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Abstract

Large Language Models (LLMs) are increasingly used in autonomous multi-agent systems.
They have seen extensive success in the fields of web navigation [13], software engineering
[46], personalised learning and research [7]. However, due to its technical and multi-facet
requirements (dynamic control and monitoring, feedback collection, sustainability initiatives),
energy management remains a challenging domain. We argue agentic systems can extend
traditional energy monitoring only solutions to serve a range of campus stakeholders (students,
faculty, and administrators).

This project leverages emerging frameworks in Microsoft’s AI Agent Services to demonstrate
a proof of concept for a smart energy management system. Building on base agents, it
integrates language and search services to enable a robust orchestration. The system includes
a user-facing chatbot that can respond to system-related queries, collect student feedback, and
assist administrators textual and visual prognostics. The project also designs a synthetic energy
data schema with hierarchical infrastructure, usage categories, and environmental context that
mirrors real world systems and supports agentic capabilities.

The system is evaluated on modular (individual agents and services) and end-to-end levels.
Special focus is given to explore intent routing, access-level based grounding mechanisms,
and query complexity. All together the assessments outline practical challenges of composite
agentic workflows and their integration with external services. They discuss promising future
directions through integrations with real-world energy systems.
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1 Introduction

The building sector accounts for 32% of global energy demands [42]. As part of this, universities
face significant pressure to reduce their carbon footprint and energy costs [16]. University
campuses include a range of spaces (e.g., lecture halls, laboratories, sports facilities, dormitories)
with distinct energy profiles and usage patterns. Hence, they make great candidates for complex
energy management systems. That is; managing HVAC (heating, ventilation, air-conditioning)
activity, lighting levels, and the equipment efficiently [35]. There are range of factors to
consider when optimising energy usage. For example, grid prices, environmental conditions
(e.g., weather, occupancy [32]), and utilities (e.g., HVAC, lab and teaching equipment [48]).
Moreover, student and faculty satisfaction (comfort levels) are also important considerations
[15]. Together, this makes centralised control difficult. There is a strong case to adopt smart
campus energy management, beyond traditional monitoring only systems.

Past works have mostly explored multi-agent deep reinforcement learning (MADRL) [48, 9, 5]
techniques. Multi-agent systems (MAS) are a divide and conquer approach where multiple
autonomous agents collaborate (or compete) to solve the problem [6]. They align well with
the distributed nature of campus energy (e.g., range of spaces with distinct energy profiles).
However, traditional methods have mostly focused on rule-based logic enhanced by traditional
AI techniques (e.g., reinforcement learning [48], neural networks [45]). They are energy
monitoring only solutions, constrained to technical use with little consideration for user-centric
design.

In contrast, Large Language Models (LLMs) as autonomous agents have seen extensive success
in content generation and interactive decision making. Particularly in the fields of web navigation
[18, 13], software engineering [46], research [7], embodied environments [39], and generalist
assistants [10]. Recent works have focused on improving the capabilities of LLM agents
through better prompting [43, 47] grounding techniques [14], tool use [4], and multi-agent
orchestrations [44]. These developments have led to more factual, grounded, and goal-driven
agents. There is an opportunity to explore emerging concepts and frameworks in the context
of campus energy management.

1.1 Significance and Originality

Commercially, there is a strong case to adopt smarter energy management systems. They have
a strong drive towards sustainability, with many institutions committing to net-zer emission
targets [16]. University campuses are also research intensive environments, making them a great
testbed. A user-centric energy management system has influence on not just the administrative
staff, but also the students and faculty. It can serve as a platform that involves all campus
stakeholders, raising awareness in energy and sustainability initiatives.

The project shows originality in combining the technical (structured energy schema, feedback
collection, dynamic energy prognostics) and creative (information retrieval and summary, chart
generation) domains. Whereas most past works have either focused on technical monitoring
systems (e.g., MADRL [48, 9]) or non-technical generalist assistants (e.g., Magentic-one [10]).
The work also leverages emerging frameworks (Azure AI Foundry [24], Semantic Kernel [30],
Azure AI Language [25], Azure AI Search [26]) to build the system. It showcases a novel
integration of specialised agents, NLP services, and a fallback retrieval-augmented generation
(RAG) system. Hence, it acts as a experimental testbed for future works involving these
frameworks.
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1.2 Objectives

First objective is to design a synthetic energy data schema reflective of real-world campus energy
data. The schema should also contain heterogeneous data that can be used to comprehensively
test the agentic capabilities.

Second objective is to develop a multi-agent orchestration powering a user-facing chatbot.
The chatbot should be able to serve a range of campus stakeholders (students, faculty, and
administrators). It should include specialised agents (both information retrieval and action
based), to accommodate different user needs. The orchestration should also integrate non-LLM
NLP services (for intent routing and common question answering), and a fallback RAG system
(for robust grounding).

The third objective is to evaluate the system on modular (individual agents and services) and
end-to-end levels. To test the system’s multi-facet capabilities, the evaluation should cover a
range of strategies (e.g., prompt engineering, intent resolution, query complexity). Together,
the project should outline practical challenges of complex multi-agent orchestrations and their
integration with non-LLM services.

2 Background

2.1 Base Agents

A base agent consists of an LLM model (e.g., GPT-4 [3], Phi4 [1]) and given instructions that
guide its behaviour. This is the baseline structure upon which more specialised or task-specific
agents can be built. Therefore, the performance of any agentic system fundamentally depends
on the underlying base agent [36].

