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Abstract

In this paper, we propose an Al-agent that in-
tegrates a large language model(LLM) with a
Retrieval-Augmented Generation(RAG) system
to deliver reliable historical information from
the Annals of the Joseon Dynasty through both
objective facts and contextual analysis, achiev-
ing significant performance improvements over
existing models. In order for an Al-agent us-
ing the Annals of the Joseon Dynasty to deliver
reliable historical information, clear source cita-
tions and systematic analysis are essential. The
Annals, an official record spanning 472 years
(1392-1897), offer a dense, chronological ac-
count of daily events and state administration
that shaped Korea’s cultural, political, and so-
cial foundations. We propose integrating a LLM
with a RAG system to generate highly accurate

responses based on this extensive dataset. This
approach provides both objective information
about historical figures and events from specific
periods and subjective contextual analysis of the
era, helping users gain a broader understanding.
Our experiments demonstrate improvements of
approximately 23 to 50 points on a 100-point
scale compared to the GPT-40 and OpenAl Al-
Assistant v2 models.

Keywords: Al-agent, Large Language Model,
Retrieval Augmented Generation, Historical
Analysise

1 Introduction

The Joseon Dynasty (1392-1910) governed the
Korean Peninsula for about 500 years, main-
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Figure 1: This figure illustrates the overall pipeline of our model, showing both the data preprocessing
steps and how it operates through a large language model (LLM). By utilizing a vector store
built on data from the Annals of the Joseon Dynasty, the system generates accurate responses

to user queries.

taining a centralized administration rooted in
Confucian ideals. During this era, a thorough
record-keeping culture flourished, documenting
a wide range of state affairs, from administration
and diplomacy to military operations. A prime
example is the Annals of the Joseon Dynasty,
which meticulously documented the reigns and
events of successive kings. Today, it is recog-
nized as a UNESCO Memory of the World for
its significant historical value[14, 13]. When
developing an Al-agent based on historical in-
formation, delivering reliable information with-
out distortion is important.[20]. When an Al-
agent generates an answer based on large his-
torical data with a vast amount of information,
the accuracy and reliability of the answer can
be increased by presenting the source of the an-
swer and the basis of the analyzed content[7]. In
this annual style of historical data, it is difficult
to comprehensively grasp the information of a
specific subject or person because the events are
arranged in chronological order, and the same
event may be described differently depending on
the recorder or point of view, so its reliability
should be reviewed. Accordingly, we propose a
novel approach that integrates LLM with a pro-
posed RAG system to generate highly accurate
answers by utilizing the extensive chronological
records found in the Annals of the Joseon Dy-

nasty particularly the Sejong Annals.

Our method is designed not only to pro-
vide objective, fact based historical information
regarding figures, events, and social contexts
queried by users, but also to offer in-depth anal-
ysis and interpretation of the circumstances of
the time. To achieve this, the study introduces
two primary approaches:

* Objective Information Providing: When
users request clear and precise details about
historical events or figures from a specific
period, the Al-agent provides objective and
detailed information based on the corre-
sponding historical records.

* Subjective Contextual Analysis and Inter-
pretation: Drawing on related historical
records, the system provides comprehen-
sive analysis and interpretation of the so-
ciocultural context of the era, thereby en-
abling users to gain a broader understand-
ing of the period. In particular, it retrieves
the information needed for the model’s an-
swers to generate answers and shows their
sources together, allowing accurate analy-
sis and reliable answers to be generated.

Our system uses an integrated framework that
includes dynamic chunking, metadata filtering,



query regeneration, and Max Token Retrieve
techniques. This framework overcomes the
limitations of traditional fixed-token chunking
methods[6] by preserving the full context and
source information, ensuring that no critical de-
tails are omitted. Evaluation results based on the
GPT-assisted benchmark question set, we evalu-
ate our model with GPT-40, ai-assistant v2 mod-
els. and in three evaluation categories, on aver-
age, improving answer accuracy by 23 to over
50 points in comparison with each model, espe-
cially in psychedelic prevention and evidence-
based reasoning capabilities.

