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1 VibeJam: An Agentic Coding System

In this paper, we now outline VibeJam’s features. We describe tasks (§1.1), ai tools (§1.2), and debugging (§1.3) in
VibeJam, followed by how we expect conference attendees to interact with our demonstration (??).

1.1 Task Types

Each task in VibeJam has users produce a website via an input description, enabling tasks like recreating a site to pass
test cases [18] or creatively designing a site under high-level themes [6]. Researchers can add a task as a database row
with a task ID, files the user initially sees (e.g., frontend.js , index.html , styles.css ), and a task description. Upon
picking a task, users can click the “Task” tab to view instructions on what to complete.

1.2 Human-ai Interactions

We center VibeJam on the new paradigm of agentic coding—a user writes a prompt, an ai agent modifies the codebase,
and the user reviews the changes [13]—which has grown popular in Cursor, Claude Code, and Copilot [12]. Even users
with no coding experience are using said tools via vibe coding [5]: prompting ai to produce code with minimal review.
Given the expected productivity gains and potential risks of this shift [2], we ground VibeJam on this interaction [7].

We now describe VibeJam’s agentic coding, split into writing (§1.2.1) and reviewing (§1.2.2) code.
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2 Balepur et al.

1.2.1 Writing Code with ai Agents. Users program in VibeJam via Monaco Editor [11] from VSCode. Users can write
code manually, but we add an ai with three modes: 1) agent: directly edit users’ code [12]; 2) chat: answer questions
about users’ code [10]; and 3) plan: create a specification for complex requests, then let the agent in (1) execute the plan
[9]. Each ai is configurable in an api endpoint so researchers can test designs [8]. We describe the three ai modes next.

• Agent: During agent mode, after the user submits a prompt, the agent writes the user’s files from Monaco
to a temporary directory on the backend, edits the files via the user’s request, and returns the new files back
to the Monaco editor. We stream all execution edits: which files are being edited and how many lines were
changed. When edits end, we prompt an llm to summarize changes and give follow-up ideas for ways users can
improve their code. We implement the Aider [1] agent by default: an open-source library with 40k stars that
supports popular llm providers (OpenAI, Claude, local llms) and over 100 programming languages. To manage
errors stemming from long-context inputs/outputs [14], our Aider implementation edits user code by generating
targeted patches versus regenerating files [16] and summarizes prior conversation history when it exceeds the
model’s context length [3]. We also add a button that clears the conversation so users can manage length.

• Chat: Chat mode helps users who want to understand their code, such as during onboarding [4]. We add it via a
prompt where an llm reads the users’ files, but only returns text or code snippets in the assistant pane without
direct edits. We render all produced code snippets with syntax highlighting for readability.

• Plan: Plan mode is a new interaction mechanism where users can iterate with ai to generate a long specification
for a complex request (e.g., refactoring, new feature), then instruct an agent to execute said specification [9]. We
implement plan mode with an llm that is prompted to generate a new plan or revise an existing plan based on
the users’ request, then summarizes the changes it makes. The plan renders in markdown and can be manually
edited. Users can then click “Build“ on the plan to feed it to the Aider agent or clear it to restart.

1.2.2 Reviewing ai-Generated Code. In agent mode, users can review model-generated outputs in the form of “Git diffs”.
Users see a dot on all files with ai edits; upon navigating to one, they can view which lines were added/removed, and
buttons to accept or reject the changes at the file or codebase level. These changes are rendered when users preview
their websites or run test cases (described in §1.3), informing whether or not to accept them. Users can also prompt the
ai to make new changes or manually edit their code before reviewing all changes.

1.3 Testing and Debugging Code

Debugging is a key part of software development [17], so we add support to help users identify and resolve issues.
We include a “Preview” tab that allows users to view their current site and a console that relays all console.log()

statements—equivalent to Inspect Element in Chrome DevTools [15]. To mitigate risks of running arbitrary user code,
we sandbox all website code in an iframe without access to the parent interface.

2 Audience Engagement

At our table, we will set up accounts for participants so they can participate in a Game Jam-style competition; participants
can work with an AI assistant for ∼ 5 minutes to create a simple game-based website under a given theme (e.g., “Create
any game set in outer space”). After submitting their game, participants will be able to vote on other users’ submissions.
To spur engagement, we may add a prize (e.g., stuffed animal) for the game with the highest scores (either via participant
votes or our own). Our demo is online, so will try to bring many laptops such that multiple attendees can participate at
once. Our supplementary materials has preliminary findings when running a similar competition with students.
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