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Abstract

Due to massive growth in the unstructured agricultural data generated from

reports, research articles, news, farmers’ feedback, experts’ advice etc, there is

a need to utilize this information efficiently for knowledge representation and

decision making. There are multiple techniques where information extraction

and managing it in a structured manner can be less challenging. LLMs are

used widely for extracting meaningful information in the way the user instructs.

More precisely, LLMs when fine-tuned on domain-specific data e.g, agricul-

tural data helps to retrieve information promptly. We propose a framework

where the Llama model is fine-tuned using LoRA technique and instruction

dataset for extracting triplets from the unstructured agronomic data. Further

this Llama-LoRA-based model is used to generate knowledge which will effi-

ciently help to retrieve the query results to user using GraphRAG. Domain

specific instructional fine-tuning has shown significant rise in the performance.

ROUGE-Precision and BLEU-precision results of the proposed framework has

outperformed the response retrieval compared to other retrieval techniques. Pro-

posed results of domain-specific instructional fine-tuned Llama-LoRA model has

overcome the limitations of knowledge representation and unstructured data

extraction through GraphRAG resulting in semantic search with contextual

retrieval.

Keywords: Instructional Fine-Tuning, Low-Rank Adaptation, triplet extraction,
GraphRAG, Knowledge Graph, Large Language Models
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1 Introduction

Now-a-days, huge amount of unstructured data has been generated and it is expo-
nentially growing in all the application domains. The data that are continuously
generated (research data, experimental results, real time results, historical evidence,
etc.) in different formats, modalities, and templates etc., from domains like agro-
nomics should be used for further analysis and evaluations. However, most of this data
remains locked in unstructured text formats. While using this information is crucial
to the advancement of precision agriculture and automated decision-support systems,
converting fragmented text into structured, actionable knowledge poses a significant
computational challenge.

Traditionally, Domain specific information extraction (IE) requires a complex
pipeline which comprises a specific step-by-step process flow. These conventional meth-
ods separately depend on Named Entity Recognition(NER) and Relation Extraction
(RE). They are not only labor intensive to train, but are also susceptible to cascad-
ing errors. Recently, Large Language Models (LLMs) have shown remarkable abilities
in text extraction and response generation through domain specific prompts. Despite
LLMs being powerful in the field of NLP, they often struggle to accurately map com-
plex, multi-way relationships. Moreover, in the context of agriculture, We have a huge
amount of unstructured information available like crop protection, crop disease, crop
varieties, farm mechanization, crop production, etc.. Extracting semantic knowledge,
fact finding and LLMs hallucination poses a significant risk in information extraction.

Nevertheless, out-of-the-box LLMs often lack the domain-specific precision
needed for structured information extraction tasks such as generating sub-
ject–predicate–object (SPO) triplets. To overcome this limitation, instructional fine-
tuning has evolved as an effective approach where pre-trained models adapt to
specialized domains using task-specific prompts and curated datasets.

Traditional VectorDB retrieval and RAG-based retrieval often fail while extract-
ing contextual and semantic knowledge. Extracting inherent relations and facts
while answering the complex domain specific queries, where response relies on the
multi-hop response generation, takes significant efforts. For this reason, when LLM
responses are blended with GraphRAG retrieval, provides a better alternative to
conventional retrieval mechanisms. Implementing GraphRAG is an automated, high-
fidelity extraction technique where the raw text is transformed into a triplet of
subject-predicate-object.

In this paper, We propose an integrated full length structure where GraphRAG
helps to precisely produce an outcome, that links unstructured agronomic text and
contextual retrieval system. Generalized prompting or full parameter LLM fine-tuning
is computationally inefficient. Depending on such techniques is time consuming. So,
PEFT is a supervised LLM fine-tuning technique where it focuses only on some
required parameters, while all other parameters are frozen. We acquire a pre-trained
Llama model and employ Low Rank Adaptation (LoRA) with instructional fine-tuning
on the specific task of triple extraction.

When the proposed framework is optimized structurally, on a curated dataset,
the tuned model will learn precisely for the agronomic domain. The triplets gener-
ated from LLM are then pushed onto the Neo4j graph database, where the knowledge
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graph is constructed using multi-relational information. Ultimately, we illustrate how
this tailored KG acts as the core retrieval mechanism for a GraphRAG system, facil-
itating highly precise, context-sensitive, and hallucination-free queries of agricultural
information.

