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Abstract

Smart farming Retrieval-Augmented Generation (RAG) systems increasingly require queries that link crop
abnormalities, disease causes, and environmental control actions. Semantic and keyword retrieval alone cannot fully
capture these structural relations, whereas naive graph retrieval may degrade rankings for simple queries. This paper
proposes a query-adaptive multi-channel retrieval control architecture that selects semantic, keyword, and graph
weights from query-type profiles. Experiments show that the proposed architecture mitigates ranking degradation from
fixed three-channel fusion on agricultural QA data, indicates potential ranking gains on multi-hop QA data, and
reduces retrieval latency over runtime LLM-based weight estimation in an edge reference environment.
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Table 1. Smart farming query types and preferred retrieval channels

Query type Example query Preferred retrieval channels

"What is the appropriate EC range for tomato
nutrient solution?”
"How can nighttime humidity be reduced in a
strawberry greenhouse during hot periods?”
Disease and cause "What causes cucumber leaf yellowing and reduced
analysis root vigor to appear together?”
"How are calcium deficiency, rapid water fluctuation,
and blossom—end rot related?”
"How should irrigation and nutrient solution
Cultivation management management be adjusted two weeks after tomato Semantic + keyword + graph
transplanting?”

Simple fact Semantic + keyword

Environment control Semantic + keyword

Semantic + graph

Relational reasoning Semantic + graph
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Table 2. Example of query-type retrieval profiles

Query type

Feature vector example

Dense

Sparse

Graph

Retrieval
depth

Simple fact

[fact, short, true, falsel

050

040

0.10

10

Disease and cause analysis

[cause_analysis, medium, false, true]

045

0.15

040

15

Cultivation management

[management, medium, true, truel

045

035

020

15
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Algorithm 1. Offline profile generation and runtime retrieval control

Output: Fused top—K documents R_K

. |_dense, |_sparse, G <- Buildindexes(D)

: for each g_i in Q_t do

x_i <— OfflineLLMFeatureAnalysis(q_i)
for each candidate pair (w, h) in @ do

end for

: end for

: Profile <- SelectBySegment({x_i}, {m_i}, variance)
i X <- RuntimeFeatureExtract(q)

Input = Domain documents D, tuning queries Q_t, runtime query g

m_iw, h) <~ CrossValidatedNDCG@10(q_i, |_dense, |_sparse, G)

10: w, h <~ Lookup(Profile, g(x)); w <- ApplyGateAndGuardrails(w)
11: R_dense, R_sparse, R_graph <- Retrieve(q, |_dense, |_sparse, G, h)
12 R_K <~ WeightedRankFusion({R_dense, R_sparse, R_graph}, w, K)
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Table 3. Retrieval performance comparison on public datasets

Dataset Method nDCG@10 MRR Recall@10
Baseline 0.900 0.872 0.981
AgXQA Uniform 0.721 0.655 0.929
Qurs 0.809 0.751 0.981
Baseline 0.568 0.747 0.617
MuSiQue Uniform 0.512 0.664 0.574
Qurs 0.614 0.789 0.669
Baseline 0.771 0.951 0.781
2WikiMHQA Uniform 0.700 0.849 0.750
Ours 0.788 0.955 0.805
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Table 4. Domain—fit auxiliary evaluation on the WASSABI
corpus
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Table 5. Runtime performance comparison in the edge
reference environment

Metric Runtlme. LM Ours
Baseline
End-to—-end
latency p50 11502.89 8545.77
(ms)
End-to—end
latency p95 11585.87 8682.35
(ms)
Mean retrieval 380175 957 71
latency (ms)
Generation
latency p50 7636.51 753497
(ms)
QPS 0.087 0.117
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