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Abstract

In exploratory programming, programmers often face a se-
mantic gap between their high-level understanding and the
low-level interfaces available for interacting with objects in a
system. That is, technical object structure and behavior need
to be interpreted as abstract domain concepts, which then in-
creases cognitive load and thus impedes exploration progress.
We propose semantic object interfaces that bridge this gap by
enabling contextual, natural-language conversations with
objects. Our approach leverages an exploratory programming
agent powered by a large language model (LLM) to translate
natural-language questions into low-level experiments and
provide high-level answers. We describe a framework for in-
tegrating semantic object interfaces into existing exploratory
programming systems, including a prototype implementa-
tion in Squeak/Smalltalk using GPT-40. We showcase the
potential of semantic object interfaces through case stud-
ies and discuss their feasibility, limitations, and impact on
the programming experience. While challenges remain, our
approach promises to reduce mental effort and empower
programmers to explore and understand systems at a higher
level of abstraction for a better programming experience.
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Figure 1. Our approach of semantic object interfaces for se-
mantic exploratory programming tools. The programmer
expresses high-level, contextual, and often natural-language
questions about an object to the interface and receives an-
swers on the same abstraction level. Internally, an explora-
tory programming agent (red) translates these questions and
interacts with the system to perform low-level experiments.

1 Introduction

In the realm of software development, asking questions is
a fundamental activity. As programmers want to develop a
new feature, fix a bug, or just understand a system, they need
to gather a plethora of insights: what is this object about?
Where is this data stored? How can I invoke this feature?
Why has this cache not been reset? What would it look and
feel like if we placed this button there? All this need for
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knowledge can be expressed as questions, and we can say
programmers have conversations with the system, in which
they conduct experiments to collect the information required
to answer these questions [51].

Exploratory programming [41, 46] systems support such
conversations to be particularly extensive, vivid, and fast-
paced, as programmers can directly interact with systems or
their parts through tools: for example, a Smalltalk program-
mer can use an inspector to search the internal state of an
object, study the source code of a class in a code browser to
discover helpful interfaces and methods, or evaluate a script
in a workspace to try out methods and their combinations.

However, every question has its price. Even simple ques-
tions might demand the full attention and structured think-
ing from programmers:

When has this order been filed? I can find that out by
inspecting this object. Ah, it has a creationDate field, but
oh no, why is this just a plain number? It could be a Unix
timestamp. How can I convert that into a human-readable
version? Is there any method on Date that does this for
me? Seems not so. Maybe DateAndTime? Yes, DateAndTime
fromUnixTime: creationDate should do the job ... but wait,
surely this order has not been created in year 56170? Is this
actually a millisecond timestamp? Okay, so I can divide it
by 1000 and try again ... fix that syntax slip ... alright, so this
order has been filed on March 14th this year. What was I
going to do again?

We note a significant gap between high-level human inten-
tions and low-level system interactions; in many settings, the
conversion is still up to the human side." Thus, exploratory
conversations are regularly impeded by mental overheads
and distractions as programmers are required to employ logi-
cal reasoning and common sense to translate high-level ques-
tions into low-level instructions to the system and translate
technical results back into their mental model. Consequen-
tially, programmers waste time and lose their flow. In the
worst case, the cost of questions is so high that programmers
are reluctant to ask them but rely on faulty assumptions
instead, renouncing the exploratory paradigm.

While programmers face these challenges day by day,
the recent advent of generative artificial intelligence (gen-
erative Al) has already simplified countless other tasks in
various domains. ChatGPT? and other large language models
(LLMs) [37, 66] have been widely adopted by people and com-
panies for creating, automating, and learning. In particular,
programming is experiencing a shift: millions of developers
generate common code with the help of GitHub Copilot?,

High-level and to some extent user-friendly programming languages have
come a long way; yet, they remain fundamentally technical and syntactical
while humans understand each other largely by the mere context and
semantics of their messages.

Zhttps://chat.openai.com/

3https://github.com/features/copilot
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Tabnine*, and others, or they use conversational agents such
as GitHub Copilot Chat’ to explore and modify code bases.
We suggest that programmers can also benefit from gen-
erative Al during exploratory programming. Within the ex-
ploratory session, programmers could delegate several ques-
tions to LLMs that have been trained to process and produce
natural-language text and source code and solve problems
systematically by generating inner monologue. We assume
an object-oriented programming (OOP) context where sys-
tems are modeled as objects that interact with each other
through messages. This leads to our research question:

How can we support exploratory programming
through semantic object interfaces that enable
contextual, natural-language conversations with
or about objects?

We propose a notion of semantic object interfaces for explo-
ratory programming that allow programmers to answer any
emerging questions through natural-language conversations
with objects in their programming environment that are pow-
ered by exploratory programming agents. This leads to the
construction of new semantic tools that provide conceptual,
contextual access to software artifacts, while programmers
can remain at a high level of abstraction and do not have to
descend into the low-level solution details of code writing
or information gathering. We believe that this approach can
significantly reduce the cognitive overhead and distractions
that programmers face during exploratory programming
and empower them to explore and understand systems at a
higher level of abstraction.

To examine this idea, we make the following contributions:

1. We describe our approach for semantic object inter-
faces that allow programmers to talk with objects in
their programming system.

2. We design and implement a prototype for this ap-
proach in Squeak/Smalltalk through an exploratory
programming agent using the LLM GPT-40.°

3. We illustrate the applications of semantic object inter-
faces through different applications.

The rest of this paper is structured as follows: first, we
provide details on the current state of exploratory program-
ming as well as generative Al technologies (section 2). Next,
we present our approach for semantic object interfaces that
allow programmers to talk with objects in their program-
ming system (section 3). We describe how these can be
integrated into exploratory programming systems such as
Squeak/Smalltalk (section 4) and implemented through an
exploratory programming agent using GPT-4o (section 5).
We illustrate the applications of semantic object interfaces
through different case studies (section 6), which serve as a

*https://www.tabnine.com/
Shttp://archive.today/2024.07.16-010354/https://docs.github.com/en/
copilot/using-github-copilot/asking-github-copilot-questions-in-your-ide
® Available on GitHub: https://github.com/hpi-swa-lab/SemanticSqueak
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base for discussing their general potential and limitations (sec-
tion 7). Finally, we connect the dots of our approach to exist-
ing work (section 8) before summarizing our findings and

outlining possible directions for future work (section 9).

2 Background

In this section, we describe our notion of the exploratory
programming practice and point out a practical limitation of
traditional exploratory programming systems. We provide
an overview of current generative Al technologies for pro-
gramming and sketch how these might be used to advance
exploratory programming systems.

2.1 Exploratory Programming

Exploratory programming is an approach to software engi-
neering that promotes a notion of projects where program-
mers have a rather emergent than upfront understanding of
the problem domain [18, 41, 46]. A useful metaphor for this
can be found in ordinary science: exploratory programmers
apply the scientific method; they iteratively refine their com-
prehension of both the problem space and the solution space
by asking questions and finding answers to them. To find
answers, they conduct a substantial number of experiments,
in which they interact with the system, make observations,
deduce, and repeat [51]. In practice, such experiments may
manifest through inspecting an object to understand its in-
ternal state, sending messages to objects to observe their
behavior, or browsing a class to explore its responsibilities’.

Exploratory programming systems serve as the foundations
for insightful and focused exploratory programming. To fa-
cilitate interactive experiments, they offer some degree of
liveness, which allows programmers to explore and change
programs in execution while avoiding longer feedback loops
from restarting or compiling the full system [41, 52]. For
example, programmers can navigate and configure Linux
systems through the Bash shell [39], explore data and al-
gorithms in Jupyter notebooks [49], or develop and debug
object-oriented systems in Smalltalk environments [12].

A modern implementation of traditional Smalltalk-80 is
Squeak, which distinguishes itself by its self-sustained archi-
tecture, being highly explorable and malleable [15, 16, 54]:
everything is an object (defined by its identity, internal state,
and observable behavior), everything happens through mes-
sage sending between objects, and every object can be in-
spected and modified dynamically—including classes and
methods, call stacks and exceptions, compiler and debugger.

