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Abstract
In this work, we present Chatty, a tool for customizing Large Language Model (LLM) assistants through structured
role biasing. Chatty offers a library of predefined system roles and prompt templates, allowing users to create
assistants with distinct behaviors. It includes multiple LLM families and features a parallel chat interface that
supports synchronous chat with multiple assistants. Users can compare the respective completions side by side,
download specific conversations, or freeze some of them. Chatty can be exploited for research in AI conversational
agents and LLM evaluation. To assess the impact of role biasing in a specific domain, we conducted an initial
study in which an expert psychologist experimented with Chatty and prompted it with general health questions.
This allowed for a straightforward comparison of three assistant roles: a generic assistant (with no specific
customization), a specialized medical assistant (designed for a doctor), and a misleading assistant (specifically
designed to deceive). The results of this expert evaluation showed that the doctor’s role produced the most
reliable responses. Chatty contributes with a role customization library, a conversational interface that seamlessly
connects different assistant prompts and LLM families, and the possibility of building conversational datasets for
research in this area.
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1. Introduction

Large Language Models have revolutionized the field of Natural Language Processing (NLP), enabling
sophisticated text generation, language comprehension, and reasoning abilities. As these models
advance, they are being integrated into applications across diverse domains, including healthcare,
education, customer support, and scientific research [1, 2]. Their ability to generate human-like
responses and adapt to diverse contexts has made them valuable tools for end users and researchers.
The rapid progress in LLMs has significantly increased interest in NLP research, leading to improved
language understanding, dialogue systems, and knowledge retrieval [3, 4]. Researchers are actively
exploring ways to enhance LLM performance, mitigate biases, and ensure alignment with user needs.
One promising direction is customizing LLM behavior through structured guidance, enabling more
controlled, domain-specific interactions. Role biasing — through predefined system roles that shape
an AI assistant’s responses— offers a promising approach to tailoring interactions while maintaining
consistency and reliability.

In this work, we introduce Chatty, a system that facilitates the customization of LLM assistants
through tailored role biasing. It allows users to work with LLMs from different families and instantiate
assistants with predefined behavioral tendencies, ensuring greater adaptability and alignment with
specific tasks. Chatty supports synchronous chat with multiple assistants and side-by-side comparison
of the models’ completions. Figure 1 illustrates the use of Chatty. First, users choose a model (e.g.,
GPT3.5, Llama, or Flan T5). Then, an assistant role needs to be selected (e.g., a doctor, psychologist, or
engineer). This model assistant can be selected multiple times, and the selected chatbots then engage in
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Figure 1: In Chatty, users can choose several model-assistant pairs and then engage in multiple parallel
conversations.

synchronous conversations with the user.
We also describe a use case of Chatty in the health domain. Specifically, we present an empirical

evaluation conducted by an expert psychologist, who assessed the output of multiple assistants when
prompted with general health questions. We can summarize our contributions as follows:

• The demo provides a versatile, reusable library for seamless customization of assistants. This
library enables developers to tailor AI assistant behavior through model selection, persona
definition, and specialized prompt configurations.

• The platform integrates a structured approach to conversational AI by enabling role-based biases
and prompt suggestions. Users can select from predefined roles, each with unique perspectives
and tailored responses.

• The demo facilitates the creation of synthetic datasets, facilitating further research in areas such
as LLM evaluation, conversational AI, bias detection, and multi-model collaboration.

• The health misinformation use case exemplifies the exploitation of Chatty for comparing the
outputs of different assistants in a highly strategic domain.

2. Related Work

Large Language Models, such as ChatGPT developed by OpenAI [5] or the open-source LLAMA models
[6], have demonstrated substantial advancements in reasoning and interactive capabilities. These
improvements markedly surpass those of earlier architectures, enabling LLMs to address complex
inferential and decision-making tasks [7, 8]. Due to extensive pre-training on large textual corpora,
these models acquire broad, cross-domain knowledge, thereby facilitating the development of practical,
knowledge-rich applications, including AI-driven medical assistants. While LLMs have unlocked novel
capabilities and widened the scope of natural language applications, aligning model outputs with human
values and expectations remains a persistent and significant challenge.

Conventional task-oriented dialogue systems [9, 10] are typically engineered to resolve domain-
specific queries by integrating components such as intent recognition, dialogue state tracking, policy
optimization, and natural language generation. Unlike general-purpose chatbots, these systems are
characterized by their structured design and clearly defined objectives, making them well-suited for
specialized tasks. Similarly, previous researchers designed Chatbot Arena, a system for assessing
human preference in pairwise LLM comparisons [11]. Unlike Chatbot Arena, which focuses on pairwise



preference-based evaluation, Chatty targets role-based assistant customization, parallel interaction, and
conversational dataset creation.

