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Sentiment Analysis with BERTopic of Large Open-Source Software
Repositories for Bug Destiny Prediction
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amoin@uccs.edu

Abstract
This paper aims to find a novel way to pre-
dict bug time to resolution instead of time to
fix with features reported before the bug is re-
solved with a dataset from a Bugzilla Eclipse
Project. We conduct sentiment analysis to find
an emotionality score and an emotion (positive
or negative). We utilize these, the bug’s prior-
ity, and the bug reports topic from a BERTopic
model as features for a Convolutional Neu-
ral Network (CNN) and a Multilayer Percep-
tron (MLP). Using BERTopic with sentiment
analysis provides a better prediction than with-
out BERTopic. With sentiment analysis and
BERTopic, our CNN model gets an F1 score
of 0.65 and an accuracy of 0.74.

1 Introduction

Large open-source projects offer an issue tracking
system or open bug repository, where developers
and users can report the software defects they find
or any new feature requests they may have. These
reports are called bug reports. We focused on the
natural language data available in descriptions of
bug reports and the priority of bug reports. The
priority of a bug report is the assigned importance
of a bug from the developers. For example, the
eclipse bug project has five levels, P1-P5. P1 indi-
cated the bug was very severe, and P5 meant that
the bug was not severe at all. An example of a P1
bug is if the software crashes and users cannot use
it.

Moreover, developers often use revision control
systems (version control systems or source code
repositories), such as Git. They usually write a
commit log or commit message to commit code
to these repositories. These logs or messages also
included valuable natural language data. In some
cases, they also include the unique identifier (ID)
of the bug report to which this specific change in
the code base is related. For instance, if they man-
aged to resolve an issue, they typically include the
bug ID in their commit log.

We applied recent advances in Natural Lan-
guage Processing (NLP) to analyze the sentiments
of the above-mentioned natural language text (i.e.,
bug reports and commit logs) and explore possible
correlations between the detected sentiments and
the bug reports and how much time it took to fix
the bugs, i.e., time-to-fix. We also looked at time-
to-resolution. The difference between these is that
time-to-resolution referred to the time until a con-
clusion of a bug is reached, which included labels
such as won’t-fix, invalid, works-for-me, duplicate,
Not Eclipse, and nduplicate. In contrast, time-
to-fix only applies to bugs that have been fixed.
We proposed that predicting time-to-resolution of
a bug is more useful in practice because we do not
know if a reported bug will be fixed. Therefore,
to make our analysis more practical, we focused
on time-to-resolution and did not exclude the bugs
that are not fixed. We discuss this further in the 3
section.

Also explained in Section 3, prior works in the
literature have applied Natural Language Process-
ing (NLP) to software repositories. This often falls
under the broad topic of Mining Software Reposi-
tories (MSR). For instance, AI-based approaches
have addressed the bug triage problem. Exam-
ples include using Machine Learning (ML) (An-
vik et al., 2006) (including graph learning (Jeong
et al., 2009)) and Information Retrieval (IR) (Sun
et al., 2011) to (semi-)automate bug triage. Bug
triage is finding invalid and duplicate bug reports
and assigning the valid and unique ones to the de-
velopers working on the project so they can fix
and resolve them. In large open-source projects,
a group of developers called triagers are typically
responsible for the bug triage task.

By predicting the time-to-resolution for bug re-
ports, we can enable triagers to assign bugs that are
prone to be time-consuming to developers with a
higher rate of availability or who are known to be
committed to the project for a more extended pe-
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riod. This can reduce the likelihood of bug tossing
(i.e., reassignment of bug reports to other develop-
ers), which is costly for the project.

In this paper, we proposed a novel approach to
automated bug destiny prediction using sentiment
analysis and BERTopic from natural language text
available in software bug and code repositories.
We aimed to predict how long developers would
take to resolve a bug. Sentiment analysis has al-
ready been applied to bug repositories. For in-
stance, Umer et al. (Umer et al., 2018) analyzed
emotions in bug reports to predict the priority level
of the report. We also analyze the emotional sen-
timents in the descriptions in bug reports. How-
ever, we do this to predict the bug report’s time-
to-resolution (we call them the bug destiny).

This paper’s contribution is twofold: First, it
proposed and implemented a novel approach to
automated bug report destiny prediction. This ap-
proach is validated by our experimental results us-
ing available data from open reference datasets
deployed in related work in the literature. Sec-
ond, it provides an open-source prototype that en-
ables other open-source projects using similar is-
sue tracking and revision control systems to use
the proposed approach, thus benefiting from ef-
fective and efficient automated bug report destiny
prediction.

This paper is structured as follows: Section
2 provides some background information about
open bug repositories and NLP. Further, we re-
view the literature in Section 3. In Section 4, we
propose our novel approach and report on our ex-
perimental results in Section 5. Moreover, Sec-
tion 6 discusses the results and points out poten-
tial threats to validity. Finally, we conclude and
suggest future work in Section 7.

2 Background

2.1 Open Bug Repositories

These repositories are open to users, and they con-
tain reports about software issues or enhancements
and track the progress (Anvik et al., 2005). These
bugs can include wanted enhancements or issues
with the software. We use these open bug reposi-
tories to analyze bug reports’ destinies, including
eventual status and time to resolution. As seen in
Figure 1, the destiny of bugs will be entered where
the status is and will change from new to fixed,
won’t-fix, invalid, or works-for-me. Predicting the
eventual status of a bug to help semi-automate

the triage of bugs will save developers time and
money because they will not be tasked to fix a bug
that is predicted not to be fixable. Examples of
bugs without fixed outcomes are duplicate bugs or
user errors.

Figure 1: Sample Bug Report

2.2 Natural Language Processing

Software development projects often include open
bug repositories. Natural Language Processing
(NLP) is a part of computer science that works to
help computers better understand human written
or spoken language(Patten and Jacobs, 1994). We
used natural language processing techniques to an-
alyze the bug reports. Before we inputted the bug
reports into a neural network, we needed to pre-
process the reports. As shown in Figure 2, before
we can analyze the text, we have to process it. This
included tokenization, fixing spelling, removing
stop words, and stemming. We used the package
NLTK to do this (Loper and Bird, 2002). In our
tokenization step, we separated the words in the
reports to make each word a token and lowercase.
We removed stop words, which are words that are
often used but do not add value to sentences, such
as ”the,” ”I,” or ”on.” This allowed us only to ana-
lyze the words that were added to the report. Stem-
ming of the tokens involves changing words to the
core part to include more words from a sentiment
analysis dictionary. An example of stemming is
changing ”advancement” to ”advance” (Singh and
Gupta, 2017). After preprocessing bug reports, we
used sentiment analysis and the SentiWordNet lex-
icon (Baccianella et al., 2010). This dictionary
assigned the words it had matches for a positive,
negative, and objective (neutral) score.

2.3 BERTopic

BERTopic (Grootendorst, 2022) is an advanced
topic modeling technique that uses Bidirec-
tional Encoder Representations from Transform-
ers (BERT) to generate topics from textual data
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and bug report descriptions. First, we had to pre-
train it on a training set so that it could create em-
beddings that attempt to capture the meaning of
the text. It then groups bugs that have similar em-
beddings and generates topics.

3 Related Work

3.1 Sentiment Analysis in Bug Reports

Ramay et al. (Ramay et al., 2019) used sentiment
analysis to predict whether a bug was severe or
not severe by using the Senti4SD lexicon and a
Convolutional Neural Network (CNN). Found that
neural networks with sentiment analysis outper-
formed the leading machine learning algorithms
Multinomial Naı̈ve Bayes (MNB) and Random
Forest (RF).

Baarah et al. 2021 (Baarah et al., 2021) used
sentiment analysis and found that Multilayer Per-
ceptron (MLP) predicts severity better than the
lexicon-based neural network. F-Score of 0.81
compared to 0.52. For their sentiment analysis,
they took the difference between a report’s posi-
tive and negative score of a report. If the difference
was positive, it was labeled a positive report. If the
difference is negative, they labeled it a negative re-
port before testing the neural network’s success in
predicting severity.

Umer et al. (Umer et al., 2020) used a Convo-
lutional Neural Network (CNN) to prioritize bugs
after calculating the sum of positive and negative
emotion scores to get a total emotionality score.
They inputted that sum and the feature vectors of
each bug report into a CNN and got an F-Score of
0.6364.

We used these three sources as ideas for con-
ducting sentiment analysis on bug reports because
they had been proven successful in predicting
other aspects of bug reports, such as priority and
severity. We took inspiration to use a CNN model
and an MLP model (Umer et al., 2020) (Baarah
et al., 2021).

3.2 Time-to-Fix

Because there are so many ways to categorize time
to fix as either numerical or categorical, compar-
ing metrics across different prediction techniques
was very hard. Another challenge was that differ-
ent platforms for bug reports included unique in-
formation about each report. In this section, we
will first discuss the papers with the highest F1
scores when predicting the time to fix, and then

we will discuss the papers that work with similar
datasets and use similar metrics for short and long.

Habayeb et al. (Habayeb et al., 2018) used a
Hidden Markov Model (HMM) and found promis-
ing results when looking at a Firefox project and
used the temporal dataset of activities that oc-
curred during the life cycle of a bug.

Ardimimento in 2024 (Ardimento, 2024) had
successful results using Long Short Term Mem-
ory (LSTM) to predict the time to fix. They only
looked at bugs that had been fixed. The dataset
they used was an Eclipse project, and both exam-
ined the chronological order in which bug reports
are fixed using temporal sequences. However, our
dataset does not include the activities or steps to
fix a bug. So, our project is more inclusive of those
bug reports that still need to be completed and can
better be applied to bug reports as they come in.

Ardimento in 2020 (Ardimento and Mele, 2020)
successfully used Bert to predict bug fixing time.
This model also only looked at bug reports that
were eventually labeled fixed. They labeled the
longest 50% of bugs as long and the rest as short.

Marks et al. (Marks et al., 2011) looked at an
Eclipse project similar to ours and used informa-
tion about the bug report that can be found before
it gets fixed, such as reporter, location (compo-
nent), and description. They used a random forest
classifier and got an accuracy of 0.65.

Ardimento in 2017 (Ardimento and Dinapoli,
2017) used knowledge extraction and looked at
data sets from LiveCode, Novell, and OpenOffice
to predict the time to fix. They split up the data
75% of bugs labeled as fast and 25% labeled as
slow. This was similar to splitting our data into
slow and fast categories. They used features that
can be created or found before the bug is fixed,
such as description, comments from the developer,
priority, severity, and more. They got the best
results using the LiveCode dataset with an accu-
racy of 0.52, a recall rate of 0.62, and a precision
of 0.22. Even though this is a different dataset,
we will compare our results with these results be-
cause they use features provided early in the triag-
ing process.

Panjer (Panjer, 2007) examined the time-to-
resolve all bugs instead of the time-to-fix. They
used data mining techniques to get an accuracy of
0.34.

These two sources had similar information in
their data sets as we had in ours, so we found com-
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paring our work to theirs to be the closest compar-
ison.

3.3 Time-to-Resolution

This paper focused on correctly using the term
time-to-fix for bug reports and how that is com-
pared to time-to-resolution. Time-to-fix is strictly
for bugs that have been fixed and predicting how
long those will take to fix. Time-to-resolution
is more practical and should be labeled as such.
Papers often (Ardimento and Mele, 2020) (Ardi-
mento and Dinapoli, 2017) use them interchange-
ably and talk about how they use Bert to pre-
dict bug resolution time, but in their proposed ap-
proach, they sort out only the bugs that say fixed as
a resolution. We suggest a more holistic approach
when referring to either or and being consistent
across papers.

4 Proposed Approach

We used an Eclipse Bugzilla dataset (LogPAI,
2013) with 85156 bugs with no developer com-
ments and only descriptions from a reporter. Be-
cause our dataset did not include time to resolu-
tion, the first thing we did was add duration labels.
To create a column for it, we subtracted the reso-
lution time from the day reported. To predict time
labels, we created a binary classification: long and
short. From there, we made a TimeLabel column
and labeled every bug report whose time was in
the lowest 70% Before we performed sentiment

Figure 2: Distribution of Time to Resolution

analysis, we needed to preprocess the report’s de-
scription, as shown in Figure 2. This includes to-
kenization, removing stop words, and stemming.
We used the package NLTK to do this (Loper and
Bird, 2002). Similar to Umer et al. (Umer et al.,
2020), we analyzed the sentiments and emotions
in the bug report’s descriptions.

Figure 3: Preprocessing of bug reports

After preprocessing bug reports, we used senti-
ment analysis and the SentiWordNet lexicon (Bac-
cianella et al., 2010). As far as we know, previ-
ous approaches do not look to predict a bug re-
port’s time-to-resolution or use sentiment analysis
to predict the time to fix (we call them the bug des-
tiny) by using sentiment analysis. Other bug report
triaging techniques that used sentiment analyses
to predict priority or severity included emotional-
ity as the sum of the assigned weights for positive
and negative words or the difference between pos-
itive and negative to categorically label them (pos-
itive and negative) before using a machine learn-
ing technique. We calculated these separately so
bug reports are labeled positive or negative and the
sum so we could see the proportion of negativity
in sentiment and positivity. This aimed to help the
neural network create a better prediction model.

After conducting the sentiment analysis, we
used a BERTopic model to predict topics for each
description. We trained the model on a training set
from the Eclipse bug repository to create 20 top-
ics. My model then uses this finetuned BERTopic
model (Grootendorst, 2022) to assign topics to
each bug report. Perceptron Model (MLP).

Unlike the time-to-fix prediction papers, we did
not sort out the bug reports labeled fixed in the res-
olution column. After completing all of these dif-
ferent features, we used them through two differ-
ent neural networks: Convolution Neural Network
(CNN) and MultiLayer Perceptron Model (MLP).
We compared how different models did with fea-
tures such as unique Emotion, Emotionality, Pri-
ority, and Predicted topic combinations. We mea-
sured these different models by using weighted re-
call scores, precision scores, F1 scores, and ac-
curacy. We used weighted scores for each metric
to account for differences in class distribution. A
high recall score means that the model correctly
identifies many positive instances.

Recalli =
True Positives (TP)i

True Positives (TP)i + False Negatives (FN)i

A high recall measure implies that the model cor-
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Figure 4: High Level Pipeline

rectly identifies the most positive instances.

Precisioni =
True Positives (TP)i

True Positives (TP)i + False Positives (FP)i

A high precision measure implies that if the model
guesses a positive instance, it will likely be one.

F1-Scorei = 2 · Precisioni · Recalli
Precisioni + Recalli

The F1 score is a combined metric of precision and
recall.

Weighted Recall =
N∑
i=1

Ti

T
· Recalli

Weighted Precision =

N∑
i=1

Ti

T
· Precisioni

Weighted F1-Score =
N∑
i=1

Ti

T
· F1-Scorei

Where Ti is the number of actual instances in class
i, and T is the total number of cases across all
classes.

Accuracy is the number of bug reports the
model labels correctly as short or long.

5 Experimental Results

5.1 Predicting Time Label
After the preprocessing stages and creating the
topics, we used an MLP model to predict the Time

to Resolution. We did this by training a model on
Emotion, Emotionality, and Priority (developer-
assigned level of importance of a bug report). We
repeated this using a CNN model and four Epochs
to prevent overfitting of our model. We used these
two as baselines to find if using BERTopic to pre-
dict topics for bugs helps with sentiment analysis
of bug reports when predicting time to resolution.
Then, we repeated both steps except for adding a
feature for the predicted topic of the bug reports.
This succeeded in both the MLP and the CNN
models by improving the F1 score, recall, preci-
sion, and accuracy. All of these scores can be seen
in Table 1. This implies that using a BERTopic
with sentiment analysis can successfully predict
the time to resolution with an accuracy of 0.75.
We also looked into how our model would com-
pare to the related work by sorting out only the
bug reports with fixed resolution to find the pre-
dictions for time to fix instead of time to resolu-
tion. Our model worked better on time to fix than
time to resolution, but only by 0.01. Our model
succeeded when being more real-world applicable
for triaging bugs and can compare to many related
works for time to fix.

Table 1: Comparison between our Proposed Models

Model F1 Score Recall Precision Accuracy

MLP (Emotion,
Emotionality,
Priority)

.53 .51 .577 .51

CNN (Emotion,
Emotionality,
Priority)

.58 .70 .49 .70

MLP (Emotion,
Emotionality,
Priority, Pre-
dicted Topic)

.66 .73 .69 .73

CNN (Emotion,
Emotionality,
Priority, Pre-
dicted Topic)

.65 .74 .75 .74

CNN (Emotion,
Emotionality,
Priority, Pre-
dicted Topic)
for time to Fix

.66 .75 .75 .75

We also ran experiments using a Support Vector
Machine as a regression model to find if there was
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a relationship between emotionality and time-to-
resolution. We created a scatter plot of this data
to visualize it before running the machine learning
model, as seen in Figure 5. We found a R2=-0.23.

Figure 5: Scatter plot of Emotionality Score’s Relation-
ship with Time to Resolution

6 Discussion

Table 2 shows how our approach compares to pre-
vious methods that used information after the bug
was resolved. The three other approaches in this
table looked at how the variable length of steps
taken to fix a bug impacts the time to fix, and
this is not information included in our dataset of
eclipse bugs, which means that we had to come
up with a new way to predict them without that
information. We also looked at time-to-resolution
compared to time-to-fix, which is more applica-
ble for triaging bugs because we can not assume
that a bug will be fixed and how it was fixed. To

Table 2: Comparison of Model Performance Metrics

Model F1 Score Recall Precision Accuracy

HMM (Ardi-
mento, 2024)

0.70 0.69 0.69 0.71

DEEPLSTM
(Sepahvand
et al., 2020)

0.96 0.87 0.79 0.88

LSTM (Ardi-
mento, 2024)

0.97 0.88 0.79 0.87

CNN (Emotion,
Emotionality,
Priority, Pre-
dicted Topic)

0.65 0.74 0.75 0.74

the best of our knowledge, table 3 shows how our

work compares to the state-of-the-art approaches
for predicting bug-fixing time using information
from before the bug was fixed. All of these ap-

Table 3: Comparison of Model Performance Metrics
Using Features From Before a Bug is Resolved

Model F1 Score Recall Precision Accuracy

Data Mining
(Panjer, 2007)

– – – 0.34

Random For-
est(Marks et al.,
2011)

– – – 0.65

Knowledge
Extraction
(Ardimento and
Dinapoli, 2017)

– 0.62 .22 0.52

CNN (Emotion,
Emotionality,
Priority, Pre-
dicted Topic)

0.65 0.74 0.75 0.74

proaches except Panjer (Panjer, 2007) look specif-
ically at time-to-fix instead of resolution. Because
our model works even better for time-to-fix, we
achieved state-of-the-art results using BERTopic
and sentiment analysis.

6.1 Threats to Validity

It is hard to compare our results to other ap-
proaches because we used a different dataset that
did not include comments from developers. It
may be formatted differently and include more or
less information than our dataset. Because time-
to-fix does not have set labels, we put them in
binary classes, so knowing the exact time to fix
them, past short or long, is unknown. Also, the
metrics for labeling bug reports as long or short
are different from other work done on bug fix-
ing time. An assumption can also be made that
if our model achieves similar results when exam-
ining time to fix compared to time to resolution,
other approaches may, too.

7 Conclusion and Future Work

We have found a relationship between how emo-
tional a description report is and how long it
takes. Further work could include exploring if
using emotionality as an added feature in other
models can improve them, such as we did with
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BERTopic, and continuing to explore how senti-
ment analysis can help with time prediction. An-
other example of possible future work is looking at
whether emotionality’s effect on time to resolution
depends on whether a user or a developer reported
the bug. Overall, we successfully predicted bug
reports time-to-resolution using sentiment analy-
sis and BERTopic.
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Abstract

There are multiple automated approaches to
bug triage, though many have proven less ef-
fective than the manual alternative. These ap-
proaches are convenient for detecting duplicate
bugs and assigning bugs to various develop-
ers depending on their general problem area.
However, automated approaches tend to lack
the ability to categorize bug priority from bug
reports accurately. In this study, we approach
the prioritization dilemma through a novel ap-
proach to classify bugs into appropriate cate-
gories using a multi-faceted technique using
recent advancements in Natural Language Pro-
cessing (NLP). To this aim, we analyze the
natural language used within bug reports, us-
ing topic modeling and text classification to
prioritize bug reports properly.

1 Introduction

Large open-source projects offer an issue track-
ing system or open bug repository, where develop-
ers and users can report the software defects they
find or any new feature requests they may have.
These reports are called bug reports. However,
the projects’ resources are limited, while process-
ing and resolving the bug reports is typically very
costly. Hence, not all bug reports in the open bug
repository can be processed and handled at once.
Since some of them have a higher priority for the
project, developers should resolve these bugs first.

Bug triage is a crucial process that excludes in-
valid and duplicate bug reports and assigns valid
and unique ones to the developers working on the
project so they can fix and resolve pertinent is-
sues. Developers should give bug reports assigned
a higher priority level priority. In fact, part of the
bug triage process is the task of priority assessment
for each bug report based on the project’s specific
requirements and resources.

In large open-source projects, a group of devel-
opers called triagers are often responsible for the

bug triage task. Over the past decades, (semi-
)automated approaches based on various Artifi-
cial Intelligence (AI) methods and techniques have
been proposed to make the bug triage process more
effective and efficient. This way, the total project
costs will be reduced under automated approaches
since the triagers’ time will be saved and used more
reasonably. Moreover, a more effective and effi-
cient priority assessment for bug reports will help
developers always put their time and energy into
the most vital issues of the project.

In general, it is essential to distinguish between
severity and priority, although in some systems,
such as Android, they are used interchangeably
(Umer et al., 2018). Bug reporters (e.g., a user)
usually assign severity and describe the bug’s im-
pact on them. In contrast, priority is assigned by
the developers (e.g., bug triagers) and characterizes
the importance they place on fixing the bug. In
Bugzilla, a popular issue tracking system, P1 is the
highest priority, whereas P5 is the lowest (Eclipse
Foundation AISBL).

As explained in Section 3, prior works in the
literature have studied the bug triage problem and
proposed various AI-based approaches to address
it, such as approaches based on Machine Learning
(ML) (Anvik et al., 2006) (including graph learn-
ing (Jeong et al., 2009)) and Information Retrieval
(IR) (Sun et al., 2011). Most of them have used the
natural language textual data in the bug reports as
a crucial source of information. Hence, NLP plays
a vital role. Automated bug triage can be consid-
ered as a sub-field of Mining Software Repositories
(MSR).

This paper delivers a novel approach to auto-
mated priority assessment of bug reports in open
bug repositories. First, we create numerous topic
models and assign each report to one of them since
our approach is based on NLP. This step is based
on the work of Xia et al. (Xia et al., 2017). Sec-
ond, we train a text classifier for each topic, which
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can predict the priority level of a new bug report
that belongs to that topic. For the latter, we deploy
three different text classification tools to assess
which achieved the greatest performance, Gaus-
sian Naive Bayes, Multinomial Naive Bayes, and,
lastly, BERT (Bidirectional Encoder Representa-
tions from Transformers) which is based on the
work of Ali et al. (Ali et al., 2024).

This paper’s contributions are twofold: First, we
propose and implement a novel approach to au-
tomated bug report priority assessment, validated
by our experimental results using available data
from open reference datasets. Second, we pro-
vide an open-source prototype that enables other
open-source projects using similar issue-tracking
systems to use the proposed approach, thus benefit-
ing from effective and efficient automated priority
assessment.

This paper is structured as follows: Section 2
provides some background information about open
bug repositories and NLP. Further, we review the
literature in Section 3. In Section 4, we propose
our novel approach and report on our experimental
results in Section 5. Moreover, Section 6 discusses
the results and points out potential threats to valid-
ity. Finally, we conclude and suggest future work
in Section 7.

2 Background

2.1 Open Bug Repositories

Open bug repositories, such as Bugzilla, have
advantages and disadvantages because they are pub-
licly available. Since Bugzilla is open-source, it is
easy to report problems, have problems fixed due
to the number of developers available, find poten-
tial areas for enhancement, and engage in focused
conversations regarding archived issues about the
system of interest (Anvik et al., 2005). There are
pitfalls to open bug repositories concerning bug
duplication or proper assignment of bugs to de-
velopers. However, in many cases, the potential
benefits can outweigh the problematic aspects of
the repositories.

Bug reports are prioritized, specifically within
Bugzilla, on a P1 through P5 scale. Developers
consider P1 the most detrimental and impactful,
while P5 is the most manageable bug within a spe-
cific product and component. Along with the pri-
oritization level, each bug report includes some
essential elements, including the bug ID, bug title,
status, product, component, assignee, and problem

description.
As far as textual information within a bug re-

port is concerned, the bug title and description are
both textually free-form, whereas the product and
component are textually pre-defined fields within
the report. For example, Figure 1 represents a rela-
tively standard Bugzilla bug report.

Figure 1: One shortened example of a Bugzilla bug
report, Bug 232502 (Administration, 2012)

As demonstrated in Figure 1, the bug-id is a
unique identifier for this issue, and the reporter
generated the title. The status indicates whether the
problem has been solved, assigned, or another one
of several categories. The product and component
indicate the target of the report, the software, and
the specific area within the software that is of inter-
est. Bugzilla requires some basic information about
the problem to address the concern adequately.

Product and component are two areas of interest,
as they may hold greater significance than previ-
ously thought. The product is the general location
of the bug, while the component is the element
within the product that is leading to precise issues.
Many even compare the product’s component with
the bug as the root cause of the bug since bugs
are more likely to originate within newer compo-
nents rather than stabilized ones (Zhang and Chal-
lis, 2019).

2.2 Natural Language Processing
Natural language processing evolved from natu-

ral language understanding. NLP is an amalgama-
tion of computational procedures, including syn-
tactical, discourse, and semantic analysis, among
many other processes, which, in turn, lead to the
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examination of language by machines (Chowdhary,
2020). While it is possible to obtain analysis from
machines, the main downfall is that a machine still
underachieves compared to the level of analysis of
humans at this stage (Chowdhary, 2020).

When preprocessing, NLP can tremendously re-
duce the noise within a dataset, making it much
simpler for a machine to process efficiently (Ali
et al., 2024). Some standard preprocessing tech-
niques with natural language processing include
word tokenization, stop-word removal, and lemma-
tization (Tian et al., 2015; Umer et al., 2018; Xia
et al., 2017). Word tokenization extracts words as
tokens from a text with a delimiter for separation
between tokens (Tian et al., 2015). Stop-word re-
moval ensures that only the more important words
will be incorporated into the set of tokens, and
lemmatization processes these relevant tokens into
their baseline form (Umer et al., 2018). Our re-
search mainly focuses on work tokenization and
vectorization, where words are transformed into
vector representations.

3 Related Works

3.1 Topic Modeling

Blei et al. created Latent Dirichlet Allocation
(LDA), a three-tiered form Bayesian model used as
a generative probabilistic model for a specific set
of vocabulary (Blei et al., 2003). It is still used in
many forms of research today; however, most use it
as the baseline comparison to new state-of-the-art
topic modeling approaches.

Xia et al. improved bug triage techniques us-
ing a topic model referred to as the multi-feature
topic model (MTM) within their TopicMiner pro-
gram (Xia et al., 2017). MTM has a more complex
structure incorporating product and component ele-
ments of a standard bug report within its program.
Another aspect of MTM that likely aided in im-
pressive results within the program was its topic
distribution for each bug report.

Xia et al., within their TopicMiner approach,
tested the effectiveness of MTM over LDA by
directly comparing results in their research of
TopicMinerMTM with that of TopicMinerLDA (Xia
et al., 2017). While MTM has similar features to
the standard LDA, the TopicMinerMTM program
achieved unparalleled results.

Alternatively to MTM or LDA, there are Neu-
ral Topic Models (NTMs) as presented by Wu et
al. (Wu et al., 2024). This approach is less con-

ventional than the previous two discussed; NTMs
are more scalable and flexible due to their parame-
ters not requiring model-specific origins (Wu et al.,
2024). However, several critical problems prevent
NTMs from surpassing the successes found with
MTM or LDA, including a lack of reliability and
standard evaluation techniques, and the topics are
usually of a low caliber (Wu et al., 2024).

3.2 Prioritization
Ali et al. predicted, using Bidirectional Encoder

Representations from Transformers (BERT), the
severity of bug reports using deep learning rather
than machine learning (Ali et al., 2024). They col-
lected publicly available datasets, computed the
sentiment of each report within their data, and in-
corporated BERT for data formatting and creat-
ing prioritization predictions. Their results sur-
passed other well-known programs by a significant
amount, partially due to their utilization of BERT.
BERT is advantageous as it responds better to high-
paced development and has a higher natural lan-
guage understanding, a characteristic essential for
text classification (Ali et al., 2024).

DRONE is an automated priority assessment ap-
proach presented by Tian et al. to base predictions
on multi-faceted factor analysis (Tian et al., 2015,
2013). They also created a text classification engine
that enhances linear regression with their original
approach. Their findings improved effectiveness
significantly from previous approaches (Tian et al.,
2015, 2013).

