Debugging into Existence with Program Synthesis

Abstract—When modifying an existing codebase to handle new
functionality, programmers will often debug the code until the
insertion point for the new code. This method, termed Debugging
into Existence, helps programmers familiarize themselves with
the surrounding code and runtime state. Despite its real-world
usage, it is limited by the inability to test potential code past the
first time the location is called, since added functionality would
change the future state making it irrelevant.

Prior work has pioneered Live Execution over partial pro-
grams, with extensions using the provided values for synthesis
by programming by example. In this work, we present DESYNT,
a debugger extension that integrates live execution and program
synthesis to extend the Debugging into Existence interaction
model. DESYNT grants programmers meaningful runtime infor-
mation across many executions, by allowing them to manipulate
program state according to the desired functionality. Based on
the state provided by the programmer, DESYNT then synthesizes
programs that capture this functionality. We evaluated DESYNT
in a between-subjects study on 10 users, and found that in
tasks that do not involve complex fault localization, DESYNT
reduces time to completion and concentrates programmer effort
into fewer code locations. In addition, we found that users
that used DESYNT spent more of their task time debugging,
indicating DESYNT supports Debugging into Existence for those
that already use it.

I. INTRODUCTION

Programmers often begin writing a program or a feature
with only a vauge idea of what the target program should
eventually do. In essence, they will work through the precise
specification of the code by writing the code. In 1983 the
name exploratory programming was coined for this phe-
nomenon [42].

A specific instance of this has emerged in data-intensive
environments. A programmer needs to make use of unknown
(and perhaps underspecified) data that is easily made available
by running the program. For example, they are writing a
bookshelf application that queries a cataloging website such as
HARDCOVER.APP [3]] and want to extract information from the
response JSON, but they are not certain of the structure of the
response, nor of the API functions used to manipulate it. To
that end, they use exceptions or mechanisms like assigning an
expression of type Nothing (e.g., Scala’s ?22) to create a com-
piling program that can run up to the point where the data is
known and can be examined. In our example, the programmer
would set a breakpoint on line 6 to examine responseJson.

3 runningMax = [@] runningMax = [0]

4 def handleBook(isbn: str): isbn = '597394'

5 = queryServer(isbn) responselson =
© 6 raise Exception("for breakpoint")

7 runningMax.append runningMax[-1], length

Some developers call this workflow “debugger driven devel-
opment” [2]], [4], but in the research literature it is formally

known as Debugging into Existence [39|]: programmers use
breakpoints during debugging to inspect variable values and
the internal interpreter to test out expressions that can then be
copied over to the code.
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The shortcoming of Debugging into Existence as a tech-
nique is that it only gives the programmer access to the first
iteration. If the handleBook function runs within a larger loop
that, for example, fetches books from a list fetched from
elsewhere, then only the first response will be inspected. If
the JSON is different between the first and second books,
e.g., some books do not have a "pages" field, then the code
resulting from the inspection of the list may be unsuitable or
crash, which means the error must be understood before the
exploration can continue.

When the runs of handleBook are independent, the user can
use a print or some other conceptual nop as the place for
their breakpoint, and break again at the next calls to inspect
additional JSONs. However, the result may be imporant for
getting to the next iteration. This is shown here as the trivial
case where the next line depends on it, but can be more
involved, e.g., the next iteration might use data that is not
yet extracted here.

Live execution. We extend the Debugging into Existence
workflow using the concepts of live evaluation [33], [36]
and live execution [14], designed to evaluate around program
holes. While live evaluation evaluates around program holes
whenever posisble, pausing when a hole cannot be evaluated,
live execution collects values from the programmer, which
allows the run of the program to continue as usual. By
replacing the exception with a hole, which we mark as 27, and
employing live execution, the programmer can assign desired
values to a variable and continue past the first iteration of the
program’s run.

Programming by Example. The LOOPY synthesizer employed
live execution to collect output values for program synthesis
by examples in a live programming environment [14]. The
idea is that variable values comprise the example’s input, and
provided values provide the output. However, LOOPY’s live
programming environment is limited in the depth of executions



it can track, and requires constant evaluation of the code. This
makes it hard or impossible to use for large codebases or for
code that interacts with the environment, e.g., reading files
or calling web services. For functions like handleBook, the
programmer would still need to use the debugger.

However, once live execution is employed to execute past
the hole, the same base insight of LOOPY still holds: an
input-output example can be constructed from the values of
variables before the hole and values assigned to the hole by
the programmer when debugging past it. These values can then
be sent to a Programming by Example (PBE) synthesizer [0],
[18], [20], [45], [46] and programs that satisfy the examples
can be suggested to the programmer.

The DESYNT system. We present DESYNT, a debugger
extension to leverage program synthesis during Debugging into
Existance. DESYNT combines live execution past a predeter-
mined hole within the debugger with a PBE synthesizer, that
can suggest hole completions to the programmer We include
in DESYNT two views: a user-triggered view where it is up
to the programmer to request a program after any number of
iterations, and a triggerless view that starts trying to generate
programs once a minimum number of input-output pairs is
reached, and any time a program is available it is suggested to
the programmer. Once a program is available, its output value
can be used to step over the hole, as long as the programmer
is happy with it.