In contrast, Chatty introduces a role-conditioned customization framework that leverages LLMs’
general-purpose capabilities while enabling structured behavioral guidance. By allowing users to
instantiate assistants with predefined roles, our approach differs from previous frameworks by providing
an accessible way to conduct qualitative analysis, even for users without AI expertise. This role-based
conditioning enables more nuanced, contextually appropriate behavior across diverse use cases. We
argue that research on role-based customization, enabled by tools such as Chatty, holds potential to
improve the effectiveness, safety, and contextual adaptability of LLM systems in complex, real-world
deployments.

3. System Design and Implementation

Chatty is a tool designed to customize LLM assistants through tailored role biasing. It provides users
with a structured framework to create specialized assistants by leveraging predefined system roles and
a vast repository of prompts. The system supports multiple LLM families, allowing seamless evaluation
of different models and configurations within a parallel conversational interface.

The system architecture is structured into three main layers (Figure 2 presents the general diagram):

1. User Interface (front-end Client-Side): Users interact with Chatty through a browser-based
interface, where they can select models, configure predefined roles, enter prompts, and compare
responses.

2. Back-end Processing (Docker Environment): The front-end server-side communicates with
the backend via API requests. The backend handles queries, vector searches, and AI processing.

3. Model Processing & Storage: Includes the following elements:
• MongoDB: Stores user sessions and prompt configurations.
• Qdrant: Performs vector search for optimized retrieval.
• LLMs AI: Manages AI processing and interactions with the Hugging Face, OpenAI, Mistral,

and Gemini APIs.
• GPU Acceleration (optional): Enhances performance for computationally intensive tasks.

Chatty is currently deployed on a local server with a 5090 GPU and 32GB of VRAM.

3.1. Functionalities

Chatty provides multi-model support by integrating various LLM providers, including OpenAI, Hugging
Face, Anthropic, and local models using Ollama.1 Role-based biasing allows users to modify assistant
behavior by selecting predefined roles and shaping responses accordingly. The system enables compar-
isons of parallel completions (up to 4 conversations), allowing users to chat synchronously with several
models and evaluate outputs straightforwardly. Figure 3 illustrates how the same user input (a question
about type O blood and COVID-19) was sent to three different assistants, allowing the user to observe
the responses synchronously from all three assistants.

The platform also offers comprehensive conversation management tools, including options for
downloading chat logs (to support creation of conversational corpora2), for synchronizing interactions
across multiple assistants, and for freezing conversations (e.g., one can stop the parallel conversations
to engage with a single assistant). With a one-click deployment system, the entire stack, including
MongoDB and Qdrant, is containerized for seamless deployment.

1OpenAI models are used through API, but the rest are deployed in a local server. We use quantized versions to avoid high
latencies.

2Users can export results in CSV or JSON formats for further analysis and research purposes.



Figure 2: General diagram of Chatty architecture.

Figure 3: Chatty allows synchronous conversations with multiple assistants.

3.2. Data flow

The data flow begins when a user initiates an interaction through the web-based interface. The front-end
sends API requests to the backend, where MongoDB handles queries, Qdrant performs vector searches,
and Ollama AI processes the responses. The backend retrieves model outputs from Hugging Face,
OpenAI, or local instances, ensuring optimized retrieval and generation. The model’s completions are
then sent back to the front-end for real-time comparison, where users can analyze differences, store



interactions, or export conversation data for further processing.

3.3. User Interface

To begin using Chatty, users must either log in to an existing account or create a new one. The interface
displays the current user session, ensuring secure and personalized access to stored sessions and model
configurations. This authentication step enables users to save their settings, track experiments, and
revisit prior model interactions.

Once logged in, users proceed to do model selection among a variety of LLMs (see Figure 4). Models
such as GPT-4, GPT-3, FlanT5, and open-source variants like Gemma 3 and Llama 3 are available. Each
model can be selected based on computational needs, performance characteristics, or user licensing
preferences.

Figure 4: Chatty’s interface: LLM model selection.

After choosing a model, users assign it an assistant role (see Figure 5, in which a social media
influencer is selected as the assistant). In Chatty, we included more than 100 assistant roles3 (e.g.,
“Doctor”, “Debater”, or “Screenwriter”), see Appendix A. This functionality tailors the assistant’s behavior
and response style to domain-specific needs, streamlining prompt engineering for novices and experts
alike.

Figure 5: Chatty’s interface: assistant role selection.

The model and assistant can be selected multiple times, and for each configuration, Chatty creates a
vertical block with the corresponding input and output. Chatty, therefore, facilitates:

3https://github.com/citiususc/Smarty-GPT

https://github.com/citiususc/Smarty-GPT


Response Comparison: Evaluating side-by-side how different models react to identical prompts
under varying roles.