Umer et al. investigated the use of emotions
presented within bug reports to enhance prioritiza-
tion techniques to accurately determine the priority
level for a specific report using DRONE (Umer
et al., 2018). Within this research, they created
an emotional value calculation with approximately
50,000 positive and negative words based on bug re-
port descriptions (Umer et al., 2018). While Umer
et al. found a positive correlation between senti-
ment and bug priority and used that to outperform
other approaches, potential issues may arise within
open-source bug reporting as anyone can report
bugs (Umer et al., 2018).

Yadav and Rathore attempted to overcome ex-
isting methods in bug prioritization with hierarchi-
cal attention networks (HAN) (Yadav and Rathore,
2024). HAN leverages the structure presented
within a text to analyze the content at multiple
levels. There are apparent deficiencies with au-
tomatic approaches, such as DRONE; therefore,
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Figure 2: Our BERT Approach Overview (Devlin et al.,
2018)

Figure 3: Our Naive Bayes Approach Overview

Yadav and Rathore attempted to solve this dilemma
through HAN (Yadav and Rathore, 2024). By first
preprocessing, tokenizing, and embedding with the
help of DistilBERT, then using the HAN model for
feature extraction, final predictive values are given
with accuracy that exceeds some other programs.

4 Proposed Approach

Intending to increase the efficiency and effecti-
veness of prioritization in bug reports, we present
an untried algorithmic approach. To ensure consis-
tency among bug report classification within prior-
ity levels, we will use Bugzilla’s software system
for our bug reports as they use P1 through P5 prior-
itization for classifying their reports. From there,
we will execute the approach dictated within sub-
sections 4.1 through 4.3, also demonstrated within
Figures 2 and 3.

4.1 Topic Modeling

Once our data has gone through the initial vec-
torization phase, we plan to create topic models re-
volving around the bug reports. Most topic models
are more generic, though, to ensure that the top-

ics are relevant, we incorporate a similar strategy
to Xia et al.’s approach, MTM (Xia et al., 2017).
MTM incorporated the product and component
fields into their topic modeling approach, textually
pre-defined elements within a bug report, leading
to improvement within their research. Since the
code for MTM is not publicly available, we de-
cided to use LDA with more textual components
than simply the description, a technique also used
within MTM (Xia et al., 2017).

4.2 Text Classification
After completing the topic modeling segment,

we trained multiple text classification systems in-
corporating BERT, Multinomial Naive Bayes, and
Gaussian Naive Bayes for each topic created within
the LDA topic modeling to assess which text clas-
sifier performs best.

We complete several additional preprocessing
techniques for our Naive Bayes text classifiers than
we take while using BERT. For Naive Bayes, we
use stop word removal, lowercase each word, and
tokenize the textual elements of each bug report
before training the model.

Before implementing our data within the BERT
text classification model, we tokenize the dataset
accordingly to make it more manageable for BERT.

4.3 Evaluating Our Results
To test our method, we will compare our results

with a baseline approach, Naive Bayes, using pre-
cision, recall, and f-measure, similar techniques to
various priority improvement approaches (Ali et al.,
2024; Umer et al., 2018; Tian et al., 2015); these
formulas are included within Table 1.

Table 1: Metrics for Analysis

Formula Micro-Averaging Macro-Averaging

Accuracy
∑

i TPi+
∑

i TNi∑
i TPi+

∑
i FPi+

∑
i FNi+

∑
i TNi

Precision
∑

i TPi∑
i TPi+

∑
i FPi

1
n

∑
i

TPi
TPi+FPi

Recall
∑

i TPi∑
i TPi+

∑
i FNi

1
n

∑
i

TPi
TPi+FNi

F-Measure
2
∑

i TPi

2
∑

i TPi+
∑

i FPi+
∑

i FNi

1
n

∑
i

2· TPi
TPi+FPi

· TPi
TPi+FNi

TPi
TPi+FPi

+
TPi

TPi+FNi

TPi are the bug reports predicted as Pi, that
specific priority level, and are Pi, FPi are the bug
reports predicted as Pi and are not Pi, TNi are
bug reports accurately described as a different Pi

than the one being assessed, and FNi are the bug
reports not predicted as Pi where they actually are
part of Pi (Umer et al., 2018).

REU Symposium on Natural Language Processing

University of Colorado, Colorado Springs 12



Accuracy measures what percentage of the time
the correct priority classification is made, while
precision and recall provide more clarification for
the minority classes (Weiss, 2013). Precision is the
total number of correctly predicted positive results
out of all bug reports expected to be that priority
level, similar to recall, which is the total number of
correct predictions out of the total number of bug
reports with that priority level. F-measure helps
gauge the relative importance between precision
and recall (Weiss, 2013).

The main difference between micro-averaging
and macro-averaging is how skewed data is han-
dled. In micro-averaging, implemented over macro-
averaging by most papers involving automated pri-
ority levels in bug reports, each bug report has an
equal weight. In macro-averaging, however, each
class has equal weight instead of each report. Since
the priorities are not evenly distributed, with a pri-
ority of P3 overtaking 87.9 percent of the data,
shown within Figure 4, micro-averaging takes all
bug report instances into account equally whereas
macro-averaging takes all priority levels into ac-
count equally, a beneficial approach for skewed
data.

5 Experimental Results

5.1 Dataset

For our dataset, we are using a dataset with
85,156 bug reports with resolution dates between
2001 and 2014, as these bugs are much less likely
to change priority status after ten or more years,
a similar strategy to the one proposed by Tian et
al. (Tian et al., 2015). These bugs were obtained
through Eclipse, an open software repository for
Bugzilla (ecl, 2018). The majority of these bug
reports are prioritized as P3, as shown in Figure 4,
so there is a strong emphasis within Bugzilla on
bug reports with mid-level priority (P3).

5.2 Latent Dirichlet Allocation Topic
Modeling

The LDA process used in each of our methods
was consistent. We incorporated the title, compo-
nent, and description to create more accurate topics
than simply using the description portion of the
bug reports. While the component has pre-defined
options within a bug report, we still integrate it
within the method because it is a textual field that
provides insight into the problem at hand. From
this textual data, LDA created ten topics of varying

Figure 4: Percentage of Data for Each Priority Level
within the Eclipse Platform Project (dat, 2018; ecl,

2018).

sizes for the baseline approaches to separate the
bug reports.

Figure 5: Topic Distributions Using LDA

Within Figure 5, the topic distributions are of vis-
ibly differing sizes, with topic nine overtaking most
of the data. For the next phase in our pipeline, text
classification specific to each topic, we maintain
these ten topics for each text classification model.

5.3 Naive Bayes Text Classification

To test the effectiveness of our approach, in
addition to comparisons with state-of-the-art meth-
ods, we compared our BERT model results to two
prioritization pipelines that use Naive Bayes (NB)
for text classification. All three of our pipelines
used LDA to create topic models, though they de-
viate when it comes to their text classifiers. For
the first comparison to BERT, we used a Gaussian
Naive Bayes Classifier for each topic to predict
priority. In contrast, we used a Multinomial Naive
Bayes Classifier with the same premise in the sec-
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ond.
We implemented the Gaussian and Multinomial

Naive Bayes text classification methods for each
topic to assess the appropriate priority levels. For
better context, we analyzed the precision, recall,
and f-measure on both a macro-averaging and
micro-averaging scale for these NB methods with
our BERT approach, and the results for each classi-
fication technique are visible in Table 2.

The Multinomial Naive Bayes had slightly bet-
ter results within the micro-analysis than the
Gaussian Bayes. However, when performing a
macro-analysis, Gaussian Naive Bayes performed
marginally better in precision and recall as it could
more easily handle the imbalanced priority levels
within our dataset.

One of the main issues with the Multinomial
Naive Bayes classification is that it prioritizes al-
most every bug report under P3 since it is so com-
mon within the dataset. At the same time, Gaussian
Bayes could have been more accurate in assessing
whether a bug report would have a priority other
than P3; it still attempted to include other priority
levels within its assessment.

When we trained our classifiers with 68,124 bug
reports, the Multinomial Naive Bayes classifier
took the shortest amount of time and the least mem-
ory. Table 3 shows that the Multinomial Naive
Bayes classifier takes less than half the time of the
Gaussian Naive Bayes model and a small fraction
of the time compared to the BERT model’s training.
Note that our BERT model’s peak memory usage
exceeds the capacity of our GPU, therefore we par-
tially enlist the help of our CPU during training as
well.

Once we obtained the trained models for each
approach, we tested the classifiers using the remain-
ing 17,032 bug reports, as depicted in Table 4. For
the Gaussian Naive Bayes classifier, it takes 0.02
seconds to prioritize a single bug report. Similarly,
a bug report is prioritized in 0.03 seconds for the
Multinomial Naive Bayes classifier and 0.27 sec-
onds for the BERT classifier.

Once the Naive Bayes models are trained, con-
trary to their respective memory usage during train-
ing, they use the same amount of memory to clas-
sify bug reports. While the Gaussian Bayes classi-
fier took longer in the initial training phase than the
Multinomial Naive Bayes classifier, in testing, the
Gaussian model takes merely two-thirds the time
of the Multinomial model. BERT still takes much
more time and memory than the NB alternatives;

however, it takes about a quarter of a second to clas-
sify a bug report and less than half of a gigabyte
(GB) of memory.

5.4 BERT Text Classification

We enlisted BERT for text classification for our
proposed approach because of its performance
within various tasks (Ali et al., 2024; Yadav and
Rathore, 2024). While it excelled in text classi-
fication for this task, with results that exceeded
all other methods we created and compared to, it
took excessive time to train. Regarding the testing
phase, BERT also took much longer to classify bug
reports than other methods, as visualized in Table
3.

When we trained BERT for text classification,
we used fifteen epochs, the number of iterations
the model made through our dataset, for the first
nine topics. However, for topic nine, since it takes
up most of the bug reports conceptualized within
Figure 5, it almost took more time than the other
topics combined. Therefore, when training our
model on this topic, we tested the efficacy using
one and three epochs instead of fifteen. Table 5
details the results of using one versus three epochs
for this topic.

It was surprising to find that one epoch yielded
better results than three epochs. When we compare
our pipeline’s results using BERT to baseline ap-
proaches, we rely on our results from one epoch
for topic nine rather than our experimental results,
which allocated three epochs to topic nine’s train-
ing.

6 Discussion

Within Table 6, we compare our results, the
Gaussian NB, Multinomial NB, and BERT Priority
Assessments, to the works of Yadav et al., Umer
et al., and Tian et al. (Yadav and Rathore, 2024;
Umer et al., 2018; Tian et al., 2015, 2013). The
highest scores for the three main assessment met-
rics, precision, recall, and f-measure, are in bold.

Our BERT approach achieved more significant
precision, recall, and f-measure results than our
other methods and baseline comparison approaches.
Our precision surpassed other baseline methods
by 8.17 percent, recall by 25.12 percent, and f-
measure by 19.1 percent. The downfall of this
approach is the amount of time it takes BERT com-
pared to other methods.

If we are more concerned about time than greater
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Table 2: Comparison of Performance Metrics for Our Approaches

Analysis Method Prioritization Method Precision Recall F-Measure Accuracy
Micro Gaussian 0.4784 0.5234 0.4999 0.7517

Multinomial 0.4935 0.4968 0.4951 0.9743
BERT 0.6579 0.6514 0.6546 0.9667

Macro Gaussian 0.2020 0.2203 0.1839 0.7517
Multinomial 0.1949 0.2000 0.1974 0.9743

BERT 0.3998 0.2079 0.2140 0.9667

Table 3: Efficiency Metrics for Our Methods During
Training

Priority Time Peak Memory
Method Approximation Usage Estimation

Gaussian NB Training 7.22 Minutes 10393 MB
Multinomial NB Training 3.46 Minutes 4075 MB

BERT Training 12+ Hours 11264+ MB

Table 4: Efficiency Metrics for Our Methods During
Testing

Priority Time Peak Memory
Method Approximation Usage Estimation

Gaussian NB Testing 5.80 Minutes 144 MB
Multinomial NB Testing 8.61 Minutes 144 MB

BERT Testing 76.82 Minutes 482 MB

Table 5: BERT Results Using Different Epochs for
Topic Nine, Micro-Averaging

Epochs Precision Recall F-Measure Accuracy
3 0.6087 0.5895 0.5989 0.9676
1 0.6579 0.6514 0.6546 0.9667

Table 6: Micro-Averaging Performance Metrics for
Priority Assessment Methods

Priority Method Precision Recall F-Measure
Our Methods Gaussian NB 0.4784 0.5234 0.4999

Multinomial NB 0.4935 0.4968 0.4951
BERT 0.6579 0.6514 0.6546

Baseline Methods Emotion Based (Umer et al., 2018) 0.5762 0.3878 0.4636
DRONE (Tian et al., 2015) 0.2566 0.2669 0.2594
DRONE (Tian et al., 2013) 0.2973 0.3202 0.2974

HAN (Yadav and Rathore, 2024) 0.3952 0.4002 0.3739

precision, recall, and f-measure, the emotion-based
method performed best in precision, indicating a
low rate of false labels for priority levels. In con-
trast, the Gaussian Naive Bayes achieved higher
results than any of the other methods in recall. The
likely cause of its higher recall score compared to
precision indicates that there may be more falsely
labeled priorities than seen within Umer et al.’s
research. The Gaussian Naive Bayes method also
superseded other approaches in terms of f-measure.

While our precision may not exceed others’, our
method’s f-measure emphasizes a more ideal equi-
librium between precision and recall.

6.1 Related Works and Our Work

When we compare our approach to the state-of-
the-art approaches for topic modeling and text clas-
sification, we see some similarities between their
methodology and ours.

We incorporated LDA for our topic modeling,
though similarly to MTM, we incorporated more
natural language than simply the description (Blei
et al., 2003; Xia et al., 2017). We differed in our
topic modeling approach from Wu et al. because
the NTM approach is not as reliable as LDA, and
there are apparent flaws aforementioned within our
research (Wu et al., 2024).

Regarding text classification, our most effective
method used a BERT model for each topic, similar
to Ali et al.; however, they were predicting severity
(Ali et al., 2024). Tian et al. created their text classi-
fication engine, DRONE, though our experimental
results show that BERT outperforms DRONE for
prioritization tasks (Tian et al., 2013, 2015). One
area that we have included in our potential areas for
future improvement is the inclusion of sentiment
analysis to predict priority, a method also used by
Umer et al. with positive results (Umer et al., 2018).
Within our approach, we refrained from including
this aspect due to the bug reports being open source;
since the bug reports are open source, there is poten-
tial inconsistent sentiments between user-reported
bugs and developer-reporter bugs. We also avoided
Yadav and Rathore’s approach, HAN, because they
did not achieve as significant of results in compari-
son to the results we achieved using BERT (Yadav
and Rathore, 2024).

6.2 Threats to Validity

The approaches in Table 6 are some of the
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attempts at automatic prioritization methods for
bug reports; however, there are some discrepancies
between their work and ours.

All four papers use varying datasets compared
to ours, and Yadav and Rathore even extended their
work further than Bugzilla bug reports (Yadav and
Rathore, 2024). While Yadav and Rathore achieved
statistically significant results, the priority distri-
bution between the multiple bug report software
systems used within their works does not follow
the same prioritization distribution pattern when
compared to Bugzilla (Yadav and Rathore, 2024).
Since Bugzilla has such skewed prioritization lev-
els, as visualized within Figure 4, it is difficult to
accurately predict its priority while assessing it for
other software repository systems within the same
model. Therefore, to combat this data inconsis-
tency, we exclusively use Bugzilla bug reports to
predict the priority of our data.

Then, within Umer et al.’s work, there is a dis-
crepancy in their precision, recall, and f-measure
scores for their baseline comparison (Umer et al.,
2018). Umer et al. compared their approach to Tian
et al.’s approach, using the same dataset, and stated
the precision as 54.45 percent, recall as 31.77 per-
cent, and f-measure as 40.12 percent (Umer et al.,
2018; Tian et al., 2013). In comparison, Tian et al.’s
paper described their precision as 29.73 percent,
recall as 32.02 percent, and f-measure as 29.74
percent (Tian et al., 2013). To compare DRONE’s
results and our own, we used the results obtained
within Tian et al.’s papers rather than the statis-
tics presented in Umer et al.’s paper (Umer et al.,
2018; Tian et al., 2013). Please note that Tian et al.
have two papers to which we compare our results,
both of which use identical datasets (Tian et al.,
2013, 2015). While none of these papers uses the
same dataset as ours, we use a more recent dataset
focusing solely on Bugzilla bug reports.

7 Conclusion and Future Work

Natural language processing is the cornerstone
of better bug report prioritization. By using LDA
and then creating topic-specific text classification
models with BERT, automatic priority assignment
could become the standard approach. Automatic
prioritization may enhance bug triage, saving de-
velopers time and money globally.

In our future work, we will seek improvement
in several areas. First, we plan to incorporate a
linear regression for priority levels, then adjust the

weights of priority classes and explore an integrated
technique within prioritization that incorporates
sentiment analysis. While there are areas of reser-
vation with sentiment analysis, specifically with
open-source projects that allow anyone to report
bugs, there may be room for further achievement
in bug prioritization.
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Abstract

This paper presents the development of an al-
gorithm designed to detect duplicate bug re-
ports and output their bug IDs automatically.
We evaluate six methodologies: topic mod-
eling, Gaussian Naive Bayes, deep learning,
time-based organization, clustering, and sum-
marization. Additionally, we introduce a novel
threshold-based approach for duplicate identifi-
cation, in contrast to the conventional top-k se-
lection method. Our threshold approach demon-
strated promising results across all five meth-
ods, achieving accuracy rates ranging from the
high 70%’s to the low 90%’s.

1 Introduction

Large open-source projects offer an issue tracking
system or open bug repository, where developers
and users can report the software defects they find
or any new feature requests they may have. These
reports are called bug reports. However, some bug
reports in the open bug repository are duplicates;
they essentially describe the same software defect
or feature request with some different phrasing.

Bug triage is the process of finding invalid and
duplicate bug reports and assigning the valid and
unique ones to the developers working on the
project so they can fix and resolve them. In large
open-source projects, a group of developers called
triagers, are typically responsible for the bug triage
task. Over the past decades, (semi-)automated ap-
proaches based on various Artificial Intelligence
(AI) methods and techniques have been proposed
to make the bug triage process more effective and
efficient, including duplicate bug report detection.
This way, the total project costs will be reduced
since the developers’ time will not be wasted on
processing duplicate inquiries and working on re-
dundant tasks.

As explained in Section 3, prior works in the
literature have studied the bug triage problem and
proposed various AI-based approaches to address

it, such as approaches based on Machine Learning
(ML) (Anvik et al., 2006) and Information Retrieval
(IR) (Sun et al., 2011). Most of them have used the
natural language textual data in the bug reports as a
crucial source of information. Hence, Natural Lan-
guage Processing (NLP) plays a vital role. In gen-
eral, automated bug triage can be considered as a
sub-field of Mining Software Repositories (MSR).

This paper proposes a novel approach to auto-
mated detection of duplicate bug reports in open
bug repositories. Our methods are based on recent
advances in NLP, including the BERT transformer
model. To this aim, we analyze the natural lan-
guage textual information in the summary, descrip-
tion, and comments of existing bug reports for a
specific project. First, we create several topics and
assign each report to one of them. This step is
based on the work of Xia et al. (Xia et al., 2017).
Second, we use several similarity measures to find
highly similar or potentially identical bug reports
among those that belong to the same topic.

The contribution of this paper is threefold: First,
it proposes and implements a novel approach to
automated duplicate bug report detection in which
bugs are classified as duplicate or not duplicate.
Second, we propose an algorithm to find other
similar bugs if a bug is identified as a duplicate.
Thirdly, our paper provides an open-source proto-
type that enables other open-source projects using
similar issue-tracking systems to use the proposed
approach, thus benefiting from effective and effi-
cient automated detection of duplicate bug reports.

This paper is structured as follows: Section 2
provides some background information about open
bug repositories and NLP. Further, we review the
literature in Section 3. In Section 4, we propose
our novel approach and report on our experimental
results in Section 5. Moreover, Section 6 discusses
the results and points out potential threats to valid-
ity. Finally, we conclude and suggest future work
in Section 7.
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Figure 1: Example of Bug User Interface

2 Background

2.1 Open bug repositories
Bug repositories are a database of bug reports for
a software project. In large open-source projects,
anyone who creates an account can file a bug report.
This leads to many reports. For example, in 2005,
a Mozilla triager said, "Everyday, almost 300 bugs
appear that need triaging. This is far too much for
only the Mozilla programmers to handle" (Anvik
et al., 2005)

2.2 Parts of a bug report
These bug reports include various free-form tex-
tual data and textually predefined data. Free-form
textual data includes data users type in, such as
summary and description. The summary is usu-
ally a sentence-long overview of the issue. The
description is a long-form, detailed outline of the
bug. Textually predefined data includes things that
the users can select from a drop-down menu, such
as the product or component. Product information
could include the name or version. The component
is a specific module or part of the software product.
Figure 1 is an example of what the user interface
for a bug report might look like.

2.3 Importance
Duplicate bug detection is important, so triagers are
not resolving the same issue. It is also important
because additional bugs from different perspectives
provide more information on the issue, making it
easier to solve. Duplicates occur quite often; up to
39 percent of bug reports in Eclipse between 2018
and 2021 were duplicates or invalid. (Jiang et al.,
2023)

2.4 Natural Language Processing

Natural language processing is when a computer
interprets human language. One subset of natural
language is called preprocessing. Preprocessing
is when language is put into a form that is eas-
ier for the computer to understand. This could
include tokenizing, stemming, and removing stop
words. Tokenizing is splitting a sentence into words
known as tokens by delimiters. Delimiters include
spaces, commas, or punctuation. Stemming is get-
ting words that have multiple forms into a single
form. Stop words include very common words with
little meaning, such as "an," "is," "the," "and," and
"was." Document frequency is how often words
appear in a text. Maximum document frequency
ignores prevalent words with little meaning (this
could include stop words). Minimum document fre-
quency ignores words that appear so infrequently
that they are irrelevant. These steps are needed
to prepare the summary and description for topic
modeling.

3 Related Works

Various works have been published on automated
bug reports. Xia et al. work (Xia et al., 2017) used a
topic modeling approach to categorize bug reports.
This paper shows that topic modeling is an effective
way to assign bugs to developers. This paper pro-
posed Multi-feature topic modeling (MTM) as an
alternative to the traditional Latent Dirichlet Allo-
cation (LDA). MTM considers the textually prede-
fined data of the bug report (such as the product and
component) to improve topic categorization. Our
approach implements topic modeling as well. We
use LDA to split the bug reports into topics and look
for duplicates in the same topics. Sun et al. (Sun
et al., 2011) is a relatively early paper on duplicate
bug reports. This paper employed an information
retrieval function, REP, a linear combination of tex-
tually predefined and freeform textual data. The
weight of REP is optimized during training using
stochastic gradient descent. The larger weights in-
dicate that the feature better distinguishes between
similar and non-similar bug reports. This paper
also introduced an improved statistical informa-
tion retrieval technique, BM25F ext, to analyze the
similarity of long textual bug report queries. This
function multiples the global importance of a word
across reports and is local importance. Nguyen
et al. (Nguyen et al., 2012) used topic modeling
(T-model) and textual similarity (BM25F) to detect
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duplicate bugs. This approach improved the REP
function by up to 20 percent in some cases. This
technique is especially effective for reports that de-
scribe the same issue with different technical terms.
Similarly, our approach implements topic models
before categorization. Zhang et al. (Zhang et al.,
2023a) is a literacy review of the previous work
on automated duplicate bug reports. Experimen-
tal results from this review showed that the REP
outperforms more complex neural-based models,
cementing the REP function as the state of the art.
This paper also found that duplicate bug detection
techniques that work well on old bug reports do not
perform effectively on recent bug reports. It cov-
ers how duplicate bug detection techniques for one
issue-tracking system do not work well on other
issue-tracking systems. Zhang et al. (Zhang et al.,
2023b) proposed a novel approach to duplicate bug
reports by leveraging GPT. GPT summarizes long
reports and reports with links before they are clas-
sified using the REP function created by Sun et
al.(Sun et al., 2011). This improved the Recall
Rate@10 of the REP by up to 8.7 percent. We also
implement GPT for summarization in one of our
methods. Xia et al. (Xia et al., 2017) approach
trained a convoluted neural network (CNN) to iden-
tify duplicate bugs. A model called BR-CNN, de-
veloped from a traditional CNN, was trained for
the binary classification of bug reports as either du-
plicates or non-duplicates.One of our approaches
uses a neural network as well. Jiang et al. (Jiang
et al., 2023) reviewed deep learning in duplicate
bug detection. This paper found that deep learning
techniques are better at classifying bugs as dupli-
cates or non-duplicates than traditional IR or NLP
techniques; however, they are worse at creating
a list of possible duplicates of a given bug. In
our approach, we tested traditional methods for
outputting possible duplicate IDs, but we imple-
mented deep learning techniques to identify a bug
as duplicate or non-duplicate.

4 Proposed Approach

4.1 Topic Modeling

We will then conduct topic modeling of both the
textual features to split the data into categories.
We used LDA to perform topic modeling. This
approach is more efficient as it only compares du-
plicates in the same topics. We split the dataset into
seven topics.

4.2 Cosine Similarity

Next, we used the sentence transformer library in
Python to embed the bug reports. We compared
the bug reports using cosine similarity. Cosine
similarity is:

cosine_similarity(A,B) =
A ·B

∥A∥∥B∥

where A ·B is the dot product of the word vectors,
and ∥A∥ and ∥B∥ are the magnitudes (Euclidean
norms) of the word embeddings. More similar
word embeddings have a smaller angle between
them in the word space, and the cosine is larger or
closer to 1 (100 percent similar).

5 Experimental Results

5.1 The Dataset

The data set we used is from GitHub’s BugHub.
The data used is from 2002 to 2013 from Ecispe’s
Bugzilla. We used around 75,000 bug reports from
the dataset. The data contains about 18 percent
duplicates. 4.

5.2 Evaluation metrics

We categorized the bugs in two different ways, by
threshold and by top-k. Top-k results can be found
in table 1, and threshold results can be found in 2.

5.2.1 Threshold

We considered bugs above a certain threshold to be
duplicates of each other. We consider the results
to be a true positive if at least one bug above the
threshold was a duplicate or if it correctly identified
a non-duplicate and marked it as a zero. As seen
in figure 2, a more restrictive threshold value per-
forms better across all metrics. We evaluated this
technique’s accuracy, binary accuracy, precision,
recall, f1, and accuracy. Accuracy is measured for
each of our tasks:

Accuracy This measures how accurately the ap-
proach identifies the correct duplicate bug IDs or a
zero if there are no duplicates. This evaluates the
effectiveness of identifying duplicate bug IDs.

Binary Accuracy This measures the accuracy of
the approach in determining whether a given bug is
a duplicate or not. This evaluates the performance
of a binary classification.
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Figure 2: Testing Results for Different Thresholds

5.2.2 Top-K
Another method for categorizing duplicates in-
volves outputting a fixed number of the top K bugs,
regardless of their similarity. While top K is cur-
rently a state-of-the-art technique, it is less valuable
than the previously mentioned threshold approach.
The top K approach categorizes items as duplicates,
even if they are not very similar, to meet the require-
ment of always outputting the K results.

RecallRate@K The RecallRate@K is defined as
follows:

Recall@k =
Number of relevant items retrieved in top k

Total number of relevant items
(1)

For our application, we define the RecallRate@K
as:

Recall@k =
|Actual duplicate bug IDs ∩ Experimental top k bug IDs|

|Number of duplicate bugs|
(2)

This is the state-of-the-art metric.

PrecisionRate@K The PrecisionRate@K is de-
fined as follows:

Precision@k =
Number of relevant items retrieved in top k

k
(3)

Anything less than 90% similar is considered a
non-duplicate and is assigned a zero. For our appli-
cation, we define the PrecisionRate@K as:

Precision@k =
|Actual duplicate bug IDs ∩ Experimental top k bug IDs|

|Total number of bugs|
(4)

All of our results, unless otherwise specified, are
averaged across all 7 topics.

5.3 The Baseline Approach: Cosine similarity

For our baseline, we used cosine similarity. Bugs
above 85% similar are considered duplicates. We
compared all bugs with all other bugs in the dataset.

5.3.1 Word Embeddings
An embedding is a way to represent a word numeri-
cally in what is sometimes known in NLP as ’word
space’. The embeddings of the bug reports’ title
and description are from the sentence_transformers
library. We used the paraphrase-MiniLM-L6-v2
model. Based on these embeddings, we calculated
the cosine similarity.

5.4 Topic Modeling and Cosine Similarity

To improve the baseline, we implemented LDA
topic modeling as well as cosine similarity to cate-
gorize bugs as duplicate or not and output similar
duplicate IDs.

5.4.1 Latent Dirichlet Allocation
Preprocessing We merge each bug’s title and de-
scription into a single column named full_text_data.
We then tokenize this column, breaking it down
into individual words. After tokenization, we re-
move irrelevant tokens, such as stop words, words
that appear in over 90% of the bug reports, and
words that occur less than twice.

Count Vector Next, we create a vector of the
count of how often each token occurs in each bug
report. The length of this vector is equal to the
vocabulary size.

