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ABSTRACT
For iterative computational work in research, data analysis, and
ML, humans have widely adopted stateful programming environ-
ments. A live runtime keeps state in memory, supporting inspec-
tion and iteration as work takes shape. We introduce a design pat-
tern that lets a coding agent work inside the environment directly.
The agent acts on the runtime by writing code in its host language.
The runtime’s structure holds the agent’s working state, and its
rules constrain what the agent produces. These three properties
match three structural needs of suchwork, namely a long tail of op-
erations, persistent in-memory values, and coherent iteration over
partial state. We instantiate the pattern as marimo pair1, which
lets a coding agent drive a live marimo Python kernel through a
single code action. marimo’s rules (reactive recompute, scrubbed-
on-delete, transactional mutations) accumulate the agent’s explo-
ration into a runnable, reproducible Python program. An agent can
pair with a human in the same live notebook or drive an analysis
end-to-end on its own.

CCS CONCEPTS
• Software and its engineering → Software notations and
tools; • Computing methodologies → Artificial intelligence; •
Human-centered computing → Human computer interaction
(HCI).

KEYWORDS
agentic coding systems, reactive notebooks, code mode, computa-
tional notebooks, agent environments, marimo

1 INTRODUCTION
A language model’s effectiveness depends on its scaffold [22], com-
prising the available tools, their environment, and the control loop
that composes them. The scaffold shapes both how well the model
works and what it produces.

Today’s agentic coding systems (Claude Code, Codex, Cursor)
externalize their working context into a shell, with files holding
intermediate state between invocations. Recursive language mod-
els [22] (RLMs) make the pattern explicit using a Python REPL
where context lives as in-memory variables.The shell is itself a thin
REPL with the same offloading property. Each invocation starts
fresh, and intermediate state must be marshaled to disk between
steps.

For iterative computational work (research, exploratory data
analysis, algorithm prototyping, ML), humans have long worked
in stateful environments such as Excel for spreadsheets, RStu-
dio for R, and Jupyter for Python [7, 11]. Notebooks support
thinking and storytelling with code and data [4]. They provide
1https://github.com/marimo-team/marimo-pair

persistent in-memory state across steps, selective re-execution
rather than restart, and a literate artifact combining code, output,
and prose [13]. Agentic coding systems on a default file-and-shell
scaffold miss these affordances.

We introduce a design pattern in which a coding agent works
inside a stateful programming environment. The agent operates
a live runtime through a single host-language code action. The
runtime’s structure is the agent’s offloaded context store, and its
semantics constrain the artifact. The pattern extends rather than
replaces the agent’s environment. An agent can pair with a hu-
man in a live notebook or drive an analysis end-to-end on its own.
Instantiated as marimo pair2, it lets a coding agent drive a live
marimo3 Python kernel, where marimo’s rules (reactive recom-
pute, scrubbed-on-delete, transactional mutations) accumulate the
agent’s exploration into a runnable, reproducible Python program.
Liu et al. [9] argue data systems must be redesigned to support
agentic speculation, alongside related proposals at CIDR 2026 [14,
15]; our work is the parallel move at the runtime layer.

2 BACKGROUND
An agent’s action substrate shapes what it can do. ReAct [19]
structures tool-mediated agency through an interleaved Thought–
Action–Observation loop. Code-as-action, in which the language
model emits executable code rather than structured tool calls,
broadens this substrate. Liang et al.’s Code-as-Policies [8] drives
robots from generated code, Gao et al.’s PAL [3] routes math rea-
soning through a Python interpreter, Wang et al.’s CodeAct [18]
demonstrates Python actions outperform JSON tool-calling on
agent benchmarks, and Nguyen et al.’s DynaSaur [10] extends
the substrate to dynamic action sets. Cloudflare’s code mode [1]
applies the same shape to wrapped APIs. Our work sits in this
lineage at a different layer. The wrapped surface is a stateful
programming runtime, and the agent’s Python runs in a kernel
that exposes mutations through a small Python module (§3).

Recursive language models (RLMs) [22] are the closest aca-
demic articulation of our setting. The language model sees only
the query while a Python REPL holds the context as an in-memory
variable; the action space is execute_code plus FINAL(...); the
language model writes code that greps, slices, and summarizes
the context, optionally invoking other language model calls recur-
sively. marimo pair shares this substrate but operates in a different
setting.The REPL is the user’s live notebook rather than a per-task
ephemeral store, state persists across sessions and is shared with a
human, there are no recursive sub-calls, and the byproduct is the
notebook itself.