In the following sections, we first present an
overview of related work, detailing previous ap-
proaches to processing historical records with
LLM and RAG, and introducing the Annals of
the Joseon Dynasty along with its format and
prior studies. Next, we describe the system
implementation, including our dynamic chunk-
ing, metadata filtering, query regeneration, and
Max Token Retrieve methods. We then evalu-
ate the system’s performance against established
benchmarks, and finally, discuss the implica-
tions, limitations, and potential future directions
of our work.

2 Related Work

Research on efficiently retrieving information
from large-scale historical texts has become
a major topic[15]. Traditional keyword-based
search faces limitations in dealing with mas-
sive archives, leading to the adoption of vector
embedding techniques for semantic retrieval, as
well as metadata tagging systems[1, 22]. For in-
stance, the U.S. National Archives and Records
Administration (NARA) has launched a pilot
project that leverages Al-based semantic search
to analyze users’ intent and context, thereby
connecting them to relevant records more ef-
fectively [17]. Because semantic search goes
beyond string matching to discover semanti-
cally similar or contextually linked documents,
it holds the potential to present users with pre-
cisely the information they need, even in ex-
tensive archives, and reveal new historical in-
sights [17]. Moreover, comprehensive meta-
data tagging such as labeling entities (people,
places), time periods, and subjects has been im-

plemented in multiple archives, including the
digitized version of the Annals of the Joseon Dy-
nasty, to assist with data discovery and filter in-
formation by, for example, date or named enti-
ties [21].

Retrieval-Augmented Generation (RAG), in-
troduced around 2020, integrates knowledge re-
trieval with large language models to produce
more trustworthy, evidence-based answers[10].
Specifically, RAG retrieves relevant documents
for a user query and then generates an answer
grounded in that retrieved context, thereby alle-
viating the risk of hallucination and improving
factual accuracy[10, 6]. The European Parlia-
ment Archives recently deployed a RAG-based
question-answering system that indexes more
than 100,000 archival documents. This system
allows users to ask questions interactively, re-
turning a concise generated answer underpinned
by relevant archival records [5]. This approach
has shown the potential to let non-specialists
easily navigate vast historical collections by en-
gaging in conversational interactions.

In parallel, various text-mining and NLP tech-
niques have been applied to the Annals of the
Joseon Dynasty, a canonical example of large-
scale historical texts in Korean studies. Bak
and Oh (2015)[2] introduced a corpus extracted
from the Annals and conducted statistical anal-
ysis to categorize the decision-making patterns
of different monarchs. Their results revealed
intriguing patterns, such as deposed or tyran-
nical kings tending to exhibit more unilateral
behaviors, demonstrating how text-mining can
unveil new interpretive insights [2]. Subse-
quent studies expanded on this work by em-
ploying techniques like dynamic word embed-
dings to observe linguistic changes over time
within the Annals [8]. Moreover, Yoo et al.
(2022)[21] constructed HUE, a dataset and pre-
trained model specialized in reading Hanja texts,
which are the classical Chinese characters used
in historical Korean records. By integrating ad-
ditional metadata such as dates and personal
names, they achieved improved performance
in tasks like summarization and named-entity
recognition. Such research underscores the ne-
cessity of specialized NLP approaches for large
historical corpora written in older forms of lan-
guage. Recent developments show that con-
versational Al can make historical knowledge



