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Abstract— This paper presents an experimental analysis of
neuroscience-inspired memory architectures for agricultural in-
formation systems. Drawing from biological memory principles,
we implement and evaluate four distinct approaches—Vector
Database, Knowledge Graph, Finite State Machine, and a novel
Hybrid Memory architecture that integrates these components.
Our controlled experiments across diverse agricultural queries
demonstrate that the biomimetic hybrid architecture achieves
superior relevance scores (0.753) compared to single-component
approaches while maintaining acceptable performance trade-
offs. Matrix-based performance analysis reveals how different
architectures excel in specific query types: Vector DB for
factual retrieval, Knowledge Graph for relational queries, FSM
for procedural information, and Hybrid Memory maintaining
strong performance across all categories. This research provides
quantitative evidence supporting specialized memory designs
for agricultural knowledge systems, though current implemen-
tations lack multimodal capabilities that would further enhance
agricultural decision support.

I. INTRODUCTION

A. Motivation and Problem Statement

Modern agriculture faces unprecedented challenges in
managing and accessing diverse information types required
for optimal decision-making.

Existing approaches to agricultural knowledge manage-
ment suffer from several key limitations:

• Information fragmentation: Knowledge is scattered
across multiple databases, documents, and expert sys-
tems with limited integration

• Query specificity: Systems optimized for one query
type (e.g., factual lookup) perform poorly on others
(e.g., procedural guidance)

• Context insensitivity: Traditional systems lack the abil-
ity to adapt responses based on query context or user
expertise level

• Limited scalability: Manual knowledge curation be-
comes increasingly difficult as agricultural knowledge
expands

B. Neuroscience-Inspired Approach

The human brain processes diverse information through
specialized yet interconnected memory systems—semantic,
episodic, and procedural—that work in concert to provide
contextually appropriate recall [4].

C. Research Contributions

This paper evaluates four memory architectures designed
for agricultural knowledge management:

• Vector Database: Encoding information in high-
dimensional semantic spaces for similarity-based re-
trieval

• Knowledge Graph: Representing entity relationships
through connected networks for relational queries

• Finite State Machine: Modeling sequential agricultural
processes with state transitions for procedural guidance

• Hybrid Memory: Integrating these approaches in a
coordinated system with intelligent query routing

The key contributions of this work include:

• A novel neuroscience-inspired framework for agricul-
tural information system design

• Comprehensive performance comparison of four distinct
memory architectures

• Quantitative evidence supporting hybrid approaches for
complex knowledge domains

• Matrix-based analysis revealing architecture-specific
strengths and optimal use cases

II. METHODOLOGY

A. Neuroscience-Inspired Memory Framework

The human brain employs distinct yet interconnected
memory systems to process different types of information.
Understanding these biological mechanisms provides the
foundation for our computational approach:

• Semantic memory stores factual knowledge in a net-
work of concepts and relationships. In agricultural con-
texts, this includes crop nutrient requirements, soil prop-
erties, and pest characteristics. Neurologically, semantic
memory involves the temporal cortex and relies on
distributed representations across multiple brain regions.

• Episodic memory records time-stamped events with
spatial and temporal context. For agriculture, this en-
compasses past interventions, seasonal patterns, and
historical yield data. The hippocampus plays a crucial
role in encoding and retrieving episodic memories.

• Procedural memory encodes step-by-step processes
and motor skills. Agricultural applications include
equipment calibration, planting protocols, and harvest-
ing procedures. The basal ganglia and cerebellum are
primary neural substrates for procedural memory.

B. Implemented Memory Architectures

We implemented four distinct memory architectures:
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1) Vector Database: The Vector Database component
implements semantic memory by encoding agricultural infor-
mation as high-dimensional vectors in a continuous semantic
space.

The encoding process involves several steps:
1) Document preprocessing: Agricultural texts are seg-

mented into coherent chunks of 200-300 tokens to
maintain semantic coherence

2) Vector generation: Each chunk is processed through
the embedding model to produce dense vector repre-
sentations

3) Index construction: Vectors are organized using
FAISS (Facebook AI Similarity Search) for efficient
retrieval

4) Similarity computation: Query-document similarity
is computed using cosine similarity

sim(q, vi) =
q · vi

||q|| × ||vi||
(1)

The system indexed 12 agricultural documents into 156
vector chunks.

