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Abstract

Among the many scenarios where humans and Al agents can
collaborate, Energy Efficiency (EE) is one where such col-
laboration could most effectively contribute to the goal of
net zero emissions, while also reducing costs and improv-
ing comfort. In this context, new Al solutions can support
customers in making their energy consumption more effi-
cient and aligned with renewable sources. In this work, we
investigate the strengths and challenges of Human-AI Col-
laboration by proposing an Al-based Conversational Agent
whose inspiration principles are derived from the theories of
Human-Centered Artificial Intelligence (HCAI). It is specifi-
cally designed to augment users’ capabilities in achieving EE
by providing them with recommendations and practical tips.
The Agent uses a Knowledge Graph (KG) trained on domain-
specific energy-related documents, coupled with a RAG (Re-
trieval Augmented Generation) architecture to ensure factual
accuracy, source accountability, fairness, and transparency.
By tailoring responses to users’ profiles and preferences, the
system prioritizes human needs and values while address-
ing perceptions of technological usability and acceptability.
The Agent is validated in a real-world application scenario
with international customers, with the aim to test content ac-
curacy and adaptation to the user context and uncertainties.
The results show the effectiveness of the system in fostering
Human-AI Collaboration for EE.

Introduction and Motivation

Individual energy consumption habits are crucial in achiev-
ing sustainability and mitigating climate change conse-
quences, with particular regard to residential electricity con-
sumption (Abbass et al. 2022), which accounts for a signif-
icant portion of the world’s energy consumption and will
increase since electrification as a strategy for future sustain-
able development (Stewart et al. 2018). As a result, the em-
phasis on Energy Efficiency (EE) is becoming increasingly
important, aiming to achieve net zero emissions as recently
outlined by European Institutions (European Parliament and
Council of European Union 2021).

The increasing adoption of Conversational Agents, in par-
ticular with the rise of Large Language Models (LLMs)
(Khosravi et al. 2024), offers opportunities to enhance
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Human-AI Collaboration by providing new digital scal-
able and user-tailored systems that increase understand-
ing and optimization of energy consumption (Giudici et al.
2023). However, since these models may fall short in en-
suring factual accuracy (Frieden et al. 2020), Retrieval-
Augmented Generation (RAG) systems tackle this challenge
by integrating LLMs with a structured knowledge base that
formally encapsulates domain-specific information (Arslan
et al. 2024).

Considering this scenario, our research aims to investi-
gate the strengths and challenges of Human-AI Collabora-
tion for EE using a Human-Centered Artificial Intelligence
(HCALI) approach. We propose a Conversational Agent de-
signed to provide users with recommendations on EE us-
ing a Knowledge Graph (KG) trained on source documents
containing domain-specific energy-related information. In-
tegrating this graph-based approach with a RAG architecture
ensures the factual correctness of the answers and proper ci-
tation of sources, emphasizing system accountability, fair-
ness, interpretability, and transparency. The Agent uses con-
textual data to keep track of each user’s profile and prefer-
ences, including their name, country, language, and past in-
teractions. Thus, responses are customized based on the in-
dividual’s specific requirements and characteristics. The sys-
tem prioritizes human needs, values, and goals rather than
other aspects, and takes into consideration user perception
as well as technological acceptability and usability.

Our Conversational Agent is designed to satisfy these re-
search questions, inspired by Horvitz’s concept of Mixed-
Initiative User Interfaces:

* (RQ1) Does the Agent respond with correct content?
* (RQ2) Does the Agent adapt to the user context?

To answer these questions and validate our Conversational
Agent, we apply it within ENERGENIUS, a H2020 Euro-
pean research project! on EE. The knowledge base is built
starting from various sources and documents on energy con-
sumption, EE, regulations, and incentives from different
countries.

Related Work

Recent research on LLMs has enabled multilingual capa-
bilities and summarization tasks, as well as language com-
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prehension and content creation (Arslan et al. 2024). How-
ever, assessing the factual correctness of their answers of-
ten is difficult, because of the provenance problem (Frieden
et al. 2020). Indeed, LLMs often struggle to provide or ac-
curately cite the sources from which their answers are de-
rived. Also, when posed with questions they are unfamiliar
with (i.e., they were not trained on, domain-specific, or am-
biguous), LLMs frequently provide illogical or completely
inaccurate responses (Giudici et al. 2023; Sanguinetti et al.
2024). These are referred to as hallucinations and are mainly
caused by a lack of context awareness or domain-specific ex-
pertise. Since hallucinations are difficult to distinguish from
factual information, they can have serious negative conse-
quences, including the spread of false information and a de-
cline in user trust (Huang et al. 2025).

By combining the advantages of information retrieval
with the creative powers of LLMs, RAG systems prove to
be a potent remedy for these constraints. This makes it pos-
sible for RAG systems to handle knowledge-intensive activ-
ities like answering domain-specific queries or referencing
the sources of the information they have received, produc-
ing outputs that are more precise and relevant to the context
(Arslan et al. 2024). In addition, new graph-based architec-
tures are emerging, enabling RAG to provide more precise
and pertinent answers by relying on KGs (Edge et al. 2024),
especially for complex questions that require synthesizing
information from multiple sources.

