
Contents lists available at ScienceDirect

Future Generation Computer Systems

journal homepage: www.elsevier.com/locate/fgcs

EXASAGE: The !rst data center operational data analysis assistant 

Junaid Ahmed Khan ω, Martin Molan , Andrea Bartolini
DEI Department, University of Bologna, Bologna, Italy

! " # $ % & ’  $ ( ) *

Keywords:
Data centers
Operational Data Analytics (ODA) monitoring 
frameworks
Large Language Models (LLMs)
Resource Description Language (RDF)
Knowledge Graph (KG)
Virtual Knowledge Graph (VKG)
Natural language query generation

 ! + , # " ! % #

Data centers increasingly rely on Operational Data Analytics (ODA) for real-time insights from vast streams of 
telemetry data. They typically utilize NoSQL databases for scalability and to handle diverse data types, which 
results in unstructured data representations and poses signi!cant challenges for data retrieval and interoperabil-
ity. Indeed, the lack of standardization, combined with schema "exibility and complex data structures, makes it 
di#cult for system administrators to write and execute queries, ultimately complicating the automation of data 
retrieval tasks. Pre-trained Large Language Models (LLMs), with their latent knowledge, promise a ready-to-use 
AI-driven data interoperability layer, enabling data retrieval through natural language input. However, they of-
ten generate inaccurate or hallucinated query code when handling heterogeneous data sources and complex data 
structures. In this paper, we present EXASAGE, the !rst operational data analysis assistant for ODA, which lever-
ages a Knowledge Graph (KG)-based approach to provide an AI-driven interoperable layer that addresses LLM 
limitations and simpli!es data retrieval tasks in data center facilities through a prototype implementation. EXAS-
AGE employs an LLM-based query generator to convert natural language into SPARQL queries (native to KGs), 
executed at a graph database endpoint, along with a virtual KG approach that dynamically generates KGs with 
only the data relevant to the user’s input query, signi!cantly reducing the storage overhead associated with a 
fully materialized KG in such large-scale telemetry systems. In evaluations on 1000 user input queries, EXASAGE 
achieved a 93.6% accuracy in generating correct SPARQL code and retrieving correct answers, signi!cantly 
outperforming the 25% accuracy of NoSQL/SQLite queries, which frequently exhibited severe hallucinations. 
Furthermore, SPARQL queries were generally more concise and demonstrate shorter inference and execution 
times compared to NoSQL/SQLite queries. The average end-to-end time for a single execution cycle was 12.77s, 
making it suitable for interactive, non-critical operational data analysis tasks. The maximum observed storage 
overhead across all generated virtual KGs was just 52.62 MiB.

1.  Introduction

The uptake of generative Arti!cial Intelligence (AI) in the mass mar-
ket is driving an unprecedented computational demand, surpassing tra-
ditional computational challenges by several orders of magnitude and 
growing at a rate of 4-5x annually [1]. While data centers and high-
performance computing (HPC) systems were once a niche focus for eco-
nomic competitiveness, scienti!c leadership, and national security, they 
have now become the backbone of the AI-driven economy, acting as the 
“shovels” of the generative AI gold rush.

McKinsey’s 2023 report highlights that industry leaders, on average, 
allocate 20% of their digital budgets to AI technologies across various 
sectors, with this percentage expected to rise in the coming years [2]. As 
AI investment and signi!cance grow, so does the need for robust hosting 
infrastructure. The rising demand for computationally intensive AI mod-
els has directly led to signi!cant investment in HPC capabilities. Data-
center Dynamics reports that AI-driven HPC investments reached $36 
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billion USD in 2023, with 2024 projections indicating a 24.4% increase 
[3]. This surge in demand and investment intensi!es the challenges of 
e#cient and sustainable HPC operations.

Today’s best practices are based on Internet of Things (IoT) holis-
tic monitoring frameworks, which convey real-time telemetry data 
from the di$erent constituting layers and components (ICT opera-
tion, facility, and user-support) into a centralized database for dash-
board and post-mortem data-driven analysis [4,5]. In 2020, authors 
of [6] reported that 9 of the largest supercomputing centers world-
wide were deploying alongside their supercomputing infrastructure 
holistic monitoring frameworks based on IoT and big data technolo-
gies to e#ciently operate the HPC clusters - in the !eld known as 
Operational Data Analytics (ODA) Frameworks [7]. Among all inter-
viewed sites there was consensus on the overall architecture com-
posed of distributed IoT sensors and data publishers, a message bus, 
a NoSQL database, and Grafana dashboards for visualization. Fur-
thermore, while researchers have been focusing on applying AI and

https://doi.org/10.1016/j.future.2025.108185
Received 15 January 2025; Received in revised form 3 June 2025; Accepted 29 September 2025

Future�Generation�Computer�Systems�176�����	 �108185�

Available�online�14�October�2025�
0167-739X/©�2025�The�(��.���6 ��Published�by�Elsevier�B.V.�This�is�an�open�access�article�under�the�CC�BY�license���.��4
�����)�/�������26�����0/��26�6�
:������ ��

https://www.elsevier.com/locate/fgcs
https://www.elsevier.com/locate/fgcs
https://orcid.org/0009-0007-6131-7473
https://orcid.org/0000-0002-6805-2232
https://orcid.org/0000-0002-1148-2450
https://doi.org/10.1016/j.future.2025.108185
https://doi.org/10.1016/j.future.2025.108185
http://crossmark.crossref.org/dialog/?doi=10.1016/j.future.2025.108185&domain=pdf
http://creativecommons.org/licenses/by/4.0/


J.A. Khan et al.

Machine Leaning (ML) to the collected telemetry data [4], their us-
age is currently limited to real-time data visualization with customized 
dashboards [5] with a recent attempt to build augmented reality (AR)
visualizations [8].

So far, the direct utilization of the telemetry data by stakeholders 
(system administrators, facility managers, user support teams, policy-
makers, and end users) is hindered by the lack of structure in the NoSQL 
database, which requires not only expertise in the HPC domain but also 
an intimate knowledge of the architecture of the monitoring system it-
self [9] – thus the defacto limiting their usage to pre-de!ned dashboards 
and AR visualizations. We must underline that this is an intrinsic issue of 
ODA and in general of IoT monitoring frameworks that rely on NoSQL 
databases, which becomes more prominent with the growing number 
and diversity of sensors and components. There is a clear need for a 
data interoperability layer that facilitates the knowledge extraction hid-
ing the domain knowledge from the end user.

In [10], Khan et al. propose a Knowledge Graph (KG) for ODA 
where sensor readings were manually transferred from an IoT time-
series database into a triplestore (GraphDB) according to a schema de-
!ned by an ODA-speci!c ontology. While the data ingestion process 
requires manual e$ort, the KG representation facilitates simpler data 
queries by leveraging the explicit schema provided by the ontology and 
the expressive power of the SPARQL query language. In contrast, tra-
ditional NoSQL approaches for ODA often require multiple sub-queries 
and manual integration across di$erent data sources to answer complex 
questions. This process can be time-consuming and typically demands 
signi!cant domain expertise to write and coordinate these queries e$ec-
tively. The KG’s ontology explicitly models these relationships between 
data elements, which can help simplify query formulation and reduce 
the number of manual steps needed. However, users still need some 
familiarity with ontology concepts and SPARQL to fully exploit these 
bene!ts.

Given the remaining challenges in writing and executing SPARQL 
queries even with a well-de!ned KG and ontology, a key question 
emerges: Can we enhance user accessibility and query e#ciency by 
combining generative AI and pre-trained Large Language Models (LLMs) 
with KG data representations to create an AI-driven query assistant for 
ODA systems?

Motivated by this, we propose a framework that: (i) maps the hetero-
geneous ODA monitoring data into a uni!ed graph representation, and 
(ii) leverages an LLM “informed” by the KG ontology to automatically 
generate and execute SPARQL queries from natural language input. This 
AI-driven assistant serves as an intuitive interface layer within existing 
ODA infrastructures, reducing the expertise barrier, enhancing the ef-
fectiveness and responsiveness of data retrieval processes, and fostering 
interoperability through consistent, schema-aware access to diverse data 
sources via the shared logical data model of the ontology used within 
the proposed framework.

1.1.  Contributions

In this paper, we propose EXASAGE, the !rst operational data anal-
ysis assistant for ODA in data centers. EXASAGE is a Large Language 
Model (LLM)-based tool that provides an AI-driven interoperable layer 
for on-demand access to data collected at HPC facilities, generating 
graph database query codes to support timely, non-critical operational 
analysis. This paper presents the following innovations:

• We extend the standard architecture of ODA systems in data centers 
and HPC environments by introducing an AI-driven data interoper-
ability layer that employs an LLM as a tool for query generation. This 
framework functions as an on-demand data access assistant that gen-
erates graph database query codes. The proposed ODA ontology-an 
extension of [10]-facilitates interoperability and serves as the knowl-
edge base for the LLM.

• We evaluated EXASAGE against direct LLM use for NoSQL/SQLite 
query generation-the standard language for ODA and IoT 
monitoring-using a set of standard day-to-day end-user queries 
from a survey, augmented with random ones. EXASAGE achieved 
93.6% accuracy in query code generation, higher than the 92.96% 
human accuracy reported in [11], while the NoSQL/SQLite approach 
reached only 25% accuracy over 1000 queries.

• We demonstrate the impracticality of storing a complete Knowledge 
Graph (KG) for the time-series data of ODA, which incurs a 745% 
storage overhead (see Table 3). To address this limitation, we pro-
posed a Virtual Knowledge Graph (VKG) generator that dynamically 
populates the graph database with only the data relevant to a user’s 
input prompt. The maximum storage overhead observed across 1000 
generated VKGs was only 52.62 MiB, demonstrating the scalability 
of the approach.
All code and resources for this study are available in the project’s 

Git repository, which can be found at the following link: https://gitlab.
com/ecs-lab/exasage

2.  Related work

Despite recent advancements in generative AI, LLMs still exhibit 
some crucial limitations that are inherent to the technology itself: 1) 
LLMs are susceptible to hallucinations and serving of wrong or made-up 
information, and 2) they are limited to providing information that they 
were trained on. To contrast these limitations, researchers are focusing 
on: 1) contrasting hallucinations by grounding the reasoning abilities of 
the LLMs with a KG and 2) connecting the LLM models with the relevant 
information base.

For grounding an LLM with a KG, an ontology is essential to de!ne 
the KG’s structure, including its vocabularies and relationships. Since 
our primary objective is e#cient ODA for data centers, the !rst step is 
to develop an ontology tailored for data centers. Thus in this section, we 
will begin by reviewing existing ontologies for data centers. Following 
this, we will discuss the two state-of-the-art approaches for (1) contrast-
ing hallucinations and (2) connecting LLMs with an information base. 
Finally, we will outline recent advancements in LLM-based query gen-
eration techniques.

