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Abstract

The quality of Al-generated code depends on the context that
coding agents automatically receive as input. Today’s coding
agents do not expose that context to the developer. When
retrieval fails, the developer cannot distinguish whether a
wrong output stems from flawed reasoning or from incorrect
or missing input. We describe how coding agents retrieve
context internally and derive three failure modes: wrong
context, missing context and stale context. Existing mecha-
nisms for managing context (compaction, session reset, and
sub-agent delegation) are automated responses to token lim-
its that give developers no way to correct these failures.
We present Monet, a canvas-based development tool that
positions the developer as curator of the context the agent
receives. Monet is guided by two design goals: context observ-
ability, letting developers see every piece of gathered context
and its current state, and context curation, letting developers
add, remove, and refresh context through direct manipula-
tion. On Monet’s canvas, each piece of context is a node
that developers can remove, add, or refresh to correct the
agent’s input before re-prompting. Case studies show that
each mechanism catches retrieval errors that autonomous
agents cannot self-correct. Monet opens a new design space
for human-AI collaboration in agent-assisted programming,
shifting the developer’s role from prompt author to context
curator.

CCS Concepts: - Human-centered computing — Graph-
ical user interfaces; Interaction design; - Software and
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1 Introduction

The quality of Al-generated code depends directly on the
context the model receives, yet current tools make it diffi-
cult for developers to see or influence that context. Early
Al-assisted programming tools kept developers in control:
inline completions let them accept or reject one suggestion
at a time [4, 24, 33]. IDE-integrated chat automated context
assembly but still let developers select files and references
to include. Today’s coding agents [45] explore codebases on
their own, selecting which files to read, which tools to in-
voke, and when to stop gathering information, evaluated on
benchmarks like SWE-bench [17]. Multi-agent systems push
this further: sub-agents operate independently with a spe-
cific task and return summaries, leaving the developer with
no observability into what was gathered or how [13, 15, 37].

While each step increased the number of tasks a developer
can work on, it also made it harder to inspect or shape the
context on which the agent operates. Autonomously gath-
ered context can be wrong, incomplete, or outdated [23, 44],
causing faulty output. The underlying cause for wrong, in-
complete, or outdated context is that the required agentic
context retrieval is unreliable. An agent may settle on a super-
ficially relevant file while missing the module that actually
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matters [6, 44, 48]. It reads a file early in the conversation and
continues reasoning over that version long after its own ed-
its have invalidated it. When the gathered context is wrong,
downstream generations are wrong too [7]. Instead of receiv-
ing a correct output, the developer spends time diagnosing
and fixing errors in a context that is opaque to them.

Finding the errors and repairing them accounts for a large
share of session time in Al-assisted coding [33]. Empirical
studies further indicate that context-related failures cause
the majority of errors in Al-generated code [48]. Liu et al.
[26] analyze hallucinations in LLM-generated code and iden-
tify five common types. Three of these types trace directly
to the input the model received rather than to its reasoning
over that input. Generated code misses the developer’s ac-
tual intent when the prompt and the retrieved files do not
convey what the task requires. Generated code contradicts
the rest of the codebase when irrelevant or outdated informa-
tion accumulates in the context window [11, 23]. Generated
code misuses APIs and project-specific identifiers when the
model relies on definitions it never retrieved or retrieved
incorrectly [48]. Together these three types account for ap-
proximately 79% of observed hallucinations. This suggests
the cause is not that the model reasons poorly but that it
reasons over the wrong information.

Current tools only give developers limited agency and in-
spectability over context. Some coding agents let developers
inject context explicitly via the prompt, for example through
file mentions or project-level rule files [16]. These mecha-
nisms give developers a way to supply additional information
to the agent. However, there is no tooling to inspect what
context the agent already gathered, whether it is still current,
or how it differs from what the developer expects the agent
to be working with. Even when the developer suspects a
retrieval error, no context management mechanism allows
removing the context that the agent gathered incorrectly. The
existing context management mechanisms offer no fine con-
trol. Compaction, also known as LLM-based summarization,
replaces earlier messages with a lossy summary produced by
a separate LLM call, condensing reasoning, actions, and ob-
servations alike into a single compressed representation [25].
Session reset and rewind discard the conversation history,
removing valid context alongside degraded context indis-
criminately. Sub-agent delegation surfaces only a summary
of the sub-agent’s findings rather than the full retrieved in-
formation [13]. All three are triggered by context window
constraints rather than by an explicit developer decision to
verify or correct the contents.

To address these challenges, we present Monet, a canvas-
based development tool that makes context a visible, manip-
ulable artifact. Monet is guided by two design goals: context
observability, letting developers see every piece of gathered
context and its current state, and context curation, letting
developers add missing context, remove wrong context, and
refresh stale reads. On Monet’s canvas, every piece of context
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becomes an individually addressable node that developers
can inspect, add, remove, or refresh through direct manip-
ulation. Multiple conversations can run in parallel on the
same canvas, and validated context can be reused across
them. Together, these goals give the developer a new role:
beyond writing prompts and reviewing output, the developer
becomes a curator of the context the agent operates on.

The remainder of this paper traces the decline of developer
agency across five generations of Al-assisted programming
tools, analyzes how coding agents retrieve context and why
this process might fail. We then present Monet, describe
how the tool lets the developer curate context on a canvas,
how observability features surface context state, and how
direct manipulation lets developers curate the agent’s input.
Case studies demonstrate how these mechanisms address
each failure mode in scenarios drawn from real development
sessions. We close with a discussion of when curation helps,
why current tools hide context, and directions for future
empirical validation and survey related work.

2 Coding Agents

This section examines coding agents, their context problems
and the consequences. We first trace how each generation
of Al coding tools traded developer agency for automation,
leaving today’s agents with little developer oversight. We
then explain how coding agents retrieve context through
autonomous tool calls, and why this process is unreliable.
Following, we describe three context failure modes: wrong,
missing and stale context. Finally, we review context man-
agement mechanisms that current tools use and show that
none of them let developers inspect or curate what the agent
has gathered.

2.1 The Decline of Developer Agency

We define developer agency as the degree to which a devel-
oper can observe and manipulate the actions an Al tool takes
on their behalf. This includes both observability into the
tool’s inputs and outputs and the ability to influence what it
reads, generates, and modifies. Since the adoption of Al assis-
tance during programming, this agency has been declining.
Developers report difficulty controlling Al coding tools and
not knowing what input shaped the output as among the
most frequent usability issues [24]. Each iteration of tooling
traded developer agency for automation. In the following, we
briefly describe five kinds of tools with decreasing degrees
of agency, which are also illustrated in Fig. 1.

Inline auto-completion Inline completions are code
suggestions an Al model generates during program-
ming at the current cursor position, typically displayed
as gray text. Inline completions could be accepted or
rejected using a predefined key. While the context
the model used to generate a suggestion was already
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Figure 1. Five kinds of tools for interacting with Al models.

opaque to the developer, agency was preserved be-
cause developers could accept or reject each suggestion
individually. Each completion was a small, local edit
that the developer explicitly approved or dismissed be-
fore moving on [4, 33]. The developer remained close
to the code, reasoning at the level of individual lines
and functions.