This study contributes to the following significant outcomes:

1. Targeted instructional fine-tuning: Specific modules of the pre-trained LLM archi-
tecture, including attention and MLP projection layers, are selected for adaptation
and fine-tuning. The Llama model serves as the basis for this fine-tuning process.
This will enhance the model for task specific and domain specific extraction of
information. Instructional fine-tuning is performed using a domain-specific dataset
comprising queries, triplets, and instructions.

2. End-to-end framework design: We outline a thorough, scalable framework, where
the unstructured text data is processed and smoothly converted into a knowledge
graph in Neo4j.

3. Domain-specific GraphRAG-based retrieval: We showcase the practical applica-
tion of knowledge graph construction by integrating it into a GraphRAG system
significantly boosting the accuracy and dependability of automated agricultural
information retrieval. This allows a context-aware retrieval and enhanced response
generation for user inquiries.

Further, the article is organized as follows: Section 2 analyzes the literature cov-
ered under the domain of KG retrieval using pre-trained LLMs and fine-tuned LLMs.
Section 3 describes the LLM finetuning process and retrieval framework. Section 4
covers the experimental setup for fine-tuning. Our fine-tuned results and their anal-
ysis with other techniques are studied in Section 5. Section 6 concludes the study
presented in this paper.

2 Background

2.1 Pre-trained LLMs

There are multiple methods for extracting triplets from the unstructured data.
BERT-BiLSTM with CRF when integrated with the transformer model [1] to build
a knowledge graph for journal related question answer tasks produces an efficient
response for user questions. This technique improves the quality of responses and
hence reliability of the system. During journal recommendation, in comparison with
different combinations of models, fusion of BERT+BiLSTM+CRF improved perfor-
mance marginally when evaluated for precision and accuracy. In educational domain,
construction of knowledge graphs on Chinese contextual dataset [2] by just designing
a structured prompt framework helps to extract the information. The prompt helps
LLMs to follow the guidelines and accordingly extract information from the given
dataset precisely. When multiple LLMs were experimented in comparison with the
prompt framework, it showed an effective response generation.

In the field of communication systems, prompt engineering techniques can help
fine-tune the model for task-specific systems. The entity and relationship extraction
by employing DeepSeek model [3] and few-short prompting significantly improved
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the performance as compared to other prompting combinations. Also to identify user
behavioral patterns for a particular product depending on the product reviews and
catalog by using LLM to generate a knowledge graph [4] can help in interaction of
user and products.

2.2 Finetuned LLMs

LoRA-PEFT for the medical domain was proposed and a small language model was
pre-trained. in the study in [5] extracted the medical text but it did not focus on
structured data. The evaluation was totally computationally efficient like the response
generation time, the tokens generated. Task specific fine-tuning was not explored.
In the academic domain, [6] task specific LLM Finetuning for extraction of specific
objectives and goals from the long thesis documents was studied using DoRA tech-
nique. The weights are decomposed into magnitude and direction. They are separately
fine-tuned further using LoRA which is a base method. The evaluation showed this
decomposition performed better in terms of semantic relevance from huge documents,
hence generalized the extraction of unstructured domain specific text.

In QEFT, fine-tuning technique, the computational efficiency was considered for
LLM during training. Authors in [7] experimented the gain in speed of training and
demonstrated some specific attributes during fine tuning. The study notified the need
for semantic understanding and extraction of data in structured form. The fusion of
multiple LoRA adapters was used in [8] for LLM fine-tuning in the fashion domain.
The combination of domain specific instructional fine-tuned FashionGPT-70B with
multiple LoRA outperformed the SOTA techniques.

Instruction generation and task specific fine-tuning of Qwen [9] model was
employed by using instruction dataset. The fine-tuned Qwen-IG model demonstrated
effectiveness in task generation instructions in terms of higher complexity, accuracy in
response generation, and more complex and diverse vocabulary. To precisely improve
the models’ response accuracy, instruction fine-tuning has shown a significant enhance-
ment in its efficiency. In the field of mobile networking, fine-tuning [10] Llama on
5G real world network dataset has shown proficiency in the code generation of net-
work analysis. The model out performed the GPT model with a good score of code
generation.

