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Abstract—Prior work in HCI and adjacent fields has often
envisioned that a useful way to help programmers work with
unfamiliar libraries or languages is to show a translation, an
equivalent program written in a familiar library or language.
However, prior work has not yet explored whether translations
actually help programmers. Do they? Are there ways of present-
ing a given translation that make it more or less helpful? We
conducted a 7-condition, 98-participant user study of program
modification tasks, exploring whether a variety of translation-
centric and non-translation interfaces helped participants. Sur-
prisingly, there was a 67%–89% chance that translations alone
made participants less likely to complete program modification
tasks correctly. Our results lead us to question the intuition that
translations are helpful for pragmatic purposes. More broadly, we
highlight the need to better understand the practical knowledge
required for program modification and adaptation—and how we
can better design interventions that support these activities.

I. INTRODUCTION

Prior work in HCI and adjacent fields has speculated that
autonomously-generated code can help programmers use unfa-
miliar libraries and languages [1]–[4], in particular by showing
translations [5]–[9], which we define as equivalent programs
written in a familiar language. However, this intervention
has not yet been tested. We are not aware of any empirical
evidence on whether translations help programmers work with
unfamiliar programming abstractions.

Working with unfamiliar programs is difficult but ubiq-
uitous; programmers must often read, edit, and reuse code
written by other programmers and, increasingly, automatic
code generators. With the recent popularity of programming
with large language models (LLMs), there is a particularly
urgent need to support programmers in working with code they
did not write themselves. While we expect that programmers
are familiar with the libraries and languages of their own code,
that may not be the case for code written by peers or machines.

As a first exploration into the usefulness of translations,
we study translation of unfamiliar library functions into a
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Fig. 1: In a controlled trial, we asked 98 Python program-
mers using translations and other supportive interfaces
to modify unfamiliar TensorFlow programs and measured
their correctness. Each participant saw one kind of interface:
a CONTROL interface that showed only the unfamiliar pro-
gram or one of six interfaces that offered additional informa-
tion, such as a translation or prose explanation. Surprisingly,
we found that participants in the CONTROL condition were
the most correct.

familiar general-purpose host language. To investigate the folk
wisdom that translations can help with modification tasks, we
conducted a user study of 98 Python pro grammers editing
programs with functions from a numerical computation library
they were unfamiliar with, TensorFlow [10]. Our primary
measurement of interest was correctness in code modification.

Our study revealed that Python translations alone did not
help programmers work with TensorFlow. To probe further,
we used an additional series of custom interfaces to investigate
whether surfacing specific information about translations can
make translations more helpful. These interfaces did make
successful participants faster for a majority of tasks, but did
not increase the number of successful participants.



Our results show that supporting programmers in modifying
code that uses unfamiliar libraries is more complex than
previously expected. In particular, the common intuition that
translations help programmers work with unfamiliar languages
does not explain our findings. We conclude with reflections on
these findings to draw out implications for designing interfaces
targeted at technical tasks like program modification.

Contributions. We present the following contributions:
1) A 98-participant user study assessing participants’

success in editing programs using an unfamiliar li-
brary. We compared between seven conditions, including
five conditions that presented translations from unfamiliar
TensorFlow functions into familiar Python.

2) A set of exploratory interfaces designed to investigate
different means of presenting program translations
to users. In addition to the translation-only interface, we
evaluate four interfaces that augment translations with
additional information. While some are novel in design,
they are a secondary contribution in service to the study.

II. RELATED WORK

Despite speculation that translations may help programmers,
there are no existing works that study users to identify whether
translations help them with programming tasks. We therefore
orient our discussion of prior studies of programmers into two
nonoverlapping categories: studies that show program transla-
tions, and studies that ask programmers to work with programs
they did not write themselves. We close with related work on
analogical reasoning from domains outside of programming.

A. Studies Showing Programmers Translations
Shrestha et al.’s Transfer Tutor [5] is a tool that functions

most similarly to what we investigate in our study. Transfer
Tutor shows programmers a translation augmented with high-
lighted reusable concepts to promote the learning of a new
programming language. From qualitative analysis of a think-
aloud study of Transfer Tutor users, the authors concluded
that users used conceptual transfer as a cognitive strategy.
However, they did not assess whether translation affected
programming task completion; there was no control condition
that excluded code translation.

More broadly, the idea of using conceptual transfer to learn
new programming languages has a rich history in the computer
science education research community [11]–[20]. Providing
translations is a common teaching method, with the aim of
promoting conceptual transfer. As this research focuses on a
classroom setting, we do not anticipate that its conclusions
regarding the efficacy of translations apply to our study.
In particular, we do not expect findings targeting learning
outcomes under instruction to apply to short-term modification
of unfamiliar code in a setting without an instructor, semester-
long guided curriculum, or explicit learning goals.