To conduct such live experiments, exploratory program-
ming systems offer several tools. In Squeak, one important

7In Smalltalk-like systems and this paper, browsing refers to the activity of
reading the source code of classes and their methods through a structured
interface such as a four-pane system browser [12, p. 297ff.]. This is not to
be confused with often less focused web browsing.

70

Onward! ’24, October 23-25, 2024, Pasadena, CA, USA

tool is the inspector, through which programmers can ex-
plore any objects in the system. Here, they can view and
manipulate an object’s internal state through a sheet of vari-
ables and properties; explore object behavior and methods
in a protocol browser; verify behavior by sending messages
through ad-hoc scripts; explore implementation details in
context by invoking a debugger on any such script execution;
browse references to objects and variables through message
traces; and so on [54, chap. 6]. Thanks to the self-sustained
characteristics of Squeak, this toolset is not a rigid black box
but can be extended by users to integrate further means for
exploration such as program tracing [56, 57], value prob-
ing, [38] and runtime visualizations [50, 55].

2.2 A Limitation of Exploratory Programming
Systems: Unrestrained Semantic Distances

The effectiveness of exploratory programming rests on the
cost of experiments. If programmers feel that the answer
to a (simple) question is “too far away” from the question
or too difficult to reach, their intuition of questions will be
reduced, and they might get frustrated or fall back to guess-
work or traditional—but potentially inappropriate, overly
complicated—solutions. This observation has been described
as the experience of immediacy with three dimensions by
which tools can reduce these experienced distances [59]:

Temporal immediacy: “Human beings recognize causality
without conscious effort only when the time between
causally related events is kept to a minimum.”

Spatial immediacy: “[...] means the physical distance be-
tween causally related events is kept to a minimum.”

Semantic immediacy: “[...] means the conceptual distance
between semantically related pieces of information is kept
to a minimum.”

Spatial and temporal distances can often be managed by care-
fully and holistically designing (visual) user interfaces or en-
gineering and optimizing efficient algorithms. On the other
hand, we argue that semantic distance presents a greater—
and largely unmet—challenge to tool developers. This is
because the semantic distance does not only occur between
inconsistent representations of comparable artifacts but also
between an artifact’s representation and its counterpart in
the mental model of a programmer [32].

The necessary mapping between both technical model and
mental model can be described as overall design challenges
through the two gulfs of execution and evaluation (fig. 2): the
gulf of execution references the programmer’s challenges to
translate their intentions into inputs to the system’s inter-
face, while the gulf of evaluation represents their challenges
to interpret the outputs from the system back into their men-
tal model. In exploratory programming, the gulf of execution
typically includes activities such as planning and conducting
experiments by using tools, researching interfaces, and writ-
ing code, while the gulf of evaluation contains tasks such
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Figure 2. When answering questions during exploratory
programming, programmers must bridge the gulfs of execu-
tion and evaluation to communicate with the system (figure
adapted from [32]). In our example from section 1, the pro-
grammer translates a question (1) from their mental model
into technical interactions through tools and scripts. For this,
they need to execute their ideas by listing all properties of
an object or writing a conversion script (2) and evaluate the
system’s responses by discovering a relevant property name
or “parsing” a textual script result (3) into a human idea (4).

as comprehending and summarizing technical outputs, e.g.,
comprehensive lists or source code [42].

To improve the perceived semantic immediacy, tools have
to align their representation of artifacts closer to the mental
models of programmers. However, these mental models are
often not static but depend on the larger context of the cur-
rent exploration. Unlike widgets on a screen or documents on
a desktop, this semantic context is mostly inaccessible to tra-
ditional, “stupid” tools, as they provide neither the interfaces
nor the capabilities to process the overarching questions of
programmers. So, semantic distances persist that tools often
cannot resolve for programmers, which forms the central
challenge in the exploratory programming workflow that
we address with our work.

2.3 Generative Al for Programming

A promising new technology for accessing the semantic con-
text of information is large language models (LLMs). From a
high-level perspective, LLMs such as GPT, PaLM, and LLaMA,
are text generation systems that, given an input text (prompt),
combine statistical methods such as transformer models and
deep neural networks with extensive training data to output
an inferred, coherent completion of the input text [37, 60, 66].
Text can occur in the form of natural language, source code,
or any other formal or informal language that is represented
in the training data [8]. One of the earliest practical applica-
tions of LLMs that had a wider impact on the programming
community was integrated code completion tools such as
GitHub Copilot, Tabnine, CodeWhisperer, and others [3, 8].
Beyond simple text completion, LLMs can also be trained
to adhere to certain text formats and patterns and follow
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instructions in the prompt [6, 34], allowing the construction
of specialized agents with different characteristics:

Conversational agents engage in conversations with hu-
man users by generating messages on behalf of virtual
assistants [2]. Optionally, system messages can be used
to provide further instructions to agents. For example,
OpenAr’s ChatGPT, Microsoft Copilot, Google Gemini, or
GitHub Copilot Chat allow users to write, edit, review, or
summarize texts or discuss a wide range of topics through
a chat interface [33].

Autonomous agents are instructed to generate inner mo-
nologues that mimic structured thinking, resulting in basic
capabilities for self-organized problem solving [65].

Additionally, they can be enabled via pre-training or
instructions to access external systems through function
calls: an LLM emits a special output sequence that re-
quests the invocation of a system function with a set of
arguments, a handler executes this invocation and passes
back the result with the text to the LLM, and the LLM
continues the generation based on the result [13, 29, 65].
For instance, when presented with a mathematical word
problem, GPT-4 can break down the task, plan a solution
approach, and source out primitive arithmetic tasks to an
external calculation function [33].

Building on the concept of autonomous agents, multi-
agent frameworks such as METAGPT and CHATDEV orches-
trate multiple agents that cooperate intending to solve
complex problems such as software development [14, 36].

Being statistical models without an actual understanding
of matters in human terms, LLMs suffer from several weak-
nesses such as limited logical reasoning, not adhering to
instructions, and hallucinations where false information is
generated [33]. To mitigate these problems in parts, several
techniques exist:

Fine-tuning: Adjust the output style and behavior of mod-
els by training a base model on a curated set of positive
examples of texts or conversations [20, 62].

Prompt engineering: Adjust the output style and behavior
by strategically developing prompts and instructions that
are most likely to influence models in an intended way [64].
For example, chain-of-thought prompting instructs models
to explicate their thoughts as inner monologue (“think out
aloud”) or expressing upfront plans in a certain structure
and has been shown to improve their problem-solving
abilities [63].

Other than fine-tuning, prompt engineering can be ap-
plied to any model without retraining, but the prompt
must be presented to the LLM for each generation, affect-
ing its performance [66], and often several iterations are
required to develop effective prompts [64].

Retrieval-augmented generation (RAG): To mitigate
the limited abilities of LLMs to recall rarely seen infor-
mation or provide them with new information, gather
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excerpts from external sources through traditional algo-
rithms (such as database lookups and full-text searches)
and include them in the prompt [24].

For example, the Microsoft Copilot integration in Bing
performs one or a few web searches based on the query
of the user, feeds the result into the GPT-4 model, and
instructs it to answer the query based on the provided
information.® Alternatively, agents can also proactively
call functions to retrieve required information. Thus, RAG
reduces the challenge of information recall to filtering,
contextualizing, and summarizing given text or asking
questions about it.

Semantic search: Retrieve information by fetching docu-
ments from a corpus based on conceptual instead of lexical
similarity using text embeddings [40]. This allows filtering
and providing only the most relevant information to an
LLM, which typically improves the performance of agents
(yet might reduce their accuracy) and avoids exceeding
the context window of text that LLMs can process [64].

Current applications of generative Al for programmers
mainly revolve around code generation, refactoring, and
searching and navigating code bases or documentation arti-
facts. Only a few applications use generative technologies
to support exploratory programming practices through di-
rect interactions with runtime artifacts or objects. This is
a dilemma: programmers can either fall back to traditional,
code-centric paradigms—sacrificing the directness and live-
ness of exploratory programming for the broad support for
generative Al tools—, or choose personal exploration over
artificial intelligence—having to bridge semantic distances
between mental models and tool interactions manually.