In the field of energy efficiency, Giudici et al. (Giudici
et al. 2023) investigated strategies to improve comprehen-
sion and maximize energy usage to satisfy EE by utilizing
LLMs. Their chatbots answered broad queries with ease and
coherence, but they were inaccurate when asked domain-
specific questions, emphasizing the necessity of coupling
LLMs with other retrieval methods. Arslan et al. (Arslan,
Mahdjoubi, and Munawar 2024) proposed Energy Chatbot,
a vector-based multi-source RAG with the aim of enhanc-
ing decision-making for SMEs, by providing comprehensive
Energy Sector insights through a Question Answering sys-
tem. Important conclusions highlight how the system’s ca-
pacity to provide precise, pertinent, and consistent informa-
tion is greatly improved by the integration of a RAG, par-
ticularly when using the Llama3.1:8B model. However, a
Graph-based solution is still missing. Similarly, Bruzzone
et al. (Bruzzone et al. 2023) improved urban planning sim-
ulations by integrating a RAG system with a chatbot run-
ning with GPT4. This technology provides accurate infor-
mation to urban planners and encourages sustainability ac-
tivities by dynamically simulating various urban environ-
ments. Finally, using multiple publicly accessible electric-
ity usage KGs, another study (Fortuna, Hanzel, and Berta-
lani¢ 2024) examined Graph-based RAG techniques to an-
swer complex questions on electricity. The combination of
RAG and LLMs utilizing publicly available electricity con-
sumption KGs yields encouraging outcomes, according to
key findings.

To the best of our knowledge, there is no previous work
leveraging a Graph-based RAG architecture that investigates
the strengths and challenges of Human-AI Collaboration for
EE using an HCAI approach.
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Figure 1: Proposed UI/UX Wireframe. According to Prom-
eteus principles, (1, 2) user intentions are conveyed through
interactive components like the text input field and multi-
ple contextual action buttons (box icons). (3) Actions are
designed to be fast, incremental, and reversible, with users
receiving (4) clear feedback, (5) progress indicators, and (6)
completion reports for confirmation.

Methodology

To achieve EE, it is important to engage users by offer-
ing energy-saving recommendations and motivating them
to adopt more efficient habits (Stewart et al. 2018). In cer-
tain cases, achieving this goal can be challenging, especially
when users are asked to change behaviors they have fol-
lowed for a long time. Also, habits developed within the
home can be difficult to change, as users may perceive
the recommendations as intrusive. To persuade them of the
soundness of the recommendations, the Agent must lever-
age the dual foundation of human reasoning, made up of
both rationality and emotions (Rolls 2019). In this way, by
adapting to users, the Agent significantly increases the like-
lihood of success. Otherwise, there is a considerable risk
of forcing users to adapt to the Agent, which could re-
sult in them rejecting the recommendations and failing with
EE (Jensen et al. 2018). At the same time, the Agent needs to
take into account the uncertainty of human communication,
which arises from the inherently ambiguous nature of natu-
ral language, and the fuzziness of human reasoning, which
is caused by the graded human cognition (Voskoglou 2014).
Thus, inferring the real intent of the user is required, and act-
ing accordingly ultimately minimizes the damage caused by
incorrect interpretations. For these reasons, our Agent is de-
signed to prioritize the human experience, and the underly-
ing methodology focuses more on Human-AI Collaboration
and HCAI aspects over technical requirements.

We imagine it as a tool to augment human capabilities and
improve their performances in doing tasks like gathering in-
formation and understanding complex regulations, all aimed
at achieving the goal of EE. Fig. 1 shows the UI/UX Wire-
frame of the designed application. The UI/UX follow some
design rules, formalized by Shneiderman as the Prometeus
principles, aimed at increasing the system comprehensibil-
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Figure 2: A high-level view of the proposed Interaction
Scheme between the humans and the Agent. Agent inter-
acts with the users keeping track of their User Context. It
uses a custom Business Logic for decision-making and co-

ordination, while a Knowledge Base contains all the domain
knowledge required to provide the recommendations.

Knowledge Base

Domain knowledge,

definitions, relationships, etc.

ity, predictability, and controllability (Shneiderman 2020).
In particular, our agent must have (1) a consistent interface
to enable users to set their intentions, (2) a visual display
of the objects and actions of interest, (3) rapid, incremental,
and reversible actions, (4) informative feedback after each
action, (5) progress indicators to show the current status, and
(6) completion reports to confirm the success or the failure.