Document-Term Matrix After that, we create
a sparse matrix in which each row represents a
bug report, and each column represents a word
in the vocabulary. We fill in our matrix with the
previously calculated count vector.

Term Co-occurrence Matrix Then, LDA cre-
ates a term or word co-occurrence matrix, which
shows how often words appear together. This
model assumes that words that co-occur should
be in the same topic. The algorithm then uses
both the Document-Term Matrix and the Term Co-
Occurrence Matrix to generate topic distributions.

Topic Distributions A topic distribution is a list
of the most likely words associated with each of the
topics and their probabilities. The topic distribution
is chosen randomly and iteratively improved.

Gibbs Sampling Gibbs sampling assigns words
to each topic. This process is also iterative. The
first fraction represents how important a topic is in
a document, and the second fraction represents how
often a word is assigned to a given topic throughout

REU Symposium on Natural Language Processing

University of Colorado, Colorado Springs 21



Figure 3: Accuracy for 85% Threshold Similarity
Across Topics

all bug reports. The exact formula is below:

P (zi = k | z−i,w) ∝ (n−i
d,k+αk)

n−i
k,wi

+ β

n−i
k + V β

(5)

The LDA outputs k topics and assigns each bug
report to a topic. We arbitrarily choose to sort the
bugs into seven topics, though this needs further
experimentation.7. Then we compare the cosine
similarity of bug reports within the same topic. For
our initial experimentation, we considered 85%
similar to a duplicate. Our results for 85% similar-
ity can be found in figure 3. In figure 2, the average
performance across topics can be found.

5.5 Deep learning
We also experimented with deep learning tech-
niques to categorize bugs as duplicates or not du-
plicates. We implemented three models: Multiple
layer perceptron (MLP) 4 and BERT 3

5.5.1 Multiple layer Perceptron
MLP is a type of feedforward neural network. In
this case, our features were the title and description,
and they were embedded using the TfidfVectorizer,
which uses the inverse document frequency and the
term frequency. Our model used a ReLU activation
function.

5.5.2 BERT
BERT or Bidirectional Encoder Representations
from the Transformer library is the transformer
model that we used to classify our bug reports
as duplicate or not. We began by using BERT
to tokenize the title and description of the bug
reports. We used ten epochs to train the model
on our bug dataset. We used the AdamW op-
timizer from hugging face for our model. The

training loss was 0.684, and the validation loss
was 0.683. The code used was from Kaggle
(https://www.kaggle.com/code/harshjain123/bert-
for-everyone-tutorial-implementation/notebook)

5.6 Gaussian Naive Bayes

Gaussian Naive Bayes is a classical machine learn-
ing technique. It assumes that the features are inde-
pendent of each other and that they have a normal
distribution. These assumptions are false for our
data, hence the poor results.5.

5.7 Time seperated

We experimented with splitting the dataframe into
different time sections and comparing the cosine
similarity of bugs submitted within similar time
frames. For our initial experimentation, we split
bugs by quarters or 3-month periods. The theory is
that the same issues will be submitted around the
same time.

5.8 Clustering

We experimented with K-means clustering as an
alternative to topic modeling. We set the hyperpa-
rameter of K to 10. Results can be found in table
2

5.8.1 K-means
We used K-means clustering as an alternative to
topic modeling. We created ten different clusters
and compared the bugs within each cluster. K-
means clustering is an algorithm that starts by ran-
domly initializing. K centroids and iteratively up-
dates them to minimize the Euclidean distance be-
tween the data points and the centroids.

5.8.2 Choosing K
We chose a hyperparameter of 10 using the elbow
method. We tested the even K values from zero to
twenty and then computed the sum of squared dis-
tances between each point and its nearest centroid,
known as its inertia. As the number of clusters in-
creases, the inertia decreases because the distance
between a point and its nearest centroids becomes
smaller. We create a graph with the y-axis repre-
senting the interia and the x-axis representing the
number of clustering. Then, by visual inspection,
we identify the bend or "elbow" in the plot. This is
the point at which the rate of decrease in the iner-
tia slows significantly as you increase the number
of clusters. This method should pick a point that
balances model complexity and performance.
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5.9 GPT Summarization

We experimented with using the GPT 3.5 turbo API
to summarize the bug reports before using cosine
similarity to compare them. We could only sum-
marize about 2000 bugs due to the computational
expenses of this method. Results can be found in
table 2

6 Discussion

Now, we will discuss each method further.

6.1 Topic Modeling and Cosine Similarity

We created seven topics. For our initial experi-
mentation, we considered a cosine similarity of
above 85 percent threshold as a duplicate. If any
bug reports in our experimental duplicate column
were also in the actual duplicate column from the
Bugzilla dataset, we counted it as accurately identi-
fying the duplicate bug ID.

6.2 Deep learning

MLP models averaged 75 percent. Surprisingly,
an MLP model that just had the component as a
feature performed better than one that had the tex-
tual data as a feature. An MLP model with both
the component and the free-form textual data per-
formed similarly to one with jusb the free-form
textual data. The transformer model, BERT, was
trained on bug data for classification. Its accuracy
was somewhat low at 60 percent. However, its F1
score was higher at 31 percent, suggesting it better
learned the target.

6.3 Naive Bayes

A Gaussian naive Bayes model was also tested,
which performed highest with an 82 percent accu-
racy for non-duplicates. However, the recall for
duplicate bugs was just 6 percent, indicating that
the model essentially always guessed "not dupli-
cate," which makes sense with Figure 4.

6.4 Time separated

For this approach, we replaced topic modeling with
time separation. We compared similar bug reports
within the same 3-month period and categorized
those with 85% or higher cosine similarity as dupli-
cates. We created 27 different 3-month time frames.
This method performed better than topic modeling.
This is likely because the same issues are usually
reported during similar time frames.

Figure 4: Graph of Percentage of Duplicate Bugs in Our
Dataset

6.5 Clustering

We considered bug reports within the same cluster
above a cosine similarity of 95% to be duplicates
of each other. This method had similar results to
topic modeling. This is likely because there were
a similar number of topics and clusters. Another
possible reason for this similarity is that the em-
beddings and cosine similarity were done the same
way for both clustering and topic modeling.

6.6 GPT Summarization

By summarizing the bug reports, we hoped that the
model would phrase the reports more simply so that
they would be easier to compare. We also wanted
summaries to remove hyperlinks that would be hard
to embed accurately and potentially skew our co-
sine similarity values. We prompted the model with
the below paragraph:

"I want you to act as a collaborator for
maintaining bug reports from a large
open source software project. Your job is
to rephrase the reports to avoid repetition
while keeping semantic meaning. The
goal of this process is to help filter dupli-
cates. Please only output the summary
of the bug report."

We then used cosine similarity with a threshold of
95% to compare and determine the duplicate bug
ID based on the summarized descriptions. This
heavily improves the accuracy, binary accuracy,
and recall of the topic modeling and cosine simi-
larity approach (using the same threshold value.)
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Table 1: Average Top-K Results Over Topics

Our Approach REP (State of the Art)
RecallRate@5 15 64
RecallRate@10 17 70
RecallRate@15 19 73
RecallRate@20 20 77
PrecisionRate@5 80 -
PrecisionRate@10 80 -
PrecisionRate@15 80 -
PrecisionRate@20 80 -

Table 2: Experimental Results for Threshold

No topic
model-
ing

85%
thresh-
old

90%
thresh-
old

95%
thresh-
old

Time
sorted by
quarter

Cluster GPT
sum-
mary

Accuracy 77 70 76 79 83 81 92
Binary Accuracy 79 74 77 79 83 81 92
Recall 87 83 85 85 85 85 94
Precision 94 87 94 98 100 100 99
F1 Score 90 85 89 98 92 92 96

Class Precision Recall F1-Score Support
0 0.86 0.61 0.72 8419
1 0.22 0.52 0.31 1800

Accuracy: 0.60 (10219)

Table 3: Results for BERT model

Class Precision Recall F1-Score Support
0 0.84 0.86 0.85 14061
1 0.25 0.23 0.24 2970

Accuracy: 0.75 (17031)

Table 4: Report for Multi-Layer Perceptron

Class Precision Recall F1-Score Support
0 0.84 0.97 0.90 167
1 0.29 0.06 0.10 33

Accuracy: 0.82 (200)

Table 5: Report for Native Bayes

The precision and F1 stayed the same. Further ex-
perimentation is needed to validate this result, as
the summarized approach was implemented with
fewer bugs than the topic modeling approach. This
idea was inspired by Zhang et al.’s work (Zhang
et al., 2023b), which also used summarization and
a duplicate bug classification function.

6.7 Threats to Validity
The exact results for the recallRate@K for the REP
function are unknown, so we had to look at the
chart and estimate the values. We could not repli-
cate the results of the REP function (Sun et al.,
2011) on the dataset we used as the code is not
public. The precision results for the REP function
are not included in their work, which is why that
section of the table is left empty.

7 Conclusion and Future Work

We hope to experiment with changing the number
of topics used in our topic modeling in the future.
We also want to improve the topic modeling from
the standard LDA used in these experiments. In
this paper, we have discussed six deduplication
techniques: topic modeling, Gaussian Naive Bayes,
deep learning, time-based organization, clustering,
and summarization.
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Abstract

Automatic bug triaging software such as
Bugzilla, Jira, and GitHub Issues are bug track-
ing systems where users report issues encoun-
tered while using the software. The bug report
is handled by assigning a person or team to
verify the bug and assign it to an appropriate
developer who can fix the bug. We propose
implementing an automatic bug triaging sys-
tem using BERTopic to train and extract latent
information for each developer assigned to a
triaging team. We use techniques from Top-
icMiner and its multi-feature topic model MTM
algorithm to examine a bug report’s features,
such as its product and component. We add
priority and severity to the features of a bug
report to sort and filter developers based on
their experience with specific combinations of
new reports. We sort developers according to
active dates to determine if they are currently
assigned bug reports to fix. We measure our
approach using Top-k accuracy and compare
our findings with TopicMiner MTM, BUGZIE,
Bug triaging via deep Reinforcement Learning
BT-RL, and LDA-SVM. We use bug reports
from Eclipse, JDT, Mozilla, Firefox, and Thun-
derbird to provide various projects.

1 Introduction

Large open-source projects offer an issue tracking
system or open bug repository, where developers
and users can report the software defects they find
or any new feature requests they may have. These
reports are called bug reports. In some cases, devel-
opers can volunteer to work on the reported issues
they find interesting or relevant to their field of ex-
pertise. Additionally, they sometimes report issues
and assign them to themselves. However, in many
cases, particularly in large open-source projects, a
group of developers, called bug triagers, decide
who should process and fix a newly reported issue.
In fact, bug triage is the process of finding invalid
and duplicate bug reports and assigning the valid

and unique ones to the developers working on the
project so they can fix and resolve them.

Bug triagers typically take various factors, such
as the developers’ availability information and
areas of expertise, into account while assigning
bug reports to developers. However, this is a
tedious and costly task. Over the past decades,
(semi-)automated approaches based on various Ar-
tificial Intelligence (AI) methods and techniques
have been proposed to make the bug triage pro-
cess, including bug assignment, more effective and
efficient. This way, the total project costs will
be reduced since the developers’ (including bug
triagers’) time will be used more efficiently. Note
that if a bug report is assigned to a developer with
the wrong field of expertise or with a lack of pro-
ficiency in the matter, it has to be reassigned (i.e.,
tossed) to another developer. This would be costly
for the project since the developers’ time is an in-
valuable resource for the project.

As explained in Section 3, prior works in the
literature have studied the bug triage problem and
proposed various AI-based approaches to address
it, such as approaches based on Machine Learning
(ML) (Anvik et al., 2006) (including graph learn-
ing (Jeong et al., 2009)) and Information Retrieval
(IR) (Sun et al., 2011). Most of them have used the
natural language textual data in the bug reports as a
crucial source of information. Hence, Natural Lan-
guage Processing (NLP) plays a vital role. In gen-
eral, automated bug triage can be considered as a
sub-field of Mining Software Repositories (MSR).

This paper proposes a novel approach to auto-
mated bug assignment in open bug repositories.
Our approach is based on recent advances in NLP.
To this aim, we analyze the natural language textual
information in the summary, description, and com-
ments of existing bug reports for a specific project.
First, we create several topic models for each devel-
oper based on their bug reports. This step is based
on the work of Xia et al. (Xia et al., 2017). Second,
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we will recommend a bug report to a developer
based on the active dates of the developer (Anvik
et al., 2006) (Liu et al., 2022). This step allows
us to use the developer’s years of experience to
recommend bug reports to the best developer.

The contribution of this paper is twofold: First,
it proposes and implements a novel approach to au-
tomated bug assignment. This is validated by our
experimental results using available data from open
reference datasets deployed in the related work in
the literature. Second, it provides an open-source
prototype that enables other open-source projects
using similar issue tracking systems to use the pro-
posed approach, thus benefiting from effective and
efficient automated bug assignment.

2 Related Work

This section discusses the necessary information
for this paper and will help readers understand the
approaches we will take.

2.1 Open-bug repositories
Open-bug repositories allow the user and devel-
oper to interact with bug reports and other issues
the user may experience when using the software.
There is a diverse selection of bug reporting soft-
ware such as GitHub Issues(Fiechter et al., 2021)
and Bugzilla (Serrano and Ciordia, 2005) to name
a few. Bugzilla (Serrano and Ciordia, 2005) and
GitHub Issues (Fiechter et al., 2021) are engineered
to make it easy for the user to report bugs. When-
ever a user reports a bug on GitHub Issues (Fiechter
et al., 2021), the issue is posted online so anyone
can see it; this allows other users to help resolve the
issue if it is a common problem. Bugzilla (Serrano
and Ciordia, 2005) only allows the user and de-
veloper to interact; this can help the developer get
crucial information from the user to fix the issue.

2.1.1 Bug Reports
Bug reports are issues that users can report on soft-
ware to a developer. The issues a user reports differ
from systems and Operating systems (OS), so it is
essential for bug reports to track any valuable in-
formation to the developer. Bugzilla (Serrano and
Ciordia, 2005) was one of the first commercially
standard bug-tracking software that added product
and component sections to a bug report. Adding
product and component makes it easier for the de-
veloper to find the source of a bug; to track a bug,
you must be able to locate it (). Since the release of
Bugzilla (Anvik et al., 2006), the evolution of bug

reports from software like Jira and GitHub Issues
(Fiechter et al., 2021) made the interaction between
developer and user a seamless process.

GitHub Issues (Fiechter et al., 2021) is different
from Bugzilla (Blei et al., 2003) and Jira because
it does not have a traditional template for reporting
a bug. It uses a comment-based system where the
user can freely post an issue. The problem with
this approach is that it allows users to make a dupli-
cate report and requires a triager to read the report.
GitHub Issues (Fiechter et al., 2021) addresses this
with labels developers can create and attach to the
report. The label can be any topic a developer con-
siders appropriate for the issue.

The anatomy of a bug report is broken into prod-
uct, summary, description, and comments. The
product will tell the developer where the user is
having issues. The summary will briefly explain
the problem, and the description will go more in-
depth with details and steps the user tried to fix the
issue. The comment section is where the develop-
ers and users interact; for GitHub Issues (Fiechter
et al., 2021), this is where other users can also com-
ment on a report with suggestions and steps that
can potentially fix the bug. The product, summary,
description, and comment components of a bug
report will give our approach the best chance at
sorting a bug report into the appropriate category.

Figure 1: Eclipse bug report #1518

The figure above 1 shows an example of Eclipse
bug report #1518; from the 1, we see that the prod-
uct is the sub-project of Eclipse, and the component
is the specific issue the bug was found. Priority and
severity are vote-based and set by the trainers and
developers, and the summary gives a brief descrip-
tion and example of how to recreate the issue. The
date reported is when the bug report was issued,
and the date changed is the last date any changes
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were made to the report. Resolution is a tag that
lets developers mark if a bug is fixed, duplicated,
or invalid.

2.2 Natural Language Processing

Natural Language Processing (NLP) is a subfield
of Artificial Intelligence (AI) (Joshi, 1991) that re-
lates to how humans communicate with machines,
indulging human language comprehension. NLP
uses mathematics and computation to model lin-
gusitics. Lingistics is the scientific study of lan-
guage significant to NLP with subdivisions includ-
ing Syntax - the rules of sentence structure; Se-
mantics - the study of linguistic development; and
Pragmatics - the analysis of situational context
in languages. The theoretical side of NLP deals
with Linguistics and the subdivisions of primary
human language. NLP has many concepts that help
with various tasks depending on the situation. The
concepts we are most interested in are text classifi-
cation and neural networks. The following sections
will briefly introduce language models, text classi-
fication, and topic mining.

2.2.1 Language Models
The elementary level of language models is called
N-grams. N-grams are probabilistic models that
use the words in the sentence to predict the outcome
of the next word. The equation is simple: P is the
probability of the next word, w is the word, and h
is the history (or sequence of previous words in the
sentence).

P (w|h) (1)

Equation 1.(Jurafsky and Martin, 2000) Probabil-
ity of word From equation 1., we can predict the
probability of the next word. For example, we can
predict the word for the sentence, The Earth is by
comparing the outcome of round or flat.

P (flat|The Earth is) = 0.2 (2)

P (round|The Earth is) = 0.8 (3)

Since the probability of round is higher than flat,
the equation can predict that the following word in
the sequence is round.

2.2.2 Topic Mining
Topic modeling algorithms such as LDA (Blei et al.,
2003), topicMiner MTM (Xia et al., 2017), and
BERTopic (Grootendorst, 2022) search a whole

dataset to group documents into clusters. The tradi-
tional approach of topic modeling with LDA (Blei
et al., 2003) treats each document as a bag of words
approach. LDA (Blei et al., 2003) looks at each
word in a document and assigns that word to a
topic; the process is repeated until the model has
converged documents of a similar nature together.
TopicMiner MTM (Grootendorst, 2022) extends
LDA by creating a topic modeling algorithm de-
signed for bug triaging. MTM looks at bug reports
features instead of summary or description as the
central aspect of clustering. The combination of
Product and Component and the filtered summary
text allows MTM to cluster documents based on
combinations. BERTopic (Grootendorst, 2022) is
a new topic modeling algorithm; the model uses
a combination of traditional and new methods to
allow a fully customized model that works for what-
ever task it is designed for. BERTopic works well
with dimensionality and clustering techniques to
group documents of similarity into clusters; the
model also adds a human representation of the top-
ics to make it easier to understand a topic.

3 Related Work

This section will explain TopicMiner (Xia et al.,
2017) and how it categorizes each bug report into
topics assigned to a developer. We will explore
LDA (Blei et al., 2003) and explain how we plan
to train our model based on the workings of Top-
icMiner (Xia et al., 2017). The section will break
down the core components of the models and ex-
plain how each section is processed. We will then
explain the concept of Naive Bayes Classifier and
Neural Networks. We will break down the core
concept of the models and the best use cases for
each model.

3.1 TopicMiner(MTM)

This model extends the Latent Dirichlet Allocation
(LDA) (Blei et al., 2003) by converting the words
found in bugs into phrases. LDA (Blei et al., 2003)
allows duplicate reports to combine into a single
topic and helps the bugs that are worded differ-
ently separate into their proper topic. TopicMiner
(Xia et al., 2017) extends LDA (Blei et al., 2003)
by separating each developer into a category that
matches the bug reported. Xia et al (Xia et al.,
2017) proposes three phases: model construction,
recommendation, and model update. (Blei et al.,
2003)

REU Symposium on Natural Language Processing

University of Colorado, Colorado Springs 28



3.1.1 The module construction phase
During the model construction phase, Xia et al.(Xia
et al., 2017) use the training setup from LDA (Blei
et al., 2003). During this stage, MTM (Xia et al.,
2017) initializes each word in each bug report
and additional features are randomly assigned to a
topic. The model will iterate this process to a max-
imum of 500 iterations to determine the likelihood
estimation of the word belonging to a topic. The
process involves three variables: topic distribution,
topic assignment vector, and topic word vector ().
MTM calculates the variables using Gibbs Sam-
pling (Gelfand, 2000). Gibbs sampling is a Markov
Chain Monte Carlo (MCMC) that samples from the
observed word and tries to converge it to the target
(Jurafsky and Martin, 2000). During the training
phase, MTM (Xia et al., 2017) estimates the values
of each word in a topic for every bug report by
looking for the largest posterior.

3.1.2 The recommendation phase
In the recommendation phase, TopicMiner (Xia
et al., 2017) recommends a list of developers for
new bug reports based on reports the individual
developers fixed in the past, this is found from
the model construction phase. To find the rec-
ommended developer for a new bug report, Top-
icMiner (Xia et al., 2017) combines a bug report’s
product and component section into one category
and compares the topics to each developer’s history
of bug fixes. The model then outputs the top 5
recommended developers.

3.1.3 The model update phase
After MTM (Xia et al., 2017) finds the top 5 devel-
opers with the highest chance of fixing the new bug
report, the model then updates the topic probability
of the developer.

3.2 Latent Dirichlet Allocation (LDA)

Latent Dirichlet Allocation (LDA) (Blei et al.,
2003) is a probabilistic model that uses a large
body of text such as documents and corpora to cre-
ate and distribute topics. LDA (Blei et al., 2003)
uses a three-level Bayesian model to classify the
topic of a document. At the basic level, LDA (Blei
et al., 2003) solves the variational inference prob-
lem using Bayesian methods. A variational infer-
ence approximates the posterior distribution of the
latent variables for complex documents and cor-
pora. Using the variational Expectation Maximiza-
tion (EM) procedure, LDA (Blei et al., 2003)[]

finds an approximate posterior distribution for the
model parameters. EM steps are repeated until
the E-step finds the optimized value of the varia-
tional parameters, and the M-step maximizes the
Evidence Lower Bound(ELBO) with respect to the
model parameters.

3.3 BERTopic

BERTopic (Grootendorst, 2022) is a transformer-
based topic modeling algorithm, unlike traditional
methods of LDA (Blei et al., 2003). BERTopic
gives the user complete control over how the model
clusters documents together. The algorithm com-
bines techniques used for machine learning algo-
rithms, such as tokenizers, dimensionality reduc-
tion, clustering, and embeddings. BERTopic starts
with document embeddings; the default for this pa-
rameter is sentence transformers. The following
steps are the most important for our goal. First, we
will look at dimensionality reduction; this step is
crucial for high-dimensional data and can improve
clustering and performance depending on your cho-
sen type. The types of dimensionality reduction
we will experiment with are Principal Component
Analysis PCA () and Uniform Manifold Approx-
imation and Projection for Dimension Reduction
UMAP (McInnes et al., 2020). Once we reduce
the dimensions of our dataset, we can apply a clus-
tering technique we want our model to follow; the
default clustering technique is Hierarchical density-
based clustering HDBSCAN (McInnes et al., 2017).
This technique enables the tuning of parameters to
change the metric used for clustering. Once HDB-
SCAN applies the specified metric, it clusters the
documents based on density and metric, removing
outliers from the clusters. We also will see how
HDBSCAN compares to KMeans (Joshi, 1991).
KMeans (Joshi, 1991) clusters documents differ-
ently; instead of using the density of documents, it
sets a predefined number of topics to look for and
then clusters the documents based on how far apart
the document is from the topic. KMeans will be
helpful since we can set a predefined number of
topics. However, we might run into issues with de-
velopers with a sparse set of bug reports not being
represented and developers with a few bug reports
unable to cluster bug reports. BERTopic uses a
count vectorizer for the tokenizer by default; we
can play with this parameter to see if the traditional
Term Frequency Inverse Document Frequency TF-
IDF is a better option for tokenization. We will
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compare the default settings of BERTopic and try
to fine-tune our parameters to create a cluster of
topics for each developer.

Figure 2: BERTopic Diagram

4 Proposed Approach

Our approach is to use BERTopic (Grootendorst,
2022) to create a model for each developer. We will
then use a sorting algorithm to filter the developer
based on the date of a bug report to test the accuracy
and continue training our model for updates. For
the models that are over a certain threshold, we
will combine clusters and reduce the number of
topics; if the model does not have enough valuable
information, then we will increase the clustering.
We will then save the model and repeat the process.

Figure 3: Our Construction Phase

BERTopic (Grootendorst, 2022) is a valuable
tool that allows you to have complete control over
the structure of your model. In this subsection,
we will break down the creation of the model we
used for this approach. The model is constructed
together using six individual subsections to guide
the model into creating clusters of documents. We
started by using transformers to create our doc-
ument embedding; this was the default for the
BERTopic model, and we found that this worked
better than traditional embedding methods. We will
then use a dimensionality reduction to preserve the
information in our data; we will compare Uniform
Manifold Approximation and Projection UMAP
(McInnes et al., 2020) and PCA (Wold et al., 1987)
to determine the best. We will compare the use of
Hierarchical density-based clustering HDBSCAN

(McInnes et al., 2017) and KMeans (Krishna and
Murty, 1999). Both algorithms work well in dif-
ferent ways. We will use a count vector, remove
the stop words from, and experiment with differ-
ent ngram ranges to determine how increasing or
decreasing the ngram range helps with our model.
3 shows a diagram of our model construction. We
first train our current developers with over a set
amount of bug reports fixed on a shuffled dataset.
The dataset is shuffled so that we can train the
model to learn the developer’s pattern of bug re-
ports to fix. Once the models are trained, we will
use our testing data to predict the type of bug report
to the developer.

Once the model is trained, we will use a sort-
ing algorithm to filter out the dates and select the
active developers during a bug report. We get our
inspiration from BT-RL (Liu et al., 2022) and Avik
(Anvik et al., 2006). They proposed looking at ac-
tive developers and recommending a new incoming
bug report based on the recent activity. We plan
to create our model based on the dates a developer
was active to test the model’s accuracy for predict-
ing a developer based on the time they were active
and the new bug reports. Priority and severity also
play an essential role in the triaging process, so we
will add those additional features to the BERTopic
model so that the machine can create a profile of the
developers based on their underlying topics. Once
our algorithm filters developers by the date, prior-
ity, and severity level, we will test each BERTopic
model that is relevant to an incoming bug report
and find the highest probability a developer has of
fixing a bug report. We display the Top-k number
of developers with the best chance of fixing a bug
report. If we have an even split of developers who
are recommended as the best developer for fixing a
bug report, we will force the model to choose the
best developer based on the date of activity. If a
developer activates the most around the time of a
bug report and the developer has the experience
with fixing the type of report, then that developer
will become the Top-1 developer. ?? shows the
breakdown of the sorting algorithm.

5 Experimental Results

To measure our approach’s effectiveness, we find
the Top-K accuracy that our model predicts the cor-
rect developer. We do this to compare our results
with other research (Anvik et al., 2006)(Xia et al.,
2017)(Liu et al., 2022). To find the Top-K accuracy,
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Table 1: Statistics of bug reports before filtering

Project Period Amount Product Component Combination Developers Final Amount Final Developer
Eclipse 2001/10/10 - 2013/12/30 85,156 4 21 25 335 42,414 296
Mozilla 1997/03/28 - 2013/12/31 205,069 - 130 - - 101,500 -
Firefox 1999/07/30 - 2013/12/31 115,814 - 52 - - 19,270 -
JDT 2001/10/10 - 2013/12/31 45,296 3 6 11 172 22,750 138
Thunderbird 2000/04/12 - 2013/12/31 32,551 1 23 23 380 5703 12

we count the times our model guesses the correct
prediction over the total number of predictions.

Top-k =
#ofcorrect

Total#ofpredictions
(4)

We also measured the precision and recall of our
model to compare our results with other research
papers (Anvik et al., 2006). To measure the re-
call accuracy, we count the total number of correct
developers over the number of correct developers
plus false developers. Precision counts the number
of correct developers over the number of correct
developers plus the number of incorrect developers.

Recall =
# of correct

# of correct +# of False Negatives
(5)

Precision =
# of correct

# of correct +# of False Positives
(6)

5.1 Experimental Setup
We used 486,591 bug reports from the bughub
GitHub repository (Yuan et al., 2024); the reposi-
tory uses bug reports from Bugzilla (Serrano and
Ciordia, 2005) websites. We added three additional
columns to each of the bug reports, Assignee Real
Name the name of the Developer, Product this is the
platform the bug is occurring, Severity how severe a
bug report is. With the addition of the new features
of a bug report, we will create a BERTopic model
(Grootendorst, 2022) for each Developer relevant
to the Project. We filtered our dataset based on
the previous works (Xia et al., 2017)(Anvik et al.,
2006)(Liu et al., 2022) and decided a developer is
relevant to a project based on the number of bugs
fixed in the past. We filtered the dataset further by
removing generic developer names from our list
(Xia et al., 2017) shows a breakdown of the final
number of developers. The Project is the name of
the bug reports and where they were pulled from,
Amount is the total number of bug reports in the
dataset, Product is the total number of products

in the bug report, Component is the total number
of Component in the bug report, Combination is
the total Combination of Product and Component
combined, and Developer is the total number of
developers. Additionally, we filtered out the devel-
opers that fixed over 100 bug reports; this helps
the BERTopic model make enough clusters that it
can be used to predict bug reports. We can use
developers that have fixed bugs less than 100 if we
apply different types of dimensional reduction and
clustering means.