3 Proposed Framework

Figure 1 illustrates the architecture of the proposed framework, detailing the process
of LLM fine-tuning and retrieval utilizing knowledge graph retrieval-augmented gener-
ation (KG-RAG). Initially, the dataset is curated instructionally for triplet extraction
which is trained using LoRA-finetuning technique for pre-trained Llama LLM model.
This fine-tuned model is then tested for the inference. The triplets are extracted and
pushed to Neo4j graph database for structured storage of linked nodes and entities.
Further, GraphRAG is used to generate answers for user queries. This process is
outlined in six stages:
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Fig. 1 LLM-LoRA finetuning for information extraction and GraphRAG retrieval

3.1 Instructional Dataset Formation

In order to make LLM learn and adapt to domain-specific data for triplet extraction,
the unstructured soybean agronomic data is converted into structured json format.
The format is as follows: “Instruction” : “Extract entities and relationships as triples”,
“Input” : “Macs 330 controls Bradyrhizobium japonicum”, “Output” : [“MACS 330”,
“controls”, “Bradyrhizobium japonicum]”

Let the raw unstructured text corpus be denoted as C. We formulate an instruc-
tional dataset as:

D = {(I,Xi, Yi)}Ni=1 (1)

where:

• I represents the static system instruction (e.g., “Extract entities and relationships
as triples”).

• Xi ∈ C is the input sequence of unstructured text.
• Yi is the target output, formally defined as a set of relational triples:

Yi = {(sj , rj , oj)}mj=1 (2)

where sj is the entity or subject, rj is the relation that connects the entities, and
oj is the object.

The concatenated input sequence provided to the model is denoted as:

zi = [I ⊕Xi] (3)

where ⊕ denotes string concatenation.
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3.2 Llama as a base model:

We integrated a pre-trained Llama model to fine-tune further on the atten-
tion(multiheaded, self) and feed forward layers of the network. The contextual
representations are computed by the attention mechanism. This is estimated by con-
sidering the set of Query(Q), Key(K), Value(V) matrices and further scalar product
is applied. The normalization of Query and Key matrix similarity is performed using
the softmax function, and Values V are multiplied to get context aware responses.
The weight metrics for each of Q,K,V (Wq, Wk, Wv) are used for projecting input X
and further converted into W0. After attention operation, a gated mechanism is used
in the feed forward layer where the input is projected through Wgate, Wup, Wdown

weight matrices through a non linear activation SiLU.. The activation of the attention
layer and the formulation of all associated matrices are defined as follows:

Attention(Q,K, V ) = softmax

(

QKT

√
dk

)

V (4)

Where, projections are defined as in equation 5.

Q = XWq, K = XWk, V = XWv (5)

O = Attention(Q,K, V )Wo (6)

Feed-forward network (FFN) is projected as follows:

FFN(x) = σ(xWgate)⊙ (xWup)Wdown (7)

where:

• Wq,Wk,Wv,Wo: Attention projection matrices
• Wgate,Wup,Wdown: FFN projection matrices
• σ: activation function (e.g., SiLU)

3.3 PEFT:

Low Rank Adaptation is a fine-tuning method that uses parameters efficiently by
breaking down the adapter metrics into low-rank (r) matrices. The value of r can be as
small as possible depending on the application (can be 2,4,8,16). If the size of decom-
posed matrix is n*r, where n=1 and r(rank)=1, the decomposed matrix calculation
is as shown in fig. 2, when LoRA is used as PEFT. Instead of original weight matrix
of size 512*512. LoRA decomposes into 512*1 and 1*512 which takes only 32,768
parameters, hence it is computationally efficient.

Our proposed model, used all target modules of attention and feed-forward layers.

T = {k proj, q proj, v proj, o proj, gate proj, up proj, down proj}
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Fig. 2 LoRA Decomposition

For a pre-trained frozen weight matrix W ∈ R
d×k, the low-rank adaptation matrix

delta W, is decomposed into smaller matrices A and B.