Chat-based interfaces General-purpose chat models
offered a different trade-off. Developers pasted snip-
pets, asked for explanations, and drafted functions
manually with the assistance of the LLM [21]. Because
input and how the output was used were entirely under
the developer’s control, agency was high. In practice,
developers used chat primarily for guidance and learn-
ing rather than generating ready-to-use artifacts. They
struggled to provide sufficient context when they did
attempt artifact generation [21].

Chat-based IDE integration The subsequent integra-
tion of chat into IDEs attempted to combine both ap-
proaches, trading some of this control for tighter tool
integration. IDE-integrated chat interfaces let devel-
opers ask questions about their code directly in the
editor. These tools lacked autonomous tool use and
were limited to heuristics that automatically assem-
bled context such as the current selection or opened
files [34]. Developers could steer answers by highlight-
ing specific code, retaining some agency over what the
model takes as input.

Coding agents Terminal-based coding agents extended
the chat paradigm with autonomous tool use to gather
context information. Rather than relying on heuristics
to infer context, these agents explore the codebase on
their own, mostly through bash commands [42, 45].
These agents are typically able to execute the program
they are working on, thus forming a feedback loop
that allows the agent to iteratively improve upon its
results. This autonomy removes the need to manually
supply relevant files or feedback, but also reduces the
agency of the developer. The developer’s role shifts
from selecting context and approving individual edits
to writing a natural-language specification upfront
and reviewing the result afterward [9]. While the used
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context is essential for the outcome, the developer only
sets a direction with the prompt. This shift effectively
returns developers to compile-and-run cycles, where
they specify intent, wait for the agent to produce a
result, and inspect the outcome rather than the steps
that led to it [30]. Details about coding agents are
discussed in Section 2.2.

Multi-agent systems Multi-agent systems are a further
iteration on this concept. An orchestrating agent co-
ordinates multiple specialized agents that each op-
erate on their own context without developer over-
sight [13, 15, 37]. For example, Claude Code spawns
sub-agents that explore the codebase independently
and return only a summary to the parent agent.1 This
further reduces developer agency: the developer ap-
proves a final result without knowing what context
each agent gathered or how their intermediate findings
shaped the outcome.

As Al-assisted programming tools grow more autonomous,
developers lose observability into what the tool reads and
control over what it generates. Yet the quality of the out-
put depends directly on the gathered context. Autonomous
agents frequently select insufficient or incorrect context [23,
44]. Restoring this agency without sacrificing automation is
an open challenge.

2.2 Context Retrieval in Coding Agents

Monet builds on the context retrieval of existing coding
agents. We therefore introduce how they work to get context
from the codebase.

A coding agent is an LLM paired with a runtime which
allows tool execution that retrieves context information
through repeated tool calls in a loop. This agentic loop to
retrieve context information is displayed in Figure 2. This al-
lows the agent to locate relevant files autonomously, without
requiring the developer to supply them. The agent frame-
work provides the tools, a runtime that executes them, and
a control loop that feeds results back to the model. Together,
these exchanges form a conversation: an ordered sequence

https://code.claude.com/docs/en/sub-agents
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Figure 2. Agentic loop in coding agent context retrieval.
The curation step (dashed) is not part of current tools and is
introduced in Section 3.

of messages between developer, model, and tools. Each mes-
sage appends to the conversation and becomes part of the
context for the next model response. Throughout this pa-
per, context refers to the complete input the model receives
when generating its next response. This input is an ordered
sequence of an initial prompt, tool calls and tool results, and
prior model outputs from the current conversation.

While this automatic retrieval is a remarkable benefit,
it offers little observability into what is retrieved or why.
The developer expresses implementation intent in natural
language as a prompt to the LLM. The prompt is the sole
input for the coding agent. Important implementation details
and relevant files need to be stated in the prompt to steer
the coding agent to find specific information in the codebase.
Based on the provided information in the prompt, the LLM
executes an arbitrary number of tool calls [45].

The model has no prior knowledge of the repository’s
state, but tool calls enable it to explore the codebase. Given
the current context, the agent selects a tool from a set of
textual tool descriptions and generates the corresponding
parameters. Common tools include file search, text search, di-
rectory listing, a general-purpose shell, and reading and writ-
ing files [45]. The agent runtime executes each tool call on
the host machine and feeds the output back to the model as
input. Which tools are selected, in what order, and how often
they are executed depends on the model and the given tool
descriptions. Re-executing the same prompt most likely leads
to different tool calls since the model is probabilistic [35].
The retrieved context therefore varies between runs, and
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developers cannot anticipate which information the model
will operate on.

The developer can steer this process only through natural
language. A prompt or follow-up instruction may suggest
where to look or what matters. However, the developer can-
not determine which tools are invoked, which files are read,
or what information the agent treats as relevant. The re-
trieval process is unreliable in several ways. The agent often
stops searching and reading files once it finds related mate-
rial, even if the retrieved context is incomplete for the task.
Coding agents consistently prioritize gathering more mate-
rial over gathering the right material [23]. If a search returns
no results, the agent treats this as evidence that no relevant
code exists. For example, the agent may search for the word
‘tag’ while the project uses ‘label’ instead, and an empty
result can lead the model to conclude that no implementa-
tion of tags exists. Similarly, if you ask the coding agent an
underspecified question such as ‘Give me the definition of a
document’, it sometimes directly replies instead of searching
for the class definition of the class ‘Document’. When asked
‘how input validation works’, the agent may find a valida-
tion function in a utility module and treat it as the complete
answer. Empirical analysis of open-source projects shows
that the majority of functions depend on entities defined
elsewhere in the project, and agents frequently fabricate
non-existent APIs, attributes, or variables when they fail to
retrieve those dependencies [48]. It will miss that additional
rules are enforced by middleware, database constraints, and
frontend checks spread across several directories. The agent
has no mechanism to verify whether all relevant information
was found. All relevant information must either be specified
in the prompt or happen to be found by the agent during its
search, with no guarantee of the latter.

What the agent can find is further constrained by the tool
set exposed to it, making the retrieval quality dependent on
the surrounding system, not just the model. Prior work has
shown that equipping LLMs with programmer-oriented tools
changes which questions they can answer and how reliably
they do so [5]. In multi-agent setups, the underlying code-
base may change during retrieval if multiple agents operate
concurrently, rendering previously gathered context invalid
or out of date. None of these inconsistencies are surfaced to
the developer. Even when retrieval succeeds, a separate prob-
lem emerges: the limited context size forces the agent to drop
or summarize earlier findings as new information is added.
What remains in the context is also not used evenly: informa-
tion in the middle receives less attention than information
at the start or end [27].

