. The dataset is structured and stored in
JSON format for ease of access and use.

2. Data Processing

Collecting data were scanned to remove HTML tags,
address missing key fields, and eliminate duplicates. We
then used Pyvi® to tokenize the datasets. We construct

Shttps://pypi.org/project/pyvi/
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Table 1
DATA STATISTICS.

DATASET Type Min | Max Avg No. of Samples
Parent data | Document 52 5.167 | 652.32 1,946
Child data Document 8 4,456 | 123.12 11,676
Test data Question 4 98 2475 202
. Question 2 320 19.71
Tuning data |—3 o0 T 4650 | 9L.13 22,960

multiple new data sets such as Parent data, Child data,
and Tuning data. Parent and Child data sets are treated as
two separate corpus data from which we build models to
retrieve relevant procedure codes given the question. The
construction of the parent dataset is based on administrative
procedures, where each procedure corresponds to 14 fields
containing complete information related to that procedure.
However, the model is unable to capture such a large vol-
ume of information effectively, and queries typically only
mention one or a few specific fields of the administrative
procedure, e.g. "Where can I get a birth certificate?", "How
many days does it take to issue a birth certificate?", "What
is the procedure to issue a birth certificate?". Therefore,
we split these fields into a child dataset to create smaller,
more focused data units. This refinement helps the model
better understand and retrieve relevant information based
on the fields mentioned in user queries, improving both the
efficiency and accuracy of the information retrieval process.
The segmentation into the child dataset provides a better fit
for handling the shorter test queries, leading to improved
performance when using a ensemble model. This is due to
a more effective matching between shorter, targeted user
queries and the shorter, focused documents in the child
dataset, reducing noise and enhancing relevance detection.

Data statistics are shown in Table I and Figure 1.



a) Parent data:

Combining all columns of the Administrative Procedure
Dataset of Ha Giang except for the AP code column, results
in a two-column data, including AP code and Text columns,
with 1,946 rows which identical number with the original
dataset. The Parent Dataset has a varied distribution of
document lengths, with a significant number of documents
having very long token counts (750+ tokens). This diversity
in document length may lead to challenges in efficiently
capturing relevant information due to the inclusion of exces-
sive context or unrelated content within a single document.

b) Child data:

Concatenating a few specific columns with two columns:
"Linh vuc" ("Fields") and "Tén tha tuc hanh chinh" ("Ad-
ministrative Procedure Name"). Columns ‘Field’ and ‘Ad-
ministrative Procedure Name’ in Child Data ensure con-
sistency and distinguish between different administrative
procedures. The final data set contains 11,676 samples in
two columns (same as the Parent data): the AP code and
the Text column. The Child Dataset shows a consistent
document length, primarily around 250 tokens. This seg-
mentation helps reduce the amount of irrelevant information
in each document, making it easier for the model to focus
on pertinent content.

c) Test-data:

We manually extracted 202 QnAs which contain corre-
sponding administrative procedure codes from the Public
Administration Dataset of Ha Giang. These codes are
important for verifying the answer. The Test-data consists
of relatively short queries (5-15 tokens), which is typical
for user queries in real-world applications. This short query
length indicates that the test set is focused on precise,
concise questions, further justifying the use of a segmented
child dataset. Each question can be linked to 1 to 3 different
administrative documents and in a variety of question types,
including Factoid Questions (FQ) with a total of 173 ques-
tions, Multiple Choice Questions (MC) with 20 questions,
and Reasoning Questions (RQ) and Yes/No Questions (YN)
with fewer numbers, each having only 14 questions. This
diversity enhances the reliability of the evaluation results.

In this study, we use 202 questions in the Test-data
to retrieve relevant AP codes from the Parent and Child
datasets. The models’ performance is then evaluated by
comparing true AP codes from Test-data with retrieved
AP codes.

d) Tuning dataset:

Combining questions and answers from various sources:
public administration datasets from three provinces: Bac
Ninh, Bac Giang, Quang Ninh; remaining Public Adminis-
tration dataset from Ha Giang which excludes questions in
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Table 1T
RECALL SCORES ON LEXICAL MODELS.
Top-k Parent data Child data
BM25 | TFIDF | BM25 | TFIDF

5 77.3 81.5 81.6 85.2
10 87.6 91.3 860.4 90.3
30 93.2 95.5 94.2 97.3
50 95.0 97.0 95.7 98.0
100 97.5 97.52 99.0 98.5
150 98.5 98.5 99.0 100
300 100 98.5 100 100

the Test-data; and datasets related to public administration
that we have created. The final QnA data set contains about
22,960 samples.

