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AI agents have the potential to help developers by increasing their productivity and supporting a state of flow.
However, developers struggle to exercise judgement when using agents, leading to flawed code and concerns
about quality. To help developers exercise judgement while reaping the benefits of using agents, we propose
a novel interaction mode, assistant-facilitated decision making, which makes implicit user decisions explicit.
In assistant-facilitated decision making, an AI assistant elicits user decisions with questions and keeps track
of these decisions. Tracking decisions (1) allows them to be used as an input to code generation, (2) helps
users clarify their thinking, and (3) helps users consider how different choices impact the final product. As
an initial exploration, we implement ApoRia, a tool which applies assistant-facilitated decision making in
the context of writing custom generators for property-based testing, a known barrier to PBT adoption. We
conducted a pilot evaluation, which suggests that ApoRia may help users better understand their decisions
and the overall codebase, indicating the promise of the assistant-facilitated decision making approach.
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1 Introduction
AI programming tools are changing the way software is written.The change beganwith the advent
of GitHub Copilot [16] in 2022, and now 84% of developers use AI tools, 47% daily [17]. Modern
tools go far beyond auto-completion, with AI agents [7, 18, 25] now autonomously editing files
and executing shell commands. Developers report that using agents can help them achieve flow
states [9, 26] and improve their productivity [14].

Despite these potential benefits, present-day AI agents have significant drawbacks. Developers
consider programming with agents “fast but flawed” and are concerned about the quality of agent-
written code [9]. They struggle to communicate their intent to agents [26], and they hesitate to
use agents to implement core business logic, preferring to rely on their own judgement [14].

We believe developers should not have to choose between benefitting from AI assistance and
exercising their own judgement about code quality. To this end, we propose a new interactionmode
we call assistant-facilitated decision making, which centers around making implicit user decisions
explicit. In assistant-facilitated decision making, an AI does not necessarily generate code directly.
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def field_name_is_valid(name: FieldName): 
   
   
   
   
   
  # Field names require valid Python  
  #   identifiers 
  if not identifier.isidentifier(name): 
    return False 
   
  # Field names cannot start with ‘_’ 
  if name.startswith(‘_’): 
    return False 
   
  return True

Could field names require valid Python identifiers?


Field names in `apache_beam/typehints/testing/
strategies.py` could be required to be valid Python 
identifiers. This would ensure they work properly when 
accessed as attributes in row types, such as in the example. 

A
B

C

Fig. 1. ApoRia interface, shown for a generator for field names. A ApoRia asks users inline questions about
the decision space of their code. B The argument panel shows further context for questions, and prompts
users to make decisions. C The decision panel displays user decisions, allowing the user to inspect and
revise their thinking.

Instead, an agent asks the developer questions that clarify their thought process and allow them
to articulate concrete decisions about their code. The assistant tracks these decisions, which can
then be used in a variety of ways. They can

(1) be used as an input to code generation, giving AI additional context about how code connects
to the rest of the codebase;

(2) help users clarify their thinking (e.g. by helping identify contradictory decisions); and
(3) enable low-cost “what-if” analyses, letting the user see how the final product changes as

their decisions do.
As an initial exploration, we have implemented a prototype of assistant-facilitated decision

making in a constrained context where we predicted it would be especially effective: helping
users write custom generators for property-based testing (PBT). The process of writing custom
generators—recipes that randomly produce values to test—is a known barrier to PBT adoption [11].
When implementing generators, developersmust think carefully about the preconditions thatmust
be satisfied by generated data [11]. Consider the generator for field names in Figure 1, an example
from a real codebase. The generator produces valid Python identifiers, with the additional con-
straint that field names must not start with ‘_’. The generator must fit these requirements because
these assumptions are implicitly made in the codebase and tests.

The burden of ensuring that code fits such requirements is placed on developers, who rely on
their expertise both to verify generated code and to prompt their AI tools with detailed require-
ments up front [14]. But this means that the code is only as good as developers’ understanding of
the requirements, which may change over the course of implementation.