more approachable to the public. Pataranuta-
porn et al. (2023)[16] presented the notion of
Living Memories, wherein Al-generated charac-
ters are trained on extensive historical sources,
allowing users to interact with a digital persona
of a historical figure. Empirical studies sug-
gest that engaging in conversation with these Al
agents can enhance learning engagement more
effectively than merely reading a text. Similar
lines of research exist outside the historical do-
main, such as Kim et al. (2024)[9], who ex-
plored ways to improve patient understanding
of surgical procedures by incorporating facial
expressions and gestures in animated physician
characters, illustrating how nonverbal commu-
nication and storytelling techniques can deepen
comprehension. These examples highlight how
systems designed to deliver large-scale domain
knowledge should not only provide correct in-
formation but also present it in a manner that
users find engaging and comprehensible. tra-
ditional RAG remained confined to a sim-
ple retrieve—generate framework, recent work
has proposed various pipeline enhancements to
boost accuracy and reliability on long and dense
texts. First, Mix-of-Granularity dynamically se-
lects the optimal chunk size per query—rather
than using fixed-size chunks—thereby min-
imizing context loss while improving re-
trieval efficiency[24].  Next, query-focused
rewriting approaches such as RQ-RAG[4] and
Rewrite—Retrieve—Read[12], which explicitly
reformulate and decompose the user’s ini-
tial query before retrieval, have demonstrated
improved retrieval precision using these re-
fined queries. Beyond that, the DRAGIN
framework[18] performs multi-stage retrieval
during the generation process itself, enabling
iterative information enrichment in complex,
interactive historical QA tasks. To miti-
gate hallucination caused by mismatches be-
tween retrieval and generation, methods for ad-
justing the balance between internal and ex-
ternal knowledge sources and integrating au-
tomatic verification steps have been intro-
duced, further enhancing the traceability and
trustworthiness of responses[19, 23]. These
pipeline-enhancement strategies offer theoreti-
cal and empirical foundations for the design
choices in this study—namely, dynamic chunk-
ing, metadata filtering, and query regeneration.

3 System Architecture
3.1 System Framwork
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Figure 2: An overview of our integrated RAG-
based system for delivering reliable
historical information from the Se-
jong Annals. The pipeline comprises
four stages: data preprocessing, query
regeneration, metadata filtering, and
RAG.

In Fig 2 at data preprocessing, Sejong Annals
data was web-crawled and consolidated into a
single source. To avoid issues with fixed token-
based chunking that split articles and context,
we adopted dynamic chunking to keep each arti-
cle intact. However, this generated large chunks
that sometimes mixed topics. To resolve this, we
parsed date information (year, month, day) from
each article and incorporated it into the vector
store.

Since users often provide vague queries, the
query regeneration module uses the GPT API
to refine input queries by adding event de-
tails and approximate dates, greatly improving
search precision[11, 3]. In metadata filtering,
date details are extracted from the refined query
so that only relevant chunks are selected—using
exact matches for complete dates or aggregating
chunks for partial or absent date info.

In the RAG stage, a similarity search is per-
formed on the filtered vector store. Instead of
retrieving a fixed number of chunks, we collect
chunks until the maximum token threshold we
set is reached. This maximum token threshold
is determined based on the model’s input token
limit. Through a system prompt, the model se-
lects only the necessary information to generate
an accurate final answer.

By combining dynamic chunking, metadata
filtering, query regeneration, and Max Token
Retrieve, our system forms a comprehensive



framework for extracting and delivering detailed
historical records aligned with user intent.

3.2 Data Pre-processing

Our model is developed to provide users with re-
liable historical information by utilizing the Se-
jong Annal section of the Annals of the Joseon
Dynasty. The Sejong Annal is a historical record
documented daily from 1418 to 1450, consisting
of a total of 163 volumes and containing an ex-
tensive dataset of 3,392,418 words. During the
data collection phase, a web crawling technique
was applied to the official website of the An-
nals of the Joseon Dynasty to selectively extract
records specifically from the reign of King Se-
jong. The extracted data was then consolidated
into a single source for further processing.

A particularly crucial step in data preprocess-
ing was text chunking. Typically, when pro-
cessing textual data, chunking is performed us-
ing fixed number of token. However, this ap-
proach artificially segments the text into fixed
lengths, often resulting in a single article be-
ing split across multiple chunks or disrupting the
contextual flow. Consequently, it becomes diffi-
cult to clearly present the source of the informa-
tion in the model-generated responses, limiting
the user’s ability to fully grasp the overall con-
text of an article.