2.1.  Ontologies for data centers

The Resource Description Framework (RDF) is an industry standard 
for developing ontologies and constructing KGs. RDF organizes data into 
triples, consisting of a subject (resource), a predicate (relation), and an 
object (either another resource or a value). These triples create a graph 
structure where subjects and objects act as nodes and predicates serve 
as the edges connecting them. An ontology provides a formal data rep-
resentation, utilizing this triple pattern to capture complex relationships 
between data points, which enables the KG to store domain-speci!c 
knowledge e$ectively. These KGs can be queried using SPARQL, an RDF-
speci!c querying language. SPARQL’s triple-pattern matching enables 
precise query formulation, allowing users to easily leverage intricate re-
lationships within the graph and perform complex queries that would 
otherwise require domain expertise.

Existing ontologies for data centers generally fall into two main cat-
egories: component-driven and data-driven approaches. The majority 
of currently available ontologies are component-driven, heavily em-
phasizing cataloging data center infrastructure and inventory rather 
than supporting dynamic data querying for telemetry information. Os-
car Corcho et al. [12] highlight the lack of a comprehensive, uni!ed 
data center ontology. They propose the DevOpsInfra ontology, mod-
eling high-level ICT infrastructure entities-con!gurations, items, re-
sources, and resource groups-and their relationships by integrating data 
from con!guration and IT service management systems. Similarly, the 
proposed NORIA-O ontology [13] models network infrastructure com-
ponents, network activities, and maintenance operations, focusing on 
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event tracking and incident management. Both ontologies are primar-
ily component-centric, emphasizing static infrastructure elements and 
their relationships. While NORIA-O incorporates the SSN Ontology [14], 
its focus remains on event tracking, which di$ers from our objectives. 
In contrast, our use case targets ODA, centered on dynamic telemetry 
data from data center operations; thus, its logical data model (ontology) 
must be constructed around time-series metrics and real-time monitor-
ing data. Gabriel G. Castañé et al. [15] propose an ontology integrat-
ing HPC and cloud systems; however, its emphasis on HPC-cloud rela-
tionships and inadequacy to model the underlying telemetry properly 
limit its utility for our use case. Similarly, Liao et al. [16] introduce an 
ontology intended to apply FAIR (Findable, Accessible, Interoperable, 
Reusable) principles to training datasets and AI models on heteroge-
neous supercomputers, which does not align directly with our focus on 
telemetry data of the data center facility itself. Furthermore, Kousha et 
al. [17] developed an HPC ontology for job script submission and AI tool 
integration but did not address telemetry data access. Likewise, Tuovi-
nen et al. [18] presented an HPC ontology aimed at creating a uni!ed 
query framework for various time-series storage solutions, but their fo-
cus is on storage structuring rather than on telemetry data querying.

Some works adopt a data-driven approach [10,19]. The ontology in 
[19], designed speci!cally for the SURF supercomputing facility. While 
it integrates high-level metadata and low-level operational metrics to 
support their ODA framework, its strong coupling to facility-speci!c 
data and infrastructure has limited its adoption and generalizability 
to other data center environments. In contrast, the ontology in [10], 
developed by the authors and extended in this work, models essential 
hardware and software components with fewer classes and properties. 
Although evaluated on a limited set of queries, it provides a more man-
ageable and extensible foundation for data center ODA.

2.2.  Grounding LLMs with KGs

LLMs have shown high adaptability and zero-shot performance in 
various downstream tasks and real-world applications, such as question-
answering and text generation. The limitation of those models shared 
across all their variations is that they cannot return grounded knowl-
edge. Grounded knowledge is factual, real-world information that is 
both accurate and reliable [20]. Instead, LLMs are, by their design, ca-
pable of generating plausible-sounding (or most probable) text, but they 
have no guarantees of providing factual information. As the LLMs are 
trained in a next-token prediction task on large amounts of human-
generated data, they can give coherent and plausible-sounding re-
sponses that might be misleading and incorrect. This phenomenon in 
LLMs is sometimes called LLM hallucination [21].

While this behavior may be acceptable and even expected in certain 
applications, there are scenarios where explicitly encoding critical infor-
mation becomes imperative. Recent research identi!es KGs as the most 
promising method for storing essential factual information [22,23]. This 
structured storage approach enables LLMs to directly utilize the encoded 
information [20].

2.3.  Retrieval Augmented Generation (RAG) and tool use

Besides hallucinations, another limitation of LLMs is their ability to 
provide current and up-to-date information. Without extensions, LLMs 
can only generate responses based on their training set. Updating the 
training set is model re-training, which is expensive and cannot be per-
formed at regular intervals because of its signi!cant costs [21].

Various strategies have been proposed to integrate the LLMs with 
external databases where additional information can easily be added. 
Depending on the structure of the data, the external database integration 
can be a part of a Retrieval-Augmented Generation (RAG) or integrated 
as an SQL integration.

The general structure of the RAG system consists of the connection 
between an LLM and a vector database. Each database entry (usually a 

section of a text document) is passed to the LLM embedding layers. In 
a vector database, the embedding of the document is stored alongside 
the document itself. After each query is created, a query embedding is 
compared to the vector database entries, and relevant database entries 
are selected. These entries are then passed as context to the LLM model 
[24].

RAG has been implemented across various applications and has al-
lowed the LLMs to access and take textual documents into context. The 
RAG structure, however, does not provide an answer for other types of 
data information. For instance, integrating the LLM with a high-velocity, 
real-time monitoring system - such as the one employed at contempo-
rary HPC systems [9] - requires the ability of the LLM to process large 
quantities of numerical data as well as interact with the existing soft-
ware infrastructure correctly. The ability of the LLM to interface with 
the existing software infrastructure is called the LLM tool use [25].

Integrated with the LLMs, the tools extend the model’s capabilities 
beyond language manipulation. Examples of integrated tools are math-
ematical functions, multimodal tools, and database query systems. The 
challenges associated with the tool use are tool integration (the con-
nectivity layer between the LLM and the tool itself) and the training 
techniques (how to communicate the information about the tool used to 
the LLM itself) [25].

2.4.  LLM and query generation

Several studies have explored the application of LLMs in generating 
SQL and SPARQL queries. This sub-section reviews related works that 
explore how LLMs are applied to these tasks, highlighting key methods 
and challenges.

2.4.1.  SQL Generation
Generating accurate SQL query code remains a signi!cant challenge 

in natural language processing (NLP). This di#culty stems from the in-
herent complexity of user queries and the requirement for a deep un-
derstanding of the underlying database schema. Advances in machine 
learning (ML) and arti!cial intelligence (AI), particularly through deep 
neural networks, have shown considerable promise in addressing these 
challenges. Pre-trained language models have also demonstrated strong 
capabilities in SQL generation. However, as modern databases become 
increasingly complex-due to large-scale datasets and the integration of 
data from advanced systems such as data centers-the limitations of re-
lying solely on pre-trained language models for SQL generation have 
become more evident.

Recent advancements and the broad industry adoption of LLMs have 
revealed their substantial capabilities in understanding natural lan-
guage. As a result, LLMs are now extensively studied for their potential 
in SQL generation. This implementation generally involves three key 
steps: (1) processing the natural language user prompt to capture its un-
derlying semantics; (2) providing the LLM with the database schema to 
enable accurate mapping of prompt components to database elements; 
and (3) generating SQL code by combining insights from the user prompt 
and database schema [26].

Several strategies have been explored to enhance SQL generation 
accuracy, ranging from in-context learning, where the LLM is given 
context with either zero-shot [27] or few-shot [28] approaches-both of 
which have been shown to improve accuracy, to the more advanced 
chain-of-thought (CoT) prompting technique. CoT involves a step-by-
step reasoning process that guides LLMs through structured deduction, 
encouraging more accurate and logical responses [29]. Each of these 
methods has demonstrated signi!cant improvements in SQL generation
performance.

Despite these advances in SQL generation using LLMs, their perfor-
mance still falls short in practical real-world applications. Jinyang Li et 
al. [11] found that even state-of-the-art LLMs, like GPT-4, achieve only 
around 54.89% accuracy in SQL generation when tested in real-world 
settings, a notable gap compared to human accuracy at 92.96%.
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2.4.2.  SPARQL Generation
The integration of LLM with KG empowers knowledge-driven ap-

plications, with a natural extension being the generation of SPARQL 
queries by LLM, as SPARQL is a core technology for accessing KGs. 
This raises the question: what are the capabilities of LLMs in gen-
erating SPARQL queries from natural language input prompts?. In 
this subsection, we outline various research e$orts on SPARQL query
generation.

In [30] and [31], the authors use GPT-variants to generate SPARQL 
queries. Speci!cally, in [30], the focus is on improving entity linking 
for more accurate query generation, but they achieve only 62.7% accu-
racy with a three-shot approach, using just three examples. In contrast, 
Kovriguina et al. [31] uses GPT-3 employing a one-shot approach with 
relevant context provided to the LLM. They tested their approach on 
three datasets, achieving an F1-macro of 67.07 on one KG, which leaves 
room for improvement, while the scores for the other two KGs were 
28.75 and 15.01, indicating challenges with the generalization of their 
approach.

Furthermore, in [32], Meyer et al. assess the capabilities of state-
of-the-art LLMs, including GPT, Gemini, and Claude, using a set of 
openly available KG benchmarking datasets. Their evaluation focuses on 
tasks such as Text-to-SPARQL(T2S), SPARQL-to-Answer(S2A), SPARQL-
Syntax-Fixing(SSF) and Text-to-Answer(T2A). The study reveals that 
while LLMs excel at !xing SPARQL syntax errors with minimal di#-
culty, they struggle with generating correct SELECT statements, espe-
cially in complex queries. Similarly, in [33], the authors also explore 
ChatGPT’s ability to translate natural language into SPARQL (T2S). 
Their framework, called Auto-KGQAGPT, utilizes the strategy of using 
a selected fragment of the KG as input to an LLM, signi!cantly reducing 
the number of tokens. They evaluated their framework on 15 questions, 
achieving an accuracy of 93% in correctly generating SPARQL queries 
using GPT-4. While the evaluation demonstrated promising results, it 
was conducted on a small test set with a much smaller KG (121 nodes 
and 183 edges), compared to the much larger KG for ODA data, which 
can contain upto billions of nodes and edges.

In [34], Li et al. address the challenge of declining result quality 
in real-world scenarios where there are limited high-quality annotated 
data. To tackle this, they employ !ne-tuning of lightweight SPARQL gen-
eration models, where they !rst generate a training set of synthetic data 
transforming templated SPARQL queries into natural language ques-
tions using LLMs. Additionally in [35], the authors present a scholarly 
Knowledge Graph Question and Answering (KGQA) to generate SPARQL 
queries using few-shot training method to achieve high accuracy with 
an F1-score of 99% on SciQA - one of the Scholarly-QALD-23 challenge 
benchmarks [36]. Their method employs a RAG strategy, where rele-
vant question-SPARQL pairs are retrieved and used to prompt an LLM 
for SPARQL generation. They used Vicuna-13B5 - an open-source LLM, 
a descendent of Llama [37] by Meta AI. While their approach achieves 
high accuracy in SPARQL generation, it is con!ned to the scholarly do-
main, where the data is organized and structured, and the questions are 
domain-speci!c. In contrast, in ODA, the data is heterogeneous and un-
structured, presenting a greater challenge and necessitating more intri-
cate SPARQL queries. Additionally, ODA requires real-time data access, 
further complicating the task.