Each developer will have a BERTopic model
fine-tuned to the bug reports marked as fixed by
the developer; we do this to ensure that the models
receive accurate information about a developer’s
past. We first filter our data set by the developer
and then do an 80/20 split on the developer’s bug
list. Once the model is trained, we will reduce the
number of topics for larger models to a smaller
size; we tested different values and found that re-
ducing the more prominent models to ten topics
allows for the models to retain a high probability
score and allows smaller models to have a chance
of being a top pick. We reduced the number of
outliers for smaller models, allowing the models
to have more representation from the developer’s
documents. Once a developer’s BERTopic model
finishes, we save the model and repeat the process
for the remaining developers.

5.2 Results

We applied a simple accuracy test to our model
and compared it to TopicMiner MTM (Xia et al.,
2017), BT-RL (Liu et al., 2022), LDA-SVM, LDA-
KL, and BUGZIE (Tamrawi et al., 2011). Among
the baseline models, TopicMiner MTM (Xia et al.,
2017) performed the best compared to the other
approaches. We compared Eclipse, Mozilla, Fire-
fox, Thunderbird, and JDT bug reports. We mea-
sured the Top-K accuracy of our model, focusing
on Top-1 through Top-5 accuracies. We treated the
testing phase as the recommendation phase for a
new bug report received, so we needed to ensure
that our model was trained on the datasets in a time
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sequence manner. Each developer’s bug reports
were split into a test and training set, meaning the
models will predict new bug reports unseen by the
developer up to the time report split. This approach
gave us a real-world view of how accurately our
model predicted the correct developer.

Table 2: Top-1 Accuracy

Projects BERTopic MTM BZ BT-RL LDA-SVM
Eclipse - 0.64 0.39 0.46 0.15
Mozilla - 0.52 0.30 0.20 0.15
Firefox - - - - -
JDT 0.97 - - - -
Thunderbird 0.82 - - - -
GCC 0.88 0.51 0.27 - 0.21
Average 0.89 0.55 0.32 0.33 0.17

Table 3: Top-5 Accuracy

Projects BERTopic MTM BZ BT-RL LDA-SVM
Eclipse - 0.90 0.71 0.78 0.35
Mozilla - 0.78 0.72 0.68 0.32
Firefox - - - - -
JDT 1.00 - - - -
Thunderbird 0.92 - - - -
GCC 0.91 0.80 0.59 - 0.49
Average 0.94 0.81 0.68 0.73 0.39

6 Discussion

6.1 Threats to Validity
6.1.1 Internal Threats
We tried to find and recreate the models we used to
compare our results but could not find them. So, we
compared the results of the models obtained in their
research with the appropriate project to keep the
measurements and compare our model similarly.
Our approach can take up a lot of space depending
on the number of developers since we are creat-
ing one BERTopic (Grootendorst, 2022) model per
each developer. Additionally, adding a new devel-
oper is easy however for our model to best work it
is recommended that the developer has fixed over
a certain amount of bug reports before creating a
model. The issue can be fixed with using a different
type of clustering and dimensional reduction, we
found that KMeans (Krishna and Murty, 1999) and
PCA (Wold et al., 1987) are good options to start
and test the difference. Our approach also relies
on bug reports with dates as we found the best for
filtering developers.

6.1.2 External Threats
The bug reports we used for our testing was pulled
from the bughub GitHub (Yuan et al., 2024). The

total amount of bug reports used from the repos-
itory totaled 486,591 reports. The projects used
for the research were limited to sub-projects of
Eclipse and Mozilla. The Eclipse sub-projects
are Eclipse-platform and Eclipse-JDT. The Mozilla
sub-projects are Mozilla-firefox, Mozilla-core, and
Mozilla-Thunderbird. Since the dataset used with
our model is limited, we need to apply different
projects so that we can get a broader range of dif-
ferent types of bug reports.

7 Conclusion and Future Work

We made the model for this project open-source
and encouraged the development of our project for
future research and projects. In the future, we plan
to improve the model’s efficiency to see if using
the BERTopic (Grootendorst, 2022) model merge
feature significantly impacts the predictability of
new bug reports to developers in the future. We
would also like to improve our filtering process
using a neural network or a decision tree. That way,
we can train the model on the dates of a developer
and allow it to filter the developers automatically.
We will also add more projects and bug reports to
test our model from bug list on Bugzilla’s website,
allowing us to test a broader range of developments
and developers. The goal is to be able to apply the
model with something like GitHub issues (Fiechter
et al., 2021); as of now, we will continue to use
Bugzilla for its ease of access.

We applied a traditional approach to automatic
bug triaging using topic modeling. We get our mo-
tivation from the works of previous research papers
(Blei et al., 2003)(Anvik et al., 2006)(Xia et al.,
2017)(Liu et al., 2022) and extend the works of
automatic bug triaging with a new approach of ap-
plying BERTopic (Grootendorst, 2022) and using
a sorting algorithm. We differ from the previous
research by creating one topic model per devel-
oper, allowing us to cluster the bug reports marked
as FIXED to create a pattern of bugs the devel-
oper has the best chance of fixing. We also found
that we can filter our developers using the dates,
priority, and severity of bug reports to allow our
model a better chance of creating a Top-K of de-
velopers with the best experience to fix a particular
bug. From this, we can guide our model to look
at developers and choose who is best at fixing a
certain bug report based on the experience level
or the number of years they actively worked on a
project. With the additional features, we added to
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the BERTopic models, and the sorting algorithm
applied to developers once a new bug report is
received, we were able to beat previous research
papers by a significant amount. We can further
improve the accuracy of our model by applying a
Neural Network or some other kind of decision-
based algorithm and learning the developer’s level
of experience based on the total number of years,
bug reports, priority, and severity level bug reports
they have fixed. Adding other types of models
trained on years of experience with the ability to
look at the type and time frame of a bug report
would help the model learn how to categorize in
a history-based instead of only looking at the fea-
tures of a bug report we learned that we could help
our model make correct predictions through the
use a sorting algorithm. The sorting algorithm with
BERTopic (Grootendorst, 2022) opens the door for
future work to improve the efficiency and learning
of the model.
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Abstract

The deployment of a complex keyword model
to resource-constrained or edge devices opens
up a range of applications, from smart home
systems to voice-activated devices. In this
project, we utilize a transfer learning model,
to achieve high accuracy with a small dataset.
The final model boasts a 97% accuracy rate
and is trained on over an hour of audio data.
Edge Impulse is instrumental in this process,
facilitating data collection, processing, model
selection, training, data analysis, and deploy-
ment to the Arduino Nano 33 BLE Sense chip.
This chip is specifically designed for IoT and
AI applications, making it an ideal choice for
this scenario. While most existing research fo-
cuses on a limited set of keywords, our model
can process 23 different keywords/labels, en-
abling it to perform complex functions based
on these inputs. This advancement significantly
broadens the potential use cases for edge de-
vices, demonstrating the feasibility and effec-
tiveness of deploying sophisticated AI models
on resource-constrained hardware.

1 Introduction

Natural Language Processing (NLP) is a crucial
area of Artificial Intelligence (AI), which deals
with enabling computers to analyze and understand
human language (usually in textual form), reason
on it, and respond to it. Machine Learning (ML)
is also a sub-discipline of AI. ML methods and
techniques are applied in NLP, among other areas.

ML models are trained on large amounts of data
using ML algorithms. There exist various ML
model families, such as Decision Trees, Support
Vector Machines (SVMs), and various architectures
for Artificial Neural Networks (ANNs). Training
advanced ML models (e.g., deep ANNs) typically
requires a huge amount of data, as well as intensive
computational resources. Once trained, ML models
can perform (e.g., make predictions) with a lower
expectation of computational resources. However,

their sizes are still typically too large to fit into
the main memory of many resource-constrained
Internet of Things (IoT) devices, such as embedded
microcontrollers in sensor motes, which possess
only a few Kilobytes of memory. With the advent
and rapid expansion of the IoT, this has become
a more interesting and relevant problem in many
domains.

TinyML is a recently emerged sub-field of ML,
which involves ML models that can be deployed
on microcontrollers with energy consumption in
the order of milli-watts (mW). They typically also
possess a main memory in the order of Kilobytes
(KB). The challenge is to make ML models com-
pact enough to fit into the limited memory and
consume a very low amount of energy without com-
promising the performance (e.g., drop in accuracy,
precision, and recall) at a minimal and acceptable
level. Note that compacting ML models often im-
plies applying quantization techniques to numeric
values (e.g., parameters’ weights) that inevitably
degrade their performance capabilities.

In this paper, we concentrate on ML models
deployed in NLP and aim to fit them onto the main
memory of a resource-constrained IoT platform,
namely the Arduino Nano 33 BLE Sense (Arduino
Nano 33 BLE Sense) microcontroller board with
a main memory (SRAM) of 256 KB. We use
the Tensor Flow Lite library (TensorFlow Lite;
TensorFlow Lite for Microcontrollers) which has
seen improvements in its use regarding NLPs
(TensorFlow Blog, 2020). The developers behind
the Tensor Flow Lite library made improve-
ments to an existing NLP model MobileBert
managing to improve the size and speed of the
model while only observing a minor drop in ac-
curacy. This process was achieved via quantization.

TinyML has strong applications in IoT-related
use cases (Dutta and Bharali, 2021). This is due
to the advantage of local computing as opposed
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to cloud computing most evident when the size of
data being processed is large. It is often preferred to
have a small microcontroller handle the majority of
data and then work together in an IoT environment
to bring a synchronous product. Some concrete
applications of this approach can be observed in
smart cars or smart homes where the car sensor
data (audio or distance) is processed by a local
TinyML.

This paper is structured as follows: Section 2 pro-
vides some background information about TinyML,
NLP, and IoT. Further, we review the literature in
Section 3. In Section 4, we propose our novel
approach and report on our experimental results
in Section 5. Moreover, Section ?? discusses the
results and points out potential threats to validity.
Finally, we conclude and suggest future work in
Section 6.

2 Background

2.1 TinyML

TinyML or Tiny Machine Learning is the process of
training, downloading, and using machine learning
on a resource-constrained device such as a micro-
controller (Ray, 2022). These machine learning
models are typically scaled down to fit on the main
memory of the chip.

TinyML has applications in various fields of-
ten being a great alternative to processing data on
internet-heavy systems. They either allow for re-
dundancy or efficiency in already existing systems
that bring a suite of benefits to those who use them.
Some of these could be cost, performance, redun-
dancy, etc. Additionally, these microcontroller de-
vices can also be used to run sensors or other data
collection devices often also being able to process
the data in some way before combining it. It is via
the Internet of Things that this process maintains
its connection and thus the use of the TinyMLs.

From a practical approach, TinyML holds a mul-
titude of uses. Machine Learning models could
be deployed for voice or text recognition i.e. Siri
or Google Assistant on mobile platforms. They
can also be used to potentially process spoken or
written language as a whole to perform a general
series of tasks on a use-case basis; for example,
listening for a keyword to turn on the lights in a
smart home or creating a direct translation via an
onboard speaker.

In this case, a simpler approach will be taken via
a keyword analyzer that processes more complex

commands. Additionally, TinyML sees uses when
running any computing system that requires low
power or long battery life. Ideally using a cheap,
low-cost, and rapidly mass-producible model. The
growth of this technology will bring benefits to a
multitude of fields.

2.2 NLP
Natural Language Processing is a series of tech-
niques and methods that are used to quantifiably
interpret language (Jurafsky and Martin, 2024).
The core of this process is handled by a series of
probabilistic equations typically in connection with
neural networks or other machine learning models.
These equations help determine the likelihood of
certain words appearing after a given word or set
of words; it is important to note that these "words"
can be quantified through any form of language
with the most common applications being speech
and text. When these equations are used in tandem
with machine learning it provides an interesting
application of the processes that can interpret any
form of language as long as the training data is
significant enough. These language models with
significant training data are typically referred to as
Large Language Models (LLMs).

NLP also includes various techniques of cate-
gorizing speech in order to improve or direct the
use of NLP in ML. One such method can be ex-
plored via a grammar classification i.e. breaking
up nouns, verbs, adjectives, etc. These classifica-
tions help LLMs determine and properly recognize
speech heavily decreasing the training data needed
to output understandable text.

One common metric for measuring a language
model’s performance is via its F1 score. This score
is graded on a metric of precision and recall. Preci-
sion is a measure of the number of positive items
that the system correctly labeled. Recall repre-
sents the number of items that the system labeled
correctly. Mathematically precision is represented
by the following equation (Jurafsky and Martin,
2024):

Precision(P ) =
truepositives

truepositives+ falsepositives
(1)

Next, the equation for Recall is represented by the
following equation (Jurafsky and Martin, 2024):

Recall(R) =
truepositives

truepositives+ falsenegatives
(2)

REU Symposium on Natural Language Processing

University of Colorado, Colorado Springs 35



The equation for the F1 metric then uses the fol-
lowing formula (Jurafsky and Martin, 2024):

F1 =
2PR

P +R
(3)

Equation 3 is one of the more common ways of
evaluating the performance of text classification as
it provides a more useful account of performance
then simply using accuracy would.

2.3 IoT

The Internet of Things is a broad classification cat-
egory typically referring to the interconnection of
internet devices via the internet (noa). It is an ever-
expanding and ever-relevant field in the modern era.
With the widespread use and popularity of AI and
servers as a service the Internet of Things is even
more ingrained in human culture than ever before.

One of the major downsides of the Internet of
Things is the potential pitfalls that may arise when
an internet connection is lost or is not stable/fast
enough to process incoming data. This pitfall is
where TinyML could be used in order to enhance
an IoT framework or structure. One way this can be
done is by handling some or all of the data process-
ing locally on a microcontroller thus bypassing the
complete reliance and cost of doing the processing
via the internet. Additionally, the chip itself can act
as a fallback in case an internet connection is lost
thus allowing for some redundancy in the system.

In application, this convergence between
TinyML and the Internet of Things is a factor that
is desirable to many and has great real-world ap-
plications. For companies, it can be a cost-saving
measure that can greatly reduce the amount of data
that they are sending over the internet for their
servers to process. For a general device user, it can
bring them the added security of either redundancy
or a performance increase on their device.

The real-world applications of the Internet of
Things and TinyML can be seen across almost ev-
ery industry in the modern world. Airplanes need
to process a high amount of data every second and
use it in real-time; TinyML can reduce the data
being sent over the internet thus improving the sys-
tem. For general mobile phone users, TinyML can
benefit their voice or AI searches as well as po-
tentially improve battery life depending on the use
case.

3 Related Work

3.1 TinyML Speech and Gesture Recognition

(V et al., 2022) have applied a tiny machine learn-
ing model for both speech and hand gesture recog-
nition onto the Arduino Nano 33 BLE Sense mi-
crocontroller. Their model listens for very specific
keywords to activate the onboard LEDs focusing
primarily on their color. This is a good baseline
and start to the research which will then expand
upon this topic.

3.2 Real Time Voice Recognition

(Patel et al., 2023) have implemented a self-trained
edge impulse keyword detection system with a
high degree of accuracy. This self-trained model
was then transferred to and used on a resource-
constrained system, the Arduino Nano 33 BLE.

3.3 Speech Anger Detection System

(Waqar et al., 2021) uses a unique method of deter-
mining speech categorization that can potentially
be expanded to other NLP models or projects. It
also provides various chip capabilities and limita-
tions. This allows for an application of speech
recognition that categorizes levels of anger in
speech and returns a visual reading.

3.4 Design of Custom Keyword Recognition

(Nived et al., 2023) train a model to listen for cus-
tom keywords by using edge impulse. They detail
the training process and the specific custom key-
words selected. Additionally, this research shows
a potential method of recognizing more complex
keywords provided proper model training.

3.5 AI Neural Networks Inference into the
IoT Embedded Devices

(Toma et al., 2020) performs an in-depth look at the
various structure elements behind the use and func-
tion of neural networks in TinyML. This research
covers the tools and processes behind training and
deploying a model to a TinyML device. Addition-
ally, it references the internal logic needed to be
performed by the chip in order to complete a spe-
cific function.

3.6 Introduction to the special issue on
TinyML

A summary of the conference proceedings for the
Association of Computing Machinery (ACM) adds
some key insights into the current state of the art
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regarding tinyML (Theocharides et al., 2024). This
introduction to the idea and brief summary of the
papers submitted helps to determine the current di-
rection of TinyML and provides some good works
to follow when exploring TinyML.

3.7 TinyML: Tools, Application, challenges,
and future research

(Kallimani et al., 2024) compiles a comprehensive
review of various sources relating to TinyML in
2023. This work provides a good background for
popular topics in TinyML and a general overview
of the more in-depth aspects of TinyML. It is a
good general background baseline to either com-
pare newer advancements to or to give general
knowledge relating to a specific TinyML process.

3.8 TinyTS: Memory-Efficient TinyML
Model Compiler Framework on
Microcontrollers

(Liu et al., 2024) create a new DNN model compiler
that focuses on memory efficiency and speed called
TinyTS. The concepts used to make the model and
the model itself will see use when compressing
a trained model onto the Arduino Nano 33 BLE
sense chip.

3.9 Implementation of a
Speech-command-interface on
Microcontroller with TinyML

(Pham, 2024) experiments with more complex com-
mand methods. The work is able to recognize 13
total commands and process them with an average
accuracy of 80%. This research is closely related
to applying more complex commands as it focuses
on recognizing a larger command suit and provides
some good potential direction for possible machine
learning models and training data. Additionally, it
explains the process mathematical and otherwise
behind speech recognition. Published in 2024 this
is a good direction for the research to follow and it
provides a good testing standard to compare data
to.

3.10 On-Device Domain Learning for
Keyword Spotting on Low-Power
Extreme Edge Embedded Systems

(Cioflan et al., 2024) explores a unique method of
handling noise featuring on-device machine learn-
ing meant to adapt to background noise thus in-
creasing accuracy over time. The noise handling

method could potentially be adapted in order to
increase the accuracy of predictions and readings.

3.11 Towards Contactless Elevators with
TinyML using CNN-based Person
Detection and Keyword Spotting

(Pimpalkar and Niture, 2024) explore an applica-
tion of TinyML that involves person and keyword
detection in an elevator use case. This research
shows the different states of the elevator transfer-
ring from a non-listening mode to a listening mode
after a given condition is met (a person is detected).
Additionally, this offers some potential solutions
to differentiating between states and can provide
some insights into further training a custom speech
model.

3.12 Voice Activated Edge Devices Using Tiny
Machine Learning Enabled
Microcontroller

(Uddin et al., 2024) explore another application of
keyword detection, that being a smart fan. This
research innovates by accommodating for noise
specifically from the fan itself therefore increasing
the accuracy of detection. This method of listening
specifically for noise is a good potential adaptation
to this research. The fan use case is also another ap-
plicable IoT use case for the results of the research.

3.13 TinySV: Speaker Verification in TinyML
with On-device Learning

(Pavan et al., 2024) uses a speaker verification pro-
cedure along with keyword detection. This two-
step process offers some insight into potentially
syncing the two chips together so that they oper-
ate as one coherent unit. Additionally, it offers
some unique approaches to model training that can
contribute to the research.

3.14 Efficient Deep Learning Computing:
From TinyML to LargeLM

(Lin, 2024) offers a more efficient approach to
TinyML both training and inference in the the-
sis. Additionally, some common quantization and
efficiency techniques are discussed in regards to
TinyML that manages to maximize the efficiency
and accuracy while also maximizing the available
space on a TinyML device. This thesis manages
to explain and provide a suite of tools that can
contribute to the implementation of TinyML in a
memory-efficient way.
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3.15 Audio–visual keyword transformer for
unconstrained sentence-level keyword
spotting

(Li et al., 2024) provide a unique approach to
speech based NLP. This research also provides
some good potential test cases and scenarios to test
the language models on in order to determine their
accuracy. Some of these test cases will be used in
order to identify the validity of the research.

3.16 Edge Impulse: An MLOps Platform for
Tiny Machine Learning

(Hymel et al., 2023) explore Edge Impulse a
software-as-a-service online tool that allows de-
velopers to simplify the machine learning pipeline
for edge devices. This paper details a simplified
process behind what edge impulse does as well
as explain its uses in both academia and industry.
Additionally, it goes into detail about the general
process behind some of Edge Impulse’s more im-
portant tools and processes. This paper provides
a good baseline for Edge Impulse development,
recreation, and use in industry and research.

3.17 1D convolutional neural networks and
applications: A survey

(Kiranyaz et al., 2021) explores the concept and
application of 1D convolutional neural networks.
This paper details the process behind the network
and its advantages those being that these networks
have a much smaller complexity when compared to
2D CNNs and that they provide great results on rel-
atively small datasets. This paper also discusses the
need to use a DSP step before processing the data
with the CNN as it helps the neural network extract
features from the audio file more consistently and
easily.

3.18 SpecAugment: A Simple Data
Augmentation Method for Automatic
Speech Recognition

(Park et al., 2019) propose a state-of-the-art method
of handling speech/audio data. In the context of
machine learning, this involves doing some audio
preprocessing in order to make it easier for a model
to pull features out of an audio input. This method
makes the model more accurate and drastically re-
duces the required dataset size for the model to
function properly with a high accuracy. This is
also the technique that edge impulse uses in order
to preprocess data before sending it into a neural
network.

4 Proposed Approach

An Arduino Nano 33 BLE sense chip will be used
in order to process complex tasks and commands.
The general logic of this process will be as follows.
The chip will initially be in a ’sleep’ mode and will
be awoken with the input of the keyword ’Wake
Up’. Once awoken the chip will be in a listening
mode where it will wait and listen for a user’s spo-
ken commands. If nothing is said from this state
the chip will transition back to the ’sleep’ mode.

Figure 1: Chip State Logic

The chip and its functionality will be tied to the
usage of the on-device LEDs and thus the recog-
nized commands of the machine-learning models
will relate to the LEDs and their colors. In order to
process more complex commands with the chip the
command interpretation will be split into a series of
smaller keywords that the model is programmed to
recognize. These keywords will then act as ’flags’
for the program to recognize with some being re-
quired before a desired function is observed. The
model and its training will be split in two for the
initial creation of the machine learning model. One
of these models will be trained on the LEDs col-
ors and another will be trained on a desired list of
commands that the chip should follow. For their
initial creation, the models will each have their own
custom dataset, and will also be tested separately to
one another. This is done in order to have smaller
subsets to work with that allow for the potential of
using two chips that each individually host their
respective model; as well as to allow for the option
to retrieve only one of the models for reuse. For
example, one may want to use the command model
because it is relevant to their application, but they
are not using a system that has the specific colors
that the color model listens for.
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Figure 2: Text Interpretation Breakup

In order for an action to be taken by the chip
the chip needs to hear keywords that activate the
correct flags with the keyword ’LED’ functioning
as an execute command. When ’LED’ is said the
flags will be processed and if the correct flags are
set an action will execute. These flags will each
have their own priority of consideration during the
execution phase.

The Edge Impulse (edg) platform will be used in
order to train and deploy the model onto the chip.
First, a model will be trained, deployed, and tested
for the colors, and then a model will be trained,
deployed, and tested for the commands. Afterward,
the two datasets will be combined and the model
will be retrained before deploying the final model
to the chip. The edge impulse tool/framework has
predefined optimizations for the Arduino Nano 33
BLE Sense chip as well as a variety of other hard-
ware devices, allowing for cloud testing of the mod-
els before deployment, and for the potential to port
the model to another chip.

5 Experimental Results

5.1 Experiment & Results
The initial starting point of the implementation of
the proposed approach begins with a basic hard-
ware test to ensure that the chips are functioning
properly. To do this some basic tests of the Blue-
tooth functionality of the chip as well as some tests
for the LEDs on the chip are needed. Additionally,
this gives an indication of the projected speed of
the Bluetooth connection between the two chips.
This test is performed by following a basic guide
given by Arduino (Bagur). The results of this test
concluded with a confirmation that the low-energy
Bluetooth connection is a viable and fast method
to communicate between the chips and that two of
the chip LEDs are programmable and easily usable.
This showcases the IoT potential of the chip. Ad-
ditionally, the system appears to be active LOW
and the LED colors are slightly different than what

is initially programmed into the chips header files
for the color definitions. Finally, this step yielded
the inference that the Micro USB cord connected
to the chip needed to meet a standard that requires
data transfer.

Next, a test of building the color keyword identi-
fier model was attempted using Edge Impulse. This
tool allows for easily creating test data, training the
model, and compiling the model. Additionally, it
allows for model retraining. Each of these features
were explored tested and used in order to create a
basic model that recognizes two color keywords.
Each keyword is given around 33 one-second audio
files containing the keyword which is split between
training and testing 80-20. Edge Impulse automati-
cally added its own general noise data in order to
categorize background noise. From this, the basic
functionality and capability of the Edge Impulse
software environment were explored for its func-
tionality, use, and features.

The model created on and by Edge Impulse was
also tested for deployment. The basic test model
was ported to an Arduino Library Zip file and ex-
ecuted as an ’example’ in the Arduino IDE after
importing it. This endeavor proved successful after
properly selecting a quantized model to use on the
chip. The functionality of this model consisted of
constantly reading from the microphone on the chip
and displaying the probability that the sound heard
falls under one of four categories. Some experimen-
tation was also done in regard to trying to modify
the test model in order to change the functionality
slightly. This concluded with the realization that
the model should be trained on speech data pulled
from the chip itself and that the response time of the
current model is within an acceptable parameter.

The guides on Edge Impulse were ported over
in order for the software to read directly from the
chip. The first guide (Edg, a) followed a general
overview of the process needed in order to connect
to the chip. There were some issues found with
the flash_windows.bat file that was provided in the
guide which mainly centered around the Arduino
CLI 1.0 which the script was incorrectly labeling
as an incorrect version. Additionally, the file was
also trying to use COM6 instead of COM5 where
the chip was actually connected. The .bat file was
modified by using notebook++ in order to ignore
the Arduino CLI version and select COM5. With
these modifications, the first guide was able to be
followed to completion without further issues. The
Edge Impulse CLI tutorial (Edg, b) was also fol-
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lowed as a prerequisite step for the previous guide.
The only issues encountered in this step related
to the length of the program’s installation. The
download of node.js and its required files is a long
process thus a significant amount of time should be
allocated before terminating the process.

The second chip test was performed using a com-
bination of the knowledge base of the research to
date. The previous model was modified in order
to replace the audio keyword data shifting from
the original audio (computer microphone) to the
new audio source (Arduino Nano 33 BLE sense
microphone). This model was kept simple thus
only the keyword label "Red" was used for the new
model. The training method differed from the pre-
vious model as the audio files had to manually be
recorded and moved to either the training or testing
datasets. The chip microphone recordings were
made at 16000 Hz at an interval of 20 seconds be-
fore being split up with the assistance of tools. The
new model has a total of 35 seconds of training
data for the keyword red. Despite this data point
increase over the previous model, the accuracy of
the model suffers slightly from the drop in micro-
phone quality and the manual audio split. When
the model was uploaded to the chip and modified to
use the logic of the previous test it was shown that
the keyword ’Red’ was being accurately listened
to and processed. From this test it was concluded
that this model only had successful readings when
the keyword was spoken at the distance that it was
trained at.

The third chip test involves the functionality of
the chip itself rather than the machine learning mod-
els deployed on them. This experiment watches the
function of the LEDs on the board itself and their
associated colors. In this step it was found that the
blue and green pins are reversed from the chip’s
regular assumed values from the Bluetooth exam-
ple (Bagur). Additionally, the colors are active low
as opposed to active high. So a value of 0 activates
the color and a value of 255 deactivates the color.
From this experiment it was found that there are 8
easily discernable colors that can be made from the
LEDs which will serve as good keywords for the
color model. There are more than 8 possible colors
that the LED can display, but those colors will be
adding unneeded complexity. After confirming the
functionality of the on-board LEDs, the next pro-
cess to be tested should be a two-way Bluetooth
connection.

Developing a simple working prototype was the

fifth test. For this test, the culmination of the re-
sults of the previous tests was used. The model
was trained using a much larger collection of data
for each keyword. Approximately one minute and
thirty seconds for each keyword, and the training
was done both at a moderate distance and a close
distance to the speaker. The accuracy of this model
has been inconsistent so far, showing poor results
for red and good results for green. This suggests
that even more thorough training data should be
used for the process. Also, it was noted that there
have been no issues with porting a model of this
size to the Arduino Nano 33 BLE sense micro-
controller which means that a larger audio dataset
can acceptably be used to train the model for the
purpose of improving accuracy.

The sixth test was an expansion of the previous
prototype into a model that was closer to the desired
use case. Eight color keywords were trained for
the model before importing it to the chip. For this
process, the previous method of recording training
and testing audio at differing distances was used,
and the testing and training split was done automat-
ically by the software in order to attempt to reduce
any human bias that might be observed via the split.
It was observed from the previous tests that the mi-
crophone on the chip had its own static/background
noise that was constantly present on each of the au-
dio files. It was suspected that this was a major
cause of the model’s practical inaccuracy and the
primary cause of the model incorrectly predicting
certain keywords as a different keyword. In order
to alleviate this potential pitfall the color model
used in this test was trained on background noise
that was present in some of the prior recordings. It
was observed that this made a dramatic increase in
the model’s accuracy both in theory and practically.
Additionally, there were some difficulties that were
met when the initial model with the highest accu-
racy was selected as the digital signal processing
method that was used for that model was one that
excelled in non-human voices/sounds. A different
DSP method was then selected that had a lower
accuracy score of 95% but used the DSP model
that was specifically designed for voices. When
this new model was ported over to the device it
saw a stronger keyword reading and accuracy in a
practical sense than the previous test had managed
to achieve. The model did at some points wrong-
fully categorize general speech unrelated to the
keywords as one of the keywords, but for the ma-
jority of the words that the model was trained on an
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LED relating to the keyword would turn on when
the keyword was said. From this process, it was
seen that training for the noise specifically gener-
ated by the chip’s microphone drastically increased
the accuracy of the model, the DSP (digital signal
processing) method that was used also improved
speech recognition and the model prototype would
likely need some more tweaking and training in
order to reach a more usable state.

