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ABSTRACT
Computing theory is often perceived as challenging by students,
and verifying the correctness of a student’s automaton or gram-
mar is time-consuming for instructors. Aiming to provide benefits
to both students and instructors, we designed an automated feed-
back tool for assignments where students construct automata or
grammars. Our tool, built as an extension to the widely popular
JFLAP software, determines if a submission is correct, and for in-
correct submissions it provides a “witness” string demonstrating
the incorrectness.

We studied the usage and benefits of our tool in two terms, Fall
2019 and Spring 2021. Each term, students in one section of the
Introduction to Computer Science Theory course were required to
use our tool for sample homework questions targeting DFAs, NFAs,
RegExs, CFGs, and PDAs. In Fall 2019, this was a regular section of
the course. We also collected comparison data from another section
that did not use our tool but had the same instructor and homework
assignments. In Spring 2021, a smaller honors section provided the
perspective from this demographic. Overall, students who used the
tool reported that it helped them to not only solve the homework
questions (and they performed better than the comparison group)
but also to better understand the underlying theory concept. They
were engaged with the tool: almost all persisted with their attempts
until their submission was correct despite not being able to random
walk to a solution. This indicates that witness feedback, a succinct
explanation of incorrectness, is effective. Additionally, it assisted
instructors with assignment grading.

CCS CONCEPTS
• Social and professional topics → Computing education; •
Theory of computation → Formal languages and automata
theory; Models of computation.

KEYWORDS
Automated feedback, Introductory Computing Theory, Minimal
intervention, JFLAP extension
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1 INTRODUCTION
Computing theory analyzes various computational models and
their computational power, in order to understand the amount of
resources needed to solve real-world problems. Due to the abstract
nature of the models and their analyses, these concepts are difficult
for many beginner students. As an important step towards the un-
derstanding of these concepts, students in introductory computer
science theory courses construct computational models such as
deterministic finite automata, nondeterministic finite automata,
regular expressions, context-free grammars, and pushdown au-
tomata (DFAs, NFAs, RegExs, CFGs, and PDAs). The most popular
graphical interface for students to interact with the models [8] is
the Java Formal Languages and Automata Package (JFLAP) [25–27].

We built an extension to JFLAP, which we named DAVID (Didac-
tic And Visual Interface for Development), that accepts submissions
of instances of DFAs, NFAs, RegExs, CFGs, or PDAs from students
and immediately verifies the correctness of each submission. In
particular, the DAVID extension consists of an extended JFLAP, see
Figure 1, and a feedback server. The instructor sets up a problem
on the server by choosing the computational model, describing in
words or math notation the target language (the set of inputs that
should be accepted by the student’s submission), and providing a
JFLAP instance of the model that accepts the language (a correct
solution). Each student creates their own JFLAP instance of the
model, aiming to accept the target language, and submits it through
DAVID. The DAVID extension sends the submission to our feed-
back server, which automatically checks it against the instructor’s
correct solution; the server then provides immediate feedback to
the student whether the submission is correct or not. If not, the
server also provides an input string (a “witness”) on which the
submission differs from the instructor’s solution. Essentially, the
server provides a minimal reason why the submission is incorrect,
prodding the student to reflect on what went wrong without over-
steering them towards a specific way of solving the problem. These
problems can be typically solved in many, very different, yet all
correct ways. We note that the development of this system was a
very substantial effort, one that will benefit other instructors as we
will make DAVID publicly available.
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We used the DAVID extension in the Introduction to Computer
Science Theory course at a university in two academic terms, Fall
2019 and Spring 2021. Our study aimed to answer the following
research questions:

RQ1 What is the effect of using the DAVID extension on stu-
dents’ perceptions of their learning and on their behavior
when solving homework questions?

RQ2 What is the effect of using the DAVID extension on stu-
dents’ performance when solving the homework questions?