LLMs have shown promising results in understanding natural lan-
guage questions using prompting strategies such as zero-shot and few-
shot prompting [38–41]. In zero-shot prompting, the model performs 
tasks without prior examples, relying solely on the task description, 
whereas few-shot prompting provides a small number of examples 
alongside the task description to guide the model. In this paper, we aim 
to evaluate the e$ectiveness of these prompting strategies for generating 
SPARQL queries for data center facilities as an additional interoperable 
layer to address complex ODA queries.

The remainder of this paper is organized as follows: Section 3 intro-
duces the proposed EXASAGE framework; Section 4 presents the exper-
imental results; and Section 5 concludes the paper.

3.  EXASAGE Framework

Fig. 1 presents the proposed EXASAGE framework. The end-user sub-
mits their query as a natural language input prompt, which is !rst sent 
to the (1) Input Validator. This component analyzes the user input us-
ing a rule-based approach to extract relevant entities according to the 
end-user’s intent, and then veri!es the validity of these entities against 
a set of ten prede!ned rules. If the input is determined to be invalid, 
the system returns an error notifying the user of the reasons for the in-
valid input. Conversely, if the input is valid, the system proceeds with 
the following downstream processes concurrently:
1. Generation of the SPARQL query that retrieves the answer to the 
user’s query, using the (2) LLM-Query Generator, which combines 
the natural language input prompt with the (3) ODA Ontology and 
a set of few-shot examples as context. The generated SPARQL query 
is then passed to the (5) Query Re!nement component for the query 
re!nement process, where minor syntactic and logical corrections 
are applied based on common errors observed in LLM-generated
queries;

2. The (4) Virtual Knowledge Graph (VKG) Generator takes as input the 
extracted entities from the (1) Input Validator to construct a virtual 
KG containing only the data necessary to answer the user’s query, re-
ferred to as the VKG. This VKG is then sent to the (6) Graph Database
to be stored and made available for query execution.
Following the successful completion of the two concurrent prepro-

cessing steps, the re!ned query is sent to the SPARQL endpoint of the 
(6) Graph Database for execution. The (7) Query Validator then inspects 
the response from the endpoint. If no errors are detected, the result-
ing answer is returned to the end-user. However, if an error is encoun-
tered, the Query Validator triggers a retry mechanism, prompting the 
(2) LLM-Query Generator to regenerate the SPARQL query from scratch. 
The regenerated query undergoes the (5) Query Re!nement process and 
is subsequently resubmitted for execution. This validation and regener-
ation cycle is repeated for up to three attempts to resolve the error and 
produce a valid, executable query.

3.1.  Input Validator

The Input Validator contains two algorithm implementations: (1) En-
tities Extraction from the user input prompt, and (2) Input Validation. This 
component determines whether the user input prompt is valid accord-
ing to system requirements and checks that all necessary information 
is provided by the user to enable successful execution of downstream 
tasks.

Algorithm 1 shows how to extract key entities from a the user input 
prompt. These entities belong to speci!c categories de!ned by the pro-
posed ODA ontology (detailed in Section 3.3), including node, rack, job, 
metric, plugin, and time markers (start and end time). Since telemetry 
data is time-based, the user input prompt may mention time intervals 
directly. The algorithm starts by converting the question to lowercase 
and creating a dictionary to hold the extracted entities. Each category in 
the dictionary has two keys: present (to indicate if it appears in the ques-
tion) and value (to store its content). The algorithm goes through each 
category, checks if it appears in the question using regular expressions, 
and updates the dictionary accordingly. If node mappings are available, 
a helper function can standardize node names based on the facility’s 
naming rules. In the end, the algorithm returns a dictionary with all the 
found entities.

Once the entities are identi!ed, the output from Algorithm 1 is 
passed to the second Algorithm 2 within the Input Validator. Algorithm 2 
performs a structured validation of the extracted entities against a set of 
ten prede!ned rules to determine their suitability for further processing. 
It systematically evaluates the presence and completeness of key entity 
categories-including metrics, jobs (with or without identi!ers), tempo-
ral intervals, nodes, racks, and plugins-prioritizing valid combinations 
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Fig. 1. EXASAGE: The !rst data center operational data analysis assistant, shown as a block diagram.

Algorithm 1: Entity extraction.
Input: 𝜔𝜀𝜗𝜛_𝜚𝜍𝜑𝜔𝛻_𝜑𝜛𝜕ℵ𝜑𝛻, 𝜑ℶ𝜔ℷ𝜚𝜍_ℵ𝜗𝛻𝜛𝜚ℸ_ℵ⊳𝜑, optional 𝜍𝜕⊲𝜗_ℵ⊳𝜑𝜑𝜚𝜍ℷ𝜀
Output: 𝜗𝜍𝛻𝜚𝛻𝜚𝜗𝜀 dictionary with detected entity categories and values

1 Convert 𝜔𝜀𝜗𝜛_𝜑𝜛𝜕ℵ𝜑𝛻 to lowercase;
2 De!ne categories: {node, rack, job, metric, plugin, start_time, 

end_time};
3 Initialize 𝜗𝜍𝛻𝜚𝛻𝜚𝜗𝜀[category] with present = False, value = None;
4 foreach ℸ⊳𝛻𝜗ℷ𝜕𝜛0 in categories do
5 if category keyword detected in 𝜔𝜀𝜗𝜛_𝜚𝜍𝜑𝜔𝛻_𝜑𝜛𝜕ℵ𝜑𝛻 then
6 𝜗𝜍𝛻𝜚𝛻𝜚𝜗𝜀[ℸ⊳𝛻𝜗ℷ𝜕𝜛0][𝜑𝜛𝜗𝜀𝜗𝜍𝛻]  True;
7 val  extract category value using pattern matching;
8 if 1⊳ℶ found then
9 𝜗𝜍𝛻𝜚𝛻𝜚𝜗𝜀[ℸ⊳𝛻𝜗ℷ𝜕𝜛0][1⊳ℶ𝜔𝜗]  val;
10 if ℸ⊳𝛻𝜗ℷ𝜕𝜛0 = node and 𝜍𝜕⊲𝜗_ℵ⊳𝜑𝜑𝜚𝜍ℷ𝜀 provided then
11 Map node using 𝜍𝜕⊲𝜗_ℵ⊳𝜑𝜑𝜚𝜍ℷ𝜀;
12 if ℸ⊳𝛻𝜗ℷ𝜕𝜛0 = metric  then
13 plugin  match plugin and metric from

𝜑ℶ𝜔ℷ𝜚𝜍_ℵ𝜗𝛻𝜛𝜚ℸ_ℵ⊳𝜑;
14 𝜗𝜍𝛻𝜚𝛻𝜚𝜗𝜀[𝜑ℶ𝜔ℷ𝜚𝜍][𝜑𝜛𝜗𝜀𝜗𝜍𝛻]  True;
15 𝜗𝜍𝛻𝜚𝛻𝜚𝜗𝜀[𝜑ℶ𝜔ℷ𝜚𝜍][1⊳ℶ𝜔𝜗]  plugin;

16 return 𝜗𝜍𝛻𝜚𝛻𝜚𝜗𝜀;

that enable meaningful interpretation of the user input. The algorithm 
outputs a boolean "ag indicating the validity of the user input prompt, 
alongside a detailed validation report in the form of a dictionary. This 
report either con!rms successful validation with explanatory messages 

or provides explicit error codes and diagnostic information identifying 
missing or inconsistent elements.

3.2.  LLM-query generator

This component uses an LLM model to generate SPARQL query code 
corresponding to the user input prompt. It takes the user query in nat-
ural language and combines it with the structure of the virtual KG, rep-
resented by the ODA ontology in Turtle (.ttl) format (detailed in Sec-
tion 3.3), along with a set of six few-shot examples as additional con-
text. The ODA ontology grounds the LLM with factual information as 
the logical data model, and the few-shot examples enable the LLM to 
learn e$ective data retrieval strategies for a few speci!c types of ODA 
complex query. The text snippet below illustrates the format used for 
the few-shot examples.

The complete input prompt to the LLM for query generation task is 
provided in the text snippet below.
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Algorithm 2: Input validation.
Input: 𝜗𝜍𝛻𝜚𝛻𝜚𝜗𝜀 dictionary
Output: (is_valid, validation_report)

1 Extract presence "ags: 2⊳𝜀_ℵ𝜗𝛻𝜛𝜚ℸ, 2⊳𝜀_3𝜕4, 3𝜕4_𝜚⊲, 2⊳𝜀_𝜀𝛻⊳𝜛𝛻, 2⊳𝜀_𝜗𝜍⊲, 
2⊳𝜀_𝜍𝜕⊲𝜗, 2⊳𝜀_𝜛⊳ℸ5, 2⊳𝜀_𝜑ℶ𝜔ℷ𝜚𝜍;

2 6 789_.,69  “ Times must follow ISO 8601 UTC format (e.g., 
2024-06-01T12:00:00Z).”

3 if 2⊳𝜀_𝜑ℶ𝜔ℷ𝜚𝜍 and only 2⊳𝜀_𝜑ℶ𝜔ℷ𝜚𝜍 present then
4 return True, { "message": “Valid: plugin only.” }
5 if (2⊳𝜀_𝜍𝜕⊲𝜗 or 2⊳𝜀_𝜛⊳ℸ5) and only these present then
6 return True, { "message": “Valid: node/rack only.” }
7 if 2⊳𝜀_ℵ𝜗𝛻𝜛𝜚ℸ then
8 if 2⊳𝜀_𝜀𝛻⊳𝜛𝛻 and 2⊳𝜀_𝜗𝜍⊲ then
9 return True, { "message": “Valid: metric with full time 

range.” + 6 789_.,69 }
10 if 2⊳𝜀_3𝜕4 and 3𝜕4_𝜚⊲ ∱ None  then
11 return True, { "message": “Valid: metric with job ID.” }
12 return False, { "error_code": “metric_missing_job_and_time”,
13 "message": “Invalid: metric needs job or full time.” + 

6 789_.,69,
14 "details": { "missing_fields": missing of "job", "start time",

"end time" } }
15 if 2⊳𝜀_3𝜕4 then
16 if 3𝜕4_𝜚⊲ ∱ None  then
17 return True, { "message": “Valid: job with ID.” }
18 if 2⊳𝜀_𝜀𝛻⊳𝜛𝛻 and 2⊳𝜀_𝜗𝜍⊲ then
19 return True, { "message": “Valid: job reference with full 

time.” + 6 789_.,69 }
20 return False, { "error_code": “job_missing_id_and_time”,
21 "message": “Invalid: job missing ID and time.” + 6 789_.,69,
22 "details": { "missing_fields": missing of "job ID", "start 

time", "end time" } }
23 if no entities present then
24 return False, { "error_code": “no_entities_present”,
25 "message": “Invalid: no recognizable entities found.” + 

6 789_.,69 }
26 return False, { "error_code": “unrecognized_combination”,
27 "message": “Invalid input: unrecognized combination.” + 

6 789_.,69,
28 "details": { key: val.present for 5𝜗0, 1⊳ℶ in 𝜗𝜍𝛻𝜚𝛻𝜚𝜗𝜀 } } 

3.3.  ODA ontology

Fig. 2 presents the ODA ontology proposed within the EXASAGE 
framework. This ontology is based on the RDF framework and was de-
veloped through a data-driven, methodical design process. It serves as 
the schema for constructing the ODA KG, providing a formal and com-
prehensive representation of data collected within a data center facility. 
The ontology comprises 8 classes, 8 object properties de!ning relation-
ships among these classes, and 17 data properties describing their at-

Fig. 2. ODA ontology with its classes, and properties.

tributes. It encapsulates the specialized vocabulary of ODA and the spe-
ci!c knowledge base of a data center, covering the key hardware and 
software components and their interactions.