We propose semantic tools for exploratory programming
where programmers can interact with objects in a running
system through natural-language conversations, express con-
ceptual questions in terms of their mental model, and get
answers from an exploratory programming agent, which auto-
matically conducts and encapsulates low-level experiments
on its own. With a continually reduced semantic distance,
programmers can keep their high-level flow and save pre-
cious exploration time for shorter feedback loops and faster
insights.

3 Approach: A Semantic Interface for
Talking to Objects

We describe our approach toward semantic tools for explo-
ratory programming through a generic semantic object inter-
face, which programmers can use to talk with objects in nat-
ural language (fig. 1). As part of this interface, high-level and
context-dependent semantic questions are translated into
low-level technical experiments that use traditional object

8Microsoft. 2023-11-21. How Copilot Works. https://web.archive.org/web/
20240530235213/https://www.microsoft.com/en-us/bing/do-more-with-
ai/how-bing-chat-works?form=MA13KP

72

Onward! ’24, October 23-25, 2024, Pasadena, CA, USA

interfaces (such as state inspection and executable scripts) to
provide reasoned answers. Our framework comprises three
fundamental actors:

The programmer follows an exploratory practice by ask-
ing conceptual questions about an object in a system and
expecting answers on a similar level of abstraction. These
questions are semantic, which means they are expressed
in the programmer’s mental model and vocabulary, typi-
cally have an informal or natural-language style, and often
depend on the context of previous questions and answers.

The object is a domain artifact in a (live) system and is
defined by its identity, state, and behavior. It is part of
an object graph, which embeds it into a larger context of
the system. It is also linked to an implementation, which
describes the object’s behavior and may be specified using
code, tests, or other forms such as contracts.

Objects can be accessed either by sending them mes-
sages (which in many languages is also referred to as invok-
ing methods) or through reflection interfaces that expose
their internal state, implementation, or location in the ob-
ject graph (e.g., for retrieving all instance variables of a
class or all pointers to an object from other objects).

The exploratory programming agent is a mediator be-
tween the programmer and the object in the system. It
automatically translates conceptual questions from the
programmer into interactions with the system and trans-
lates their results into answers for the programmer.

Internally, the agent processes the programmer’s ques-
tion, develops a research plan, designs and conducts exper-
iments, evaluates their results, and repeats as necessary
(until all required information has been collected) before
delivering a reasoned answer to the question.

The agent uses two resources: a set of policies and a con-
versation history. Policies define abstract agent behavior,
such as the kind and frequency of experiments and the for-
mat of answers. The conversation history consists of past
communications with the programmer and experiments
from the current conversation. It serves as a context for
handling subsequent requests. Thus, the programmer does
not need to repeatedly explicate their intentions in every
question but grows a shared vocabulary and knowledge
with the agent as the conversation evolves.

Our framework allows programmers to ask arbitrary ques-
tions about objects that can reference two different aspects:

Functional questions (or “what” questions) refer to the
state of objects and the actual things in the domain they
represent. They typically constitute inquiries that are or
could be covered by regular (analytical) system features
or objects’ behavior.

For example, in a sales system, typical functional ques-
tions could be “How many customers are there?”, “Which
product in this category has generated the highest profit?”,
or “What is the age distribution of weekend customers?”.
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Epistemic questions (or “how” questions) refer to the be-
havior of objects, domain concepts, and their implemen-
tation. Programmers ask these questions to explore the
capabilities of a system, understand the technical founda-
tions, or ideate and prototype new applications.

For example, in a sales system, epistemic questions
could include “What information do we store about cus-
tomers?”, “How is the tagging system modeled?”, or “How
can we analyze the shopping behavior of customers?”.

To answer functional and epistemic questions, the agent
automatically conducts experiments by utilizing three types
of interfaces that most programming systems already offer:

State inspection allows the internal information of objects
to be explored, for instance, by looking up a variable or
enumerating all properties.

Implementation browsing explores the specified behav-
ior of objects through their protocols, implementation, and
documentation. Protocols refer to the set of messages an
object understands. Implementation includes the source
code of objects or classes, but also their integration within
the global system through call graphs or related concepts
for understanding the usage of objects by example. Docu-
mentation can be provided through comments, examples,
or alternative system descriptions.

Message sending constitutes regular communication with
objects to activate their behavior. As opposed to state in-
spection and implementation browsing, normal messages
can be sent without requiring reflective capabilities.’

Note that the agent generally does not require manual
preparation for specific systems and packages from domain
experts or programmers but will learn about them on its own.
Thus, even to answer simple functional questions, it will
internally ask and answer epistemic questions to understand
the system and domain concepts and preserve the collected
knowledge in its internal conversation history. Analogously,
every message-send to an unknown system is preceded by
auto-browsing its implementation, through which the agent
discovers the relevant protocols and messages to use.

For example, when a programmer asks “Which product
has generated the highest profit?” about a selected shop
object, the agent will first execute a series of experiments
by browsing the shop’s implementation to explore several
messages, classes, and their documentation related to the
concepts “product” and “profit” to understand what these
concepts mean and how they are represented in the system.
After identifying relevant messages such as Shop»orders,
Order»items, and Product»price, the agent will then plan
how to combine this information to compute the most prof-
itable product and run a script that queries the system for this
information as another experiment. Eventually, the agent

9From our classification, we exclude special reflective messages such as
instVarNamed: in Smalltalk as well as restricted visibility of messages such
as the private access modifiers in Java.
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Figure 3. Possible integration of a conversational semantic
interface into a traditional object inspection tool. Program-
mers can ask conceptual questions about objects in natural
languages besides inspecting their internal state.

will evaluate the results of this experiment and return a
summarized answer in natural language. The question was
answered and the programmer can continue by asking an-
other question or performing another exploratory activity.

Thus, semantic object interfaces support programmers
in asking conceptual questions about objects—directly and
without unnecessary mappings—, which an exploratory pro-
gramming agent then automatically interprets, translates
into technical experiments, and executes those to answer the
questions. In the next two sections, we describe our ideas
for integrating semantic object interfaces into exploratory
programming systems and describe our implementation of
an exploratory programming agent using GPT-4o.

4 Integrating Semantic Interfaces into an
Exploratory Programming System

To support immediate access to semantic object interfaces
from within exploratory programming systems, we aim for
tight integration with traditional tools. For this, we identify
two primary interfaces in such systems through which pro-
grammers explore objects: object inspection tools and message
sending through scripts. We propose to extend these inter-
faces with semantic capabilities: object inspection tools with
a conversation mode and message sending with a language
extension for semantic messaging.

4.1 A Conversation Mode for Object Inspection Tools

Inspection tools allow programmers to explore and manipu-
late the internal state of objects through a list of variables or
properties. Our new conversation mode in inspection tools al-
lows programmers to ask semantic questions about an object.
Thus, in addition to technical state inspection, they can then
also (naturally) chat about the object with the agent (fig. 3).

Through the chat interface, programmers can express
questions in natural language without needing to know the
vocabulary and protocols of the object’s domain. They can
ask follow-up questions in the context of a conversation
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without repeating or editing their original thoughts, like in
a real-life conversation between two programmers.

4.2 Semantic Messaging in Scripts

Scripting can be a starting point for exploration. Especially
programmers who are proficient in the programming lan-
guage and familiar with the protocols of a system often
prefer message sending through scripts to manually explor-
ing object graphs through inspection tools. For example, the
following Smalltalk script retrieves the product with the
highest quantity from a list of order items:

(self orderItems detectMax: #quantity) product.