B. Studies of Programmers Working with Code They Did Not
Write

Since the literature includes few studies on the specific
task that interests us—modifying code that includes unfamiliar

programming abstractions—we here widen our net to consider
works that touch on possibly-related themes. For instance, it
is possible that code literacy and comprehension may be a
subtask within the overall code modification task. Our own
work does not assess these topics, but we include an overview
of the adjacent research landscape to orient readers.

1) Working With Others’ Code Is Hard: The literature
offers evidence that working with code that one has not written
oneself is difficult [21]–[26]. Studies reveal that the process is
time-consuming [22], [23], [25], [26]. Especially relevant to
our own context, a study of developers performing small code
modification tasks uncovered that participants spent 35% of
their time understanding unfamiliar code [23].

Moreover, LLMs are increasingly being used for code
generation; while numerous studies have found that LLMs
help experienced programmers write code [27]–[29], others
have found that programmers struggle to use them effectively.
Existing work highlights issues surrounding code comprehen-
sion and verification [30], [31] and difficulties engaging with
unfamiliar abstractions in generated code [30]–[32]. We are
interested in whether translations can address this need.

2) Studies of Program Comprehension: Since the 1970s,
there has been a long line of work studying how novice
and expert programmers engage with code written in fa-
miliar languages [21], [33]–[46]. A smaller line of inquiry
has investigated how programmers comprehend code when
working in unfamiliar languages [47], [48] or domains [49],
including learning resources [7], [50]. Most relevantly, Shaft
and Vessey [49] identify that program comprehension is easier
if conducted in a familiar domain with an unfamiliar language
compared to an unfamiliar domain with a familiar language.
While these studies are relevant, we do not aim to study
program comprehension; we are instead interested in the
pragmatic ability to modify code. Moreover, none of these
works examine translations.

A more specific line of work has investigated the particular
information needs involved in program comprehension [23],
[51]–[55], including some studies of programmers working
with unfamiliar languages and APIs [52], [55] and some of
developers performing pragmatic code modification tasks in
a familiar language [23], [54]. These works present program
understanding as being constructed from information needs
specific to the task at hand. Most relevant to our study, Kirk et
al. identified challenges faced by learners of an object-oriented
framework, including during code modification activities [55].

3) Studies of Program Explanations: Regarding program
explanations, prior work has proposed using pseudocode to
explain unfamiliar programs [56]–[58]. Research has also
proposed natural language explanations [59]–[61], with recent
works emphasizing explanations generated by LLMs [62].
These works do not study effects on the pragmatic ability to
modify code, nor do they study translations.

C. Analogical Reasoning

Program translations can be viewed as analogies that align
unfamiliar code with familiar code based on shared input-



output behavior. There is a long history of work on analogical
reasoning in cognitive science and HCI [63]–[68]. One foun-
dational theory is Gentner’s structure-mapping theory [69],
which characterizes analogy as a mapping of relations from a
familiar base to an unfamiliar target. Within HCI, foundational
work positions analogy as a powerful design tool for helping
users understand unfamiliar user interfaces [66], [67], but
also cautions that poorly constrained analogies can mislead
users [64]. These prior works on analogical thinking motivate
our augmented interface designs (Section IV-C) and help
situate and explain our findings (Section VII-A).

III. RESEARCH QUESTIONS

We explore the following research questions:
RQ1 Do translations help programmers work with unfamiliar

abstractions?
RQ2 How does translation compare to an alternative

intervention—natural language explanation—in helping
programmers work with unfamiliar abstractions?

RQ3 Can translations be augmented to be more helpful to
programmers working with unfamiliar abstractions?

To answer RQ1, we compare programmer performance on a
program editing task when given two kinds of information:

1) The program using unfamiliar abstractions (starter code).
2) The program using unfamiliar abstractions (starter code)

and a translation using familiar abstractions.
To answer RQ2, we compare programmer performance on a
program editing task when given:

3) The program using unfamiliar abstractions (starter code)
and a natural-language explanation (with no translation).

To answer RQ3, we started with a set of four hypotheses
about information that might make translations more helpful
to programmers. RQ3 explores these hypotheses in particular:
H1 A mapping between familiar and unfamiliar program

components helps.
H2 Translation of individual, focused program components

in isolation helps.
H3 Seeing gradual, fine-grained translation steps helps.
H4 Natural-language explanation of the translation helps.
To explore these hypotheses, we designed four interfaces
augmenting translations in specific ways (Section IV-C).