3.3.1.  Ontology design process
The ontology design followed an iterative methodology inspired by 

the Ontology Development 101 guide by Noy and McGuinness [42]. We 
began by de!ning the domain and scope through a set of competency 
questions (see Table 1), which represent a set of common use cases and 
queries expected from the end users, primarily facility managers and 
engineers. These competency questions were developed collaboratively 
with a panel of four domain experts, including data engineers and man-
agers from CINECA1, Italy’s largest supercomputing center, as well as 
specialists involved in developing the ODA monitoring framework cur-
rently deployed there.

We reviewed several existing ontologies related to HPC and data 
center infrastructures, including DevOps-Infra [12], NORIA-O [13], mO-
SAIC [15], and SEAS [43]. While these ontologies provide useful models 
of component relationships and infrastructure layouts, they do not ade-
quately address the telemetry of ODA within data centers, which is the 
primary focus of this work. For example, a central component within a 
data center is the submitted job, which is executed on selected compute 
nodes according to the facility’s resource allocation policy. This feature 
is missing in the existing ontologies. Since no existing ontology fully met 
our requirements, we decided to develop a new operational data-driven 
one speci!cally tailored to ODA, with improving interoperability with 
established vocabularies planned as future work.

We enumerated key domain concepts such as Rack, Node, Position, 
Plugin, Sensor, Sensor Reading, Data Record, and Job. Using these key 
terms, we de!ned the core classes of the ontology. For each class, we de-
!ned object and data properties to express relationships and attributes. 
For instance, a Rack has a hasNode property linking it to Node instances, 
and an identifying data property of rackId. Finally, we assigned domain 
and range constraints to all properties to formalize semantics and ensure 
ontology consistency.

3.4.  Virtual Knowledge Graph (VKG) generator

The scale of the telemetry data collected already at a medium-sized 
data center facility can reach a million unique sensors with a sampling 
frequency of around 20s for every unique sensor [9], making it impracti-
cal to convert the entire time-series data into RDF for storage. We tested 
this approach and found it resulted in more than a 745x increase in stor-
age size compared to a NoSQL representation (see Table 3). Therefore, 
we needed a solution that would allow us to leverage the bene!ts of the 
KG approach without sacri!cing practicality in terms of storage size.

There exists a practical solution known as the virtualization of 
KGs). In this approach, a virtual RDF graph is created on top of existing 

1 https://www.cineca.it/it
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Algorithm 3: Virtual Knowledge Graph (VKG) Generator.
Input: 𝜗𝜍𝛻𝜚𝛻𝜚𝜗𝜀, optional 𝜍𝜕⊲𝜗_ℵ⊳𝜑𝜑𝜚𝜍ℷ𝜀
Output: < ℏ> with RDF triples

1 5𝜗0_𝜗𝜍𝛻𝜚𝛻𝜚𝜗𝜀  {𝜗 ε 𝜗𝜍𝛻𝜚𝛻𝜚𝜗𝜀[𝜗][𝜑𝜛𝜗𝜀𝜗𝜍𝛻] = True};
2 if 5𝜗0_𝜗𝜍𝛻𝜚𝛻𝜚𝜗𝜀 ⋆ {rack, node} then
3 return;
4 if job ϑ 5𝜗0_𝜗𝜍𝛻𝜚𝛻𝜚𝜗𝜀 then
5 if 𝜗𝜍𝛻𝜚𝛻𝜚𝜗𝜀[3𝜕4][1⊳ℶ𝜔𝜗] ∱ None  then
6 3𝜕47⊲  𝜗𝜍𝛻𝜚𝛻𝜚𝜗𝜀[3𝜕4][1⊳ℶ𝜔𝜗];
7 Retrieve job data for 3𝜕47⊲ from ODA NoSQL DB;
8 else
9 𝜀𝛻⊳𝜛𝛻6 𝜚ℵ𝜗  𝜗𝜍𝛻𝜚𝛻𝜚𝜗𝜀[𝜀𝛻⊳𝜛𝛻_𝛻𝜚ℵ𝜗][1⊳ℶ𝜔𝜗];
10 𝜗𝜍⊲6 𝜚ℵ𝜗  𝜗𝜍𝛻𝜚𝛻𝜚𝜗𝜀[𝜗𝜍⊲_𝛻𝜚ℵ𝜗][1⊳ℶ𝜔𝜗];
11 Retrieve job data in range [𝜀𝛻⊳𝜛𝛻6 𝜚ℵ𝜗, 𝜗𝜍⊲6 𝜚ℵ𝜗] from ODA 

NoSQL DB;
12 Add RDF triples to < ℏ> for job attributes (3𝜕47⊲, 𝜀𝛻⊳𝜛𝛻6 𝜚ℵ𝜗, 

𝜗𝜍⊲6 𝜚ℵ𝜗);
13 if 𝜍𝜕⊲𝜗_ℵ⊳𝜑𝜑𝜚𝜍ℷ𝜀 exists then
14 Apply to node names;
15 Add job-node relationships to < ℏ>;
16 if metric ϑ 5𝜗0_𝜗𝜍𝛻𝜚𝛻𝜚𝜗𝜀 then
17 ℵ𝜗𝛻𝜛𝜚ℸ  𝜗𝜍𝛻𝜚𝛻𝜚𝜗𝜀[ℵ𝜗𝛻𝜛𝜚ℸ][1⊳ℶ𝜔𝜗];
18 𝜑ℶ𝜔ℷ𝜚𝜍  𝜗𝜍𝛻𝜚𝛻𝜚𝜗𝜀[𝜑ℶ𝜔ℷ𝜚𝜍][1⊳ℶ𝜔𝜗];
19 if start_time, end_time ϑ 5𝜗0_𝜗𝜍𝛻𝜚𝛻𝜚𝜗𝜀 then
20 𝜀𝛻⊳𝜛𝛻6 𝜚ℵ𝜗  𝜗𝜍𝛻𝜚𝛻𝜚𝜗𝜀[𝜀𝛻⊳𝜛𝛻_𝛻𝜚ℵ𝜗][1⊳ℶ𝜔𝜗];
21 𝜗𝜍⊲6 𝜚ℵ𝜗  𝜗𝜍𝛻𝜚𝛻𝜚𝜗𝜀[𝜗𝜍⊲_𝛻𝜚ℵ𝜗][1⊳ℶ𝜔𝜗];
22 else
23 Use job’s time range as 𝜀𝛻⊳𝜛𝛻6 𝜚ℵ𝜗, 𝜗𝜍⊲6 𝜚ℵ𝜗;
24 if 𝜗𝜍𝛻𝜚𝛻𝜚𝜗𝜀[𝜍𝜕⊲𝜗][1⊳ℶ𝜔𝜗] ∱ None  then
25 𝜍𝜕⊲𝜗  𝜗𝜍𝛻𝜚𝛻𝜚𝜗𝜀[𝜍𝜕⊲𝜗][1⊳ℶ𝜔𝜗];
26 Retrieve metric data for 𝜍𝜕⊲𝜗 in [𝜀𝛻⊳𝜛𝛻6 𝜚ℵ𝜗, 𝜗𝜍⊲6 𝜚ℵ𝜗] from 

ODA NoSQL DB;
27 else
28 Retrieve all metric data in [𝜀𝛻⊳𝜛𝛻6 𝜚ℵ𝜗, 𝜗𝜍⊲6 𝜚ℵ𝜗] from ODA 

NoSQL DB;
29 if 𝜍𝜕⊲𝜗_ℵ⊳𝜑𝜑𝜚𝜍ℷ𝜀 exists then
30 Apply to node names;
31 foreach 𝜍𝜕⊲𝜗 do
32 Add RDF triples to < ℏ> for node, plugin, and sensor;
33 foreach 𝜛𝜗⊳⊲𝜚𝜍ℷ do
34 Add RDF triples: (1⊳ℶ𝜔𝜗, 𝛻𝜚ℵ𝜗𝜀𝛻⊳ℵ𝜑, 𝜔𝜍𝜚𝛻) linked to 

corresponding sensor;
35 return < ℏ>;

data sources, eliminating the need for data duplication or extensive stor-
age requirements [44]. This method enables the integration and query-
ing of heterogeneous data sources, while o$ering the "exibility and scal-
ability required to handle the large volumes of data typically found in 
data center environments. While tools such as ontopic.ai2 o$er an ac-
cessible, no-code environment for KG construction and support virtual-
KG implementations, they-along with similar platforms-currently focus 
on connecting to relational databases and other structured data sources 
(e.g., PostgreSQL, MySQL, Oracle). However, they do not natively sup-
port direct connections to NoSQL databases, which represent the pre-
ferred storage solution in ODA due to their scalability and schema "ex-
ibility [6]. As a result, we implemented a custom algorithm for VKG 
generation, speci!cally tailored to the characteristics and requirements 
of our ODA use case.

This component uses virtualization to generate a virtual knowledge 
graph (VKG) containing only the data needed to answer a user query. 
The VKG generator takes as input the entities extracted by the (1) In-
put Validator using Algorithm 1 and applies Algorithm 3 to dynamically 
construct the relevant VKG. Algorithm 3 presents the pseudocode for 
this dynamic VKG construction. The algorithm initiates by extracting 
key entities "agged as present from the output of Algorithm 1. In the 
absence of such entities, the algorithm terminates with an error. When 
only topological entities such as racks or nodes are present, VKG gener-

2 https://ontopic.ai/en/

ation is not required, as queries of this nature can be answered directly 
via the Base-KG (see Section 3.6). For job-related entities, the algorithm 
retrieves job-speci!c data from the ODA DB connection using templated 
query codes populated with values extracted from the input 𝜗𝜍𝛻𝜚𝛻𝜚𝜗𝜀 dic-
tionary, leveraging either a job identi!er or a de!ned temporal inter-
val based on the available information. It then constructs RDF triples 
to represent the job and establishes semantic links to associated com-
pute nodes, applying facility-speci!c node mappings when applicable. 
In cases where metric entities are present, the algorithm !rst veri!es 
the existence of a valid time range before acquiring sensor readings. 
These readings are retrieved from the ODA DB connection using the 
same templated approach, either for speci!ed nodes or for all nodes if 
none are designated. RDF triples encoding the sensor data are gener-
ated and linked to the relevant plugins and sensors. Finally, the fully 
constructed VKG is returned as the output of the process.