In this problem, we adopted a dynamic chunk-
ing method. Specifically, each article within the
Annals of the Joseon Dynasty was treated as an
independent unit, ensuring that the entire con-
tent of a given article was preserved within a
single chunk. This approach allows the vector
store to retain the original structure and context
of the articles when retrieving chunks, enabling
the model to generate responses that clearly ref-
erence complete source articles. As a result,
the generated responses include comprehensive
source information, significantly enhancing the
system’s reliability and transparency.

However, several issues were discovered in
the total of 30,949 chunks generated through the
aforementioned preprocessing steps. First, each
chunk was too large, resulting in the mixing of
content on various topics within a single chunk.
This led to a decrease in the precision of the in-
formation contained in each chunk during vec-
tor searches. Since the embedding model con-

verts the input text into a single vector, a large
chunk size causes too much information to be
condensed into one vector, which in turn dilutes
important keywords or key concepts.

In particular, when queries include specific
dates, the matching accuracy significantly de-
teriorated, frequently resulting in information
from the wrong period being retrieved instead
of the specific period requested by the user.

To resolve these issues, date information was
parsed from each article to extract three pieces
of metadata year, month, and day, which were
then incorporated during the construction of the
vector store. This enabled precise, date-based
matching during searches and, ultimately, sig-
nificantly enhanced the overall accuracy and re-
liability of the vector search.

3.3 Query Regeneration Module

In this study, we introduce a query regeneration
technique to effectively retrieve information re-
lated to the user’s query from the vector store
and enhance retrieval accuracy. The query re-
generation Module is designed to reconstruct
the user’s original query into a more detailed and
enriched version by leveraging the GPT API,
thereby improving the matching accuracy when
searching for relevant information in the vector
store. Specifically, the module employs prompt
engineering techniques to augment the original
query with additional detailed information about
the mentioned events or topics, and to insert ap-
proximate date information when such details
are missing.

The necessity for this module can be ex-
plained from three key perspectives:

3.3.1 Compensation for Inaccurate Queries

The queries provided by users are often vague
or inaccurate. While experts in historical facts
may formulate highly specific queries, general
users or children might express their queries am-
biguously or imprecisely. Answers generated
from such inaccurate or distorted queries may
not only deviate from the required information
but may also risk producing entirely erroneous
responses due to hallucination. The guery re-
generation Module addresses this issue by re-
fining the query into a clearer and more specific



form. When user’s query is received, it is passed
to the GPT API. Through system prompting, the
GPT model augments the query by adding ap-
proximate date information, clarifying ambigu-
ous points, and appending relevant context. The
regenerated query is then embedded and used
to perform similarity search in the vector store.
Due to the rich information compared to the
user query and date information written to en-
able metadata filtering, the accuracy of the vec-
tor store search was improved.

3.3.2 Enhancement of Retrieval Efficiency

The RAG framework employed in this study
embeds the user’s query and compares its sim-
ilarity with the data stored in the vector store to
retrieve the most relevant information. For ef-
fective retrieval, the query must inherently con-
tain sufficient detailed information; otherwise, it
becomes challenging to match the precise infor-
mation intended by the user. For instance, if the
query "What are the main points of the educa-
tional or cultural policies enacted in 14207 is
submitted, the module augments it to: “Please
describe the main aspects of the educational or
cultural policies implemented under King Se-
jong’s reign in 1420, particularly focusing on the
establishment and role of Jiphyeonjeon, the pro-
motion of scholarship, and specific initiatives re-
lated to cultural development for the populace.”
This augmentation enables more precise search
results.