IV. INTERFACES

In this section, we discuss the design and implementation of
the programming interfaces associated with each condition in
our study. In addition to the RQ-relevant features highlighted
below, all interfaces featured the ability to read, edit, and run
Python programs.

A. Control and Translation Interfaces

We used two interfaces to assess RQ1, CONTROL and
TRANSLATION. The CONTROL interface displays only the
original TensorFlow program (Figure 2a). The TRANSLATION
interface displays the original TensorFlow program and a
translation to vanilla Python code (Figure 2b). To faithfully

address the speculation around the usefulness of automated
translation tools, we produced all translations for this study
using an automated transpiler [70]. In particular, the transpiler
automatically rewrites vectorized TensorFlow functions into
for loops in base Python. The transpiler recognizes a subset
of TensorFlow library functions, and incorporates compiler
techniques, including inlining and a set of rewrite rules, to
produce translations.

B. Natural Language Interface

The interface we used to assess RQ2, PROSE (Figure 2c),
displays the original TensorFlow program alongside a natural
language explanation. We produced explanations using Ope-
nAI’s GPT-4 language model [71], the most recent version
of the GPT model at the time this research was conducted
in 2024. The model was prompted with the following text:
“Explain this TensorFlow program concisely:”, followed by
the TensorFlow starter code. We generated one explanation
per task in advance; all participants in this condition saw the
same text.

C. Augmented Interfaces

Lastly, we developed four augmented interfaces to assess
hypotheses H1–H4 of RQ3.

These interfaces used the same translations as TRANSLA-
TION, with additional interface elements generated by ex-
tracting translation-related information from the transpiler. We
intentionally constrained our augmented interfaces to infor-
mation that can be collected automatically from a translation
tool so that we can expect these interfaces to be automatically
generatable rather than relying on human guidance or insights.

1) Augmented Interface 1 (T+HIGHLIGHT): Highlighting
Correspondence Between Translated Components: We de-
signed this interface to explore hypothesis H1: A mapping
between familiar and unfamiliar program components
helps.

T+HIGHLIGHT displays the source program, the translation,
and a set of buttons. When clicked, each button highlights one
of the TensorFlow functions in the source program and the
corresponding code in the translation. It also highlights each
function argument in its own color, in both the source and
translated programs.

For example, Figure 2d shows T+HIGHLIGHT after click-
ing the tf.math.reduce_sum button. This function com-
putes the sum of the elements in a tensor. The func-
tion call in the original program and corresponding trans-
lated code are highlighted. The argument of the function,
tf.math.multiply(x, 2), highlighted in red, deter-
mines both the number of iterations of the translated for
loop and the value added to sum_result at each iteration.
Thus, these parts of the translation are also highlighted in red.

This design lets us explore whether making the mapping
between components salient may play a role in programmers’
translation use. From an analogical reasoning perspective,
T+HIGHLIGHT operationalizes structure-mapping theory [69]
by making the mapping of relations between the unfamiliar



(a) CONTROL (RQ1): shows just the starter
code.

(b) TRANSLATION (RQ1): shows the starter
code and a translation.

(c) PROSE (RQ2): shows the starter code
and a natural language explanation.

(d) T+HIGHLIGHT (RQ3):
shows the starter code and
a translation, highlighting
corresponding components.

(e) T+FOCUS (RQ3): shows the
starter code and buttons that
translate individual components.

(f) T+STEPS (RQ3): shows the
starter code, a translation, and a
sequence of intermediate transla-
tion steps.

(g) T+PROSE (RQ3): shows the
starter code, a translation, and a
natural language explanation of
why the translation is equivalent.

Fig. 2: The seven interfaces we use to answer our research questions. Each interface specifically helps answer one of
our research questions from Section III. RQ1 asks whether translations help programmers work with unfamiliar abstractions;
we compare CONTROL (a) and TRANSLATION (b) to answer it. RQ2 asks whether natural language explanations help; we
additionally compare PROSE (c) to answer it. RQ3 asks whether translations can be augmented to be more helpful; we compare
the augmented interfaces (d–g) to answer it.

target (TensorFlow) and the familiar base (Python) explicit.
In the Cognitive Dimensions of Notations framework [72],
this approach may improve role-expressiveness by mapping
components in the original program to their behavior.

2) Augmented Interface 2 (T+FOCUS): Translating Indi-
vidual Components: We designed this interface to explore
hypothesis H2: Translation of individual, focused program
components in isolation helps.