3.5.  Query re!nement

Given the inherent randomness in the LLM’s generation process, 
there is a risk of producing inaccuracies, commonly referred to as hal-
lucinations. This issue is discussed in the related works section, and 
speci!cally in Section 2.4.2 regarding SPARQL query generation, where 
grounding the LLM with a KG is proposed as a mitigation strategy. How-
ever, hallucinations can still occur when generating SPARQL queries 
with an LLM. This was also the case in our work: upon analyzing the er-
rors of LLM-generated SPARQL queries (see Table 5), we identi!ed six 
common error patterns that could be e$ectively corrected using Python’s 
regex matching: (1) numeric literals were often written as quoted 
strings or included incorrect datatype annotations, (2) triples with the
m100:HasNode property had incorrect domain and range assignments-
the domain should be Rack and the range Node, but queries used arbi-
trary variables that did not re"ect this, (3) triples with m100:IsNodeOf
had wrong domain and range, where the domain should be Node and 
the range Rack, yet inconsistent variables were used, (4) triples with
m100:HasSensor appeared without the corresponding m100:HasPlugin
triples, causing incomplete relationships according to the data model in 
the proposed ontology. (5)HasRack property used which doesn’t exist 
in the proposed ontology, (6) variables in the SELECT clause were sepa-
rated by commas, such as in SELECT ?var1, ?var2, ?var3‘, which can 
lead to syntax errors.

Algorithm 4 presents the pseudocode for the query re!nement com-
ponent, that addresses these six common identi!ed wrong patterns. It 
applies a series of targeted transformations to the generated SPARQL 
query using Python’s regex matching. The process begins by normaliz-

Algorithm 4: Query Re!nement.
Input: Generated SPARQL query
Output: Refined query

1 Apply regex substitution on Generated SPARQL query to replace 
numeric literals written as quoted strings or with incorrect datatype 
annotations;

2 Replace all occurrences in Generated SPARQL query of m100:HasNode
triples with incorrect domain/range by ?rack m100:HasNode ?node;

3 Replace all occurrences in Generated SPARQL query of m100:IsNodeOf
triples with inconsistent domain/range by ?node m100:IsNodeOf 
?rack;

4 if Generated SPARQL query contains a m100:HasSensor triple then
5 Replace it in Generated SPARQL query with ?plugin 

m100:HasSensor ?sensor;
6 if Generated SPARQL query does not already contain a 

m100:HasPlugin triple then
7 Insert ?node m100:HasPlugin ?plugin before the HasSensor

line in Generated SPARQL query;

8 Replace all occurrences of the invalid HasRack property in Generated 
SPARQL query with ?node m100:IsNodeOf ?rack;

9 Identify the SELECT clause in Generated SPARQL query and remove any 
commas between variables;

10 Return the modi!ed Generated SPARQL query as the Refined query;
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ing numeric literals, replacing quoted strings and incorrect datatype an-
notations with plain numeric values. Next, it corrects improper domain 
and range usage for the m100:HasNode and m100:IsNodeOf properties 
by enforcing the correct subject-object variable structure consistent with 
the ontology. The algorithm also rewrites any m100:HasSensor triple to 
ensure the subject is a plugin and, if a corresponding m100:HasPlugin
triple is missing, inserts it to be coherent with the ontology. Further-
more, any use of the nonexistent HasRack property is replaced with a 
valid m100:IsNodeOf triple. Finally, the SELECT clause is normalized by 
removing commas between variables to conform to SPARQL syntax. The 
output of this algorithm is returned as the Refined query.

3.6.  Graph database: Triplestore for RDF data

The preferred storage backend for KG is a triplestore3-a specialized 
database designed to store and manage RDF triples. There are two types 
of data in a data center facility: (1) temporal data, comprising teleme-
try streams collected from sensors, and (2) static data, which captures 
the structural and spatial con!guration of the facility. This includes the 
layout of system racks, the positioning of compute nodes, installed com-
ponents and sensor metadata.

While queries involving temporal data are handled by the (4) VKG 
Generator component of the proposed framework, additional support is 
needed for queries concerning static data-for example, “What sensors are 
installed on compute node XYZ¿‘. To address this, we introduce the Base-
KG, a pre-loaded knowledge graph containing static metadata about the 
data center’s topology and components. In the proposed ODA ontology 
(see Section 3.3), the classes Rack, Node, Position, and Sensor provide 
the concepts required to model this static metadata.

For standalone deployment, the selected triplestore must operate as a 
self-contained service. We chose GraphDB4 by Ontotext, which supports 
large-scale data ingestion, o$ering advanced reasoning capabilities, and 
provides a built-in SPARQL endpoint-making it a suitable backend for 
the requirements of our framework.

3.7.  Query validator

To ensure the generation and execution of syntactically valid 
SPARQL queries produced by the language model, the (7) Query Val-
idator component serves as the !nal stage of the EXASAGE framework. 
Once the re!ned query is submitted to the SPARQL endpoint of the (6) 
Graph Database for execution, the (7) Query Validator inspects the re-
sponse for syntax errors. If the query executes successfully, the result is 
returned directly to the user. In the event of a syntax error, the com-
ponent initiates a bounded retry loop, redirecting control back to the 
(2) LLM-Query Generator to regenerate the SPARQL query from scratch. 
Each regeneration uses the original natural language user input along 
with the full ontology and few-shot examples in the prompt context. This 
process is repeated up to a maximum of three times, with each attempt 
treated as a fresh generation rather than an incremental correction. If 
all attempts fail, the system halts and returns an error message prompt-
ing the user to revise or clarify their query. This mechanism ensures 
reliability and robustness while explicitly avoiding in!nite loops when 
repeated attempts fail to correct the underlying errors.

4.  Experimental results

In this section we evaluate the performance of EXASAGE framework 
by (i) assessing the correctness of the output query code and the query 
result for each user input prompt, (ii) the execution time for the di$erent 
EXASAGE components (LLM inference, VKG generation, and query exe-
cution at SPARQL endpoint, (iii) the VKG storage cost, and (iv) an input 

3 https://en.wikipedia.org/wiki/Triplestore
4 https://www.ontotext.com/products/graphdb/

and output token analysis to further evaluate the proposed framework’s 
e#ciency with di$erent prompting strategy.

4.1.  Experimental setup

All the experimental results reported in this paper have been con-
ducted in the following computing resources: (1) We used the Examon 
ODA framework deployed at CINECA during the production of the Mar-
coni100 supercomputer (M100). Examon runs in the CINECA Ada Cloud 
resources and uses Cassandra as a NoSQL database, with KairosDB as 
the time-series database extension. (2) We run the Graph database in a 
server featuring an Intel Xeon E5-2630 v3 CPU with an x86_64 architec-
ture comprising 16 physical cores across two sockets. It includes a 256 
KiB L1 data cache, a 256 KiB L1 instruction cache, a 2 MiB L2 cache, 
and a 20 MiB L3 cache, operating with a base frequency of 2.40GHz 
and a maximum frequency of 3.20GHz. (3) We run all the remaining 
EXASAGE components in a system featuring an Intel Xeon 8358 CPU 
featuring 32 cores operating at 2.6GHz. It is equipped with 512 GB of 
DDR4 RAM running at 3200MHz and an NVIDIA Ampere A100 GPU 
with 64 GB of HBM2 memory.

For the (2) LLM-Query Generator, we used the Meta Llama-3 8B pa-
rameter pre-trained model running on-premises, employing the instruct 
model variant. The evaluation criterion assigns a value of "1" if the 
model returns a correct answer to the user input prompt, even if the 
response includes additional redundant but related information. If the 
model returns an incorrect answer or triggers an error at the SPARQL 
endpoint of the (6) Graph Database, it is assigned a value of "0". Ac-
curacy of the framework is calculated as the percentage of correct re-
sponses over the total number of queries. This assessment was performed 
through manual inspection of all generated SPARQL query codes as well 
as veri!cation of the retrieved answers from the (6) Graph Database.

4.1.1.  Baseline: NoSQL/SQLite query generation
To evaluate the proposed EXASAGE framework, we compare it 

with the current standard practices in data centers, speci!cally the use 
of NoSQL databases for scalability and "exibility in handling diverse 
data sources [6]. This comparison involves assessing the KG approach 
with data access through SPARQL generation, against the generation of 
state-of-the-art NoSQL query codes. These NoSQL queries, often based 
on SQLite, adopt SQL-like structures (e.g., SELECT, WHERE, and DE-
SCRIBE), but are tailored for NoSQL databases. Henceforth, we will de-
note these as “NoSQL/SQLite query” in the remaining manuscript and 
they will represent the collective data center ODA query access strate-
gies. Furthermore, given that the telemetry data collected in data centers 
and IoT systems are inherently time-series, these NoSQL/SQLite queries 
often include speci!cations for time-periods to support focused analy-
sis. We further denote the start and end of these time-periods with the 
keywords “TSTART” and “TSTOP” respectively.

4.1.2.  LLM-query generator prompting strategy
To evaluate the capabilities of our chosen pre-trained LLM for query 

generation and determine the most e$ective prompting strategy, we im-
plemented two approaches-zero-shot and few-shot learning-applied to 
both SPARQL and NoSQL/SQLite query generation. In zero-shot evalua-
tion, we test the LLM’s ability to generate complex ODA queries without 
additional training, assessing its pre-existing query generation capabil-
ities. This allows us to compare its performance against few-shot learn-
ing, where the LLM is provided with contextual examples to improve 
the accuracy of generated queries.

The contextual information provided to the LLM for each type of 
generation includes the following:

• SPARQL query generation: In the zero-shot approach, only the ODA 
ontology (see Section 3.3) in ‘.ttl‘ format, which provides the LLM 
with the underlying structure of the KG and its speci!c vocabularies, 
is used. While in the few-shot approach, a set of six example imple-
mentations would be added with the ODA ontology in the context.
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Table 1 
ODA input query archetypes.
 No. Prompt

 1 Give me all the nodes present in rack X
 2 Give me a list of all the racks
 3 Give me the position of node X
 4 Give me the list of plugins
 5 What nodes were used by the job XXXXXXXX?
 6 What is the average power used by the job XXXXXXXX?
 7 How many jobs are running on node X during the month of May 2022?
 8 What is the min, max and avg temperature of node X when it is in use 

during the month of May 2022?
 9 Give me a list of sensors which are of type "power"
 10 Give me a list of the jobs running and the nodes they used during the 

month of May 2022

• NoSQL/SQLite query generation: Since the data at a data center facil-
ity is unstructured, there is no formal description available for direct 
use. To ensure a fair comparison, we compiled a textual description 
of key concepts relevant to the data center. This includes speci!c 
instructions addressing di$erent aspects of complex ODA queries, 
such as the format for writing NoSQL/SQLite query codes tailored 
to the Examon instance deployed at the CINECA. In the zero-shot 
approach, only this textual description is included in the context. 
While in the few-shot learning approach, a set of !ve example imple-
mentations would be added alongside the textual description in the
context.

