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Abstract
Negotiation is a fundamental human skill critical to personal, business, and societal interactions, yet many lack
the expertise to negotiate effectively, leading to significant economic losses. Research shows unskilled negotiators
in industries lose large amounts of value due to inadequate real-time guidance, while existing AI tools focus
on automation rather than dynamic support. This introductory study aims to help unskilled negotiators with
accessible, real-time assistance to improve outcomes across diverse contexts. Here we introduce a web-based
negotiation agent that combines AI’s analytical power with human intuition, providing live recommendations
during simulated conversations. Unlike prior tools limited to post-event analysis or structured tasks, our agent
transcribes dialogue, builds a dynamic world model, and offers tailored advice beyond what standalone AI or
humans typically achieve. This hybrid approach reveals that integrating AI into live negotiations can bridge
the efficacy gap, making proficiency more attainable than previously thought with static or isolated solutions.
Broadly, it suggests a shift toward collaborative AI-human systems to address possibly complex interpersonal
challenges.

1. Introduction

Negotiation is fundamental to human interaction, shaping outcomes in personal, business, and societal
contexts, but many lack the skills to negotiate effectively. This gap leads to significant economic losses:
US SaaS companies lose $2.08 billion annually, FinTech firms $1.36 billion, and the fitness industry
$1.373 billion due to negotiation failures [1, 2, 3]. These stakes underscore the need for accessible
tools to enhance negotiation proficiency, especially in real-time settings requiring quick decisions.
While AI excels in structured tasks, its limitations in soft skills like empathy and adaptability [4, 5]
suggest a hybrid approach combining AI’s analytical precision with human intuition could optimize
outcomes. Existing tools—e.g., Statworx, SirionLabs, and Lindy for contracts [6, 7, 8], or Gong.io and
Chorus.ai for post-event analysis [9, 10]—focus on automation or retrospective insights, not real-time
negotiation support. Research shows human-AI collaboration outperforms standalone efforts in sales
and decision-making [11], inspiring our proposed negotiation agent. Integrated into platforms like
Zoom and Google Meet, it transcribes dialogue, models the counterpart’s perspective, and offers live,
tailored advice based on user goals. Figure 1 illustrates this workflow. By merging AI and human
strengths, this accessible solution aims to democratize negotiation expertise and improve efficacy across
diverse contexts.

2. Problem Statement

Negotiation is a critical skill where an individual, say A, aims to reach an agreement owith a counterpart
B that satisfies both parties’ goals, denoted 𝐺A and 𝐺B (e.g., price, terms). Despite clear objectives,
unskilled negotiators often struggle to achieve favorable outcomes, resulting in agreements that fall
short of their minimum expectations, 𝜃A.

The core problem is that unskilled negotiators receive no support to interpret B’s responses or adjust
their approach mid-dialogue, represented as 𝐷(t), the conversation state at time t. Without assistance, A
struggles to build an accurate understanding of B’s perspective, 𝑀B, or to propose offers that align with
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Figure 1: A diagram illustrating the negotiation agent’s workflow.

𝐺A while meeting 𝜃B, B’s acceptability threshold. Existing tools fall short here: they either automate
structured tasks like contract drafting or analyze conversations after the fact, missing the opportunity to
provide live, tailored recommendations. Moreover, AI alone cannot fully handle the soft skills—empathy,
trust, adaptability—essential for reading B and responding effectively in real time. This leaves a critical
need for a system that delivers strategic advice during 𝐷(t), combining AI’s analytical power with
human judgment to improve outcomes and reduce losses.

3. Solution

In this work, we introduce a forthcoming web application1 designed to showcase the capabilities of a
novel negotiation agent. This application serves as a proof of concept, not yet as a production-ready
tool, and focuses on simulating and analyzing a Zoom-like conversation between two individuals, A
and B. By integrating our negotiation agent, it aims to demonstrate how AI can enhance negotiation
outcomes, particularly in real-time settings, offering a practical testbed for achieving an agreement o
that aligns with the goals 𝐺A and 𝐺B.

The application includes a test interface where users can upload a single video featuring a two-person
conversation, similar to a YouTube podcast, with the active speaker displayed on screen. Users then use
a graphical tool to segment this video into distinct sections, marking when A or B is speaking. Once
segmented, the system presents two synchronized video streams side by side, replicating the layout of
Zoom or Google Meet, providing a familiar visual context for the simulated negotiation dialogue 𝐷(t).

Before the conversation can be played, users specify negotiation goals, 𝐺A and 𝐺B, for both partici-
pants. This feature allows the application to simulate the negotiation agent’s functionality from either
perspective—though in a production version, it would focus solely on A’s goals, 𝐺A. This setup enables
us to explore how the agent interprets and responds to differing objectives, laying the groundwork for
real-world applications where A seeks to meet 𝜃A while accommodating 𝜃B.