We propose leveraging Al to develop a Conversational
Agent by putting into practice the above-mentioned collabo-
rative goals, and designed to provide accurate recommenda-
tions based on domain-specific energy-related information
retrieved from official documents. It acts as an intermediary
between the users and a Knowledge Base, using a custom
rule-based Business Logic for decisions and coordination,
and taking into consideration a User Context to provide tai-
lored answers based on each user’s profile and preferences.
Fig. 2 shows a high-level view of the proposed Interaction
Scheme. While communication between users and the Agent
is made with natural language, this latter uses function call-
ing to interact with the Business Logic. It does not allow
direct communication between users.

Diving deeper into technical details, the Agent relies on
KG-based RAG architecture that couples LLMs’ excep-
tional natural language processing and understanding capa-
bilities with the KG’s retrieving and reasoning abilities. The
KG is trained one-off on domain-specific EE source docu-
ments, and is then queried by the retriever using the SPARQL
Query Language to obtain relevant information. The use of
a KG-enhanced RAG guarantees reliable citation of sources,
prioritizing system accountability, fairness, interpretability,
and transparency, while enabling local reasoning processes
to handle complex questions and provide the users with ac-
curate and factual answers.
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Results and Discussion

We assess the effectiveness of our Conversational Agent in
(RQ1) delivering correct and relevant EE answers and in
(RQ2) adapting to the user context and profiling informa-
tion. With this aim, we carry out a preliminary evaluation by
first training the Agent on source documents in Italian lan-
guage on energy consumption, EE, regulations, and incen-
tives from Italy and Switzerland. Then, we create a ground-
truth dataset of 101 question-answer pairs on the same top-
ics of the source documents. Finally, we develop a prototype
of our Agent and include into the ENERGENIUS Guru, a
Decision Support System (DSS) on EE aimed at providing
users with useful recommendations, with a particular focus
on the answer accuracy and the proper citation of the source
documents to increase accountability and transparency.

Our preliminary results are obtained by tasking four
energy-domain experts to use the Agent, taking our 101
question-answer pairs and comparing the ground-truth an-
swers with the obtained ones. They are then tasked with the
evaluation of the answers using the RAGAs framework (Es
et al. 2024). In particular, an answer is considered valid if it
satisfies all three RAGAs properties: faithfulness, the answer
must be grounded in the given context, answer relevance, the
generated answer must directly address the provided ques-
tion, and context relevance, the retrieved context must be
concise and focused, containing minimal irrelevant infor-
mation. If the answer does not meet one or more of these
required properties, its score will be proportionally reduced
until it reaches zero.

Aggregated results show that (RQ1) answers are correct in
terms of the accuracy and correctness of the delivered con-
tent in the 75.2 &+ 2.7% of the cases.

Results also show that (RQ2) the Agent is effective in
adapting to the user context, in terms of language and lo-
cally relevant information. Indeed, in the 77.4 4 2.9% of the
cases it correctly answers to questions in Italian, and in the
73.0 £ 2.5% of the cases for questions in English. It cor-
rectly answers questions on Italy’s laws and regulations in
the 73.4 £ 0.9% of the times, 71.2 4+ 2.1% for Switzerland
ones, and 78.4 4+ 3.0% for generic questions (i.e., not related
to any specific country).

Users have reported that “the collaboration is strength-
ened by the presence of the source documents citations,
which enhance the perception of the Agent’s faithfulness”
and that “while some tips on energy efficiency are too gen-
eral, others are useful and easy to follow”. Finally, “the
system does not always find the requested information, but
when this happens, it displays an error message, enhancing
the perception of transparency”.

Conclusion

This work investigates the strengths and challenges of
Human-AI Collaboration for sustainability and climate
change consequences mitigation, highlighting the potential
of an Al-based Conversational Agent aimed at achieving
EE. The used HCAI design principles and methodologies
coupled with advanced technical solutions effectively enable
the Agent to offer recommendations on EE by integrating



domain-specific knowledge on energy and local regulatory
documents. It is meant to augment human capabilities in in-
formation gathering to reach the goal of EE in a collabora-
tive way.

Various elements enhance the Human-AI Collaboration
factor. While the adoption of the Prometeus Principles in
the design of the UI/UX increases the comprehensibility,
predictability, and controllability of the Agent “thereby in-
creasing the users’ self-efficacy”, the choice to design the
Agent with a KG-enhanced RAG optimizes the accuracy of
responses and enhances contextual relevance. The system
provides language-agnostic responses, thus decoupling the
content from its language, and uses contextual data such as
profile information or favorite country and language to tailor
answers to the users.

The preliminary results, obtained by integrating the pro-
totype of the Agent into the ENERGENIUS Guru, show
the system’s performance in responding with correct con-
tent and context, and in adapting to users’ uncertainty and
fuzziness.

Limitations and Future Work

This work serves as an initial exploration of the collabo-
ration between humans and Al to achieve EE. Our future
efforts will focus on expanding this concept by enhanc-
ing the Agent’s capabilities and performance. Additionally,
we plan to conduct comprehensive experiments involving a
larger group of users and utilizing more advanced evaluation
frameworks.
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