Our results show that in tasks where fault localization
is not a major component, DESYNT improves the time to
task completion, as well as concentrating the programmer’s
effort on the specific point of the change. Moreover, tool
usage is correlated with spending more time debugging than
performing other activities—manually writing code and code
exploration. While we do not have enough information to show
causation, this at least indicates that DESYNT can support
programmers whose work style favors debugging. There was
no real difference in how users reacted to the different views
of DESYNT or in their utility, indicating that both can be
useful to different participants in different scenarios. However,
we did observe a behavioral difference that appears driven by
the differences between the views: programmers in the user-
triggered view provided more examples spent more iterations
validating a synthesis result after a successful synthesis call.

Contributions. The contributions of this paper are:

> Extending the Debugging into Existence workflow past the
first iteration using live execution.

> Integration of Programming by Example into this workflow
to generate the new code.

> DESYNT, an implementation of our interaction model in
VSCode, with two different views that trigger synthesis
differently.

> Analysis of user behaviour across two views of DESYNT.

II. DESYNT BY EXAMPLE

The programmer sets out to write handleBook, which is
called for every book in a series of books, finding the max-

imum length so far at each point. This time, they approach
this task with DESYNT.

Instead of the exception they added to the code in
they now set a hole, denoted 22, which indicates an expression
assigned to the variable length:

3 runningMax = [0]

4 def handleBook(isbn: str):

5 responseJson = queryServer(isbn)

6 length = ??

7 runningMax.append(max(runningMax[-1], length))
8

When DeSynt is installed, 2> is a valid token in Python, though
it cannot be left in the file later. The programmer starts the
debugger, which automatically adds a breakpoint to the line
with the hole, and breaks the run there.

First change, in user-triggered view. Once the breakpoint is
hit, the programmer can use the debugger to inspect the state
of the code, as before, and once they’ve settled on a value for
the assigned variable 1ength they can write or copy-paste its

value which will change it in the debug view:

Hole

@ hardcover.py > @ h
P> 9 > special variables

runningMax =

3 | 216 |

4 def handleBoo

5 ‘ responsel ‘data': {'books':
6 length = ?7?

7 ‘ runningMax.append(max(runningMax[-1], length))

8

9

They can then run or step past the breakpoint. Since
handleBook is called multiple times during the run, the break-
point will trigger each time. The second time will look like

SO:

{'data': {'books': [...]1}}

hardcover. < "data': {'books": [{...}]}
b hardcove > specigl vari?bles
> function variables
L from v 'books': [{'id': 384991, 'title': 'The Restauradn
2 > special variables
3 runn > function variables
4 def v @: {'id': 384991, 'title': 'The Restaurant at|t
> > special variables
6 > function variables
/ 'id': 384991
g "title': 'The Restaurant at the End of the Uni

'subtitle': "Volume Two in the Hitchhiker's Gt

10 || 'pages': 245

1; > 'book_series': [{'details': '2', '"id': 317369,
len(): 5
13

Here, the JSON is similar, and they again set the value of the
hole and continue.
3 runningMax = [0]
4 def handleBook(isbn: 1384991
5 responseJson = queryServer(isbn) responseJson = {'dat
6 length = ?? length = 245
7 runningMax.append(max(runningMax[-1], length)) length

str): isbn =

At this point, the programmer can stop the debugger and
enter code that they tested out in the debug console, but they
can also press the Generate button to task DESYNT for a
program.



> VARIABLES @ hardcover.py > ...

> ¥ 9500
v DESYNT
runningMax = [0] runningMax = [0, 216]

v def handleBooK(lsbn str): isbn = '384991"'

Json = queryServer(lsbn) responselson = {'d¢

Nouswn

® Iength = responseJson["data"]["books"][0]["pages"]
runningMax.append(max(runningMax[-1], length))

The DESYNT synthesizer suggests the expression

responsedson["data"] ["books"] [0] ["pages"] to fetch

the number of pages out of the JSON by inserting it in gray
in place of the hole in the editor.

The programmer can keep running to see how this sugges-
tion fares on additional data, or accept it immediately and stop
the debugger. In this case, they accept it, adding it to the code
and stopping the run.

3 runningMax = [0]

4 def handleBook(isbn: str)

5 responseJson = queryServer(isbn)

6 length = responselson["data"]["books"][0]["pages"]
7 runningMax.append(max(runningMax[-1], length))

Second change, in triggerless view. The programmer now
runs their program again, and gets an exception:

TypeError: ’>'
NoneType’

not supported between instances of '/
and ’int’

The reason for this, unbeknownst to the programmer, is that
the JSON for the fourth book has no value for "pages", so
their code populates the 1ength variable with None.