RQ3 How do instructors benefit from the DAVID extension?
Our investigation had multiple encouraging outcomes: The ma-

jority (about 55%) of students agreed that the use of the DAVID
extension helped them to solve the DFA, NFA, and RegEx home-
work questions (and about 20% of students were neutral), while the
percentage shifted to about 40%/40% for agreeing/neutral students
for CFGs and PDAs. Moreover, for each of the computational mod-
els, around 40%-45% of students indicated that the extension helped
them to understand the concept of that model. This is very promis-
ing: the students felt that the DAVID extension helped them to not
only solve a specific homework question, but to understand the
overall concept of the abstract computational model. The students
who used the DAVID extension were engaged with it, consciously
modifying their submissions until their answers were correct (we
call this behavior “persistence”). These were not random modifica-
tions without thought—the students in the focus group elaborated
on their process and explained that getting to a correct solution by
randomly modifying their answers is close to impossible! We argue,
therefore, that witness feedback is the most appropriate feedback
for the types of assignments we target.

Figure 1: JFLAP with the DAVID extension “Submit” option.

2 LITERATURE REVIEW
Hattie and Timperley [19] define feedback as “information provided
by an agent (e.g., teacher, peer, book, parent, experience) regarding
aspects of one’s performance or understanding.” In this work, we
study intermediate feedback, a type of formative feedback [28].

Automata Tutor (AT) [15] is an alternative feedback tool for
computing theory, developed in parallel with our tool. In Fall 2019,
version 2 of the AT performed equivalence checking of regular lan-
guages, including witness feedback, but not CFG and PDA equiva-
lence checking [1, 12]. In mid-2020 a significantly expanded version
3 was released [11] that added context-free languages (and other
features unrelated to our work). For model construction assign-
ments, the AT’s feedback includes more expansive hints to the
student and automated grading, providing a numerical score for the

current submission. In contrast, and by design, the DAVID exten-
sion feedback is succinct, avoiding over-guiding the students, and
this type of feedback is the context for our educational research.

Another interesting feedback tool for CS theory is the very re-
cent work of Mohammed, Shaffer, and Rodger [22], an e-textbook
with simulations and auto-graded exercises. The aim of this excel-
lent work is also different than ours: It is a full-fledged e-textbook,
where the auto-graded exercises are a part of the work but not the
main focus. The automated feedback is done via a set of test strings,
analogous to unit tests in software development (for their use in
introductory computing see, for example, [6, 29, 34]). In particular,
the student’s submission is checked against a (relatively small) set
of input strings, and for each of these strings the system verifies
whether it is accepted correctly by the student’s submission. An in-
teresting feature of the system (unlike in traditional programming
unit testing) is that the set of test strings is randomly generated
with each submission. However, it might be that a student’s sub-
mission is missing a special case, which is unlikely to be randomly
generated, so the unit-testing approach might proclaim an incorrect
submission as correct. In contrast, our approach will find the special
case input on which the submission fails.

Lastly, we consider work related to the DAVID extension im-
plementation. Our feedback server needs to decide equivalence
between the student’s submission and the instructor’s answer. For
regular languages, DFA equivalence can be determined in near-
linear time [18, 20], which Norton [23] implemented in JFLAP-
compatible code, producing a witness string if the two DFAs are
not equivalent. Since CFG equivalence is an undecidable problem,
Sorrell used CFGAnalyzer [2] to experimentally show that checking
all strings up to length 𝑘 = 10 suffices for typical homework assign-
ments. Sorrell’s work included integrating the PicoSAT solver [3]
into CFGAnalyzer; this work is the CFGSolver software [31] used
by the DAVID extension. To be conservative, our extension checks
all strings up to length 𝑘 = 15.

3 RESEARCH DESIGN AND METHODOLOGY
Our research is a mixed-methodology [14, 21, 32] study of the
DAVID extension to investigate students’ perceptions, behavior,
and performance when using the tool to solve introductory CS
theory homework problems. In addition to this student-centered
focus, we aim to understand the instructor benefit when the DAVID
extension is part of CS theory homework. Our project team consists
of researchers with doctorates in the fields of CS theory as well as
STEM education research (with focus on STEM in higher education).

Course setting. In our research context, amid-sized, technology-
focused university, several sections of the Introduction to Computer
Science Theory course are offered each term and are taught by differ-
ent instructors, where each instructor assigns their own homework
sets. The sections are capped at 40 students. In Fall 2019, two of
those sections were selected for our research because they had the
same instructor and were of similar size, around 37 students each.