3.3.3 Support for Metadata-Based Filtering

We incorporate a metadata filtering approach by
utilizing the date information associated with
each article. During the search process, the
date information contained in the user’s query
plays a crucial role in limiting the search to ar-
ticles relevant to that date. However, not all
users include date information in their queries;
in such cases, the search must span the entire
corpus, which can reduce accuracy. To mit-
igate this, the query regeneration Module au-
tomatically parses and supplements the query
with relevant date information. For example,
if a query such as “Tell me about the court’s
reaction when Hunminjeongeum was promul-
gated” is submitted, the module regenerates it as

”Tell me about the court’s reaction when Hun-
minjeongeum was promulgated in 1446,” thus
enhancing search accuracy by explicitly includ-
ing the date. The query regeneration Module
compensates for ambiguities in user queries and,
by augmenting additional details, enhances the
precision of vector store retrieval—thereby en-
abling the generation of more accurate and reli-
able responses.

3.4 Metadata Filtering

During the dynamic chunking process, each
chunk is assigned three pieces of meta-
data—year, month, and day—based on the date
information included in the article. This meta-
data is automatically generated by parsing the
date data contained in each article. It later en-
ables precise matching with user queries, effec-
tively filtering out information related to specific
dates from the vast historical records.

First, the system extracts date information
from the user’s query. If the query contains com-
plete information for the year, month, and day,
the system utilizes all three to select only the
chunks that match exactly. For example, if the
query “What was the educational policy on May
12, 14207 is entered, the system filters only
those chunks that have metadata corresponding
to May 12, 1420, and builds a temporary vector
store.

Conversely, if the query includes only the
year and month or just the year, appropriate fil-
tering is still performed. In such cases, the sys-
tem aggregates all chunks corresponding to the
specified month or year to create a temporary
vector store. For instance, for the query “What
was the educational policy in May 14207, the
system targets records for the entire month of
May 1420; and for the query “What educational
policies were implemented in 142077, it filters
the chunks relevant to the entire year of 1420.

If the user’s query does not contain any date
information, the query regeneration module ac-
tivates to automatically supplement the query
with appropriate date details. This module an-
alyzes the content of the input query to iden-
tify related events or topics, extracts the approxi-
mate date information associated with the event,
and then adds it to the query. Based on the sup-
plemented date information, metadata matching



is performed, and a temporary vector store is
constructed from the filtered chunks.

Finally, a similarity search is conducted
within this temporary vector store. Because the
search is performed only on the chunks selected
through the filtering process, unnecessary infor-
mation is excluded from the entire dataset, re-
sulting in precise search results that align with
the user’s intent. In this way, meradata filtering
plays a crucial role in focusing on the specific
dates or periods desired by the user, thereby en-
abling effective search and delivery of informa-
tion from the vast historical record data.

3.5 Retrieval Augmented Generation

Once the temporary vector store is constructed
through the metadata filtering and query regen-
eration processes, a similarity search is per-
formed based on the restructured user query.
This search selects the article chunks that ex-
hibit the highest similarity with the query. Ex-
isting RAG models typically use a fixed number
of chunks to retrieve information. However, this
fixed approach has clear limitations.

For example, assume a user submits a query
regarding diplomatic matters during a specific
period. If the diplomatic activities recorded in
that period are divided into six separate chunks,
but the system is configured to retrieve only five
chunks, one important diplomatic record might
be omitted. In such a case, the GPT model
would generate an answer based on limited in-
formation, risking an inaccurate or incomplete
response that fails to fully represent the entire
diplomatic activity.

To solve this problem, we use the Max Token
Retrive method, which takes into account the
maximum input token value of the model, rather
than the traditional fixed number of chunks. In-
stead of fixing the information to be delivered
by the number of chunks, the information to be
delivered can be delivered to the model as much
as possible based on the tokens. This method
can deliver a relatively large amount of chunks
compared to the existing method. Also, due to
the dynamic chunking described above, the size
of each chunk is different, and the number of
chunks to be delivered may vary depending on
Query.

The extracted chunks are then passed to the
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Table 1: Accuracy evaluation of the three mod-
els according to the criteria described
in the “Evaluation” section. figure
(a) shows Factual Accuracy, figure (b)
shows Reliability, figure (c) shows Rea-
sonableness, and figure (d), Averaged
Score, shows the mean score across all
evaluation metrics.