Our tool, ApoRia,1 asks the user questions about design considerations, grounded in evidence
from the codebase, such as “Should field names always be valid Python identifiers?” In response,
the user makes decisions, which ApoRia tracks for future reference. When ApoRia generates code,
it does so with these decisions as context. The user can revise decisions later, iteratively arriving
at their final product.

Our contributions are:

1In rhetoric, aporia is a device whereby a speaker expresses a doubt or asks the audience rhetorically how to proceed.
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# Field names require valid Python  
#   identifiers 
if not identifier.isidentifier(name): 
  return False 

# Field names cannot start with ‘_’ 
if name.startswith(‘_’): 
  return False 

return True

A
B

C

D
def field_names(): 
  @st.composite 
  def field_name_candidates(draw): 
    ''' 
    Generator to produce valid field names 
    ''' 
    # unicode categories that cannot be used 
    #   in Python identifiers 
    … 
     
    # First character can’t be numeric 
    # It also can’t start with ‘_’ 
    … 
    return field_first_character \ 
           + field_remainder 
  return field_name_candidates().filter( 
      lambda s: not keyword.iskeyword(s))

E

Fig. 2. Writing a custom generator for field names using ApoRia. A ApoRia asks inline questions about a
validity predicate, which returns True if a field name should be generated. B Clicking on an inline question
opens the argument panel, which shows an argument, concrete example, and references to the codebase. C
The user makes a decision in response to the argument. D Decisions are saved in the decision panel, where
they can be reviewed and edited. E ApoRia updates the generator with the user’s decisions as input.

(1) assistant-facilitated decision making, a novel interaction mode for LLM-boosted coding that
makes user decisions explicit by having the assistant ask clarifying questions and keep track
of choices;

(2) ApoRia, an implementation of this interaction mode in an assistant for writing PBT genera-
tors, lowering a known barrier to PBT adoption; and

(3) a pilot evaluation suggesting that ApoRia helps users better understand their decisions and
the codebase overall when implementing generators.

2 Aporia
2.1 Use Case
Consider the scenario illustrated in Figure 2. Chris is a software developer who is contributing
to Apache Beam [10], a batch streaming and data processing library. Using the Hypothesis li-
brary [24], she has written some property-based tests for code that serializes and deserializes row
type constraints. Unfortunately, the tests are failing with field names that will not be encountered
at runtime, such as "" (the empty string).

Chris decides she needs a custom generator to produce realistic field names. The codebase is
quite complicated and she is not sure what kinds of data she would like to generate, so she opens
ApoRia to get some ideas. ApoRia helps her edit a validity predicate A , which returns True if a
field name should be generated, and false if it should not. It will use this validity predicate to build
the final generator.
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Questions inline with code. ApoRia inspects the codebase and presents Chris with two inline
questions A about the design space of her code:

(1) “Could field names require valid Python identifiers?,” and
(2) “Could field names start with ‘_’?”

Argument panel. Chris clicks on the first question, and is presented with an argument panel B ,
which gives more details behind the question. This panel includes a short argument for why Chris
might want to require valid identifiers, along with a concrete example and a citation pointing to
locations in the codebase that support the argument.

Making decisions. After investigating based on the reference, Chris realizes that the code under
test passes the field name to a NamedTuple, which requires a valid Python identifier as input. In
light of this, she writes that field names should be valid Python identifiers in the text box at the
bottom of the argument panel C , clicking on “Yes” as her answer to the original question. She
could also have answered “No” to negate the question, or “Not Yet” to skip answering the question.
ApoRia saves Chris’s decision to the decision panel D .

Upon further inspection of the codebase, Chris also notices that she wants to prevent the gener-
ator from producing Python keywords. She clicks on her previous decision and modifies it to note
that keywords should be excluded.

Updating code. After inspecting the rest of the questions and deciding that field names should
also not start with ‘_’, Chris is ready to try out a generator that fits her decisions. She clicks the
“update validity predicate and strategy”2 codelens A . ApoRia then adds two conditions—one per
decision—to the validity predicate, and rewrites the generator E with Chris’s decisions as context.
Chris now runs her tests, which pass, given the more realistic field names.

