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Abstract

The breakthrough in developing large language models (LLMs) over the past few
years has led to their widespread implementation in various areas of industry,
business, and agriculture. The aim of this article is to critically analyse and gener-
alise the known results and research directions on approaches to the development
and utilisation of LLMs, with a particular focus on their functional characteristics
when integrated into decision support systems (DSSs) for agricultural monitoring.
The subject of the research is approaches to the development and integration of
LLMs into DSSs for agrotechnical monitoring. The main scientific and applied
results of the article are as follows: the world experience of using LLMs to im-
prove agricultural processes has been analysed; a critical analysis of the functional
characteristics of LLMs has been carried out, and the areas of application of their
architectures have been identified; the necessity of focusing on retrieval-augmented
generation (RAG) as an approach to solving one of the main limitations of LLMs,
which is the limited knowledge base of training data, has been established; the
characteristics and prospects of using LLMs for DSSs in agriculture have been
analysed to highlight trustworthiness, explainability and bias reduction as priority
areas of research; the potential socio-economic effect from the implementation of
LLMs and RAG in the agricultural sector is substantiated.
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1 Introduction
1.1 Relevance of the topic

Agriculture plays a key role in the global
economy, contributing significantly to food se-
curity, employment, and trade. Over the past
two decades, the agricultural sector has un-
dergone significant transformation driven by
technological advances and increasing produc-
tion requirements. According to the Food and
Agricultural Organisation (FAO), global agri-
cultural production has grown steadily, with
volumes of major agricultural goods increasing
by 54% from 2000 to 2021, reaching 9.5 billion
tonnes in 2021. This surge was crucial to feed
a growing population, which grew by 29% over
the same period [1].

As agriculture continues to face challenges
such as climate change and resource depletion,
there is an increasing need for improved agricul-
tural practices. Modern information and digital
technologies can significantly optimise agricul-
tural processes by increasing yields, reducing
the use of pesticides, and others [2]. Numerous
national [3-7] and international programmes [8-
15] (see Figure 1) emphasise the importance of
integrating IT into agriculture to drive innova-
tion, ensure food security, and combat climate
change. For example, in Ukraine, agriculture
not only forms the basis of the national econ-
omy but also significantly contributes to the
global food supply [16].

In line with the global digital transfor-
mation trend, Ukraine has made significant
progress in implementing IT solutions in agri-
culture. However, with the growing complex-
ity of agricultural systems, there is an increas-
ing need for advanced artificial intelligence tech-
nologies, such as LLMs, to implement the con-
ceptual framework of automated decision sup-
port leveraging big data. World practice has
proven that the involvement of LLMs can po-
tentially increase the efficiency of known infor-

mation and digital technologies for agricultural
purposes [17].

1.2 Historical context
The development of the LLMs can be

broadly divided into three stages [17, 18]:

1. Statistical language models (SLMs) that
use statistical approaches, such as n-gram,
which calculates the probability of a char-
acter/word occurring depending on the pre-
vious n-1 characters/words. The probabil-
ity is calculated depending on the frequency
and order of occurrence of words in the text.
Such models are used for code autocomple-
tion, spell-checking, and more. Disadvan-
tages: limited context, poor scalability when
the parameter n increases (requires more
computations and memory), and lack of se-
mantics as it builds statistics based on word
frequencies.

2. Neural language models (NLMs) have im-
proved the understanding of semantics com-
pared to n-gram models. Feed-forward neu-
ral networks have made it possible to study
the vector representation of words depend-
ing on their context in the text (semantically
similar words correspond to vectors close to
each other in the vector space) [19]. Over
time, the development of the recurrent neu-
ral network architecture, namely long-short
term memory (LSTM), has improved the
processing of sequential data and the under-
standing of long-term dependencies [19].

3. The emergence of the Transformer architec-
ture. In 2017, the Google research team
proposed the Transformer architecture [20],
which became the foundation for modern
LLM architectures (such as GPT). The ar-
chitecture of the transformers contributed
to faster learning and scalability of these
models due to parallelisation, and the self-
attention mechanism used improved the un-
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Figure 1. Sankey diagram of prioritised objectives and state-of-the-art technologies in agriculture
according to actual strategies, concepts and policies at European, Ukraine and global levels
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derstanding of long-term dependencies com-
pared to RNN counterparts.

Despite these achievements, the application
of LLMs in agriculture remains in its early
stages and requires further research. Given the
complexity of decision-making in agriculture,
from yield forecasting to managing resource al-
location, LLMs have the potential to become a
powerful tool to support farmers and stakehold-
ers in making more informed and timely deci-
sions through their ability to process and inter-
pret large amounts of data, provide contextu-
alised recommendations and assist in decision-
making, which can have a significant impact
on agricultural productivity and sustainabil-
ity. Therefore, research on the integration of
LLMs into agriculture should be a priority for
this technology to reach its full potential and
be practically oriented in the global context of
agricultural activities.

1.3 Real-world examples of leverag-
ing LLM for various domains

The relevance of the development, research,
and implementation of applied LLMs is con-
firmed by the scale of their application in vari-
ous industries that require understanding, gen-
eration, and analysis of natural language. The
most common applied tasks and a list of LLM
application areas [21-31] are demonstrated in
Figure 2. It should be noted that this list is
not exhaustive since every year, a significant
number of publications appear at international
symposia, conferences, and scientific journals
devoted to the development and validation of
new algorithms and applications of LLMs. Ac-
cording to IEEE alone, the total number of arti-
cles on the search query “Large Language Mod-
els” is more than twenty-four thousand (as of
September 26, 2024), and with the development
of technology, their role in various industries
will continue to expand [32-52].

What distinguishes LLMs from previous vir-
tual assistants such as Siri (Service Interface
for Real-time Information) [26] and Alexa [27]
is their versatility. LLMs can perform a wide
range of tasks related to language learning. In
addition to the top 6 use cases in Figure 2,

it is worth noting that LLMs perfectly under-
stand the nuances of human language and can
also translate text from one language to another
with extreme accuracy. In addition, they can
serve as highly personalised virtual assistants
to help with a wide range of tasks in various
fields. Real-world examples of LLM implemen-
tation include:

– Conversational search Engines [53-57]. Bing
is a search engine from Microsoft based on
GPT models that works in a dialogue mode.
Users can send complex multi-part queries,
and LLM generates detailed answers with
links to source pages in the search interface
based on the history of messages. This ap-
proach has significantly improved user expe-
rience and search quality [36].

– Finance [58-61]. COIN (contract intelli-
gence) at JPMorgan Chase is a natural
language processing (NLP) model that sig-
nificantly improves business efficiency by
automating the verification of commercial
credit agreements, which previously required
360000 hours of manual work annually. It re-
duces operational costs, improves accuracy
and ensures consistency in data extraction.
COIN is also efficiently scalable, allowing
more contracts to be processed without in-
creasing the number of employees [62].

– Healthcare [63-68]. The MedPaLM-2 model
is trained on medical data and aims to
provide high-quality answers to medical in-
quiries. MedPaLM-2 is the first model to
achieve an expert level in answering ques-
tions on the United States Medical Licensing
Examination (USMLE) [69].