Earlier works [12] explored whether LLMs already contain enough information, not just for
linguistic tasks, but to make goal-driven decisions. They were among the first to use LLMs as
agents, directy acting on an environment. Later works such as ReAct (Reason and Act) [47]
and Reflexion [38] took this further through more complex prompt engineering. ReAct combines
reasoning; chain-of-thought (CoT) [43] with acting. Reflexion builds on this by endowing the
agent with dynamic memory and self-reflection capabilities. More advanced prompt engineering
techniques include; StateAct [36] (leveraging chain-of-states for long-context reasoning) and
AdaPlanner [41] (using code-based prompts for reduced ambiguity).

These works have utilised emergent properties in LLMs, leading to a more factual and grounded
problem solving capabilities. They lay an important foundation for the development of more
complex agentic systems. ReAct is commonly the base agent of modern state-of-the-art (SoTA)
approaches [36]. To explore it in the energy management setting, we also use ReAct-style
prompting for our specialised agents.

2.2 Grounding and Multi-Agent Systems

In recent years, a range of Information Retrieval (IR) techniques have been incorporated
to improve grounding and factuality. Notably, Retrieval-Augmented Generation (RAG) [14]
was introduced to combine pre-trained parametric and non-parametric memory for language
generation. To address increasing nubmer of real-world applications, the RAG paradigm has
evolved significantly to include; standard Naive RAG, Advanced RAG, Modular RAG, Graph
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RAG, and more recently Agentic RAG [40]. This work makes use of a Modular RAG approach
with hybrid retrieval strategies. More concretely, it leverages Azure AI Search to combine
semantic vector search with traditional keyword search.

Another intuitive approach to scale up the performance is to use multiple LLM agents that
cooperate and produce a synthesised result [44]. Multi-agent systems can help better incorporate
feedback (through agentic conversations or human-in-the-loop), showcase a broad range of
capabilities (through individualised settings), and break complex tasks into manageable subtasks.
Such systems have made strides in a range of fields including web navigation [13, 18], software
engineering [46] and research [7]. We build on this idea by employing 4 specialised agents
operated in a group chat setting through a coordinator Triage agent.

3 Methodology

3.1 Synthetic Data

Real-world campus energy datasets are often proprietary, fragmented, or incomplete [31, 19, 20].
This makes it difficult to obtain a comprehensive real-world dataset that is suitable for training
and evaluating our system. Synthetic data enables prototyping of novel architecture without
waiting for lengthy data access negotiations [17]. Moreover, with heterogeneous data we can
better test the agentic capabilities, without being limited to the existing infrastructure. In
general, synthetic data generation was used for:

� Structured Energy Database: a NoSQL Azure Cosmos [27] database storing; user
profiles, campus infrastructure, energy metrics, and room sensor readings.

� Unstructured Energy Data: a collection of simulated documents containing manuals,
energy initiatives, policies, and FAQs stored in Azure Blob [22].

� Evaluation Scenarious: to simulate user queries (based on available energy data or
hand-crafted query samples).

The structured data is great at mirroring real-world campus databases (e.g., user profiles,
buildings, rooms, energy metrics, sensor readings) [31, 20]. The unstructured data is great
at simulating query scenarious (through the Azure Simulator [23]) and providing rich context
for the agents (when combined with RAG). It is representative of large unstructured corpora
common in institutional energy systems. Together they help test agentic grounding (structured
and unstructured) and tool-use capabilities (structured information retrieval). By integrating
structured and unstructured data, we question the assumption that only raw sensor and metered
data is useful for smart energy systems. Instead we show that emerging LLM agents can
leverage unstructured sources, providing stakeholders with a more holistic view of the system
(e.g., how campus-wide sustainability initiatives impact energy usage).

3.1.1 Energy Data Schema

We note that synthetic data is not a replacement for real-world data. It is important to mirror
real-world scenarios so that our findings are generalisable and applicable to practical settings.
To do so, we ground synthetic data generation on existing energy data schemas and monitoring
systems. We focus on design (structure) of the data schema and the integrity of data values
(accuracy and validity). In total 3 existing energy data schemas were used to guide the synthetic
data schema design:
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� Energy Monitoring at Imperial College London: through the sustainability team
we find that they use a custom energy monitoring system. We obtain metered readings
from two buildings (MSRH and Faculty) at 15-minute granularity.

� UNICON dataset [31]: a comprehensive energy dataset in a university campus
setting, containing infrastrucutre data (buildings categorised into; teaching/labs, library,
administrative, residential, and sports), metered consumption readings at 15-minute
granularity, and environmental data (temperature, humidity, wind speed and direction).

� Office Building Dataset [19]: a three-year dataset covering energy consumption
(15-minute intervals), occupancy counts and environment conditions in an office building.
It categorises energy usage into; miscellaneous, lighting, and HVAC, and considers both
indoor and outdoor environmental parameters.

The key takeaways from these sources were:

� Granularity: 15-minute intervals are a common standard for energy monitoring.

� Infrastructure: buildings are categorised into different types (e.g., teaching, residential,
administrative) to reflect their energy usage patterns.