The instructor agreed to require Section 1 to use the DAVID
extension on 5 homework questions (of 55 total), that target the
students’ understanding of fundamental computational models, the
grasp of which is necessary in order to move to more sophisticated
course topics. Students in Section 2 had the option of solving the



questions on paper or using JFLAP, which is the standard practice
for that instructor. Sections 1 and 2 shared the same course delivery
style, homework assignments, had similar midterm exams, identical
final exams, similar size and demographic profile. A third section in
Spring 2021, with a different instructor, also required students to use
DAVID when solving relevant homework questions. While Section
1 (DAVID req) and Section 2 (JFLAP opt) were typical offerings of
the course, Section 3 (DAVID req-Honors) was a smaller honors
section of 12 students, providing an opportunity to gain additional
insights about students’ use and thoughts of the tool. All three
sections followed their usual course delivery style and therefore
had minimal time dedicated to introducing the tools, DAVID for
Sections 1 and 3, and JFLAP for Section 2. Both instructors are very
experienced and have taught this course for many years.

Data collection. We collected data from students in all three
sections. Data sources for Sections 1 and 2, in Fall 2019, included
student homework submissions, homework grades, course grades
and student survey responses. Both sections were surveyed twice,
once after the first three targeted homework questions, and again
after the last two targeted homework questions. Both sections pro-
vided demographic information and their perceptions about their
self-perceived computer science and math abilities. Additionally,
Section 1 (DAVID req) was surveyed about their perceptions of
the DAVID extension, their experiences with the extension, their
thoughts on automated feedback in general and whether they used
any other tools. Section 2 (JFLAP opt) was surveyed about whether
they used any tool to complete the homeworks and their percep-
tions of that tool, if one was used.

Both sections were graded using the same homework rubrics
and by the same experienced grader. Since the extension provides
feedback about the correctness of the submission (whether it cor-
responds to the desired language or not) but it does not assign
a numerical grade, the questions targeted by the DAVID exten-
sion were graded manually. It is of note that when the instructor
imposed additional requirements on the submission, for example,
“your NFA should not be overly complicated,” despite the DAVID
extension judging a submission as correct, the grader could have
subtracted credit for this unnecessary complexity (“insufficient
nondeterminism”).

In addition to the survey responses from students in Section
1 and Section 2, in Spring 2020 students in Section 3, the honors
section, who used DAVID for 6 of their 39 homework questions and
3 additional practice problems, participated in an in-depth focus
group (because of the smaller class size) to explore their experi-
ences with the DAVID extension. This 50-minute focus group was
conducted by our STEM education researcher and not by the course
instructor. The focus group data provided rich descriptions of stu-
dent experiences that are often not possible to collect with a survey
instrument, however the focus group prompts were derived from
the survey questions distributed to Section 1. The focus group for-
mat allowed for follow-up questions and deeper discussion on the
topics, as well as the opportunity for the students to volunteer infor-
mation not directly related to the prompts. Consequently, the focus
group provided important student data about persistence, partial
credit, and motivation to resubmit, using the DAVID extension.

We also monitored how the students in Sections 1 and 3 used the
DAVID extension in terms of number of unique re-submissions and

the trajectory of the changes to their re-submissions. Lastly, to de-
termine benefit to the instructor, we interviewed the instructor for
Section 1 and Section 2, and the instructor for Section 3 about their
perspectives on the efficacy and impact of the DAVID extension. It
should be noted that all participants in this study gave informed
consent to have their data included in the research, and with the
expectation of anonymity and confidentiality.

Data analysis. The quantitative data (Likert-type survey re-
sponses on a 5 point scale), student grades, and homework sub-
missions) were analyzed using SPSS statistical software to report
summary descriptive analyses as well as any statistically signifi-
cant relationships among the data. The qualitative data (student
open-ended survey comments, student focus group transcript and
instructor interview transcripts) were analyzed using a modified
grounded-theory approach [9, 16] to data analysis.

Homework questions. In Fall 2019 the DAVID extension was
used for one homework question on each of the following compu-
tation models: DFA, NFA, RegEx, CFG, and PDA (to minimize the
burden on the volunteer instructor). In Spring 2021 the homework
questions also targeted these computational models and, along with
additional practice questions, were included in the DAVID exten-
sion. For illustrative purposes we are including the statements of
the DFA and CFG questions from Fall 2019:

(1) DFA. Draw the state diagram of a finite automaton that ac-
cepts the language of all strings over {𝑎, 𝑏} that contain at
least 2𝑏’s and do not contain the substring𝑏𝑏. In other words,
a string is accepted only if both conditions hold. Your finite
automaton should not be overly complicated.