2) Knowledge Graph: The Knowledge Graph component
models relational agricultural knowledge as a semantic net-
work of entities and relationships, implementing a digital
analog of associative memory networks found in the brain.
The graph construction process involves:

1) Entity extraction: Agricultural concepts (crops, nutri-
ents, diseases, practices) are identified and categorized

2) Relationship modeling: Domain-specific relationships
are defined based on agricultural expertise

3) Graph population: Entities and relationships are in-
stantiated from agricultural knowledge sources

4) Path-based reasoning: Query responses are generated
through graph traversal and path analysis

The graph contained 15 entities connected by 13 relation-
ships. Relevance was determined through path analysis:

R(e1, e2) =
∑

p∈paths(e1,e2)

ωp · αlength(p) (2)

where ωp represents path-specific weights based on re-
lationship importance and α is a decay factor (set to 0.8)
to penalize longer paths. The knowledge graph excels at
answering relational queries that require understanding con-
nections between agricultural concepts.

3) Finite State Machine: The Finite State Machine com-
ponent implements procedural memory by modeling sequen-
tial agricultural processes as state transitions. This approach
mirrors how the brain’s motor cortex and basal ganglia
encode action sequences and procedural knowledge.

The FSM encoded a comprehensive workflow for corn
planting and management with 13 states and 16 transitions,
covering the complete lifecycle from soil preparation to
harvest. The state transition function is defined as:

δ : S × Σ → S (3)

where S is the set of all possible states and Σ is the set
of input events or conditions. The FSM excels at providing
structured guidance for procedural queries requiring step-by-
step instructions.

4) Hybrid Memory: Our Hybrid Memory architecture
represents the integration of specialized memory systems,
analogous to how the brain coordinates different memory
types through the prefrontal cortex and hippocampus. The
system includes several key components:

1) Query classification: Natural language processing
techniques classify incoming queries into factual, rela-
tional, procedural, or complex categories

2) Dynamic routing: Queries are routed to appropriate
memory components based on classification results

3) Response integration: Results from multiple compo-
nents are combined using weighted aggregation

4) Adaptive weighting: The system learns optimal
weight combinations based on query performance
feedback

The hybrid response is computed as:

Rhybrid(q) =

n∑
i=1

βi ·Ri(q) (4)

where βi are adaptive weights assigned to each sub-
architecture i based on query characteristics and historical
performance. The weights are dynamically adjusted using
a simple learning mechanism that increases weights for
components that contribute to higher relevance scores .

C. Evaluation Protocol

We evaluated each architecture using a test suite of 20
agricultural queries spanning four categories:

• Factual queries (e.g., ”What is the optimal soil pH for
tomatoes?”)

• Relational queries (e.g., ”How are corn and nitrogen
related?”)

• Procedural queries (e.g., ”What’s the procedure for
harvesting corn?”)

• Complex queries (e.g., ”How does soybean cultivation
impact soil nitrogen levels and what’s the planting
process?”)

Performance was measured using three key metrics:
• Query latency: Time from query submission to re-

sponse retrieval (milliseconds)
• Memory usage: Resource consumption during query

processing (MB)
• Relevance score: Semantic similarity between retrieved

information and ground truth (0.0-1.0)
To provide a comprehensive evaluation across metrics

with different units and scales, we computed a normalized
performance index for each architecture:

Pi =
α · reli + β · (1− latnorm

i ) + γ · (1− memnorm
i )

α+ β + γ
(5)
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Fig. 1: Matrix-based performance analysis. Six analytical
matrices showing: (A) Performance scores across query types
with hybrid architecture achieving 0.75-0.85 relevance; (B)
Query classification accuracy of 92%; (C) FSM state transi-
tion probabilities; (D) Performance metric correlations; (E)
Dynamic component weights; (F) Relevance improvements
up to 200% over individual approaches.

where reli, latnorm
i , and memnorm

i represent normalized
relevance, latency, and memory usage for architecture i, with
importance weights α = 2, β = 1, γ = 1.