The programmer knows they will probably need to modify
the length variable based on data they have not yet seen, so
they move the raw value from the JSON to an intermediate
variable and insert a new hole to assign to length:

3 runningMax = [0]

4 def handleBook(isbn: str):

5 responseJson = queryServer(isbn)

6 numPages = responselson["data"] ["books"][0] ["pages"]
7 length =

8 runningMax.append(max(runningMax[-1], length))

The programmer runs DESYNT in its triggerless view.
Initially, they only see iterations with the correct value in
numPages Which they transfer to 1ength. After three iterations,
the DESYNT synthesizer tries behind the scenes to find a
program that satisfies all the provided input/outputs. At this
point, the program is trivial: numPages, and it is suggested to
the programmer, so when the breakpoint is triggered for the
fourth iteration, the program suggestion is displayed, as is the
value it computes as a suggested value to assign to numPages.
3 runningMax = [@] runningMax = [0, 216, 245, 245]

4 def handleBook(isbn: str): isbn = '373728'

5 responselson = queryServer(isbn) responseJson = {'dat
6 numPages = responselson["data"] ["books"][0] ["pages"]
7
8

length = numPages length = None

‘ runningMax.append(max(runningMax[-1], length))

Here the programmer notices that the suggested value is
None, and upon closer inspection of the JSON see that this
is because there is no value there. They now need to make a
decision: what happens when the number of pages is missing?
It is the on-the-go understanding of the problem space and the
need to make decisions like this that make Debugging into
Existence exploratory.

The programmer decides to take the current book out of the
running for longest book, and the easiest way to do that is to
set its length to 0. They then set this as the value of l1ength
in thls iteration.

7 length = ﬁﬁmPage& length = @
8 ‘ runningMax.append(max(runningMax[-1], length))

Since the value of 1ength and the suggested value are
different, this indicates to DESYNT that the programmer has
ruled out the suggested program, numPages. DESYNT calls
the synthesizer again. By the next time the program breaks,

DESYNT suggests a new program:
runningMax = [0]

def handleBook(isbn:

responseJson = queryServer(isbn)

3
4 str):

5

6 numPages = responselson["data"] ["books"][0] ["pages"]
7

8

length = numPages if numPages else @
runningMax.append(max(runningMax[-1], length))
which the programmer accepts, and DESYNT adds to their
code.

III. THE DESYNT SYSTEM

DESYNT is an extension of the Python debugger in VS-
CODE [35].

A. The DESYNT interaction model

Adding holes to Python. DESYNT extends Python’s syntax
with a new expression, a hole denoted 2. Holes can be
assigned to a variable or returned from a function. A program
with a hole, called a sketch [43]], cannot be executed by the
Python runtime, but can be run in DESYNT via the debugger.
2?2 denotes an expression whose actual code is not known,
and so cannot be executed past. Placing a hole indicates
the programmer’s expectation that it will be replaced with a
program snippet. While there is no technical limitation on the
number of holes a program can have and that DESYNT can
support, this can be quite confusing to users. We therefore
limit DESYNT to handling program sketches with a single
hole. Additional holes will trigger an error.

Running programs with holes. As shown in |Sec. II} once the
programmer sets a hole in a program, they can use DESYNT
to start the debugger and run the program normally up to the
hole. When debugging, holes act as breakpoints that cannot be
removed, i.e., the program will always break before the hole’s
evaluation as it does not have a program to evaluate.

At the breakpoint for a hole, the IDE behaves as in any other
breakpoint: the stack and variable states can be inspected, the
VSCode debug console can be used to evaluate expressions,
and the run of the program can be stopped. This allows the
user to explore the program as they would in a debugging into
existence session in a regular debugger. If the hole does not
have a value, running past the current statement is disabled.

Evaluating holes. Holes are evaluated by live execution: the
user is asked to provide a value for the hole, which is then set
into the assigned variable or returned from the function. This
is similar to the ability to set the value of a variable while
debugging, a feature that is available in many IDEs.



~ DESYNT HISTORY > VARIABLES
~ iteration 3
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Fig. 1: (a) The DESYNT history side panel. (b) The Generate
button for the user-triggered view. (c) The VSCode debug
tooltip including an accept button on the right.

If a candidate program snippet to replace the hole already
exists, DESYNT will evaluate the candidate program and
automatically set the value of the hole to be the evaluation
result. However, it will still break before the hole, allowing
the programmer to examine the result and decide whether the
value is correct or if it needs to be changed. The user can keep
running with a candidate program for as long as they wish,
until the run of the program terminates. If the run ends when
there is a candidate program, the user will be asked whether
they want to accept the current candidate. If the programmer
replaces the value from a candidate snippet, this invalidates the
candidate, which means there will not be a candidate snippet
until synthesis is run again.