– Cybersecurity and privacy. In this area,
LLMs are used to create automated reports
by processing security-related data. These
reports help organisations identify poten-
tial cybersecurity vulnerabilities and threats
faster and more accurately so that appropri-
ate action can be taken to mitigate them.
LLMs can also detect vulnerabilities and
bugs in existing code and generate more se-
cure code. The use of LLMs can help de-
tect potential cyberattacks and anomalies by
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Figure 2. Application areas of LLM

analysing Internet logs, security event alerts,
and other security-related data [43-47].

– Legal industry [70-72]. LLMs are transform-
ing legal research, contract analysis, and
document drafting, significantly speeding up
processes that traditionally required signifi-
cant human effort. Example: ROSS Intelli-
gence [29] is a tool for legal research. The de-
veloped LLM allows lawyers to enter queries
in natural language and provides relevant le-
gal precedents and court materials, which
significantly reduces research time.

– Education [73-77]. LLMs are used to cre-
ate educational content, provide tutoring,
and automate administrative tasks. Exam-
ple: Duolingo uses LLMs [30] to improve lan-
guage learning by creating personalised lan-
guage exercises and providing real-time feed-
back with natural language explanations.

LLMs are also used in such industries as
Creative arts [78-80], Human resources and
recruitment [81-84], Retail and E-commerce
[85-87], Energy sector [88-91] and Scientific re-
search [92-95].

This widespread adoption of LLMs across
diverse industries highlights their potential for
transformative applications in other fields, in-
cluding agriculture. The possible use-cases of
LLMs in agronomic practice are shown in Fig-
ure 3 [96-98].

Real-world examples of successful imple-
mentation of LLMs in various industries and
businesses, including agriculture [99, 100],
prove the prospects of their application in build-
ing intelligent systems and technologies for au-
tomated decision support for agronomists to
improve the efficiency of planning and imple-
mentation of agrotechnical measures for grow-
ing crops, provided that additional research is
carried out.

1.4 Localisation of the expected sci-
entific and applied effect

As stated above, to date, there have been
significant theoretical and applied advances in
the development and utilisation of LLMs in var-
ious sectors. However, it is important to note
that the global processes of intellectualisation
and digitalisation of agriculture require addi-
tional research to substantiate approaches to
ensure the functional compatibility of LLMs
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Figure 3. Applications of LLM in agriculture

when they are integrated into intelligent in-
formation technologies for automated decision
support.

Therefore, based on the aforesaid, it can be
asserted that the main expected scientific and
applied effect of the research of this article is to
systematise the current state of functional char-
acteristics of LLMs and to substantiate the vec-
tor of promising research on the development of
approaches to their integration into information
technologies for decision support for agrotechni-
cal purposes, which, in turn, will optimise agri-
cultural processes for growing crops in changing
agroclimatic conditions and, as a result, pos-
itively affect the long-term sustainability and
investment attractiveness of agricultural enter-
prises.

1.5 Aim, object, and subject of the
research

Based on the analysis and synthesis of the
known literature sources in the previous subsec-
tions of the article, the following has been es-
tablished. Today, LLMs play a key role in opti-
mising the processes of analysing and interpret-
ing large amounts of data, supporting decision-
making and managing agrotechnical processes,
which significantly increases the efficiency of the
work of agrarians and farmers. The main func-
tional purpose of LLMs is to assist agronomists
in determining rational approaches to growing
crops in changing agro-climatic conditions with

further planning of an algorithm of actions to
ensure the stress resistance of crops. Conse-
quently, the main motivation for conducting the
research in this article is to disclose the current
state of LLMs with a focus on their functional
suitability and existing limitations in their use
in the agricultural sector, which will allow sub-
stantiating promising areas for further research
to improve the practical aspects of using LLMs
as functional components of decision support
information technologies in the agricultural sec-
tor.

The aim of this article is to critically anal-
yse and generalise the known results and re-
search directions on approaches to the develop-
ment and utilisation of LLMs, with a particular
focus on their functional characteristics when
integrated into DSSs for agricultural monitor-
ing.

The object of research is information pro-
cesses of intellectual processing of agrotechnical
monitoring results based on LLMs.

The subject of research is approaches to the
development and integration of LLMs into DSSs
for agrotechnical monitoring.

1.6 Structure and organisation of the
article

This article is divided into five sections:
introduction, methods, results, discussion and
conclusions. The first section (introduction)
justifies the relevance of the topic and the im-
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portance of conducting research on the imple-
mentation and application of LLM in the agri-
cultural sector. The second section (methods)
contains a description of the methodology used
to search for sources of information. The third
section (results) contains information on the
critical analysis and summarisation of existing
research on LLMs, RAG and their application
in agriculture. The fourth section is devoted to
a discussion of the results of the analysis, in-
cluding promising areas for LLM and RAG re-
search in the agricultural sector. The fifth sec-
tion contains the main conclusions of the con-
ducted research.

2 Methods
2.1 Information sources and search

strategy
This research is devoted to a comprehensive

analysis and generalisation of the latest research
on the development and use of LLMs and RAG,
as well as to identifying the prospects for their
implementation and application in the agricul-
tural sector and their integration into DSSs.
Therefore, the main approaches used in the re-
search in this article are: information and ana-
lytical search, critical analysis and logical gen-
eralisation of the latest research in the areas of
LLMs, RAG and their application to the agri-
cultural sector in the creation of DSSs. The cri-
teria and characteristics of the search and anal-
ysis of known research and development results
used in this article are given in Table 1.

The research in this article was carried out
in four stages: in the first stage, the importance
of using IT in the field of agriculture to ensure
food supply in the world, in particular, LLM,
was substantiated by the example of real sys-
tems in other business areas that actively use
them; at the second stage, generalised analy-
sis of the current state of development of LLMs
and RAG was carried out; at the third stage,
the analysis of LLMs and RAG research in the
context of their use in the field of agriculture, in
particular, implementation in DSS, was carried
out; in the fourth stage, promising directions
for further research were substantiated.

2.2 Data items
Here is the revised text with no extra line

breaks:
This article contains 157 references to

sources, which include scientific articles in pe-
riodicals, conference materials, and analytical
and information resources. The criteria used
for the search and the general characteristics of
the primary sources of the article are given in
Table 1.

As can be seen from the characteristics of
the information and analytical search presented
in Table 1, this article highlights the most rele-
vant publications (for the last 5 years) related to
the principles of development and utilisation of
LLMs and RAG, as well as the specific features
of their application and development prospects
in the agricultural sector. In addition, during
the search and analysis of well-known scientific
works, special attention is given to existing re-
view articles on the use of LLMs in various areas
of agriculture.

A world map with shaded regions of the
countries of the authors of the cited articles and
the corresponding number of references for each
region is shown in Figure 4. A graphical inter-
pretation of the results of the statistical analysis
of the reviewed scientific and analytical sources
by type and year of publication is also presented
in Figure 5.