2.2 Implementation
ApoRia is implemented as a Visual Studio Code extensionwhich communicates with Claude Code3,
and is written in React and Typescript. ApoRia works with 2 kinds of data, arguments and deci-
sions. An argument consists of a short question; an argument supporting the question; a concrete
example; and citations, which can refer to code in the codebase or previously made decisions. A
decision consists of a reference to an argument; user-provided reasoning; and an answer to the
argument’s question—“yes,” “no,” or “not yet”. Arguments and decisions are stored in a database
accessible to both the extension and Claude Code.

When the user has a file open, ApoRia parses all validity predicates in the file. These are for-
matted in an exit-early style, with a comment before each condition, as shown in Figure 2. After
parsing, ApoRia invokes Claude Code to generate 2 kinds of arguments:

(1) arguments for new conditions to be added to the predicate, and
(2) arguments to refine existing conditions, centered around an example that currently does not

pass, but should pass.
Claude Code has access to a custom Model Context Protocol (MCP) server, which provides

submit_argument, a tool that saves arguments to the database. ApoRia then renders arguments’
questions inline with the code as shown in Figure 2. When a user submits a decision through
the argument panel, it is also saved to the database and rendered in the decisions panel. When
the “update validity predicate and strategy” CodeLens is clicked, ApoRia prompts Claude Code to
modify the validity predicate and its corresponding generator, passing user decisions as context.

2“Strategy” is a term used in Hypothesis to refer to generators.
3Using the claude-opus-4-1-20250805 model
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3 Evaluation
We conducted a pilot evaluation to see how users interact with ApoRia. This evaluation sought to
answer two research questions:
RQ1: How does ApoRia affect users’ understanding of their generators?
RQ2: How does using ApoRia affect users’ understanding of their overall codebase?

3.1 Tasks
We conducted a within-subjects study, with participants performing each of two tasks with one of
two assistants: the Claude Code CLI or ApoRia. We randomized the order in which tasks were per-
formed and which assistant was used with each task. Each task is based on a real-world repository,
and is centered around a custom generator for one of its critical data structures:
T1: Subtitles is based on the srt library [4], which contains utilities for working with video sub-

title files. Participants work with subtitles(), which generates instances of the Subtitle
class. It contains 36 property-based tests that use subtitles(). We removed all but four,
which tested subtitle equality, parsing content with blank lines, filtering of subtitles by times-
tamp, and sorting collections of subtitles.

T2: FieldNames is based on Apache Beam [10] (seen in subsection 2.1), a batch streaming and
data processing library. Participants work with field_names(), which generates valid field
names (strings) to test serializing and deserializing a row type constraint.

We modified subtitles() and field_names() to naïvely produce examples, erasing any logic
the library developers had included to satisfy preconditions for the data structures. Then, for each
task, participants were instructed to modify the generator to “produce realistic examples.”

3.2 Participants
We recruited four participants, all Ph.D. students. P1, P2, and P4 reported high levels of experience
with Python, with P3 reporting moderate levels. P1 and P2 reported significant knowledge of PBT,
with P1 having written property-based tests using Hypothesis. P3 and P4 rated themselves as
novices in PBT. All participants reported using non-agentic AI tools, with all but P4 having used
AI agents. All participants reported low to moderate experience using AI agents. Each participant
received a $30 gift card for their participation in the study.

3.3 Study Procedure
Studies were conducted in person with participants performing tasks on the first author’s com-
puter. Each session was recorded and transcribed for qualitative analysis. Sessions were organized
as follows:

• The tutorial (20 minutes) started with a brief introduction to property-based testing, hypoth-
esis, and generators. Participants were then guided through using each assistant to modify
a sample generator.

• For each task (25 minutes each), participants were shown a description of the task and were
instructed to use the assistant as much as possible to complete the task.They also had access
to a cheat sheet with instructions on how to use each assistant, and were provided guidance
about the location of the strategies, validity predicates, and tests in the codebase. We tracked
task completion time in this step.

