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[Abstract]

While Knowledge Graph-based Retrieval-Augmented Generation (KG-RAG) complements Vector RAG, errors in Natural
Language-to-SPARQL (NL2SPARQL) conversion remain a critical bottleneck. This study quantitatively identifies these limitations
through an Oracle-based upper-bound analysis of the U.S. Army Bradley maintenance manual (119 Tasks, 13,542 Triples).
Experiments showed performance declines of 23.4% for GPT-4 and 48.5% for Gemini relative to the Oracle. The primary error
sources were property names (33%), syntax (22%), complex queries (18%), and semantics (16%). Notably, the low Oracle
performance (0.141) highlights the extreme structural difficulty of the domain. These findings demonstrate that KG-RAG
performance is primarily constrained by SPARQL generation quality rather than the Knowledge Graph, indicating the need for

advanced methods, such as ontology-constrained generation and difficulty-adaptive few-shot learning.
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Table 1. Feature of each model
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“Task 091-91M-0001: Correct Malfunction...”

LLM Answer Generation
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Table 2. Research evaluation and analysis methodology

Category Description

Quantitative
Evaluation

Computation of F1-Score, Precision, Recall,
and Cosine Similarity metrics

Bottleneck Quantifying performance gap using bottleneck
Quantification | ratio

Classification of SPARQL generation errors by
type and analysis of their root causes.

Qualitative
Analysis
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Table 3. Example of class, datatype, and object properties

Class Datatype Objegt
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Task title requiresSkillLevel
SkillLevel taskNumber hasConditions
SubjectArea locationCode trainedAtLocation
Conditions conditionsText frequencyCode
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) ) Expected Planned
Subject | Total | Ratio Allocation | E. - 5.
Area Task (%) Freq.( ;) ( g
nl-)
SA1 4 3.4 3.08 3 0.03
SA2 36 30.3 27.23 28 0.77
SA3 23 19.3 17.39 17 0.39
SA4 16 13.4 12.10 12 0.10
SA5 9 7.6 6.81 7 0.19
SA6 19 16.0 14.37 14 0.37
SA7 12 10.1 9.08 9 0.08
TOTAL 119 100 90.00 90 Avg. 0.28
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Table 6. Query difficulty classification criteria
Difficulty .
L Description
Easy Simple query based on a single triple property
Medium Queryl utilizing 2-3 triples, including simple
operations
H Query involving multiple triples, conditional filters,
ard . . i
aggregation, and relational inference.
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T 7. HHO|= 7| Golden SPARQL 04| A|
Table 7. Example of Golden SPARQL queries by difficulty

Difficulty Natural Language Golden SPARQL Expected Result
PREFIX bradley: <http://army.mil/bradley/ontology#>
SELECT ?refCode ?refType
“What are the required WHERE { DA Form 5988-E, TM
Eas refaer:niesefof?;‘sf 2task bradley:taskNumber "091-91M-1001" . 9-2350-284-10-1, TM
Y 091-91M=10017" ?task bradley:hasRequiredReference ?ref . 9-2350-284-20-1-1, TM
i ?ref bradley:referenceCode ?refCode . 9-2350-284-20-1-2
?ref bradley:referenceType ?refType .
PREFIX bl’adley: <httpi//army.miI/bradley/OntOlogy#> Maintain the TMDE in accordance with
“What are the SELECT ?standardsText the applicable technical publications,
standards for task WHERE { procedures, and specifications. When
Medium 091-109-0001 ?task bradley:taskNumber "091-109-0001" . this task was completed, the equipment
(Maintain TMDE)?” ?task bradley:hasStandards ?std . was fully mission—capable,.calibration
?std bradley:standardsText ?standardsText . date was current, and maintenance
} actions had been identified.
PREFIX bradley: <http://army.mil/bradley/ontology#>
SELECT ?taskNumber ?title
WHERE { Subject Area 5 (COMMON LOGISTIC
o ?task a bradley:Task . TASKS):
Wh,'CthaSkiLacr e 2task bradley:taskNumber ?taskNumber . 091-CLT-3001 through 091-CLT-3012
Hard (Actjrva;z?:edatl_eaders ?task bradley:title ?title . (9 tasks)
Course) and require ?task bradley:trainedAtLocation ?loc . Subject Area 6 (TECHNICAL TASKS):
SKill Level 32" ?loc bradley:locationCode "ALC" . 091-91M-3004 through 091-91M-3046
?task bradley:requiresSkillLevel ?sl . (10 tasks)
?sl bradley:skillLevelNumber 3 . Total: 19 tasks
}
ORDER BY ?taskNumber
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Table 8. Overall performance comparison
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