IV. METHODOLOGY
1. Phase 1

During this phase, a comprehensive corpus of administra-
tive procedures and their detailed contents, such as Parent
and Child datasets, are constructed. When a user submits
a query, the system employs lexical retrieval methods to
identify the top k documents related to the query. The most
common lexical models are BM25 and TF-IDF, which are
based on the vocabulary and structure of text to determine
the similarity or relevance between documents. While TF-
IDF statistically measures and indicates the importance of
a word or phrase within a document collection, BM25
evaluates the relevance of documents to a specific search
query and ranks them based on relevance scores. With a
significant number of documents, Phase 1 serves the pur-
pose of filtering out administrative procedures that are truly
relevant to the query and ensuring speed and recall score
for the subsequent phase. We fed data to the lexical score
component (see Figure 2) and selected top-k documents
with the highest recall scores. Table II shows recall results
of lexical models in both datasets. In this work, we set
k at 300 for BM25 model while we selected the top 150
documents for the TF-IDF.

2. Phase 2

While lexical models focus primarily on lexical char-
acteristics and the frequency of token occurrences with-
out considering the relationships between tokens within a
context, augmenting semantic relationships between tokens
within specific contexts can significantly improve the entire
retrieval system. To enhance semantic relationships, we
utilize the SBERT model, which employs a dual-encoder ar-
chitecture to refine the semantic representation of sentences
into continuous vectors, thereby improving the accuracy
of similarity comparisons between sentences. Furthermore,
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Figure 2. Retrieval pipeline for Public Administrative Procedures.

we refine the semantic representation by fine-tuning the
model’s embeddings (see Section IV.3 for details).

Finally, we utilize ensemble models to combine the
strength of lexical models and semantic bi-encoder models,
as follows:

Ensemble_score = « - Lexical + (1 — @) - SBERT

where « is a hyperparameter to balance between both
scores. We futher use min-max normalization to standardize
the scores to the range [0, 1], as follows:

Xnorm = =~ Tmin

Xmax — Xmin

where xpin and xpax are the minimum and maximum
score values, respectively. The system combines the Lexical
Score and the Semantic Score to determine the most rel-
evant documents for retrieval. This approach leverages the
strengths of both lexical and semantic models, providing a
more accurate and context-aware retrieval of administrative
procedures based on both keyword overlap and semantic
meaning. The hybrid approach can significantly enhance the
ability to retrieve relevant administrative procedures, which
is crucial for automatic question-answering systems in the
public administration domain, leading to more accurate
responses by leveraging strong generation models.

3. Fine-tuning semantic models

Our fine-tuning process is based on a set of question-
answer pairs that appear in the Tuning dataset we previously
mentioned, denoted as D((xi, y1), (x2,¥2), -, (Xn, Yn)).
We fine-tune the pre-trained model, specifically the Viet-
namese SBERT, using the Multiple Negatives Ranking Loss
(MNRL) function, which is grounded in the concept of con-
trastive learning. This method ensures that for each query-
document pair that is close in semantic meaning, their
vector embeddings will have a smaller distance, indicating
a stronger semantic correlation. The Multiple Negatives
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Ranking Loss extracts a batch of sentences and computes
the similarity between pairs, assuming that (x;,y;) is a
positive pair while (x;,y;) with i # j represents negative
pairs. This loss function aims to optimize the similarity
between positive pairs while minimizing the similarity
among negative pairs. It is particularly useful when we
only have positive pair data, as it automatically generates
negative pairs within the batch. The formula for this loss
function is presented as follows:

exp(sim(x;, y;))

N exp(sim(xi, y,))

N
1

Lynre =—-—= ) log
s

In addition, we incorporate the Matryoshka Loss, which
helps generate embeddings at multiple levels of detail.
This loss function progressively reduces the dimensionality
of the embedding vectors according to predefined levels.
Each time, it computes the embeddings for each level and
optimizes them so that representations across different di-
mensions retain meaningful relevance for subsequent tasks.

. 1
W{%%F 5 Z Cm-Lim (W(m) ~F(xi;0F) 1:m) yi)

i=1 meM

Lyrr =

For training the SBERT model, we selected a small batch
size (as the dataset is relatively small) and appropriate
values for epochs and learning rate. The training process in-
volved evaluating the embedding similarity and conducting
binary classification evaluations with different metrics. The
final fine-tuned SBERT model is then saved for deployment
in Phase 2 of the retrieval pipeline.

V. RESULTS
1. Experimental Setup

Our models are implemented using the Python pro-
gramming language with open and well-known libraries
on deep learning and natural language processing such as
Sentence Transformer, Huggingface, and Sklearn. We run
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Table III
EVALUATION RESULTS ON THE PARENT DATASET. LIGHTGRAY CELLS INDICATE RESULTS USING A

THRESHOLD 6 TO RETRIEVE RELEVANT DOCUMENTS, WHILE BOLD AND

CELLS SHOW THE

BEST PERFORMANCE IN EACH COLUMN AND THE BEST OVERALL PERFORMANCE, RESPECTIVELY.