• After completing each task, participants completed a post-task survey (5minutes each), which
asked them five NASA Task Load Index [13] questions, and to rate their confidence (on a 5-
point Likert-scale) in the correctness of their answer, their understanding of their decisions,
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and their understanding of how the generator is connected to the broader codebase. They
were also asked one question to test their codebase comprehension.

• Finally, participants completed a post-study survey where they answered questions about
their background and about the usability of ApoRia. These included Likert-scale ratings and
open-ended questions to facilitate a semi-structured interview.

3.4 Results
To get a qualitative understanding of patterns from the study, we conducted a lightweight thematic
analysis over our session recordings. While we also collected quantitative metrics, our sample size
was too small to see significant differences between ApoRia and Claude Code. We plan to iterate
on these metrics and increase our sample size in future iterations of the study (see section 4).

RQ1: How does ApoRia affect users’ understanding of their generators? We collected several self-
reported metrics, including the TLX questions, metrics about participants’ confidence in the cor-
rectness of their answer, their understanding of their decisions, and whether participants felt that
ApoRia helped them feel more confident in the generators they modified. In the post-study in-
terview, we asked participants to discuss their confidence in their decisions, understanding of
generators’ details, and situations in which they would prefer ApoRia or Claude Code.

All four participants felt that ApoRia helped them better understand their decisions about gen-
erators. When asked “Did [ApoRia] help you better understand what decisions you were making
about your code?”4 P2 said that they liked that ApoRia presented them with concrete arguments
about the generator. They used these arguments to focus their thinking and better understand
different interpretations of the code. For example, they initially assumed that a comment mention-
ing blank lines meant “lines without any content [at all],” but later realized that the srt codebase
counted whitespace as blank. P4 liked that decisions were “anchored to the code, and felt granu-
lar,” and the other participants also mentioned that they liked that each decision felt independent
of the others. Looking at the decision panel, P3 actually caught a contradiction in their decisions,
noting that their “first decision and later decisions were kind of in conflict.”

However, participants’ understanding of their decisions did not always translate into a better
understanding of their generators’ code. P3 and P4, who were less experienced with PBT, were less
confident in their generators. P4 noted that they felt confusedwhen reading strategies, as theywere
unfamiliar with Hypothesis. P3, who felt that ApoRia neither helped nor hurt their understanding,
mentioned that ApoRia de-emphasized the generator in the UI, which led them to focus on getting
the tests to pass without spending enough time inspecting the generator. On the other hand, P1
and P2, who had significant knowledge of PBT, reported that ApoRia made them feel confident
in the generator that they modified. When asked “Did [ApoRia] help you better understand the
details of the generator you were modifying?” P1 said that explicitly making decisions by clicking
on inline questions helped them feel more confident in their generator. In contrast, they said that
“Claude Code will make the decisions for you and you just have to say yes.”

Overall, participants felt that they were in control when using ApoRia. P1 said that if they had
used ApoRia for T1 (which participants found more difficult than T2), “I would have done worse,
but I would have known what I did.” When asked about what kinds of situations would be better
suited to ApoRia vs. Claude Code, P2 and P3 said that ApoRia would be more useful when they
were unsure about their intent, and P1, P2 and P3 said that Claude Code would be useful when they
knew exactly what they needed. P1, P2, and P4 mentioned that it would be useful to use ApoRia
along with Claude Code in order to get the best of both worlds.

4We recognize that this is a leading question. In future iterations of the study we plan to make it more neutral.
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RQ2: How does using ApoRia affect users’ understanding of their overall codebase? Theparticipants
felt that ApoRia helped them understand the codebase in general, beyond just the generator they
were working on. P2 used the inline questions to help direct their exploration of the codebase,
referring to the questions to guide them to points of interest when they got confused. P3 said that
ApoRia encouraged them look more closely at the tests and the functions called in those tests. P4
felt that ApoRia’s inline questions, which appear directly in the code, helped shift their attention
to the codebase rather than a chat window.

This increased awareness of the codebasemay, however, come at a cost. P3 observed that ApoRia
de-emphasized the AI-generated code, leading them to spend less time inspecting it. P1 and P2
remarked that ApoRia felt less responsive than Claude Code. We also observed a pattern where
participants using Claude Codewhile performing their task generally spent time reading its output
and inspecting its code. This suggests that there may be a tradeoff between emphasizing the AI-
assistant’s output and encouraging users to engage more with the codebase.