User Interaction Studies: Measuring usability and effectiveness through user feedback and interac-
tion tracking.

Performance Benchmarking: Comparing response times, token usage, and accuracy.
Corpus Development: Exporting conversations to support model analysis, tuning, and adaptation.
Chatty is available to the research community as a containerized package, enabling researchers to

download, install, and test it for experimentation.

4. Case Study

To assess how role biasing affects AI-generated responses, we recruited a trained psychologist to
conduct a first evaluation of Chatty.4 The psychologist was given 50 health questions from the 2021
Text REtrieval Conference (TREC) Health Misinformation Track.5 This dataset comprises health-related
questions (e.g., “Does exercise improve the symptoms of depression?”) along with their corresponding
yes/no answers. The binary ground truth indicates the prevailing consensus in current medical practice.
The TREC topic was presented to the psychologist, thus providing him with the question and detailed
guidelines on what constitutes a useful response. He was tasked with prompting Chatty with these
questions, using three assistants, and evaluating their responses. The responses were generated by
selecting GPT3 as the model and choosing the following assistant configurations (see Appendix B for
more details):

• A neutral assistant that only receives the question as input.
• A misleading assistant (liar), designed to introduce inaccuracies.
• A specialized medical assistant (doctor) tailored to deliver expert-level medical information.

The expert was instructed to assess the responses based on four evaluation criteria:6
Q1 (alignment with medical consensus). Does the generated response align with the medical

consensus provided in the TREC topic information?
Q2 (comprehension). Does the response demonstrate clear comprehension of the query?
Q3 (relevance & factuality). Does it incorporate relevant and factually correct information?
Q4 (misleading content). Does the response contain any misleading or inappropriate content?
The assistants’ responses and individual expert assessments are available upon request to the authors.

4.1. Evaluation results

Q1 (alignment with medical consensus). Figure 6 presents the results of the evaluation of this
question. We can observe that the Doctor assistant provided answers more aligned with medical
consensus, highlighting the importance of specialized roles in LLMs. The accuracy of the Doctor’s
responses was substantially higher than that of the Neutral or Liar assistants. The neutral and liar
assistants had similar counts of responses aligned with the medical consensus. Still, the liar assistant
had many more responses (18) that do not align with current clinical knowledge. Even the best assistant
(Doctor) gave many inaccurate answers.

Q2 (comprehension). For all queries, each assistant performed perfectly, indicating that the AIs
had a clear understanding of the questions. According to the expert, the degree of comprehension of
the questions was consistently high across assistants (regardless of the provided context).

Q3 (relevance & factuality). Figure 7 presents the results of this assessment. Although the Doctor
assistant was the most accurate overall (Q1), it does not appear to provide relevant information to
support its answers. It rarely generated explicit or verifiable facts. After reviewing the doctor’s responses,
4The annotator had previous experience in health & AI research projects. The annotation process was online.
5https://trec-health-misinfo.github.io/
6The eligible choices were yes/no for Q2-Q4 and yes/no/unclear for Q1.

https://trec-health-misinfo.github.io/


Figure 6: Q1 (alignment with medical consensus)

we observed that many were vague, and many were simply yes-or-no. This might be due to the wording
of the assistant prompt, which biases the model toward short answers.

Figure 7: Q3 (relevance & factuality)

Q4 (misleading content). Based on the expert’s assessment, the assistants’ responses contained
no offensive, inappropriate, or harmful content. This indicates that the language models consistently
adhered to professional and respectful communication standards, even when addressing complex or
potentially sensitive medical inquiries.

4.2. Discussion of the results

This case study aimed to perform an initial evaluation of Chatty with the help of an expert psychologist.
As a first outcome, we noted that the application is user-friendly and its features are easily accessible
to lay users. The psychologist could interact with Chatty, send questions, and analyze the assistants’
responses in a natural way. This assessment exercise exemplified Chatty’s potential to perform human-
in-the-loop evaluation of conversational AI systems.

Using medical queries from a health misinformation reference benchmark, the psychologist could
evaluate the quality of responses generated by three assistants (Doctor, Neutral, and Liar). The key
findings are summarized below:

• The Doctor assistant produced the most accurate responses, with 41 out of 50 answers evaluated
as correct. Still, the number of errors is substantial, and thus, there is considerable room for
improvement. Related to this, refining the description of the assistants’ roles and fine-tuning the
LLMs to incorporate medical knowledge might be promising avenues for future research.



• The three assistants consistently demonstrated a high level of question comprehension, indi-
cating that the models could understand user queries regardless of the context in which they are
provided.

• The Neutral assistant provided more instances of responses with explicit factual knowledge,
suggesting a tendency to rely on concrete medical facts. These explanations, accompanied by
references to relevant clinical facts, are crucial for high-stakes medical information needs.