(2) CFG. Give a CFG that generates the language of all strings
over {0, 1} that have more consecutive 0’s at the beginning
of the string than consecutive 1’s at the end of the string.
(For example, the following strings are all in the language: {0,
001, 00001010101010111, 0111111110}. The following strings
are all not in the language: {𝜖 , 01, 10, 0011, 0010000000111}.)

As seen from these examples, the level of difficulty of the home-
work questions in our research study was relatively high, since
challenging questions provide an opportunity to provide feedback
to the students on their understanding of the topic [5, 17, 33]. Such
questions are tricky, not only for the students to solve, but also for
an instructor to verify whether a given submission is correct. As
such, we believe that more difficult questions are the best context
in which to evaluate the usefulness of an automated feedback tool.

4 RESULTS
In total, 77 students voluntarily participated: 31 of 38 students in
Section 1, 36 of 37 in Section 2 and 12 of 13 students in Section 3.

4.1 RQ1: Student perceptions and behavior
The students in Section 1 (DAVID req) were surveyed about their
agreement with the following statements using a 5-point Likert
scale ranging from Strongly disagree to Strongly agree:

S1 The DAVID extension helped me solve the homework ques-
tion for {DFA, NFA, RegEx, CFG, PDA}.

S2 The DAVID extension helped me understand {DFAs, NFAs,
RegExs, CFGs, PDAs}.



Table 1: Section 1 survey responses for S1 and S2 across all
five computational models. (S)A: (Strongly) Agree, N: Neu-
tral, (S)D: (Strongly) Disagree.

S1: Solve homework S2: Understand concept
(S)A N (S)D (S)A N (S)D

DFA 54.9% 19.4% 25.7% 41.9% 29.0% 29.1%
NFA 51.6% 22.6% 25.8% 45.2% 25.8% 29.0%
RegEx 60.7% 21.4% 17.9% 46.4% 32.1% 21.5%
CFG 39.3% 42.9% 17.8% 42.8% 35.7% 21.5%
PDA 42.9% 39.3% 17.8% 39.3% 42.9% 17.8%

We report the survey response percentages in Table 1. For space
reasons we combined the two positive responses into one group
and we did the same for the two negative responses. The raw
(anonymized) data and the detailed data analysis outputs for these
as well as other responses are available upon request.

Overall, positive responses significantly outweigh the negative
responses, indicating that the students found the DAVID extension
helpful both for solving the homework questions as well as for
understanding the computational models. For S1 there were at least
twice as many students who agreed that DAVID helped them to
solve the questions than those who disagreed, and this held for all
computational models (for regular expressions this contrast was
more than threefold). Following a similar trend, most students from
the focus group agreed that the DAVID extension helped them solve
the homework questions, e.g. “That’s a really good way to facilitate
the process of figuring out the problem step by step. It’s confirming
you already know but it gives you more practice with figuring out
how to come to a complete solution from a partial solution. Most
of the time, you won’t necessarily have a complete solution at the
very start, especially with a difficult problem. The DAVID extension
helps you get to the final point and practice those important skills.”
(SP2021-FG, Student 07).

For S2, the ratio of agreeing and disagreeing students is about
two for each of the models, and overall about 40% of students felt
that the extension helped them to understand each of the concepts.
We find this very encouraging, since many of these students might
be those who need extra help with understanding the material.
The percentage of students who disagreed with either S1 or S2
decreased as the complexity of the computational model increased,
while the students who felt neutral increased. In response to S2,
the majority of students from the focus group agreed that using
the DAVID extension helped them understand the concepts better,
e.g., “Being able to see you’re wrong and if you spend time and
work to fix that you better understand your problems and you can
learn.” (SP2021-FG, Student 02). When asked if future course offer-
ings should use the DAVID extension, 67% of students in Section 1
agreed or strongly agreed that it should be used and some provided
open-ended comments supporting this preference, “[The] DAVID
extension is a very helpful tool. It helped me understand DFA[s]
and NFA[s] better.” (FA2019 Survey1, Student 21). Students from
the Section 3 focus group also agreed with this sentiment.

In addition, we saw high engagement with the extension: on
average, students submitted 9 times per homework question. Also,

Table 2: Persistence percentages for Section 1.