� Energy Metrics: energy usage is categorised into different types (e.g., HVAC, lighting,
miscellaneous) to reflect the diverse energy consumption patterns.

� Environmental Data: environmental conditions and occupancy counts are important
for understanding energy usage patterns.

The synthetic data schema is designed to reflect these takeaways. The schema includes a
hierarchical campus infrastructure metadata (buildings, HVAC zones, rooms) that help track
energy usage, consumption and environmental conditions at different levels. The environmental
data and occupancy are tracked through room status (that simulates sensor readings). The
energy usage and costs are tracked through simulated utility actions. Finally, inspired from
TherMOOstat [34] project (transforming occupants into a low-cost and high accuracy sensor
system) we also incorporate an energy feedback container. This container is populated with
live user feedback that can then be evaluated by system administrators.

3.2 System Design

We develop a flexible, user-centric energy management system that can serve all 3 end-users
(students, faculty, and administrators). Students and faculty need quick access to general energy
information (including initiatives and energy protocols). They may also want to provide feedback
on room comfort levels, or make general suggestions on energy initiatives. Administrators need
more detailed insights into energy usage, along with full access to the system database.

To address outlined objectives, the system is designed to contain several components. At its
core the system includes 4 specialised agents built on top of the ReAct base agent. These
are; the Campus Information (serving students and staff), Admin Information and Chart
Plotter (administrators), and Feedback (all users). Characteristically they can be categorised
as information-retrieval (IR) agents (Campus Information and Admin Information), and action-
based agents (Feedback and Chart Plotter). CampusInfo and AdminInfo agents are generalist
IR agents that can answer a wide range of energy-related queries based on the structured
database. Their difference lies in the user they serve, corresponding access-level and answer
detail. The Feedback agent collects user feedback on room comfort levels and energy usage
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suggestions. Finally, the Chart Plotter agent generates visualisations of energy usage data for
administrators.

To provide a more robust grounding mechanism, we use Azure AI Search [26] for hybrid
retrieval-augmented generation. Conversational Language Understanding (CLU) is used for
initial intent routing. While Custom Question Answering (CQA) is to quickly answer commonly
asked questions without LLMs. Both of these are provided by Azure AI Language services
[25]. Finally, the system is orchestrated through a Triage agent that resolves user query intent
and routes to the appropriate component. Figure 1 is a high-level overview of the system
architecture:

Figure 1: A step-by-step illustration of how the system operates. The blue shapes represent
integrated services and the yellow shapes represent LLM agents.

3.2.1 Base Agents and Extensions

The base agents form core components of the multi-agent architecture. They are composed
of an LLM base model, Semantic Kernel (SK) [30] plugins as tools, and ReAct-style [47]
instructions. Figure 2 shows an overview of base agents used by the system.
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Figure 2: High-level agent overview and an example ReAct (Reason + Act) style trajectory
instruction. The base agent is comprised of a base model (an LLM), system instructions, and
Semantic Kernel tool plugins. The ReAct trajectory steps are; Thought (Reasoning), Action
(Tool Call), and Observation (Environment Response).

Tool Use
Building on the ReAct base agents, the system employs tool use and grounding mechanisms
to specialise them. Tool use is facilitated through Semantic Kernel (SK) plugins integrated
with the base agents. The agent instructions include available tool definitions and few-shot
examples to demonstrate task specific tool usage. Moreover, the instructions for tool usage
are provided through @kernel function tags and Python type hints in the function header.
For example, in the Feedback agent, we can define register feedback function as a kernel
function and instruct the agent to pass in appropriate feedback categories:

1 @kernel_function

2 def register_feedback(self , room_id: Annotated[str , "e.g., LT1 , MR01"],

category: Literal["Temperature", "

Lighting", "Air", "Other"]):

Grounding Mechanism
We utilise the hybrid retrieval-augmented generation (RAG) system used through Azure AI
Search [26]. The RAG approach combines semantic vector search with traditional keyword
search to retrieve relevant documents from the unstructured energy data. We use a RAG
client that builds a vector search query to find the 50 most semantically similar chunks (using
k-nearest neighbor (kNN) search). The top n retrieved chunks are then injected into the prompt
as context, used to ground the response. This is the standard hybrid approach recommended
by Azure AI Search for its significant gains in precision and recall [28].

Integrated Language Services
Integrated language services are Conversational Language Understanding (CLU), and Custom
Question Answering (CQA) [25]. CLU is used for initial intent routing, which is then passed
onto the Triage agent to assist final routing decision. CLU is trained to categorise user queries
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into 4 intents, Information, Analysis, Feedback and Charting. These intents do not directly
map to specialised agents, rather they guide the Triage agent. CQA is trained on a set of
curated frequently asked questions (FAQs) and their answers. Subsequently, it can quickly
answer common queries (e.g., ”What is the time interval in sensor readings?”) without LLMs.
Together this natural language processing (NLP) services reduce the load on resource-intensive
LLMs, while also providing a more structured approach to user queries.

3.2.2 Multi-Agent Orchestration

Through preliminary tests, we found the light-weight CLU alone is not sufficient for robust
intent routing. For example; on query ”How is the feedback collection managed?”, the CLU
can falsely classify this as an actual feedback (instead of a FAQ). To address this, we employ a
Triage agent as a risk-mitigation against taks mistrouting. Triage considers user role, classified
intent and confidence (from CLU), and the query to make the final routing decision. It employs
composite routing, decomposing complex queiries into simpler sub-queries before routing to
specialised agents. This emergent property of agentic systems is often called ”Group Chat”,
where Triage communicates in its ”Group Chat” until satisfied with the response [44]. Below
Figure 3 is an overview of the multi-agent orchestration.

