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Abstract. Traditional decision-making processes often struggle to cap-
ture diverse stakeholder perspectives and anticipate potential outcomes.
Complex decisions and persuasions might rely on insights and perspec-
tives which might not be available. In this paper, we leverage recent
advances in large language models and retrieval-augmented generation
to introduce APOLLO—an Architecture and oPen-source system that
Orchestrates Large Language mOdels. APOLLO coordinates multiple
LLMs by engaging them in collaborative discourse to reach a consensus
on user-defined prompts. This system enables HCI and AI researchers
and practitioners, and allows them to explore and experiment with LLM-
based multi-agents systems in a user-configurable and customisable man-
ner. By providing this flexible platform, APOLLO enables new avenues
for studying and designing human-AI interactions, investigating the im-
pact of multi-agent interaction on human behaviour, and ultimately fa-
cilitates a deeper understanding of how AI-driven collaboration can en-
hance human-AI interaction and decision making.
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1 Introduction

Since the release of ChatGPT in November 2022 the HCI community has demon-
strated an interest in investigating the implications on human interactions, be-
haviours, and reliance using Large Language Models (LLM) [12, 10]. However,
as a community, we still lack flexible open-access tools allowing us to inves-
tigate multi-agent interaction with LLMs. To address this, we present an Ar-
chitecture and oPen-source platform that Orchestrates Large Language mOdels
(APOLLO). We developed APOLLO to enable researchers and practitioners to
customise the behaviour of multiple large language models, and subsequently
study user interaction with these systems. This is increasingly relevant for tasks
such as AI supported medical [1] and legal [9] decision making, problem solv-
ing [7], and persuasion or interaction with opposing viewpoints online [13].
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In this paper, we present APOLLO, an Architecture and oPen-source sys-
tem that Orchestrates Large Language mOdels (LLMs) for autonomous decision
making3. The APOLLO system provides a platform that enables LLMs to func-
tion autonomously, effectively transforming them into autonomous AI agents,
capable of pursuing complex user-specified goals with or without human inter-
action. These agents are orchestrated by APOLLO to engage in collaborative
discourse aimed at reaching consensus. This agent-based deliberation process
mirrors the complexity of real-world decision-making environments but allows
for a more thorough exploration of potential solutions and their implications by
providing options to model complex alternative scenarios. With this platform
we provide HCI and AI researchers and practitioners the means to investigate
interaction with LLM-based multi-agent systems in a user configurable way.

2 The APOLLO System

In this key part of this demonstrator paper, we briefly introduce the Archi-
tecture and oPen-source system that Orchestrates Large Language mOdels, in
short: the APOLLO system. We designed and implemented APOLLO to facili-
tate researchers and practitioners in investigating decision-making, problem solv-
ing, persuasion strategies, and human-LLM interaction by orchestrating multiple
Large Language Models (LLMs) in collaborative scenarios. By enabling multiple
AI agents to engage in structured discourse, for instance in an effort to reach
consensus or persuade, APOLLO bridges a critical gap between single-agent
AI systems and the multi-faceted nature of real-world AI-interactions. The sys-
tem integrates diverse perspectives and reasoning approaches, similar to human
group deliberations4.

2.1 System Personalisation through Configuration

A key feature of APOLLO is its ability to manipulate the behaviour of the LLMs
without the need for technical expertise. APOLLO facilitates this through the
configuration of key system behaviours and characteristics. The System Param-
eter Configuration component is the primary interface for engaging with AI
agents in the system. It allows researchers to configure the system. Amongst
others, APOLLO users have the option to enter custom textual prompts, define
the behaviour of the LLM agents, as well as supplement their knowledge base
by uploading domain-specific PDFs and text files. The interaction back-end pro-
vides a number of parameters for tuning and personalisation of the interaction
environment. Specifically, the parameters can be configured:

1. System Prompt: All LLM agents share a common protocol through a centrally
maintained system prompt. This shared foundation serves as the “common vo-
cabulary”, as described by Allan et al. [3]. The system prompt is exposed to the

3 APOLLO as open-source on github: https://github.com/abeljohny/apollo
4 A brief APOLLO demo: https://www.youtube.com/watch?v=TqA7yZXAPBo
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APOLLO user to allow personalisation of the agents through customisation of LLM
agents behaviour during the discourse.

2. Maximum Number of Turns: A turn is defined as a complete cycle of re-
sponses from all participating agents. To ensure a balance in representation of all
agents [11], we ensured that each agent contributed during each turn. Providing
the option to limit the amount of turns prevents indefinite conversations while
providing users with a predictable timeframe for discourse completion. Should the
LLM agents reach consensus before the user-defined maximum number of turns,
the conversation will conclude early.