T+FOCUS does not display a whole-program translation of
the original TensorFlow program. Instead, it provides a set of
buttons that show translations of individual components of the
original TensorFlow program. Each button corresponds to a
TensorFlow function call in the original program. When these
buttons are clicked, T+FOCUS underlines the corresponding
function call in the original program and displays a translation
of the underlined component. T+FOCUS provides a translation
of the entire program only when the user clicks the button that
corresponds to the outermost TensorFlow function call.

For example, Figure 2e shows T+FOCUS after clicking the
button for tf.math.multiply. T+FOCUS underlines this
function call in the source program and displays only this
function’s translation.

The design of T+FOCUS, like T+HIGHLIGHT, leverages
structure-mapping theory and role-expressiveness by mak-

ing relations between translation inputs and outputs explicit.
However, unlike T+HIGHLIGHT, T+FOCUS allows users to
interactively select what to translate, effectively adjusting the
abstraction level [72] of what is displayed. This design was
loosely inspired by the “step in” and “step out” feature of
modern debuggers, which help programmers reveal behavior
or abstract away unnecessary details by managing the abstrac-
tion level of visible information.

3) Augmented Interface 3 (T+STEPS): Step-by-Step Trans-
lations: We designed this interface to explore hypothesis H3:
Seeing fine-grained translation steps helps.

T+STEPS initially shows only the original TensorFlow
program and a “Translate one step” button. When the user
clicks the step button, T+STEPS displays one step of the
translation process, highlighting differences from the previous
step. The user can click the step button repeatedly until the
program is fully translated. T+STEPS also displays a “Go
back one step” button to hide the latest step.

For example, Figure 2f shows T+STEPS after clicking the
“Translate one step” button repeatedly until the program is
fully translated. The final block of code is a full translation,
and all intermediate blocks are partial translations en route to
the final translation.

This design was inspired by “stepping” in debuggers, in
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Fig. 3: Participants’ self-reported experience per condition.

that displaying information incrementally may help users
understand the effects of each step in a larger process.

4) Augmented Interface 4 (T+PROSE): Translations Sup-
ported by Natural Language Explanations: We designed this
interface to explore hypothesis H4: Natural-language expla-
nation of the translation helps.

We posit that an explanation of the translation written
in natural language may make translations more useful to
programmers. T+PROSE thus shows the original TensorFlow
program, a translation, and a natural language explanation
of why the translation is equivalent. We produced natural
language explanations using the same LLM as PROSE. We
prompted the model using the text: “Concisely explain why the
following TensorFlow and Python programs are equivalent:”,
followed by the original TensorFlow program, then the Python
translation. As with PROSE, we ran all prompts ahead of time
so that all participants saw the same explanation.

V. STUDY DESIGN

To answer our research questions, we selected Python as the
familiar language of study, and TensorFlow as the unfamiliar
library. We selected Python, a popular general-purpose pro-
gramming language, to improve generalizability to other pop-
ular languages. We selected TensorFlow as a popular library
with enough complexity to present challenges for unfamiliar
users. This approach also enhances ecological validity because
programmers may frequently encounter unfamiliar libraries
within a familiar host language, especially in LLM-generated
or peer-written code. We opted to evaluate relatively small-
scale translations—from unfamiliar library functions into a
familiar host language—as a first investigation into the utility
of translations.

We conducted a 7-condition 98-participant between-subjects
study. The primary parameter we are interested in estimating
is the probability that a participant using a particular interface
succeeds on a particular task. As a secondary metric, we
measured the time each participant took using an interface
on a task. Because we are interested in studying participants’
abilities to pragmatically modify and adapt unfamiliar code
rather than program comprehension, learning outcomes, or
other cognitive phenomena, we restricted our attention to these
metrics and did not administer, for example, validated concept
inventories (to measure comprehension) nor validated work-
load indexes (such as the NASA TLX, to measure perceived

load). Our full dataset and analysis scripts are freely available
online at https://github.com/jcbym/translations-vlhcc26.

A. Study Structure

a) Participants and Recruiting: We screened participants
using a survey asking about prior experience with Python
and a variety of Python libraries (including TensorFlow). The
screening survey also included a quiz asking respondents to
predict the output of three snippets of Python code. We re-
cruited participants who (i) self-identified as having experience
with Python, (ii) did not self-identify as having experience
with TensorFlow, and (iii) correctly predicted the output of
all three Python snippets. We recruited 98 participants (14
per condition), primarily through university-affiliated mailing
lists, newsletters, and forums, and snowball sampling. We
conducted one-on-one study sessions via Zoom, compensating
each participant with a 30 USD Amazon gift card. This study
was approved by our institution’s Institutional Review Board.