Program snippet candidates. DESYNT generates program
suggestions by calling a PBE synthesizer. Each input-output
pair provided to the synthesizer as specification comprises the
state of available variables before the hole’s breakpoint as
input and the value provided by the user to step over the hole
as output. All input-output pairs collected from the beginning
of the debug session are stored in an IDE side panel named
“DESYNT history” (Fig. Th), where they can be inspected,
and are given to the synthesizer every time it is called, so that
the resulting suggestion will be consistent with everything the
programmer entered so far.

Once a candidate program is returned by the synthesizer, it
replaces the hole in the editor, but is grayed out to denote it
is a debug-time value. And, as for any other variable while
debugging, the editor will also show the debug-time value
of the variable the hole is assigned to at the breakpoint.
This allows the user to quickly assess whether the current
candidate is correct for the current inputs without having to
run it separately in the debug console.

Accepting a snippet. If the programmer is happy with a
suggested snippet, they can use an accept button that is added
to the VSCode debug tooltip (Fig. Tk). The program is then
added to the editor window replacing the hole, and the file is
saved. If the user stops the debugger, no change is made to
the file even if there is a current candidate.

B. The different views of DESYNT

DESYNT offers two views that differ in when a program
is suggested to the user. Their names, user-triggered and

triggerless, are derived from the terms coined by Jayagopal
et al. [23].

The user-triggered view. When DESYNT is run in user-
triggered view, a second DESYNT panel is added to the IDE
window above “DESYNT history”, which contains a Generate
button (Fig. Tb). No attempt to generate a program will be
made until the user presses the Generate button, no matter
how many iterations have passed.

When the user presses Generate, the DESYNT synthesizer
is called with every input-output pair accumulated so far, and
if a program is found, it is set as the current candidate. Even
if the current candidate is invalidated, the synthesizer will not
be called again unless the user asks for it explicitly.

The triggerless view. When DESYNT is in triggerless view,
the synthesizer is called automatically. It is first called after the
programmer provides three examples. After that, it is called
every time the user invalidates the current candidate—since it
is called with all accumulated input-output pairs, it is always
called with at least three examples.

C. The DESYNT PBE Synthesizer

The synthesizer behind DESYNT is a bottom-up synthesizer
based on concrete finite tree automata [46]).

The synthesizer runs with a timeout of 15 seconds. This is
longer than other interactive synthesizers (e.g., [[14]), but in
the context of the interaction the extra time will not be felt
by the user. The synthesizer is launched once the programmer
runs past the breakpoint, but the result is not needed until the
program breaks again and the debug view is populated, which
can take seconds and sometimes more.

While recent work [29]], as well as our own experiments,
have shown that LLM-based synthesis from examples strug-
gles with correctness, DESYNT itself does not depend on a
specific code-generation system. This means that our symbolic
synthesizer can be replaced with a generate-and-verify loop
against an LLM or with a more mature model when one is
available.

IV. STUDY

We evaluated DESYNT with a 2-hour lab study, with two
treatment groups, comparing a no-tool control to both the user-
triggered and triggerless views of DESYNT. This research was
performed under the oversight of the institutional review board
of the authors’ home institution.

Participants. We recruited 11 participants (10 M/1 F), all third-
year undergraduate students at the authors’ home institution.
We recruited students out of the “Introduction to AI” course
at the authors’ home institution as a means to ensuring
basic knowledge of Python and debugging. We advertised
via course mailing lists and texting groups. Participants were
compensated $13/hour. Participants were given a pretest for
minimal competency in Python and in using the VSCode
debugger. One participant (P4, M) failed the pretest and was
excluded from the remainder of the study.



Protocol. We performed a between subjects study with a
control condition (no-fool) where participants used VSCode
with its built-in debugger and no synthesizer, and two exper-
imental conditions, user-triggered and triggerless for the two
views of the tool. Participants were randomly assigned to a
condition, using online counterbalancing. Participants in the
experimental conditions were shown a video about DESYNT,
and all participants were then guided through an example
task, where control group participants were guided through
debugging into existence, and experimental group participants
were guided through debugging into existence and then solving
the same task using DESYNT. Participants were then asked
to solve three tasks, all carried out in the same order, each
with its assigned timeout and with a way for the paticipants
to self-validate their solution. Finally, participants were asked
to fill out a survey about their experience. Participants in the
user-triggered or triggerless groups were shown a video of
the other view of the tool and asked for their opinion about
it. The protocol was approved by the ethics committee of the
authors’ home institution.

Tasks. After a guided training task (deriving an arithmetic
expression from examples), participants performed three tasks
in this order:

Task 1: Bounded circles (new feature). Participants were
given code that visualizes circles moving freely on
a canvas, and asked to add a restriction on circles
leaving the canvas. Baseline code used an API that
was likely unfamiliar to participants, and changes
to one frame directly impact the state of the next
frame (iteration). The provided code was one file with
70LOC. Task timeout was 20 minutes.
VIN—Vehicle Identification Number (fault localiza-
tion and bug fixing task). Participants were given a
codebase that verifies vehicle identification numbers.
The codebase included tests for the code, five of
which are failing. Not all failures result from the
same bug, and some of the code is superfluous to
the errors. Participants were asked to locate and fix
the code that fails the tests. The provided code was
1921LOC spanning 24 files. Task timeout was 25
minutes.