The seventh test involved the exploration of the
chip’s low-power settings and its local interrupts.
From this experiment it was determined that the
chip currently does not have any libraries that sup-
port low power, and thus only has access to the
sleep function. During this process, the method of
creating a timer and using it for an interrupt was
derived and used successfully. Unfortunately, the
team was unable to identify a method of allowing
for interrupts via the chip’s microphone. Thus the
actual use of the sleep function for the intended
effect in the chip’s logic was not able to be imple-
mented. Instead, a process to simulate the sleep
process will be used instead. Unlike the regular
form of sleep this process will not have any power
benefits but will instead process through an infinite
loop that will look for a specific keyword before
unlocking the continued function of the model.

Following this another test was performed chang-
ing the logic of the original color prototype; this
new logic checks for a 60% or greater certainty
with the model’s classification before making the
classification. This process observed a slight de-
crease in the improper classification of random
speech, but it should be noted that the model also
performed slightly worse at general classification.
It is believed that this tradeoff between accuracy
and correct classification is worth the implementa-
tion of such a system.

Using the previous methods learned and devised
from the prior tests a dataset was created for the
desired command keywords and combined with the
color dataset in order to create a cohesive model
that has strong functionality. The accuracy and
performance of this model exceeded the individual
accuracy of each dataset when kept separate. Using
this new combined dataset the model will then need
to be adapted in the code in order to handle the
proposed processes and functionality.

For the final release of the model, the behavior of
the chip using the predictions of the keyword model
was implemented using a specific hierarchical struc-
ture where certain keywords took precedent before

others in order to properly implement the desired
functionality. In order to achieve this some of the
problems with the model were exploited in order to
provide a reliable way of recognizing when some-
one is speaking to the model. This is done by mak-
ing use of the incorrect classification of general
human speech as one of the non-noise keywords.

The results of this final model showed a high
accuracy, and high F1 scores across every key-
word/label that the model can assign. With the
worst F1 score being 0.93, observed in the classi-
fication of the noise label that was autogenerated
by edge impulse. The average F1 score was: 0.98,
the average precision was: 0.97, the average recall
was: 0.98, and the accuracy was: 97.26%.

The dataset was created off of 1 hour 3 minutes
and 31 seconds of data with each file taking up a
1-second interval. Each label has its own train and
test split but they average out to an 80/20 split.

Table 1: F1 scores per label

F1-SCORE PRECISION RECALL
BLUE 0.96 0.96 0.96
CYAN 0.95 0.95 0.95

GREEN 1.00 1.00 1.00
LED 1.00 1.00 1.00

MAGENTA 0.98 1.00 0.95
OFF 0.98 1.00 0.96
ON 1.00 1.00 1.00

RED 1.00 1.00 1.00
WAKE UP 0.98 0.96 1.00

WHITE 0.95 1.00 0.91
YELLOW 1.00 1.00 1.00

AND 0.98 0.96 1.00
BLINK 1.00 1.00 1.00

CANCEL 1.00 1.00 1.00
FAST 1.00 1.00 1.00

FLASH 1.00 1.00 1.00
NOISE 0.93 0.91 0.96
NOISE2 0.94 0.97 0.92
PLUS 1.00 1.00 1.00

QUICK 1.00 1.00 1.00
SLOW 0.98 0.96 1.00

TOGGLE 1.00 1.00 1.00
UNKNOWN 0.98 1.00 0.96
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6 Conclusion and Future Work

6.1 Conclusion
The chip performs well in a simulated environment,
but its real-world application reveals room for im-
provement due to miscategorization issues. Despite
this, the chip boasts high accuracy, recall, preci-
sion, and F1 scores. The functionality of the com-
plex command model is desirable and useful on a
real-world scale, showing promise for both specific
use cases and general smart home or smart sys-
tem applications. It enhances clarity for potentially
ambiguous commands by generalizing certain key-
words while restricting others. For example, "On"
can refer to the state of many systems, but "LED"
specifies a particular system to target. Addition-
ally, the model requires minimal resources, mak-
ing it suitable for deployment on more resource-
constrained platforms than the Arduino Nano 33
BLE Sense.
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Abstract

Robustness in language models, specifically in
defense against adversarial textual attacks, is
an open area of research. Identifying and mit-
igating adversarial text inputs requires innova-
tive approaches and flexibility to handle dif-
ferent attack settings. Perplexity-based mask-
ing and substitution schemes have been an ac-
tive frontier in defense tactics, but more can
be done to adjust and add to the systems in
order to counter more contemporary attacks.
This study investigates a novel adversarial de-
fense method through perplexity-based iden-
tification techniques with mask-and-refill ap-
proaches and other concepts from contempo-
rary defense frameworks. Our study tests this
omnibus method on classification tasks for the
SST-2 and AG News datasets. Despite theo-
retical backing, this approach did not reliably
yield success in empirical testing. We analyze
why our perplexity-based approach faced chal-
lenges and what can be done to guide future
research.

Code, datasets, and full results are available
on GitHub at: https://github.com/
ains-arch/ppl-defense

1 Introduction

Natural language processing aims to teach com-
puters to understand and use language. Unfortu-
nately, computers can’t really "understand" any-
thing beyond mathematical representations of lan-
guage. Thus, it is deceptively easy to fool a unpro-
tected language model by making small changes
to its inputs. Strategies to intentionally perturb the
input data of an AI model to cause incorrect or
unintended outputs are called adversarial attacks
(Liu and Hu, 2024; Goyal et al., 2023).

With recent increased interest in adversarial at-
tacks on language models, there has also been
much development in adversarial defense, which
aims to protect language models and increase their

robustness to a wide array of attacks. Current ap-
proaches include additional training on adversarial
inputs, changing model architecture to increase ro-
bustness, and adding spell-checking (Goyal et al.,
2023).

Perplexity-based approaches leverage the as-
sumption that manipulated text will be distin-
guishable from benign text through analyzing its
perplexity, allowing the suspicious inputs to be re-
placed or removed altogether.

Perplexity is an inverse measure of probability
of a sequence, normalized by the number of words
(Jelinek et al., 2005). It is defined for a sequence
w1w2 . . . wN as

perplexity(W ) = P (w1w2 . . . wN )−
1
N

= N

√
1

P (w1w2 . . . wN )
.

Perplexity is a very common metric in mea-
suring a model’s ability to generate human-like
text. Despite its prevalence, some studies inves-
tigate other ways of evaluating language models,
implying that other avenues for sanitizing text in-
puts may be fruitful (Meister and Cotterell, 2021).
However, perplexity remains a common statistic
in both model evaluation and adversarial defense.
Despite this, current perplexity-based approaches
in adversarial defense have either not handled re-
placement (Qi et al., 2021) or have used other met-
rics to select the tokens for replacement (Ge et al.,
2023).

Our approach uses perplexity on both parts of
the pipeline: one, to select suspicious tokens in in-
put data for removal, and two, to select suspicious
tokens in input data for replacement. Our results
unexpectedly showed that this omnibus method
was not reliably more effective than simply using
perplexity as a measure for removal, providing in-
sight into potential pitfalls in over-reliance on per-
plexity as a metric.
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2 Related Works

There has been much research in natural language
processing with the intention of misleading lan-
guage models through adversarial attacks. Many
approaches, including perplexity-based methods,
have been developed to defend against these at-
tacks by enhancing model robustness.

2.1 Adversarial attacks

The distorted inputs used in adversarial attacks are
designed to affect how the model reacts without
rising to the level of human detection (Goyal et al.,
2023). Attacks on computer vision systems often
involve adjustments to images that would be diffi-
cult for a human to notice without further analysis.
In natural language processing, adversarial attacks
typically alter text data at the word, character, or
sentence levels (Goyal et al., 2023).

The literature on adversarial attacks can also
be subdivided between backdoor attacks and data
poisoning (Liu and Hu, 2024). Backdoor attacks
in language models involve introducing triggers
that cause malicious behavior while allowing the
model to perform normally otherwise (Nguyen
et al., 2024). This can be done during training
to cause systemic failures, or during inference
to cause targeted failures in responses to specific
prompts. Data poisoning manipulates the train-
ing data to introduce decision-making errors, and
thus takes place in the training phase (Liu and Hu,
2024). This is especially a concern for large lan-
guage models that are pretrained on huge datasets
of unverified data from public sources.

Attacks across character, word, and sentence
levels are implemented in the OpenAttack frame-
work (Zeng et al., 2021).

2.2 Adversarial defense

Progress has been made in defense using adver-
sarial training, changing model architecture, and
spell-checking add-ons (Goyal et al., 2023). How-
ever, approaches that first identify the adversarial
input and then mitigate it through replacement or
outright removal can avoid costly retraining or sig-
nificant change to models.

Inspired by methods to increase robustness in
computer vision settings, randomness can be used
to catch the adversarial inputs or decrease their ef-
fectiveness (Swenor and Kalita, 2022; Zeng et al.,
2023; Gietz and Kalita, 2024).

A more common approach is to identify suspi-
cious tokens through analysis. Qi et al. (2021) in-
troduced a method to handle textual backdoor at-
tacks called ONION, which selects trigger words
by analyzing the perplexity of sentences with and
without each word, and removes any words with a
high enough difference. This idea was also de-
veloped by Ge et al. (2023) as part of a two
step process called the UMPS defense to first fill
in out-of-vocabulary words (to handle character-
level attacks) and then use perplexity sampling to
find synonyms (to replace word-level attacks) (Ge
et al., 2023).

Other approaches include certifying robustness
through mathematical means (Jia et al., 2019;
Levine and Feizi, 2019; Zeng et al., 2023; Gietz
and Kalita, 2024), merging multiple models to de-
crease the effect of a single backdoor (Arora et al.,
2024), and developing weighted suites of defense
paradigms (Xiang et al., 2024).

3 Problem Formulation and Algorithm
Design

While research has been done on using perplexity
calculations as a means of adversarial input iden-
tification and removal for character-level attacks
and, separately, on using perplexity as a way to
select synonyms to combat word substitution at-
tacks, no approach has tried to combine both per-
plexity measures into a single approach that can
be robust against both character perturbation and
word substitution. As perplexity provides a rigor-
ous way to quantify the unlikeliness of a certain
sequence, this study applies it as much as possible
in character- and word-level adversarial defense.

Key to our approach is avoiding costly adver-
sarial training and maintaining no knowledge of
the attack type in the target language model. In-
stead, all the attacks our pipeline is tested against
are score-based. Score-based attacks craft adver-
sarial perturbations based on repeatedly querying
the target model. They require no knowledge of
the dataset or additional model training. They only
require the outputs of the classifier to be probabil-
ities (Wang et al., 2022). Our pipeline requires no
information about the attack it is defending against
in order to run.

We use BERT as the target model for our classi-
fication tasks (Devlin et al., 2019). Bi-directional
models like BERT do not have a well-defined mea-
sure of perplexity over sequences. One approach
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Figure 1: Data processing and defense pipeline

used by Miaschi et al. (2021) masks each word
and calculate the probability

p(W ) ≈ p(wi | context),

where the context is

w1, . . . , wi−1, wi+1, . . . , wk

to then calculate a version of perplexity

PPLW = ep(W ).

However, we instead relied on a GPT-2 model
to calculate perplexity. While this abstracts the
meaning of perplexity away somewhat, as it out-
sources it to another model rather than pulling it
from the classifier model, both GPT-2 and BERT
are sufficiently large models to contain under-
standing of the English language such that the per-
plexity calculation from one is applicable to clas-
sification tasks in the other (Miaschi et al., 2021).

3.1 Algorithm

Our method is focused on inference-stage adver-
sarial input. Thus, it operates through sitting in
between the BERT classification model and the
poisoned data, sanitizing inputs so that the BERT
model can more accurately classify the sentences.
For the full explanation, see Algorithm 1 and Fig-
ure 1.

4 Experiments

To implement attacks and test our framework,
we use the OpenAttack framework (Zeng et al.,
2021). Specifically, we use its implementation of
TextFooler, BAE, and DeepWordBug. TextFooler
is a word-level substitution attack (Jin et al., 2020).
BAE, or BERT-based Adversarial Examples, is a
word substitution and insertion attack (Garg and
Ramakrishnan, 2020). DeepWordBug is a charac-
ter substitution attack (Gao et al., 2018).
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Algorithm 1 Adversarial Defense Algorithm

1: Input: Original sentence S
2: Output: Classification of the sentence
3: Generate an adversarial attack on S
4: Calculate perplexities for word removal as inspired by ONION (Qi et al., 2021):
5: for each word wi in S do
6: Remove wi from S to create Si

7: Calculate perplexity of Si using GPT-2
8: end for
9: Calculate perplexities for word mask-and-replace as inspired by UMPS (Ge et al., 2023):

10: for each word wj in S do
11: Replace wj with [MASK] in S to create Sj-masked

12: Refill [MASK] with wj-BERT using BERT base model (uncased) to create Sj-refilled
13: Calculate perplexity of Sj-refilled using GPT-2
14: end for
15: Classify the original input:
16: Choose Slowest-ppl with the lowest perplexity from either method
17: Classify Slowest-ppl using BERT model pre-trained on dataset
18: Return Classification result

As a victim model for our classification task for
the SST dataset, we use a pre-trained BERT model
that comes packaged with OpenAttack. As a vic-
tim model for our classification task for the AG
News dataset, we use a pre-trained BERT model
from HuggingFace.

Additionally, we use GPT-2 for perplexity cal-
culations and the BERT base model for the mask-
ing and re-filling tasks. GPT-2 and the BERT
base model are both loaded from the HuggingFace
transformers library.

Also packaged with the OpenAttack library is
an easy way to load the SST-2 dataset (Socher
et al., 2013), which is the dataset we use for sen-
timent analysis. We loaded the AG News dataset
from HuggingFace, which we used for topic mod-
eling.

The accuracy for this method was calculated on
the entire SST-2 dataset and the first 100 entries
in the correctly attacked test split of the AG News
dataset for time consideration reasons. However,
because both of these pre-trained BERT mod-
els were presumably trained on the data we test
on, the true accuracy of the models on data they
haven’t seen may be lower. Thus, it is more impor-
tant to compare the defenses to each other rather
than looking at a single accuracy percent alone.

5 Results

Our perplexity pipeline did worse than the ONION
defense on the SST-2 dataset, but better than
ONION on AG News. In most cases, the defenses
both did better than classification on poisoned data
without a defense, but worse than the accuracy
without an attack or a defense. Additionally, the
perplexity pipeline did not significantly decrease
accuracy between classification under no attack or
defense when run on a clean dataset, implying it
doesn’t overly sanitize input. See Table 1 for the
full results.

The results come from one run of the pipelines
on the dataset. Multiple runs are not necessary
for a setup like this, as there is no randomness in-
volved or model training. The pipelines are deter-
ministic and would return the same accuracy.

The classification baselines are different for
each attack because each attack in the OpenAttack
library fails on some percentage of the input sen-
tences and returns nothing. This was mitigated in
our pipelines by running the attack on the dataset
and then filtering out sentences that didn’t return
an attack from both datasets. As this created three
separate datasets, the classification baseline that
would otherwise be the same varies somewhat be-
tween attacks.

We evaluate the results (Table 1) of our model’s
performance through comparing its robustness un-
der attack with the ONION defense (Qi et al.,
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Attacks Defense Datasets
SST-2 AG News

TextFooler

Perplexity pipeline .4498 .96
ONION .5239 .89

Attack without defense .3012* .96
Classification baseline .9033* .97

Pipeline on unpoisoned dataset .8931*** .95

BAE

Perplexity pipeline .4061 .97
ONION .4822 .96

Attack without defense .1954 .97
Classification baseline .8046 .97

Pipeline on unpoisoned dataset .7837 .96

DeepWordBug

Perplexity pipeline .1398** .96
ONION .2876 .89

Attack without defense .1326 .96
Classification baseline .8674 .97

Pipeline on unpoisoned dataset .9116** .95

Table 1: Comparison of Different Attacks on Various Datasets

2021). As baselines, we also compare against the
BERT model’s accuracy under attack with no de-
fense, its accuracy with no attack or defense, and
to test the pipeline’s tendency toward false posi-
tives, the defense on unpoisoned data.

Across the board, the ONION defense does bet-
ter on the SST-2 dataset, and our perplexity de-
fense does better on the AG News dataset. The
main difference between the two datasets is the
length of each input sentence, which may affect
model accuracy as discussed below. Because the
defense were only tested on a small portion of the
AG News dataset, further testing and investigation
is necessary in order to more concretely determine
why the defenses’ accuracies differ.

5.1 Discussion

The difference in accuracy between our per-
plexity pipeline and the ONION defense was
greater in the TextFooler and DeepWordBug at-
tacks than in the BAE attack on the AG News
dataset. This follows our intuition that mask-
and-replace approaches would be better suited to
word substitution and character manipulation at-
tacks than just removal. BAE does both word sub-
stitution and word insertion, and DeepWordBug
does character manipulation, and ONION was less
reliably able to remove the substituted words and

* slightly different codebase used
** preliminary results on 4̃0% of the dataset
*** preliminary results on 8̃8% of the dataset

words with substituted characters while maintain-
ing the classification of the sentence.

However, the pipeline did worse than ONION
on the SST-2 dataset. One possible explanation for
this is the length of inputs in SST-2 are shorter on
average than the AG News dataset. Our pipeline
generates a new sentence for each word in the in-
put for each of the removal and replacement ap-
proaches. Conversely, ONION cycles through 100
settings of a hyperparameter and generates new
sentences for all of them. Thus, in a dataset with
shorter inputs, the ONION approach may have an
advantage because it has 100 "chances" to get the
best and lowest perplexity sentence. It may be pos-
sible to correct for this by limiting ONION to only
choose the hyperparameter as many times as our
pipeline generates sentences, or through adjusting
the voting functions to limit this advantage.

Perplexity-based defense is a fruitful area of re-
search, and this work shows other potential av-
enues to investigate how to better handle more
sophisticated adversarial attacks. The most im-
portant future research directions involve solidify-
ing our results through more extensive testing on
larger and more diverse datasets, and if necessary,
iterating on this pipeline in order to more reliably
bring the results above the baselines. There are
many possible avenues for making improvements,
and we detail some below.

The pipeline uses GPT-2 to calculate the per-
plexity of the sanitized sentences. However, we
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are using a BERT model to classify the sentences,
and to perform the mask and refill task. Therefore,
it would be sensible to investigate using something
other than GPT-2 to calculate perplexity, including
possibly an implementation of the BERT perplex-
ity concept mentioned previously (Miaschi et al.,
2021).

Once the perplexity calculations are made, an-
other possible improvement could come in inves-
tigating other ways to weight the perplexity-based
removals and replacements. We tested taking a
majority vote over the five lowest-perplexity sen-
tences. However, we found that using the classi-
fication of just the one top lowest-perplexity sen-
tence was more accurate. There may be a better
choice for the hyperparameter than 1 or 5, and test-
ing that would be beneficial. Another next step
could be to consider the effectiveness of instead
taking a 50/50 split of the two approaches and
a straight perplexity weight. In the long term, a
more rigorous approach to this weight could come
in the form of substituting our voting function for
a classifier trained on which approach to prioritize
given different inputs.

To further justify our results and to provide
greater context, more datasets and attacks could
be used with the pipeline. Most relevant to
perplexity-based approaches is the attack intro-
duced by Du et al. (2024) that employs natural
word substitution (NWS). By creating a diverse
synonym thesaurus, NWS avoids perplexity-based
defenses that detect insertion attacks. A next step
could be to implement a version of the NWS attack
to test our defense against (Du et al., 2024), and
to implement other more contemporary attacks, as
the OpenAttack library only includes attacks up
through 2020. TextAttack is one possible option
for a different attack library, as it is more actively
maintained and has more recent attacks (Morris
et al., 2020).

For more datasets, we suggest testing on the
Twitter dataset for toxicity detection (Founta et al.,
2018). The Twitter dataset, together with SST-2
and AG News, would match the set used to test the
NWS attack, which both suggests that they’re reli-
able choices to test adversarial attacks and defense
against, and if the NWS attack was implemented,
would make an evaluation of the effectiveness of
our defense most direct (Du et al., 2024).

To have more defenses to compare our approach
to, it would be ideal to implement a version of the

UMPS defense (Ge et al., 2023). This would allow
us to understand if our merged perplexity defense
improves on either of its two main inspirations,
or if it under-performs both. Additional compar-
isons can come from a state-of-the-art approach
that doesn’t involve perplexity, and an approach
previously implemented at this lab.

More mundane improvements to the research
would come in the form of improving the codebase
to make use of parallel processing where feasible,
and to narrow down exactly what is causing perva-
sive errors in the attack library implementations in
OpenAttack. Depending on the dataset and attack,
around 30% of the input sentences fail to return an
adversarial attack sentence. For our results, this
was handled by simply not removing these sen-
tences from the dataset. However, more investiga-
tion is needed on the root cause. Other extensions
include investigating certified robustness and gen-
eralizing to sentence level attacks.

6 Conclusion

Perplexity-based identification, removal, and re-
placement schemes have potential in mitigating
adversarial attacks in NLP settings. However, our
method of combining ways of considering per-
plexity at as many stages of the process as possi-
ble was ultimately unable to reliably improve upon
existing approaches in its current form. These
results, while inconclusive, suggest that there is
some merit to our approach, and can help guide
future research by narrowing down how perplex-
ity should and should not be applied in adversarial
defense.
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Abstract

The recent success of transformer lan-
guage models owes much to their conver-
sational fluency and productivity in lin-
guistic and morphological aspects. An
affine Taylor approximation has been
found to be a good approximation for
transformer computations over certain fac-
tual and encyclopedic relations. We show
that the truly linear approximation W s,
where s is a middle layer representation
of the base form and W is a local model
derivative, is necessary and sufficient to
approximate morphological derivations.
This approach achieves above 80% faith-
fulness across most morphological tasks in
the Bigger Analogy Test Set. We argue
that morphological forms in transformer
models are likely to be encoded by linear
transformations, with implications for how
entities are represented.

1 Introduction

Large language models display impressive ca-
pabilities for factual recall, which commonly
involve relations between entities (Brown et
al., 2020). Recent work has shown that affine
transformations on subject representations can
faithfully approximate model outputs for certain
subject-object relations (Hernandez et al., 2023).
Identifying the contexts in which approximations
perform well is an important area of study, with
applications in interpretability and model editing.

Work to date around relational representation
in LMs have primarily focused on relations in the
context of factual subjects and objects (Meng et
al., 2022), (Hernandez et al., 2023), (Chanin et
al., 2023). However, relations in natural language

encompass a much broader range of subject and
object relations. Much of the mainstream success
of LLMs has been due to the conversational nature
of chat-oriented language models. The impressive
conversational ability of LLMs depends on their
linguistic competency, including lexical and
morphological productivity, and uncovering how
models are able to achieve this is an important
aspect of model interpretability.

We demonstrate that for morphological rela-
tions, a transformation from the Jacobian alone
is able to approximate object computations from
an enriched subject exceptionally well. This
suggests that transformers encode morphology
linearly, in an even simpler fashion than the affine
LRE discovered by Hernandez (2023). Linearly
approximating the computation from an early
hidden state of the base form to the final state
of the derived form, we find that approximable
relations include pluralization, nominalization,
changes in tense, and resultative forms. These
derivations range over different parts of speech,
including noun to adjective [noun+less], adjective
to noun [adj+ness], verb to noun [verb+er], and
verb to adjective [verb+able], and involve diverse
subjects and objects.

By linearly decoding linguistic relations in
this manner, we offer an interpretation which
reveals how internal ontological atomic repre-
sentations, such as those espoused in the Linear
Representational Hypothesis and concept theory
(Park et al., 2023), (Wang et al., 2023), (Park et
al., 2024), could be unfolded by a LM to encom-
pass a range of morphological variations. We
show that relational approximation in LMs can be
applied to a broad range of linguistic phenomena,
opening avenues for further research in model
representations. To the best of our knowledge,
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Figure 1: Adapting morphological analogies from the Bigger Analogy Test Set to relational contexts re-
veals that many are genuinely linearly approximable, such as [verb+tion], [verb+able], [noun - plural],
[verb inf], and [verb+er].

we are the first to provide empirical evidence of
a linear transformation acting as an effective LM
approximator over a broad range of inputs.

To understand affine approximation better,
we also analyze linear projections of the LRE.
We find that the Jacobian increases the geometric
similarity of the subject and object spaces, while
the bias contributes the majority of the movement.
We confirm the previous hypothesis that a beta
parameter is necessary to reproduce the output
space. We find that approximation accuracy can
be measured by embedding variance, and that
linear representation of final layer embeddings is
an effective way to diagnose relations which are
not affinely approximable.

2 Background & Related Work

2.1 Transformer Computation

In autoregressive transformer language models,
input text is converted to a sequence of tokens
t1 . . . tn, which are subsequently embedded as
x1 . . . xn ∈ Rd by an embedding matrix. The
hidden states x1 . . . xn are then passed through
L transformer layers, each composed of a self-
attention layer al and an multi-layer perceptron
(MLP) layer ml, and then decoded by the decoder
head D to a probability distribution over tokens.
The representation state xli of the ith token at layer

l is obtained as:

xli = xl−1
i + ali +ml

i

Where ali and ml
i are

ali = attnl
(
xl−1
1 , xl−1

2 , . . . , xl−1
i

)
ml

i = W l
out σ

(
W l

in(a
l
i + xl−1

i )
)

Here, attnl is multiheaded Key-Value Query
attention as described in Vaswani et al. (2017),
W l

in and W l
out are projection matrices, and σ is a

nonlinear activation function. In GPT-J, the output
of the lth MLP sublayer for the ith representation
depends only on xl−1

i rather than ali + xl−1
i , so

the attention and MLP modules operate in parallel
(Wang and Komatsuzaki, 2021).

Following the insights of Meng (2022) and
Geva (2023) that the last subject token state in
middle layers are strongly casual, we are primarily
interested in utilizing the Jacobian (derivative)
between the hidden state at the last subject token
xis, and the last token position overall, the object
prediction xLo . The LM computation between
these two states is clearly highly nonlinear, but
within certain relational contexts this derivative
can yield faithful approximations (Hernandez et
al., 2023).
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2.2 Internal Relational Representation
Relations can be encoded as n × n matrices, or
linear transformations. In transformer models,
positional encodings are designed to linearly
encode relative positions through a range of
methods (Vaswani et al., 2017; Su et al., 2024).

Through linear probing and embedding anal-
ysis, transformer models have been found to
encode high-level linguistic features in internal
embedding representations, such as syntactic
dependencies and thematic categories (Kann et
al., 2018; Tenney et al., 2019; Wilson et al., 2023).

Meng et. al. (2022) found that factual state-
ment predictions exhibit strongly causal states in
middle layers at last subject token, supporting the
idea that an enriched subject representation exists
prior to output. Geva (2023) demonstrated that
attribute extraction is often performed by specific
attention heads in later layers, and takes the
form of a query on the enriched representation.
The AttributeLens directly applies this notion
to extract encoded attributes from hidden states
(Hernandez et al., 2023).

We directly build off of work by Hernandez
et al. (2023), who present a an affine linear ap-
proximator, known by the corresponding internal
hypothesis of the Linear Relational Encoding.
With s denoting the hidden subject state and o
denoting the final object state, they treat object-
retrieval within a relational context as linearly
approximable: o = F (s). They model o with a
first-order Taylor approximation

o = F (s) ≈ W s + b

using the transformer Jacobian ∂F
∂s from relation

examples to approximate W , and utilizing a sub-
ject representation s from an intermediate layer.
By doing so, they achieve over 60% faithfulness
for LM predictions across certain factual, com-
monsense, linguistic, and bias relations.

2.3 Linear Embedding Spaces
Paccanaro and Hinton (2001) introduced the
concept of the linear relational embedding for
learning relational knowledge from triples (a, R,
b). Along with prior work (Hinton, 1986), they
were able to solve a family tree problem where
data is given in relational triples (Colin, child,

Victoria), where vector components captured
implicit semantics such as generation. Concepts
such as a and b are represented as n-length
vectors, while relations such as R are represented
as n × n matrices, akin to Coecke’s vector
semantics (2010) and similar to the hidden state
representation described above.

Mikolov et al. (2013) used linear operations in
word vector space derived from context-predictive
neural nets, demonstrating a correspondence be-
tween directional binary relations (male-female,
country-capital, verb tense) and the addition
of certain embedding vectors. Subsequent
work found inflection relations (comparative,
strong:stronger) are better captured than deriva-
tion relations (lacking, life:lifeless), and that en-
cyclopedic relations (capital-of, Greece:Athens)
are better captured than lexicographic relations
(member-of, player:team) (Gladkova et al., 2016;
Vylomova et al., 2016).