As can be seen from the analysis of graphical
interpretation (see Figure 4), the largest num-
ber of papers are by authors from such coun-
tries as the United States (38 references), China
(27 references), and India (14 references). This
explains the fact that these countries are lead-
ers in terms of the scale of agricultural activi-
ties and the introduction of modern information
technologies in the agricultural sector and, as a
result, are among the largest exporters of agri-
cultural products in the world.

3 Results
3.1 General analysis of LLMs

Thanks to the invention of the trans-
former architecture and self-attention mecha-
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Table 1. Characteristics of search and analysis of known scientific information sources

Category The criteria and characteristics of information-
analytical search and analysis applied

Primary range of years of
publication activity

From 2019 to 2024

Extended range of years of
publication activity

From 1997 to 2024

Scientometric databases Scopus, Web of Science
Main digital libraries arXiv, IEEE Xplore, ScienceDirect, MDPI
Analytical databases FAOSTAT Database
Types of literature sources Scientific articles in periodicals, peer-reviewed publications, in-

ternational conference proceedings, analytical and information
resources

Primary language English
Additional language Ukrainian
Primary subject areas Agriculture, LLM, information retrieval
Primary search queries LLM in agriculture (review), LLM review, RAG in agriculture,

RAG review, agronomist AI assistant
Additional keywords Survey, embedding, sparse & denser encoders, information

retrieval or search, prompt engineering, rerankers, semantic
caching, chunking, preprocessing, indexing, multimodal LLM
or RAG, query expansion or refinement, LLM for decision-
making



123Artem Vizniuk, Grygorii Diachenko, Ivan Laktionov, Agnieszka Siwocha, Min Xiao, Jacek Smoląg

Table 1. Characteristics of search and analysis of known scientific information sources

Category The criteria and characteristics of information-
analytical search and analysis applied

Primary range of years of
publication activity

From 2019 to 2024

Extended range of years of
publication activity

From 1997 to 2024

Scientometric databases Scopus, Web of Science
Main digital libraries arXiv, IEEE Xplore, ScienceDirect, MDPI
Analytical databases FAOSTAT Database
Types of literature sources Scientific articles in periodicals, peer-reviewed publications, in-

ternational conference proceedings, analytical and information
resources

Primary language English
Additional language Ukrainian
Primary subject areas Agriculture, LLM, information retrieval
Primary search queries LLM in agriculture (review), LLM review, RAG in agriculture,

RAG review, agronomist AI assistant
Additional keywords Survey, embedding, sparse & denser encoders, information

retrieval or search, prompt engineering, rerankers, semantic
caching, chunking, preprocessing, indexing, multimodal LLM
or RAG, query expansion or refinement, LLM for decision-
making

A COMPREHENSIVE SURVEY OF RETRIEVAL-AUGMENTED LARGE . . .

Figure 4. World map of references per country

(a) Types of literature sources (b) Years of publication activity

Figure 5. Statistics of the reviewed sources of information
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nism, LLMs have excelled in NLP tasks, demon-
strating impressive reasoning capabilities of
generating human-like text based on a given
prompt [20, 101].

LLMs can be broadly divided into three
main categories: Encoder-only, Decoder-only,
and Encoder-Decoder models. The key fea-
ture of the Encoder-only models is their bi-
directional nature, allowing them to take into
account both the left and right context of each
token when encoding it. This bi-directionality
helps Encoder-only models better understand
the meaning of words in context, which is cru-
cial for tasks like sentiment analysis, text classi-
fication, semantic search, and others. The pri-
mary focus of such models is on text compre-
hension rather than text generation. Bidirec-
tional encoder representations from transform-
ers (BERT) is an example of Encoder-only ar-
chitecture. In contrast, Decoder-only models
generate text in a left-to-right autoregressive
fashion. For example, GPT models predict the
next token in a sequence based on the context
provided by the previous tokens. Their archi-
tecture makes them effective for language gen-
eration, code generation, and creative writing
tasks. Encoder-Decoder models, such as Text-
To-Text Transfer Transformer (T5), utilise both
the encoder (for processing the input sequence
to capture its meaning) and decoder (for gen-
erating the output sequence based on the en-
coded information). Such models are used for
tasks like machine translation, summarisation,
and conversational response generation [102].

The complexity of LLMs (GPT-4o boasts
over 200 billion parameters), the intricacies of
their architecture [20], and training on large
and diverse text corpora (web pages, research
papers, books, programming code, and others)
allow them to develop their own internal knowl-
edge base. The quality of the knowledge base is
determined by the volume, diversity and trust-
worthiness of the training data.

The internal knowledge base of LLMs is lim-
ited by the training data. As a result, it can
become outdated, leading to the generation of
stale information. One way to address this is-
sue is by fine-tuning a pre-trained LLM on more
recent, custom data. However, this approach

has significant drawbacks, such as the necessity
of retraining a model each time the knowledge
base needs updating, as well as the time and
resources spent on both model retraining and
dataset preparation. To address this limita-
tion, Retrieval-Augmented Generation (RAG)
was developed. RAG enhances LLMs by dy-
namically integrating external information re-
trieval mechanisms during inference, enabling
the system to search for relevant, up-to-date,
or domain-specific knowledge and inject it into
a prompt with instructions for the LLM to gen-
erate a response based solely on the retrieved
information.

To build a DSS based on LLMs and RAG,
several LLM architectures can be employed, de-
pending on the stage of the pipeline: Encoder-
only – for semantic search of relevant docu-
ments, Decoder-only or Encoder-Decoder – for
text generation and question answering.

3.2 RAG pipeline
As mentioned in the previous subsection of

this article, RAG overcomes one of the main
drawbacks of using LLMs to answer questions
that require access to new data not included in
their training. The RAG framework consists of
three main components:

1. Retrieval: extracting relevant information
from external data sources.

2. Augmentation: injecting the retrieved infor-
mation into the LLM’s input prompt.

3. Generation: producing a final response
based on the augmented prompt.

Figure 6 illustrates a typical RAG inference
pipeline, showcasing the framework’s modular
structure and the flow of information from user
input to response generation [102, 103].

The main steps in the RAG inference
pipeline are as follows:
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Figure 6. Rag inference pipeline

1. Receive a user request. The process begins
with a user submitting a query. This query
may represent a specific question or task re-
quiring contextualised information.

2. Query refinement (optional). This proce-
dure enhances the input query to improve
the accuracy of information retrieval. It
may involve correcting grammatical errors,
expanding the query with related terms, or
clarifying ambiguous phrases.

3. Information retrieval of the most relevant
chunks from external sources to the query.
Hybrid retrieval, combining vector search
(dense retrieval) and term-based search
(sparse retrieval) is a widely adopted ap-
proach.

4. Pre-filtering (optional). In this step, irrele-
vant data chunks are removed before further
processing. Certain studies have shown that
LLM-based pre-filtering can significantly im-
prove the quality of information retrieval.

5. Rerank/Fusion (optional). Retrieved data is
ranked to prioritise the most relevant infor-
mation (chunks). The following methods are

commonly used for ranking chunks by rele-
vance:

– Reciprocal Rank Fusion (RRF). It con-
siders only the rank position of chunks in
their respective search results and does
not rely on the input query. It is fast,
efficient, and easy to implement.