4 Discussion and Future Work
Steering ApoRia’s questions. While participants enjoyed many aspects of ApoRia, they did not

always find its questions relevant. P4 said that “it was kind of difficult to recognize my intent in the
questions that […] were available sometimes,” and wondered if ApoRia could be directed to ask
questions around a specific topic. P2 asked if it was possible to focus questions around a particular
test case, to dismiss inline questions, and to ask for more suggestions. Adding functionality to let
users steer ApoRia’s questions based on their current goal may support users’ focus and improve
ApoRia’s usefulness in clarifying user thinking.

Evaluating the quality of user decisions. During the study, P1 appreciated that Claude Code was
able to automatically run tests to see the results of its changes. When asked “What do you wish
[ApoRia] could do that it doesn’t do now?”, they suggested that ApoRia could run tests in the
background when a user makes a decision. In the post-study interview, P2 remarked “I think I
understood the decisions that I made. I did not understand if they were the right ones.” Having
ApoRia help evaluate user decisions, perhaps by directly running code, or by interfacing with
existing tools such as Tyche [12], could make it easier for users to perform low-cost analyses
about how their decisions relate to the final product.

Generalizing ApoRia beyond PBT generators. In the post-task survey, participants described Apo-
Ria as constrained and niche. As it is currently designed, ApoRia asks questions focused on what
examples the validity predicate should accept or reject, but ApoRia’s approach—asking questions
inline with code, connecting arguments and decisions to concrete locations in the code, and ex-
plicitly displaying user decisions—could also support use cases beyond PBT generators. We are
interested in exploring other contexts ApoRia could support in future work.

Iterating on user study design. Our pilot study showed several limitations that will inform fu-
ture iterations of our user study. We designed T1, which had four tests as opposed to T2’s single
test, to be a more challenging, realistic task. However, participants expressed confusion about the
codebase, and about the output format of T1’s tests. A future iteration of T1 may benefit from a
simplified codebase and more convenient tools to help interpret test results. Also, due to our small
sample size (n=4), our pilot was unable to draw a quantitative distinction between ApoRia and
Claude Code. In a future iteration, we would like to use a larger sample with a mix of expertise
with PBT and AI tools. Another challenge in drawing a quantitative distinction between ApoRia
and Claude Code is the open-ended nature of the decision making process. We plan to refine our
correctness metrics and task design in order to address this. Finally, as discussed in subsection 3.4,
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we are interested in a potential tradeoff between emphasizing agent outputs and encouraging ex-
ploring the codebase. We could examine this possibility by measuring time spent performing tasks
such as reading the codebase, running tests, reading AI reasoning, and inspecting AI-generated
code.

5 Related Work
AI ProgrammingAssistants. The transformer architecture [31] and large languagemodels (LLMs) [5]

enable the variety of AI programming tools we see today. The first of these tools, Github Copi-
lot [16], suggests completions for the line of code the programmer is currently editing. Edit pre-
diction interfaces, popularized by the Cursor IDE [7], predict the next edit a user will make, rather
than trying to complete the current line of code, e.g. adding an import to the top of a filewhen a user
calls a new helper function. Recently, advances have shifted to AI agents [22, 25], which can per-
form multi-step tasks. They do so by using programmatic tools, which allow them to interact with
an environment to e.g. read and edit files and execute shell commands. Andrej Karpathy coined
the term vibe coding [20] in reference to a mode of interaction where users chat with agents to
build software without directly reading or writing code, relying instead on high-level intent speci-
fication and automated code generation. In building ApoRia, we would like to support user agency
in exercising judgement while reaping the benefits of using these tools.

AI-centric IDEs such as Cursor [7] and Windsurf [18] seek to provide a more seamless user
experience when interacting with agents. A notable example in this space is Kiro [29], which
structures interactions with agents by having the user and agent collaboratively edit natural lan-
guage documents detailing the requirements, design, and tasks involved in new features. ApoRia
also structures the code generation process, having the user and agent collaboratively edit a valid-
ity predicate. However, the validity predicate describes user intent formally in code, avoiding the
ambiguities of natural language.