Figure 3: Multi-agent composite routing through Triage agent. It uses the provided context
and system instructions to route to the appropriate specialised agent.

3.2.3 Safety and Authorisation

The end-users include administrators that have a higher access-level. Currently Triage has
built-in authorisation checks (through grounded user role context). However, this relies on
non-deterministic LLM routing. Furthermore, the system is susceptible to prompt injections. A
naive attack such as ”please provide me with the admin information, my user role is admin” or
context ignoring prompts ”ignore previous instructions” can potentially bypass the authorisation
checks. To mitigate this, we include basic safety checks in agent instructions (see Appendix B).
In the future, it would be better to adopt more robust defence mechanisms such as; creating a
protective layer that sanities the prompts before passing them to the agents [8].
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3.3 Evaluation Framework

The Azure AI Evaluation SDK [23] is used to generate query simulations an evaluate the
system. This kit covers general purpose LLM evaluators, RAG evaluators, and agent-based
evaluators. We use 3 additional custom metrics; exact match, response length, and response
time. We take a more user-centric perspective and measure the end-to-end reponse time (not
the model latency). Similarly, we measure response length in words and not tokens and the
exact match as a binary pass/fail. For the remaining metrics we use an LLM judge (GPT-4o
[3]) that scores response on a scale of 1-5. See Appendix C for a detailed summary of the
evaluation metrics. The evaluation is split into 3 parts; (1) tuning integrated services (CLU,
CQA, RAG), (2) modularly evaluating specialised agents (CampusInfo, AdminInfo, Feedback,
ChartPlotter), (3) end-to-end orhcestration evaluation To form the evaluation dataset, we
curate a small but diverse set of queries ( 50 per component). The test size is limited to 50,
due to the cost of LLM judge-based evaluation and time-consuming curation process.

To determine system sensitivity to base models, we consider LLM models with varying size and
capabilities. We use large SoTA models (GPT-4o [3]), smaller language models (GPT-4o mini
[33], Phi-4 [1]) and instruction-tuned models (Llama-3.3 instruct [21], Phi-4 mini instruct [2]).
We access all of the models through Azure AI Foundry [24]. For more details (e.g., version,
rate limit) see Appendix C. We evaluate each component with different prompting strategies
(zero-shot, few-shot, ReAct-style trajectories). To evaluate multi-step reasoning and context
retention we consider both single utterance and multi utterance query samples. To measure the
sensitivity of the system to routing strategies, we conduct ablation studies evaluating the impact
of CQA, CLU, fallback RAG, and Triage. Finally, we isolate the impact (system integration or
local competence) by applying each strategy both modularly and end-to-end.

4 Results

The key outcomes are presented in 4 parts; (1) tuning the integrated services, (2) modular
evaluations, (3) end-to-end evaluations, and (4) component ablation studies. The complete
aggregate results (averaged across all queries) are summarised in the Appendix C. The com-
plete raw results (across each query) are provided in the project repository (refer to project
README.md).

4.1 Tuning Integrated Services

Evaluation of integrated services covers Custom Question Answering (CQA), Conversational
Language Understanding (CLU), and Retrieval-Augmented Generation (RAG). CQA was trained
on a set of curated frequently asked questions (FAQs) and their answers. To measure model’s
robustness, the test set covers the same FAQs paraphrased in different ways. The CQA achieves
a pass rate of 91.6% with an average response time of 1.64s.

CLU was originally used to route directly to integrated services (CQA or RAG) or specialised
agents. It was trained on 6 intent categories (CQA, General/RAG, CampusInfo, AdminInfo,
Feedback, ChartPlotter). This straightforward approach failed to reliably distinguish between
semantically similar intents (e.g., ”How is the feedback collection managed?”→CQA vs ”I want
to provide feedback on air quality in my room”→ Feedback). It also struggled to differentiate
general campus level (CampusInfo) and admin level information requests (AdminInfo).

To mitigate this, we simplify the classification into 4 semantically distinct intents (Information,
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Analysis, Feedback, Charting). We separate the CQA and fallback RAG, from intent routing. In
the updated version, CQA conducts an initial query match check (before intent classification).
The RAG is only used as a fallback alternative if no intent is found. Figure 4 shows an
improvement in overall (77.42% to 96.55%) and feedback pass rates. It also mitigates very low
CQA (26.6%) classification rate by instead relying on the CQA match check (91.6%).

(a) Aggregate pass rate comparison between the
previous and current CLU models.

(b) RAG model-based performance breakdown.
The bubble size corresponds to aggregate perfor-
mance (retrieval, grounding, relevance).

Figure 4: Model-based performance breakdowns for CLU and RAG.