Agent frameworks differ in complexity, with more ad-
vanced ones adding components such as planning, special-
ized sub-agents, or structured retrieval on top of a basic tool-
calling loop. Even these advanced frameworks offer only
small gains in context retrieval over simpler ones, suggest-
ing this is a fundamental limitation of coding agents rather
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than an engineering problem [23]. The consequences of this
are discussed in the following section.

2.3 Challenges of Unreliable Retrieval

Unreliable retrieval affects both the quality of the generated
output and the ability to identify problems. For the purposes
of our context curation design, we consider a classification
of three different retrieval problems. For a more exhaustive
classification, refer to Liu et al. [26].

Wrong context. Once the agent considers the retrieval
finished, it generates code changes or a textual answer to the
initial prompt. Agents tend to over-retrieve, gathering far
more context than they ultimately use and introducing noise
that appears to degrade downstream reasoning [23]. Errors
such as irrelevant context during retrieval lead to errors in
the generated output [22, 27, 39, 46]. The problem is not
model capability but input quality: the model reasons over
the wrong information [44]. Wrong context compounds a
process that is already non-deterministic, since even identical
inputs produce divergent outputs [11, 35, 39]. The generated
code can be consistent with the gathered context but wrong
for the entire repository. Only a developer familiar with the
repository can recognize what was missed.

Missing context. Whatever was missed during retrieval is
not available as reference during generation, leading to faulty
output [6, 44, 48]. The agent stops as soon as its retrieval
results seem sufficient, and what counts as sufficient depends
on the model and its input and is not easily verifiable by the
developer [23, 45]. Retrieval becomes the bottleneck once the
agent has to discover the relevant structure. This bottleneck
scales with repository size [48]. In small projects the agent
can plausibly read everything relevant. In large codebases the
relevant files are a small percentage of the entire repository.
The probability that autonomous exploration finds them
drops accordingly.

Stale context. Even context that was correct when it was
gathered degrades as the conversation progresses. Every
model has a maximum token budget. When the context win-
dow fills up, the agent is forced to summarize context, los-
ing information that may still be relevant. Context rots: the
agent’s own edits invalidate earlier reads, but the old versions
remain in the context window [18]. Errors accumulate across
the ongoing conversation, and there is no re-validation of
earlier context after changes [43]. Inside the context window,
the model cannot distinguish between the actual state of a
file on disk and its own earlier output. As the context grows
and accumulates stale information, model performance drops
further because attention is spread across more tokens. Mod-
els reason better over small, accurate context than over large,
polluted context [11, 27, 43].

The retrieval failures described above appear in the out-
put as the hallucination types documented by Liu et al. [26].
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Wrong and missing context lead to code that misinterprets
the task or misuses APIs. Stale context leads to code that con-
flicts with the current state of the codebase. The same pattern
holds in real-world projects, where context-related failures
account for the largest share of generation errors [48].

The three failures above would be tractable if developers
could inspect and edit the context window. Commercial tools
such as Claude Code display which tool calls were made (for
example, that the agent searched for five patterns) but hide
the actual results returned, and because the interaction log
is append-only, the developer cannot easily repair what the
agent gathered or in what order. If the developer notices that
a wrong file was retrieved, they cannot remove it from the
context window. Asking the agent to ignore a file leaves the
file in the context and adds the request on top of it [28]. The
only fix is to restart the conversation with an additional hint
in the prompt. The append-only model also reflects a broader
regression in feedback granularity, where developers act on
final outcomes rather than intermediate steps [30].

This opacity has direct consequences for trust and adop-
tion. Developers frequently abandon generated code because
it does not perform the intended action or fails to meet func-
tional and non-functional requirements [24], yet current
tools lack the affordances developers need to evaluate agent
trustworthiness efficiently [41]. Code assistants present sug-
gestions without exposing the specific codebase context in-
fluencing their generation [47]. When output quality is un-
predictable and the causes are not inspectable, the developer
falls back to manually verifying every result [24]. In the
worst case, the agent no longer saves effort for the devel-
oper. The developer does the same work as before, plus the
work of checking what the agent produced [24]. Without
observability into the gathered context, the developer cannot
distinguish successful retrieval from failed retrieval, and the
append-only structure of the interaction log prevents them
from curating it.

2.4 Context Management

A developer who wants to steer generation by improving
the context, rather than reprompting or patching outputs,
needs a way to inspect and curate what the agent uses as
input. Because each model has a fixed context limit, how the
space is used matters. Current agentic coding tools use three
mechanisms that influence context size. None of them let
the developer see, edit, or selectively keep what is inside.

Compaction Compaction, also known as summariza-
tion, replaces earlier context with a lossy summary
to free up space once the context window fills. The
summary itself consumes tokens, and because it is gen-
erated by a non-deterministic model, it can drift from
the original source and introduce stale or incorrect
information [35]. Compressing conversation history
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into conversation summaries loses information and
reduces downstream task performance [25, 43].

Session reset and rewind A session reset discards the
entire conversation history. This removes faulty con-
text but also throws out context that is still correct
for the task. The developer and the coding agent start
over with no carryover, forced to re-establish context
from scratch. Session rewind offers finer granularity
without added selectivity on what context should re-
main and which should be deleted. The developer rolls
the conversation back to an earlier message, which
discards every tool call and message after that point.

Sub-agent delegation Sub-agent delegation offloads a
sub-task to a separate agent with its own context win-
dow [13]. The parent agent only receives a summary
of what the sub-agent found, not the full retrieved
context. The developer cannot check whether the sub-
agent gathered the right information or from which
information the summary was created.

Some coding agents compact and delegate tasks to sub-
agents automatically without developer involvement. Ses-
sion reset and rewind are developer-initiated but offer no
selectivity over what context should remain. The developer
can discard everything back to a chosen point, including
the very start, or keep everything. The developer cannot see
what is kept, remove a single wrong fact, re-validate a stale
read, or inject knowledge that the agent missed. None of
these mechanisms provide a channel for the developer to
contribute codebase knowledge the agent failed to retrieve.
The developer’s mental model of the codebase remains ex-
ternal to the agent, accessible only through the prompt.

3 Monet: A Curator’s Canvas

Monet is a canvas-based development tool that supports
developers in curating context in collaboration with an Al
coding agent throughout the development process. Figure 3
shows a screenshot of an open Monet project on the canvas.
Developers become active curators of the context instead of
being passive during context retrieval. State-of-the-art cod-
ing agents manage their context automatically, compacting
or discarding information via compaction without developer
agency [25, 45]. With the automatic context management,
challenges such as context degradation and the approaching
context limit negatively impact downstream code genera-
tion as described in Section 2.3. Monet gives developers an
explicit view of the agent’s context and the ability to curate
the gathered context actively.