4.1.3.  User input queries
To characterize the performance of the di$erent LLM-Query Genera-

tor con!gurations, we use two di$erent sets of user-de!ned queries: (i) 
ODA input query archetypes (Table 1)- obtained by a survey conducted 
on end users, speci!cally system administrators, user support managers 
and facility managers with a progressive increase in complexity; (ii) ran-
domly generated queries, obtained by providing to OpenAI ChatGPT 
model the list of all di$erent metrics collected by M100 Examon and 
the ODA input query archetypes and to incorporate the di$erent met-
rics’ names into an arbitrary number of input prompts similar to these 
archetypes. For experimentation, we used the month of May 2022, as 
the quality of telemetry data during this period was observed to be high 
[9]. In all queries where time intervals were not explicitly speci!ed, we 
defaulted to using the start and end timestamps of May 2022. We con-
ducted the tests using a total of one thousand queries, categorized as 
follows:

• Spatial information The !rst 203 prompts are spatial information 
queries and cannot be implemented in NoSQL/SQLite queries, as 
such information is typically absent from current ODA monitoring 
frameworks. Therefore, they will be used exclusively for evaluating 
SPARQL queries. Their inclusion provides additional bene!ts, such 
as enabling graph neural network-based work"ows that require spa-
tial information to generate graph tensors. Speci!cally, the anomaly 
prediction framework for data centers which uses graph neural net-
works [45].

• Job-related insights The next 207 prompts include queries related 
to the average, maximum, and minimum job power, job duration, 
and jobs resources utilization. These insights are essential for opti-
mizing resource allocation, monitoring performance, and improving 
energy e#ciency in data centers.

• Mixture The remaining 590 prompts focus on sensor metrics, cover-
ing details about sensors on a node, the frequency of speci!c metrics 
exceeding thresholds, and instances where a node surpasses a thresh-
old. These threshold values were arbitrarily selected for all queries.

To assess the di$erences in phrasing among the randomly generated 
queries, we calculated the cosine similarity between the initial set of 

10 prompts and the remaining 990. We utilized T!dfVectorizer5 from 
the Scikit-learn library to transform the prompts into numerical vec-
tors based on Term Frequency-Inverse Document Frequency (TF-IDF) 
weighting. The average cosine similarity between the initial ten ODA 
input query archetypes and the subsequent 990 randomly generated 
queries was found to be 0.069. This low average similarity indicates sig-
ni!cant di$erences in prompt phrasing, despite the underlying prompt 
question potentially being similar.

4.2.  Zero-shot vs few-shot

This experiment aims to determine which prompting strategy yields 
the highest accuracy in query generation.

We utilized the ODA input query archetypes (see Table 1) for this 
evaluation. Results are reported in Table 2, which demonstrates that 
SPARQL generation consistently outperforms NoSQL/SQLite query gen-
eration in all cases. In the few-shot with context scenario, SPARQL gen-
eration achieves a perfect score of 10 out of 10 correct prompts. An error 
analysis was conducted for each experiment to identify and categorize 
the errors observed across di$erent prompts.

4.2.1.  Zero-shot (with context)
In this con!guration, SPARQL generation resulted in six correct 

prompts out of ten. However, errors were observed in the following 
prompts:

• Prompt 1: A minor syntax error occurred where an integer literal was 
incorrectly enclosed as a string.

• Prompts 6, 7, and 8: The LLM failed to follow the correct logical 
pathway as de!ned by the ontology (Node Plugin Sensor Sensor 
Reading; see Section 3.3), instead jumping directly from Node to 
Sensor, leading to output answer errors.

In contrast, the NoSQL/SQLite query generation faced more signif-
icant issues. While prompts 4, 5, and 6 were correctly generated, the 
remaining prompts contained major errors:

• Prompt 7: The LLM used an incorrect timestamp format 
(NoSQL/SQLite query accepts "DD-MM-YYYY HH:MM:SS") and 
included an erroneous data fetch statement.

• Prompt 8: Logical errors were present along with the wrong times-
tamp format, and incorrect aggregation statements for minimum, 
maximum, and average values were generated.

• Prompt 9: Severe hallucinations occurred, with the LLM creating a 
non-existent data source.

• Prompt 10: Similar issues as prompts 8 and 9 were observed.

4.2.2.  Few-shot (without context)
In this con!guration, the LLM achieved 90% accuracy for SPARQL 

generation. This outcome indicates that the LLM can comprehend the 
underlying structure of the KG based on the few-shot examples provided. 
Furthermore, the LLM successfully avoids the error of jumping directly 
from Node to Sensor Reading, adhering to the correct logical pathway 
identi!ed in the zero-shot analysis. This improvement results from the 
LLM learning this explicit pathway from one of the few-shot examples. 
Only one prompt contained an error, which is detailed as follows:

• Prompt 9: The LLM hallucinated by introducing a non-existent entity 
into the generated query, leading to an incorrect response. This error 
occurred because, without access to the ontology, the LLM lacked 
grounding in the complete data structure of the ODA KG.

5 https://scikitlearn.org/1.5/modules/generated/sklearn.feature_extraction.
text.T!dfVectorizer.html
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Table 2 
Zero-shot vs. Few-shot Output Analysis. The dash (-) indicates that the prompt is not possible to implement in NoSQL/SQLite 
query. ’1’ denotes a correctly generated query code, while a ’0’ indicates an incorrectly generated query code.

Prompt

Zero-shot
(with context)

Few-shot
(without context)

Few-shot
(with context)

Query execution time
at endpoint

 SPARQL
NoSQL query
/SQLite  SPARQL

NoSQL query
/SQLite  SPARQL

NoSQL query
/SQLite  SPARQL

NoSQL query
/SQLite

 1  0  –  1  –  1  –  77.07ms  -
 2  1  –  1  –  1  –  67.13ms  -
 3  1  –  1  –  1  –  70.15ms  -
 4  1  1  1  0  1  1  47.76ms  19.05ms
 5  1  1  1  1  1  1  82.33ms  191.74ms
 6  0  1  1  1  1  1  47.03ms  694ms
 7  0  0  1  1  1  1  90.21ms  131 s
 8  0  0  1  0  1  0  2.02 s  15120 s
 9  1  0  0  0  1  0  33.86ms  9.49ms
 10  1  0  1  0  1  0  5.53 s  133 s
 Total correct  6  3  9  3  10  4
 % correct  60%  43%  90%  43%  100%  57%

In contrast, for NoSQL/SQLite query generation, the LLM correctly 
generated responses for prompts 5, 6, and 7. However, it encountered 
issues in other prompts, including:

• Prompts 4 and 9: The LLM hallucinated by generating incorrect or 
non-existent data sources.

• Prompt 8: Incorrect data fetch statements and improper timestamp 
format were used.

• Prompt 10: Although the LLM correctly identi!ed the data sources, 
it made a logical error by misclassifying nodes used by jobs as jobs, 
rather than accurately identifying them as nodes.

4.2.3.  Few-shot (with context)
In this con!guration, the LLM successfully generates all 10 prompts 

correctly for SPARQL. Since the complete ontology was provided as con-
text to the LLM, it eliminates the error of introducing entities or data 
sources that do not exist in the ODA KG. In contrast, the NoSQL/SQLite 
query generation shows some improvement, but the !nal accuracy re-
mains at only 57%. While prompts 4, 5, 6, and 7 are correctly im-
plemented, the LLM continues to make logical errors in the remaining 
prompts. Speci!cally:

• Prompt 8: The query should !rst access the job table to determine 
when the node was in use. However, the generated query incorrectly 
retrieves all sensor metrics for the speci!ed time-period without !l-
tering for job activity.

• Prompt 9: The generated query su$ers from hallucinations, introduc-
ing non-existent entities into the response.

• Prompt 10: The generated query contains both an incorrect data ac-
cess statement and an invalid key for a python language dictionary 
access.

4.2.4.  Query execution time analysis
The query execution times reveal a signi!cant disparity between 

SPARQL and NoSQL/SQLite query, with SPARQL achieving faster exe-
cution times across most queries. In contrast, NoSQL/SQLite query per-
formance varies greatly, with some queries taking substantially longer 
to execute. For instance, Query 7 takes 163.67s, and Query 8 takes a 
staggering 15,120s in NoSQL/SQLite query, compared to just 90.21ms 
and 2.02s for SPARQL, respectively. Although the NoSQL/SQLite query 
outperforms SPARQL in the execution of queries 4 and 9, the di$er-
ence is in the millisecond range and thus minimal. The longer duration 
for NoSQL/SQLite query is primarily due to the multiple data retrievals 
required from di$erent data sources to produce the !nal output. In con-
trast, SPARQL bene!ts from the structured relationships de!ned by the 
ontology (see Section 3.3) within the KG, allowing it to navigate these 
data retrieval processes more e#ciently. This results in signi!cantly 
faster query responses, as illustrated in Table 2.

Table 3 
Storage size comparison between NoSQL (Parquet-compressed) 
and ODA KG (Turtle) formats for IPMI plugin telemetry data 
collected in May 2022.

 Metric  Value
 Total data instances  11.37 billion
 NoSQL DB (Parquet-compressed)  4.00 GiB
 ODA Knowledge Graph (Turtle)  2.91 TiB
 Turtle-to-Parquet size ratio  745%

4.2.5.  Key takeaway
The analysis consistently demonstrates that SPARQL query genera-

tion outperforms NoSQL/SQLite query generation across all evaluated 
scenarios, achieving a perfect score in the few-shot analysis with con-
text. This underscores the importance of grounding the LLM with an on-
tology, as evidenced by the reduced performance in the few-shot (with-
out context) scenario. Furthermore, the results indicate that the LLM is 
better suited for generating SPARQL queries, underscoring the compat-
ibility and e$ectiveness of integrating LLMs with KGs and SPARQL, as 
opposed to the NoSQL/SQLite approach. Finally, the key takeaway is 
that the LLM performs optimally in the few-shot scenario with context 
for both NoSQL/SQLite and SPARQL query generation. Therefore, this 
con!guration is adopted for the proposed framework and subsequent 
evaluations.

4.3.  Motivation for the adoption of virtualization of Knowledge Graphs 
(KG)

Table 3 compares the storage requirements for 31 days of IPMI plu-
gin telemetry collected from the M100 system [9], contrasting a NoSQL-
based representation using Parquet compression with a KG constructed 
using the ODA ontology (see Section 3.3) and serialized in Turtle (.ttl) 
format. During this period, a total of 11.37 billion data instances were 
recorded. While the Parquet-compressed NoSQL dataset occupies just 
4.00 GiB, the fully materialized RDF graph requires 2.91 TiB of storage-
a 745% increase. This dramatic growth highlights the impracticality 
of fully materializing RDF data for large-scale telemetry environments. 
Such excessive storage overheads motivated the adoption of a virtual-
ization approach through the proposed Virtual Knowledge Graph (VKG) 
Generator (see Section 3.4). The VKG enables on-demand graph con-
struction and scalable semantic integration, allowing e#cient query ex-
ecution without the need to persist the entire RDF dataset in storage.