Studying the usability of AI programming assistants. There are several studies exploring how
users interact with completion models. Grounded Copilot [1], which studied programmers using
Github Copilot, found that subjects use Copilot in 2 main modes: exploration, where programmers
explore their options, as they are unsure of their goal; and acceleration, where programmers’ goal
is clear, and they use Copilot to achieve it more quickly. Expectation vs. experience [30], which
also examined interactionswith Copilot, found that while users preferred using Copilot, it impeded
their ability to complete tasks.

Recent research has also begun examining how users interact with AI agents. Pimenova et.
al. [26] build a grounded theory using semi-structured interviews, reddit threads, and LinkedIn
posts. They note that at their best, programming agents can support developer flow, but that agen-
tic programming has many pain points, such as developers struggling to communicate their intent
to agents. They also note best-practices that have developed in order to mitigate these pain points.
Fawzy et. al. [9] conduct a grey literature review of developer accounts, and find that coding with
agents has a speed-quality tradeoff, where developers use agents for enhanced flow, but overlook
common QA practices. Sarkar and Drosos [28] analyze video from YouTube and Twitch, iden-
tifying an iterative process between prompting AI, reviewing AI-generated code, and manually
editing code. They note a shift of programmer expertise from producing code to evaluating code
and deciding when to transition between prompting and editing. Huang et. al. [14] focus on how
professional software developers use AI agents and discuss strategies that they employ to con-
trol agents. They suggest that carefully designed interfaces can help guide software developers
to interact with agents more productively. We believe that assistant-facilitated decision making
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and ApoRia can serve such a role, using agents to help clarify developers’ thought process, while
providing developers with affordances to better manage agents.

Programming Practices for Open-Ended Tasks. Programmers employ a variety of practices to ex-
plore new ideas and develop a better understanding of open-ended tasks.

Exploratory programming involves writing experimental or prototype code, usually in pursuit
of open-ended goals that evolve throughout the programming process [3]. Some examples of tools
that support exploratory programming are Variolite [21], which features lightweight versioning,
and Jupyter Notebooks, a widely-adopted environment for data scientists [15, 19].

In Test-driven development (TDD) [2], expected behavior of code is formalized in the form of
tests before any code is written. Behavior-driven development (BDD) [8] is an evolution of TDD
that focuses on higher-level concerns like overall system behavior. ApoRia also supports open-
ended tasks by eliciting and tracking user decisions to make them explicit. It also formalizes user
decisions into a validity predicate.

Property-based Testing. Property-based testing (PBT) is a technique for testing executable prop-
erties of code with random inputs [6]. Instead of testing one input-output pair at a time, as with
traditional unit testing, PBT practitioners specify general properties about their code, and use gen-
erators to produce random inputs, checking that the properties hold for many inputs. PBT libraries
are available for most modern programming languages; the examples in this paper use the Hypoth-
esis library for Python [24]. PBT is an open area of research, including work on how practitioners
use PBT in their codebases [11, 27], and on tools to support practitioners [12, 23]. While we aim
to enable assistant-facilitated decision making for multiple programming contexts, ApoRia is cur-
rently centered around helping programmers decide what values to produce when implementing
custom generators.

6 Conclusion
This paper presents assistant-facilitated decision making, a novel interaction mode for AI-agents,
which centers around making implicit decisions explicit. We demonstrate this interaction mode
with ApoRia, a tool which applies assistant-facilitated decision making in the context of writing
custom generators for property-based testing, a known barrier to PBT adoption. ApoRia asks the
user inline questions about which examples should be generated, contextualizing these questions
with a concrete argument, examples, and references to the broader codebase. ApoRia also tracks
user decisions, allowing the user to inspect and revise them over time. We conducted a pilot eval-
uation which suggests that ApoRia may help users better understand their decisions and engage
more with the codebase overall. Our pilot study also suggests several opportunities to refine the
design of both ApoRia and our study methodology, which we look forward to exploring in future
work.
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