The developer as curator. We use the term curator to
describe a role that current Al-assisted programming tools
do not support. A curator selects, organizes, and maintains
a collection of artifacts. Applied to context, this means the
developer decides which files, tool results, and prior outputs
belong in the agent’s context window, removes what does

99

Lukas Bohme, Tom Beckmann, Michael Perscheid, Robert Hirschfeld

not belong, and keeps the remaining material current. The
role is distinct from the prompt author and code reviewer. A
prompt author specifies intent before generation. A reviewer
evaluates output after generation. A curator acts on the input
the agent reasons over before final output generation occurs
or after to steer the model in the intended direction. The
developer does not replace the agent’s retrieval but adds a
curation step to it (see Fig. 2). They step in when it misses
something, adding code the agent overlooked and cutting
context that would hurt generation.

The remainder of this section first states the design goals
that guided Monet’s construction, then describes how con-
text can be curated on the canvas as observable, individually
addressable objects, and finally presents the interactions that
let developers manipulate those objects directly.

3.1 Design Goals

The challenges described in Section 2.3 fall into two cate-
gories. The first is an observation problem: the developer
cannot see what context the agent gathered, whether it is
complete, or whether it has gone stale. The second is an in-
tervention problem: even when the developer suspects that
context is wrong or missing, current tools offer no way to
correct it beyond restarting or rewinding the conversation.
Monet’s design addresses these two categories through two
corresponding goals.

Context observability. The developer should be able to
see every piece of context that the agent has gathered, its type
of origin (file read, tool input and output, generated output),
and its current state (up-to-date or stale). As discussed in
Section 2.3, current tools only expose context through an
append-only conversation log, leaving the developer without
a structured way to see which files the agent read or whether
earlier reads are still up to date. Without this observability,
the developer has no basis to evaluate whether the agent has
the information it needs or whether that information is still
accurate.

Context curation. Seeing problems in the context is only
useful if the developer can act on them. The developer should
be able to add missing context, remove wrong context, and
replace outdated context. As discussed in Section 2.3, wrong
files remain in the context window indefinitely, missing files
can only be hinted at through prompts, and stale reads can-
not be refreshed. Current tools limit the developer to writing
natural language descriptions, with no guarantee the agent
retrieves the right information. Curation should replace this
with direct manipulation of the agent’s input. Prior work
supports this direction: reducing irrelevant context improves
generation quality [11, 23], replacing stale information re-
duces errors in downstream output, and providing missing
context increases the correctness of generated code [6, 44, 48].
Each interaction addresses a specific failure mode from the
challenge analysis, letting developers express intent through
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actions on context rather than through verbal descriptions
alone.

Both goals augment rather than replace the agent’s au-
tonomous retrieval: the developer can let the agent gather
context on its own and intervene only when needed. This
design shifts the developer’s role from writing prompts and
reviewing results to actively participating in the generation
process by curating the context.

3.2 Canvas Interface

Monet consists of two main views, as seen in Fig. 3: a file tree
and a canvas. When a developer opens a project, this is rep-
resented as a workspace tab. In the newly opened workspace,
they can then start writing prompts to interact with an agent.

Every part of an agent’s conversation context is repre-
sented as a separate node on the canvas: user prompts, tool
calls, and agent responses each become an individual unit
that the developer can inspect, move, or remove indepen-
dently. We refer to these units as context nodes throughout
the remainder of the paper. Each context node is freely mov-
able on the canvas. Depending on the type of context node,
different visualizations are shown. For example, a web search
node shows the search results in a list with hover functional-
ity to preview content, a read tool call node shows the file in
a text editor with changes displayed in a diff view, and gen-
erated programming artifacts such as Mermaid diagrams are
rendered directly on the canvas. Clicking a context node re-
veals a halo with navigation assistants and meta-information
such as token usage. Nodes of specific types can be hidden
or collapsed based on developer preferences. Hidden nodes
remain on the canvas and can be restored at any time. Suc-
cessive hidden nodes collapse into a single node that can
be expanded again. Hiding is visual only: a hidden node re-
mains part of the conversation context and is still sent to the
model. This distinguishes hiding from context-altering oper-
ations described in Section 3.4: removing a node via drag-out
excludes it from the conversation context while keeping it
available on the canvas, whereas deleting a node discards it
from the canvas.

Context nodes are organized into chains. A chain is a con-
nected sequence of context nodes that represents a single
conversation: the developer’s prompts, the files the agent
retrieved, the tool calls it made, and the outputs it produced.
Each context node of the chain is treated as part of the con-
versation context. Rearranging, deleting, or adding context
nodes to the chain changes the context of the conversation.
When the developer submits a prompt, only the context
nodes within its chain are sent to the model for generating
new context nodes, including the final outputs. We use the
terms conversation and chain interchangeably.

A new conversation can be started anywhere on the canvas,
in one of two ways. First, similar to state-of-the-art coding
agents, the developer can create a new input context node on
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the canvas via a double click. Submitting the prompt starts a
conversation and generates new context nodes that appear
on the canvas as a chain. Second, the developer can drag con-
text nodes onto the canvas from a file tree (see Section 3.3)
or reuse existing context nodes, arrange them as a chain, and
ask questions about them using a new input context node.
For example, a developer who wants to ask about the rela-
tionship between two modules can select both file context
nodes and type the question, rather than explaining in the
prompt what each module contains or where to find them.

Multiple chains can coexist on the canvas, allowing and
encouraging exploration using multiple conversations at
the same time. Prior context remains available, and there is
no switching between sessions that cannot carry context.
Rather than discarding an entire conversation to free up the
context window, a developer can start a new chain while
keeping the previous one visible and reusing context nodes.
This is especially useful since context nodes persist after
the conversation that produced them has ended and can be
inspected, edited, or dragged into new chains as input.

The canvas persists across sessions. Prior conversations,
context nodes, and spatial arrangement remain available
when a developer returns. Earlier reasoning stays inspectable
and gathered context can be reused. Because context nodes
capture the state of files at the time they were added, per-
sisted context may diverge from the current state of the
codebase.

3.3 Observability

Changing context is only useful if the developer can un-
derstand what context exists and in what state it is. The
observability affordances described below let developers see
what needs changing; the interaction mechanisms described
afterward let them act on those insights. Monet provides
four affordances that communicate context information.

Color coding Every context node on the canvas carries
a visual indicator of its state. Nodes fall into five cat-
egories: searches, reads, arbitrary calls, changes, and
artifacts such as Mermaid diagrams. Each category
has its own color. Nodes also indicate staleness via
color. The system tracks which nodes reference which
files. When a file changes after its last read, the node
is marked stale.

File tree Alongside the spatial canvas layout, Monet pro-
vides a conventional file tree that lists the repository’s
files. Developers can drag files directly from the tree
onto the canvas to add them as context nodes. The file
tree also serves as an overview of which files are cur-
rently part of the context. When the developer clicks a
context node, the system traverses every context node
in the conversation chain and color-codes each refer-
enced file in the tree. The colors reflect how the agent
interacted with each file.
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Figure 3. Project Canvas of Monet. An opened workspace within Monet. The canvas displays two parallel conversations. A
minimap indicates the current viewport position. Zooming out expands the visible area, revealing more conversations and

triggering semantic zoom.