We balanced self-identified programming experience lev-
els across the conditions using a survey question proposed
and validated by Feigenspan et al. [73]. Figure 3 shows
the distribution of self-identified programming experience by
condition. Table I shows that the secondary metrics of years
of experience and familiarity with other libraries are roughly
balanced among conditions.

b) Study Protocol: We conducted study sessions via a
webpage with a simple editing interface, as shown in Figure 4.
We chose to use a lightweight editor instead of a traditional
IDE due to low task complexity and to eliminate the need for
additional software. We asked each participant to complete a
tutorial task, then three program editing tasks (Section V-B).
Each participant used only a single interface. We ran a
between-subjects study in which participants completed tasks
in a fixed order in one of seven conditions, corresponding to
the interfaces described in Section IV. All interfaces featured
the ability to read, edit, and run Python programs, as well as
to skip the task entirely.

After informed consent, we guided participants through the
tutorial. We explained the study format and the features of the
study interface, including elements specific to the participant’s
assigned condition. At the end of the tutorial, participants
completed the tutorial task, a simpler modification task than
the main study tasks. After completing this task, participants
proceeded to the main study tasks.

During the main study tasks, participants were permitted
to use all internet resources and software tools except those
capable of code generation (e.g. ChatGPT). Internet access was
permitted to improve external validity, as online resources may
be useful to real-world programmers working with unfamiliar
libraries. However, code generation resources were restricted
to limit access to direct answers to tasks. Study sessions were
capped at 90 minutes, after which participants “timed out”
and the session was ended. Text written in the code editor and
interactions on the webpage were periodically logged by the
study interface. Following the study, we determined participant

https://github.com/jcbym/translations-vlhcc26


YOE WEEKLY YOE beautiful_soup flask matplotlib nltk numpy pandas pytorch
CONTROL 4.0 2.5 3 0 12 2 14 11 1

TRANSLATION 3.5 2.5 3 0 9 0 13 10 3
PROSE 4.0 2.0 3 3 10 0 12 10 2

T+HIGHLIGHT 5.5 2.0 4 3 8 2 14 10 4
T+FOCUS 4.0 3.0 3 5 9 1 12 11 3
T+STEPS 4.5 4.0 4 2 11 0 11 12 3
T+PROSE 5.0 2.0 2 3 9 0 11 10 2

TABLE I: The number of participants in each condition that had worked with a variety of existing libraries. All
participants indicated they had not worked with the library we used in this study, TensorFlow. The three most similar libraries,
numpy, pandas, and pytorch, had roughly the same number of participants that had worked with them in each condition.

Fig. 4: The main part of the web interface for the study. Participants used this interface (extended in a variety of ways we
describe in Sections IV-A, IV-B, and IV-C and show in Figure 2) to complete program modification tasks. On the left is a (i)
description of the interface, (ii) a program modification task, (iii) the starter code, and (iv) buttons to submit the current code,
skip the task, exit the study, and discontinue participation and delete all data. On the right is (i) a code editor initialized with
the starter code and (ii) a run button that runs the current code and displays the result.

correctness using a series of property-based tests, which were
not shown to participants.

B. Tasks

The three program modification tasks used during our
study, alongside a tutorial task, are shown in Table II. Each
task included starter code incorporating functions from the
TensorFlow library and a new expected behavior, as well as
an input-output example of the expected behavior. The tutorial
task was used to introduce participants to the study format, and
no data from this task was recorded. Tasks primarily involved
array manipulation using TensorFlow’s vector operations; par-
ticipants demonstrated basic prior knowledge of arrays during
the screening survey.

C. Statistical Model

We use Bayesian inference to quantify the uncertainty in
our measurements in light of best practices for fair statistical
communication in HCI [74], [75]. For our primary outcome
of interest, correctness, we define:

• in: the interface that participant n used (observed cate-
gorical variable with 7 categories).

• cn,τ : whether or not participant n successfully completed
task τ (observed binary variable).

• θi,τ : the probability that a participant using interface i
succeeds on task τ (latent variable taking on values
between 0 and 1). We use a uniform prior on θi,τ ranging
from 0 to 1.

Intuitively, whether or not a participant using an interface i
succeeded on task t is like a weighted coin flip with success
probability θi,t. We therefore use a Bernoulli distribution for
our model:

cn,τ ∼ Bernoulli(θin,τ ).

For our secondary measure, time taken (in minutes), we
define:

• tn,τ : the time participant n took on task τ (observed
positive real variable).

• µc,i,τ : the mean log time taken a participant with correct-
ness c (i.e., incorrect or correct) using interface i spends
on task τ (latent real variable). We use a uniform prior
on µc,i,τ ranging from 0 to log(90), the duration of the
study.