Scheduler (reverse engineering). Participants were
given a blackbox implementation of a scheduler
and asked to recreate it in their code. Specifically,
they were given an event ordering supported by the
blackbox implementation that they should support.
The scheduling loop is dependent as earlier decisions
impact later ones. The provided code was two files,
totaling 141LOC. Task timeout was 20 minutes.

Task 2:

Task 3:

V. RESULTS
A. Task 1: Bounded circles

Only three of the six participants in the two tool groups
(P3, P6, and P7) used DESYNT for the Bounded circles task.
Therefore in this task we do not consider the participants in

total time (s)
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(a) Time to complete the Bounded Circles task. Because of low tool
usage in this task, we consider participants as tool used/not used
rather than their original study groups.
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discrete_bounds.py is the only file in the task.

Fig. 2: Results for Task 1: Bounded Circles

their original groups, combining the three as DESYNT users,
regardless of view, and have seven tool not used users.

Fig. 2al shows the time to solution for participants when
solving the Bounded Circles task. Solving the task without
DESYNT took an average of 597s (496s without timeouts),
whereas the participants who did use the tool took 212s-513s.



One participant from the control group timed out.

The provided code for this task used numpy, DESYNT
participants all solved the task with a single line of vectorized
numpy code, while those that did not use the tool added the new
feature using for loops. There were a number of no tool used
participants (P10, P12) that commented about knowing there
was a better solution but not having the time or understanding
to write it.

We coded participant sessions into three activity types, ex-
ploration, code editing, and debugging, where using DESYNT
is considered debugging, as it takes place in debug time.
[Fig. 2b| shows the percentage of each session spent in each
activity type.

In the Bounded Circles task the portion of the time spent
exploring was low, and the majority was divided between
code editing and debugging. As shows, tool use is the
determining factor as to where the majority of the participant’s
time was spent. Participants that used DESYNT spent a far
larger amount of time debugging when compared with those
that did not; the DESYNT user with the smallest fraction
of time debugging debugged twice as much, proportionally,
compared to the no tool used participant with the largest
fraction debugging.

In order to understand the locality of changes made by
participants, we counted the number of users that edited each
line. We assigned new line numbers to align all versions of
each file as follows: as in a line-based diff, any insertion moved
both sides by the number of lines inserted; when aligning all
participant tasks to each other, this moved the next original
line number by the size of the maximum insertion at that
location. This resulted in a line numbering where each line
could be either changed (i.e., an original line) or added (i.e.,
an inserted line), but never both. The number of users that
edited each line is shown in [Fig. 2¢

In the Bounded Circles task, DESYNT users added no new
lines, with almost all changes being localized to a single
location, using numpy vector operations. Users without the tool,
on the other hand, inserted a number of lines before and after
that line; these are for loops with varying lengths of loop
bodies.

B. Task 2: VIN

Time to complete the VIN task is shown in|Fig. 3al Five out
of six participants in the experimental groups used DESYNT
in this task. One tool user (with the friggerless view) timed
out, as did two no-tool participants and the one participant in
the triggerless group who did not use the tool. On average,
DESYNT users completed the task in 1144s, (1055s when ex-
cluding participants who timed out). Participants who did not
use the tool took 1161s on average, (651s excluding timeouts).
The fastest time to completion—just over four minutes, and
almost 10 minutes faster than any other participant—was a
no-tool user.

This task involved fixing a bug in a multi-file codebase.
This impacts the portion of the time spent exploring the code,
as seen in this was the task where participants spent
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Fig. 3: Results for Task 2: VIN.

the largest portion of their time time exploring, regardless of
their group and of whether they used DESYNT or not.
Participants that used DESYNT spent more time exploring
compared to participants that did not use DESYNT. This is
likely correlated with DESYNT participants having trouble
with the tool in this task: only 2 of the DESYNT users placed



the hole (22) in a useful place in the code.

Two no-tool participants (P5, P9) not familiar with the
strip functionality in Python used a for loop to remove
whitespaces, while no DESYNT users did this.

Moreover, the heatmap of file modification locations
(Fig. 3c) show that both users with and without DESYNT
made more widespread modifications. Participants without
DESYNT edited the target file, toolbox.py, in more locations.
Interestingly, DESYNT users interacted with a number of other
files, while participants without the tool users did not. These
were test files, and the modifications were specifically to better
run DESYNT, e.g., modifying test_module.py to run specific
tests and reach the breakpoint with relevant data faster (PS)
or changing the order of tests (P2).

C. Task 3: Scheduler

shows times to complete the Scheduler task. All
participants given DESYNT used it in this task. Moreover, this
task had the most stark difference between participants with
and without DESYNT; participants with DESYNT completed
the task in 349s on average with no timeouts, whereas all
no-tool participants timed out.

shows that participants in the no-tool group spent
a larger portion of their time writing code than DESYNT par-
ticipants, but perhaps more importantly, they spent a smaller
portion of their time debugging; the largest portion spent
debugging in the no-tool group (P5) is still less than the least
for a DESYNT user (P7).