2Named for pair programming, though the agent can also work on its own.
3https://github.com/marimo-team/marimo

https://github.com/marimo-team/marimo-pair
https://github.com/marimo-team/marimo
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marimo notebooks are reactive Python. Cell dependencies are
extracted statically, and the runtime treats the notebook as an au-
thoritative dataflow graph. Editing a cell re-runs its downstream
automatically; deleting a cell scrubs the variables it defined; the
notebook’s .py file is regenerated from the kernel’s state. The run-
time guarantees no hidden cross-cell state and determines execu-
tion from the dataflow graph rather than the agent’s run order (in
contrast to Jupyter, where state depends on which cells were run
when). §3.3 leans on these properties.

3 THE PATTERN: OPENING UP THE
RUNTIME

Our aim is to connect marimo, a stateful Python runtime, to
agentic coding systems for iterative computational work. The
statefulness that makes such an environment useful for humans
is what makes it hard to expose to an agent acting from outside it.
MCP is a standard for connecting AI applications to external sys-
tems. We built a marimo MCP server to expose the live notebook
state through read-only tools like get_lightweight_cell_map,
get_tables_and_variables, and get_cell_dependency_graph.
These tools surfaced structure invisible from the .py file, including
which cells existed, which variables were in scope, and how the
dataflow graph wired them together. Writes went through the
agent’s existing file-editing tools. Marimo observed the resulting
filesystem edits and applied them to the runtime.

However, both halves had limits. The read tools only exposed
what we had anticipated. The agent often wanted to ask the next
question, or to inspect an object the tools did not cover. Edits had
the opposite problem. The agent could change anything in the file,
but errors stayed in the notebook, so it could not tell whether its
edit had worked. The split between curated reads and filesystem
writes kept the agent outside the runtime. Cloudflare [1] reports a
related dynamic on wrapped APIs.

The alternative is a single code action, in which the agent writes
Python directly against the runtime with full visibility into its
state. The runtime is the control plane, intercepting actions to
apply its semantics and giving fast feedback for self-correction.
The pattern has three properties (§3.1–§3.3). P2 and P3 are orthog-
onal. Jupyter exposes rich structure without runtime invariants,
while a capability-restricted sandbox imposes invariants without
introspectable structure. marimo pair instantiates the pattern by
letting a coding agent drive a live marimo Python kernel, with a
small Python module (marimo._code_mode) as its interface to the
notebook (Figure 1).

3.1 A single code action
The host language is the action surface. The agent’s payload is un-
modified Python, evaluated in the kernel with read access to all cell
variables. New bindings live in a scratchpad and disappear when
the call ends. To make persistent notebook changes, the agent uses
marimo._code_mode (§3.2).4 Anything Python can do, the agent
can do (df.head(), fitting a model, plotting) without an interven-
ing discrete-operation surface. P1 alone is not novel. Zhang et al.’s

4Currently exposed as a shell command (execute-code.sh) over HTTP. The trans-
port is incidental: an MCP server, a host-SDK function call, or any channel that deliv-
ers a Python string to the kernel realizes the same surface.
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Figure 1: Architecture. The agent (left) operates in a model-
and-tools loop and reaches the runtime (right) through a
single code action (P1). The runtime is the medium for
the agent’s work: its structure (cells, namespace, dataflow
graph) is the offloaded context store the agent inspects and
mutates (P2); its semantics (reactive recompute, scrubbed-
on-delete, transactional mutations) shape what the agent’s
actions produce (P3). The notebook persists as a .py file
across sessions.

L0 [23] and You et al.’s DatawiseAgent [20] run agents in Jupyter
kernels via code-execution loops, and ChatGPT Code Interpreter5,
Open Interpreter6, Jupyter AI7, agentnb8, and mcp-repl9 also re-
alize P1. The pattern adds two more properties (P2, P3), reachable
through the same single action surface.