Files pass through four states, ordered by increasing
interaction. A file starts as not found. It becomes discov-
ered once an exploration tool such as 1s, tree, or grep
has encountered it. It becomes read once its content
has been retrieved. It becomes written once it has been
modified. Only the highest applicable state is shown. A
file that was both discovered and later read appears as
read, and a file that was read and subsequently written
appears as written. The color coding reveals how the
agent interacted with each file. Gaps become visible
where files were discovered but never read. Clicking
an entry in the file tree highlights the corresponding
node on the canvas and scrolls it into view. Figure 4
displays an instance of a file tree with color-coding.
Minimap When a canvas accumulates context nodes
from multiple conversations, a reduced-scale overview
of the full workspace becomes valuable. The minimap
provides this overview, displaying all nodes and con-
versations on the canvas as an abstract layout. The
color coding of context nodes is preserved in the min-
imap, allowing the developer to identify node cate-
gories at the reduced scale. It lets the developer orient
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themselves within a large canvas, jump to specific re-
gions, and see the extent of their workspace.

Semantic zoom Context nodes display the exact con-

tent that was used within a conversation. For large
tasks or repositories, the number of context nodes can
grow, making it impractical to inspect each node indi-
vidually. Semantic zooming addresses this by replacing
node content with summaries as the developer zooms
out. At intermediate zoom levels, each context node
is visually replaced by an LLM-generated summary
describing the content of the context node. At fur-
ther zoom levels, groups of summaries are themselves
summarized, producing higher-level overviews. This
layered representation lets developers navigate con-
text histories by moving between different levels of
abstraction, from broad summaries down to individual
context nodes. Although these summaries are LLM-
generated, they are only developer facing: semantic
zoom changes what the developer sees, it does not
change the input of the model since the underlying
context nodes remain unaltered. A conceptual illustra-
tion is displayed in Figure 5.
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Figure 5. Conceptual figure of our implementation of se-
mantic zoom at three levels. As the developer zooms out,
individual context nodes are replaced by LLM-generated
summaries, and groups of summaries are themselves sum-
marized into higher-level overviews.

3.4 Interactions

The observability mechanisms described above let develop-
ers see the context and its current state. This section de-
scribes how developers can change it. Current tools require
developers to describe their intent in natural language and
hope the agent retrieves the right information. Monet lets
developers steer generation by manipulating context nodes.
This addresses both context degradation and the approaching
context limit.

In a typical workflow in Monet, developers will start a
conversation, have an agent generate context nodes, and
then curate the generated context before continuing. Conse-
quently, asking the agent to work more incrementally will
give the developer more control, e.g., first asking it to build
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up context with important code snippets, then asking it to
formulate an implementation plan, and only then asking it
to implement it. At each step, the developer can curate and
steer the agent before it continues.

Drag-out: removing wrong context When the agent
retrieves an irrelevant or misleading file, or when a
tool call fails and returns an error, the result remains in
the context window for the rest of the conversation in
current coding agent systems. Similarly, exploration
tools such as 1s or tree can produce large outputs
that consume large portions of the context window
even when the information they contain is no longer
needed. In the traditional terminal-based coding agent
interface, the developer has little agency to remove
any of this context. The only option is to start a new
session, or to rewind the conversation to the point
before the unwanted context was introduced, losing
all subsequent context in the process. In Monet, the de-
veloper can drag a context node out of a conversation
to remove it from that conversation’s context window.
It is also reversible: the node remains on the canvas
and can be dragged back in if the decision turns out
to be wrong. If the developer is certain the node is not
needed, they can also delete it from the canvas entirely.
This interaction contrasts with compaction, where the
system replaces context with a summary and the de-
veloper has no control over what information is kept
or lost. Drag-out directly addresses the wrong-context
failure mode (Section 2.3), allowing developers to cor-
rect retrieval mistakes as soon as they are noticed,
rather than waiting for accumulated wrong context to
cause generation errors.

Drag-in: injecting missing context Developers who
are familiar with a codebase often know which files
would be relevant if they were implementing the task
themselves. However, they can only communicate this
knowledge via a prompt. In current tools, the developer
can include this information in the chat prompt or
hope that mentioning it prompts the agent to search
for it. In Monet, the developer drags a context node
into the conversation. The node can be a file from the
repository’s file tree or an artifact from a previous
conversation. For example, if the agent fails to find a
relevant configuration file, the developer can drag it
from the file tree into the conversation chain. Similarly,
context nodes from earlier conversations that are still
visible on the canvas can be reused by dragging them
into a chain. Drag-in addresses the missing-context
failure mode (Section 2.3), where the agent cannot find
information it does not know to look for. The developer
bridges this gap by contributing their own knowledge
of the codebase through a concrete action rather than
through a verbal hint in the prompt.
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Cross-conversation reuse As described in Section 3.2,
context nodes persist on the canvas unless they are ac-
tively deleted, and can be moved or duplicated into new
conversations. In current tools any context gathered
in a previous session is lost, and the developer must
either re-describe it or wait for the agent to re-derive it
through another round of tool calls. This re-derivation
is wasteful and unreliable: the agent may not find the
same information a second time, or may find it in a
different form [35]. Prompting the agent to persist
context in scratchpad files offers a partial workaround.
Cross-conversation reuse lets the developer carry for-
ward the specific pieces of context they have already
validated, rather than delegating the same retrieval
task to the agent repeatedly. Because the context has
already been retrieved and validated, the agent does
not need to repeat tool calls to retrieve the same infor-
mation, avoiding redundant token usage and compu-
tation.

Re-executing tools Tool results go stale as the conver-
sation progresses. A file read at the start of a session
may no longer reflect the current state of that file after
the agent has made edits. In current tools, this stale
information stays in the context window with no indi-
cation that it is outdated, and the agent continues to
reason over it as if it were still accurate [43]. In Monet,
each tool result node can be re-executed. Re-execution
runs the same tool call again and replaces the node’s
content with the updated result. The node’s identity
and position on the canvas remain stable, so references
from other nodes and conversations are preserved. Re-
execution gives the developer a way to refresh context
on demand, directly countering the stale-context fail-
ure mode (Section 2.3) without restarting the conver-
sation.

3.5

The canvas is the developer-facing representation of the en-
tire context of multiple chains in a workspace. What the
model receives as input is derived from it: a linear conversa-
tion history serialized from the canvas. The canvas itself is
serialized as JSON. This representation retains the position
of each node, the links between nodes, and the full content
of every node. Each node on the canvas stores its original
message. A prompt node stores the user message. A response
node stores the model output. A tool node stores a call to-
gether with its result.

On every submission, Monet rebuilds the conversation
history from the submitted chain. It reads the ordered nodes
of a chain and passes them to the agent runtime as the full
conversation history. As a result, the history contains no
information about the canvas or the arrangement of nodes
on it. An edited chain is submitted as a fresh conversation

From Canvas to Model Input
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rather than patched, which is what makes free reordering,
removal, and injection possible.