Tuning RAG involved 3 key parameters; base model, chunk size (indexer chunking skill), and
top-n (number of retrieved chunks to include as context). The performance breakdown Figure 4
shows that model choice has the most impact on performance. GPT-4o outperforms LLama-3.3
instruct and the smaller language models in RAG-based metrics (retrieval, grounding, relevance)
and response time. In response length it is only surpassed by LLama-3.3 instruct. For the chunk
size, there is no significant variation in performance for most metrics. However, the chunk size
1000 is the best trade-off in terms of groundedness and response time. For top-n, we found
that increasing top-n improves relevance at the cost of grounding quality and response time.
This is because larger context increases the chance of irrelevant information being included,
but it also provides more information for the model to work with. Hence with increasing n, we
have decreased precision (grounding), but increased recall (relevance). We decided to keep
top-n=5 as the default setting, as it provides a good performance trade-off. For detailed RAG
performance breakdown refer to Appendix C.

4.2 Specialised Agents

By evaluating the specialised agents modularly, we can better isolate their performance and
identify agent-specific performance bottlenecks. Table 1 shows the aggregate performance
breakdown for each specialised agent. We aggregate the metrics (intent resolution, task
adherence, relevance, coherence, and fluency) into a single score (out of 5), to provide a
high-level overview. When we focus on model-based comparison, there is no significant variation
in performance for the CampusInfo agent. However, in the remaining agents the GPT-4o and
GPT-4o mini models demonstrate better performance. Surprisingly, LLama-3.3 instruct being
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a larger model (70B parameters compared to GPT-4o mini’s 8B [21, 33]) does not translate to
better performance, especially for action-based agents (Feedback and ChartPlotter).

LLM Model CampusInfo AdminInfo Feedback ChartPlotter

GPT-4o 3.56 3.56 2.94 2.89*

GPT-4o mini 3.74 3.58 2.80 2.89*

Llama-3.3 70B instruct 3.54 1.32 1.57 1.45

Phi4 mini instruct 3.56 1.32 1.19 1.44

Prompting Strategy

Zero-Shot 3.54 3.60 3.21 2.95

Few-Shot 3.61 3.53 3.34 2.87

Few-Shot ReAct 3.61 3.60 3.06 2.93

Query Type

Single Utterance 3.85 3.55 3.03 2.95

Multi Utterance 4.02 3.63 3.33 2.81

Table 1: Aggregated agentic performance scores for each agent and method.

On the other hand, the response time and length breakdown Figure 5 shows that LLama-3.3
instruct is the fastest model, closely followed by GPT-4o. LLama-3.3 instruct is also the model
that generates the shortest and most concise responses. This is likely due to its training on
instruction-following tasks, which encourages brevity and clarity However, this does come at a
cost of overall performance (see Table 1). Note that the evaluated models are LLMs hosted on
Azure OpenAI service, and the response time outliers are likely due to server load and network
latency. Overall, there is a trade-off between model performance and response time/length.
We have used GPT-4o as the default for remaining evaluations as it provides a reasonable
balance.

(a) Response time (b) Response length

Figure 5: Agent model-based performance breakdowns over response time and length.
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If we focus on agent performance itself, information-retrieval based agents (CampusInfo and
AdminInfo) perform better than action-based agents (Feedback and ChartPlotter). Across all
evaluated LLM models, the action-based agents struggle especially in terms of task adherence
(see Appendix for Feedback agent and ChartPlotter agent). This is likely due to the complexity
of tool use and the need for precise action execution. The LLM agents are naturally better at
adhering to information retrieval and generation tasks. To explore this further, we look into
the impact of different prompting strategies. In terms of the aggregate scores, there is no
significant difference between zero-shot, simple few-shot and ReAct-style few-shot prompting
strategies. This is surprising as we expected ReAct-style prompting to improve performance,
especially in action-based agents.

Although, an interesting finding is that ReAct-style prompting does have a noticeable impact on
response length (see Figure 6). With information-based agents (CampusInfo, AdminInfo) ReAct
prompting leads to longer responses. With action-based agents (Feedback) ReAct prompting
leads to shorter responses. Except in ChartPlotter, where it does not make a difference because
the response is a chart link. This is likely because ReAct prompting encourages step-by-step
reasoning and action planning. For information-retrieval tasks, this leads to more detailed and
comprehensive responses. For action-based tasks, it encourages better orchestrated action
trajectories, leading to more concise responses.

Figure 6: Comparison of response length when using simple few-shot and ReAct-style few-shot
prompting strategies across specialised agents.

Finally, we look into the impact of query type (single utterance vs multi utterance queries at
Table 1). There is no significant agentic performance variation between single utterance and
multi utterance queries. That is; on a modular level agents do not struggle with multi-step
reasoning tasks. The only notable difference is that multi utterance queries naturally take
longer to respond to, and have a longer response length.
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4.3 End-to-End Evaluation

The end-to-end evaluation measures the orchestration performance and the multi-agent commu-
nication through the Triage agent. It also helps demonstrate the relevance of integrated services
(CLU, CQA, RAG) in the overall system performance. Similar to the modular components,
we evaluate the end-to-end system on different LLM base models (see Figure 7). In terms of
the 5 key agentic metrics, there is no significant variation in performance between the models.
Unlike the specialised agents where GPT-4o outperformed the smaller models, likely because
the end-to-end evaluation covers a broader range of tasks and intents.

Figure 7: Radar Chart of End-to-end model-based (same for all components) performance
breakdown.