We propose a language extension for object-oriented lan-
guages that allows for semantic messaging: similar to pseu-
docode, programmers can write semantic messages with fic-
titious names (that do not even have to match the vocabulary
of an object) to express their intents but send these messages
to objects just like regular messages. Unlike regular mes-
sages, semantic messages do not require an implementation
at the receiver object but get processed by an exploratory
programming agent, which interprets the message as a ques-
tion and internally inspects the object or sends it regular
messages to determine a return value. For instance, the above
example could be expressed as any of the following:

self mostOftenBoughtArticle.
self orderItems theOneWithHighestAmount.

Like regular messages, semantic messages can also pass ar-
guments, e.g.:

aProduct numberOfSalesTo: aCustomer.
aProduct countSalesFrom: '2023Q3' to: '20230Q4'.

Thus, programmers can maintain their scripting flow when
asking questions even if they are unaware of certain proto-
cols, and they do not have to express questions using specific
protocols or implement algorithms for complex problems.

4.3 Implementation in Squeak/Smalltalk

We implemented a prototype® of our proposed semantic ob-
ject interfaces for the Squeak/Smalltalk programming system
using our conversational agent framework SEMANTICTEXT',
To add a new conversation mode to Squeak’s inspector tools,
we redirect all requests to the Inspector class by the toolset
to a decorator, which inserts a new chat item into the in-
spector’s field list that references a conversation with our
exploratory programming agent, and which embeds a min-
imal version of the SEMANTICTEXT chat interface for the
conversation when this field is selected (fig. 4).

To implement semantic messages in Squeak, we use the
dynamic message-dispatch mechanism of Smalltalk’s meta-
object protocol by patching the method Object»#doesNot-
Understand: [15, sec. 5.11] and forwarding all unknown
messages to the agent. Through an additional policy (see

Ohttps://github.com/hpi-swa-lab/Squeak-SemanticText
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© Talkinbox [+ 1+]
chat Assistant: How can | help you?

self

all inst vars User: top five messages with longest text
mailingList

projects Assistant:

nabbleNodeld
subjectPrefix
downloadRange
messagePlaceho|
conversationsPel
messagesPerCon
messagesPerlds

1. The Inbox: MorphicExtras-eem.322.mcz
2. The Trunk: Kernel-eem.1486.mcz

3. The Inbox: Kernel-eem.1486.mcz

4. The Trunk: Kernel-ct.1487.mcz

5. The Inbox: Graphics-mt.528.mcz

User: |

explore

Figure 4. Our integration of a semantic conversational inter-
face into Squeak’s inspector (here: “chat” item in the field list
on the left). In this example, the user chats with an archive
of the Squeak mailing list'! to find exceptionally large posts.

section 3), we configure the agent to return Smalltalk objects
instead of natural-language text. Because we desired a dis-
tinction between regular and semantic messages during our
experiments, we also implemented two alternative forms of
processing semantic messages:

Semantic proxies, which are constructed explicitly and
override #doesNotUnderstand: to handle messages:
self semanticProxy mostOftenBoughtArticle.
aProduct semanticProxy countSalesTo: bob.
The ? and ! operators, which take the semantic message
as an argument selector:
self ? #mostOftenBoughtArticle.
pendingOrders ! #cancelltemsFromSpringSeries.
Here, the ? operator indicates a declarative query for in-
formation. In contrast, the ! operator permits side effects,
allowing programmers to modify the state of objects in a
semantic style.

While the ? and ! operators do not support additional ar-
guments by design, we usually preferred them to semantic
proxies in our experiments due to reduced typing effort.

5 Building an Exploratory Programming
Agent with GPT-40

We implemented our exploratory programming agent
through a conversational autonomous agent using OpenAI’s
LLM GPT-40'?, which ranks among the state-of-the-art mod-
els for our required capabilities such as problem solving and
code writing at the time of writing [33], and our conver-
sational agent framework SEMANTICTEXT for Squeak. We
implement the agent’s policies through prompt engineering
and map the system interface to a set of callable functions.'®

Mhttps://github.com/hpi-swa-lab/squeak-inbox-talk

12Used in the version gpt-40-2024-05-13.

BBWe provide the full conversation including all system prompts and func-
tion calls for the example from fig. 6 in our GitHub repository (https://github.
com/hpi-swa-lab/SemanticSqueak/blob/11637e5/assets/Text.conversation).


https://github.com/hpi-swa-lab/Squeak-SemanticText
https://github.com/hpi-swa-lab/squeak-inbox-talk
https://github.com/hpi-swa-lab/SemanticSqueak/blob/11637e5/assets/Text.conversation
https://github.com/hpi-swa-lab/SemanticSqueak/blob/11637e5/assets/Text.conversation
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5.1 Implementing Policies through Prompts

We define a set of policies that define the behavior and the
communication styles of the exploratory agent:

Identity and context: The agent shall identify as an ex-
ploratory programming agent who supports the user in
exploring an object in a system. In conversation mode (sec-
tion 2.3), the assistant shall also identify as the explored
object itself, allowing users to talk to the object in the
second person for increased semantic immediacy.'*

Traits for problem solving and tool usage: The agent
shall adopt a structured problem-solving approach by ex-
plicating ideas and steps in advance. It shall check the
results of experiments and iterate as necessary before pro-
viding a final answer. When referring to object protocols,
the agent shall automatically browse the implementation
or senders of messages whose behavior is unclear. Addi-
tionally, the agent shall automatically test message-sends
by executing them before suggesting them to the user.

Output format: The agent shall provide brief and concise
answers and avoid full sentences unless requested oth-
erwise. When addressed through semantic messages, it
shall answer an object instead of natural-language text.
Objects can be fetched from the system or be created by
the agent; primitive values (such as numbers or booleans)
or dynamically structured JSON objects are preferred.

To configure the agent to follow these policies, we describe
them comprehensively in the system prompt of the agent
conversation (fig. 5). While we iterated our prompt design
several times, we did not conduct a systematic, evaluation-
based approach to prompt engineering [67]; yet our proto-
typical agent already showed promising results.

Bootstrapping the exploration. We initialize the internal
conversation of the agent with a sequence of pre-generated
messages that demonstrate the intended behavior of the
agent. These pre-generated messages feature inner mono-
logue and (resolved) function calls by the assistant. By this,
they illustrate the agent’s steps for getting a first overview
of the object. For example, our default pre-generated con-
versation prefix shows how the agent retrieves a textual
representation of the provided object and enumerates its
instance variables (“bootstrapping the exploration” in fig. 5).

Additionally, we inject hardcoded semantic context about
the object into the pre-generated conversation prefix through
system messages in natural language. This context includes
information about the role or particular messages of an ob-
ject. For example, for the class Context, which represents
a stack frame in a debugger, we provide a brief situational
explanation and point the agent to relevant protocols for
querying the entire debugger stack.

14This follows the conversation style of message-sends, which are usu-
ally named in imperative or interrogative speech (such as the cascade-
terminating message #yourself in Smalltalk).
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This pre-generated conversation prefix serves several pur-
poses: first, it provides a broad context about the object to the
agent within the first invocation, which serves as the base for
further experiments by the agent or maybe contains the nec-
essary information already. Second, the first likely actions of
the agent are anticipated, improving the average response
time of the agent. Third, the prefix “stimulates” the agent
toward an exploratory mindset, engagement in inner mono-
logue, and eagerness to perform several experiments. Thus,
pre-generated conversation prefixes present a hybrid of zero-
shot chain-of-thought prompting [20], few-shot prompt-
ing [6], and retrieval-augmented generation [24].

5.2 Designing System Interfaces for Automatic
Agent Experiments

To define a set of functions through which the agent can ac-
cess the system, we imitate the actions that programmers can
take in traditional exploratory programming systems. For
example, the agent can inspect the state of an object similarly
to an inspector tool by requesting variable values; browse
the source code of the system similarly to a code browser by
requesting packages, classes, and methods; or send messages

HEADER
Exploratory programming agent
System: You are an exploratory
programming agent...
System: You can call the following
functions...
System: To solve a task, you should... .

identity

interface description

rules and traits for
problem solving
Conversation mode (optional)

System: You are an object... e object identity

System: Keep your answers brief... o output format
Semantic messaging (optional)

System: You must call the
evalAndReturn function... e output format

System: Format the return value as...