Each curation interaction corresponds to a specific change
in the rebuilt history. Removing a node drops its messages.
A call and its result are serialized as one unit, so removing
one removes both. The history, therefore, never holds a call
without its result. A file dragged in from the file tree becomes
a synthetic read tool call and its result. The history then looks
the same as in a case where the agent reads the file itself,
so the model treats the injected context the same way as
the retrieved context. Re-executing a tool replaces the result
content inside the same node. Because each edit produces a
fresh conversation, it invalidates caches (Section 5).

4 Case Studies

To illustrate how developers can use Monet to identify and
correct common context failures, we describe a series of
scenarios drawn from real development sessions. Each sce-
nario describes a concrete task, explains how the problem
manifests in a conventional coding agent as described in
Section 2.2, and shows how Monet’s context observability
and curation mechanisms change the developer’s workflow.
The scenarios cover the three categories of context failure:
wrong context, missing context, and context limits and pollu-
tion due to accumulated stale information. The case studies
assume that the developer has enough familiarity with the
codebase to judge context quality. A developer who is new
to a codebase can first run exploratory conversations on the
canvas to map the structure before attempting curation.

Wrong and missing context. The following scenario
emerged during the development of Monet itself, which was
partly built using its own tooling. The application supports
two runtime modes: a production mode that accesses the
file system through the Tauri API (a framework for building
desktop applications with web technologies), and a develop-
ment mode that routes file operations through a dedicated
file service to enable Chrome DevTools. A strategy adapter
abstracts over both backends. When asked to implement
a file-access feature, the agent read the project README,
which describes the application as a Tauri project, and gen-
erated code that called the Tauri API directly, bypassing the
adapter. This produced code that worked in production but
broke the development environment. The scenario combines
two failure modes: the agent retrieved wrong context (the
README, which led it to use the Tauri API directly) and
missed context (the strategy adapter, which it never read be-
cause the README already appeared to provide a sufficient
answer).

In the baseline, the developer only discovered the wrong
API usage by reviewing the generated code. The developer
could not easily see which files the agent had consulted,
making it impossible to tell whether the agent had found the
adapter and ignored it, or never encountered it at all. After
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identifying the problem, the developer reprompted the agent
to use the adapter instead. The agent then re-read the adapter
module and produced a new set of changes, which again
required a full review. Each correction cycle was opaque
and repetitive, with no guarantee that the agent would not
reintroduce the same misleading context.

In Monet, the developer instructed the agent to gather
context before generating code and then inspected the col-
lected context on the canvas. The file tree color-codes files
by interaction level (not found, discovered, read, written),
making it apparent that the adapter had not been read. The
developer navigated to the relevant context nodes in two
ways. They either clicked on file tree entries or followed read
operations via the color-coded canvas. Inline code previews
let them verify what the agent had actually read. By drag-
ging the adapter into the context chain, the developer could
add the missing file. The canvas then visibly showed the
corrected context chain, allowing the developer to confirm
the correct abstraction was present before triggering code
generation.

Missing context. In many web applications, a configura-
tion is defined in one part of the codebase but consumed in
another. In Monet, for instance, the settings for the Al back-
end are defined in a settings module, but a separate provider
module in a different directory reads and applies them at
runtime. When asked to modify how the backend configura-
tion is handled, the agent found the settings definition and
generated changes. It missed the provider module entirely,
because it lives in a different directory and imports the con-
figuration through a helper function rather than referencing
the settings module directly.

In the baseline, the developer suspected the change was
incomplete but could not confirm which files the agent had
examined. The only option was to type follow-up prompts
such as “did you check the provider?”, which triggered a
new autonomous retrieval with no guarantee of finding the
right file. The developer could not distinguish whether the
agent had found the provider and dismissed it as irrelevant,
or whether its search had never surfaced it at all.

In Monet, the file tree color-codes files by interaction
level (not found, discovered, read, written). After the agent
finished gathering context, the developer could see that the
provider module was never read. The developer dragged the
missing file from the file tree into the context chain, using the
same interaction used for any context correction. The chain
visibly grew with the new node, and resubmission produced
changes that covered both the configuration definition and
its consumption.

Context limit & pollution. In Monet, a service visually
compacts context nodes based on grouping rules the user
specifies in advance. During development of this feature,
the developer asked the agent to fix a bug where grouped
windows were not displayed correctly. The agent read the

104

Onward! ’26, October 4-9, 2026, Oakland, CA, USA

service, tried an implementation approach, and generated
code that did not resolve the issue. The developer pointed
out the problem, and the agent tried again, reading addi-
tional files and producing new changes. After several failed
attempts, the conversation contained multiple stale reads
of the same file, failed diffs, and error output from earlier
iterations. Eventually the context window filled up and the
agent lost information through compaction. Outdated reads
remained in the context alongside many code changes and
exploration tool calls, leaving the agent to reason over con-
flicting contents.

In the baseline, the conversation is append-only. Besides
rewinding the entire conversation to a specific point, the
developer cannot remove failed attempts, refresh outdated
reads, or selectively keep useful context. Each retry adds
more noise, and the developer cannot tell whether a new
error stems from bad reasoning or from the agent mixing
up old and current file versions buried in the conversation
history. When the context window eventually fills up, the
system silently compacts earlier messages without notifying
the developer. The developer continues prompting, unaware
that relevant information was evicted, and errors caused by
the missing context become undiagnosable. There is no way
to see what was compacted, restore specific items, or choose
what to evict. The only option is to start a new conversation,
losing all accumulated context, including the parts that were
still valid.

With Monet, the developer has two options that are not
available in the baseline.

The first option is to free up context space without restart-
ing the conversation or relying on compaction. The devel-
oper drags out stale reads of files that the agent has since
modified. They also drag out large exploration nodes such as
directory listings or grep results that consumed many tokens
but are no longer relevant, as well as file reads which are not
relevant to the problem. Only the relevant nodes remain, so
the next prompt runs against a leaner context chain.

The second option is to reuse only the write nodes and
start fresh. The developer duplicates the write tool calls from
the failed attempts into a new branch and drags all other
nodes out of the context chain. They add a prompt node
stating that these writes represent approaches already tried,
all of which produced the same bug. This effectively creates
a new session that inherits the relevant history curated by
the developer from the previous one, instructing the agent
to explore a different direction rather than repeat the failed
attempts.

5 Discussion and Future Work

Monet treats context as a first-class artifact of Al-assisted
programming. Context is visible on the canvas, addressable
as individual nodes, and editable through direct manipulation
interactions. This positions the developer as a curator of
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the agent’s context alongside the existing role of prompt
author and reviewer. This framing raises questions about
when curation applies, where its value lies, whether it stays
relevant as models improve, and where its limitations are.