DFA NFA RegEx CFG PDA
92.0% 66.7% 76.9% 77.3% 88.0%

a high percentage of students, as shown in Table 2, persisted with
their solution attempts until the extension reported “Correct.”

We discussed the phenomenon of persistence we observed both
as a research team and with our external advisory board. These
discussions led us to consider the following scenarios for the usage
of the DAVID extension: either allow students to resubmit as many
times as they wish, or limit the number of submissions; either pro-
vide just correct/incorrect feedback with a witness string, or also in-
clude a numerical partial credit grade. Subsequently, on the second
survey we also asked the Section 1 students about their opinions on
resubmission, partial credit, and correct/incorrect feedback. They
indicated, on a 5-point Likert scale, their agreement/disagreement
with the following statements:

S3 The DAVID extension should allow users to resubmit until
correct.

S4 Assignments submitted via the DAVID extension should be
graded to allow partial credit.

S5 Assignments submitted via the DAVID extension should be
graded as correct/incorrect (i.e., without partial credit).

Students overwhelmingly agreed (> 95%) that the DAVID ex-
tension should allow users to resubmit until correct, and they also
agreed (71.4%) that assignments should be graded to allow partial
credit, but they disagreed (60.6%) that assignments should be graded
as strictly correct or incorrect. They felt substantially stronger about
the option to resubmit than about partial credit. We also asked the
focus group from Section 3 for their input about resubmission and
partial credit. These students overwhelmingly supported resubmis-
sion but not partial credit, “But here I think [feedback] helps to
understand where you need to study something more and develop
more skills without necessarily being immediately penalized the
first time you’re wrong, or something. . .The feedback server is
really important for that.” (SP2021-FG, Student 04).

4.2 RQ2: Student performance
For RQ2, What is the effect of using the feedback tool on students’
performance when solving homework questions?, we compared the
differences between Section 1 (DAVID req) and Section 2 (JFLAP
opt) homework grades, see Figure 2.

Figure 2: Homework grade average and standard deviation
for the five targeted homework questions for Sects. 1 and 2.
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Figure 3: Percentage of students who earned a perfect grade
on the five targeted questions for Sections 1 and 2.

Section 3, a small honors class, was not comparable to the larger
Sections 1 and 2; subsequently, Section 3 grades were not included
in the statistical analysis. Statistical analysis of Sections 1 and 2’s
homework grades was conducted using ANOVA with a threshold
of 𝑝 < 0.050. On three of the five targeted homework questions,
Section 1’s higher assignment score was statistically significant:
on the DFA (𝑝 = 0.001), RegEx (𝑝 = 0.030), and PDA (𝑝 < 0.001)
questions. For the other two targeted homework questions, NFA
and CFG, there was no statistically significant difference between
the sections. One could expect the section that received immediate,
minimal feedback about the correctness of their submissions, and
had the option to resubmit, to score higher. However, we have in-
dications that Section 1 (DAVID req) , even though it was a large
∼40 student section, was academically less proficient than Section 2
(JFLAP opt) , also a large ∼40 student section. We find it noteworthy
that the academically weaker section still scored higher, with statis-
tical significance, for three of the models, and it is encouraging that
there was no statistically significant difference between Section 1
and Section 2 scores on the NFA and CFG homework questions.
We also note that Section 1 strongly outperformed Section 2 with
respect to the percent of perfect homework grades for the targeted
homework questions, see Figure 3.1

4.3 RQ3: Instructor benefit
Recall that the focus of our work is on developing a homework
feedback server for students, and our work is not about automatic
grading; we discuss this choice further, putting it in perspective
with student perceptions from Section 4.1 as well as with instructor
feedback, in Section 6. Nevertheless, we did collect data from in-
structors to determine their perceptions of instructor benefit. Both
instructors agreed that getting the feedback of the DAVID exten-
sion on the student submissions allows the instructor to first check
whether the DAVID extension deems the submission as correct
(it accepts the correct language). In other words, the instructor
has the option of automatically triaging the submissions into cor-
rect/incorrect language—we refer to this benefit as grading triage.