– Cross-Encoder model. Computes a sim-
ilarity score between the query and each
chunk. While this method is more pre-
cise, it is also slower and more resource-
intensive.

6. Augmentation and generation. The ranked
data chunks are injected into the LLM’s in-
put prompt as context. The LLM then gen-
erates a final response based on both the user
query and the retrieved information.

Search methods (the third step) can be
broadly categorised into two types: dense and
sparse retrieval. Sparse retrieval methods en-
code a query as a sparse vector, where non-
zero values correspond to terms in a vocab-
ulary. Examples of sparse retrieval include
Bag-of-Words methods such as TF-IDF and
BM25 [104]. These methods excel when ex-
act term matches are present in documents.
However, their limitation lies in the inabil-
ity to capture semantic meaning. An alter-
native to traditional sparse retrieval methods
like BM25 is the Sparse Lexical and Expan-
sion Model (SPLADE) [105]. SPLADE is based
on the BERT [106] architecture and expands
the search query with related terms to address
the vocabulary mismatch problem. The re-
search has shown that SPLADE achieves su-
perior metric scores compared to BM25 on the
BEIR benchmark [105]. In contrast, dense re-
trieval methods make use of an Encoder-only
architecture to encode text as dense vectors.
The primary advantage of dense retrieval is the
ability to capture semantic relationships. Even
if two texts use different terms, their vectors will
remain close in vector space if they are seman-
tically similar. Common distance metrics em-
ployed in dense retrieval are cosine similarity,
L2 distance, and dot product. Dense retrieval
may not be optimal for cases where documents
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with exact term matches need to be found. As
a result, dense and sparse retrievals are often
used together, as they complement each other’s
weaknesses.

Query refinement (the second step) in
RAG aims to enhance information retrieval by
modifying/expanding the original input query.
The existing query refinement approaches in-
clude the following:

– Query expansion. Expands an input query
with related information and terms. Ex-
amples are the Pseudo Relevance Feedback
(PRF) and Query2doc methods [107]. The
latter uses LLMs to generate a pseudo-
document /passage to the given query. A
new query is formed by concatenating the
input query with the generated pseudo-
document. Studies have shown that this ap-
proach improves the performance of denser
and sparse retrievals.

– Query rewrite [108]. Input queries are often
suboptimal for searching, as they may con-
tain spelling errors, slang, excessive length,
or ambiguity (such as unclear domain ar-
eas or abbreviations). To improve search
accuracy, the original query can be divided
into several more specific subqueries for tar-
geted information retrieval. LLMs can also
be utilised in this process.

The fifth step of the RAG inference pipeline
reranks the search results from different search
methods. The Reciprocal Rank Fusion method
ranks the documents according to the following
equation [109]:

RRF (d) =
N∑

i=1

1
k + ri(d)

(1)

where k is a constant (defaults to 60), N repre-
sents the number of search methods and ri(d)
denotes the position of document d in the
search results of the i-th search method.

After scoring each document, they are
sorted in descending order by the assigned score
value.

While intuitive and easy to implement, this
method considers only the relative positions of
documents within each search result.

A more accurate reranking method lever-
ages the Cross-Encoder architecture, which
takes two texts as input (a query and a chunk)
and outputs a similarity score between them.
Similarly, once the scores are calculated, the
documents are sorted in descending order.

The final step of the RAG inference pipeline
involves invoking an LLM with a prompt that
includes the retrieved relevant chunks and in-
structions to answer a user request using only
the information in those chunks. This signifi-
cantly reduces the likelihood of hallucinations
and the generation of irrelevant or outdated in-
formation [110].

Figure 7 below shows the extract, trans-
form, load (ETL) pipeline for document pro-
cessing:

Figure 7. RAG ETL pipeline

Before the RAG system can query the up-
loaded documents, they must be indexed. This
involves calculating dense and sparse vectors
(depending on the chosen search methods) –
and storing them in a vector database. Since
LLMs have a limited context length and ex-
cessive contextual information can degrade the
quality of responses, large documents should be
divided into separate semantic blocks (chunks)
prior to indexing. The choice of chunking strat-
egy significantly affects the efficiency of RAG.
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The existing chunking strategies include [102,
103]:

– Fixed-size chunking: splits a document into
chunks of a fixed size (e.g., 256, 512, or
1024 characters). This approach may lead
to truncation within sentences which results
in a loss of contextual information and re-
sponse quality degradation.

– Recursive character split: a more sophisti-
cated approach that tries to preserve the in-
tegrity of paragraphs, sentences, and words
as those are typically the strongest seman-
tically related pieces of text. It splits text
in the following order until the chunk size
limit is reached: first by paragraph, then by
sentence, and finally by word.

– Document-based chunking: considers the
document structure and file formats (.txt,
.docx, .pdf, .md, and others) during the
chunking process. Tables within a docu-
ment are transformed into formats readable
by LLMs, such as HTML or Markdown. To
enhance search efficiency, summaries gener-
ated from these tables are indexed instead
of the tables themselves. If a table summary
is recognised as relevant, the corresponding
table content is injected into a prompt in-
stead. Similarly, a multimodal LLM gener-
ates summaries for images, which are then
used for searching.

In practice, implementing RAG systems on
the server side typically involves deploying the
following components [111]:

– Vector databases with sharding: enable scal-
able, low-latency retrieval in RAG systems.

– LLMs and embedding models: utilise third-
party APIs, such as OpenAI or Azure
OpenAI, or self-hosted solutions with load-
balancing and GPU-accelerated infrastruc-
ture for low-latency inference.

– In-memory caching solutions: tools like Re-
dis store frequently accessed vectors, reduc-
ing database load, lowering costs, and im-
proving response times.

– RAG APIs: include streaming capabilities,
context-aware endpoints, document process-
ing, and robust error handling for production
resilience.

In summary, Retrieval-Augmented Genera-
tion bridges the gap between pre-trained LLMs
and real-world decision-making. By integrat-
ing query refinement, advanced retrieval meth-
ods, and effective reranking techniques, RAG
ensures that LLM-generated responses are ac-
curate, relevant, and up-to-date.

3.3 LLM for decision support sys-
tems in agriculture

Figure 8 below shows how an LLM can be
integrated into an app to enhance user experi-
ence by executing app functions through text
messages sent to the LLM.

Figure 8. LLM pipeline with function calling

Upon receiving a user request, the system
calls an LLM, which returns either a generated
response or a description of a function call with
its arguments. If a function call is returned,
the system executes the corresponding function
using the specified arguments and then returns
the result for a second LLM call, generating the
final response. This approach allows users to in-
teract with the AI assistant to perform various
system functions, greatly enhancing the user ex-
perience [112].
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LLMs exhibit significant potential in DSSs
due to their capabilities in text comprehension
and generating human-like responses [113].

The proposed architecture of a DSS for agri-
cultural crop cultivation based on the analysis
of existing research is shown in Figure 9:

Figure 9. LLM-based DSS for agriculture

The DSS receives climate data from soil and
climate sensors as input, which is processed and
analysed before being stored in a database. The
system relies on LLMs to generate recommen-
dations on crop cultivation. Essential features
of any DSS include transparency, explainabil-
ity (the ability to clarify the reasoning behind
decisions), and trustworthiness (the confidence
in LLM-generated results to reduce the risk of
false or harmful outcomes) [113].

