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ABSTRACT

The recently introduced Model Context Protocol (MCP)
provides a standardised way for LLMs to interact with ex-
ternal tools. We implement an MCP server for Max/MSP,
a visual programming language for music and multimedia,
enabling LLMs to directly understand and generate Max
patches, paving the way for flexible sound generation us-
ing LLMs. The LLM agent can dynamically retrieve offi-
cial documentation of Max objects before taking actions,
allowing for in-context learning. For understanding, it can
explain user-selected objects. For generation, it can cre-
ate objects, connect patch cords, send messages to objects,
and more. This offers a more seamless way to assist Max
users compared to traditional approaches where LLMs re-
spond with text-based answers or code snippets. Moreover,
it eliminates syntax errors caused by generating different
formats of text-based code, as the process reduces to se-
lecting the correct functions to call and providing the ap-
propriate arguments. Code and demonstration are available
online in a repository. !

1. INTRODUCTION

Max/MSP is a graphical programming language that tar-
gets the development of creative media systems (here-
after referred to as Max). This makes digital media pro-
gramming more accessible to those who prefer non-text-
based coding. Meanwhile, large language models (LLMs)
have shown their ability in understanding and generating
code. However, their application to Max is still a chal-
lenge. This is due to graphical programming languages
like Max being structurally different from text-based code,
and Max data is likely underrepresented in LLM training.
Recently, Zhang et al. [1] evaluated how well LLMs gener-
ate Max patches in various forms, including raw Max file
(.maxpat) in JSON and meta-programming approaches

'https://github.com/tiianhk/MaxMSP-MCP-Server
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that produce code which, in turn, generates Max patches.
However, these methods still have limitations, such as pro-
ducing syntax errors and lacking integration with Max pro-
gramming workflows.

Recently, Anthropic 2 introduced Model Context Pro-
tocol (MCP), an open standard that enables LLMs to con-
nect and make use of external tools. * It is a commu-
nication layer between LLMs and tools, wrapping LLMs
as clients and tools as servers. LLM applications such as
Claude Desktop have native MCP client implementations.
In this work, we implemented an MCP server for Max, al-
lowing LLMs to retrieve information and program in the
Max interface directly. Because the pipeline automates the
process from prompts in LLM applications to actions in
Max, it provides Max users with more seamless assistance.
Moreover, this eliminates the need for models to adhere to
the basic syntax of JSON or other meta-programming lan-
guages, as LLMs can perform desired actions as long as
they select the correct functions and call them with the ap-
propriate arguments.

2. AGENTIC MAX/MSP PROGRAMMING

Unlike approaches that generate Max patches in text-based
code, MCP allows LLM agents to perform human actions
in the Max programming interface. Actions from the agent,
such as adding/removing objects and setting patch cords,
are defined as tool functions in an MCP server. Below, we
introduce all tool functions and index them sequentially in
Section 2.1, describe the overall pipeline in Section 2.2,
and demonstrate its usage in Section 2.3.

2.1 Features

In-context learning. This typically refers to giving an
LLM a few example demonstrations in the prompt to guide
it before asking it to perform the actual task [2]. Recent
work extends this notion, showing that for coding tasks,
LLMs can learn to use new libraries solely from generic
descriptions (such as docstrings), without requiring care-
fully crafted task-specific demonstrations [3]. Addition-
ally, DocPrompting shows that retrieving relevant docu-
mentation at inference time to guide code generation con-
sistently improves performance [4]. Building on this idea,

2 https://www.anthropic.com
3nttps://modelcontextprotocol.io
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we make the official documentation of all Max objects ac-
cessible to the agent, providing it with in-context infor-
mation about Max. For each object, the documentation
contains its name, a natural language description, inlet and
outlet types, and details about its arguments, methods, and
attributes. Agents interact with the documentation through
two tool functions: (i) returns a list of all valid Max ob-
ject names, and (ii) retrieves the documentation for a single
object. These allow the agent to dynamically retrieve and
understand Max objects, enabling it to reason about object
usage and verify its own actions with less hallucination.
Understanding. Within a Max patch, the agent can (iii)
retrieve information about all existing objects or (iv) only
those selected by the user. Accessing all objects helps the
agent understand the overall structure and functionality of
the patch, while focusing on the selected objects allows it
to attend to what the user is interested in. The agent can
(v) access every object’s attributes and their corresponding
values.