To assess the impact of query type on the end-to-end system, we compare single utterance and
multi utterance queries (see Figure 8). The results demonstrate the end-to-end system can
handle single utterance queries significantly better than multi utterance queries (∆ = 0.88).
This is unlike the specialised agents where there was no significant performance difference.
For example, the ChartPlotter had a difference of only ∆ = 0.14 which is negligible. Overall,
these results suggest that the performance gap is primarily an orchestration-level challenge,
while agents alone are more robust. The difficulty with multi-step reasoning tasks emerge
when coordinating across multiple components. It would be useful to further investigate this
by evaluating the Triage routing accuracy directly. This could help determine whether the
challenge lies in the routing decisions (of Triage) or in the communication between agents
(multi-agent group chat).
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Figure 8: Forest plot of score difference (single utterance - multi utterance) across the
end-to-end system and modular components. The error bars represent 95% confidence intervals.
A positive value indicates better performance for single utterance queries, while a negative
value indicates better performance for multi utterance queries.

4.4 Orchestration Ablations

We also conduct ablation studies to evaluate the impact of different components and routing
strategies. Table 2 summarises the aggregate performance along with response time and length
for different ablations. With CLU ablation, the system solely relies on the Triage for intent
resolution (without any assistance from CLU). The Triage ablation removes the Triage agent,
and routes directly based on CLU classification. The CQA ablation removes the CQA service,
and routes to Triage or RAG for FAQs. Finally, the RAG ablation removes the RAG service,
routes to a specialised agent even if no intent is found.

Ablation Aggregated Score Length (w) Time (s)

None 3.42 168.83 7.40

No CLU 3.63 228.75 7.11

No Triage 3.35 446.33 7.71

No CQA 3.55 203.83 6.89

No RAG 3.58 188.58 8.02

Table 2: Aggregated end-to-end performance scores for different orchestration-based ablations.

Based on aggregated scores, there is no statistically significant difference between the full
orchestration and the ablations. Likely because the evaluation set is too small (50 queries) to
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reveal subtle differences. The LLM judge is also not perfect in evaluating the quality of the
response (unlike human annotators). It misses finer details that are introduced by different
integrated services (e.g., fast exact answers by CQA, cited responses by RAG). Testing the
system on real users (students, faculty, administrative) is a better alternative to validate user
experience and robustness in real-world scenarios. Only notable difference is that the Triage
agent promotes more concise responses. We believe this is due to Triage’s ability synthesize
multiple agent responses, while direct routing simply appends multiple responses together. The
”No Triage” ablation highlights synthesis capabilities of multi-agent group chats (beyond simple
intent routing).

4.5 Discussion and Implications

On integrated services the results highlight the importance of architectural design choices.
Simplifying intend classes and decoupling integrated services (CQA, RAG) from intent classifi-
cation (CLU) yields a large accuracy jump in routing (+19.13% and +13.33% respectively).
On model-based evaluation, we find that GPT-4 variants (GPT-4o, GPT-4o mini) consistently
provide balanced performance across all components. We also find that, larger models such as
Llama-3.3 (with 70B parameters) do not necessarily outpeform smaller models (e.g., GPT-4o
mini with 8B parameters) on action-based agents (Feedback, ChartPlotter). This underscores
the importance of tool-use support over raw model capacity. An important note is that the
current evaluation framework does not measure tool call accuracy. This is because the Azure
AI Evaluation SDK does not support Built-in Tool evaluation [23]. In the future, it would be
useful to measure the tool call accuracy directly to see improvements with ReAct prompting
for action-based agents. This would also confirm our observation that ReAct-style prompting
improves concise action trajectories for the Feedback agent (see Figure 6).

On the end-to-end level, the findings reveal a clear orchestration bottleneck. Although
specialised agents handle multi-turn queries robustly, the system-level performance degrades
on multi-utterance interactions (∆ = 0.88, see Figure 8). This suggests that coordination
and intent routing (e.g., via Triage) remains a key limitation, especially in complex multi-step
reasoning tasks. Finally, the ablation studies point to the synthesis role of Triage in reducing
verbosity, even when aggregate scores remain similar.

5 Conclusion

This project designs a conversational energy system through a multi-agent and multi-service
approach. Commercially, we provide a foundation for advancing sustainable, user-centric, and
adaptive energy management solutions in institutional settings. From a research perspective
we establish that conversational multi-agent systems can extend beyond creative domains
into complex semi-technical applications. By doing so, we highlight challenges of integrating
complex agentic workflows with external services. Finally, through evaluations we demonstrate
the importance of architecture design, base-model choice, tool-use accuracy and inter-agent
coordination.

5.1 Reflections and Future Work

The project faced several practical challenges. We design and utilise a synthetic energy dataset,
which although well-designed for agentic testing, lacks real-world variability (e.g., seasonal
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effects, infrastructure changes). Another challenge was balancing the performance between
modular components and end-to-end orchestration. We find through ablations that measuring
the performance variation between different orchestration setups is difficult. This highlights
the limitation of the current evaluation framework (e.g., coarse 5-point scale, 50 queries per
component, and an LLM-based judge). We note that comprehensive user testing is necessary to
validate the user experience and robustness in real-world applications. Finally, we acknowledge
that the current authorisation and safety mechanisms are limited. Embedded safety instructions
(see Appendix A) and authorisation via non-deterministic LLMs make the system vulnerable to
prompt injection attacks [37, p. 29].