Bootstrapping the exploration

System: This object represents... hardcoded semantic

context
Assistant: To understand this object, | e zero-shot chain-of-
will first... thought

Assistant: eval ("self printString")
Result: an Object(12345)

Assistant: eval ("self instVarNames")
Result: #('foo' 'bar')

e initial object context

BODY
User: What does this object...?

® user question

Figure 5. Schematic prompt design for conversations of
the exploratory programming agent with user and system.
We translate policies for the identity, strategies, and output
formats of the agent to detailed instructions. Through pre-
generated assistant messages and function calls, we stimulate
it to engage in inner monologue and several experiments.
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Table 1. The function interface that connects our exploratory programming agent to the Smalltalk system. Most browsing
functions are designed to return extensive information, reducing the need for subsequent function calls.

Function

Description

eval(expression)
Example: eval ("self customer")

evalAndReturn(expression)

browsePackage (packageName)
browseClass(className)

browseMethod(className, selector)

browseSenders(selector[, query])
Examples:
browseSender("printOn:")
browseSender ("printOn:",

Evaluate a Smalltalk expression in the context of the explored object and return the result or error. Can be
executed in isolation.

Evaluate a Smalltalk expression in the context of the explored object and pass back the result to the sender of the
original semantic message. Only available if the agent was invoked through a semantic message.

Return a hierarchical list of classes within a package.

Enumerate all methods defined on a class or one of its superclasses or their metaclasses (for static methods),
grouped by the defining class and the method category (protocol) within the class organization.

Retrieve the source code of a method defined in a class.

Search the system for all methods that send messages with the name of a selector and return a subset. (The subset
is probabilistically sampled from an ad-hoc clustering of all senders to optimize for the uniqueness and diversity
of results. If an optional query argument was provided, sampling is weighted for the relevance of methods using
the fifth power of the distance between cluster centers and the query. Clusters and relevance are determined

§ "date yyy-mm-dd")

based on source code embeddings using OpenAI’s text-embedding-3-large model with 256 dimensions.)

to objects by evaluating scripts. Table 1 shows the function
interface of our prototypical agent for a Smalltalk system.
Below, we discuss two challenges in designing these func-
tions: the granularity of function calls and the programming
language proficiency of the agent.

Granularity of function calls. An important trade-off
regards the amount of information that is requested through
a single function call: for example, when browsing a class,
the agent could either first request a list of protocols in a
class and then request the message names within relevant
protocols, or request the entire list of message names at once.
In our prototype, we generally choose a medium-to-coarse-
grained function design because for many cloud-based LLMs
such as OpenATI’s GPT models, the cost of processed tokens
is quadratic in the number of sequentially requested function
calls (as every newly requested function call requires a new
API request and processing of the prior conversation).

Evaluating code. Unspecialized LLMs are not always pro-
ficient in particular programming languages: for example,
when writing Smalltalk code, GPT-40 often produces syntax
errors and shows insufficient knowledge of standard libraries
such as the Collections package. To support the model in
correcting its own errors, we extend a small number of built-
in error messages of a system with practical suggestions
based on typical faults of the model [58]: for example, be-
cause GPT-40 often forgets necessary brackets when chain-
ing message-sends, we extend all MessageNotUnderstood
errors from the system with an explaining comment and pro-
vide an example of correcting an incorrect message chain,
which the model then considers in the next attempt.

We reduce the dependency of the agent on language profi-
ciency by exposing most interfaces through dedicated func-
tions instead of instructing the model to access them through
evaluating reflection code. For example, while it could be
elegant to have the agent retrieve the protocols of a class by
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calling eval (" (Smalltalk at: aClassName) organiza-
tion categories")', we offer a dedicated browseClass()
function for this purpose instead (table 1).

To avoid dangerous side effects of Al-generated code such
as data loss or system crashes, it is also possible to evaluate all
requested scripts in a lightweight sandbox or only apply their
side effects to the system after manual review.'* However,
we only observed a small number of incidents during our
experiments and have not installed such a mechanism in our
prototype to avoid additional complexity in the agent due to
managing “different realities” [61].

6 Semantic Object Interfaces by Example

In the following, we illustrate possible applications of seman-
tic object interfaces in exploratory programming systems
through two different case studies: understanding text for-
matting in Squeak and extending programming tools.

6.1 Exploring Text Formatting in Squeak

In the first example, we describe how a programmer uses a
conversational interface to explore Squeak’s API for creat-
ing formatted texts. In Squeak, the Text class represents
a formatted text that is modeled through a string and a
run-length encoded array of nested sets of instances of a
TextAttribute class hierarchy that provide different in-
structions to the text renderer.

To start their exploration, our programmer discovers an
existing Text object in the system that looks like this:

[ABCDE

To understand its design and behavior related to format-
ting, the programmer invokes an inspector on this text (fig. 6).

15A similar technique is used in the current version of ChatGPT Plus when
browsing long documents.
https://github.com/LinqLover/SimulationStudio

17 Alternative description for accessibility: The first three letters are empha-
sized in bold, and the last letter is underlined.


https://github.com/LinqLover/SimulationStudio
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© Text (- 1+]
chat User: what attributes are in this text
self
all inst vars || Assistant: The text contains the following attributes:
string - TextEmphasis with code 1
runs - An empty attribute set
1 - TextEmphasis with code 2
2
3 User: what do the codes mean
4
5 Assistant: The codes for TextEmphasis mean the following:
- 1: bold
- 2: italic
- 4: underlined
- 8: narrow

- 16: struck out
User: multiple different ways to make self all italic? answer only code!

Assistant:

- self addAttribute: TextEmphasis italic

- self addAttribute: TextEmphasis italic from: 1 to: self size
- Text string: self string attribute: TextEmphasis italic

User: |

explore

Figure 6. Using the semantic conversation mode in an in-
spector to chat with a formatted Text object, understand the
attributes it uses for formatting, and explore the available
protocols for applying other formats to texts.

First, they wonder what attributes are contained in the text.
As the internal structure of nested collections looks slightly
overwhelming, they switch to the chat interface of the in-
spector instead. Here, they enter the following question:

“What attributes are in this text?”

In response, the exploratory programming agent automat-
ically inspects the internal structure of the text, iterates over
the nested collections, and finally lists both present attributes
correctly in the chat: a “TextEmphasis with code 1” and a
“TextEmphasis with code 2”. This points our programmer
to the TextEmphasis class but also motivates them to learn
more about its features and representation. Thus, they type
a follow-up question into the chat:

“What do these codes mean?”

Note that they can ask this within the context of the
conversation—without needing to respecify the actual codes
they are referring to or the class that defines them. The agent
processes this question by automatically browsing the docu-
mentation of the TextEmphasis class, locating the relevant
information in its class comment, and sending the correct
list of all emphasis codes into the chat.

Finally, the programmer wonders how they can add other
emphases to the text, so they ask for different code examples
to italicize the entire object. In response, the agent auto-
matically browses the protocols of the Text class, identifies
and tests several possible messages, and provides three valid
snippets to the programmer that would achieve the desired
behavior. The programmer can work with these snippets,
adjust them with the help of the agent or on their own, or
integrate them into their own program.
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£ a DummyProjectBoard {+ N-+]
root a DummyProjectBoard

lanes *an OrderedCollection(a DummyProj€

1 a DummyProjectLane<todo>
2 a DummyProjectLane<doing>
3 a DummyProjectLane<done>
label 'done’
items “*an OrderedCollection(a DummyProje

self ? #itemsToDoBeforeThunderstorm
{a DummyProjectltem<pick strawberries>
..a DummyProjectltem<mow lawn>}

inspect

Figure 7. Sending a semantic message to search and filter a
small project management system for contextual questions.
The agent automatically explores the available protocols of
the project management systems to retrieve items from the
lanes of the project board and then filters them.