When curation applies. A developer can curate the con-
text at two points in the Al-assisted programming workflow:
before or after generation by the agent. Upfront curation
keeps irrelevant or stale information out of the context win-
dow before generation begins. Irrelevant information in the
context window has been shown to degrade generation qual-
ity [22, 27, 39, 46]. After generation, curation lets the devel-
oper act on the cause of a failure rather than describing the
problem in a follow-up prompt. The developer can remove
wrong context, add missing context, or refresh stale reads.
Without curation, the developer retries blindly. They cannot
tell which part of the context caused the failure, and they
cannot learn how the agent retrieves from this repository.

Both forms of curation require the developer to judge
what belongs in the context and what does not. That judg-
ment presupposes familiarity with the codebase. A developer
who is new to a repository may not know enough to judge
whether the gathered context is correct or complete, while
someone who knows the codebase well can spot gaps and
fix them. Curation is likely most valuable for developers
who know the codebase well enough to identify gaps in con-
text retrieval but still benefit from the agent’s automation.
Monet assumes that the developer has enough familiarity
to judge context quality, which may not hold in onboarding
scenarios. A possible mitigation is to let developers first run
exploratory conversations on the canvas to build familiarity
before curating context for implementation tasks.

Value of curation. Each curation action demands interac-
tion effort, and that effort is a marginal cost paid per interven-
tion. Whether curation is still valuable despite the additional
effort depends on how value is defined. Notably, working in
Monet does not exclude other workflows to manage context:
manually listing files in a prompt, rewinding a linear conver-
sation to an earlier point, or restarting with refined prompts
are all still possible in Monet. Specifically, these workflows
naturally map onto the chain concept rather than requiring
special interactions. Consequently, for small tasks where
curation adds little value as contexts remain naturally short,
there is no inherent overhead to using traditional workflows.

Monet’s design suggests three dimensions in which the
value of curation unfolds: cost, code quality, and developer
understanding. In terms of cost, keeping a context trimmed
close to the minimal amount of information that an agent
requires may also reduce computational cost incurred. We
discuss the trade-off to model caching below. Second, quality
of the source code may be improved through active devel-
oper curation. Through tighter feedback loops in potentially
smaller incremental steps, the developer can, for example,
ensure that good reference examples are in the context for
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the pending implementation, or that the agent makes ad-
equate use of abstractions that are idiomatic for the code
base. Further, as described in Section 2.3, a smaller context
tends to produce better generation results as attention is
focused on the relevant information. Third, developers may
improve their understanding of the generated code through
curation. In contrast to fully automated code generation,
curating context forces the developer to interact and under-
stand the agent’s reasoning as it is developing. Consequently,
they understand how conclusions come to be, rather than
having to later re-derive these from a code diff during a
post-generation review.

Scaling does not eliminate curation. Two developments
might suggest that manual context curation will soon be un-
necessary: context windows are growing, and the underlying
models are becoming more capable at retrieval. Some models
already support context windows of one million tokens, re-
ducing the need to drop information to stay within the limit.
However, larger windows do not address the problems of
wrong and missing context. More input tokens mean more
information competes for the model’s attention as also dis-
cussed in the previous paragraph with regards to the quality
of generated source code. Prior work has shown that model
performance degrades as context grows, before the token
limit is reached [11, 27]. Better retrieval capability does not
eliminate the problem either. Recent benchmarking shows
that even state-of-the-art models retrieve less than half of
the code regions needed to resolve a task, and that elabo-
rate retrieval frameworks do not reliably outperform simpler
approaches [23]. Generation itself is non-deterministic and
moving to newer models offers only marginal reductions in
variance [35]. Even a perfect retrieval model still depends
on the developer’s prompt to understand what to look for.
An underspecified or ambiguous prompt leads to wrong or
incomplete context, regardless of how capable the model is.
The bottleneck is not only the model’s ability to find infor-
mation but the developer’s ability to communicate intent.
Curation addresses this from the other direction. The devel-
oper sees what the model retrieved from their articulated
intent and corrects it directly, rather than refining the prompt
and hoping for better retrieval.

Trade-off between curation and model caches. To op-
timize inference, model providers typically cache the con-
versation state with an agent [12]. Without the cache, a
conversation with an agent has to be effectively replayed in
its entirety to continue a conversation. As Monet allows for
changing the conversation history, it has to invalidate the
model cache as soon as a developer performs any change to
past conversation history. In terms of performance, Monet
thus presents a trade-off between the more optimized use
of inference state through caching and a trimmed down, po-
tentially shorter but hopefully better conversation history.
Future work could investigate the effective cost in terms of
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tokens that Monet vs. an immutable, cacheable conversation
incurs. Our hope is that developers can and will trim down
conversations to mitigate this issue to some extent but will
notably also have to engage in shorter conversations with
less re-work due to better conversation context.

Generalization beyond coding. The failure modes that
motivate Monet are not specific to coding. Whenever an
agent assembles information and produces an answer, the
recipient might benefit from seeing the sources behind it.
Writing assistants, research tools, and data analysis agents all
gather context before generating output, and their users face
the same opacity. In each case, the core problem is identical:
the user cannot distinguish whether a wrong answer stems
from bad reasoning or from bad input. Whether observability
and curation should take the same form in those domains is
open, but the underlying problem of opaque context during
agentic retrieval is not unique to software development.

User study. Monet’s design has not yet been validated
empirically with users, so our argument builds on the case
studies, our own experience, and empirical evidence in prior
work that shows that context degradation negatively affects
the quality of generated code, providing initial evidence
that tools for managing context are a worthwhile direc-
tion [22, 23, 26, 27, 39, 46]. A controlled user study could
measure whether context observability and curation improve
developers’ agency and affect task completion quality com-
pared to chat-based coding agents. Further, a study could
investigate if the context curation benefits novice and senior
developers differently [4, 36]. Senior developers may curate
more effectively because they know what context matters,
while novices may use the canvas as an exploratory surface
to build that understanding.

Observability and cognitive load in large repositories.
Making context explicit introduces the risk of overwhelming
the developer, especially for longer conversations where the
number of context nodes grows. Full expressiveness is not
the same as useful expressiveness: the developer needs to
see enough to judge context quality without being forced
to inspect every node. Monet’s semantic zoom and file tree
address this by letting developers view context at different
levels of detail, but the threshold between helpful observabil-
ity and information overload is an open question. If develop-
ers spend more time managing context than writing code,
the productivity gains that Al assistance provides would be
undermined.