DESYNT users modified the code in fewer locations, com-
pared to no-tool users (Fig. 4c). Code additions performed
by DESYNT users were to facilitate their use of DESYNT;
specifically, P6 and P8 used print and assert statements used
to ensure the generated code satisfied the desired behavior.
no-tool users added a larger number of lines compared to
DESYNT users. Additionally, P10 changed the jobs. json file
that defines the data read by the code in order to better
understand the role of each parameter in the function they
reverse engineered.

D. Additional results

The left side of [Fig. 5] shows the number of examples users
provided before synthesis. Participants using the user-triggered
view provided more examples before synthesis for all tasks
compared to triggerless users, where synthesis was always
attempted after three examples. In the triggerless view one
synthesis call is indicated as happening with four examples;
this is the only case in our study where synthesis ran after three
examples and the user immediately invalidated the candidate
snippet with an additional example, which launched synthesis
again. One participant in the user-triggered view (P8) worked
in short bursts of two examples for most of the study. The
scheduler had the largest number of examples provided before
synthesis while, on average, VIN had the least.

The right side of shows the number of validation
iterations participants performed after synthesis and before
accepting a snippet, where a validation iteration consists of the
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Fig. 4: Results for Task 3: Scheduler.

user checking that the synthesized snippet produces the desired
result for the variable values at the breakpoint. The trend here
is similar to the examples provided: although triggerless users
had no set number of validation examples they needed to
provide, on average they provided less across all tasks apart
from VIN. Additionally, in user-triggered users we see large
variance across all tasks.

E. Post-study survey

After completing the tasks, participants from the treatment
groups (user-triggered and triggerless, 6 participants) filled
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Fig. 5: Left: Minimum, maximum, and medians of the number
of examples provided before every synthesis event in each
task. Since the triggerless view of DESYNT synthesizes first
at three examples, this is the median, but one user changed the
suggested output after synthesis in VIN, raising the maximum
to four. Right: Minimum, maximum, and medians of the
number of times the participant continued running to the
breakpoint to validate the result.

out a survey about their experience, which had 17 statements
to rank from “strongly disagree” to ‘“strongly agree”. The
questions and the distribution of answers are shown in

In general, DESYNT was well-received by users, who
indicated for both views that the interaction with DESYNT
provided users with the means to explore and understand
solutions easily, helped users understand complex behavior
and generated easy to understand code. Furthermore, DESYNT
helped users better translate their mental model.

The responses to two sets of questions stand out. First, in
both positive and negative wording of the statement, partici-
pants rated the ease of entering values approximately neutral.

Second, the questions indicating trust in DESYNT had a
mixed response. Users with the user-triggered view trusted the
suggested code less than triggerless participants, even though
all participants indicated that they understood suggested snip-
pets well.

Finally, triggerless participants indicated that the amount of
examples before the synthesizer is launched is not intuitive.
This is shown in the survey, and P3 also indicated it in their
additional verbal comments after the survey.

VI. DISCUSSION
A. DESYNT’s utility depends on type of task

Our results hint that the type of task has an impact on how
useful DESYNT is. Like many other program synthesis tools,
DESYNT thrives as a tool for API discovery [12], [22], i.e., in
cases where the functionality is simple but the implementation
is difficult or uses an unfamiliar API. This was especially
relevant in the Bounded Circles task, where P6 and P7 both
noted that they would not have produced a solution without
the tool. Furthermore, P10 and P2, who both solved the task

TABLE I: Post study survey of participants. Similar questions
that were asked both negatively and positively are grouped

regardless of their order in the survery.
I triggerless 3 user-triggered
Rating

Question Wording (avg) Replies

DESYNT was easy to use. Positive 4.0

DESYNT was difficult to use. Negative 2.0 IHD

Code suggestions are well integrated in the IDE. Positive 4.5 ﬂi

DESYNT helped me to understand complex behavior. Positive 4.8 Fi

DESYNT helped me understand how to translate u
expected behavior into code. Positive 4.3 ull

1k

It was not easy to enter values as examples. Negative 2.5

Entering values as examples was easy. Positive 3.7

Placing a hole with ?? was easy. Positive 4.8 lﬂ

Placing a hole with ?? was difficult. Negative 1.2 Hl

The number of examples required to get a code

suggestion aligned with my intuition. ™ Positive 3.3 EE W

DESYNT’s functionality is well integrated in the IDE. Positive 4.8 DH

Code suggestions were easy to understand in the U
context of the program. Positive 4.5 um

DESYNT is a useful addition to the methods I use

for software development. Positive 3.5 Huall
I trusted code snippets that I accepted to H
fulfill my intent. Positive 3.7 = Hm

I understood suggested code snippets. Positive 4.8 -H

Verifying a suggested code snippet was easy. Positive 4.3 IHH

DESYNT is a useful addition to my debugging arsenal. Positive 3.7 lﬂul

Tonly asked of participants in the triggerless group.

without DESYNT and used a loop, remarked that they felt there
was a better solution that they did not know how to write.