3. Harmfulness Detection: To ensure the safety and appropriateness of LLM re-
sponses,a label can be displayed after every response classifying it as Harmful or
Harmless. Harmful responses include a toxicity metric and a percentage indicating
their level of toxicity [5].

4. Domain-Specific Mode (e.g., Lawyer Mode): APOLLO repurposes LLMs
for specific domains by modifying the system prompt. In this mode, agents act
as virtual legal strategists, analysing documents and formulating legal strategies.
Users can upload court cases to enhance the LLMs knowledge. Agents collaborate
to extract relevant details and generate responses, showcasing APOLLO’s adapt-
ability5.

5. Select Model: APOLLO detects locally available LLMs and allows users to add
models via the Ollama [8] API. Users select models from a drop-down menu; if none
is chosen, APOLLO defaults to Gemma 2 (9B) and Llama 3.1 (8B). If unavailable,
the system selects two random models or duplicates one.

6. Agent Behaviour: APOLLO supports two response formats: Round-Robin Dis-
cussion and Summarised Discussion. In the former, LLMs provide responses based
on a sequence. Each response is displayed through a chat-based GUI. In the lat-
ter, a concise turn-level summary is generated by the first agent in the sequence,
starting from the second turn. Subsequent turns use only these summaries instead
of the individual agent responses to continue the discourse.

7. Only Show Final Consensus: This option configures APOLLO to present only
the final consensus. Each LLM will respond individually, however, these responses
will not be shown and only the final consensus will be summarised.

2.2 Auxiliary Utilities

Alongside the core components that define the behaviour of the LLM agents,
which can be personalised by the user (see Section 2.1), APOLLO incorporates
several auxiliary utilities. These utilities are coordinated by the orchestrator
which acts as link between the user interface, the system configuration, and
the auxiliary utilities. The system’s orchestrator follows a game loop model [4]
to simulate the continuous, turn-based interactions among LLMs. It manages
critical state variables such as the discussion topic, references to persistence
mechanisms (database and file system), and a list of participating LLMs, as well
as auxiliary functions such as prompt formatting and context-aware responses
via Retrieval-Augmented Generation (RAG) [6, 2].

5 LLM agents should not be relied upon for legal advice; this context serves as an
example of APOLLO’s capabilities only.
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1. Retrieval-Augmented Generation (RAG): The open source Haystack
framework is integrated to allow LLMs to query external knowledge sources
using natural language. This utility extends the model’s memory limits, al-
lowing the agents to work with information from external documents without
requiring the entire text to fit within their limited context capacity. The RAG
subsystem thus serves as a bridge between the extensive knowledge contained
in uploaded documents and the processing capabilities of lightweight LLMs.

2. Harmfulness Classifier: To ensure the safety and appropriateness of agent
responses, we integrated the Detoxify classifier [5] to identify potentially
harmful content in text. Each agent’s response is analysed across multi-
ple toxicity categories, including insults, threats, and sexually explicit com-
ments, with toxicity thresholds set to a default value (50%) for each category.
This threshold is customisable. When an agent’s response exceeds the thresh-
old in any category, the system flags the response as potentially harmful and
displays to the user both the specific toxicity metric that triggered the flag
and the percentage at which the classifier assessed the harmfulness.

3. Persistence (Database & File System): Upon completion of the discus-
sion, when all LLM agents have reached a consensus, the entire conversation
chain is maintained in a database, preserving the reasoning chain and ensur-
ing accountability and traceability.

2.3 Example Cases for Research with APOLLO

1. Case 1: Can LLM-based multi-agent interaction persuade to healthier
life choices? Imagine a smoker considering quitting but lacking a supportive net-
work to reinforce their decision. The APOLLO system allows researchers to explore
whether LLM-based multi-agent systems can persuade users to make healthier
choices and provide the support needed to follow through on their decision to quit.

2. Case 2: Nudge towards Friendlier Online Discourse. Imagine an online
forum where discussions frequently become hostile, discouraging constructive di-
alogue. The APOLLO system allows researchers to explore whether LLM-based
multi-agent systems can guide conversations toward more positive and respectful
interactions, fostering a friendlier and more inclusive online environment.

3 Conclusion

In this demonstration paper, we introduced APOLLO, a configurable multi-
agents system which enables HCI and AI researchers and practitioners to manip-
ulate the behaviour of multiple large language models, and subsequently study
user interaction. The APOLLO system thereby facilitates future research in-
vestigating human-AI interaction within various use cases such as, AI-supported
decision making, persuasions using agent based discussions, and problem-solving.
The system overcomes the limitations of a model’s memory limits by allowing it
to work with information from external documents without requiring the entire
text to fit within its limited context capacity.
Acknowledgement. This project was supported by the Engineering and Physi-
cal Sciences Research Council Responsible AI UK [grant number EP/Y009800/1].
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