III. RESULTS AND ANALYSIS

A. Performance Comparison

Table I presents the overall performance metrics for each
architecture. The Vector DB demonstrated balanced perfor-
mance with moderate latency and good relevance. Knowl-
edge Graph offered rapid queries but lower relevance. The
FSM architecture provided exceptional speed and memory
efficiency but struggled with non-procedural queries. Most
notably, the Hybrid Memory approach achieved the highest
relevance scores (0.753) at the cost of increased memory
consumption.

TABLE I: Performance Comparison of Memory Architec-
tures

Architecture Latency (ms) Memory (MB) Relevance
Vector DB 10.24 106.00 0.626
Knowledge Graph 0.49 124.30 0.235
Finite State Machine 0.06 83.55 0.235
Hybrid Memory 10.45 330.00 0.753

B. Matrix-Based Performance Analysis

Figure 1 presents six analytical matrices evaluating the
memory architectures. The Performance Matrix (A) shows
Vector DB excelling at factual queries (0.85), FSM at proce-
dural queries (0.83), while the Hybrid Architecture maintains
consistent performance (0.75-0.85) across all categories. The
Query Classification Matrix (B) demonstrates 92% accuracy
in routing queries to appropriate components.

The remaining matrices reveal key insights: FSM Transi-
tion Matrix (C) shows agricultural state probabilities, Corre-
lation Matrix (D) indicates strong memory-relevance correla-
tion (0.852), Weight Matrix (E) displays dynamic component
weighting, and Improvement Matrix (F) quantifies hybrid
gains exceeding 200% for certain query types [12].

Fig. 2: Architecture performance comparison. Radar chart
comparing four memory architectures across relevance, in-
verse latency, and inverse memory usage. Hybrid Memory
(red) achieves highest relevance with acceptable trade-offs,
Vector Database (blue) shows balanced performance, while
Knowledge Graph (green) and FSM (orange) display spe-
cialized profiles.

Figure 2 provides a radar visualization comparing all
architectures across key performance dimensions. The hybrid
architecture demonstrates the best overall balance, partic-
ularly excelling in relevance while maintaining acceptable
performance in other metrics.

C. Query-Type Performance Analysis

The hybrid architecture’s success stems from its ability
to dynamically route queries to appropriate memory compo-
nents. For example, when processing ”How should I prepare
soil before planting corn?”, the system correctly classified
this as a procedural query and weighted FSM results more
heavily, achieving 0.833 relevance compared to just 0.167
from the vector database alone.

For complex queries like ”How does soybean cultivation
impact soil nitrogen levels and what’s the planting process?”,
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the hybrid architecture combined knowledge from multiple
sources, achieving 0.857 relevance compared to 0.714, 0.129,
and 0.286 for Vector DB, Knowledge Graph, and FSM
respectively.

IV. DISCUSSION AND CONCLUSIONS

A. Key Findings and Implications

The hybrid architecture’s superior performance comes
with memory overhead (330.00 MB vs. 83.55-124.30 MB
for individual components) and slight latency increase, but
these trade-offs are justified by the substantial improvements
in response relevance. This finding suggests that effective
agricultural information systems should employ specialized
components working in concert rather than relying on a
single memory paradigm. The matrix-based analysis re-
veals important insights about architecture specialization:
Vector databases excel at factual retrieval (0.85 relevance),
knowledge graphs perform moderately on relational queries
(0.42), and FSMs dominate procedural guidance (0.83). The
hybrid architecture maintains consistently high performance
(0.75-0.85) across all categories, demonstrating the value of
integrated approaches.

B. Limitations and Future Directions

Current limitations include synthetic data usage, lack of
multimodal processing, limited temporal reasoning, and high
memory requirements for edge deployment. Future work
should focus on multimodal capabilities, memory-efficient
implementations, enhanced temporal reasoning, and real-
world validation.

C. Conclusions

This work demonstrates that neuroscience-inspired mem-
ory architectures offer significant advantages for agricultural
information systems. Our hybrid approach achieves superior
relevance scores (0.753) compared to individual components
while maintaining practical performance characteristics[13].
Future work should focus on addressing current limitations,
particularly multimodal capabilities and real-world valida-
tion, to fully realize the potential of neuroscience-inspired
approaches in agricultural technology.
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