3.2 The runtime as offloaded context store
The kernel’s state (cells, namespace, reactive dataflow graph) is the
agent’s offloaded context store, reachable from inside the code ac-
tion through a small Python module the kernel itself exposes:
import marimo._code_mode as cm

# API is discoverable via help(cm), etc.

async with cm.get_context () as ctx:
# cells are Python objects: ctx.cell[cid].code ,

output , ...
cid = ctx.create_cell("df.head()")
ctx.run_cell(cid)

Unlike a JSON tool surface, cm does not mediate the agent’s
access at all. The agent has one action surface, the code action, and
cm is reached inside that surface, not alongside it. The code action
is a tool, but its payload is unstructured host-language code, and
the agent’s expressivity is Python’s, not a fixed schema’s. A medi-
ated tool surface adds a second control plane the agent’s code has
to coordinate with. Every step alternates between writing Python
and emitting a tool call. Here, cm is part of the same code the
agent already writes. Calls compose with arbitrary host-language
constructs (loops, comprehensions, locally defined helpers) and re-
main discoverable through help(cm) at runtime. An unbounded
set of operations is reachable through a fixed set of API entry
points.

5https://openai.com/blog/chatgpt-plugins
6https://github.com/OpenInterpreter/open-interpreter
7https://github.com/jupyterlab/jupyter-ai
8https://github.com/oegedijk/agentnb
9https://github.com/posit-dev/mcp-repl

https://openai.com/blog/chatgpt-plugins
https://github.com/OpenInterpreter/open-interpreter
https://github.com/jupyterlab/jupyter-ai
https://github.com/oegedijk/agentnb
https://github.com/posit-dev/mcp-repl
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3.3 Runtime semantics as constraints
The runtime applies invariants at specific execution points, not by
restricting the action surface. Three constraints carry most of the
weight in marimo:

(a) reactive recompute: editing a cell re-runs its downstream auto-
matically, freeing the agent from tracking the dependency struc-
ture;

(b) scrubbed-on-delete: deleting a cell removes its defined variables
from kernel memory, so stale state cannot accumulate;

(c) transactional mutations: cm operations queue inside an async
context and flush on exit, so the reactive graph sees a coherent
batch rather than partial state:

async with cm.get_context () as ctx:
cid = ctx.create_cell("x = expensive_load ()")
ctx.run_cell(cid)

# operations queue; on exit , flushed as one batch

These constraints are how marimo already works. At commit,
marimo dry-runs the batch through three static checks for syn-
tax, multiply-defined names, and cycles in the dependency graph.
These are the same checks marimo runs when a human edits the
notebook. If any check fails, the transaction is rejected and no note-
book state changes. Direct writes to the .py file are silently over-
written by the kernel, so changes only persist through cm. P3’s de-
sign move is to put constraints at intervention points rather than
restricting the action surface. In practice, the agent inspects state
through the scratchpad and commits batches through cm. The run-
time either rejects a failing batch before any cells change, or ac-
cepts a passing one into the dataflow graph and writes it back to
the .py file. Reactive recompute, scrubbed-on-delete, and trans-
actional mutations are marimo’s vocabulary for the move; other
runtimes might realize P3 with MVCC-style isolation, capability-
restricted contexts, or branch-and-merge primitives. We return to
this generality in §5.

3.4 Implementation
marimo pair packages the pattern as an agent skill paired with
a single shell tool. The skill is intentionally declarative. It points
the agent at where the runtime exposes its surface (marimo.
_code_mode) and how to discover it via help(cm), rather than
enumerating operations or sequencing work. marimo._code_mode
is a semi-private interface, not a versioned API. Its consumer is
a model that reads docs and reasons about what it finds, not a
program calling stable signatures, so the skill is loosely coupled to
the runtime version.

4 STRUCTURAL FIT TO DATAWORK
Iterative computational work has three structural features that the
file-system substrate of an agentic coding system does not carry
well:

D1. Persistent in-memory values. Notebooks hold fitted
models, dataframes, intermediate plots, and partial pipelines.
These values don’t fit in a prompt and are often expensive or
non-deterministic to re-derive from source [5, 12].

D2. A long tail of operations.What an analyst wants depends
on the data’s concrete state, including its columns, dtypes, value
distributions, and edge cases. A static tool surface enumerates a

fixed set of operations, but the long tail of useful queries outpaces
any such enumeration.

D3. Coherent iteration over partial state. Exploration pro-
duces dead ends like wrong cells edited, variables that should
be gone, or packages that break the environment. Without run-
time help, partial state accumulates across actions until errors
compound [5].

We address each pair in turn.