Park et al. (2023) formalize the composi-
tional representation of concepts in embedding
spaces. Extending prior work (Wang et al., 2023),
they define a set of counterfactual outputs Y for
a directional binary concept W . Letting W =
male⇒female, the space of outputs comprise:

(Y (W=0), Y (W=1)) ∈ {(”man”, ”woman”),

(”king”, ”queen”), . . .}

They formalize concept intervention as adding
an embedding representation λ̄W to change the
probability of an output reflecting a concept
W . For any concept Z linearly separable from
W , an output word Y (W, . . . , Z), and concept
embedding λ, an intervention is effective if it
changes the probability of W but not Z.

Subsequent work (Park et al., 2024) illus-
trated concepts were linearly encoded in the final
embedding layer, through noun projections with
particular binary characteristics against estimated
feature vectors.

2.4 In-context learning
Our work utilizes in-context learning (ICL) for
both training and testing purposes, where input-
label pairs are provided as demonstration for a
novel task. Min (2022)’s in-depth empirical study
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of ICL finds that ground truth demonstrations are
not necessary, and suggests that more important
to ICL is the identification of a label and output
space, while Wei et al. (2024) proposes that learn-
ing input-label mappings is an emergent ability
of large LLMs. Yan (2023) also performs an in-
depth study on what they term the token reinforce-
ment loop, providing empirical evidence of n = 8
as an optimal number of examples for the LRE.
During the testing process, we reproduce Hernan-
dez et. al. (2023)’s findings that approxima-
tions without relation-specific contexts generally
perform significantly worse than relation-specific
contexts. Further work in this area is important
for understanding how concepts are represented in
transformers.

3 Problem Statement

The LRE is well motivated mathematically, un-
der the assumption the transformer computation is
linearly approximable for a specific contextual re-
lation. The object retrieval function from a sub-
ject with a fixed relational context, o = F (s),
is hypothesized by Hernandez et al. (2023) to be
modeled by a first-order Taylor approximation of
F about a number of examples s1 . . . sn. For
i = 1 . . . n:

F (s) ≈ F (si) +W (s− si)

= F (si) +Ws−Wsi

= Ws+ b,

where b = F (si)−Wsi

Note that we get a W and b for each si. This mo-
tivates the following definition for W and b over
a relation. They can be calculated as the mean
Jacobian and bias between n enriched subjects
s1 . . . sn and outputs F (s1) . . . F (sn) for a fixed
relation:

W = Esi

[
∂F

∂s

∣∣∣∣
si

]

b = Esi

[
F (s)− ∂F

∂s
s

∣∣∣∣
si

]
The LRE diverges from its namesake, the linear re-
lational embedding introduced by Hinton (1986),
by introducing the bias b and scaling β terms:

o ≈ βW s + b

They claim the LRE is limited by layer normal-
ization: the s representation is normalized before

contributing to o, and o is normalized before
token prediction by the LM head, resulting in a
mismatch in the scale of the output approxima-
tion. We find that this conclusion is supported by
empirical evidence from linear projections.

However, while linearity is assumed by Her-
nandez by calculating W and b from as Esi over
i = 1 . . . n, defining the approximation as a Tay-
lor series implicitly makes a weaker assumption.
Under the assumption that the relation is not only
linearly approximable, but truly linear, we would
expect the following approximation to be valid:

o ≈ F ′(si)s

This motivates the definition for a linear approx-
imation over s1 . . . sn within the same relation to
be simply the mean Jacobian 1:

W = Esi

[
∂F

∂s

∣∣∣∣
si

]
F (s) = Ws

This is the form given in the original linear rela-
tional embedding (Paccanaro and Hinton, 2001).
We will test this approximation against the LRE;
for truly linear relations, we anticipate equivalent
performance.

4 Approach

4.1 Introducing New Relations
The Bigger Analogy Test Set, was originally in-
troduced to explore linguistic regularities in word
embeddings (Gladkova et al., 2016). It provides
forty different categories, ten each in inflectional
morphology, derivational morphology, encyclo-
pedic knowledge, and lexical semantics. Each
category consists of 50 unique word pairs; the
dataset contains 2000 samples total. The data is
compiled from various sources, including Word-
Net, SemEval2012-Task2, Wikipedia, the Google
Analogy Test Set, and a color dataset built for eval-
uating multimodal models (Fellbaum, 1998; Jur-
gens et al., 2012; Mikolov et al., 2013; Bruni et
al., 2012).

1Note that because the scale of the hidden state does not
contribute to an output prediction, β is irrelevant:

argmax
t

D(Ws) = argmax
t

D(βWs)
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Figure 2: The BATS dataset structure from Gladkova et al. (2016)

We adapt the Bigger Analogy Test Set to a
relational dataset by introducing relation-specific
prompts for each analogy dataset. The derivational
morphology dataset [verb+ment] uses the clozed
prompt ”To {} results in a”, which is filled in with
subjects to obtain the Jacobians used. For exam-
ple, one corresponding prompt would be ”To fulfill
results in a”, eliciting the object ”fulfillment”. We
use the first item as the subject and the second as
the object, except in [verb inf - Ving], where the
reverse was used.

4.2 Utilizing ICL

Following the testing standards established by
Hernandez (2023), we use 8 ICL examples for 8
different subject-object pairs to create an approx-
imator for each relation. For instance, we might
approximate E06 [animal - youth] with the pairs
{(dog, puppy), (sheep, lamb), . . .}, prepending
the 7 other examples before each pair.

We restrict evaluation to the pairs for which
the LM computation is successful in reproducing
the actual object in question: for both GPT-J and
Llama-7b, this is all or nearly all of the examples
provided in BATS.

4.3 Evaluating the Jacobian

We primarily work with the six-billion parame-
ter model GPT-J. Following Hernandez, we mea-
sure approximator faithfulness over a relation by
the top-one token match rate for the approxima-

tion and the LM. Let the enriched subject state
be s and the relation-expressing context be r. Let
the transformer computation be o = F (s) and the
relational approximator be F̃ . Then for token t
and decoder head D, we say an approximator is
faithful if the top token approximation matches the
LM:

argmax
t

D(F (s))t
?
= argmax

t
D(F̃ (s))t

In the original LRE,

F̃ = βW s + b

We primarily test two variants of the LRE. First,
the Jacobian approximator:

F̃ = W s

Second, the Bias approximator:

F̃ = s + b

We would like our approximations to generalize
over new subjects. In order to do so, we omit the
subject-object pairs used to build the approximator
from the testing pool.

5 Results

5.1 The Jacobian Faithfully Approximates
Morphological Relations

We build approximators for likely subject hidden
states (layers 3-9) and the final object state (layer
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27) through the process outlined above. We then
evaluate the approximators four times, with ran-
domized test prompts each iteration, and average
the best performing approximation from each. For
the LRE, we use β = 7, which was found to be
optimal for BATS. We find that the Jacobian re-
produces derivational and inflectional morphology
particularly well 2. In most other morphology cat-
egories, the LRE performance does not improve
significantly past the Jacobian, suggesting that the
object representation is well captured by the Jaco-
bian alone.

The high faithfulness of the Jacobian shows that
it is sufficient to approximate most morphologi-
cal relations, but not that it is necessary. To show
that the Jacobian is also necessary, we compare
against the Bias approximation s + b, (equivalent
to s + E(o − W s)). We also compare against the
TRANSLATION approximator, where the bias is
formulated as b = E(o− s).3 We find that without
the Jacobian, bias approximations fail to approx-
imate nearly all morphological relations, while
successfully capturing some semantic and ency-
clopedic relations: the bias approximator achieves
67% faithfulness on [things - color], while the
TRANSLATION estimator attains 50% and 52%
faithfulness on [animal - shelter] and [hyper-
nyms - misc] respectively.

5.2 Llama-7b Results

While these results show that the Jacobian is a
faithful approximator for morphological relations
in GPT-J, it is possible that the unique architecture
decisions have contributed to the observed linear-
ity. We repeat the process for Llama-7b, which
like most popular LLMs, utilizes sequential atten-
tion and feedforward layers (Touvron et al., 2023).
As seen in Figure 4, we obtain very similar results.
4

We can conclude that morphological relations
can be decoded linearly in LMs, and that they are
likely to be linearly encoded.

In general, the Jacobian does poorly on seman-

2The exceptions are the prefix relations [re+verb reg]
and [over+adj reg], and present participle relations. We will
address these further below.

3This approximator, from Hernandez et. al. (2023), calcu-
lates the direct offset of the subject and object hidden states,
and is inspired by Merullo et al. (2023) and Word2Vec arith-
metic. See the appendix for the results.

4This diagram will be updated in the final version to look
like the GPT-J one: with the best approximations after layer
sweeping, and with β optimized for Llama-7b.

tic and encyclopedic relations, highlighting the
complementary role of the bias term.

5.3 Underlying Mechanisms
Due to the layer normalization within the decoder
head, the scale of the hidden state does not con-
tribute to an output prediction. We have

argmax
t

D(βW s + b)t=argmax
t

D(W s +
b

β
)t

In other words, the scale factor β on W s is
equivalent to 1

β on b, and that the LRE approaches
W s asymptotically for high β. In practice,
we observed that for β > 100, the performance
of the LRE becomes negligibly different from W s.

We would like to interpret W and b. The
approximation results in Figure 3 and 4 give
credence to the idea that W and b play com-
plementary roles in the approximation. One
potential interpretation is that the weight provides
variation in the embedding space, while the bias
is a concept shift. With this interpretation, b can
be compared to the vectors used by Mikolov and
many others, and the concept vector subsequently
formalized by Park. However, it’s important to
note the bias vector and the concept vector are
not exactly analogous. The bias term describes an
offset from the transformed subject to the object:
b = E(o − W s), not b = E(o − s). We observe
the bias vector does not generally lie in the same
direction as E(o − s), suggesting it may play a
different role in transforming the subject.

We find that it is possible to get interpretable sub-
ject representations through linear projection onto
the span {b,⊥}, where ⊥ is a vector orthogonal-
ized through Gram–Schmidt to b 5. They suggest
W is primarily responsible for transforming the
underlying distribution to be geometrically similar
to the output, while b contributes the majority of
movement in vector space. Figures 5 and 6 both
display embeddings projected to {b,⊥}.

Note that the shapes of the transformed sub-
ject spaces Ws and Ws + b are both similar to the
object space. Note that the b scale is much larger
than the ⊥ scale.

5There are many options for this orthogonal vector; we
chose the first weight column vector W0.
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Figure 3: Breaking down the affine LRE into Jacobian (W s) and Bias (s+b) approximators suggests that
W and b play complementary roles: the Jacobian is responsible for approximating morphology, while
the bias is responsible for conceptual shifts.

Figure 4: Comparing the LRE and Jacobian for Llama-7b reproduces the results seen above for GPT-J,
suggesting the high faithfulness of the Jacobian for morphological relations is widespread among LMs.

Projection also aids in interpreting β in the
LRE, which scales the output approximation

βW s + b. When this approximation approaches
the output embeddings o, the performance of the
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Figure 5: Output space projections of s, βW s, βW s+ b and o can be used to diagnose nonapproximable
relations. Above, the ineffective [hyponyms - misc] and [synonyms - exact] approximations do not
resemble their corresponding outputs, despite high cosine similarity scores. Below, the effective [noun -
plural irreg] and [verb 3pSg - Ved] approximations closely resemble their outputs.

Figure 6: A projection of s, βW s, βW s + b and o for [animal - shelter] for β = 1, 3, 5, 7 with faithful-
ness scores demonstrates that embedding distances corresponds to the accuracy of the approximation.
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approximator improves. In Figure 6, we see em-
pirical evidence that β restores the magnitude of
change that was lost through layer normalization,
as conjectured by Hernandez et. al. (2023).

Discussion

5.4 Counterarguments
We have shown empirically that it is possible to
linearly decode morphological relations in LMs
with a high degree of faithfulness. However,
several potential issues must be addressed prior to
considering the theoretical implications.

Subject Jacobian Top-3
society societies, Soc, soc
child children, children, Children
success successes, success, Success
series series, Series, Series
woman women, women, Women
manage manager, managers, manager
teach teacher, teachers, teach
compose compos, composer, composing
borrow borrower, lender, debtor
announce announcer, announ, ann
righteous righteousness, righteous, . . .
conscious consciousness, conscious, . . .
serious seriousness, serious, serious
happy happiness, happy, happy
mad madness, mad, being
invest investment, invest, investing
amuse amusement, amuse, amusing
accomplish accomplishment, accomplish, . . .
displace displacement, displ, dis
reimburse reimbursement, reimburse, reimb
globalize globalization, global, international
install installation, install, Installation
continue continuation, continu, contin
authorize authorization, Authorization, . . .
restore restoration, restitution, re

Table 1: [noun plural], [verb+er], [verb+ment],
[adj+ness], [verb+tion] Selected examples from
GPT-J show that relational Jacobian approxima-
tion captures irregular morphology effectively, and
does not only reproduce stemmed subject forms.

What if the Jacobian is just modeling syntax?
One argument against linear encoding is that the
Jacobian is not learning morphology, but instead
some regular syntax in the relation. Then, the
high faithfulness reported merely reflects some

orthographic change from the base, and not a true
morphological relation.

What if the Jacobian is replicating the subject?
Another argument against linear encoding is
that the faithfulness metric is a bad choice for
measuring morphological faithfulness. High
faithfulness scores on many reported inflectional
tasks can be achieved simply by reproducing a
substring of the subject token.

To provide a counterargument against the
two possibilities above, we provide specific
approximation token predictions in Table 1. While
generally the fact that approximation outputs
tend to be stemmed forms is not a cause for
concern, we observe there exist many tokens such
as #25303 ’ sadness’ and #24659 ’ continuation’
which faithfully replicate morphology.

There are two inflectional relationships the
Jacobian failed to approximate as well over
the tests performed, [Ving - 3psg] and [Ving
- Ved].It’s possible that transformations from
the verb active form make the LM computation
non-linear. For the majority of the relations on
which the Jacobian achieves high faithfulness, the
subject is the unmarked form, such as the verb
infinitive or third person singular.

There are two derivational prefix tasks for
which the LRE, but not the Jacobian, faithfully
approximates, [re+verb] and [over+adj]. The
Jacobian does achieves a high faithfulness on the
prefix relation [un+adj], so the notion that prefix
relations are distinctive from other morphology
is not supported. A partial explanation for this
phenomenon may be that the object tokens ”over”
and ”re” are idiosyncratically related by an offset
to the subjects, unlike other relations. With fewer
correct object tokens than average, a linear subject
transformation without any bias may fail to model
the relation effectively.

5.5 Implications for Concept Theory

Geometrically, the findings suggests that morpho-
logical relations between words do not involve ad-
ditional concept vectors. Above, we have demon-
strated that the bias term is not necessary for mor-
phological terms, and even results in incorrect ap-
proximation for low values of β. This is compat-
ible with the Linear Relational Hypothesis, which
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Relation # Unique
un+adj 7
over+adj 4
re+verb 15
name - nationality 13
animal - shelter 18
synonyms - intensity 35
verb+able 47
noun - plural 47

Table 2: The number of unique starting object to-
kens for selected BATS relations.

posits that subspace distances in LMs are funda-
mentally about semantics. If morphology is en-
coded as linear transformation, vectors can retain
their semantic interpretations.

Conclusion

In this work, we have adapted the Bigger Analogy
Test Set to create a large novel testing dataset for
relations, covering forty relations over morpho-
logical, factual, and semantic relations. We find
Jacobian approximation models morphological
relations well. We hypothesise that the Jacobian
serves the role of extending a subject entity
to alternative forms (including morphological
derivations), and the bias term serves the role of
shifting underlying concepts. We validate this
hypothesis through embedding projections of
model transformations.

Through linear approximation of a language
model, we arrive at a better understanding of its
internal structure, which is crucial for control-
ling its outputs effectively. This ultimately has
implications for many downstream applications
of transformer language models, including as
knowledge bases, dialogue agents, and as robust
tools for inference and reasoning.
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A The Jacobian with TRANSLATION

Figure 7: Comparing the affine LRE with the Jacobian (W s) and TRANSLATION (E(o − s)) ap-
proximators yields similar results to above, suggesting that W and b play complementary roles.

B GPT-J and Llama-7b Ability

Figure 8: Both GPT-J and Llama-7b demonstrate mastery of most relations.
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Abstract

A vast amount of textual data is added to the
internet daily, making utilizing and interpreting
textual data difficult and cumbersome. There-
fore, text summarization is crucial for effi-
ciently extracting relevant information. Al-
though many Transformer models excel in sum-
marization, they are constrained by the input
size, preventing them from processing texts
longer than their context size. This study in-
troduces several novel algorithms to efficiently
overcome the input size limitations, utilizing
the full potential of LLMs without any ar-
chitectural changes. We test our algorithms
on texts with more than 70,000 words, and
our experiments show a significant increase in
BERTScore with competitive ROUGE scores.

1 Introduction

Due to the abundance of online text data, document
summarization has become crucial for efficient and
accurate extraction of relevant information from a
piece of text. Over the past few years, Large Lan-
guage Models (LLMs) based on the Transformer
model (Vaswani et al., 2017) have shown ground-
breaking abilities for several NLP tasks, including
document summarization (Yadav et al., 2023). Re-
cent developments have demonstrated remarkable
improvements in the relevancy and coherence of
summaries generated by such LLMs.

Long document summarization is more crucial
than ever since it involves removing redundancies
from a piece of text, making reading the text con-
cise and efficient. One of the major limitations
of Transformers is limited context size, stemming
from the quadratic memory and computational
complexity of the attention mechanism in their ar-
chitecture (Du et al., 2023). This constraint hin-
ders the extraction of relevant information from
extensive texts where summarization is valuable
to overcome the interpretative challenges posed by
complex relations on such a large scale.

We experiment with various novel approaches
to address the input size limitations of LLMs. The
methods introduced do not include any architec-
tural modifications to the model used for summa-
rization and can be incorporated into any exist-
ing summarization pipeline. We believe that these
methods can effectively utilize the full potential of
any existing LLM. Though our experiments only
include the task of summarization, our methods can
be applied to any NLP task (sequence classification,
question-answering, etc.) that requires processing
long texts.

We start by stating the problem statement (2) and
discussing some related works (3) to gain insights
into the problem and the state-of-the-art solutions.
We then introduce the datasets (4) and methodol-
ogy (5) used in our experiments. For evaluating our
results, we present some common metrics (6) used
in text summarization. We end the report by dis-
cussing our experimental findings (7) and potential
future work (8), and concluding the study (9).

2 Problem Statement

Our goal is to distill a long document of theoreti-
cally indefinite length, such that it fits within the
context size of the model while retaining important
information. Practically, the document length may
be up to ten times the context size of the model
used. For our experiments, we aim to reduce the
summary length to about 400 words, preserving
maximal information and coherence.

3 Related Works

Golia and Kalita (2024) take a "Divide and Con-
quer" based approach to address sequence length
limitations in summarizing long meeting tran-
scripts. They begin by segmenting the transcript
and then use the BART (Bidirectional and Auto-
Regressive Transformer) model to summarize each
segment individually. These segment summaries
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are then recursively combined and summarized un-
til a single summary remains. This method per-
forms well with long documents but may take a
considerable amount of time to converge due to
repeated calls to the summarizer.

There have also been efforts to improve the ef-
ficiency of attention mechanisms in Transformers.
Beltagy et al. (2020) introduce Longformer, which
replaces the quadratic self-attention mechanism in
the Transformer architecture with a sliding window
self-attention, resulting in a linear complexity with
respect to the input size. To capture long-ranged
dependencies, they include global attention at spe-
cific token positions. Huang et al. (2021) modify
the encoder-decoder attention mechanism such that
each attention head in the decoder attends to n/sh
tokens in the input sequence, where n is the in-
put length and sh is the number of heads. This
method has a complexity of O(mn/sh), where m
is the length of the output sequence. Bertsch et al.
(2023) introduce Unlimiformer, which also modi-
fies the encoder-decoder attention in a Transformer.
The attention heads in the decoder only attend
to the tokens picked by their k-Nearest-Neighbor
(kNN) algorithm. The kNN indices between the
input tokens are created by the hidden states gener-
ated in the encoder. Phang et al. (2022) introduce
the staggered block-local attention mechanism. In
the block-local attention mechanism, the input se-
quence is divided into multiple non-overlapping
blocks. Tokens in a block attend only to the tokens
in the same block. In staggered block-local atten-
tion, the blocks are staggered such that each token
is in a different block in each head.

Other unique approaches include VideoAgent,
introduced by Wang et al. (2024), an AI agent de-
signed to answer a given question based on a long
video. They achieve this by generating captions
from multiple uniformly sampled frames from the
video. These captions are used to answer the user’s
question. Chen et al. (2022) describe a novel algo-
rithm to classify long Chinese news into a set of
predefined categories. They form multiple groups
of sentences based on a maximum token thresh-
old in each group. These groups are then encoded
using BERT (Bidirectional Encoder Representa-
tions from Transformers) and passed through a
1D convolution layer for local feature extraction.
What makes this method special is that the atten-
tion mechanism is replaced by a 1D convolution
layer, which has linear complexity. Chen et al.

(2023) use positional interpolation to extend the
context size of a pre-trained model. Instead of the
usual extrapolation of the positional embeddings,
they downscale the positional embeddings to force
them into a range the model is trained on, hence
interpolating in the pre-trained range. They claim
that it is better for the model to use the positional
embeddings on which it is trained.

4 Datasets

We have used datasets containing documents with
a maximum word count exceeding 70,000. We
briefly discuss and analyze the word counts of the
datasets below.

GovReport
Introduced by Huang et al. (2021), this dataset con-
sists of reports written by government research
agencies, including the Congressional Research
Service (CRS) and the U.S. Government Account-
ability Office (GAO). Exact word count informa-
tion is given in Table 1. Figure 1 shows the word
count distribution of the dataset.

Figure 1: GovReport word counts

BigPatent
Introduced in Sharma et al. (2019), this dataset
consists of over 1.3 million records of U.S. patent
documents with human-written abstractive sum-
maries. Exact word count information is given in
Table 1. Figure 2 shows the word count distribution
of the dataset.

5 Methodology

In this section, we discuss the algorithms used in
our experiments. Most of our algorithms start by
segmenting the document into smaller, contiguous,
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Dataset Avg. Word Count Max Word Count No. of Documents
GovReport 7,700.71 73,815 7,238
BigPatent 3,055.72 71,027 1,341,362

Table 1: Dataset information

Figure 2: BigPatent word counts

and exhaustive parts. The segmentation algorithm
is controlled by a threshold on the minimum num-
ber of words in a segment, which is a hyperparam-
eter in each of the respective methods.

5.1 Central Truncation
Truncation is the most common and straightfor-
ward approach used to handle long texts that ex-
ceed the context size of an LLM. It is done in three
main ways:

• Retaining Head: Keeping tokens from the
start.

• Retaining Tail: Keeping tokens from the end.

• Head and Tail: Keeping tokens from both
start and end.

Worsham and Kalita (2018) also employ "retain-
ing head" and "retaining tail" strategies on long
texts and find promising results. Though the "re-
taining head" method is often used, keeping the ini-
tial tokens allowed by the LLM, Sun et al. (2019)
find that keeping both head and tail produces bet-
ter results than both the "retaining head" and the
"retaining tail" methods. Their research also shows
that truncating the middle is even better than the
more complicated hierarchical methods, displaying
superiority with simplicity.

The fraction of tokens to be taken from the head
is controlled by the hyperparameter head_size ∈

[0, 1]. Setting head_size = 1 results in tak-
ing tokens only from the head, whereas setting
head_size = 0 results in taking tokens only from
the tail. The truncated text is then sent to the sum-
marizer.

5.2 Document Skimming

One way to process long texts is by employing a
speed reading strategy called "skimming". Skim-
ming is done by reading the whole text in a go
while selectively skipping some parts of the text
for quicker reading. The reader usually omits the
portions that seem redundant or irrelevant in the
text, minimizing information loss.

This method starts by segmenting the text using
a segmenter with the hyperparameter min_words.
The segmenter uses a sentence tokenizer to sepa-
rate sentences from the text, and then merges the
sentences that have fewer words than min_words.
We then sample segments uniformly, with each
segment having probability p to be picked. The
sampled segments are then merged to form a single
text and sent to the summarizer. This ensures we
sample a segment from each part of the text.

To address the removal of redundancy in the
document, we experiment with and without remov-
ing redundant segments before and after sampling.
This is done by computing the cosine similarity
between the mean segment embeddings and the
current segment embedding. This sentence trans-
former is used to generate the segment embeddings.
This sentence transformer is based on MiniLM
(Wang et al., 2020), which is a distilled version
of larger encoder-only transformer models. If the
cosine similarity is greater than a threshold, the
current segment is removed. The mean embedding
is updated if the current segment is retained.

When removing segments after sampling, we
increase the probability of choosing the segments
before sampling to compensate for the removed
segments. This fraction is controlled by the hyper-
parameter prob_boost. The updated probability is
calculated as pnew = (1 + prob_boost) · poptimal.
Even though removing redundant segments before
sampling is less efficient due to the whole docu-
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ment being processed, it ensures better utilization
of the LLM’s context size. The mean embedding is
initialised as a zero vector and updated after each
segment is processed. Doing so introduces a hy-
perparameter threshold to control the similarity
threshold between the mean embedding and the
current segment embedding.

This approach is a modification to the methodol-
ogy Wang et al. (2024) used for question-answering
on long videos. Worsham and Kalita (2018) also
use random sampling for genre identification.

We will now discuss calculating the optimal
value of p here. Let X denote the total number
of tokens in the sampled segments. Since segments
are sampled randomly, X is a random variable. If
the context size of the model is model_size, we
want E[X] = model_size, where E[X] denotes
the expectation of X .

Suppose we have n ∈ N segments and Xi ∼
Bernoulli(p) denotes if segment i is chosen, i ∈
{1, 2, . . . , n}. If leni denotes the number of tokens
in segment i, we can write:

X =
n∑

i=1

Xi · leni

⇒ E[X] = E[
n∑

i=1

Xi · leni]

⇒ E[X] =

n∑
i=1

E[Xi · leni]

⇒ E[X] =

n∑
i=1

E[Xi] · leni

Since Xi ∼ Bernoulli(p) ∀i ∈ {1, 2, . . . , n},
we have E[Xi] = p ∀i ∈ {1, 2, . . . , n}.

⇒ E[X] =

n∑
i=1

p · leni

⇒ E[X] = p ·
n∑

i=1

leni

Let total_len be the total number of tokens in
the text, then total_len =

∑n
i=1 leni.

∴ E[X] = p · total_len = model_size

⇒ p · total_len = model_size

∴ p = model_size/total_len

5.3 Summarization with Keyword Extraction

Document skimming (5.2) involves a very intu-
itive and simple approach of sampling segments
randomly. Instead of that, we can use an efficient
keyword extraction algorithm to get important key-
words from the document. These keywords help us
sample segments intelligently, ensuring we get the
most important segments from the document.

We use Latent Dirichlet Allocation (LDA) (Blei
et al., 2003) with a single topic to get topic words
(keywords) from the document. These keywords
are concatenated using a delimiter (a space is used
in our experiments) to form a single sentence. This
sentence is then embedded and compared with
other segment embeddings using cosine similarity.
Maximum number of segments with the highest
similarity are retained. The keyword sentence and
document segments are embedded using the same
sentence transformer used in the previous method.

This approach is similar to the way Golia and
Kalita (2024) use action items to pick segments of
text (a neighbourhood of 2 sentences around the
action item) for summarization.

6 Evaluation Metrics

The best way to evaluate generated natural lan-
guage is by humans, but conducting human trials
are expensive and time-consuming. Hence, we use
automatic evaluation metrics to evaluate the quality
of the generated summary, given some reference
summaries. Fabbri et al. (2021) review many such
open-source and state-of-the-art metrics. Some of
them that we use in our experiments are discussed
below.

ROUGE metrics: Lin (2004) introduces the
Recall-Oriented Understudy for Gisting Evaluation
(ROUGE) metrics. The basic ROUGE-N metric is
based on the fraction of overlaps of some ideal
summaries with the candidate summary, hence
being recall-oriented. His study concludes that
ROUGE-N with N = 2, ROUGE-L, ROUGE-W,
and ROUGE-S work well for the summarization
task.

BERTScore: Zhang et al. (2019) introduce the
BERTScore, an automatic evaluation metric for text
generation. BERTScore is calculated by comparing
the contextual embeddings of tokens in the candi-
date and reference summaries, which are generated
using BERT (Devlin et al., 2018). BERTScore
excels at capturing semantic similarities between
sentences since it uses contextual embeddings of
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tokens instead of using N-gram frequencies to cal-
culate similarity.

7 Experimental Findings

We test our pipelines with the following summa-
rizers: BART (Bidirectional and Autoregressive
Transformer) (Lewis et al., 2020) fine-tuned on the
CNN/Daily Mail dataset (Nallapati et al., 2016)
with a context size of 1024, LongT5 (Guo et al.,
2021), a variant of T5 (Text-to-Text Transfer Trans-
former) (Raffel et al., 2020), fine-tuned on the
BookSum dataset with a context size of 4096, and
GPT-3.5 Turbo (Brown et al., 2020) with a context
size of 4096.