Unnormalized Normalized
Model Top-k Range pair Top-k/ 6 Range pair
P R F2 P R F2 P R F2 P R F2
BM25 342 | 68.1 | 56.8 492 | 69.6 | 57.3 458 | 73.0 | 61.5 494 | 745 | 60.0
TF-IDF 31.7 | 62.5 | 522 424 | 781 | 53.2 434 | 703 | 57.8 445 | 682 | 54.3
SBERT 188 | 55.2 | 39.6 36.7 | 57.3 | 424 31.5 | 58.0 45 36.5 | 59.4 | 43.0
SBERT (FT) 574 | 56.5 | 56.6 56.5 | 63.9 | 59.5 37.6 | 743 | 62.0 555 | 659 | 59.9
TFIDF + SBERT 347 | 68.2 | 57.0 46.7 | 74.0 | 56.6 344 | 679 | 56.7 486 | 694 | 58.2
TFIDF + SBERT (FT) 36.4 | 71.6 | 59.9 529 | 77.3 | 63.1 36.6 | 72.1 | 60.2
BM25 + SBERT - - - - - - 36.6 | 71.9 | 60.0
BM25 + SBERT (FT) - - - - - - 376 | 743 | 62.0

our experiments on the Kaggle and Google Colab platforms.
The Kaggle offers an NVIDIA Tesla P100 GPU with 16GB
of memory for 30 hours of free usage, as well as an Intel
Xeon CPU 2.00 GHz.

2. Evaluation

We used several metrics, including Precision, Recall, and
F2-score [7] to evaluate models’ performance, which are
computed as follows:

Number of correctly retrieved articles of question

~.

Precision; = - - -
! Number of retrieved articles of question i
Recall Number of correctly retrieved articles of question i
ecall; = - —
! Number of relevant articles of question i
5 % Precision; X Recall;
le_ _ i i

~ 4 x Precision; + Recall;
F2 = Average of (F2;)

Range-Pair: A common way is to take top-k relevant
documents by selecting top-k highest similarity scores to
the query. However, top-k document retrieval can face
several problems, including reduced precision with large
k, threshold problems, and normalization issues. However,
top-k document retrieval can face several problems, includ-
ing:

o Reduced precision with large k: If k is set too high,
the retrieval may include many irrelevant documents,
reducing the precision of the results;

Threshold problems: If the threshold is too high, it may
result in no retrieved documents for certain queries.
If it is too low, it might include too many irrelevant
documents, similar to the problems with a large k;
Normalization issues: Without proper normalization of
scores, the top-k approach might retrieve documents
with high raw scores but low relative relevance com-
pared to other documents in the same set.

In this work, we also use Range-pair approach, which
dynamically adjusts the gap between scores of adjacent
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documents and offers a more flexible and contextually
appropriate retrieval process. For individual models after
normalization, we use a threshold @ to select relevant
documents since there is no significant difference when re-
trieving the top-k relevant documents. For ensemble models
combining BM25 and SBERT, since the two models’ scores
were on different scales, we normalized them to the [0:1]
range. Therefore, the unnormalized results for ensemble
models are empty (-). Results are shown in Tables III and
Iv.

3. Results on the Parent data

Table III compares the performance of various retrieval
models (BM25, TF-IDF, SBERT, and combinations) across
two settings: Unnormalized and Normalized datasets. Met-
rics reported include Precision (P), Recall (R), and F2-score
(F2). The models are evaluated on two types of document
retrieval methods: Top-k and Range pair, with some results
further evaluated using a threshold 6 .

For individual models, Table III showed that BM25
consistently outperforms TF-IDF, indicating that BM25 is
more effective for administrative documents with extensive
interconnected information, as seen in the parent dataset.
We can observe that lexical models like BM25 and TF-
IDF perform better than the semantic SBERT model. This
is because the documents often contain more tokens (see
Figure 1) in which traditional models can better handle. For
example, both unnormalized SBERT’s F2-scores are lower
than those of the traditional models. Specifically, SBERT’s
F2-scores are 39.6 and 42.2, which are 12.6 and 10.8 lower
than TF-IDF, and 17.2 and 14.9 lower than BM25 models,
respectively. However, fine-tuning SBERT can close the
gap with traditional models and even surpassing them in
some cases. The F2-scores of fine-tuned SBERT increase
by approximately 17 compared to those in standard SBERT
across various metrics, and is 2.2 higher than the BM25
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Table IV
EVALUATION RESULTS ON THE CHILD DATA. LIGHTGRAY CELLS INDICATE RESULTS USING A

THRESHOLD 6 TO RETRIEVE RELEVANT DOCUMENTS, WHILE BOLD AND

CELLS SHOW THE

BEST PERFORMANCE IN EACH COLUMN AND THE BEST OVERALL PERFORMANCE, RESPECTIVELY.