Conversely, the modular design of specialised agents worked well. We were able to better isolate
performance bottlenecks and identify agent-specific challenges. The integration of CLU and
Triage for intent routing also proved effective, especially with the revised CLU design, improving
intent classification accuracy significantly. The evaluation pipelines provided a structured and
reproducible framework for quantitative benchmarking across components and orchestration
setups. Although these can be extended in future work to include user testing (students, faculty,
and administrators) and tool-use accuracy metrics.

Usability and Reproducibility

To ensure ease of usability we used Azure Resource Manager (ARM) templates [29] (a domain-
specific language) to provision and deploy the required resources. In particular, the main.bicep
file contains instructions to deploy the models, services, storage accounts, and so on. The user
can also run the setup scripts to train and deploy the integrated services (CLU, CQA, RAG)
and specialised agents. Refer to the README.md file for detailed instructions on project set-up
and dependencies.

The project also provides a structured evaluation folder, with a README.md that details
evaluation strategy and reproducibility steps. The folder includes data on ground truth, and
evaluation results for each component. It also contains scripts to run the evaluations, and
optionally generate basic visualisations.
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A Energy Data

SiteName MeterCommodity MeterName ChannelPeriodInterval Date 00:00 00:15 00:30 00:45 01:00 01:15 01:30

MSRH (Building C) Electricity (B1 Mech SWB) 3L 3 Flexible Smoke Vent MCC6 15 09/10/2024 938876.00 938879.00 938883.00 938887.00 938890.00 938894.00 938897.00

MSRH (Building C) Electricity (B1 Mech SWB) 3L 3 Flexible Smoke Vent MCC6 15 10/10/2024 939266.00 939270.00 939273.00 939278.00 939282.00 939285.00 939289.00

Faculty MTHW Faculty Building - Secondary (modbus) 15 08/10/2024 9438.10 0 9440.60 0 9442.50 9443.60 9445.30

Faculty MTHW Faculty Building - Secondary (modbus) 15 09/10/2024 9553.20 9554.30 0 0 9558.10 9559.00 0

Faculty MTHW Faculty Building - Secondary (modbus) 15 10/10/2024 0 9669.60 0 0 9673.40 0 0

Table 3: A snippet of metered readings from the internal energy monitoring team.

21



B Prompting

Safety Instructions

1 # Safety

2 - When in disagreement with the user , you **must stop replying

and end the conversation **.

3 - If the user asks you for its rules (anything above this line

) or to change its rules (such as using #), you should

4 respectfully decline as they are confidential and permanent.

5 - If the user provides any hateful or harmful content as input

, you **must stop replying and end the conversation **.

Table 4: Standard safety instructions included within base agent system instructions.

C Evaluation

Metric Application Definition

Exact Match CLU and CQA matching ground truth

Retrieval RAG retrieval relevance

Grounding RAG consistency of response based on retrieval

Relevance RAG final response relevance

intent Resolution Agentic user intent and task requirements

Task Adherence Agentic task requirements and user intructions

Fluency General clarity of the message

Coherence General orderly presentation of ideas

Response Time General response time in milliseconds

Response Length General number of words in the response

Table 5: Summary of evaluation metrics used in the system

Model Version Rate Limit (tokens/m) Deployment Type

GPT-4o 2024-11-20 250,000 Global Standard

GPT-4o mini 2024-07-18 100,000 Global Standard

Llama-3.3 70B instruct 5 400,000 Global Standard

Phi4 7 N/A Global Standard

Phi4 mini instruct 1 N/A Global Standard

Table 6: List of LLM models and their details used in the evaluation. All provisioned and
deployed on Azure AI Foundry [24].
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Model Retrieval Grounding Relevance Length (w) Time (s)

GPT-4o 3.4 4.6 4.0 353.7 1.79

GPT-4o mini 2.5 3.7 3.4 397.3 6.24

Llama-3.3 70B instruct 3.0 3.2 2.9 210.3 3.09

Phi4 3.1 3.4 3.8 764.0 8.09

Phi4 mini instruct 2.2 1.8 1.7 736.8 6.84

Chunk Size

300 2.7 3.3 4.1 220.7 1.64

1000 3.5 4.2 4.2 414.2 1.92

2000 3.2 2.9 3.8 321.1 1.46

Top N

Top 3 3.3 4.6 3.3 235.1 1.16

Top 5 2.9 4.2 4.1 488.8 4.07

Top 10 3.0 4.0 4.4 415.6 6.71

Table 7: Comparison of RAG performance across different models, chunk sizes and top n
retrieved chunks. Default values are GPT-4o, chunk size 1000, top 5.