It is also apparent that DESYNT’s utility depends on the
type of example the user is required to enter; P3 pointed out
that a problem with DESYNT is the need to enter a textual
representation of outputs, which might be objects. In the post-
study survey (Tab. I), participants on average scored the ease
of entering examples as fairly low, as well. This problem
shows up in existing testing tools [[1]], [32] as well as in code
generation tools [14], [[15].

For user-triggered participants, who could provide any
number of examples before synthesizing, that number appears
to be affected by the difficulty of the task, with difficulty



measured by the success rate of the no-tool group.
shows that participants in the user-triggered group provided
fewer examples in VIN task, and more in Bounded Circles
and Scheduler tasks. Similar dynamics are also present in the
number validation iterations a participant performed before
accepting a candidate solution. There does appear to be a
discrepancy on the Bounded Circles task, which has higher
examples and validation iterations than VIN even though no-
tool users faired better in Bounded Circles. We believe this
is a result of the localization required in VIN, with the code
required to solve Bounded Circles being more complex then
in VIN.

Linking to this discrepancy, an interesting hypothesis stem-
ming from our results is that DESYNT’s utility depends
on knowing where the new code will go; this was pointed
out by participants, e.g., P7. Tasks that have a large fault
localization component, e.g., VIN, are ones where DESYNT
made no significant difference, whereas in Bounded Circles
and Schedulers DESYNT let participants make very local edits
and insertions and have far better outcomes in completing the
task.

B. Using DESYNT correlates with debugger use

We find that when working with DESYNT users spent a
larger portion of their time in the debugger, this is simply
the result of DESYNT running inside the debugger. However,
for users whose normal development style heavily relies on
the debugger, DESYNT’s additional functionality of running
partial programs, on top of debug console code inspecting
variables, means they are able to stay in the debugger more
than they could without DESYNT. This is consistent with
the varying responses to the survey questions “DESYNT is a
useful addition to the methods I use for software development”
and “DESYNT is a useful addition to my debugging arsenal”
(Tab. I).

Further work is needed to understand how effective
DESYNT is for users with differing development methods.
We speculate that DESYNT enhances the developer experience
when the task requires implementing functionality that does
not easily translate to a clear mental model of the required
code.

C. Differences between user-triggered and triggerless

The view of the tool participants were assigned to does not
affect participants’ success as much as other factors, e.g., task
type. However, there are apparent differences based on the
differences in the interaction model.

The most notable differences between the two views are
seen in user-triggered users provided more examples
before triggering synthesis when compared to the fixed three of
triggerless—across all tasks more than three examples were
provided on average before synthesizing. This is consistent
with the results of Jayagopal et al. [23]], who found users often
provide much larger specifications than are needed to complete
the task.

Additionally, user-triggered users also used more verifica-
tion steps. This appears to correlate with the difference in
trust of the synthesized snippet between user-triggered and
triggerless users seen in[Tab. 1| Interestingly, this suggests that
when given control, users trust their choice less than when
choices are made for them.

This may also provide a reason for the paradoxical answers
in [Tab. I} where, for user-triggered users, generated snippet
understandability and verifiability are high but trust is low.
This could be because in more difficult problems users may
have been unsure that the number of provided examples
covered corner cases and hence, when put in control and with
an uncertain mental model, understandability and verifiability
do not translate to trust.

On the other hand, for triggerless users we find that,
although trust is high, the number of example required did not
effectively align with the participants intuition. This appears
to be linked with for easier problems, three
examples may be sufficient while for harder tasks users may
prefer to provide more examples to ensure they have captured
the complete behavior. However, users still place a large
amount of trust in DESYNT, when it decides when to generate.

D. Classification of DESYNT as a synthesis interaction model

Jayagopal et al. [23]] introduced a framework for understand-
ing program synthesis (code generation) interaction models
with three axes in the design space: i) whether specifica-
tions are incidental or voluntary, ii) whether the initiation
of synthesis is user-triggered or triggerless, and iii) whether
the communication of results to the user is user-triggered
or triggerless. In Table 3, they show the matrix of options
for (ii) and (iii), noting that the quadrant for user-triggered
initiation and triggerless result communication is “empty by
construction”, as triggering the initiation of synthesis implies
triggering the communication of results. We argue, however,
that DESYNT ostensibly fits in the missing quadrant: while
setting a sketch and running the debugger is an initiation of the
synthesis “mode” of DESYNT, when in its triggerless view,
the decision to run the synthesizer behind the scenes is not
actively triggered, and a result will only be communicated to
the programmer when one is available.