During playback, the speaking participant (e.g., A) is highlighted with a blue border to clearly
indicate who is active, while the non-speaking participant’s video (e.g., B) freezes at their last frame
before pausing. After each monologue—or every 30 seconds for longer segments—the system generates

1Source code available at: Backend — https://github.com/MartinZust123/NegotiationAgentBackend, Frontend — https://github.
com/MartinZust123/NegotiationAgentFrontend
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a transcription of 𝐷(t). Users can click a “Transcription” button beneath each speaker to view all
monologues along with their start and end times, offering a detailed record of the dialogue at time t.

The application further leverages these transcriptions and specified goals, 𝐺A and 𝐺B, to build
and update a world model, 𝑀A or 𝑀B, for each speaker after every transcribed segment. A “World
Model” button displays this evolving model, reflecting the speaker’s perspective and intent (e.g., 𝑀B
for B). Additionally, a “Give Advice” button activates the negotiation agent, which provides tailored
recommendations based on 𝐺A and the current state of 𝐷(t). Together, these features illustrate the
agent’s potential to support A in dynamic, interpersonal scenarios, ensuring o meets or exceeds 𝜃A.

4. Experiments

4.1. Overview

This section outlines two experiments showcasing possible interactions conducted via web-based
negotiation agent, designed to assist users like A in real-time conversations. Using a simulated car sale
negotiation and simulated buying of an apartment, we demonstrate how the agent transcribes dialogue
𝐷(t), builds a world model 𝑀B, and provides strategic advice, testing its ability to enhance outcomes for
unskilled negotiators aiming to achieve o above 𝜃A.

4.2. Experiment 1: Car Sale

4.2.1. Experimental Setup

The application’s front-end is developed in React with Bootstrap as the CSS library to enhance user
experience, while the back-end is built in Python using Flask for seamless front-end communication.
Audio transcription of 𝐷(t) is handled via Whisper. The negotiation agent leverages OpenAI’s GPT-4o
for constructing 𝑀A or 𝑀B and generating advice, selected for its robust natural language processing
capabilities, with plans to explore optimal models in future iterations.

4.2.2. Experimental Design and Procedure

We simulate a negotiation between a seller A and buyer B over a used car, uploaded as a single video
where the active speaker is displayed. The seller’s goals, 𝐺A —avoiding rejection and securing a price
above $5000 (i.e., 𝜃A = $5000)—are defined pre-negotiation. The video is manually segmented into
monologues (A or B speaking), with transcriptions of 𝐷(t) generated at the end of each segment or
every 30 seconds for segments exceeding that duration. The system then displays two synchronized
streams, mimicking Zoom, with the active speaker (e.g., A) highlighted by a blue border and the other
(e.g., B) frozen at their last frame. An example dialogue unfolds as follows:

Seller: “This car is in excellent condition with a new set of tires. I’m asking for $6000, but I
can be flexible.”
(The seller opens with a strong pitch, setting the initial price but signaling room for negotiation.)
Buyer: “That sounds good, but my budget is around $4500.”
(The buyer responds with a lower counteroffer, testing the seller’s flexibility.)
Seller: “I understand. Would you be willing to go up to $5200 if I include a free oil change?”
(The seller lowers the price and adds an incentive to make the offer more attractive.)
Buyer: “That makes it more appealing, but I’d need to think about it.”
(The buyer shows interest but hesitates, keeping the negotiation open.)
Seller: “How about we finalize the deal now at $5100 with an oil change included?”
(The seller pushes to close the deal with a slightly better offer.)
Buyer: “Alright, I think we have a deal.”
(The buyer agrees, concluding the negotiation successfully at $5100 plus an oil change.)



Throughout, the agent transcribes each exchange in 𝐷(t), updates 𝑀A and 𝑀B, and delivers advice
via interface buttons to ensure o aligns with 𝐺A and exceeds 𝜃A.

4.2.3. How the Agent Assists the Seller

The negotiation agent supports A by analyzing B’s responses in 𝐷(t) and aligning strategies with
𝐺A. After transcribing B’s initial $4500 offer, it updates 𝑀B, noting budget constraints and a positive
reaction to incentives. Early advice, accessed via the “Give Advice” button, suggests, “Continue offering
small incentives without lowering the price significantly.” As B hesitates at $5200, the agent refines
its recommendation to, “Propose a minor price drop if resistance persists,” leading to the successful
$5100 deal, exceeding 𝜃A. This dynamic adjustment showcases the agent’s real-time utility in guiding A
toward o.