Grading of correct submissions is much faster and easier (even if
one still needs to check for additional constraints such as “sufficient
nondeterminism”) than grading of incorrect submissions. Manual
verification of a correct solution can be complicated for models
such as regular expressions and CFGs; our instructors expressed

1The Section 1 NFA percentage is low compared to the other questions because the
NFA submissions through the DAVID extension (at the time) were not checked for
“sufficient” nondeterminism. This means that submissions that received feedback as
“correct” (i.e., the submission was an NFA that accepted the correct language) did not
necessarily earn a perfect grade when manually graded by an experienced instructor.

appreciation that the DAVID extension checked the correctness
of students’ submissions for these questions. (The CFG question,
which was especially challenging, had by far the most number of
submissions to the DAVID extension.) And for incorrect submis-
sions, the witness string feedback is a valuable resource to help
an instructor see the error in the submission. Table 2 shows that
an overwhelming percentage of submissions are correct and thus
triaged into the “easy-to-grade” pile (see also Figure 3 for contrast
when DAVID is not used). A student in the focus group even re-
marked that they thought the DAVID extension “[makes] it easier
for the instructor to grade” (SP2021-FG, Student 02).

5 LIMITATIONS AND THREATS TO VALIDITY
After student registration in Fall 2019, we randomly chose one
section to require the use of the DAVID extension (Section 1) and
the other section to not use it (Section 2), but with the option
to use JFLAP. The sections were scheduled back to back and at
times generally favored by students (not very early or late in the
day). However, we have reason to believe that, despite our best
efforts, considerations beyond our control might have influenced
the composition of these two sections. For example, if there is an
advanced math course that coincides with one of the sections, all
the interested students will navigate to the other section, potentially
making Section 1 and Section 2 of unequal academic strength. As for
Section 3 (Spring 2021), because it was a dedicated honors theory
course with typically higher student performance, we omitted these
grades from the statistical analysis.

The course instructors kindly agreed to let us conduct our re-
search in their course sections with already packed course content.
For Fall 2019, we planned to use the overall degree GPAs as well as
the exam and course scores as proxies to measure the relative aca-
demic strength of the two sections. However, our IRB (Institutional
Review Board) unexpectedly did not allow us to report the average
student GPA in each section, leaving us to compare Section 1 and
Section 2 only by their exam and course scores, the instructor’s
perceptions, and the students’ self-reported perceptions.

The final exam was identical for both sections, and for the final
exam grade, the Section 2 (JFLAP opt) mean was 79.8% (SD =
17.0%) for 35 students who consented to participate in the study,
and Section 1 (DAVID req) mean was 70.3% (SD = 12.9%) for 29
students who consented to participate in the study. This difference
was statistically significant (𝑝 = 0.014) and therefore is not likely
due to chance. For the overall course grade, Section 2 performed
better than Section 1 with respective means of 84.9% (SD = 9.9%) and
78.0% (SD = 11.0%), which was statistically significant (𝑝 = 0.011).
With only about 10% of homework questions targeted by DAVID,
we did not expect to see measurable impact on the students’ exam
or course scores. Therefore, while not ideal, we believe exam and
course grades are good metrics to indicate the relative academic
strength of the sections. Additionally, during the interview, the
course instructor said, “I do think it’s probably correct that just
kind of as an average performance, Section 2 was a little sharper
[than Section 1].”

Curiously, when Sections 1 and 2 students were surveyed for
their self-perceptions in terms of their enjoyment of the course,
their struggle in the course, and their struggle in CS and math



courses, there were no statistically significant differences between
the two sections. Students responded with their agreement, or
disagreement to these statements using the same Likert scale as
before: 1, strongly disagree to 5, strongly agree. When asked to
respond to the statement ‘I enjoy the content of this course’, the
means for Section 1 and Section 2 were 4.18 and 4.00 respectively,
both firmly in the ‘agree’ rating. For the statement ‘I am struggling
in this course’ the means were 2.82 and 2.79, approaching neutral;
for ‘I typically struggle with CS courses’ the means were 2.14 and
2.24, closer to disagree; for ‘I typically struggle with mathematics in
my courses’ the means were 2.29 for both sections. As such, these
self-reported perceptions did not help much in confirming that the
sections were of different relative academic strength.

6 DISCUSSION AND CONCLUSIONS
We have seen high engagement (RQ1) of the students with our
automated feedback tool, with positive perceptions (RQ1) and in-
creased performance (RQ2), and we have also documented benefits
to the instructor (RQ3). The goal of our tool is to provide the most
useful feedback to the students to help them to learn the material.
There are many types of feedback, from a simple correct/incorrect
to step-by-step instruction on how to solve a problem. Another type
of feedback, in contrast, is a partial credit grade—a single score that
determines how far from correct the submission is. We believe that
our choice of feedback, a witness string, is the most appropriate
feedback to provide in our context.