• σc,τ : the (pooled) standard deviation of the log time taken
of participants with correctness c on task τ (latent real
variable). We use a uniform prior on σc,τ ranging from
0 to log(90), the duration of the study.



TABLE II: Program modification tasks for our study. Data from the tutorial task was not included in any analysis.

NAME TASK DESCRIPTION STARTER CODE

Tutorial Modify the TensorFlow program so that it sets the variable new_x
to the sum of the product of each entry of x with 3.
Example: If x = tf.constant([1, 1, 2, 3, 5]),
new_x should evaluate to a Tensor with the value 36.

new_x = tf.math.reduce_sum(tf.math.multiply(x, 2))

Task 1 Modify the TensorFlow program so that it sets the variable new_x
to a new array containing only the elements of the array x divisible
by 5. If an element is also NOT divisible by 10, additionally square
it; otherwise, leave it the same.
Example: If x = tf.constant([5, 2, 20, 15, 32,
100]), new_x should evaluate to a Tensor with the values [25,
20, 225, 100].

new_x = tf.where(
tf.boolean_mask(x, x % 2 == 0) % 10 == 0,
tf.square(tf.boolean_mask(x, x % 2 == 0)),
tf.boolean_mask(x, x % 2 == 0)

)

Task 2 Modify the TensorFlow program so that it sets the variable new_x
to a rolling weighted sum of array x with a window size of 2. The
weights should be 2 and 1. That is, the first element of the new
array should be the first element of x multiplied by 2 plus the
second element of x multiplied by 1; the second element of the
new array should be the second element of x multiplied by 2 plus
the third element of x multiplied by 1; and so on.
Example: If x = tf.constant([4, 12, 8, 8]), new_x
should evaluate to a Tensor with the values [20, 32, 24].

new_x = tf.squeeze(
tf.nn.conv1d(
tf.reshape(x, [1, int(x.shape[0]), 1]),
tf.constant([[[1]], [[1]], [[1]]]),
1,
’VALID’

)
)

Task 3 Modify the TensorFlow program so that it sets the variable new_x
to the maximum of the minimum of every other sub-array in the
array x (that is, the array at index 0, index 2, index 4, etc.).

Example: If x = tf.constant([[1, 2, 3], [101,
102, 103], [11, 12, 13]]), new_x should evaluate to a
Tensor with the value 11.

new_x = tf.math.reduce_min(
tf.math.reduce_max(
tf.boolean_mask(x, tf.range(len(x)) % 3 == 0),
axis=1

)
)

As time taken is positive and right-skewed, we model it with
a log-normal model:

log(tn,τ ) ∼ Normal(µcn,in,τ , σ
2
cn,τ ).

VI. RESULTS

Figure 5 shows our raw data for correctness, and Figure 6
shows our raw data for time taken among correct participants.
In addition, two of 98 participants, one in the TRANSLATION
condition and one in the T+STEPS condition, “timed out” by
reaching the 90-minute cap on session duration; both answered
incorrectly on the task during which they timed out, so neither
contributes to our time-taken analysis. Using Stan [76], we
calculated the posterior distribution given our observed data of
the effect sizes of the parameters of the statistical models we
defined in Section V-C relative to the CONTROL condition.
Figure 7 shows the effect sizes for probability of success
(difference in probabilities) and Figure 8 shows the effect sizes
for time taken (difference in median time taken) among correct
participants. Each posterior plot also indicates the posterior
probability that the interface is better than the control for the
given parameter; these probabilities are what we used to create
Figure 1, and, in particular, are not frequentist p-values.

1) RQ1: Translations Alone Likely Do Not Help Program-
mers Work With Unfamiliar Abstractions: To answer RQ1, we
compare CONTROL and TRANSLATION. Figure 7 shows that
TRANSLATION has an 11%, 33%, and 32% chance of having
a higher probability of success than CONTROL for Tasks 1,

2, and 3 respectively. Among correct participants, Figure 8
shows that TRANSLATION has a 49%, 50%, and 1% chance
of having a faster time taken than CONTROL for Tasks 1, 2,
and 3 respectively. Participants using TRANSLATION did not
perform better than CONTROL on either measure for any task.