Thus, programmers can use the conversation mode in in-
spectors to ask both functional and epistemic questions about
objects, which the agent attempts to answer by extracting,
analyzing, and synthesizing information. Through functional
questions, programmers can access, search, or summarize do-
main information. Another example of functional questions
is filtering items in a task management system based on their
content (fig. 7). Through epistemic questions, they can get
familiar with domains, explore systems and interfaces, and
prototype ideas as working applications. In other settings,
this could be used to study the different sorting protocols
of collections, brainstorm and compare different options for
formatting dates, or iteratively create visualizations.

6.2 Toward a Semantic Toolset for Exploratory
Programming

Here, we describe another application of semantic object
interfaces that aims at a broader adoption of semantic tools
in exploratory programming systems. Our approach is based
on the observation that many exploratory programming
systems employ object-oriented user interfaces. An object-
oriented user interface (OOUI) is a—predominantly graphi-
cal—type of user interface that employs an object-oriented
metaphor and an injective mapping from (complex) domain
objects to visual elements [9]. Examples of OOUIs can be
found in several domains, including graphical editors such
as Microsoft PowerPoint, project management software such
as Jira, and also several programming environments such as
Eclipse, Scratch, or Smalltalk systems [35].

We propose a simple mechanism for OOUI frameworks
that integrates semantic conversation interfaces with the vi-
sual mapping of OOUIs. This allows users to click on domain
objects on their screen to talk to them in natural language,
while not requiring domain developers to put manual effort
into writing prompts or preparing contextual information
for LLMs (the agent still fetches all required information
by itself through automated experiments). For example, in
a project management system that organizes task items in
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Kanban Board K
TODO DOING DONE
pick . rake pet. clean skim -
strawbervies Talking to lane "TODO"... $3

prune apple
shoots

Pick strawberries
and mow the lawn.

I?ype your question here... J

What should |
do before the

thunderstorm?

Figure 8. Through the generic integration of semantic object
interfaces into object-oriented user interfaces, users can se-
lect arbitrary domain objects from the Ul and start a natural-
language conversation with them. Here, a user talks to a lane
in a project management system to filter its items.

boards and lanes, a user could select a lane and ask for a se-
mantic selection or summary of the items it contains (fig. 8).

We apply this concept to graphical, object-oriented pro-
gramming systems such as Squeak/Smalltalk, where tools
such as code browsers, (projectional) editors, (back-in-time)
debuggers, and profilers represent views on underlying code
objects and their derived artifacts such as classes in packages,
code blocks in methods, and call stacks or program traces.
In this way, programmers can chat with code objects to ask
for the responsibilities or collaborators of a class (fig. 9), ex-
plain or refactor a code block (fig. 10), search for the origin
of values or cause of state changes in a program stack or
slice (fig. 11), identify the bottlenecks in a program trace, etc.

Thus, we effectively upgrade existing programming tools
to semantic tools by extending them with a conversational
interface for an agent, which will autonomously explore the
programming artifacts shown in a tool. This allows program-
mers to express their questions and intents about program-
ming artifacts in natural language and in the context of their
exploratory session (which is captured in the conversation
history of the agent). While the efficacy of this approach
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still hinges on the advancements in LLM capabilities and
the precision of prompt engineering, this integration into
exploratory programming systems promises a noticeable
reduction in semantic distance, thereby supporting program-
mers’ conceptual focus and enhancing their interaction with
systems at a high level of abstraction.

7 Discussion

In the following, we discuss the feasibility and limitations of
semantic object interfaces as well as their possible impact
on the experience of exploratory programmers.

Over the past six months, we have successfully used our
prototype for several tasks of a similar size to that of the
examples in fig. 4 and section 6. At the same time, semantic
object interfaces have not yet become part of our daily used
toolset, which we mainly trace back to the high monetary
cost, limited accuracy, and noticeable delays of our current
prototype for the exploratory programming agent as dis-
cussed below. Still, we believe that these observations are no
fundamental limitations to our approach but can be improved
through the onward evolution of faster and more powerful
LLMs and systematic prompt engineering or fine-tuning.

7.1 Feasibility and Limitations

We report on the accuracy and performance of exploratory
programming agents from experiments with our prototype.

Accuracy of exploratory programming agents. Due to
their statistical foundations, LLMs and thus agents based on
them are inherently subject to the risk of erring or failing.
To err means to provide wrong answers, either caused by
limited reasoning abilities or by the tendency of LLMs to
hallucinate (e.g., to “make up facts”): for instance, our agent
was unable in some cases to write executable scripts based
on given source code or error messages, and it would some-
times send fictitious messages to objects. To fail means to
terminate without finding a solution: sometimes, our agent
would stop after conducting a couple of unsuccessful experi-
ments stating that further knowledge about a system would
be required. In one example, the agent explicitly rejected
the task of extracting an API key from the object graph of a

) System Browser: SemanticStreamingMessage (v N+
* SemanticText ‘ SemanticMessage --all - J addChunk: u © SesgAgent (gpt-40) (v +]
Help semanticstreamingMessaqe 2 Ask User: list class responsibilities
e | TN 7 semanticstreami =
Agents ul n [, | init] .
e e browse revisions ﬁ Assistant:
browse senders in  browse full (b) o - Streaming message content in chunks over time
5 browse hierarchy (h) 3 list class responsibilities - Notifying users about chunks and completion events
Semantchessage subclag browse protocol (p) F2d list collaborators of this class - Ul support for connecting to a text widget
instanceVariableName B Pl
classVariableNames: |  browse documentation
poolDictionaries: "' printOut User: |
category: 'SemanticTe  fileOut

‘ ‘ +User ” +Assistant H Advanced H Complete H Voice

[..]1am a message ofa§  Show hierarchy

streamed from a model, i.e., my content will‘

chow definitinn

Figure 9. In a semantic code browser (here: the default system browser of Squeak 6.1Alpha), programmers can engage in
natural-language conversations with classes to explore them, e.g., by asking for their responsibilities or collaborators.
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TalkMessage >> styledTextFor: aStringOrText

|styledText]|
styledText := aStringOrText asText copy

r (http|https|ftp|code)\:[“\s\xa0'"1{4,} (?<![.,:!?()<=>\[\]])
matchingRangesin: styledText

do: :range |url|
url = styledText copyFrom: range start to: range stop
[] StyledText
addAttribute: TextURL url: url asString
from: range start
to: range stop
r~>+[ 1?["\r\n]*$ matchingRangesin: styledTextI
do: ‘range &3 Please choose &
styledText
[] addAttribute: TextColor gray |aSI ’
from: range start [ask (7) U
to: range stop wraplnCascade (;)
~ styledText pasteBefore (Ctrl Shift E)
VpasteString (Ctrl Shift V) | |
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© SesgAgent (gpt-40) (v X+

User: what does this do
Assistant: [truncated output for paper]

In essence, this code highlights (colors gray) all lines in styledText
that start with one or more > characters, potentially followed by a
space, until the end of the line. This is often used in applications like
email clients or text editors to format quoted text differently from
the rest of the text.

User: this is too slow. optimize this by using Text>>linelndicesDo:
instead of regex

Assistant: [truncated output for paper]

styledText linelndicesDo: [:start :end :nextStart |
| line |
line := styledText copyFrom: start to: end.
(line beginsWith: '>') ifTrue: [
styledText addAttribute: TextColor gray from: start to: end][]

I +User ” +Assistant H Advanced H Cancel H Voice ‘

Figure 10. In a semantic projectional editor (here: Sandblocks [5]), programmers can chat with single code blocks to explain,

refactor, or execute them.