GPT-o01 model, which effectively supports long-
context inputs. This model is optimized to un-
derstand lengthy contexts and, through a system
prompt, selects only the necessary information
from the delivered chunks for generating the fi-
nal answer. Additionally, by setting a maximum
token value in line with the GPT-01 model’s ca-
pabilities, the model can properly process all the
information contained within the extended con-
text.

Ultimately, in the RAG stage, sufficient
chunks are secured based on the restructured
user query and the dynamic token threshold.
The GPT-ol model then meticulously extracts
the relevant information to generate accurate
and reliable answers. This process plays a deci-
sive role in enhancing the overall accuracy of in-
formation retrieval within the system, contribut-
ing to the delivery of rich and detailed historical
information to the user.

Overall framework is described in Figure 1.

4 Evaluation

As shown in Table 1, we evaluated the accuracy
of our model’s answer generation using a bench-
mark set of questions and compared its perfor-
mance with two other models: OpenAIl’s GPT-



40 and ai-assistant v2. GPT-4o is currently one
of the most widely used general-purpose lan-
guage models and is recognized as a model that
exhibits high language understanding and gen-
eration capabilities. To clearly demonstrate the
performance improvement of the RAG-based
system proposed in this study, we selected GPT-
40 as our baseline, as it produces strong re-
sults even without the intervention of a retrieval
module. In addition, ai-assistant v2 is the lat-
est RAG-integrated model officially provided by
OpenAl; it features an architecture that gener-
ates accurate information from large external
knowledge sources, representing a typical appli-
cation of the RAG technique. These two mod-
els constitute the respective control groups of
a non-RAG LLM and a standard RAG system,
enabling us to compare how our proposed sys-
tem overcomes the limitations of existing mod-
els through consistent evidence presentation and
high accuracy. A total of 30 benchmark ques-
tions were generated based on GPT, and the
corresponding ground truth was manually con-
structed through comprehensive searches of the
Joseon Dynasty historical data. The set of ques-
tions includes ’erroneous questions’ designed
to probe the robustness of the models, such
as queries about nonexistent events or inquiries
that alter dates to reference different periods.
These questions were incorporated to verify that
the models not only provide accurate responses
without hallucination, but also clearly indicate
when requested information is unavailable. The
evaluation was based on three criteria:

4.1 Factual Accuracy

This criterion assesses whether an answer in-
cludes all the necessary information to address
the query. For example, if a query asks, “What
diplomatic events occurred in October 1420
” and there are five documented diplomatic
events, an answer must include all five events to
be considered complete. A fully comprehensive
answer receives 5 points, while answers missing
some events are scored on a scale from 4 to 1. If
the answer contains hallucinations or incorrect
information, it is scored 0.

4.2 Reliability

This measure evaluates whether the answer
clearly specifies its sources and provides con-
crete evidence for its claims. In the context of
historical data, it is crucial that every piece of in-
formation is supported by verifiable references.
Answers that present clear and complete source
information are awarded 3 points; if some refer-
ences are missing, the answer receives 2 points;
if the provided references are only loosely re-
lated or overly broad, 1 point is given; and if no
source is provided, the answer receives 0 points.

4.3 Reasonableness

This criterion examines whether the answer’s in-
terpretation is logical and sufficiently grounded
in the evidence provided. An answer that is
both logical and well-supported by evidence
earns 2 points; if the interpretation is logical but
lacks adequate supporting details or references,
it earns 1 point; and if the answer is illogical or
distorted, it scores 0.

Using these evaluation metrics, we compared
our model with GPT-40 and ai-assistant v2.
Note that since GPT-40 does not employ a RAG
framework, its reliability score was not con-
sidered. The evaluation results demonstrate
that our model outperformed the other models
across all metrics. In particular, our model ex-
hibited strong resistance to hallucination and
demonstrated exceptional ability in inferring
and analyzing information based on provided
sources. In contrast, although GPT-40 gener-
ated responses that appeared sophisticated, it
was highly susceptible to hallucination, often re-
sponding confidently to erroneous queries. Sim-
ilarly, the ai-assistant v2 model delivered rela-
tively accurate information but frequently omit-
ted essential details and scored lower in reason-
ableness compared to our model in Fig 3.