Generation. The agent can edit the Max patch directly.
It can take actions including (vi-vii) adding and remov-
ing objects, (viii-ix) connecting and disconnecting patch
cords, (x) setting object attributes, (xi) setting texts in mes-
sage boxes, (xii) sending bangs to objects, (xiii) sending
messages to objects, and (xiv) setting values in number or
floating number objects. The agent decides whether to use
each function and in what order to use them.

2.2 Pipeline

To bridge the LLM with Max, our implementation includes
a two-stage communication system, as shown in Figure 1.
First, the LLM application, which includes an MCP client,
communicates with our MCP server via the Model Con-
text Protocol. Second, the MCP server connects to Max
through Socket.IO, # with a server running in Max using
the Node for Max API ° and a client in our MCP server.
The MCP server is implemented in Python. Content ma-
nipulation and retrieval within Max patches is handled via
Max’s scripting features, while Max documentation is re-
trieved directly by the MCP server.

Max Documentation

LLM Application .
Retrieval
MCP Client <+—»| MCP Server Socket.|O > | MaxMsP
Manipulation

Figure 1. Our pipeline implementation.

2.3 Demonstration

The aim of our demonstration is only to show the technical
availability of the communication pipeline, and we do not
claim any benchmark. We refer readers to [1] for a bench-
mark that involves human evaluators. We tried an under-
standing task that involves a Sonnet 3.7 explaining a patch
that implements ring modulation, including a full expla-
nation of the patch as well as detailed descriptions of two

4https://socket.io
Shttps://docs.cycling74.com/apiref/nodeformax

selected objects within it. We also attempted a generation
task in which we prompted Sonnet 3.7 to create a simple
FM synth with an ADSR interface. We recorded two suc-
cessful attempts, and links to the recordings can be found
in our GitHub repository. However, trials and errors can
occur in both tasks. For instance, in one of the unsuccess-
ful generation attempts, the LLM miscounted the number
of inlets in a selector~ object. We encourage readers
to test out the prototype based on their curiosity.

3. FUTURE DIRECTIONS

Fine-tuning. One research question is how to improve the
ability of an LLM agent to generate Max patches through
fine-tuning. We hypothesise that LLMs exhibit an imbal-
ance between understanding and generation: they can reli-
ably describe Max patches in natural language, but struggle
with the inverse task of producing valid patches from tex-
tual descriptions. Following ToolLLM [5], we can lever-
age this asymmetry by constructing prompt—patch training
pairs. Specifically, we use an LLM to generate descrip-
tive prompts for Max patches, and then fine-tune a model
to map prompts back to patches. For evaluation, we also
adopt the LLM-as-a-judge approach, using an LLM to as-
sess the correctness and quality of the generated patches.
Generalised sound matching. Sound matching, also
known as the synthesiser inverse problem, aims to find a set
of parameters for a synthesiser to reproduce a given target
sound. Models can be trained either by directly regressing
the target parameters [6] or by tweaking parameters to ap-
proximate the target audio via differentiable digital signal
processing [7]. To our knowledge, existing methods as-
sume a fixed synthesiser with a predetermined parameter
set. In contrast, our agent-based programming approach
exposes a more general formulation of the sound matching
task: the agent must first generate a synthesiser, then pa-
rameterise it, and finally use it to render audio that matches
the target sound. Crucially, the parameters are generated
rather than regressed, which addresses the parameter sym-
metry problem, wherein multiple distinct parameter con-
figurations can produce the same audio sample [8]. Based
on this, a potential research direction is to train agentic
LLMs to perform this generalised sound matching task.
Limitations. Max currently does not run on Linux, which
prevents its use in training scenarios that require on-the-fly
execution, such as online reinforcement learning. In such
cases, Pure Data can serve as an alternative, which is open-
source and runs on Linux. Moreover, an MCP server for
Pure Data exists. © Additionally, more specialised synthe-
sizers that can run on Linux like Vital 7 can be consid-
ered. Such a synthesiser is less general but could be easier
to model due to a smaller parameter space.
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