We compare our results with the state-of-the-art
summarization models on the GovReport dataset,
including Unlimiformer (Bertsch et al., 2023) in-
tegrated with BART (Lewis et al., 2020) and
PRIMERA (Beltagy et al., 2020), Hepos (Huang
et al., 2021), PEGASUS-X with staggered block-
local attention (Phang et al., 2022), extended
LLaMA-7B with positional interpolation. Refer
to Table 2 for the baseline results and our results.

We also compare our results with BigBird-
Pegasus (Zaheer et al., 2020) on the BigPatent
dataset. Refer to Table 3 for the results.

Time complexity analysis

We evaluate the time complexity of our methods by
measuring the mean time taken to process a docu-
ment (excluding the time taken by the summarizer
to generate the summaries). We find that Central
Truncation (5.1) and Document Skimming (5.2)
take approximately the same time. Skimming with
post-sampling removal takes slightly more time
than the other two methods. We can see a signifi-
cant increase in time taken by Skimming with pre-
sampling removal and Summarization with Key-
word Extraction (5.3) due to the additional compu-
tations required. Figure 3 illustrates the average
time taken by our methods. Check Table 4 for exact
values rounded off to two decimal places.

8 Future Work

We have used a very basic sentence tokenizer
(nltk.sent_tokenize), with some modifications to
control the minimum number of words in a seg-
ment, to segment the document. In our experi-
ments, we find that segmentation is a crucial step
in the pipeline and can influence the output sum-
mary significantly. Ensuring the uniformity of the

Figure 3: Mean time taken per document using BART
tokenizer on BigPatent dataset

length of the segments while preserving coherence
is important for better utilization of the context
size of the summarizer while sampling. We encour-
age future work to experiment with more complex
segmenters.

Future work can also be focused on extending
the Summarization with Keyword Extraction (5.3)
method. Experimenting with different keyword
extraction algorithms and use cases is encouraged.

9 Conclusion

Our experiments show that Document Skimming
with post-sampling removal (5.2) performs well
while being efficient. The Central Truncation
method (5.1) also shows good results, which shows
that simple methods can also be effective in long
document summarization. The last two methods,
Skimming with pre-sampling removal and Summa-
rization with Keyword Extraction (5.3), show the
best results but are computationally expensive.

Our experiments show a huge jump in
BERTScore compared to Unlimiformer on docu-
ments with word counts up to 70,000. This shows
that our pipelines are able to utilize details in
long texts efficiently. Even though our ROUGE-
2 scores are lower than the baselines, ROUGE-
1 and ROUGE-L scores are competitive. Since
BERTScore is a better metric for capturing seman-
tic similarity, we hypothesize our pipelines can
generate better summaries than the baselines with
higher ROUGE scores.
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Model ROUGE-1 ROUGE-2 ROUGE-L BERTScore
BART w/ Unlimiformer (1,024) 53.4 22.5 22.5 66.0

PRIMERA w/ Unlimiformer (4,096) 56.5 24.8 26.3 67.7
Hepos (10,240) 51.34 19.09 48.73 -

PEGASUS-X w/ Staggered 60.3 30.0 31.5 -
Block-Local Attention (16k)

LLaMA-7B w/ Positional 60.0 28.0 29.5 -
Interpolation (15k)

Summarization w/ Extraction 61.99 18.52 38.46 86.20
+ GPT-3.5 Turbo (4,096)

Central truncation + LongT5 (4,096) 46.20 4.38 38.27 82.19
Skimming w/ post-sampling 46.76 4.56 39.61 81.96
removal + LongT5 (4,096)

Table 2: Automatic evaluation results on the GovReport dataset. Context size of the models are mentioned in
parenthesis. The best score in each metric category is highlighted in bold.

Model ROUGE-1 ROUGE-2 ROUGE-L BERTScore
BigBird-Pegasus (16k) 60.64 42.46 50.01 -

Skimming w/ pre-sampling 27.40 3.31 21.25 82.62
removal + GPT-3.5 Turbo (4,096)

Central truncation + GPT-3.5 Turbo (4,096) 27.77 3.09 20.56 82.57
Skimming w/ post-sampling 26.16 2.13 20.21 82.40

removal + GPT-3.5 Turbo (4,096)

Table 3: Automatic evaluation results on the BigPatent dataset. Context size of the models are mentioned in
parenthesis. The best score in each metric category is highlighted in bold.

Method Mean time taken
Central Truncation 142.50 ms

Document Skimming 155.42 ms
Skimming w/ post- 625.17 ms
sampling removal
Skimming w/ pre- 3059.63 ms
sampling removal

Summarization 2131.40 ms
w/ Extraction

Table 4: Mean time taken per document using BART
tokenizer on BigPatent dataset
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Abstract

The vast volume of media being created
each day has necessitated research into
automatic text summarization. The hy-
pothesis guiding this work is that a well-
written summary uses rhetorical devices
to convey the main content of a longer
text. To investigate, this work uses Rhetor-
ical Strucutre Theory (RST) to better un-
derstand the structure of text and create
summaries. We present an RST-aided
graph pruning approach to select impor-
tant sentences for extractive summariza-
tion, which compares well in performance
to popular baseline methods. Addition-
ally, we propose a novel multi-step method
for short text summarization by employ-
ing RST tags to train the BART language
model and produce abstractive summaries.
Finally, we prompt GPT 3.5 Turbo with
and without RST tags to compare results.
We conclude that RST is not useful for
general news summarization tasks.

1 Introduction

With the tremendous rise in the quantity of avail-
able textual documents, people have become re-
liant on short summaries to peruse and consume
content. This creates a need for summarization of
all types of texts. Summarization involves differ-
ent techniques depending on the document length
— short or long. There is a wide range of ap-
proaches to short text summarization using tech-
niques such as rule-based methods, recurrent neu-
ral networks, and large language models.

Summaries may belong to one of two cate-
gories: extractive or abstractive. Extractive sum-
maries consist of the most important pieces lifted
directly from the source text. This captures the au-

thor’s distinctive voice and maintains content ac-
curacy, but can be difficult to comprehend since
the extracted phrases are pieced together, often
without transition and referential words. In con-
trast, abstractive summaries are original wordings,
much like those of a human who creates a more
coherent summary but may suffer from factual in-
accuracy (Bleiweiss, 2023).

This paper posits that a summary conveys the
most salient information in a longer document,
and hence how a summary is structured is likely to
have an impact on its quality. We consider struc-
ture of a summary in terms of the rhetorical com-
ponents — in terms of related clauses and sen-
tences — that comprise it.

This paper introduces a novel approach for text
summarization, providing both extractive and ab-
stractive summaries. Our graph pruning extractive
approach leverages the ability of RST to identify
important parts of a source text.

We also develop deep learning approaches for
summarization that take into account the rhetori-
cal structures present within the original articles
and reference summaries while training. One such
approach inserts rhetorical labels both within the
articles and reference summaries during training,
with a view to learning effects of rhetorical struc-
tures. Finally, we explore ways to instruct a large
language model, in particular ChatGPT, to incor-
porate rhetorical structures in producing document
summaries. We compare results of all the ap-
proaches and conclude that our hypothesis fails,
and understanding rhetorical structure is not nec-
essary for summarization. We believe that this
finding is surprising and deserves attention.

Section 2 of the paper provides an overview of
related research motivating this work, Section 3
details the research problem, Section 4 gives the
motivation and discusses implementation of our
approaches, Section 5 presents our experiments
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and the results as compared with previous work,
Section 6 acknowledges the associated risks, and
Section 7 discusses concluding thoughts.

2 Related Work

The following sections highlight popular summa-
rization strategies and the models supporting this
work.

2.1 Rhetorical Structure Theory

Rhetorical Structure Theory (Mann and Thomp-
son, 1988), or RST, creates binary trees connect-
ing the Elementary Discourse Units (EDUs) of a
text by their rhetorical relations. Single EDUs or
groupings of them are classified into either Nu-
cleus or Satellite in which the relationship from
the Satellite to the Nucleus takes on one of the de-
fined relations such as Background, Elaboration,
or Contrast. Hence, at each split in the tree there
is one relation defined from the Satellite subtree to
the Nucleus subtree. In some cases, a split con-
sists of two Nuclei, implying that the two subtrees
are independent of each other. A simple example
can be seen in Figure 1. In this example, EDU2
provides background for EDU1. Additionally, the
second sentence (EDU3-EDU5) elaborates on the
first (EDU1-EDU2).

2.2 Summarization

Automatic text summarization has a large research
base and has been attempted using myriad ap-
proaches.

2.2.1 Extractive Methods

Extractive methods often employ a three-step pro-
cess to split up the source text, assign each piece
a score, and select the most important ones. These
algorithms consist of supervised and unsupervised
learning methods. Supervised methods need more
information to train on such as human written
summaries. Implementations of supervised meth-
ods often use neural networks such as RankNet
(Burges et al., 2005). Meanwhile, unsupervised
approaches produce a summary while only access-
ing the input text making them more computa-
tionally efficient and requiring less human labor
(Mridha et al., 2021). Extractive approaches have
applications in everyday life including Google
News summaries (Shakil et al., 2024).

Figure 1: An example RS-tree of the following in-
put text: (EDU1) Harry Potter star Daniel Rad-
cliffe gets £20M fortune (EDU2) as he turns 18
Monday. (EDU3) Young actor says (EDU4) he
has no plans (EDU5) to fritter his cash away.
(EDU6) Radcliffe’s earnings from first five Potter
films have been held in trust fund.

2.2.2 Abstractive Methods

Abstractive methods generally can generally be
classified as struture-based or semantic-based
methods. Strucure-based summaries implement
data strucutes such as templates (Oya et al., 2014)
or trees (Kurisinkel et al., 2017) but are limited
in contextual information and diversity. Although
semantic-based methods largely avoid these is-
sues, they struggle with sentence cohesion and
have limited use cases. Remaining abstractive
summarization algorithms include deep learning
(Song et al., 2019) and graph-based approaches
(Mridha et al., 2021). A hybrid approach of ex-
tractive and abstractive methods first separates the
important sentences and then uses a Large Lan-
guage Model (LLM) to rephrase the summary
(Koh et al., 2022).

2.2.3 Rhetorical Structure Theory

RST has been used in the process of creating ex-
tractive summaries by taking sentences from near
the roots of the parsing tree (Zhang et al., 2023).
Hirao et al. (2015) summarize Wall Street Jour-
nal articles by pruning rhetorical structure trees
for important EDUs using a translation to depen-
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dency trees and dynamic programming selection
algorithm. Thus, dependency relations have been
shown to be useful for identifying important parts
of a text; rather than just dependency relation-
ships, this paper explores whether any benefits ac-
crue from incorporating full RST knowledge into
summarization approaches.

2.2.4 Large Language Models
Transformer architectures (Vaswani et al., 2017)
are effective for summarizing small inputs, and
it has even been shown that humans prefer news
summaries generated by LLMs to those written
by humans (Goyal et al., 2022). An advantage
of LLMs is their ability to work with zero-shot or
few-shot prompting, so they do not require fine-
tuning (Zhang et al., 2024). Prompt engineering
is a more resource efficient approach to text sum-
marization which uses techniques such as template
engineering to directly obtain a summary or chain
of thought to break the problem up (Jin et al.,
2024).

3 Statement of Problem

Since RST gives insight into the structure of a text,
a goal of this work is to determine whether RST
is a helpful tool for summarization. Better un-
derstanding of the rhetorical structures of source
texts and reference summaries may allow for im-
proved summarization results and could general-
ize to other NLP tasks. Thus, exploring the bene-
fits and disadvantages of RST is worth studying.

4 Approach

4.1 Build Rhetorical Structure Trees

The first step to summarizing using rhetorical re-
lations is to create a RST parse tree for the source
texts. Our method uses the DMRST1 algorithm
(Liu et al., 2021) to find the rhetorical structure
tree (RS-tree) of the source text and the associated
summaries. The output of the DMRST code is a
string which we use to recursively construct a cus-
tom tree for ease of use on future tasks.

4.2 Tree Pruning

Once the tree is constructed, we create base-
line summaries by pruning the tree for important
EDUs. Hirao et al. (2015), present an effective
way to find important sentences from a RS-tree by

1https://github.com/seq-to-mind/DMRST Parser

translating to a dependency tree which only con-
siders Nucleus and Satellite relationships. By fol-
lowing the path of nucleus dependencies, we ar-
rive at an EDU which everything else builds off of.
This is the root of the dependency tree. In the sim-
ple example from Figure 1, following Nucleus de-
pendencies leads to EDU1. This strategy, finds an
important fragment to include in a summary but is
not sufficient for covering an entire article. Hirao
et al. then use dynamic programming to select ad-
ditional EDUs for their summary by traversing the
dependency tree from the root. Our approach di-
verges from theirs at this point by finding the root
but otherwise disregarding the dependency tree.

Our approach centers around selecting EDU’s
from throughout the source text. Algorithm 1 dis-
plays the pseudo code for this approach. Function
Get-Top-Sentence(·) traverses the tree following
Nucleus nodes only until it reaches the leaf EDU.
For each EDU we select, we include the entire sen-
tence that it is a part of. This is necessary to pro-
vide context for parts of the EDU, especially as
related to understanding pronouns.

The threshold that we are using to travel down
a tree is based on dividing the total number of
EDU’s by a length parameter, α, and rounding
down to the nearest integer. Hence, we search
down approximately α subtrees, representing α
distinct parts of the source text, with the goal of
getting α sentences for the final summary. For our
final testing, we use α = 3 since three sentences
is the typical summary length in our dataset.

Algorithm 1 RS-Tree-Graph-Pruning
procedure EXTRACTIVE-SUMMARY(article)

rs tree = Build-RS-Tree(article)
sent list = []
sent list = Rec-Search-Tree(rs tree, sent list)
return List-To-String(sentence list)

end procedure

procedure REC-SEARCH-TREE(root, sent list)
top sent = Get-Top-Sentence(root)
Append top sent to sent list
if root.left subtree size > EDU COUNT / α then

Rec-Search-Tree(root.left child, sent list)
end if
if root.right subtree size > EDU COUNT / α then

Rec-Search-Tree(root.right child, sent list)
end if
return

end procedure

In order to improve the pruned results, we use
sentence similarity2 to avoid including redundant

2https://huggingface.co/sentence-transformers
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Reference
summary

Motorised surfboards weigh just 15kg and travel at speeds of up to 33mph .
Capable of thrusting riders into the air off waves and the wake from boats .
Contraption, made in Czech Republic, is powered by a two-stroke engine .

Lead3 extractive
summary

With a surfboard strapped to his feet, a thrill-seeker soars through the air as he
showcases a new extreme sport. This action shot was taken at Estavayer-le-Lac
in Switzerland where the latest water sports craze of Jet Surfing has taken off.
The contraption can be seen leaping up above the surface, almost resembling
scenes from the film Back to the Future where Michael J Fox’s character Marty
McFly climbs on to a futuristic hoverboard.

Pruned summary With a surfboard strapped to his feet, a thrill-seeker soars through the air as he
showcases a new extreme sport. But unlike in the 1985 classic, this Jet Surf
board, made in the Czeck Republic, is designed for travelling across water -
and is so powerful it can help propel riders into the air off waves or the wake
from passing boats. Extreme: Jet surf boards have a top speed of 33mph and
weigh just 15kg. A bit more traditional: The surfers can get down to the water
if they fancy something a little more sedate .

GPT 3.5 Turbo
Summary

Jet Surfing, a new extreme water sport, allows riders to soar through the air on
powerful, lightweight boards. With top speeds of 33mph, the sport is easy to
master and offers an adrenaline rush while minimizing risks.

BART model
trained on raw
articles and raw
summaries

Jet surf boards have a top speed of 33mph and weigh just 15kg. It is equipped
with a specially-designed two-stroke engine which uses up to two litres of fuel
an hour depending on the model and conditions.

Table 1: A comparison between a reference summary and the ones we generate for a hand-picked exam-
ple from the CNN/DailyNews dataset.

sentences. We iterate through the sentences of the
pruned summary and add them to a final summary
if and only if their similarity score is less than β
with every sentence already in the final summary.
The optimal β value found was 0.4, and we also
adjusted this value in the case where the new sum-
mary had fewer than 30 words.

4.3 Deep Learning Summarizer with
Rhetorical Structure

To generate better summaries, we train the BART
(Lewis et al., 2020) Large Language Model on our
custom tagged data. We use the RS-tree represen-
tation of each article and summary to add depen-
dency (Nucleus or Satellite) and relationship (e.g.,
Elaboration, Contrast) tags to the original text. We
also employ the NLTK sentence tokenizer (Bird
and Loper, 2004) to add sentence beginning and
end tags to the text.

We create and train our model with a few dif-
ferent types of tags as well as untagged text. The
two final tag types are: tagging just the nucleus
EDUs, and tagging all EDUs and interior relations.

In the latter case, we have transformed the RS-tree
into a string without losing any of the information.
This allows us to train the BART sequence to se-
quence model without needing to work with less
resourced Graph Neural Networks. We train the
model with every combination of tagged and un-
tagged text to compare the results.

4.4 Prompting Large Language Model

In addition to fine-tuning the BART model, we use
the chatGPT 3.5 Turbo API with one-shot prompt-
ing to generate summaries. This approach is tested
first by simply providing an article and asking for
a summary. In a second variation, we provide a
tagged article and describe the basics of RST be-
fore asking for a summary. In both cases, one ex-
ample article-summary pair is given to guide the
model. After testing many prompts, the best two
were selected and can be seen in Table 2. Fur-
ther explanation of our design choices can be seen
in Appendix A.Following our experimental results
and the work of Zhang et al. (2024), we use a
temperature value of 0.3 to control the random-
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ness of the model. We also use the LLM to para-
phrase our pruned summaries so that they match
the style of the reference summaries. This sec-
ondary approach uses two-shot prompting which
is made possible by the smaller inputs.

Situation Prompt
Untagged
Articles

Summarize this article into approxi-
mately 25 to 35 words which should
consist of a few simple sentences.

Tagged
Articles

Summarize this article into approx-
imately 25 to 35 words using the
provided relation classification tags.
The beginning of a Nucleus EDU
is marked with: <Nucleus> The
end is marked with: </Nucleus>.
The Satellite relations follow a sim-
ilar tagging structure. Use these
tags to create a summary which in-
cludes mostly information from Nu-
cleus tags.

Table 2: Prompts used for GPT 3.5 Turbo

5 Experiments

The sections below outline our testing process,
state-of-the-art comparisons, and initial results.

5.1 Datasets
We test our method on the CNN/DailyMail3

dataset which contains over 300,000 news arti-
cles with associated summaries of about three sen-
tences (Hermann et al., 2015). The articles are
taken from 2007 to 2015 with the validation and
testing subsets coming chronologically from the
end. On average, the articles contain 781 tokens
and the summaries contain 58 tokens. Thus, the
average reduction in text length is to 7% of the
original length. This dataset is ubiquitous in the
leading literature for short text summarization.

5.2 Evaluation
We evaluate our results using the Rouge-1, Rouge-
2, and Rouge-L evaluation metrics (Lin, 2004)
which are ubiquitous for this task. Rouge scores
look for overlap of words, so they can be mis-
leading for texts with similar meaning portrayed
with different words. We also test our results us-
ing Bertscore (Zhang et al., 2019) which focuses

3https://huggingface.co/datasets/
abisee/cnn_dailymail

on the meaning of the words in the summary rather
than the words present. Bertscore provides an ad-
vantage over Rouge because it will give a high
score for similar words such as “good” and “great”
by using dense word embeddings. A critical flaw
in both of these metrics is their reliance on words
rather than sentence-level meaning. Due to the
popularity of the data and evaluation used, we can
compare our results to many other state-of-the-art
approaches.

5.3 Baselines

We compare our results with two extractive base-
lines as well as two state-of-the-art approaches.
Lead3 summarization (Zhu et al., 2021) simply
takes the first three sentences from the article to
use as a summary. The second extractive baseline
is our graph pruning strategy as outlined in Section
4.2. SimCLS (Liu and Liu, 2021) is a reference-
less technique which works on top of existing
sequence-to-sequence summarization models to
improve their results. Alternatively, Zhao et al.
(2022) introduce sequence likelihood calibration
(SLiC) which works by calibrating sequence gen-
eration to reduce loss compared to reference sum-
maries. SLiC and SimCLS demonstrate current
state-of-the-art results as a comparison.

5.4 Results

In order to help the reader understand the style of
summaries, Table 1 provides example summaries
from our different approaches.

We have obtained results across the approaches
discussed earlier. Our results are displayed in Ta-
ble 3. These scores are calculated on the 11,490
article-summary pairs from the test set of the
CNN/DailyMail data. The trained BART model
is trained on over 244,000 article-summary pairs
from the training set.

Our lead3 and tree pruning baseline approaches
perform comparably with the slightly unexpected
result that lead3 scores better in all metrics used.
This is likely due to the nature of news articles
which provide summary-like paragraphs to be-
gin. Paraphrasing our pruned summaries with
GPT decreased all three Rouge metrics but in-
creased Bertscore. This suggests that the result-
ing summaries, which were much shorter, lost the
original voice of the article but captured more of
the summary content in a shorter space. Adding
sentence similarity to the pruned summaries short-
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Method Rouge-1 Rouge-2 Rouge-L BertScore

Lead3 40.05 17.48 25.02 86.92

Tree Pruning 33.33 12.71 21.16 86.17

Tree Pruning + GPT paraphrasing 29.36 8.75 19.37 86.48

SimCLS (Liu and Liu, 2021) 46.67 22.15 43.54 88.85

SLiC (Zhao et al., 2022) 47.97 24.18 44.88

BART model trained on raw articles
and raw summaries

44.52 21.33 30.87 88.13

BART model trained on tagged articles
and raw summaries

44.33 21.23 30.71 88.11

BART model trained on tagged articles
and tagged summaries

40.75 18.56 27.78 87.30

BART model trained on nucleus tagged
articles and raw summaries

44.38 21.35 30.84 88.12

GPT 3.5 Turbo with raw articles 34.53 11.72 23.28 87.36

GPT 3.5 Turbo with tagged articles 32.11 10.01 21.65 87.03

Table 3: Results from assorted summarization methods on the CNN/DailyNews dataset. Best results are
shown in bold. All scores are f1 measures which use a combination of precision and recall scores.

ened the length as expected but consistently low-
ered the scores across all our metrics.

The two GPT prompting methods achieved only
marginally better Bertscore results than the base-
lines. In all four evaluation metrics, the LLM per-
formed better without attempting to use rhetori-
cal structure than it did with the added instructions
and tagged information about RST.

Our best results across all our evaluation met-
rics come from training the BART model. The
model trained with no RST knowledge and the two
models trained with RST knowledge about just the
articles perform at a very similar level and fall
slightly short of the state of the art approaches.
The final model, trained on article and reference
summaries with rhetorical structure tags, is signif-
icantly worse than the others and compares more
closely with the GPT prompting results.

5.5 Reproducibility Statement

Our experiments were conducted on machine
with four NVIDIA GeForce RTX 2080 Ti GPUs
each containing 11264 MiB of RAM and running
CUDA version 12.2.

6 Potential Risks and Downfalls

Even with breakthroughs in summarization, no
method is perfect, and it is possible that automati-
cally generated summaries have factual errors or
do not tell the whole story. In the application
of new articles, small errors and relying on sum-
maries could facilitate the spread of misinforma-
tion.

7 Conclusion

This work supplies evidence that Rhetorical Struc-
ture Theory is not useful for general short text
summarization.

The performance of our tree pruning strategy
implies that rhetorical structure information is at
least somewhat useful at identifying important
pieces of an input text. However, the tree prun-
ing results falling short of the much simpler lead3
design which does not use RST at all suggests that
the knowledge of RST is unnecessary.

Our trained sequence-to-sequence model
demonstrated nearly identical results across
training with and without knowledge of rhetorical
relations. In fact, the best performance we

REU Symposium on Natural Language Processing

University of Colorado, Colorado Springs 77



achieved came from the model trained with
no relation tags. The models where rhetorical
structure from only the article was included show
that although RST did not improve scores, the
added information was also not detrimental. In the
case of adding tags to both articles and reference
summaries, our evaluation indicates that the added
information of RST impeded the model’s ability
to create a good summary.

Our use of the GPT 3.5 Turbo LLM also con-
veyed the lack of importance of RST. The model
performed better without relations than with them,
implying that the added understanding of textual
structure was more confusing than it was helpful
for summarization.

8 Future Work

Despite results suggesting that RST is not neces-
sary for summarization, we are interested in ex-
ploring Graph Neural Networks to learn a transla-
tion from rhetorical structure trees to summaries.

We believe that RST could be useful for con-
trolled summarization instead of general summa-
rization. Harnessing relations may allow for query
based summaries such as providing mainly back-
ground as well as stance based summarization
which has applications in legal documents and po-
litical news.
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A Experiments with LLM Prompting

In addition to the two prompts used for generat-
ing summaries with the GPT 3.5 Turbo API, we
experimented with other prompts which varied in
detail. Our goal was to teach the LLM what RST
was, so it could be used for summarization. Be-
low is an example of the prompt we wrote with
the most detail:

Summarize this article into approxi-
mately 25 to 35 words using Rhetori-
cal Structure Theory. Rhetorical Struc-
ture Theory breaks a text into Elemen-
tary Discourse Units (EDUs) and or-
ganizes them in a binary tree by how
they are related. Relations go from a
Satellite EDU to a Nucleus EDU mean-
ing that the Satellite builds off of the
Nucleus. Segments of multiple EDUs
also have relations between each other.
There are many relations, and the two
most important ones are Attribution and
Elaboration. The article input has tags
which show the classification of each
EDU. The beginning of a Nucleus EDU
is marked with: <Nucleus>. The end
is marked with: </Nucleus>. The
Satellite relations follow a similar tag-
ging structure. Use these tags to cre-
ate a summary which includes about 50-
80% Nucleus tags and 20-50% Attribu-
tion and Elaboration tags. There are
also the [CLS] and [SEP] tags which
mark the start and end of each sentence
respectively. The summary should be
short and consist of the most important
parts of the text. Make sure the sum-
mary produced is coherent and does not
end in the middle of a sentence.

Using this detailed prompt with one-shot
prompting resulted in the same average Bertscore
on the validation set as the prompt we selected
for final testing. Moreover, we tested three other
prompts with gradually shorter explanations and
the Bertscore for each one was within 0.03 of the
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selected prompt. Hence, the amount of instruc-
tion given to the LLM in regards to RST had an
insignificant effect on resulting summary quality.

Four prompts were also used for generating

summaries without rhetorical strucutre tags and
the best was selected. We use this method as a
comparison to the tagged version.
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Abstract

Large Language Models (LLMs) excel at
various tasks, including problem-solving
and question-answering. However, LLMs
often find Math Word Problems (MWPs)
challenging because solving them requires
a range of reasoning and mathematical
abilities with which LLMs seem to strug-
gle. Recent efforts have helped LLMs
solve more complex MWPs with improved
prompts. This study proposes a method-
ology that initially prompts an LLM to
create equations from a question decom-
position, followed by using an external
symbolic equation solver to produce an
answer. To ensure the accuracy of the
obtained answer, inspired by an estab-
lished recommendation of math teachers,
the LLM is further instructed to solve the
MWP a second time, but this time with
the objective of estimating the correct an-
swer instead of solving it exactly. The es-
timation is compared to the generated an-
swer to verify the original answer. This
approach achieves new state-of-the-art re-
sults on datasets used by prior published
research on simple numeric and algebraic
MWPs. In addition, the approach ob-
tains satisfactory results on trigonometric
MWPs, a feat never attempted before to
the author’s best knowledge. This study
also introduces two new datasets, SVAM-
PClean and Trig300, to help advance the
testing of the reasoning abilities of LLMs.

1 Introduction

Solving MWPs has been an area of interest in nat-
ural language processing since Bobrow (1964). In
recent years, researchers have found many dif-

ferent ways of solving MWPs, including using
Seq2Seq methods (Wang et al., 2017), Seq2Tree
methods (Wang et al., 2019; Xie and Sun, 2019),
Graph2Tree methods (Zhang et al., 2020) or using
transformers to directly translate from text to alge-
braic equations (Griffith and Kalita, 2020; Griffith
and Kalita, 2021) and many more. Recently, there
has been a noticed surge in the use of LLMs to
solve MWPs to achieve high accuracy (Brown et
al., 2020), which has been difficult to obtain de-
spite the perceived simplicity of MWPs solved.
LLMs often get confused when solving MWPs
unless assisted in reasoning steps via appropriate
prompts (Shi et al., 2023). To address this chal-
lenge, researchers have aided plain LLMs with
Chain-of-Thought prompting, which allows the
LLM to solve it as a multi-step reasoning task
(Wei et al., 2022; Kojima et al., 2022). Among the
various state-of-the-art prompt engineering tech-
niques, Progressive Rectification Prompting com-
bined with Chain-of-Thought (Wu et al., 2024a)
stands out. This method allows an LLM to rec-
tify its answer by generating responses until the
answer passes verification. Another notable tech-
nique, BRIDGE, erases the interrogative parts of
an MWP, decomposes the rest of the MWP into
simpler statements, translates them into equations,
and finally solves to get the answer (Wang et al.,
2024).