4.4.  Evaluation on randomly generated queries

Evaluating only 10 queries is insu#cient to comprehensively demon-
strate the proposed framework’s performance. In real-world data cen-
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Table 4 
Accuracy of the LLM-Query Generator, Query Re!nement, and Query Validation
components in EXASAGE on randomly generated prompts. The table reports 
the number of total prompts, correct and wrong queries, and overall accuracy 
for each query type.

 EXASAGE  Query  Total  Correct  Wrong  Accuracy
 Component  Type  Prompts  Queries  Queries  [%]

 NoSQL/
 LLM-Query  SQLite  797  199  598  25
 Generator SPARQL 1000 723 277 72.3

 Query
 Re!nement SPARQL 1000 907 93 90.7

 Query
 Validation SPARQL 1000 936 64 93.6

ters, hundreds or even thousands of queries are executed daily on 
telemetry. To better establish the framework’s e#ciency and accuracy, 
we extend the evaluation to a total of 1000 queries. The !rst 10 queries 
were analyzed in Section 4.2, while the remaining 990 queries, which 
were randomly generated as user inputs, are the focus of this section. For 
completeness, the results are reported collectively for all 1000 queries. 
Additional details about the randomly generated queries are provided in 
Section 4.1.3. Table 4 summarizes the accuracy results of the proposed 
framework.

4.4.1.  LLM-query generator
Inspecting the NoSQL/SQLite query results revealed that the most 

accurate queries typically involved basic statistical operations, such as 
calculating the max, min, and avg of a sensor metric. This trend can 
likely be attributed to the inclusion of an example query about average 
job power in the few-shot context, which guided the LLM in generating 
these types of queries accurately. However, accuracy decreased when 
the input prompts were more complex-either not directly part of the few-
shot examples or not covered by the ten ODA input query archetypes. 
These included both variations of the original archetypes and entirely 
new types of questions, such as “When did a node’s temperature exceed 
a speci!ed value of X?”, “How many times did the metric XYZ exceed the 
threshold T?”, “What is the duration of the job XYZ?”, “When did node 
X power consumption exceed threshold T?”, “When did node X temper-
ature !rst exceed threshold T?”, and “Identify racks with nodes being 
used by a job in speci!c time periods.”. In such cases, the NoSQL/SQLite 
outputs often contained major errors, including incorrect data retrieval 
statements, formatting issues, and logical mistakes.

In contrast, SPARQL generation showed higher performance, with 
accuracy 2.89% that of NoSQL/SQLite query generation. Table 5 
presents a classi!cation of errors found in SPARQL queries generated 
by the LLM-Query Generator, divided into syntax, logical, and combined 
error types. Of the 277 total errors, the majority (234) were logical in 
nature. Among these, 188 involved incorrect references to entities or 
relationships in the ODA ontology-such as mismatches in node-to-rack, 
node-to-reading, or reading-to-sensor relations-indicating di#culties in 
mapping natural language queries to the underlying data model. Other 
logical issues included incorrect literal type assertions, missing or mal-
formed timestamp !lters, and the use of invalid namespaces for sensor 
identi!ers. Syntax errors (18 in total) consisted of malformed FILTER 
expressions, improper placement of structural clauses such as GROUP 
BY, ORDER BY, or LIMIT within WHERE, and errors in the construction 
of the SELECT clause. An additional 25 errors involved a combination of 
both syntax and logical mistakes. Notably, the SPARQL generator was 
more robust to prompt variations due to the presence of the logical data 
model-i.e., the ODA ontology-in the LLM’s context. This provided the 
model with semantic grounding, enabling it to generalize beyond !xed 
query templates and accurately interpret inputs that were semantically 
related but syntactically diverse.

Table 5 
Statistical distribution of syntax and logical errors identi!ed in SPARQL 
queries generated by the LLM-Query Generator.

 Error  Number  Error
 Type  of Errors  Description
 Syntax  18  1) Errors in FILTER statements.

 2) Wrong use of GROUP BY / ORDER BY / LIMIT.
 3) Errors in SELECT clause.

 Logical  234  1) Incorrect entity or property references
 (e.g., wrong relations such as node-to-rack,
 node-to-reading, node-to-sensor, reading-to-sensor).
 2) Incorrect literal type assertions.
 3) Missing timestamp !lter; missed !lters.
 4) Wrong namespaces for sensor names.

 Syntax +  25  Combination of both syntax and logical errors
 Logical
 Total 277 Errors

Table 6 
Comparison of query validation approaches using LLMs with and without rein-
forcement learning-inspired prompting. The table shows the number of syntax 
errors identi!ed, how many were corrected, remaining errors, and the percent-
age of errors successfully corrected.
 Query  LLM  Syntax  Errors  Errors  Error
 Validation  Model  Errors  Corrected  Remaining  Correction
 Approach  [%]
 Retry

Llama 3 8B 43 29 14 67.4 mechanism
 max 3 attempts
 Reinforcement

Llama 3 8B 43 13 30 30.2 learning-inspired
 prompting
 Reinforcement

GPT-4o 43 19 24 44.2 learning-inspired
 prompting

4.4.2.  Query re!nement
The signi!cant drop in accuracy for NoSQL/SQLite query genera-

tion, along with the major errors observed in the generated queries, 
indicates that minor adjustments are unlikely to produce substantial 
improvements. Although natural language processing techniques may 
correct some mistakes, the underlying logical issues suggest only lim-
ited gains in accuracy. In contrast, SPARQL-generated queries are more 
amenable to re!nement, o$ering clearer opportunities to improve over-
all accuracy through a re!nement process.

In the proposed framework, the SPARQL queries generated by the 
LLM-Query Generator are passed to the Query Re!nement component, 
which applies corrections based on the most common errors identi!ed 
in Table 5. This re!nement process employs simple pattern matching 
and replacement, resulting in negligible time overhead-averaging less 
than 10 microseconds per query.

The Query Re!nement component signi!cantly enhanced the accu-
racy of the framework, increasing the number of correctly generated 
queries from 723 to 907 (see Table 4), corresponding to an 18.4% im-
provement. Among the remaining 93 incorrect queries, 50 exhibited log-
ical errors, such as missing !lter statements, while 43 contained syntax 
errors, with 25 of these involving both syntax and logical issues.

4.4.3.  Query validation
Table 6 presents a comparison of query validation techniques, fo-

cusing on syntax error correction performance. The methods evaluated 
include a retry mechanism with up to three attempts using the Llama 3 
8B model, and a reinforcement learning-inspired prompting approach, 
which incorporates the faulty SPARQL query as a negative example 
within the prompt to guide correction. The reinforcement learning-
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inspired approach was tested on both Llama 3 8B and GPT-4o models. 
The comparatively poor performance of LLama 3 8B compared to GPT-
4o may be attributed to its smaller model size, which limits its ability 
to reason over errors, follow complex prompt structures, or generalize 
from negative examples. GPT-4o performed moderately better due to its 
stronger reasoning and instruction-following abilities. However, since 
logical errors still remain, the reinforcement learning-inspired prompt-
ing approach method alone is not enough to achieve high query accu-
racy.

This approach successfully corrected 29 out of 43 syntax errors, 25 
of which also contained logical errors. While all syntax issues were re-
solved, 14 logical errors remained unresolved in those queries. The 29 
corrected queries produced correct answers on the graph database, in-
creasing the total number of correct queries to 936 out of 1000 (see
Table 4). Interestingly, all syntax errors were resolved within three retry 
attempts: 35 were !xed on the !rst attempt, 7 required two attempts, 
and only one needed three attempts. Overall, this represents a 2.9% 
improvement over the Query Re!nement component and a 21.3% im-
provement compared to the initial output of the LLM-Query Generator.

4.5.  Performance evaluation

In this section, we provide a comprehensive performance evalua-
tion of EXASAGE. This includes a comparison of input and output token 
counts, as well as LLM inference time using the LLM-Query Generator
component, across SPARQL and NoSQL/SQLite query generation. These 
measures are used solely as performance metrics to evaluate the behav-
ior and computational e$ort of the LLM during query generation, and 
do not imply equivalence in expressivity or vocabulary usage among 
these languages. Additionally, we assess other key performance aspects 
of EXASAGE, such as query execution time at the SPARQL endpoint of 
the Graph Database, the time required to generate the VKG using the 
Virtual Knowledge Graph (VKG) Generator component, and its character-
istics, including the number of nodes, edges, and storage size in bytes. 
All measurements are conducted with the speci!c aim of quantifying the 
execution time of a single complete cycle of the proposed framework in 
response to one user input prompt, thereby providing a holistic view of 
its end-to-end performance.

Fig. 3 illustrates the distribution of data points for each of these per-
formance metrics using violin plots6. Speci!cally, Sub!gure 3a com-
pares the key performance metrics between SPARQL and NoSQL/SQLite 
query generation by the LLM-Query Generator. Sub!gure 3b highlights 
the additional time overheads associated with using the EXASAGE 
framework, while Sub!gure 3c visualizes the distribution of VKG at-
tributes. Each plot includes the median (represented as a white dot), 
the interquartile range (IQR) as a thick central bar, and whiskers show-
ing the full data range. The violin’s shape re"ects the density of data 
points across values, o$ering insights into the distribution’s character-
istics, such as skewness and variability.

4.5.1.  Input tokens comparison
The input tokens for SPARQL generation and NoSQL/SQLite query 

generation exhibit notable di$erences. For SPARQL generation, the in-
put token count averages 3906.90, with a standard deviation of 13.24, 
ranging from a minimum of 3896 to a maximum of 3,936. In contrast, 
NoSQL/SQLite query generation demonstrates a signi!cantly lower av-
erage of 2934.80 tokens, with a standard deviation of 14.33, and a range 
from 2921 to 2962.

Notably, the token counts for both SPARQL and NoSQL/SQLite query 
generation are similar across all randomly generated queries, with both 
exhibiting low standard deviations. This consistency is attributed to the 
fact that the majority of the token count is derived from the context and 
few-shot examples, which remain constant across all queries. The slight 

6 https://en.wikipedia.org/wiki/Violin_plot

variation primarily stems from the actual text in the end user’s input 
prompt.

4.5.2.  Output tokens comparison
In SPARQL generation, the average output token count is 195.26, 

with a standard deviation of 64.81, ranging from a minimum of 66 to a 
maximum of 512. In contrast, NoSQL/SQLite query generation exhibits a 
higher average output token count of 350.01, with a standard deviation 
of 108.31, and a range from 65 to 512.

This demonstrates that SPARQL outputs are generally more concise; 
however, some variability exists, with longer outputs occurring less fre-
quently, as indicated by the lighter tails of the plot. In contrast, the 
wider shape of the NoSQL/SQLite query plot re"ects greater variability 
and higher output token counts, suggesting that its outputs are typically 
longer and more diverse compared to those of SPARQL generation. Ad-
ditionally, the broader top of the NoSQL/SQLite distribution indicates 
a higher likelihood of encountering longer output tokens compared to 
SPARQL.