5 Discussion

This study implemented an Al-agent system
based on the Sejong Annal section of the An-
nals of the Joseon Dynasty and proposed sev-
eral techniques to enhance the reliability and
transparency of historical information. The



Input Query

Was May 1428 a decree or policy related to the lives of the people announced?

ChatGPT-40

In May 1428, _the government implemented policies aimed at social reform and improving the lives of the people. Key measures included
, partially ﬂto support vulnerable individuals, and
through yield-based taxation. Discussions likely also covered for famine

relief. These efforts reflect ongoing attempts to stabilize livelihoods and promote gradual societal reforms.

aiAssistant-v2

In May 1428, there were several events related to the lives of the people. In particular, Hamgil-do (now Hagyeong-do) was briefed on the flood situation
in the town, and lost houses and casualties were reported in the area. In addition,
F, so that they could communicate the situation of their subordinates to the top , and

were taken to prevent damage caused by thieves in Pyeongan-do.

Regenerated Query

In May 1428, if there are any laws or policies announced in connection with the lives
of the people in the Joseon Dynasty, please explain specific details related to land
system reform, tax system adjustment, agricultural development, or social welfare

promoted by King Sejong

Our Model

national foundation. To promote agricultural production, he
in certain regions of Gyeon

, fostering_education and culture (May 6). Meanwhile,
(May 6, 7), and

In May 1428 (the 10th year of King Sejong's reign), Sejong implemented various policies to stabilize the livelihoods of the people and strengthen the
May 2

(May 19). These policies aimed to improve the people's welfare while also reinforcing national finances and social order.

Additionall

Figure 3: The figure above is part of the benchmark results we conducted. It shows the results of the
chatGPT-40 model and the aiAssistant-v2 model for Input Query. Red highlighted section
corresponds to hallucinations, yellow highlighted section corresponds to factual or less rel-
evant information, and green highlighted section corresponds to factual and highly relevant
information.Our model results through query regeneration produce accurate answers with

the necessary information.

introduced dynamic chunking, metadata filter-
ing, query regeneration, and Max Token Re-
trieve methods effectively overcome the limi-
tations of traditional fixed-token chunking, sig-
nificantly contributing to the model’s ability to
generate accurate answers that align with user
intent without hallucination.

First, in the data preprocessing stage, the
dynamic chunking approach—which preserves
each article in its entirety—addressed the is-
sue of contextual loss. This ensured that the
chunks retrieved from the vector store main-
tained the full meaning of the original articles.
Consequently, the model was able to generate
responses that included clear source informa-
tion, playing a crucial role in providing trans-
parent and reliable information to users.

Furthermore, the metadata filtering technique
assigns date information (year, month, and day)
to each article, enabling the precise selection

of information that exactly matches the user’s
query. When the user’s query contains date de-
tails or is automatically supplemented with such
information via the query regeneration module,
a temporary vector store is constructed based on
the filtered chunks. This process effectively lim-
its the search scope, prevents the inclusion of
unnecessary information, and enhances search
accuracy.

The query regeneration module mitigates the
ambiguity and inaccuracy of user queries by re-
constructing them into more detailed and spe-
cific questions. As a result, the retrieval process
better reflects the user’s intent, even in cases
of erroneous or incomplete date information,
thereby contributing to the extraction of accu-
rate data.

In the RAG stage, instead of relying on a
fixed number of chunks, the system dynami-
cally collects sufficient chunks based on a pre-



determined token threshold. This approach en-
sures that all relevant information—for instance,
in the case of diplomatic events where details
may span multiple chunks—is captured without
omission. Such an approach supports the GPT-
ol model’s ability to effectively process long-
context inputs, ultimately playing a decisive role
in generating highly accurate answers.