Interestingly, once participants in the triggerless group
gained some experience with DESYNT, they would wait for
a synthesis event to happen after hitting the breakpoint three
times and entering output values; reminiscent of the triggered
result communication interaction model. This suggests that,
when a tool behaves predictably, it “moves” to a user-triggered
result communication.

However, this may change with a different synthesis engine:
in our current engine, synthesis cannot fail with three examples
then succeed with four examples, so if a program does not
appear after three examples, one will not appear later in the
session. A different code generation backend may behave
differently, yielding different results.



VII. RELATED WORK
A. Exploratory Programming

Exploratory programming began as a description of pro-
grams in Al research where there is no specific intended out-
put, but the result can be “eyeballed” by the programmer [42].
It has since been extended to more generally describe cases
where programmers start writing code before its behavior is
fully specified, thinking about their code as they write it [26],
[40], [41]], [44].

Several specialized tools that target specific exploratory be-
haviors have been suggested, with a special focus on allowing
the programmer to backtrack or to maintain multiple versions
of the code that can be switched to efficiently [9], [24]], [25],
[34], [47].

B. Debugging into Existence

Debugging into Existence was identified by Rosson and
Carroll [39] as the dynamic and incremental implementation
process that stems from edits driven by testing and debugging.
It is also weakly related to Babylonian-style Programming [|38|]
that helps users view live examples for smaller parts of the
code, allowing them to examine (and then edit) an inner part
of the code directly.

Debugging into Existence has been criticized [49] as a an
ineffective bug-fixing method, in particular in regards to fault
localization. This criticism is in accordance with our results:
the underlying workflow to DESYNT worked well when the
location of new code or broken code was known, but not when
actual, manual fault localization had to take place.

C. Interaction models for code generation

Code generation tools for programmers take many different
approaches. COPILOT [16] suggests potential program snippets
that can be tab-completed into the code editor based on only
textual file context. The exploratory nature of COPILOT use
was explored by Barke et al. [8], and was further highlighted
by COLADDER [48] and its interaction focused on refining
intent and creating sub-goals.

Several code generation tools [37]], [SO] use an iterative
refinement loop where more specifications are provided to rule
out intermediate program candidates.

SNIPPY [15], LoOPY [14], and LEAP [13] are a fam-
ily of tools for code generation within a live programming
environment—an environment that provides continuous feed-
back on the state of the code as the code is being written—and
assisting the programmer in formulating specifications as well
as in validating the code generation result.

The closest work to ours is CODEHINT [17], where the
programmer sets a breakpoint in the code, debugs to it, then
uses types and examples to demonstrate the intended value.
CODEHINT also uses an observational equivalence synthesis
engine with variable valuations at the breakpoint as inputs.
However, CODEHINT does not alleviate the issue of access
to dependent calls to the same code location: a user of
CODEHINT can run the code again with different inputs, but it

does not continue the execution with the user provided values
in the way that HAZEL [33]], [36] and LOOPY do.

D. Programming by Example

Programming by Example (PBE) is a paradigm of program
synthesis where intent is specified by pairs of input to output.
FLASHFILL [18]], [[19] is a PBE synthesizer integrated into
Microsoft Excel, where inputs are provided by table rows
and outputs by values added manually to a new column.
The FLASHFILL synthesis engine is powered by Version
Space Algebra, and in FLASHFILL++ [[10] is improved with
guarded DSLs. Another common search method for PBE is
Observational Equivalence [6]], [45], and its implementation
using Finite Tree Automata [46| is the one used by DESYNT.

PBE has been used for domain specific programs: Excel
formulas in Flashrill and regular expressions in tools like
REGEL [11] and REGAE [50]. Other synthesizers [14], [[15],
[17], [37] target general programming, mainly centring on
primitive types as they are easier to provide examples for.

E. Interaction Models for Debugging

Interaction model work for debugging is mainly centered
around aiding comprehension and fault localization, i.e., the
hypothesis generation phase of debugging [5], [49], helping
the programmer better utilize debug-time information such
as execution traces, variable values, and location in the call
stack. THE WHYLINE [27], [28]] allows the programmer to ask
“why” and “why not” questions about the state of the program
at a breakpoint, including about the history of the execution
trace. MICROBAT [31] recommends suspicious steps for the
user to manually inspect, and ENLIGHTEN [30] uses statistical
fault localization to improve the results of a similar process.
HYPOTHESIZER [5]] uses a database of hypotheses and tries
to match them with demonstrated faulty behavior. ROBIN [7]]
employs an LLM agent that has access to the debugger to
perform assisted “conversational debugging”. UNFOLD [21]
lifts the debugging experience into live programming, to help
programmers track buggy states in event-driven Ul code.

Unlike these, DESYNT does not center on fault localization,
and as shown in is in fact less useful when mixed
with tracking a fault. CODEHINT [17]], discussed above, is the
most similar to DESYNT in employing the debugger mainly
as an inspector in a development task, but DESYNT’s ability
to access the code multiple times throughout a single run
makes it a tool for inspection and comprehension even if code
generation is not employed.
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