4.5.3.  LLM Inference time comparison
The inference times for SPARQL generation average 11.09s, with a 

standard deviation of 2.57s, ranging from a minimum of 6.11s to a max-
imum of 26.22s. In contrast, NoSQL/SQLite query generation exhibits 
a higher average inference time of 16.09s, with a standard deviation of 
4.20s, and a range from 5.02s to 23.54s.

The plot for inference time illustrates that, for SPARQL generation, 
the majority of inference times are concentrated around the median, re-
"ecting a high degree of consistency in performance. In contrast, the plot 
for NoSQL/SQLite query generation shows a wider distribution, suggest-
ing that inference times vary signi!cantly, with some instances taking 
considerably longer than others. This variability may be attributed to the 
inherent complexity of generating NoSQL/SQLite queries, which could 
involve more diverse processing steps compared to the more structured 
nature of SPARQL generation.

4.5.4.  VKG Generation time
The VKG generation time shows an average of 8.05s, with substantial 

variability indicated by a high standard deviation of 15.85s. The min-
imum generation time is 0.81s, while the maximum reaches 200.51s, 
suggesting occasional outliers. Most VKG generation times cluster be-
tween 1.22s and 9.30s, as indicated by the IQR.

4.5.5.  VKG Storage cost
To determine the VKG storage cost, we calculated the size of all gen-

erated VKGs for the user input queries. The size is directly proportional 
to the number of nodes and edges of the VKG. On average, the VKGs 
contain 9758 nodes, with a high standard deviation of 63,395, indi-
cating signi!cant variation. The minimum number of nodes is 4, while 
the maximum reaches 750,851, suggesting the presence of outliers. The 
IQR reveals that 75% of the data falls between 77.5 and 5,449.25 nodes, 
with a median of 2499 nodes.

The average number of edges is 17,623, with a standard deviation 
of 118,478, showing considerable variability. The minimum number of 
edges is 4, and the maximum is 13,770,197, re"ecting occasional ex-
tremes. The 25th percentile is 149.25 edges, the 75th percentile is 8945 
edges, and the median is 4,034.5 edges, indicating that most edge counts 
are concentrated in the lower ranges.

Finally, the mean storage size of the VKGs is 720,462 bytes, with a 
standard deviation of 4,807,915 bytes, which also suggests signi!cant 
variation. The minimum size is 282 bytes, and the maximum size is 
55,175,610 bytes, highlighting the presence of large outliers. The IQR 
indicates that 75% of the sizes fall between 5,571.25 bytes and 365,151 
bytes, with a median size of 161,197 bytes, showing that most sizes are 
concentrated in the lower to middle range.

Interestingly the maximum storage overhead, introduced by the cre-
ation of a VKG, among the tested queries is just 52.62 MiB - which makes 
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Fig. 3. Violin plots showing the distribution of performance metrics for SPARQL generation versus NoSQL/SQLite query, including input/output tokens, LLM 
inference time, query execution time for SPARQL, and Virtual Knowledge Graph (VKG) generation time as well as VKG attributes (#nodes, #edges and storage size).

it negligible compared to the extremely large storage overhead of a fully 
materialized ODA KG.

4.5.6.  Query execution time at SPARQL endpoint
The query execution times at the endpoint show a mean of approxi-

mately 1.05s, with a standard deviation of 0.70s. Execution times range 
from a minimum of 0.29s to a maximum of 13.04s. The IQR indicates 
that 50% of the queries are executed between approximately 0.80s 
and 1.16s. This narrow range suggests consistent performance for most 
queries. However, the presence of outliers, though less extreme than in 
broader distributions, indicates that a small number of queries may still 
take noticeably longer to complete.

4.5.7.  Query validator time overhead
The Query Validator operates as a check that inspects the output of 

the SPARQL endpoint of the Graph Database for syntactic errors. In most 
cases (95.7%), this check completes in (<10≨s) and has a negligible im-
pact on the overall execution cycle time. However, in rare failure cases 
(4.3%), the Query Validator triggers a retry of the LLM inference for 
SPARQL generation using the LLM-Query Generator followed by Query 
Re!nement, and !nally a retry of the query execution at the SPARQL 
endpoint. Table 7 summarizes the retry distribution and associated over-

Table 7 
Retry distribution and time overhead in Query Validation. The table reports 
the number of retry attempts, how many queries required that number of 
retries, the average time per retry attempt (in seconds), and the resulting 
total overhead (in seconds).

 Retry  Number  Time per  Total
 Attempts  of Queries  Retry Attempt [s]  Overhead [s]
 1  35  12.14  424.9
 2  7  24.28  169.96
 3  1  36.42  36.42
 Total  43  -  631.3

heads across 1000 randomly generated queries. On average, the retry 
mechanism incurs an overhead of 0.63s per query.

4.5.8.  Single input execution cycle
Fig. 4 shows the time diagram for the average single input execu-

tion cycle of the proposed EXASAGE framework, based on the mean 
duration of the following processes: LLM Query Generation and Query 
Re!nement (LLM-QG + QR), VKG Generation, VKG storage, query exe-
cution, and Query Validation. For clarity, the Input Validator is omitted 
from the timeline, as it incurs negligible latency (approximately 0.6ms 
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Fig. 4. Single input cycle execution - Time diagram for the proposed framework.

and only initiates the subsequent processes once the input is deemed 
valid. Similarly, the Query Validator typically requires (<10≨s) to ver-
ify syntactically valid SPARQL queries, which constitute the majority of 
cases. However, in the rare instances (4.3%) identi!ed in Section 4.5.7, 
the Query Validator triggers retries that cumulatively add an average 
overhead of 0.63s per query across the evaluated queries. The average 
Query Validator time is highlighted in yellow in Fig. 4.

The execution cycle begins (assuming valid input) with the concur-
rent processes of LLM generation and query re!nement, which take on 
average 11.09s, where the time for query re!nement is also negligible 
(<10≨s). The process of VKG generation takes on average 8.05s, and 
VKG storage on the Graph Database takes on average 1.85s, amount-
ing to a total of 9.90s. Since the next stage depends on the completion 
of these two processes, query execution starts at 11.09s and !nishes at 
12.14s, taking 1.05s on average. Finally, to account for the rare cases of 
syntactic errors detected by the Query Validator, which add an average 
overhead of 0.63s per query, the total average single input execution 
cycle time reaches 12.77s.

5.  Conclusion

In this paper, we propose EXASAGE, the !rst operational data anal-
ysis assistant for data centers that combines a knowledge graph (KG) 
approach with a pre-trained LLM to provide an AI-driven data inter-
operability layer over ODA monitoring data. EXASAGE supports on-
demand access by using an LLM-based query generator to translate nat-
ural language into SPARQL queries, executed at a GraphDB endpoint. 
We evaluated EXASAGE on 1000 queries-including 10 ODA archetypes 
and 990 randomly generated prompts-against NoSQL/SQLite-based 
query generation. EXASAGE achieved 93.6% accuracy, far outperform-
ing NoSQL/SQLite’s 25%, which often su$ered from hallucinations. 
SPARQL queries were also signi!cantly more concise, with lower out-
put token counts, and executed faster, despite requiring more input to-
kens. These results demonstrate that integrating LLMs with KGs based 
approaches enables accurate, e#cient, and schema-aware data access 
from natural language-capabilities that are not achievable with LLMs 
and NoSQL/SQLite alone in complex heterogeneous environments, such 
as data centers and IoT monitoring systems.

Future Work. Future e$orts will focus on enhancing interoperability 
with established vocabularies, either through extension modules or by 
integrating concepts from related ontologies such as DevOps-Infra [12], 
SEAS [43], and NORIA-O [13]. Additionally, we aim to reduce the end-
to-end latency of the proposed framework to support real-time analysis 
for time-critical queries and to develop a broader set of queries to further 
evaluate and strengthen the framework’s capabilities.

Extending EXASAGE to general IoT applications. EXASAGE enables nat-
ural language access to time-series operational data stored in NoSQL 
databases, demonstrated on data center use cases but applicable broadly 
across IoT. While relational databases support complex LLM-generated 
queries, LLMs struggle with NoSQL/SQLite queries in IoT. EXASAGE in-
novates by translating NoSQL/SQLite data into a (virtual) knowledge 

graph, allowing LLMs to generate more accurate, syntactically correct 
graph queries.

This translation approach is domain-agnostic, enabling EXASAGE’s 
application across varied IoT !elds. Adapting EXASAGE to a new do-
main requires developing a domain-speci!c ontology and, if needed, a 
VKG generator for high-frequency time-series Fig. 1.

The ontology, in RDF format, formalizes domain knowledge with 
tailored terminology. Updating the ontology allows easy adaptation of 
few-shot query examples, while Input Validator and VKG generator 
rules must be !ne-tuned accordingly. Other core components remain 
unchanged, making EXASAGE a "exible, e#cient tool for diverse IoT 
analytics.
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Appendix A.  Query Complexity Analysis Experiment

To better understand the factors contributing to these variations in 
execution time, we de!ne a weighted scoring model to evaluate the 
complexity of the SPARQL queries generated from our randomly gener-
ated input prompts. This model is based on !ve common query features 
observed in our dataset-projections, triple patterns, !lter expressions, 
joins, and aggregations-which collectively capture the primary sources 
of computational e$ort during query evaluation.

Since not all features contribute equally to query complexity, we 
assign weights to each feature based on their relative computational 
cost, ordered from lowest to highest:
projections < triple patterns < filter expressions < joins 

< aggregations 
The overall complexity score 𝐴(𝐵) for a query 𝐵 is computed as a 

linear combination of these weighted counts:
𝐴(𝐵) = 1 ⋛ 𝐶𝐵 + 2 ⋛ 6𝐵 + 3 ⋛ 𝐷𝐵 + 4 ⋛ 𝐸𝐵 + 5 ⋛ 𝐹𝐵

To evaluate whether this query complexity score corresponds to ac-
tual execution costs, we plotted execution time against the computed 
complexity scores. Fig. A.1 presents a scatter plot comparing the query 
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Table A.1 
Weighted SPARQL query features and their computational justi!cations.
 Feature  Weight  Technical Justi!cation
 Projections (𝐶 )  1  Minimal overhead; applied after evaluation
 Triple Patterns (6 )  2  Linear index scans; moderate cost
 FILTERs (𝐷 )  3  Evaluated post-matching; increased CPU usage
 Joins (𝐸 )  4  Intermediate result generation; high memory cost
 Aggregations (𝐹)  5  Requires grouping and materialization

Fig. A.1. Scatter plot of query complexity score 𝐴(𝐵) vs. Query execution time 
for 1000 randomly generated queries.

complexity score 𝐴(𝐵) and query execution time for each of the 1000 
randomly generated queries. The plot shows that execution time re-
mains relatively stable across a wide range of complexity scores, with 
the majority of queries completing in under 2s. Although a few outliers-
primarily within the mid-range complexity scores (20–30)-exhibit sig-
ni!cantly longer execution times, no clear positive correlation is ob-
served between the query complexity score 𝐴(𝐵) and query execution 
time.
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