This paper hypothesizes that current methods
for solving MWPs, in spite of being aided by de-
signed prompts, improperly rely on precise math-
ematical accuracy during individual steps of solv-
ing. For example, while solving a multiple-step
problem, there is a high chance of occurrence of a
single mistake along the way, leading to a final in-
correct answer. Additionally, very few prompting
techniques check for errors as a problem is being
solved, and when they do, they rely on precise ac-
curacy again, which is unnecessary and may even
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Jane's monthly car loan payment is one quarter of her monthly house loan payment. |  Jane pays a total of 19200 dollars over the course of the year.

Let a be Jane's monthly car loan payment rate [[var a]]. Let b be Jane's 
monthly house loan payment rate [[var b]]. Since Janes monthly car 
loan payment is one quarter of her monthly house loan payment, we 
have [[eq a = b / 4]]. Let c be the total amount Jane pays for her car 
loan in a year [[var c]]. We have [[eq c = 112 * a]]. Let d be the total 

amount Jane pays for her house loan in a year [[var d]]. We have [[eq d 
= 12 * b]]. Since Jane pays 19200 dollars in total over the course of the 

year, we have [[eq c + d = 19200]]. 
The answer is the value of a [[answer a]]. 

['a = b / 4', 'c = 12 * a', 'd = 12 * b', 'c + d = 19200',  'a = ?'] 
 Numerical Answer: 320.0

To find a rough estimation of Jane's monthly car loan payment rate, we 
can divide the total amount she pays over the year ($19200) by 12 
months. This would give us an average monthly payment amount. 

Since her care loan payment is one quarter of her house loan 
payment, we can estimate that her car loan payment is around one 

quarter of this average monthly payment amount. 
$19200 / 12 = $1600 per month (average monthly payment)
$1600 / 4 = $400 per month (estimated car loan payment)

400 * 0.5 < 320 < 400 * 1.5
Therefore verification passes

Final Solution = 320

Decomposition

Generate Equations

Extract and Solve

Estimation

Verification

Question

Jane?s monthly car loan payment is one quarter of her monthly house loan payment. Find her monthly car loan payment rate, in dollars per month, 
if Jane pays 19200 dollars in total over the course of the year.  Answer: 320

If Verification Passes If Verification Fails

Figure 1: Simplified diagram example of the EVoSS method from the Algebra dataset

be counter-productive.
This paper proposes Equation Verification of

Symbolic Solvers (EVoSS). Figure 1 illustrates
EVoSS with an example from the Algebra dataset
(He-Yueya et al., 2023). The method starts by in-
structing an LLM to decompose the problem state-
ment and generate algebraic equations. Then, a
symbolic solver (external to the LLM) is used to
solve the problem precisely. However, any mis-
take in equations often leads to a significant er-
ror in the final crafting of the answer. To amelio-
rate, the proposed method uses a verification tech-
nique that asks the LLM to estimate the answer
before committing to the generated answer as fi-
nal. By comparing the rough estimate with the
precise answer, the approach increases the chances
of discovering mistakes during equation genera-
tion. The introduction of the answer-estimation
step during the solving process is inspired by a
common practice among teachers of elementary
math, supported by publications from the National
Council of Teachers of Mathematics, which rec-
ommend checking the obtained answer against an
estimate when the work was finished (Mathemat-
ics, 1964 1969). The approach is as follows.

The first step involves decomposing the ques-
tion into more straightforward statements and re-
moving details that may hinder correct translation
into equations. Once the equations have been gen-
erated, a symbolic solver attempts to solve them
while fixing any errors.

Once the symbolic solver has computed a nu-

merical value, the LLM is presented with the ques-
tion again. However, the model is now asked to es-
timate the correct answer instead of solving it pre-
cisely. This estimate serves as a point of compari-
son with the numerical value derived earlier. If the
estimation is aligned with the answer, the verifica-
tion process confirms with high confidence that the
correct answer has been found. If verification fails
due to the estimate significantly diverging from the
answer obtained by the symbolic solver, a rectifi-
cation process finds an answer again. During this
process, the LLM is presented with the original
question and the estimation as a hint to guide the
LLM to the correct answer.

This paper makes several key contributions.
First, the paper introduces a novel MWP esti-
mation verification scheme that checks answers
from generated equations in conjunction with a
symbolic solver to verify answers generated by
MWPs. This method achieves new state-of-the-
art results. Secondly, the paper creates a new
trigonometry dataset that is utilized to stress-test
the symbolic solver and estimation verification.
Finally, this paper finds inadmissible errors in a
commonly used dataset and fixes them so that fu-
ture solvers will be tested fairly.

The rest of the paper starts by discussing re-
lated works on math word problem-solving. The
next section presents the problem statement, fol-
lowing which the paper introduces the approach
that uses answer estimation to verify MWP an-
swers. Next, the paper elaborates upon the ex-
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periments performed, the results obtained, and the
new datasets that are published for use by future
researchers. The final section concludes the paper.

2 Related Works

A number of recent methods use LLMs to solve
MWPs. Here are a variety of state-of-the-art meth-
ods that use diverse methodologies.

2.1 CoT Prompting Methods

Chain-of-thought prompting methods ask LLMs
to generate reasoning paths while solving MWPs
to guide the process (Wei et al., 2022). The rea-
soning path helps the LLM solve the MWP be-
cause the LLM leverages the text that describes
the reasoning path to get to the final answer (Tan,
2023). Two CoT prompting methods have been
proposed recently: zero-shot prompting (Kojima
et al., 2022) and few-shot prompting (Wei et
al., 2022). Zero-shot CoT prompting instructs
the LLM to find the answer without any exam-
ples. In contrast, few-shot prompting gives the
LLM a few examples illustrating the instructions
before asking the LLM to solve. Auto-CoT auto-
matically generates reasoning chains by sampling
questions to minimize manual effort and provide
more diverse examples (Zhang et al., 2023). Self-
consistency (SC) has improved CoT prompting
by identifying and selecting the most frequently
obtained answer across diverse reasoning paths
(Wang et al., 2023b).

2.2 Progressive Rectification Prompting
Methods

CoT and self-consistency tend to repeat the same
mistakes. Progressive Rectification Prompting
(PRP) aims to address these errors by verifying
an answer through a process where one numer-
ical value is removed from the MWP, and the
large-language model is tasked with identifying
the missing value (Wu et al., 2024a). If the LLM
does not correctly find the missing value, it allows
it to rectify its answer and gives it a hint to help
guide it.

2.3 Decomposition Methods

A few methods decompose the question before
finding the answer to assist the LLM. For exam-
ple, the BRIDGE technique achieves high solu-
tion accuracy by using a 4-step process that pro-
ceeds as follows: erase, decompose, translate, and

answer (Wang et al., 2024). Another method,
Decomposed Prompting, solves complex tasks us-
ing a modular decomposition structure to optimize
specific sub-tasks (Khot et al., 2023).

2.4 Methods Using External Solvers

Another common way to assist LLMs in solving
MWPs is using an external solver to do the math.
A common form of using an external solver is us-
ing Program-of-Thoughts prompting (PoT). PoT
uses LLMs to generate program statements and
then delegates the statements to a program inter-
preter (Chen et al., 2023). Another example, the
Program-aided Language Model or PaL, gener-
ates programs as the intermediate reasoning steps
and then uses a runtime environment such as a
Python Interpreter to avoid mathematical errors by
the LLM (Gao et al., 2023). Finally, another state-
of-the-art technique, declarative prompting, uses
an LLM to formalize word problem variables and
equations. This process mitigates arithmetic errors
using an external symbolic solver that solves the
equations without error (He-Yueya et al., 2023).
This method beats PaL by around 20 percent on
their new dataset consisting of more complex word
problems that we will also use to test our model,
called Algebra.

3 Problem Statement

Despite many successes using various methodolo-
gies, there is still significant room for improv-
ing the effectiveness of LLMs in solving complex
math word problems (MWPs). Current methods
often suffer due to an increased chance of errors
in problems requiring multiple equations and a
lack of appropriate validation. In addition, cur-
rent approaches to MWP solving have not ven-
tured out of simple numerical and algebra prob-
lems. Our approach, Estimation Verification of
Symbolic Solver Results (EVoSS), aims to de-
velop a model that achieves higher accuracy in
solving MWPs, particularly for MWPs that re-
quire multiple equations to solve or have large
non-rounded numerical values by adding flexibil-
ity to the verification process.

4 Approach

This study introduces a novel estimation-based
verification technique that validates the answer ob-
tained by solving LLM-generated equations from
the LLM-decomposed question using an external
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symbolic solver. Specifically, this method takes a
given question, decomposes it into different com-
ponents that are easier to translate into equations,
turns the decomposition into equations, finds an
answer from the equations (or generates new equa-
tions and finds an answer if necessary), and finally
finds an estimation from the LLM and compares
that to the generated answer to verify and rectify
if needed.

4.1 Pre-processing and Decomposition
In pre-processing and decomposition, the ques-
tion is separated sentence-wise, and the last sen-
tence, the asking part, is removed. Then, the state-
ments and the asking part are presented to the
LLM and asked to decompose into statements. A
two-shot prompting approach that provides exam-
ples of wanted outputs increases accuracy and di-
rects the LLM toward the desired outcome.

4.2 Equation Generation
The LLM is prompted to create equations from the
decomposition in a specific format because the de-
composition is more straightforward to turn into
equations than the original question. We use a set
of simple rules to guide the LLM while generat-
ing the equations. Some examples of the rules in-
clude: ”Each equation only uses previously intro-
duced variables” or ”The last sentence gives the
goal: which variable will contain the answer to
the problem.” Three-shot prompting, which gives
three examples of the decomposition and gener-
ated equations, is used here to increase the accu-
racy of equation generation.

4.3 Solving Equations
The equations generated by the LLM are extracted
and appended to an equation list. This list is then
sent to the symbolic solver. The generated sys-
tem of equations is commonly unsolvable due to
reasoning issues such as being over-determined or
having no unique solutions. To combat these er-
rors, several checks are in place to identify any er-
rors returned by the symbolic solver. If errors are
found, the LLM is prompted to generate new equa-
tions with a helper statement reminding the LLM
of the broken rule. For example, if the last sen-
tence does not give the goal, we will provide the
hint: ”Make sure your response ends with ’The an-
swer is the value of x [[answer x]].’ Where x is the
goal variable.” If the LLM has been prompted too
many times without generating valid equations,

the equations are sent to the LLM to solve, and the
process moves on. We set the value of the max-
imum attempts to generate equations to 3 for all
tests. Once the symbolic solver has generated a
numerical answer that is not an error, the answer
is compared to the estimation to be verified.

Our approach specifically uses a symbolic
solver to improve accuracy because it has been
found that the most significant culprit in large lan-
guage models getting incorrect answers is seman-
tic misunderstandings of the question (Wang et
al., 2023a). Having a symbolic solver solve the
generated equations reduces those errors from be-
ing made. However, using such a solver increases
vulnerability, as any error in equation generation
will result in an incorrect answer. Thus, incorpo-
rating an additional step of answer verification us-
ing estimation improves the possibility of finding
the correct result.

4.4 Estimation Verification
When generating equations, two outcomes are
possible. Either the LLM is entirely accurate with
no mistakes, resulting in the correct answer, or
it introduces one or more errors in the equations,
usually leading to significantly incorrect answers.
For this reason, estimation verification works well.

Inspired by a publication from the National
Council of Teachers of Mathematics (Mathemat-
ics, 1964 1969), during estimation verification,
the LLM is given the question decomposition and
prompted to find a rough estimate of the final an-
swer. This approach reduces the likelihood of er-
rors during complex problem-solving. Once the
estimation is obtained, it is compared against the
answer generated by the symbolic solver. The
comparison involves checking whether the esti-
mation is within alpha% of the generated an-
swer. Testing has shown that alpha varies be-
tween different datasets ranging from 40 to 50.
Table 3 displays the accuracy of various param-
eter values on the three datasets. If the estimation
closely matches the generated answer, the verifi-
cation passes, indicating confidence in the equa-
tions’ accuracy. If the estimation is not close to the
generated answer, the verification fails, and recti-
fication ensues.

4.5 Rectification
When verification fails, the question will be
prompted to the LLM another time, but this time,
the estimation will be given as a hint to guide the
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LLM. To gain more utility from the hint, the LLM
will not be asked to generate equations but instead
simply find an answer. Once the answer is gen-
erated, if it has been generated in previous steps,
it declares that answer as the final solution. If the
answer has not been generated, the process returns
to the beginning and iterates through each step un-
til it finds a value already generated. An answer
will never be accepted if it has only been generated
once. For example, when the first answer is gen-
erated, it will be appended to list A. Then, when
the next answer is generated, it will be compared
to A0. If A0 = A1 then final answer F = A0. If
A0 ̸= A1, then the the LLM will be sent the rec-
tification prompt, and A2 will be compared to A0

and A1. If A2 ̸= A0 and A2 ̸= A1 then the process
will loop through the three steps, equation genera-
tion, estimation, and rectification prompting, until
AN equals a value from A0 to AN − 1.

5 Experiments

We test our method using the three most rele-
vant datasets, plus two new datasets and compare
results with the most significant recent methods
while ensuring comparable implementations.

Paige raised 16 goldfish 
and 71 catfish in the pond 
but stray cats loved eating 
them. Now she has 2 left. 

How many goldfish 
disappeared? 
Answer: 14.0

Paige raised 16 goldfish 
and 71 catfish in the pond 
but stray cats loved eating 

them. Now she has 2 
goldfish left. How many 
goldfish disappeared? 

Answer: 14.0

Ambiguous

Jack received 6 emails in the 
morning, 3 emails in the 

afternoon and some more in 
the evening. If he received a 
total of 10 emails in the day. 
How many emails did Jack 
receive in the afternoon? 

Answer: 1.0

Jack received 6 emails in the 
morning, 3 emails in the 

afternoon and some more in 
the evening. If he received a 
total of 10 emails in the day. 
How many emails did Jack 

receive in the evening? 
Answer: 1.0

Wrong

A waiter had 3 customers. 
After some left he still had 4 
customers. How many more 

customers stayed behind 
than those that left? 

Answer: 5.0

A waiter had 6 customers. 
After some left he still had 4 
customers. How many more 

customers stayed behind 
than those that left? 

Answer: 2.0

Impossible

SVAMP Dataset Corrections

Figure 2: Three examples of corrections made to
the SVAMP dataset

A plane has traveled 26 miles on a course 
heading 48 degrees east of north. How far north 

has the plane travelled at this point?

Find the length of a shadow cast by a tree 
known to be 176ft tall assuming the angle of 

elevation to the sun is 33 degrees.

A ladder 10 meters long makes an angle of 12 
degrees with the side of a building. How far up 

the building does the ladder reach?

Three Problems From the Trig300 Dataset

Figure 3: Three examples of questions in the new
Trig300 dataset

5.1 Datasets

This work has used three different datasets for test-
ing the proposed method: GSM8k (Cobbe et al.,
2021), SVAMP (Patel et al., 2021), and Algebra
(He-Yueya et al., 2023). GSM8k is a dataset of
1,319 grade school MWPs commonly used to test
MWP solvers. The SVAMP dataset has 1000 math
questions similar to the GSM8K dataset, which re-
quires no more than 2 basic arithmetic operations
to solve. Algebra is a more recent dataset con-
sisting of 222 algebra-based questions from text-
books made for middle school students instead of
elementary students. In addition to these datasets,
while analyzing the SVAMP dataset, it was found
that many questions were faulty due to the ques-
tions being simply wrong, ambiguous, or impos-
sible to occur in real life, so we fixed these errors
and ran additional testing on the modified dataset
that we call SVAMPClean. This new SVAMP-
Clean dataset is the same as before; however, 50
questions have been improved to make them cor-
rect, more solvable, or more specific. The diffi-
culty level of the questions stayed the same as that
of the original SVAMP dataset. Figure 2 shows
an example of each type of error in the original
dataset and how it was fixed.

As MWP solvers and LLMs get more advanced,
more challenging datasets will be required to
test the reasoning ability and growth of differ-
ent models and methods, so we created a new
dataset called Trig300. This dataset contains
300 trigonometry-based questions that require the
solver to go beyond addition, subtraction, multi-
plication, and division to solve the problem cor-
rectly. All 300 questions require the use of one
of the trigonometric operations. This dataset also
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Method GSM8K SVAMP Algebra SVAMPClean Average
EVoSS (Ours) 82.2 89.4 92.8 90.5 88.73
I3C 84.3 85.8 89.2 88.4 86.93
BRIDGE 77.2 82.3 82.0 – 80.50
PoT 76.3 88.2 64.0 – 76.17
Auto-CoT 78.8 80.9 53.6 – 71.10
PAL 79.5 77.8 – – 78.65
Zero-Shot-CoT 78.6 82.7 82.8 84.3 82.10
PS 75.9 77.8 – – 76.85
Manual-CoT 76.4 82.7 77.9 85 80.50
Direct 77.8 80.6 65.3 83.3 76.75

Table 1: Accuracy Comparison of ten methods on four datasets. The highest accuracy per dataset is bold,
and the second highest is underlined. The average of the four datasets is also shown.

tests how estimation verification works on ques-
tions beyond addition, subtraction, multiplication,
and division. To create this dataset, each ques-
tion was hand-crafted to mimic various questions
found in trigonometry textbooks and then manip-
ulated to ask for different parts based on the infor-
mation provided. This ensures the dataset tests the
solver’s diverse solving skills. For example, the
question, ”If a treadmill is 48 inches long and is
set to an incline of 10 degrees. How much higher
is the front of the treadmill than the back?” will
be changed to also ask for the angle of incline of
the treadmill given the length and height increase,
and it will also ask for the length of the treadmill
given the incline and height increase. All answers
are rounded to the nearest thousandth if necessary.
Examples of problems from the Trig300 dataset
are shown in Figure 3.

5.2 Baselines

The results are compared with nine current state-
of-the-art methods: Auto Chain of Thought
(Zhang et al., 2023), BRIDGE (Wang et al.,
2024), Direct (Kojima et al., 2022), Identify and
Ignore Irrelevant Conditions (I3C) (Wu et al.,
2024b), Manual Chain of Thought (CoT) (Wei
et al., 2022), Plan-and-Solve (PS) (Wang et al.,
2023a), Program-Aided Learning (PAL) (Gao et
al., 2023), Program of Thought (PoT) (Chen et
al., 2023), and Zero-Shot Chain of Thought (Ko-
jima et al., 2022). We will also compare our es-
timation verification technique to self-consistency
(SC) (Wang et al., 2023b).

5.3 Implementation

This method uses the gpt-3.5-turbo API as the
backend large language model1. The gpt-3.5-turbo
API is widely accessible and represents one of the
most advanced large language models available. It
has also been used to test many current state-of-
the-art methods. We set the temperature to 0.4 and
the max tokens to 256.

A few-shot reasoning approach is used for
question decomposition and equation generation,
which provides examples of questions and re-
sponses to help guide the LLM. Similar to the
Declarative (He-Yueya et al., 2023) and BRIDGE
(Wang et al., 2024) prompting methods, the equa-
tions generated are solved using SymPy (Meurer
et al., 2017), a Python library for symbolic mathe-
matics.

5.4 Metric

We evaluate our answers using the exact match
metric. This means we count our answers as cor-
rect if the answer matches exactly. However, due
to round-off errors and the Trig300 dataset an-
swers being rounded to the nearest thousandth, we
count our answers as correct if the generated an-
swer is within 0.001 of the correct answer.

5.5 Results

Table 1 reports the accuracy of our method
across the specified datasets. Our novel approach
achieves state-of-the-art performance on the Alge-
bra, SVAMP, and SVAMPClean datasets, achiev-
ing accuracies of 92.8, 89.4, and 90.5 percent, re-
spectively. These results beat its nearest competi-
tor by around 3 percent across all three datasets.

1The public API is available at https://openai.com/api/
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Question: A monthly pass for light rail is 1.2 times cheaper than a bundle with 20 day passes. Find the price of
the monthly pass if the bundle costs $10 more than the monthly pass. Answer: 50

Direct The answer is 30. Incorrect
I3C Step 1: Let x be the price of the monthly pass. Step 2: Since the bundle with 20 day passes costs

$10 more than the monthly pass, the price of the bundle is x + $10. Step 3: According to the given
condition, the monthly pass is 1.2 times cheaper than the bundle with 20 day passes, so we can write
the equation: x = 1.2(x + $10). Step 4: Now we can solve for x: x = 1.2x + $12, 0.2x = $12, x = $60.
Step 5: Therefore, the price of the monthly pass is $60. Incorrect

Zero-shot CoT 1. Let the price of the monthly pass be M. 2. Since the bundle costs $10 more than the monthly pass,
the price of the bundle is M + 10. 3. According to the statement, the monthly pass is 1.2 times cheaper
than the bundle with 20 day passes. This means: M = 1.2(M + 10). 4. Solving the equation: M = 1.2M
+ 12, 0.2M = 12, M = 60. 5. Therefore, the price of the monthly pass is $60. Incorrect

Equation Generation
(Ours)

Let a be the price of the monthly pass [[var a]]. Let b be the price of the bundle with 20 day passes [[var
b]]. We have [[eq b = a + 10]]. Since the bundle costs $10 more than the monthly pass, we have [[eq b
= 1.2 * a]]. The answer is the value of a [[answer a]]. Correct

Estimation (Ours) To find a rough estimation, we can assume the monthly pass costs $x. According to the first statement,
the bundle with 20 day passes costs 1.2 times more, so it would be 1.2x. And according to the second
statement, the bundle costs $10 more than the monthly pass, so 1.2x = x + 10. Solving for x: 1.2x = x
+ 10, 0.2x = 10, x = 50. Therefore, the price of the monthly pass is roughly $50. Correct

Table 2: Case study of various answers generated by the listed methods. The question is underlined, and
the responses generated by our method are in bold.

Method GSM8K SVAMP Algebra
EVoSS 82.2 89.4 92.8
SS 69.9 80.8 79.7
EV 74.1 85.0 76.1

Table 3: Ablation study results comparing the use
of the Symbolic Solver with Estimation Verifica-
tion (EVoSS) to the use of the Symbolic Solver
with decomposition (SS) and the use of estimation
verification technique without the symbolic solver.

α GSM8K SVAMP Algebra
40 78.0 85.3 88.3
50 80.0 87.9 87.8
60 79.0 83.9 87.3

Table 4: Accuracies when changing the percent-
age of how close the estimation needs to be away
from the answer to pass verification. Temperature
was set to 0.7 for all tests.

Our state-of-the-art results achieve an accuracy of
88.73 percent across the four datasets, beating the
next-best average by almost two percent.

5.6 SVAMPClean Dataset

After the inadmissible errors were corrected in
the SVAMP dataset, all methods tested received a
higher accuracy with SVAMPClean than the orig-
inal SVAMP dataset. The improvements from
SVAMP to SVAMPClean are consistently be-
tween one and three percent, coherent with the five
percent of questions being modified.

5.7 Ablation Studies

In addition to the presented results, an ablation
study was performed on the datasets with and
without estimation verification and a symbolic
solver. These findings are summarized in Table 3.
The results show improvements from eight to thir-
teen percent using estimation verification across
all three datasets tested, demonstrating how our
novel estimation verification can drastically im-
prove equation generation solvers.

Testing was also done to see how results are af-
fected when the accuracy needed to pass verifica-
tion changes. Table 4 presents these results. The
results show that the optimal α value while using
the Algebra dataset was 40, while the optimal α
value using the GSM8K and SVAMP datasets was
50.

In addition to the tests above, we have obtained
the MWP solver’s accuracies using different LLM
temperatures. The results are shown in Table 6.
This method is most accurate when the LLM tem-
perature is set to 0.4 in all three datasets tested.

Finally, we compared our estimation verifica-
tion technique to a current state-of-the-art tech-
nique, self-consistency (SC). Self-consistency is
the act of repeatably finding the answer to the
same question M times and selecting the final an-
swer as the most frequent answer of all the gen-
erated answers (Wang et al., 2023b). We set M
to 5 for our Self-Consistency of Symbolic Solver
(SCoSS) experiments. Our results show using
estimation to check answers generated has two
to seven percent higher accuracy than using self-
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Question: Pacing off 150 ft. on flat ground from the base of a tree, a forester measures the angle
of elevation to the top of the tree as 40◦. What is the height of the tree? Answer:
125.865

Equation Genera-
tion

Let a be the distance from the base of the tree [[var a]]. We have [[eq a = 150]]. Let
b be the height of the tree [[var b]]. Let c be the angle of elevation to the top of the
tree in radians [[var c]]. We have [[eq c = 40 * pi / 180]]. Since the angle of elevation
to the top of the tree forms a right triangle with the distance and the height, we have
[[eq tan(c) = b / a]]. The answer is the value of b [[answer b]]. Correct

Estimation To find a rough estimation of the height of the tree, we can use the trigonometric
function tangent. Tangent(angle) = opposite/adjacent, Tangent(40 degrees) = height
/150 ft, height = 150 ft * tangent(40 degrees), height 1̃50 ft * 0.84 1̃25 ft. Therefore,
the rough estimation of the height of the tree is approximately 125 feet. Correct

Table 5: Case study and example of a problem being solved using our methods from an example of the
new Trig300 dataset.

Temperature GSM8K SVAMP Algebra
0.7 80 87.9 88.3
0.4 82.2 89.4 92.8
0.1 80.8 89.2 88.7

Table 6: Accuracies when changing the tempera-
ture of the LLM

Method GSM8K SVAMP Algebra
EVoSS 82.2 89.4 92.8
SCoSS 75.1 86.6 90.0

Table 7: Comparing our method of Estimation
Verification to using the symbolic solver with self-
consistency

consistency while using a symbolic solver. Esti-
mation verification is superior to self-consistency
due to the tendency of the LLM to get confused
in the same ways when solving the question re-
peatedly. Using estimation to verify answers gen-
erated creates diverse solving paths and simplifies
the problem, leading to more accurate results. The
results are shown in Table 7.

5.8 Case Study

Table 2 presents a case study of various answers
generated by a real example from the Algebra
dataset. As questions become layered with more
statements, standard solving techniques, such as
the ones shown, cannot handle the multiple lay-
ers well and get the answer incorrect. However,
solving the question by creating equations to be
solved for a symbolic solver, or simplifying the
question by estimating, both of which are used in
our method, leads to a correct answer generated.

Method Trig300
EVoSS 65.5
Zero Shot-CoT 10.7
Manual-CoT 10
Direct 4

Table 8: Accuracy percentage results of 4 different
methods tested on the Trig300 dataset

5.9 Trig300 Dataset

We ran testing of our new Trig300 dataset on our
method and three other baseline methods. Our
method achieved 65.5 percent accuracy, compared
to 4 - 11 percent accuracy on the other baseline
methods. The obtained accuracy ranging between
4 and 66 percent across the four methods com-
pared to the other datasets ranging from 53 to 93
percent, shows how this new dataset is signifi-
cantly more challenging for LLMs, thus providing
an improved way of testing the reasoning abilities
of LLMs as they continue to get more advanced.
In addition, our method beating the other base-
line methods by 50 to 60 percent, shows how our
method is superior to other baseline models, espe-
cially when solving more complex math problems.
Additionally, this shows how estimation verifica-
tion can still be successfully implemented on other
problems beyond the four basic operators: addi-
tion, subtraction, multiplication, and division. Ta-
ble 8 shows our results, and Table 5 shows an ex-
ample of a question in the new dataset and a case
study of the question being solved using equation
generation and estimation.
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6 Potential Risks and Downfalls

There are a couple of potential risks and down-
falls associated with this study. The widespread
use of LLMs has transformed the educational
world, changing how students solve their assign-
ments and search for information. While improv-
ing LLMs may help students access better-quality
information, it will also enhance their abilities to
not do their school work and instead rely on using
LLMs to solve problems.

However, one potential downfall of this study
mitigates that potential risk. As LLMs continue to
evolve and improve, they may naturally become
better at solving MWPs without the help of out-
side methods such as the proposed method. For
example, GPT-4 solved MWPs from the GSM8K
dataset with nearly 35 percent higher accuracy
than GPT-3.5. (Achiam et al., 2023). It is impor-
tant to note that as performance improves, datasets
of more complex word problems from various do-
mains will have to be developed to test the mathe-
matical and reasoning abilities of the LLMs.

7 Conclusion

This study presents a novel estimation verification
technique that verifies solutions obtained from
an improved symbolic solver called EVoSS. This
method leverages question decomposition to fa-
cilitate more accurate equation generation so that
a symbolic solver can be used. The answer is
then verified using an estimation verification tech-
nique that prompts the model to find an estimate
and compares it to the obtained answer. The es-
timation verification technique improves results
by eight to thirteen percent, helping this method
solve math word problems with state-of-the-art ac-
curacy. Additionally, this paper fixes a popular
dataset, SVAMP, by removing inadmissible errors
and ambiguities. We call the new dataset SVAM-
PClean. Finally, this paper creates a new, more
complex trigonometry dataset to prepare for the
advancement of various methods and models and
to test if the estimation verification works beyond
the simple MWPs based on the four operators: ad-
dition, subtraction, multiplication, and division.
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