4.3. Experiment 2: Apartment Sale

The second example (Figure 2) illustrates a dialogue between two actors, depicting alternative negotiation
scenarios. These generated scenarios provide a potential preview of how the dialogue might unfold in a
real-life situation. As shown in the figure, the scenarios, developed across three levels, can result in
various outcomes: a successful agreement, rejection by either party, or a situation requiring further
negotiation. For the states in the negotiation diagram that require further negotiations, we can generate
follow-up diagrams until the end states (successful agreement or rejection) are reached.

4.3.1. Experimental Setting

The simulated discussion with Google Gemini 2.0 model involves two actors: Marko (Buyer) and Martin
(Seller), regarding the sale of an apartment. The initial asking price is $500,000. The negotiation is
multidimensional and revolves around the following four items:

• Apartment Price: Starting at $500,000.
• Kitchen Renovation: Whether the kitchen will be renovated before the sale.
• Bathroom Renovation: Whether the bathroom will be renovated before the sale.
• Furniture: Whether the apartment is sold furnished or unfurnished.

5. Discussion

Existing research highlight that optimal performance is achieved when AI and human negotiators
collaborate [12, 13]. While both humans and large language models (LLMs) have their respective
limitations—humans may struggle with data processing and consistency, whereas LLMs lack contex-
tual awareness and emotional intelligence — their combined strengths lead to significantly improved
negotiation outcomes. By integrating AI into the negotiation process, we leverage the speed, data
processing power, and strategic recommendations of LLMs while maintaining the human ability to
interpret context, emotions, and social cues.

A significant portion of modern business negotiations, price discussions, and strategic conversations
now take place over virtual platforms such as Zoom and Google Meet. This shift toward online
communication presents an opportunity to enhance negotiations with AI-driven agents that provide
real-time assistance without disrupting the natural flow of conversation. Our research demonstrates
that an AI-based negotiation assistant can be integrated seamlessly into virtual discussions, offering
valuable insights and recommendations while remaining unobtrusive.

A key finding from our test application is that our negotiation agent is highly user-friendly. Through
our demonstrations, we observed that the agent does not introduce significant distractions, allowing
users to remain engaged in their discussions. Users can maintain their focus on the negotiation at hand



Figure 2: A diagram illustrating alternative scenarios between two agents negotiating the purchase of an
apartment. Initial Positions: Agent 1 ’Marko’: Wants a lower price, renovations, and furniture; Agent 2 ’Martin’:
Wants $500,000, no renovations, and no furniture.

and call upon the AI agent only when they require updated information, strategic advice, or contextual
analysis of the ongoing conversation.

Despite these advantages, adoption remains a challenge. Even if AI assistance improves negotiation
outcomes, individuals may be reluctant to integrate it into their workflow unless there is a compelling
need or a clear pain point that justifies its use. Resistance to change, concerns over trust in AI-generated
advice, and the learning curve associated with new technologies may all impact adoption rates.

6. Future Work

Persona-based testing will be a key focus of future research to evaluate the negotiation agent’s per-
formance. We plan to compare scenarios such as persona vs. persona, persona vs. persona with the
negotiation agent, and persona vs. negotiation agent alone to assess how the agent influences outcomes
across controlled settings. For personas we could use ones created for project TWON.

Real-world comparisons will further validate the agent’s impact by pitting users with the negotiation
agent against those without it. These experiments will aim to quantify improvements in negotiation
success, user confidence, and economic outcomes, providing concrete evidence of the agent’s value in



practical applications.
Future research will also focus on enhancing the negotiation agent’s adoption and effectiveness. To

encourage user uptake, we aim to improve the interpretability of AI recommendations, demonstrate
tangible value through real-world case studies, and better align the agent with human decision-making
processes. Additionally, we plan to expand testing by exploring diverse negotiation scenarios to
identify where the agent performs best, while gathering human feedback through user critiques and
recommendations to refine its functionality.

The current proof-of-concept application has limitations, including its reliance on manual video seg-
mentation, restriction to single-speaker display videos, and lack of integration with streaming platforms
like Zoom or Google Meet. Future work will address these by developing automated segmentation
tools, supporting multi-display inputs for multiple participants, and pursuing partnerships with Zoom
and Google Meet to integrate the agent for public use. Staying abreast of advancements in transcription
and data analysis tools will also ensure the agent evolves with the rapidly progressing AI landscape.

Declaration on Generative AI

During the preparation of this work, the authors used Grok 3 for rephrasing paragraphs in the introduc-
tion and discussion sections and Gemini for editing code. After using these tools, the author reviewed
and edited the content as needed and takes full responsibility for the content of the publication.
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