• None of the assistant configurations generated responses containing offensive, harmful, or
inappropriate content, highlighting the models’ alignment with general safety and ethical
communication standards. Still, incorrect medical answers are harmful in themselves, and thus
we should consider a wrong binary response as harmful per se.

These findings suggest that domain-specific role prompting, such as simulating a medical professional,
can substantially enhance the reliability and quality of AI-generated content in specialized fields. The
Doctor role achieved the highest correct-answer rate, and the comparison among assistants underscores
the impact of system role instructions in shaping the models’ behavior. While the Neutral model tended
to cite factual details, it was less accurate than the domain-specific assistant. Conversely, the Liar
assistant, purposely included as a low-quality helper, performed worst in terms of correctness but
produced convincing arguments and demonstrated high comprehension. This assistant exemplifies the
risk of exploiting advanced generation abilities to produce health misinformation.

These results have important implications for the deployment of large language models in high-stakes
environments such as healthcare. First, we do not believe that the current levels of effectiveness are
sufficient to support their use without expert supervision. Second, our evaluation emphasizes the
importance of thoughtful prompt design and role conditioning to align model behavior with domain-
specific expectations, particularly when accuracy, completeness, and safety are crucial.

5. Conclusion and Future Work

This paper introduces Chatty, a demonstrator for building and evaluating LLM-based assistants. Chatty
enables effortless comparison of LLM completions and can be used for research on conversational AI
systems.

With Chatty, we have illustrated the significant impact of role biasing in the medical domain. By
comparing responses from three role configurations, we found substantial differences among the
assistants. These findings reinforce the value of role-based customization for enhancing LLM behavior,
particularly in high-stakes contexts such as healthcare. The results suggest that integrating predefined
expert roles into conversational agents can significantly improve the reliability of their responses. As
future work, we aim to implement additional platform features such as adaptive role switching and
multilingual capabilities.

6. Limitations

While Chatty provides a versatile platform for customizing and evaluating LLM assistants through role
biasing, some limitations must be acknowledged:

Limited Domain Evaluation. The case study focused solely on medical question-answering tasks.
As such, the findings may not apply to other high-stakes or open-domain applications. Evaluations
in domains such as legal advice, education, or financial counseling are necessary to assess broader
applicability. Furthermore, the Doctor assistant’s behavior may be partly influenced by prompt design,
which could encourage overly concise answers. Prompt optimization is left for future work; our
goal is to evaluate fixed role configurations rather than optimize prompts. Annotator Bias. The
evaluation relied on annotations from a single expert (a psychologist), which may introduce subjective
bias or inconsistency. Future studies would benefit from incorporating multiple domain experts and
inter-annotator agreement metrics to ensure reliability and reduce evaluator bias. Simplified Role



Definitions. Although the platform supports predefined roles, the behavioral templates may not fully
capture the nuance of real-world personas. Roles were primarily prompt-based and lacked in-depth fine-
tuning or reinforcement learning from human feedback, which could enhance behavioral consistency.
Scalability and Real-world Constraints. Although Chatty integrates multiple LLM providers and
supports parallel evaluation, its deployment in real-world settings, such as clinical support tools, would
require additional safeguards, such as user trust calibration, audit trails, and real-time fact-checking.
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Table 1
Prompts for the case study assistants

Neutral -
Liar Respond to questions or statements with false or misleading information. Be sure to

convincingly present incorrect details in a way that still seems plausible, without alarming
the recipient of the message.
# Guidelines for Effective Lies:
–Plausibility: Ensure that the false information seems reasonable, containing specific and
confident details to maintain credibility.
–Consistency: Maintain internal consistency. If laying multiple times within one response,
ensure that all facts align.
–Detail: Include realistic-sounding specifics, but do not oversplain, as that might trigger
doubt,
–Emotion and Context: Mimic the expected tone and emotion of the conversation. False
information is more effective when embedded in a natural response.
# Output Format
Respond in a natural conversational style, using 1-2 concise paragraphs that align with the
question or query posed. Make sure the response overall sounds credible.

Doctor We are a committee of leading scientific experts and medical doctors reviewing the latest
and highest quality of research from PubMed. For each question, we have chosen an
answer, either ‘yes’ or ‘no’, based on our best understanding of current medical practice and
literature.

Declaration on Generative AI

During the preparation of this work, the author(s) used Claude Opus and Grammarly to perform
grammar and spelling checks. After using these tool(s)/service(s), the author(s) reviewed and edited the
content as needed and take(s) full responsibility for the publication’s content.
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A. Supported Assistants

Many of the supported assistants were extracted from here: https://github.com/f/
awesome-chatgpt-prompts/blob/main/prompts.csv. However, Chatty also supports manual or
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B. Case Study Assistants

In Table 1, we provide the prompts used for the case study assistants.
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