W ′ = W +∆W (8)

∆W = BA (9)

where,

• B ∈ R
d×r, A ∈ R

r×k

• r ≪ min(d, k) (low-rank constraint)

Hence, projected forward pass updates to:

h = x(W +BA) (10)

Only A and B can be trained rest all are frozen, significantly reducing computa-
tional cost.

The main goal of the training process is to reduce the conditional likelihood i.e,
probability of output that is correct and precise, when instructions and inputs are
provided.

L(θ) = −
∑

(I,X,Y )∈Dtrain

logPθ(Y | I,X) (11)

3.4 Inference and Triplet Extraction

Structured output is generated after LoRA fine-tuning and an inference is checked on
the test dataset. The structured output is in the form of triplets (subject, relation,
object).

Ŷ = fθ(I,X) (12)

A parsing function extracts triplets:

T̂ = Parse(Ŷ ) (13)
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Each triplet is represented as:

(s, r, o) ∈ T̂ (14)

3.5 KG Construction

The triplets are further pushed on to graph database and mapped to a structured
graph representation as follows:

G = (V,E) (15)

where:

• V denotes the entity set, also referred to as nodes.
• E represents the relation set, commonly known as edges.

Each triplet is transformed as:

(s, r, o) →
(

vs
r−→ vo

)

(16)

Cypher query language is used to perform all the GraphDB operations like insert,
delete, fetch certain nodes and retrieve information efficiently. We employed our
previous method [11] to construct a knowledge graph from a fine-tuned model.

3.6 GraphRAG Retrieval

To enhance the query retrieval mechanism, the knowledge graph is then extended by
using GraphRAG retrieval. The retrieval is more efficient using GraphRAG as it is the
combination of LLM response generation and graph retrieval. The response is finally
generated as follows:

Gq = Retrieve(G, q) (17)

The final response is generated as:

y = fθ(q,Gq) (18)

4 Experimental Setup

We considered the Indian agricultural use case of soybean crop. For the proposed
problem statement, the dataset generated is scrapped from the websites like ICAR-
National Soyabean Research Institute, Indore,[22] TNAU agritech portal [23]. These
are unstructured documents with information like, crop protection, crop production,
farm mechanization, good agricultural practices, variety information, region-wise rec-
ommended crops. We further processed and organized this dataset to help fine-tune
domain-specific query retrieval systems with large language models..

We adopted the pre-trained Llama-3.2-1B-Instruct [24] model as the standard
version for further calibration. This model is trained on 1 billion parameters using rein-
forcement learning and SFT (Supervised Fine Tuning) technique which has features
like human feedback so as to get a hint of the generated response. It has multilingual
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support for 8 languages. The pre-trained model is subsequently fine-tuned to address
the requirements of a specific task. To analyze our Llama-LoRA fine-tuned model, the
evaluation was performed based on the hyper-parameters given in table 1.

Table 1 Llama-LoRA fine-tuned hyperparameters

Hyperparameter Value for finetuning

per device train batch size 2
gradient accumulation steps 4
num train epochs 3
Learning rate 2e-4
Max length 512
Lora rank 8
Lora alpha 16
Lora dropout 0.05
Target modules [’k proj’, ’gate proj’, ’v proj’, ’up proj’, ’q proj’, ’o proj’, ’down proj’]

5 Results

We conducted an ablation study and evaluated our fine-tuned model with other
techniques.

5.1 Impact of Instruction fine-tuning:

The importance of instruction-based prompts for fine-tuning is evaluated. As shown
in Table 2, the prompt generates precise triplets according to the given instructions,
rather than solely training the LLM with domain-specific data. Training the model
with instructions enables adaptation to domain-specific triplet extraction. Instruction
fine-tuning produces more accurate and specific facts, as well as consistent triplets,
through the proposed solution.

We experimented target projection modules during LLM training using Attention
gates (Q, K, V) and applied all layered gates with customized ranks for task-specific
fine-tuning, using a one-shot prompt for entity and relation extraction. The results
presented in Table 2 (Fig. 3) indicate that the module trained with all gates and
instruction fine-tuning outperformed both attention-layer training and feed-forward-
layer training.