Additionally, research studies on self-
induced bias in recommendation algorithms
highlight the risk of reinforcing past errors,
potentially leading to cycles of flawed recom-
mendations [114]. This is particularly criti-
cal in agricultural DSSs, where past inaccura-
cies or incorrect actions can perpetuate errors
in future recommendations, negatively affecting
crop production.

Given the critical role of LLMs in agricul-
tural DSSs and the associated risks of self-
induced bias, robust evaluation methodologies
are essential to ensure these systems’ reliabil-
ity and impact. Assessing the performance of
LLMs in agriculture requires tailored validation
approaches to ensure their effectiveness and re-
liability in real-world scenarios. Traditional
NLP metrics such as BLEU, ROUGE, or per-
plexity [115, 116] are insufficient to capture the
domain-specific impact of these systems. In-

stead, agricultural applications demand more
targeted metrics, including:

– Yield increase. Assessing the extent to which
LLM recommendations, such as irrigation
schedules or pest management strategies,
improve overall yield [117, 118].

– Resource efficiency. Measuring reductions in
water, fertilizer, or pesticide usage achieved
through AI-driven decision support [119,
120].

– Decision accuracy. Comparing the accuracy
of LLM outputs with those of human ex-
perts, particularly in tasks such as disease di-
agnosis [121] or soil fertility assessment [122].

– Economic impact: Quantifying cost sav-
ings or revenue increases attributable to AI-
driven interventions in farm operations [123-
125].

To enhance this evaluation, case studies
provide valuable insights. For instance, a re-
cent study demonstrated that integrating RAG
into an LLM pipeline to generate high-quality,
agriculture-specific questions improved answer
similarity from 47% to 72% [126]. Another
case study showed how LLMs augmented with
RAG allowed users to significantly reduce the
barriers to utilising a farm-to-fork traceabil-
ity blockchain solution, which increased trust
in the food supply chain and enhanced trans-
parency [127].

Therefore, it has been established that
LLMs can be integrated into information
systems for automated decision support for
agronomists. However, further research is re-
quired to enhance their trustworthiness and ex-
plainability and reduce bias.

3.4 Critical analysis and generalisa-
tion of the recent RAG research
studies

The research study by G. Lu, S. Li, G. Mai,
J. Sun, D. Zhu, L. Chai, and others on potential
future applications areas of LLMs in agriculture
has identified the following promising areas for
their use [98]:
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– Information extraction. This involves ex-
tracting structured data from unstructured
agricultural documents. Structured data
facilitates faster information querying, effi-
cient filtration, and the construction of a
knowledge base.

– Search and Q&A systems. LLMs can en-
hance search engines and generate responses
to common agricultural questions due to
their capabilities in understanding semantics
and producing text that directly addresses
the core of a question.

– Training data generation. Multimodal LLMs
trained on agricultural data can synthesise
images and videos from text descriptions,
enhancing the training of computer vision
(CV) models. This addresses the key limi-
tation in applying CV models in agriculture:
the scarcity of visual data for training.

– Human-robot interaction. LLMs can sig-
nificantly simplify the interaction between
humans and robots, enabling agronomists
to control robots using natural language in-
stead of typing out commands. The mul-
timodality of LLMs will enhance their use-
fulness across various agricultural stages, in-
cluding planting, weeding, fertilising, irriga-
tion and harvesting.

Researchers S. Yang, Z. Yua, S. Li, R. Peng,
K. Liu and P. Yang investigated the problem
of pest identification by leveraging embedding-
based retrieval and LLMs to extract struc-
tured information from unstructured agricul-
tural documents. They proposed a four-stage
LLM-based approach for extracting structured
information in JSON format [97]:

– Stage 1: identify descriptive words in the re-
trieved text.

– Stage 2: convert descriptive words from stage
1 into attributes (e.g., white – colour).

– Stage 3: extract physical entities, particu-
larly those with description, from text (e.g.,
larvae, adults, and others).

– Stage 4: match the entities and attributes
and generate a JSON document with at-
tribute types and values.

The performance of the GPT-3.5-turbo
model under zero-shot conditions was manually
assessed and is given in Table 2.

Table 2. LLM performance for each stage

Stage 2 Stage 3 Stage 4
Precison 90% 89% 90%
Recall 76% 84% 89%

One of the problems the researchers en-
countered was the ambiguity of certain de-
scriptive words when converting them into at-
tributes using an LLM. For example, terms like
“dark spots” could be identified as “colour” and
“pattern,” causing the accuracy of the entire
pipeline to fluctuate.

In terms of future research, the researchers
emphasised the need to adjust the prompts and
the pipeline structure for more precise infor-
mation extraction to resolve the above issues.
They also noted the importance of testing with
more LLMs and datasets to determine the sta-
bility of this pipeline.

The research study by B. Silva, L. Nunes,
R. Estevao, V. Aski and R. Chandra pre-
sented a comprehensive evaluation of popu-
lar LLMs, such as GPT-3.5, GPT-4, Llama-2-
13B, and Llama2-70B, on their ability to pass
agriculture-related exams [96].

To evaluate the LLMs, the agriculture ex-
ams and benchmark datasets were selected from
three of the largest agriculture production coun-
tries: the USA, Brazil, and India.

The results demonstrated that the GPT-
4 model consistently outperforms other mod-
els across different datasets and question types,
achieving an impressive 93% accuracy on the
US Certified Crop Adviser (CCA) exam, which
is sufficient for renewing an agronomist certifi-
cation. Furthermore, the inclusion of a pream-
ble (contextual information such as the exam
name and/or location), RAG, and ensemble re-
finement (ER) significantly improved the accu-
racy of LLM responses, with RAG demonstrat-
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ing a notably greater enhancement in perfor-
mance compared to the other techniques.

The primary contributions of the paper in-
clude the establishment of performance base-
lines for LLMs on agriculture-related problems,
enabling researchers and practitioners to com-
pare their results with the current state of LLM
performance on these problems.

The researchers suggest that future research
should focus on mitigating the risks associated
with erroneous generations by exploring richer
prompt strategies while also maximising the
benefits of AI integration in agriculture.

The researchers R. Jagerman, H. Zhuang,
Z. Qin, X. Wang, and M. Bendersky, as de-
tailed in [128], proposed an LLM-based ap-
proach for expanding search queries with re-
lated terms to improve information retrieval re-
sults. Throughout the study, various sizes of
Flan open-source models were utilised, includ-
ing flan-t5-small (60M), flan-t5-base (220M),
flan-t5-large (770M), flan-t5-xl (3B), flan-t5-xxl
(11B), and flan-ul2 (20B), all fine-tuned to fol-
low instructions.

The proposed LLM-based approach for
search query expansion was compared to classi-
cal query expansion algorithms based on PRF,
such as Bo1, Bo2, and KL. BM25 was em-
ployed as the search algorithm. The effec-
tiveness of BM25 with these query expansion
methods was evaluated on the MS-MARCO
and BEIR datasets using metrics such as Re-
call@1K, MRR@10, and NDCG@10.