© Halt:
UndefinedObject(Object)>>halt
UndefinedObject>>Dolt
Compiler>>evaluateCue:ifFail:logged:
Compiler>>evaluate:in:to:environment:notifying:ifFail:logged:
[1in SmalltalkEditor(TextEditor)>>evaluateSelectionAndDo:

# FullBlockClosure(BlockClosure)>>on:do:
SmalltalkEditor(TextEditor)>>evaluateSelectionAndDo:
SmalltalkEditor(TextEditor)>>evaluateSelection
SmalltalkEditor(TextEditor)>>dolt

[~ X+

Proceed H Restart H Into ” Over ” Through ” Full Stack ” Where ” Trace It

evaluateCue: aCue ifFail: failBlock logged: logFlag

"Compiles the cue source into a parse tree, then generates code into a method.
Finally, the compiled method is invoked from here via withArgs:executeMethod:, hence
the system no longer creates Doit method litter on errors."

| methodNode method value |
methodNode := self compileCue: aCue noPattern: true ifFail: [~failBlock value].

chat a Compiler chat User: where is failBlock from and what
self thisContext does it do
all inst vars all temp vars
parser aCue Assistant: The failBlock originates from
cue failBlock SmalltalkEditor>>evaluateSelectionAnd
logFlag Do: and is designed to flash the text
methodNode ||editor's selection area, then return nil if
method the evaluation fails.
value
User: \

Figure 11. In a semantic debugger (here: the Squeak debug-
ger), programmers can ask for the origin and meaning of
values on the program stack.

version control system because it would be “not allowed to
provide confidential information”.

To quantify the abilities of our current agent, a larger eval-
uation based on representative data from actual exploratory
programming sessions would be required, which is outside
the scope of this paper. However, we can illustrate its current
state through a few anecdotal examples: for the questions
about the Text from section 6.1, the agent delivered correct
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and useful answers in approximately 80 % of all requests.
In the remaining cases, it would fail to locate the required
interface for retrieving all attributes of the text but only re-
turn the attributes for the first character; reinvent the wheel
and spend many times tokens and seconds more manually
accessing the underlying data; or suggest non-functional
or idiosyncratic code snippets for the third question. In the
semantic debugger (fig. 11), the agent would sometimes be
lazy and only answer the first part of our question until we
insisted. We were able to research and apply different meth-
ods of Squeak’s graphics framework Morphic through the
agent to create, alter, and decorate a graphical widget; when
we requested to add an animation, the agent would in some
cases write the correct code but store it under the wrong
hook; in one attempt, it added an erroneous method to the
widget that caused the Morphic environment to crash. On
one occasion, we used the agent successfully to extract the
daily activity on the squeak-dev mailing list and export it to
a CSV file; when we asked it to render the results as a scatter
plot manually (Squeak does not provide a built-in diagram
framework at the time of writing), it made a conversion mis-
take that corrupted the x-coordinates of all points in the
plot; after we asked it to fix the mistake, it entangled itself
into a never-ending chain of thought questioning basics of
the Smalltalk syntax, researching unrelated protocols, and
modifying and complicating other parts of its scripts before
we stopped it after several minutes and $10 spent (which
significantly exceeds the usual costs of typical questions). In
general, the agent operated most competently for smaller
tasks related to popular domains. However, in most situa-
tions, we could send follow-up messages to the conversation
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to retrieve the correct answer by refining the task, telling the
agent what it did wrong, and providing it guidance through
the solution with a varying degree of detail.

Several weaknesses of our agent are due to two limited
capabilities of the GPT-40 model we used: first, this model
showed a limited proficiency regarding the Smalltalk pro-
gramming language and standard libraries, or it would mix
up protocols from different Smalltalk dialects such as Squeak
and Pharo. Second and more importantly, despite our prompt,
the model only applied the exploratory paradigm to a limited
degree and was not eager enough to consider and try out
a larger number of different classes and messages. We be-
lieve that by training a model on an extended set of Squeak/
Smalltalk source code and fine-tuning it for exploratory prac-
tices, both these abilities could be further improved.18 Alter-
natively, even a more systematic approach to prompt engi-
neering with extended chain-of-thought or few-shot prompts
might improve these capabilities.

Performance. In our setting with a cloud-based LLM ser-
vice, resource consumption mainly manifests as latencies
in the agent’s experiments and responses and as monetary
costs for using the APL

Response times largely depend on the amount of context
provided such as previous messages in the conversation and
required experiments: for simple questions (e.g., the first two
messages in fig. 6), response times usually vary between 2
and 4 seconds, while complex questions that involve sequen-
tial experiments (especially those caused by internal trial and
error of the agent) can result in response times between 5 to
15 seconds or more in some cases. By streaming responses
character-wise from the API, we reduce the delay to the start
of the answer by factors between 20 % and 80 %.

Similarly, monetary costs vary depending on the complex-
ity of questions and answers, ranging from $0.10 (US dollars)
to $0.50 for simple questions but rising to several dollars
when encountering a lot of trial and error for more chal-
lenging questions. For a programmer who adopts semantic
object interfaces in their everyday toolset, this would in-
volve expenses of at least $5 per hour even when estimating
the number of questions a programmer expresses very con-
servatively as 10 per hour [21]; following Jevon’s paradox,
the actual cost could be many times higher as programmers
might become negligent of their expenses.'’

8For comparison, ChatGPT’s code interpreter shows a higher proficiency in
writing Python code, using Python libraries to summarize documents, and
correcting its own coding errors. We argue that these are similar and train-
able traits to the typical system interactions in exploratory programming.
19We also experimented with OpenAI’s gpt-3.5-0125 model instead of
gpt-40-2024-05-13. While this would improve response times and even
reduce costs by 5 to 10 times, GPT-3.5 models are noticeably less capable,
requiring us to ask questions five times or more (due to the non-deterministic
behavior of LLMs) before we would get a helpful answer, if at all.
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Considering the ongoing trend of more powerful, faster,
and less energy-consuming LLMs being developed, we as-
sume that the latencies and expenses for invoking our explo-
ratory programming agent could become small enough to no
longer pose a practical barrier for programmers and organi-
zations with more affluent budgets. For illustration, while we
were working on this approach and paper over six months,
OpenAT’s respective flagship model (from gpt-4-0613 to
gpt-40-2024-05-13) has improved by a factor of at least
two in speed and by a factor of six in monetary cost. At
the same time, we are viewing small language models as a
promising alternative to cloud-based LLMs, since they could
be trained to handle particular tasks such as exploratory
programming more competently and efficiently and run on
commodity hardware with reduced response times [27].

7.2 Programming Experience

From experiments with our prototype, we report and discuss
preliminary insights into the programming experience in
semantic exploratory programming tools.

Abstraction level. Semantic object interfaces allow pro-
grammers to express their questions on a high abstraction
level while delegating low-level experiments to the explora-
tory programming system. Thus, distractions and cognitive
load are reduced and they can better maintain flow [10].
This abstraction can also facilitate the learning curve for
programmers who are exploring an unknown system, and
we believe that it could also support programming novices
in their educational process by separating domain concepts
from programming language concepts.

On the other hand, the streamlined exploration process
can also result in some kind of “tunnel vision” for program-
mers. For example, while browsing a class to find proto-
cols for a certain subproblem in a traditional exploratory
programming manner, programmers might encounter other
protocols by chance that give them a peripheral impression
of a system’s domain concepts and capabilities, or even find
an unanticipated method that directly solves their overarch-
ing problem. As semantic tools for exploration reduce such
manual experiments, programmers will make fewer such
serendipitous discoveries.

Natural-language interface. Not being required to ex-
press their intentions and questions in a formal (program-
ming) language, programmers are encouraged to ask ques-
tions “as they come through their mind”, lowering the gulf
of execution [32] and contributing to the experience of im-
mediacy [59]. To ask follow-up questions, they do not have
to repeat or modify existing inputs but can express them
in the semantic context of an existing conversation. Finally,
answers can be customized and individualized based on the
intentions and preferences of programmers; for example,
novice programmers could ask the agent to always explain



Onward! ’24, October 23-25, 2024, Pasadena, CA, USA

their proposed solutions step-by-step, while experts might
prefer concise outputs.

Delegation of control. Remaining on a conceptual level
of abstraction also involves delegating control to another
instance, being the exploratory programming agent in our
approach. If responsibilities are clearly separated and expe-
rienced temporal immediacy is maintained (see next para-
graph), this can be an effective division of labor. However, as
contemporary LLMs—and thus the agents based on them—
are still prone to err or fail, programmers’ trust in the agent
might be reduced after some time. If the agent errs or fails or
programmers suspect it thereof, they have to intervene and
fall back to traditional low-level practices and switch abstrac-
tion levels. During this, they have to either understand the
previous attempts of the agent and correct them or discard
the agent’s work and make most of the effort again.?’