2) RQ2: Natural Language Explanations Moderately Speed
Work With Unfamiliar Abstractions For Correct Participants
While Maintaining Roughly Comparable Correctness: To an-
swer RQ2, we compare CONTROL and PROSE. Figure 7
shows that PROSE has a 19%, 70%, and 50% chance of
having a higher probability of success than CONTROL for
Tasks 1, 2, and 3 respectively. Among correct participants,
Figure 8 shows that PROSE has a 99%, 97%, and 40% chance
of having a faster time taken than CONTROL for Tasks 1,
2, and 3 respectively. The most credible estimate for the
effect sizes for PROSE are 6.6 and 5.4 minutes faster than
CONTROL for Task 1 and 2 respectively. For Task 3, the
most credible estimate is 0.2 minutes slower. Overall, PROSE
and CONTROL each have a task they perform better on than
the other on correctness, and PROSE performs better than
CONTROL on time taken for 2/3 tasks.

3) RQ3: Augmented Translations Moderately Speed Work
With Unfamiliar Abstractions For Correct Participants: To an-
swer RQ3, we compare CONTROL to our four augmented in-
terfaces (T+HIGHLIGHT, T+FOCUS, T+STEPS, T+PROSE).
Figure 7 shows that the augmented interfaces follow roughly
the same trend as TRANSLATION for correctness, with two
main exceptions: T+STEPS has a 70% chance of having
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Fig. 5: Number of correct responses for each task and interface (raw data).
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(c) Task 3 time taken (correct participants).

Fig. 6: Time taken among correct participants for each task and interface (raw data).

a higher probability of success than CONTROL on Task 2,
and T+HIGHLIGHT has a 70% chance of having a higher
probability of success on Task 3. In the first case, the most
credible estimate for the effect size is a 5% difference in
probability of success; for the second, 7%. Otherwise, no
augmented interface is more likely to have a higher probability
of success than CONTROL. On the other hand, Figure 8 shows
that for Tasks 1 and 2, the augmented interfaces were always
more likely than not to decrease time taken, with effect sizes
between 0.6 minutes and 7 minutes faster. For Task 3, only
T+STEPS was more likely to decrease time taken, with the
most credible estimate for effect size being 0.6 minutes faster.

A. Threats to Validity and Limitations

a) Threats to Validity: Comparing time taken only
among successful participants may introduce survivorship bias.
An alternative study design could ask participants to keep re-
submitting their answer until it was correct. This design would
assume participants have access to a correctness oracle, which
may reduce ecological validity.

Participants used a minimal editing interface alongside
specialized per-condition interfaces. The absence of other
interface features may have pushed participants to focus ar-
tificially on the optional aids. Participants completed tasks
in a fixed order, so our study design did not control for
potential confounding factors including warm-up time and
learning effects. Participants may have also experienced time
pressure, as sessions were capped at 90 minutes. Additionally,
LLM outputs for the PROSE and T+PROSE conditions were
fixed across participants, so our findings may not generalize
across other natural-language or LLM-generated explanations.

The interfaces, translations, and LLM prompts used in this
study are not representative of all possibilities that test our
research questions; it is possible that other designs would yield
different outcomes. Moreover, our interfaces and others may

perform differently on different tasks or task domains, such as
comprehension of large codebases.

Our study involved translations of functions from a library
(TensorFlow) into a general-purpose host language (Python).
Our findings may not generalize to other types of transla-
tions (e.g., from one general-purpose language to another).
Additionally, we used one particular library and language
for our study, and our results may not generalize to choices
substantially different from these.

Finally, our findings may not generalize to populations
beyond the one we studied, which consisted of programmers
already familiar with Python (but not TensorFlow) who pri-
marily were students and recent alumni of R1 universities in
the United States.

b) Limitations: This study is limited in that we did not
conduct qualitative data analysis, which could provide nuanced
insights into participants’ experience of each interface. Lastly,
we emphasize that, although it may be tempting to use our
data about program modification to draw conclusions about
program comprehension or learning outcomes, the ability to
work with and modify code does not necessarily require a
deeper understanding of the programs.

VII. DISCUSSION

A. Interpretation of Results

In the following section, we offer possible explanations
for the results of our study. Note that these are hypotheses
which our study, lacking qualitative analysis, cannot confirm
nor distinguish between; we view further investigation of these
hypotheses as an opportunity for future work.

a) Why was CONTROL better than the translation in-
terfaces?: The CONTROL interface offered a strict subset of
information compared to all other interfaces. Yet, surprisingly,
correctness often dropped when participants used the transla-
tion interfaces! Why might that be? One possibility is that, in
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Fig. 7: Posterior distribution of effect sizes (relative
to CONTROL) for probability of success. Effect size is
calculated as difference of probabilities (ranging from −1
to 1). Better (higher probability of success) is to the right.
The plotted interval is the 95% highest density interval (i.e.,
the span of values that are most credible and cover 95%
of the distribution). The measure of central tendency is the
most credible value of the effect size (maximum a posteriori
estimate).
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interval is the 95% highest density interval (i.e., the span
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credible value of the effect size (maximum a posteriori
estimate).



the absence of a supportive interface, participants had to come
face-to-face with their own lack of proficiency with the unfa-
miliar program and grapple with the complexities of the task
head-on; in other words, it is possible that translation interfaces
gave participants a false sense of security. Another possibility
is that translation-based interfaces overloaded participants with
too much information (a well-studied effect across various
fields [77]), distracting them and lowering their performance.
Cognitive Load Theory [78] suggests that an additional cost
may lie in split attention between two representations of the
code, requiring participants to reason simultaneously about
both the original program and the translation and imposing
extraneous cognitive load.