The findings indicate that the LLM-based
query expansion method consistently outper-
formed the classical approaches across the eval-
uated datasets. Among the prompt engineering
strategies, including zero-shot, few-shot, and
Chain-of-Thoughts (CoT), the CoT prompts
proved to be the most effective. The largest
model, flan-ul2, achieved a Recall@1K score of
90.61 on the MS-MARCO dataset.

Regarding future improvements, the re-
searchers plan to explore more LLM models for
query expansion, refine prompt templates, and
address production deployment, along with the
costs involved.

The researchers W. Fan, Y. Ding, L. Ning,
S. Wang, H. Li, D. Yin, T.-S. Chua and Q.
Li [102] comprehensively reviewed existing re-
search studies in RAG, covering their archi-
tecture, training strategies, and applications.
They identified the following research directions
that can be explored in the future in the field
of RAG [102]:

– Trustworthy RAG. As RAG can be mali-
ciously or unintentionally manipulated into
making unreliable decisions or harming hu-
mans, the ideal trustworthy RAG systems
should possess the following characteristics:
robustness, fairness, explainability and pri-
vacy. Robustness means a trustworthy RAG
system should be able to withstand mali-
cious changes caused by attackers. Fairness
indicates that a system should avoid dis-
crimination during a decision-making pro-
cess. Explainability requires a complete un-
derstanding of the internal workings of RAG
systems so that the predictions are explain-
able and transparent. Privacy involves pro-
tecting personal information within RAG
systems and preventing the leakage of sen-
sitive data.

– Multilingual RAG. The ability of RAG sys-
tems to process information sources in dif-
ferent languages. For example, users from
countries where less common languages are
spoken can leverage the rich English and
Chinese corpora for knowledge retrieval, im-
proving the performance of LLMs in subse-
quent tasks.

– Multimodal RAG. Multimodality enables
RAG systems to query and process docu-
ments of various formats, such as images,
videos, and audio. This benefits a wide
range of domains, including healthcare, drug
discovery, molecular analysis, and others.

– Quality of external knowledge. This involves
employing methods to filter out low-quality
or unreliable information, thereby enhanc-
ing the quality of the external knowledge
base. Consequently, RAG systems can gen-
erate more accurate and reliable outputs, im-
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ing a notably greater enhancement in perfor-
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proving their effectiveness in real-world ap-
plications.

The researchers B. Nouriinanloo and M.
Lamothe investigated the use of an LLM-based
pre-filtering step to improve reranking in infor-
mation retrieval [129].

A prompt using Chain-of-Thought (CoT)
and Plan-and-Solve (PS) methods was de-
signed. After the information retrieval, an LLM
assigns a score between 0 and 1 to each chunk.
Based on a chosen threshold, each chunk re-
ceives a value of 1 if the score meets or exceeds
the threshold, and 0 if it falls below. Chunks
valued at 0 are considered irrelevant and filtered
out. The threshold is determined by the highest
F1 score.

The effectiveness of the reranking results
was evaluated on the benchmark datasets
TREC and BEIR using the NDCG@10 met-
ric with the Mixtral-8x7B-Instruct-v0.1 model.
The research findings revealed that incor-
porating the pre-filtering step increased the
nDCG@10 score by an average of 7.2% across
all datasets compared to the baseline approach
without it.

One limitation of the proposed approach
noted by the researchers is the need to empir-
ically determine a threshold value, as it may
vary depending on the dataset.

R. Mohandoss, in his study [130], proposed
an alternative solution to the GPTCache li-
brary for implementing a semantic cache for
LLM systems that takes into account user con-
textual data, such as geolocation, department,
employee role, identification number, and oth-
ers. The proposed approach can work with
both context-free queries and context-sensitive
queries. An example of a query that does not
require contextual data is “What is the capital
of Canada?”, and one that does is “What is the
capital of my country?”.

The proposed solution consisted of five core
components:

1. Cognitive gateway (receives a user query, in-
teracts with other system components and
returns a user response).

2. Context extractor (receives a user query
from cognitive gateway, decides which con-
text attributes are needed for response gen-
eration, and passes the result back to cogni-
tive gateway).

3. Context store (receives the context at-
tributes from cognitive gateway, retrieves
and returns the values of those attributes to
Cognitive Gateway).

4. Cache manager (receives a user query
from cognitive gateway, searches for cache
matches by the defined threshold, and re-
turns the result back to cognitive gateway;
if no cache matches are found, it is called for
the second time to cache an LLM response).

5. LLM (calls an LLM to generate a response
for Cognitive Gateway in cases when no
cache matches are found).

During cache evaluation, to empirically de-
termine the optimal threshold value, the pri-
ority was to minimise the percentage of false
cache hits. For a threshold value of 0.95, a 0%
false cache hit rate was achieved, along with the
highest percentage of true cache hits.

Using the proposed caching approach, the
average time for response generation dropped
from 3262 ms to 580 ms.

The researcher mentions storing a modified
version of the original query with embedded
context values in the cache as a possible exten-
sion to the proposed approach. For example,
the cache could store “Good Thai restaurants
in my hometown” along with “Good restaurants
in Milwaukee”, where “Milwaukee” serves as the
contextual value for the user’s “hometown”.

Based on the analysis of the components
of the RAG pipeline and the research papers
discussed above, the existing studies have been
classified according to their focus on improving
the performance of RAG systems, as shown in
Table 3.

4 Discussion and future work
In this research article, dedicated to the

identification of promising areas of research in
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Table 3. Classification of the research papers by areas of research and improvements in RAG
Area of research Goal Examples Papers
Pre-retrieval
enhancement

Improve the RAG
performance (recall) prior
to information search

Query refinement: query
rewrite, query expansion,
sub-queries generation,
and others.

[107, 108], [128]

Indexing optimisation:
better chunking strategy,
metadata attachment, hi-
erarchical index structure,
table and image parsing,
and others.

[103], [131, 132]

Post-retrieval
enhancement

Improve the RAG
precision after the
information search to
remove excess context for
less noisy LLM generation

Pre-filtering chunks with
LLM prior to reranking

[129]

Reciprocal Rank Fusion
(RRF)

[109]

Rerankers (cross-encoder
models)

[103], [133–135]

Search methods im-
provements

Improve the information
search performance (preci-
sion and recall)

Dense and sparse encoder
models (BERT, SPLADE
and others). Retriever
fine-tuning.

[20], [105, 106],
[138]

LLM instruction
tuning

Improve pretrained LLMs
responses quality, reduce
hallucinations.

Prompt refinement (richer
prompt strategies like
CoT, Few-shot, One-
shot, and others). LLM
fine-tuning.

[96], [110], [136],
[138]

Efficiency of RAG Decrease cost, reduce la-
tency

Semantic caching,
context-based caching

[130]

Multimodality Add support or improve
processing of multiple
data types for a better
user experience

Support for various file
formats (images, videos
and others), not just text.

[103], [98], [139,
140]

Domain-specific
pipeline improve-
ments

Improve the RAG pipeline
performance for a specific
domain (agriculture and
others.)