4.1 P1↔ D2: Long tail of operations
P1 is the host language as the action surface. D2’s operations de-
pend on values the agent cannot see at planning time, and P1 lets
the agent see those values by running code at planning time. We
saw this directly during the MCP detour (§3). Every new tool we
added was a thin Python wrapper over marimo’s state, until we
removed the wrappers and let the agent write Python.

DSBench [6] reports best-agent accuracy at 34% on notebook-
style analysis tasks, where success often depends on inspecting
values the agent cannot see in the prompt.

4.2 P2↔ D1: Persistent in-memory values
P2 is the runtime’s structure (cells, namespace, dataflow graph)
as the agent’s offloaded context store. D1’s values don’t fit in a
prompt and are expensive to re-derive, while P2 already holds
them in memory by virtue of being the kernel where they were
computed. The agent inherits the index (names, cells, dependen-
cies) without maintaining a parallel representation. Without P2,
the agent would have to either reload values from source on every
action (often impossible for partial pipelines) or summarize them
into its context window (often inadequate for high-cardinality
state). P2 makes the runtime do the indexing for the agent.

P2 corresponds towhat Liu et al. [9] call an agentic memory store,
but at the runtime layer rather than the data-system layer. Their
store is queryable across tasks and indexes table-level metadata as
a pseudo-index for future probes. marimo’s runtime indexes live
values within one session and does not today reach across sessions.
We do not claim marimo matches every feature of their proposal,
only that the runtime is one valid home for an agent’s working
memory.

4.3 P3↔ D3: Coherent iteration
P3 is the runtime’s semantics as constraints. Three marimo con-
straints cover three failure modes that arise during iterative explo-
ration:

(a) Reactive recompute prevents stale dependents: a downstream
cell reading a value its upstream has already updated.

(b) Scrubbed-on-delete prevents zombie variables: names that sur-
vive their defining cell’s removal.

(c) Transactional mutations prevent partial-batch state: an excep-
tion mid-sequence that leaves the dataflow graph half-updated.
D3 is the accumulation of inconsistent partial state across

exploratory actions, and each constraint eliminates one source
of inconsistency. Without these constraints, each failure mode
would compound across actions, with stale dependents leaking
into downstream operations, zombie variables shadowing new
bindings, and partial-batch state leaving the dataflow graph in



Trevor Manz, Myles Scolnick, and Akshay Agrawal

mixed conditions. The agent would have to inventory and reason
about each. P3 collapses them into runtime invariants the agent
does not have to track. Liu et al. [9] use steerability for runtime
feedback the agent acts on. Our constraints apply automatically,
whether the agent asks or not.

5 DISCUSSION
marimo pair makes three design choices. First, marimo’s rules
operate within a single notebook session. Multi-agent coordina-
tion on one session, and coordination across sessions, would need
different rules and are left for future work. Second, the runtime
checks each change as it happens, not afterward (cf. Tagliabue
et al. [17]). Third, the agent’s interface is Python, not a fixed list
of operations. The same interface shape admits other rule vocab-
ularies, like MVCC-style isolation for concurrent agents [16] or
branch-and-merge for review-gated workflows [2]. These pursue
different priorities than ours.

Artifact. The byproduct of an agent’s session is a .py notebook
that persists, can be reopened by a human, and re-runs in declared-
dependency order. The agent leaves the same artifact a human
would.

Affordances. The same action surface handlesmore than cell mu-
tation; marimo’s package installation runs through it as well. The
transactional flush in P3 also admits pre-execution hooks (linting,
type-checking, or other static checks) that could enforce invariants
before code lands.

Sandboxing and safety. Hardening marimo pair against un-
trusted code is future work, but the design has one structural
property that simplifies the problem. Every action the agent takes
runs through Python in the kernel (P1), which makes the kernel
the natural place to enforce policy. Where the kernel runs (local
or remote) and how it is isolated (sandboxed or not) are deploy-
ment choices, separate from the agent interface. A policy layer
at the kernel can inspect each proposed action before it executes
and admit or reject it, extending P3 from correctness checks to
authorization.

Limitations and future work. A proper evaluation of marimo
pair is future work. The natural baselines are shell-only cod-
ing agents, Jupyter-based agent systems [20, 23], and curated
notebook-AI tools. We expect the win to be largest on tasks where
there are many directions to search and restarting is expensive.
Liu et al. [9] make the same kind of move at the data-systems layer
(cf. Zeighami et al. [21] on proactive data systems). Their agentic
memory store sits across sessions; ours sits within a session. The
two layers compose.
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