Impact of performance limitations. A noticeable re-
source consumption (section 7.1) can impede the program-
ming experience in different ways: large response times can
reduce the experience of temporal immediacy, but program-
mers usually accept delays of up to 4 seconds for common
tasks [48, p. 473]; the delay of some complex answers, though,
may challenge the patience of programmers, until LLMs are
further accelerated. Monetary costs, on the other hand, led to
a psychological fear of expenses in our experiments (“‘How
expensive will this question be? Is the answer really worth
two dollars?”). We tried to mitigate this effect by displaying
a prominent expense watcher in the UI and defining quotas
for each semantic question but couldn’t completely shake off
the uneasy feeling whenever we wished to talk to an object.

Note that in our current prototypes, we have not made any
attempts to reduce resource consumption by systematically
minimizing prompts or tool interfaces. As hinted above, we
see several opportunities for the future.

7.3 Ethical Considerations

We see several ethical concerns regarding the use of (cloud-
based) LLMs such as concentration of economic and polit-
ical power, high energy intake and water consumption (a
typical question in our prototype might use 0.05 kWh and
between 50 ml and 750 ml water [25]?!), potentially unsafe
biases impacting the accessibility, internationalization, or
security of data analyses or recommended solutions [33],
and the training of models based on the intellectual property
of unconsulted content creators and labor of inadequately

20ur current prototype already provides an option for displaying all ex-
periments and thought processes of the agent as part of the conversation,
allowing programmers to verify its answers. Still, we note the intrinsic
complexity of understanding the agent’s steps, which obstructs our vision
of a clear division of labor between human and machine.

2 Actual numbers might vary because the only data in [25] leaves room for
interpretation, depends on the region of the compute clusters, and resource
consumption might have changed with the development of newer models.
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provided click workers?’. Before adopting semantic object
interfaces in practice, it would be advisable to consider these
implications and evaluate possible alternatives such as small
language models or open-source LLMs.

8 Related Work

Here, we discuss related work in the areas of conversational
interfaces for exploratory programming and other Al-based
programming tools. Our concept of an exploratory program-
ming agent to which the programmer can delegate tasks
shares similarities to a pair-programming setup [4] where
a navigator gives directions to a driver, the driver executes
them, and the navigator reviews the results. Several ap-
proaches have been proposed to mimic the role of the driver
through programming tools. Still, to our knowledge, seman-
tic object interfaces are the first work to support the general
exploratory programming practice by providing conceptual
access to runtime objects.

Question-based debugging tools. Different tools have
been proposed to support programmers during debugging
sessions by answering high-level questions [11, 31]. For ex-
ample, the WHYLINE allows programmers to ask questions
about the causes of certain events in their program [19].
While these questions are limited to a rigid box of building
blocks that can be combined to form queries of predefined
patterns, this approach already abstracts away from low-
level interactions with the system.

CHATDBG provides an LLM-based agent to answer natural-
language questions about an errored program in a debug-
ger [23]. It automatically conducts small experiments by
inspecting different parts of the stack and executing scripts
in the program context to identify the root causes of errors
and recommend possible fixes.

Natural-language prototyping tools. Tools such as
SPELLBURST [1] or OPENUI?® facilitate iterative prototyp-
ing of visualizations and user interfaces through natural-
language instructions. SPELLBURST also offers a node-based
visual programming interface for managing derivations and
alternatives of prototypes.

Code-centric Al tools. Recent advancements in genera-
tive Al have led to the development of various code-centric
Al tools that aim to support programmers in their tasks. First,
code completion tools such as GitHub Copilot® and Tabnine*
provide suggestions for code snippets based on the context of
the current code. Programmers can use such tools to acceler-
ate their coding process and explore different interfaces and
solution approaches [3]. Second, conversational agents such

2Billy Perrigo. 2023-01-18. OpenAI Used Kenyan Workers on
Less Than $2 per Hour to Make ChatGPT Less Toxic. Time. https:
//web.archive.org/web/20240704034409/https://time.com/6247678/openai-
chatgpt-kenya-workers/

Bhttps://github.com/wandb/openui
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as ChatGPT and GitHub Copilot Chat’ allow programmers
to ask questions about their code bases and other interfaces,
to understand and fix bugs based on their code, or to request
code changes in natural language [22, 43, 44].

Natural-language programming. The vision of natural-
language programming is to enable programmers to write
entire programs in natural language and refrain from tech-
nical details. Past approaches to this vision employ rule-
based grammatical heuristics or LLMs to translate natural-
language descriptions into code [30]. Different metaphors
such as tools®* and operating systems [28] were discussed
to structure natural-language directives to scale to larger
no-code applications.

Nava is an extension to traditional programming lan-
guages that allows for finding and invoking methods on
components through declarative queries by using an exten-
sive ontology of domain-specific, programming-related, and
common-sense knowledge [45]. While component develop-
ers and users are still required to express intentions in a for-
mal language to maintain and access a detailed specification,
this approach enables programmers to communicate with
software systems in a semantic, interface-agnostic style.

9 Conclusion and Future Work

In this paper, we have proposed semantic object interfaces,
which allow programmers to interact with objects in their
programming environment through high-level, natural-lan-
guage, contextual questions. This fosters our vision of seman-
tic exploratory programming systems in which programmers
can remain in their conceptual mental model while exploring
and prototyping systems. We have described the design of
a framework for semantic object interfaces using an explo-
ratory programming agent that takes semantic questions,
plans experiments, and executes them by interacting with
the system through programmatic interactions. We have
sketched how semantic object interfaces can be integrated
into existing programming systems through a conversation
mode in object inspection tools and a language extension
for sending semantic messages to objects. Although we have
presented a prototypical implementation of our approach
in Squeak/Smalltalk using GPT-4o, it can be applied to any
interactive programming system that supports dynamic code
execution and basic reflective access to runtime objects such
as computational notebooks [49], the Lively Kernel [17, 26],
and a debugger for Python.

Our discussion of the approach has shown that semantic
object interfaces can be used to answer a wide range of func-
tional and epistemic questions about objects and improve the
semantic immediacy of different programming tools, and we

24GPTScrrpT: https://github.com/gptscript-ai/gptscript
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noted conceptual and implementational challenges, includ-
ing the limited accuracy and performance of current LLMs
and reduced serendipitous discoveries by programmers.

For future work, we see two important directions: agent
capabilities and human-agent interactions. First, the capabili-
ties of exploratory programming agents for problem solving,
especially by following exploratory programming practices,
and their performance need to be improved. This involves
general advancements in training, scaling, and optimizing
LLMs as well as tuning prompts or fine-tuning models for
exploratory practices.

Second, we aim to improve the interactions between pro-
grammers and semantic object interfaces to allow program-
mers to cooperate with agents rather than delegating tasks to
them. For example, we want to facilitate the comprehension
and reuse of agents’ experiments, thus making it easier for
programmers to intervene in the agents’ work and creating
flexibility in combining manual and delegated exploratory
activities. By providing further semantic context to the agent
such as previous conversations and manual experiments of
programmers, the naturalness of semantic object interfaces
could be improved. This also includes possible models of
separate responsibilities where agents could ask questions
back to programmers to help clarify goals and system speci-
fications. Finally, we envision new interfaces such as shared
artifact spaces between agents and programmers to seam-
lessly integrate such Al agents into the exploratory process.

Much about the future of programming in an era of evolv-
ing Al technologies and possibly artificial general intelli-
gence [7] remains uncertain [53]. While it is likely that
low-level programming tasks will be further automated,
analyzing domains and conceptualizing possible solutions
have proven as two of the hardest—and possibly hardest to
automate—parts of software engineering. We believe that
on the journey toward a “generational shift” in program-
ming [47] and beyond, semantic programming tools can
play a crucial role in supporting programmers to focus on
high-level problems while communicating with running sys-
tems in a more natural way for an expedient, exploratory
programming practice.
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