Improving the pipeline
for answering agriculture-
related questions through
prompt engineering, and
others.

[96, 97], [137]

Decision-making Improve the LLM and
RAG capabilities in deci-
sion support systems.

Enhance LLM reasoning
capabilities, trustworthi-
ness, transparency and ex-
plainability with prompt
engineering.

[112, 113], [141,
142]
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the field of LLM and RAG for the agricultural
sector, the current research on the improvement
and application of LLM and RAG both in gen-
eral and in the field of agricultural technolo-
gies has been analysed and systematised. A
summary of the current state of research and
achievements in RAG and LLM has made it
possible to identify key areas for further re-
search and improvement both in the general and
agricultural context, namely:

1. Generating visual training data (images,
videos) that have a similar distribution to
the original data utilizing multimodal LLMs
to improve the quality of CV models in
agriculture. The input to such multimodal
LLMs is a textual description of what is in
the image, and the output is the image itself.
The technical effect is the improved train-
ing results of CV models due to greater di-
versity in the training data. Steps to solve
the problem include preparing an agricul-
tural dataset, where the input values are
image descriptions and the output values
are the images themselves, preparing hard-
ware (GPUs), and using Pytorch/Tensorflow
frameworks to fine-tune the model on agri-
cultural data.

2. Enhancing the RAG pipeline for agriculture.
Technical effect is the improvement of the
quality of RAG responses for agricultural
documents. Steps to solve the problem in-
clude improving existing chunking strategies
and indexing methods for agricultural doc-
uments, taking into acoount their internal
structure and content; tailoring prompts to
the agriculture domain to minimise halluci-
nations and improve the quality of LLM re-
sponses; expanding queries with agriculture-
related terms to improve information re-
trieval; and others.

3. Developing and testing models of interac-
tion between user applications for climate
data processing and GenAI in machine-to-
machine mode to promptly form an algo-
rithm of actions for practising agronomists
to increase the stress resistance of crops. The
technical effect is the ability to execute the

remote code of other system services through
LLM interaction. Steps to implement: writ-
ing code to interact with external APIs via
the HTTPS protocol and integration test-
ing of the created code, creating prompts
for calling functions for LLMs that supports
function calling.

4. Improving the RAG and LLM for DSSs,
namely: transparency and explainability, as
well as trustworthiness. Technical effect is
the generation of more reliable LLM re-
sponses, with detailed explanations of how
conclusions and decisions are derived. Steps
to solve the problem include the utilization
of prompt engineering approaches such as
CoT, prompt chaining, and others.

The expected social and economical effect,
given that additional research is conducted on
the research areas mentioned above, are as fol-
lows:

1. Earlier and more accurate detection of plant
diseases, effective crop monitoring, which
helps to reduce costs and increase yields.

2. More accurate and convenient search for in-
formation on agricultural data.

3. Simplified interaction with system compo-
nents and functions in a dialogue mode via
an LLM.

4. Improved decision support for agriculture
due to thorough explanations of LLM re-
sponses that can be verified by humans.

As with any research, this article takes a
particular perspective on the given question, fo-
cusing on certain aspects and omitting others.
In particular, the aim was not to cover all possi-
ble aspects in a comprehensive manner. Given
the considerable amount of literature on LLM
and RAG, the focus is primarily on aspects re-
lated to the application of these technologies in
agriculture. It was also decided to avoid a de-
tailed review of all existing methods of explain-
able AI (XAI) and Generative AI (GenAI), fo-
cusing on aspects directly related to the use of
LLMs for DSSs in agriculture.
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Compared to recent publications [17, 98],
this article clearly focuses on agriculture and
the optimisation of information support. The
authors of the review article [17] investigate
the current status of LLMs for the transition
to smart and unmanned agriculture. They em-
phasise the need for reliable and correct mod-
els to avoid risks for farmers and the environ-
ment. The article [98] focuses on artificial gen-
eral intelligence (AGI) to enhance automation,
robotics, precision agriculture, and other ap-
plications to increase productivity and sustain-
ability in the agricultural sector. What distin-
guishes our work is the emphasis on indexing
source documents and improving the compo-
nents of the RAG pipeline, as this affects the
ability of systems to provide accurate answers
to questions on relevant documents, as well as
researching applied aspects of LLM integration
as functional components of DSSs in agricul-
ture.

A graphical interpretation of the promising
areas of LLM research in agriculture, ways of
solving and/or further developing them, and
the technical and socio-economic effects of their
solution and/or further development are shown
in Figure 10.

Thus, conducting research in the above-
mentioned promising areas will allow solving
the topical scientific and applied task of in-
creasing the efficiency, software and hardware
compatibility of LLMs in implementing agro-
monitoring processes with automated decision
support.

When applied to agriculture, where accu-
racy, specificity and contextual awareness are
paramount, LLMs face several challenges de-
spite their promise [143]. One critical limi-
tation is the lack of domain-specific datasets
for fine-tuning. Unlike general-purpose tasks,
agricultural applications often require localised
knowledge of crop varieties, soil conditions, pest
behaviour and climate variability, which are
rarely included in publicly available datasets
[144, 145]. This results in outputs that may not
be contextually appropriate or actionable for
agronomists. For example, while an LLM may
understand general concepts about “wheat dis-
eases”, it may not distinguish between regional

variations of diseases or the specific pesticides
approved for use in different jurisdictions [146,
147].

Another significant issue is the risk of hal-
lucinations discussed in section 3.4, a phe-
nomenon where LLMs generate plausible but
factually incorrect responses [148-150]. In agri-
culture, such errors could lead to incorrect
diagnoses of crop diseases, inappropriate fer-
tiliser recommendations or sub-optimal irriga-
tion schedules, potentially causing economic
loss or environmental damage.

There are also ethical concerns, particu-
larly around data privacy and security. Many
agricultural systems collect sensitive data from
farms, such as geographic locations, yield met-
rics, and proprietary practices. Integrating
LLMs into such systems raises questions about
data ownership, consent and protection from
misuse [151-154].

Mitigation strategies include incorporating
expert validation to cross-check model out-
puts, developing hybrid decision support sys-
tems that combine LLMs with traditional rule-
based models, and fine-tuning LLMs on curated
agricultural datasets. Collaboration between
researchers, policymakers and practitioners is
essential to address these challenges and cre-
ate robust and reliable AI tools for agriculture
[155-157].

The main scientific and practical effect of
the research results of this article is a criti-
cal analysis and systematisation of the known
methods and approaches to the design of au-
tomated decision support systems for agrotech-
nical purposes by substantiating the possibil-
ities of using LLMs as functional elements of
the interpretation of measurement information
and generating recommendations for improv-
ing agrotechnical procedures for growing crops.
This has allowed us to localise relevant research
tasks and directions for their solution for the
further development of applied intelligent deci-
sion support technologies based on the integra-
tion of generative artificial intelligence software
tools.