The case for witness feedback. In educational literature, a
minimal reasonable feedback, also called minimal intervention, has
been found to promote better learning than more detailed feedback
[35]. This type of feedback convincingly shows that the submission
is wrong, but the feedback does not give any hints for fixing the
submission. Creighton et al. say, “If feedback attempts to provide
too much guidance, there is nothing left for the student to do or
learn” [10]. Similar ideas are also in [13, 24].

Witness feedback satisfies these criteria, and is therefore the
minimal reasonable feedback for our setting. This type of feedback
mimics the feedback that an instructor or a tutor would give to a
student seeking help by providing a short witness string showing
where the student’s attempt is incorrect, but not leading the student
to the correct solution. We see this idea reflected in the statements
from the Section 3 students during the focus group. When asked
how they used the DAVID extension and the role the feedback had
in their learning, they shared that they used the feedback from the
server to help them regroup and rethink their approach to solving
the problem, “Being able to see you’re wrong and if you spend time
and work to fix that, you better understand your problems and you
can learn." (SP2021-FG, Student 10).

With witness feedback and unlimited resubmissions, we saw
students’ high engagement and persistence. One critique of allow-
ing students to submit as many times as they like is that students
may try to random walk to a correct solution. Because the witness
does not give information about how to change the submission, the
potential of randomly converging on the correct solution is highly
unlikely. We asked the focus group about whether the DAVID exten-
sion, and the witness string feedback they received, could help them
random walk to the solution. They overwhelmingly agreed that the

feedback from the DAVID extension would not allow students to
random walk to the solution, “I would be really shocked if I were
to like use the resubmissions randomly guessing or fixing edge
cases repeatedly to get a right answer and if it was right and not
understanding – if I get a right answer it’s because it made sense
and I understood it." (SP2021-FG, Student 03) and “I think a good
way to put it would be if you really didn’t know what you were
doing, there would not be a way to guess and get the right answer.
You do have to have the foundation. But there’s all sorts of different
approaches." (SP2021-FG, Student 07). However, when giving more
detailed feedback, encouraging random walks to a solution can be
an issue. There is also a real risk of over-helping and leading the
student to the solution step-by-step in such a way that the student
contributes very little (even though the student may not realize
this). Finally, more detailed feedback may encourage students to
make local fixes that create more and more bloated submissions.

The case against partial credit. If students are chasing points,
then they may be randomly trying to converge on the wrong thing
(more points) rather than the right thing (the correct language). Cain
and Babar [7] paraphrase Skinner [30], saying, “Attaching marks
to an assessment task means that, from the student’s perspective,
the task will play a summative role and feedback is not seen as
formative.” They continue, “Interestingly, it has been reported that
students pay more careful attention to feedback when there are no
associated marks [4] or put another way ‘marks’ reduced student
attention to formative feedback.” We saw this idea in the Section 3
focus group when we asked students if they would prefer that the
DAVID extension assigned a partial credit grade or score to their
submission. The consensus was that adding a grade would lead
students away from learning and towards being points-driven, "It
[partial credit] just really opens it up to game the system.” (SP2021-
FG, Student 11). Witness feedback, as opposed to partial credit,
might support competency/mastery-based grading and should be
further investigated.

Conclusions.With our approach of minimal reasonable feed-
back, students have an unlimited number of retries with immediate
witness feedback, and can also seek help from the instructor or
tutors. We did ask the focus group how often they resubmitted and
why. Their answer was encouraging. They, as a group, asserted
that they resubmitted until they received feedback from the server
that their submission was correct. When asked what drove them
to resubmit, they shared that it was their not knowing how close
they were to the correct answer as well as the motivation to be cor-
rect that fueled their persistence, “The feedback tells you if you’re
right or wrong. It’s pretty binary. The motivation exists to be right."
(SP2021-FG, Student 01). We saw evidence of this same persistence
in Section 1 with the number of students who earned perfect scores
on the homework questions, see Figure 3. And, we know from the
focus group reflections that their correctness is likely not due to
random walks to the solution, but to a scenario in which they must
work out the solution with the minimal feedback they received and
their own understandings of the concepts.
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