Another potential explanation is that translations did not
provide the right kinds of information required to support our
modification tasks. Prior work on information needs suggests
that the value of an intervention depends on the fit between the
questions a task generates and the information the intervention
provides [54]. While translations may have answered questions
about the behavior of the existing code, they might not have
answered potentially more pragmatically important questions
about how to use the unfamiliar library to create new behavior.
A mismatch between the information provided by translations
and the information needs of modification tasks may help
explain our findings.

Yet another possibility is that the translation interfaces
actively misled participants into believing falsehoods about
their programs. From an analogical perspective, this may be
consistent with Halasz and Moran’s [64] arguments about the
drawbacks of analogy–that they may lead to false perceived
correspondences between the base and target of the analogy.
Participants given translations may have been misled into
performing modifications that were valid in the familiar trans-
lation, but not in the unfamiliar starter code. Structure-mapping
theory may explain the speedups observed for participants with
augmented translation interfaces, but these participants, too,
may have been subject to the same risks, leading to roughly
comparable correctness between translation interfaces.

b) Why was PROSE faster without altering correctness?:
We speculate that the PROSE interface recapitulated much of
the information that participants using the CONTROL interface
obtained via searching the web. In other words, participants
may have received roughly the same information in the CON-
TROL and PROSE conditions, with PROSE eliminating the
time spent searching for the information, leaving only the time
required to understand it. This explanation would be consistent
with the data we observed (faster times, roughly same rate of
correct modifications), but does not account for the fact that the
natural language explanations were tailored to the particular
program at hand. In addition, Cognitive Load Theory might ex-
plain why the PROSE condition outperformed TRANSLATION,
by integrating the original code with supplemental information
instead of requiring participants to reason about separate code
representations. Future work might investigate to what extent
tailoring explanations to user programs helps them in working
with unfamiliar code compared to documentation alone.

B. Implications for Design

More broadly, our results call into question what we should
be designing for when we are designing an interface to support
a technical task like program modification. Going into this
study, we had the naı̈ve perspective that such an interface
should simply “teach” the user what the unfamiliar program
does. The results from our study nuance and complicate
this idea. Instead of “teaching” the user—a tall order for
an automated interface—it may be worth considering more
specific goals. For example, consider a possible explanation of
our findings, that translation interfaces produce a false sense
of security. If true, a key design priority in building translation
interfaces would be to occasion the user to confront their lack
of proficiency. This might require making interface design
decisions that would otherwise be counterintuitive: increasing
friction and reducing available information.

C. What affects translation effectiveness?

Our augmented translation interfaces allowed us to explore
one possible factor among the set of factors that may in-
fluence translations’ effectiveness for program modification
tasks: salience of specific translation features (e.g., mapping
between components). Beyond the representational salience
we explored, there are many other features that may influence
effectiveness. In particular, we suggest that future work should
explore:

• Whether characteristics of the translation itself influence
effectiveness (our work held the particular translations
constant across conditions)

• Whether translations are more or less useful for certain
domains and languages

• The role of participants’ programming expertise
• The role of participants’ domain knowledge or familiarity

with other abstractions
• The role of task complexity
• Whether various cognitive factors (e.g., problem-solving

strategies) affect outcomes
• Whether translations are useful for other kinds of tasks,

beyond program modification
Now that we have reason to question the assumption that
translations are good explanations, we face an exciting open
research problem around identifying and evaluating factors
that influence translations’ usefulness for a variety of tasks.

VIII. CONCLUSION

In our 98-participant study tasking programmers with code
modifications using an unfamiliar library, we found that partic-
ipants with access to a translation were not substantially faster
or less error-prone than those without access to a translation.
Our results challenge traditional intuitions about translations
and call into question what our goals should be for interfaces
aiming to assist with practical program modification tasks. We
hope that this work will serve as a resource for designers and
researchers so that, as a community, we can design better tools
to aid programmers in the increasingly common situation of
working with code they did not write themselves.
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