135Artem Vizniuk, Grygorii Diachenko, Ivan Laktionov, Agnieszka Siwocha, Min Xiao, Jacek Smoląg

Compared to recent publications [17, 98],
this article clearly focuses on agriculture and
the optimisation of information support. The
authors of the review article [17] investigate
the current status of LLMs for the transition
to smart and unmanned agriculture. They em-
phasise the need for reliable and correct mod-
els to avoid risks for farmers and the environ-
ment. The article [98] focuses on artificial gen-
eral intelligence (AGI) to enhance automation,
robotics, precision agriculture, and other ap-
plications to increase productivity and sustain-
ability in the agricultural sector. What distin-
guishes our work is the emphasis on indexing
source documents and improving the compo-
nents of the RAG pipeline, as this affects the
ability of systems to provide accurate answers
to questions on relevant documents, as well as
researching applied aspects of LLM integration
as functional components of DSSs in agricul-
ture.

A graphical interpretation of the promising
areas of LLM research in agriculture, ways of
solving and/or further developing them, and
the technical and socio-economic effects of their
solution and/or further development are shown
in Figure 10.

Thus, conducting research in the above-
mentioned promising areas will allow solving
the topical scientific and applied task of in-
creasing the efficiency, software and hardware
compatibility of LLMs in implementing agro-
monitoring processes with automated decision
support.

When applied to agriculture, where accu-
racy, specificity and contextual awareness are
paramount, LLMs face several challenges de-
spite their promise [143]. One critical limi-
tation is the lack of domain-specific datasets
for fine-tuning. Unlike general-purpose tasks,
agricultural applications often require localised
knowledge of crop varieties, soil conditions, pest
behaviour and climate variability, which are
rarely included in publicly available datasets
[144, 145]. This results in outputs that may not
be contextually appropriate or actionable for
agronomists. For example, while an LLM may
understand general concepts about “wheat dis-
eases”, it may not distinguish between regional

variations of diseases or the specific pesticides
approved for use in different jurisdictions [146,
147].

Another significant issue is the risk of hal-
lucinations discussed in section 3.4, a phe-
nomenon where LLMs generate plausible but
factually incorrect responses [148-150]. In agri-
culture, such errors could lead to incorrect
diagnoses of crop diseases, inappropriate fer-
tiliser recommendations or sub-optimal irriga-
tion schedules, potentially causing economic
loss or environmental damage.

There are also ethical concerns, particu-
larly around data privacy and security. Many
agricultural systems collect sensitive data from
farms, such as geographic locations, yield met-
rics, and proprietary practices. Integrating
LLMs into such systems raises questions about
data ownership, consent and protection from
misuse [151-154].

Mitigation strategies include incorporating
expert validation to cross-check model out-
puts, developing hybrid decision support sys-
tems that combine LLMs with traditional rule-
based models, and fine-tuning LLMs on curated
agricultural datasets. Collaboration between
researchers, policymakers and practitioners is
essential to address these challenges and cre-
ate robust and reliable AI tools for agriculture
[155-157].

The main scientific and practical effect of
the research results of this article is a criti-
cal analysis and systematisation of the known
methods and approaches to the design of au-
tomated decision support systems for agrotech-
nical purposes by substantiating the possibil-
ities of using LLMs as functional elements of
the interpretation of measurement information
and generating recommendations for improv-
ing agrotechnical procedures for growing crops.
This has allowed us to localise relevant research
tasks and directions for their solution for the
further development of applied intelligent deci-
sion support technologies based on the integra-
tion of generative artificial intelligence software
tools.

A COMPREHENSIVE SURVEY OF RETRIEVAL-AUGMENTED LARGE . . .

Figure 10. Graphical representation of the concept of solving the declared scientific and applied
problems
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5 Conclusions
In this article, an actual scientific and ap-

plied problem has been solved, which is de-
voted to the critical analysis and generalisation
of known results and research directions regard-
ing the approaches and functional characteris-
tics of LLMs when implemented in DSSs for
agrotechnical monitoring. The main results are
as follows:

1. The pace of development and growth of agri-
cultural products in the world and the ex-
isting promising areas of application of in-
formation technologies, particularly LLMs,
to improve agricultural processes have been
analysed. The existing world examples of
successful implementation of LLMs in vari-
ous industries and businesses have been con-
sidered, which allowed to prove the prospects
and applied efficiency of LLMs in the con-
struction of applied information technolo-
gies for automated decision support in sub-
stantiating the directions of optimisation of
agrotechnical processes of growing crops.

2. A generalised analysis of LLMs has been car-
ried out, including an analysis of the types
of architectures, as well as their strengths
and limitations. This allowed us to iden-
tify the areas of application of LLM architec-
tures, as well as to focus on RAG as the main
approach to solving one of the main limita-
tions of LLMs, which is the limited knowl-
edge base of training data.

3. An analysis of the utilisation of LLMs for
DSSs has been carried out, which allowed to
highlight trustworthiness, explainability and
bias reduction as promising areas of research
when integrating them into such systems for
the agricultural sector.

4. A critical analysis and synthesis of the lat-
est research on RAG has been carried out,
which allowed the identification of promis-
ing areas of research to improve the work
of LLMs and RAG in the agricultural sec-
tor, possible ways to solve them, as well as
technical and socio-economic effects of im-
plementation.
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7 List of abbreviations

AGI – Artificial general intelligence

BERT – Bidirectional encoder represen-
tations from transformers

CoT – Chain-of-thought
CV – Computer vision
DSS – Decision support system
ETL – Extract, transform, and load

FAO – Food and Agricultural Organi-
zation

GenAI – Generative artificial intelli-
gence

LLM – Large language model
LSTM – Long-short term memory
NLM – Neural language models
NLP – Natural language processing
PRF – Pseudo Relevance Feedback

RAG – Retrieval-augmented genera-
tion

RNN – Recurrent neural network
SLM – Statistical language models

SPLADE – Sparse lexical and expansion
model

XAI – Explainable artificial intelli-
gence
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of known results and research directions regard-
ing the approaches and functional characteris-
tics of LLMs when implemented in DSSs for
agrotechnical monitoring. The main results are
as follows:

1. The pace of development and growth of agri-
cultural products in the world and the ex-
isting promising areas of application of in-
formation technologies, particularly LLMs,
to improve agricultural processes have been
analysed. The existing world examples of
successful implementation of LLMs in vari-
ous industries and businesses have been con-
sidered, which allowed to prove the prospects
and applied efficiency of LLMs in the con-
struction of applied information technolo-
gies for automated decision support in sub-
stantiating the directions of optimisation of
agrotechnical processes of growing crops.

2. A generalised analysis of LLMs has been car-
ried out, including an analysis of the types
of architectures, as well as their strengths
and limitations. This allowed us to iden-
tify the areas of application of LLM architec-
tures, as well as to focus on RAG as the main
approach to solving one of the main limita-
tions of LLMs, which is the limited knowl-
edge base of training data.

3. An analysis of the utilisation of LLMs for
DSSs has been carried out, which allowed to
highlight trustworthiness, explainability and
bias reduction as promising areas of research
when integrating them into such systems for
the agricultural sector.

4. A critical analysis and synthesis of the lat-
est research on RAG has been carried out,
which allowed the identification of promis-
ing areas of research to improve the work
of LLMs and RAG in the agricultural sec-
tor, possible ways to solve them, as well as
technical and socio-economic effects of im-
plementation.
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