The comparative evaluation results demon-
strated that our system outperformed both GPT-
40 and ai-assistant v2 across all evaluation crite-
ria. In particular, our model showed remarkable
robustness against hallucination and excelled in
reasoning and analysis based on the provided
evidence. In contrast, the comparison models
exhibited distinct limitations: GPT-40, despite
generating sophisticated responses, was highly
susceptible to hallucination, while ai-assistant
v2 frequently omitted crucial details.

These findings indicate that in domains deal-
ing with vast amounts of information and com-
plex contexts, such as historical records, dy-
namic chunking and metadata-based retrieval
techniques can significantly contribute to effec-
tive information extraction and response gener-
ation. At the same time, challenges such as in-
formation dilution during vector store construc-
tion and embedding, as well as chunk size ad-
justment issues, remain and warrant further re-
search. Future work could involve the integra-
tion of various data sources, the utilization of
multimodal information, and system enhance-
ments based on real user evaluations.

In conclusion, this study proposed an inte-
grated framework for the precise utilization of
historical data like the Annals of the Joseon Dy-
nasty, confirming that such an approach can sub-
stantially improve the reliability and accuracy
of Al-agent implementations. This method is
expected to serve as a valuable reference for
the development of information retrieval and re-
sponse generation systems in diverse domains.

6 Limitations and Future Work

Our study leverages automated database con-
struction and pipeline automation effectively but
faces limitations in real-time processing due to
query regeneration and database search delays.
Future work should optimize search algorithms,

enhance distributed processing, refine query re-
generation to improve date inference accuracy,
adopt flexible date metadata filtering methods
like fuzzy matching, and integrate multi-modal
data for richer historical context.

We will extend the chatbot system presented
in this paper into a more fully realized agent
form. To achieve this, we plan to integrate our
research on virtual agent systems, motion gen-
eration, and speech interaction to implement an
agent capable of providing gesture, facial ex-
pression, and speech feedback appropriate for
real conversational scenarios. Although these
capabilities could not be applied in the current
study, in our next research, we will incorpo-
rate the suggested concrete interaction examples
to significantly enhance the system’s immersion
and usability.

This study is the first case of RAG based agent
development using high density records which
is the Annals of the Joseon Dynasty, but it has
limitations in terms of technological novelty. In
the future, we plan to apply the same approach
to historical data from other periods and regions
to verify versatility and expand the originality
and scope of the study by upgrading the optimal
search strategy and response generation tech-
nique for each literature.

The manual scoring approach used in this
study carries the limitation of potential subjec-
tivity in evaluators’ judgments. In future work,
we plan to introduce standardized evaluation
guidelines based on expert review and a multi-
evaluator validation process, tailored to the com-
plex domain of historical information, to ensure
objectivity and consistency. Through this, we
aim to establish a more reliable and reproducible
performance evaluation framework.

7 Conclusion

This study developed an Al-agent system based
on the Sejong Annals of the Annals of the
Joseon Dynasty, designed to extract accurate
historical information aligned with user in-
tent. Our approach integrates dynamic chunking,
metadata filtering, query regeneration, and Max
Token Retreive method to enhance accuracy and
reliability.

Dynamic chunking preserved full context and



source information, addressing limitations of
traditional chunking methods. Metadata filter-
ing enabled precise retrieval for date-specific
queries, while query regeneration refined am-
biguous queries. The Max token Retrieve
method delivered relatively large amounts of in-
formation in a model so that the information
needed to answer could be delivered as much as
possible. Comparative evaluations showed our
system outperformed GPT-40 and ai-assistant
v2 in factual accuracy, reliability, and reason-
ing, demonstrating robustness against hallucina-
tions.

However, challenges remain. query regener-
ation may introduce incorrect date details, and
metadata filtering struggles with discrepancies
between event occurrence and mention dates.
Response delays due to query processing also
pose scalability concerns. Future improvements
include refining query regeneration, enhancing
temporal reasoning, and optimizing processing
for real-time responses. Expanding to multi-
modal data could further enrich historical re-
trieval.

This framework showcases the potential for
advanced historical information retrieval, with
applications across various domains.
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