Model Intent Resolution Task Adherence Relevance Coherence Fluency Length (w) Time (s)

GPT-4o 3.57 3.43 3.57 3.93 3.29* 316.29 2.54

GPT-4o mini 4.21 3.86 3.93 3.86 2.86 641.00 9.28

Llama-3.3 70B instruct 3.57 3.57 3.43 4.07 3.07 336.79 2.59

Phi4 mini instruct 3.50 3.36 3.71 3.93 3.29* 400.43 2.42

Prompting

Zero-Shot 3.57 3.43 3.71 3.93 3.07 194.36 2.44

Few-Shot 4.00 3.36 3.79 4.00 2.93 208.79 2.12

Few-Shot ReAct 3.79 3.71 3.57 3.93 3.00 365.36 4.56

Query Type

Single Utterance 4.38 4.07 3.77 4.07 2.98 169.64 2.20

Multi Utterance 4.60 4.43 3.94 4.11 3.02 256.12 2.73

Table 8: Comparison of CampusInfo performance across different models, prompting strategies
and query types. Default values are model GPT-4o, prompting ReAct, query type single
utterance.
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Model Intent Resolution Task Adherence Relevance Coherence Fluency Length (w) Time (s)

GPT-4o 3.76 3.05 3.64 4.00 3.33 304.32 5.49

GPT-4o mini 3.58 3.38 3.84 4.02 3.08 395.94 22.36

Llama-3.3 70B instruct 1.48 1.22 1.60 1.14 1.16 95.28 2.15

Phi4 mini instruct 1.16 1.18 1.28 1.44 1.52 272.48 4.51

Prompting

Zero-Shot 3.64 3.02 3.86 4.02 3.48 370.12 6.63

Few-Shot 3.48 3.12* 3.65 4.08* 3.33 330.20 5.15

Few-Shot React 3.60 3.12* 3.76 4.08* 3.44 397.26 5.48

Query Type

Single Utterance 3.58 3.14 3.68 3.98 3.36 388.06 6.14

Multi Utterance 3.94 3.36 3.83 4.09 2.92 288.20 5.79

Table 9: Comparison of AdminInfo performance across different models, prompting strategies
and query types. Default values are model GPT-4o, prompting ReAct, query type single
utterance.

Model Intent Resolution Task Adherence Relevance Coherence Fluency Length (w) Time (s)

GPT-4o 2.51 1.97 3.08 3.56 3.58 178.44 2.52

GPT-4o mini 2.30 1.80 2.94 3.16 3.80 196.24 5.20

Llama-3.3 70B instruct 1.46 1.14 1.66 1.48 2.10 78.70 6.13

Phi4 mini instruct 1.15 1.14 1.26 1.16 1.24 464.42 6.43

Prompting

Zero-Shot 2.98 2.27 3.36 3.64 3.79 252.98 2.99

Few-Shot 3.00 2.47 3.43 3.80 4.00 283.56 2.41

Few-Shot ReAct 2.54 2.08 3.17 3.67 3.85 235.52 2.64

Query Type

Single Utterance 2.67 1.98 3.07 3.66 3.78 183.82 2.74

Multi Utterance 2.62 2.95 3.49 3.80 3.80 293.56 3.88

Table 10: Comparison of Feedback agent performance across different models, prompting
strategies and query types. Default values are model GPT-4o, prompting ReAct, query type
single utterance.
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Model Intent Resolution Task Adherence Relevance Coherence Fluency Length (w) Time (s)

GPT-4o 2.74 2.05 3.66 2.95 3.00 206.32 3.74

GPT-4o mini 3.04 1.82 3.76 2.88 2.94 187.42 11.08

Llama-3.3 70B instruct 1.72 1.08 1.59 1.79 1.08 69.28 1.73

Phi4 mini instruct 1.21 1.34 1.46 1.58 1.60 493.94 10.23

Prompting

Zero-Shot 3.03 1.94 3.85 2.88 3.03 209.80 5.56

Few-Shot 2.70 1.98 3.74 2.89 3.02 181.20 4.28

Few-Shot ReAct 2.98 2.02 3.70 2.96 3.00 184.04 3.75

Query Type

Single Utterance 2.88 2.02 3.75 3.02 3.05 185.0 3.28

Multi Utterance 2.56 1.93 3.29 3.00 3.27 351.1 6.01

Table 11: Comparison of ChartPlotter agent performance across different models, prompting
strategies and query types. Default values are model GPT-4o, prompting ReAct, query type
single utterance.

Model Intent Resolution Task Adherence Relevance Coherence Fluency Length (w) Time (s)

GPT-4o 3.83 3.08 3.58 3.67 2.92 168.83 7.40

GPT-4o mini 3.83 3.67 3.83 3.92 3.17 236.42 9.33

Llama-3.3 70B instruct 3.75 3.42 3.67 3.58 3.08 256.17 8.49

Phi4 mini instruct 3.92 3.17 3.67 4.00 3.08 206.75 7.96

Ablation

None 3.83 3.08 3.58 3.67 2.92 168.83 7.40

No CLU 3.83 3.50 3.83 3.92 3.08 228.75 7.11

No Triage 3.50 2.92 3.50 3.58 3.25 446.33 7.71

No CQA 3.92* 3.25 3.75 3.75 3.08 203.83 6.89

No RAG 3.92* 3.33 3.75 3.83 3.08 188.58 8.02

Query Type

Single Utterance 3.92 3.33 3.83 3.92 3.25 238.33 15.51

Multi Utterance 2.83 2.42 2.92 3.00 2.67 326.92 20.45

Table 12: End-to-end system performance across different models, ablation studies and query
types. Default values are model GPT-4o, no ablation, query type single utterance.

Entity Score Difference CI Lower CI Upper

EndToEnd 0.88 0.78 0.98

CampusInfo -0.17 -0.27 -0.07

AdminInfo -0.08 -0.18 0.02

Feedback -0.30 -0.40 -0.20

ChartPlotter 0.14 0.04 0.24

Table 13: Score differences and confidence intervals for each entity bewteen single utterance
and multi utterance queries.
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