In very large repositories, where an agent will be exposed
to a lot of information that is irrelevant to its task but which
still has to be vetted by it to identify the useful information,
the current facilities offered by Monet may no longer suffice:
a conversation with too many nodes may not be handleable,
even with semantic zoom.
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We propose three directions of future work to target the
challenges that arise with large repositories: automation,
summary actions, and provenance visualization. To help
with routine tasks, agent-based assistance could learn from
developer behavior and suggest which context nodes to add,
remove, or refresh based on observed curation patterns to
help with a large volume of irrelevant reads in a large repos-
itory. Context templates could let developers save and reuse
context setups for recurring tasks. Additionally, a second,
cheaper model could inspect state on the user’s behalf to
identify files that the main model pulled in for inspection but
that yielded no valuable insights. The same model could act
as a judge on context quality, checking whether the concepts
a task touches are all covered and flagging gaps a developer
cannot spot by reading a large repository unaided. At the
same time, as automation for curation increases, there is a
risk that users pay less attention and miss important retrieval
failures that the automation did not catch either.

When the model did fetch helpful information but fetched
a full file, where a single line of an API interface would have
sufficed, future work could investigate summary actions.
These would allow a developer to select a set of nodes and to
ask a model to summarize these using preset prompts such
as "reduce to a single line" or mechanical operations, such
as "include only interface", which can be performed using
regular language tooling.

In terms of provenance, users could benefit from under-
standing how information that was fetched early during the
generation history affect model decisions later on, for ex-
ample, to allow removing a connected string of reasoning
across non-adjacent context nodes. Such a graph view could
thus show structural dependencies between nodes, making
these implicit connections visible that remain hidden in the
linear conversation timeline.

As an example, assume a larger feature addition to a web
application. In this example scenario, the developer first
asks the model to autonomously populate its context which
files it deems necessary based on the task description. In
this process, the model will likely fetch more information
than is required by the task. As many of these reads will
be tentative, just to discover what is even in the repository,
the automation described above should be able to identify a
number of opportunities to mechanically reduce the number
of nodes. If the number of nodes is then still too large to
make use of semantic zoom to gain an overview, switching
to the structural graph view may, for example, reveal that a
large compound of nodes was later discarded by the model
as irrelevant. The developer can thus select the entire string
of related nodes and delete them in one interaction. Once
the model has completed a first version of the implementa-
tion, the model runs the implementation and encounters an
error. After the model fixes the error, the developer makes
use of the summary actions to select the consecutive nodes
describing the program execution attempt and the problem
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resolution and ask to summarize just the solution, as the
changes and original error are not required for the model to
proceed, replacing multiple hundreds lines of text including
program output, errors, and multiple repair sites with just
a single line of text. In particular, as the developer main-
tains short feedback loops in Monet, they maintain a good
mental model of the agent’s decisions, which allows them
to reduce the effort for reviewing code once the feature has
been completed.

6 Related Work

Monet builds on prior work in alternative interaction sur-
faces for LLMs, developer agency in human-Al collaboration,
task-specific views on programming artifacts, and human-
in-the-loop machine learning.

Alternative interfaces for LLM interaction. Several sys-
tems replace the linear chat paradigm with spatial or struc-
tured surfaces. Node-and-wire interfaces let users compose
LLM workflows visually, whether for prompt evaluation
across models [3] or generative art [2]. Sensecape [40] tar-
gets open-ended information tasks such as trip planning
and literature review: it places LLM responses as nodes on a
zoomable canvas so users can organize findings hierarchi-
cally, seeing full text up close and summaries when zoomed
out. Others let users click on a word or region and issue a
prompt that transforms it in place, bypassing the chat input
entirely [28]. One system moves closer to our concern regard-
ing coding agents. BonsAIDE [31] visualizes Al-generated
code alternatives as a branching graph, inspired by bon-
sai cultivation, that developers explore in parallel, compare,
prune, and shape. The developer manages competing solu-
tions simultaneously rather than committing to a single path.
BonsAIDE operates on fixed input: the tool constructs each
prompt automatically from the active file, task constraints,
and the selected code state. In ReFiQ [29], developers receive
multiple code proposals for each of their prompts to an Al
and are shown the results of execution of each proposal first.
This allows them to more quickly assess the quality of a
proposal with regards to their domain, before engaging with
the code. Autonomous context retrieval and its curation are
outside the scope of these systems. They expand the inter-
action surface beyond the prompt, but do not address the
context that a coding agent assembles autonomously before
generation.

Developer agency in human-AI interaction. The need
for such direct control is well documented in the broader
human-Al interaction literature. Design guidelines for human-
Al interaction identify transparency and controllability as
central requirements [1]. A survey of 36 papers on in-IDE
human-AI experience confirms that developer control and
understanding of Al behavior remain open gaps [38]. Monet
puts these guidelines into practice: context nodes make the
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agent’s input visible, and drag-in and drag-out let the devel-
oper change it.

Task-specific views. The conversation history of an agent
that the developer curates resembles a task-specific view on
programming artifacts. The idea of task-specific views has
been explored in various projects, including Mylar [19, 20],
which establishes a degree-of-interest model for artifacts
to reduce the burden of navigation on developers. In Code
Bubbles [8], developers work on a canvas, similar to Monet,
where source code is laid out based on relationships between
artifacts, e.g., following references. The same can be done
for debugging sessions, as seen for example in the Debugger
Canvas [10] project. Patchworks [14] demonstrates a similar
task-specific view on source code but constrains the layout
to one dimension to reduce navigation effort.

Human-in-the-loop machine learning. The developer
as curator model shares similarities with human-in-the-loop
machine learning. In active learning, the system selects un-
certain examples for human labeling. In interactive feature
selection, users guide which signals the model attends to [32].
Context curation applies a similar principle at inference time:
the developer corrects the input the model reasons over, not
its learned parameters. Design lessons from interactive ML,
such as surfacing uncertainty to guide human effort and
thereby increase observability, may transfer to the curation
setting. Whether they do is subject to future work.

7 Conclusion

The quality of code generated by coding agents depends on
the context they receive, and the developer has little agency
over what that context actually contains. Coding agents as-
semble this context themselves through autonomous tool
calls, and this process is unreliable. They read the wrong
files, miss the relevant ones, and keep reasoning over stale
reads after their own edits have invalidated them. Roughly
79% of hallucinations in generated code trace back to these
three failures rather than to flawed reasoning [26]. As the
conversation grows, the context window fills up, and current
management mechanisms such as compaction, session reset,
and sub-agent delegation discard information without devel-
oper input. Current tools show tool calls and their results in
an append-only log, which makes it hard for the developer
to reconstruct what was gathered.

To address these failure modes, we argued that developers
need observability into the context the agent works on and
the agency to curate it. We presented Monet, a canvas-based
development tool that implements both. On the canvas, each
file read, tool call, and generated output becomes a node the
developer can inspect, move, remove, or refresh. Context
observability mechanisms make the gathered context visible
and show its current state. Context curation interactions give
the developer direct control over the gathered context. The
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developer drags missing files in, drags wrong ones out, and
re-executes stale reads without restarting the conversation.
This extends the developer’s role beyond prompting and
reviewing outputs. Whether this improves task outcomes
requires empirical validation. If bad context retrieval is a
major driver of generation failures, then the developer’s
most valuable contribution may be curating the input the
agent reasons over, not just reviewing what it produces.
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