Unnormalized Normalized

Model Top-k Range pair Top-k/ @ Range pair
P R F2 P R F2 P R F2 P R F2
BM25 446 | 78.1 | 64.8 || 64.0 | 69.7 | 67.5 51.5 | 788 | 66.9 56.4 | 724 | 65.6
TF-IDF 59.2 | 76.3 | 70.1 69.8 | 69.1 | 69.2 || 573 | 783 | 69.4 69.8 | 69.1 | 69.2
SBERT 44.1 | 782 | 64.5 59.0 | 70.8 | 64.6 || 50.2 | 81.4 | 66.6 573 | 69.3 | 63.1
SBERT (FT) 50.3 | 81.1 | 69.5 60.2 | 71.1 | 65.7 || 55.8 | 82.8 | 71.2 59.8 | 72.1 | 66.0
TFIDF + SBERT 644 | 80.7 | 75.1 762 | 745 || 59.7 | 852 | 75.6 66.7 | 78.1 | 734
TFIDF + SBERT (FT) || 66.3 | 82.7 | 77.1 || 69.7 | 81.0 | 75.1 589 | 86.1 | 76.0 || 6541 | 81.8 | 73.8
BM25 + SBERT - - - - - - 569 | 85.0 | 74.2 62.6 | 76.1 | 70.1
BM25 + SBERT (FT) - - - - - - 58.5 [SSMRNTZ2N| 633 | 773 | 711

model when using the range-pair method. Notably, the
fine-tuned SBERT model performes well in normalized
scenario, achieving a 62 F2-score, which is the highest
among the individual models and surpasses some of the
ensemble model results.

For ensemble models, BM25 + SBERT (FT), which is
the fine-tuned SBERT combined with BM25, consistently
outperforms other models in the Normalized setting, in
which the Range pair scenario achieved 61.0 precision,
73.4 recall, and 66.4 F2-score (best overall), the Top-k/6
observed a very high Recall of 74.3 and F2 of 62.0. TF-IDF
+ SBERT (FT) also performs very well in Normalized with
Range pair method since it achieves the highest F2-score
of 63.3 and Recall of 79.5 (best overall). In Unnormalized,
it has a best F2-scores of 59.9 and 63.1 in both the Top-k
and Range pair settings.

To sum up, models that combine traditional methods
(like TF-IDF or BM25) with deep learning methods (like
SBERT) generally outperform individual models. For ex-
ample, while TF-IDF + SBERT (FT) outperforms SBERT
(FT) alone in the Unnormalized Range pair setting with
an F2-score of 63.1 vs. 59.5, the combination of BM25
and SBERT (FT) achieves the best precision and F2-scores
overall, showing that combining BM25’s keyword-based
retrieval with SBERT’s semantic understanding leads to
optimal performance.

4. Results on Child data

Table IV evaluates various models (BM25, TF-IDF,
SBERT, and combinations) on Unnormalized and Normal-
ized versions of the Child dataset.

The individual models exhibit F2 scores ranging from
63 to 70. Among these, traditional models perform quite
well, particularly the TF-IDF model, which achieves F2
scores around 70. This suggests that the models effectively
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retrieve information for specific tasks such as public admin-
istration. The key area for improvement lies in better data
segmentation to ensure accurate categorization according
to each field and administrative procedure. The only model
outperforming this is the finetuned SBERT model using
the normalized threshold method, scoring 71.2, about 1%
higher. Fine-tuning significantly enhances SBERT’s perfor-
mance, making it competitive with traditional methods like
BM25 and TF-IDF.

Combining models such as TF-IDF + SBERT (FT)
or BM25 + SBERT (FT) consistently results in higher
performance than using individual models. The F2 scores
for combined models exceed 70, with the highest being
77.2 from the combination of BM25 and the finetuned
SBERT. This combination also achieved 88.1 Recall using
the normalized and top-k methods, representing the best
results in the study. TF-IDF + SBERT (FT) achieves the
highest F2-score (77.1) in the Unnormalized Top-k set-
ting, significantly outperforming BM25 (64.8) and SBERT
(64.5).

VI. CONCLUSION

In this study, we evaluated and compared the effec-
tiveness of different document retrieval models for public
administration procedure services. The results indicate that
ensemble models, which combine traditional models like
TFIDF and BM25 with modern models like SBERT, can
significantly improve document retrieval performance. The
best results mostly occurred on the child dataset, indicating
the importance of proper data processing for achieving
optimal results. For future work, we plan to explore the
integration of other advanced semantic models and further
fine-tune them to enhance retrieval accuracy. Furthermore,
our objective is to investigate the impact of different en-
semble strategies and normalization techniques on various
datasets to optimize overall system performance.
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