5.2 End to end pipeline - Response generation:

We compared the generated responses to the ground truth and calculated ROUGE
precision. The experiments demonstrated that the fine-tuned model, trained on a
domain-specific triplet dataset, performed better than other response generation
methods. Traditional vector-based retrieval, RAG-based retrieval, and knowledge
graph-based retrieval were less efficient than the fine-tuned GraphRAG-based retrieval.
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Table 2 Analysis of Instructional Finetuning

Settings LoRA Rank Precision Recall F1-Score

1 Without Instruction-Attention Gates 8 0.52 0.44 0.45
2 Fusion (Customized Rank without

instruction +Task specific prompt)
Attention=8,
FFN=32

0.61 0.64 0.60

3 Without Instruction-All Gates 8 0.65 0.68 0.64
4 With Instruction (Proposed) 8 0.82 0.73 0.75

Fig. 3 Instructional Finetuning Analysis

1. ROUGE Metric: This metric includes several variants, such as ROUGE-1, ROUGE-
2, and ROUGE-L. This performance metric assesses the quality of response
generated by the model. ROUGE-1 precision calculates the proportion of unigrams
produced by the model that also appear in the reference response, relative to the
total number of unigrams generated. ROUGE-2 precision evaluates the proportion
of bigrams generated by the model that are present in the reference response, rela-
tive to the total number of bigrams generated. The ROUGE-L precision measures
the length of the longest common subsequence between the model and reference
responses, divided by the total number of unigrams generated. Table 3 demon-
strates that the fine-tuned model achieves superior performance compared to other
techniques. Figure 4 presents the scores of the fine-tuned model.

2. BLEU: BLEU precision represents a composite score that compares n-grams, rang-
ing from unigrams to four-word sequences, against reference translations. This
metric quantifies the degree to which the response generated by the model aligns
with the reference answer. Table 4 presents the overall BLEU score as well as the
four variants of the BLEU precision based on the length of n-grams. The results
indicate that the fine-tuned model consistently achieves higher precision values than
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Table 3 ROUGE Precision Analysis across different techniques

Technique ROUGE-1 ROUGE-2 ROUGE-L

VecDB 0.56 0.46 0.47
RAG 0.63 0.53 0.60
KGRAG 0.81 0.69 0.77
IFTLlama (Proposed) 0.90 0.74 0.84

Fig. 4 ROUGE Precision Analysis

all other retrieval models. Figure 5, a radar graph, clearly highlights that fine-tuned
models perform better than the other techniques.

Table 4 BLEU Precision Result Analysis across different techniques

Technique BLEU Uni-gram Bi-gram Tri-gram 4-gram Avg N-gram

VecDB 0.25 0.37 0.26 0.22 0.19 0.26
RAG 0.35 0.50 0.37 0.31 0.26 0.36
KGRAG 0.40 0.56 0.45 0.40 0.35 0.44
IFTLlama(Proposed) 0.52 0.88 0.76 0.71 0.67 0.75

6 Conclusion

Task-specific fine-tuning of LLM for agronomic applications enables the generation
of focused responses to user queries. Fine-tuning mitigates the risk of overfitting by
selectively updating matrix weights. We demonstrated that the Low-Rank Adapta-
tion (LoRA) technique reduces computational requirements by training only specific
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Fig. 5 BLEU Precision Analysis

parameters of the pre-trained Llama model while freezing the remaining parame-
ters. For task-specific training, we utilized a curated agronomic dataset comprising
instructions, queries, and triplets. When applied for inference, the trained model effec-
tively extracts triples and generates an agronomic knowledge graph, achieving superior
retrieval precision compared to alternative methods by leveraging the GraphRAG
technique for semantic and contextual retrieval. Our approach outperformed other
state-of-the-art (SOTA) techniques. The fine-tuned Llama model for knowledge graph
generation enables users to pose domain-specific queries in natural language, with
responses generated by extracting nodes, relationships, and facts from the graph
using GraphRAG. This efficient retrieval technique is expected to significantly benefit
domain-specific users in question answering tasks.

In addition, we intend to extend this research to address more complex and multi-
modal unstructured elements. These elements will be transformed into structured
knowledge graph stores utilizing multi-modal large language model (LLM) capabili-
ties. The quality of the generated triplets following finetuning will be evaluated using
specific metric measures.
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