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Figure 1: A Snapshot of the Homescreen of Our Application

Abstract
In the span of two months, we have researched optimal train-
ing plans for distance runners specializing in 5-kilometer to 10-
kilometer races. Our research identified four main subcategories:
recovery, volume/intensity distribution, lactate threshold, and neu-
romuscular training. Additionally, our research process included
interviews with coaches, resources given to coaches, and talks
given by industry professionals. Utilizing this information, we con-
structed a framework for professional running plans tailored to
people of different ages, experience levels, and other characteristics.
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Furthermore, this research guided the development of an applica-
tion designed to connect runners with training plans, allowing both
to develop in tandem. This application seeks to utilize a neural net-
work to modify and enhance an athletes training plan. To do this,
the athlete’s personal information is used to form an initial training
plan. This is then modified based on the differences between the
athlete’s experience executing the assigned plan in comparison to
what we expected their experience to be. In this way, a runner’s plan
evolves alongside them, replicating the expertise and adaptability
of professional coaching while removing the difficulties runners
face in meeting coaches of high caliber.

Keywords
Application, Individualized, Neural Network, Running, Training
Plans, Trio
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1 Definitions
Useful definitions that will come up within the following informa-
tion

1.1 Computer Science Related Definitions
• Database: A digital space where large quantities of informa-
tion can be stored.

• Dictionary: A list of key-value pairs.
• Key-value pair: A type of data that forms a pair. Knowing
the value of the first datatype, referred to as the ‘key’, allows
access to the value of the second datatype, the ‘value’ of the
pair.

• List: A datatype formed of smaller datatypes put in an order.
• Neural Network: A program that takes in a series of inputs,
usually numeric, and makes a prediction based on those
inputs.

• Object: A datatype made of a collection of smaller datatypes
that is meant to represent something specific within a pro-
gram.

• Overfitting: An issue where machine learning fails to recog-
nize underlying patterns due to having too much data.

• Queue: A type of list where only the oldest item can be
retrieved.

• String: A means of storing and outputting text.
• Trio: A set of three values stored together.
• Stack: A type of list where only the last item placed in can
be retrieved.

1.2 Running Related Definitions
• Build week: A week that increases either mileage, intensity
or, on occasion, both.

• Down week: A week where mileage and intensity decrease.
• Easy Tempo Run: A run meant to build the aerobic capacity
of a runner while simultaneously not putting an intense
strain on the runner’s body.

• Fartlek Run: A workout that alternates between a faster and
slower pace at set time or distance interval.

• Flat Sprints: Short speed interval meant to focus on form
and fast-twitch muscle fibers.

• Hill Sprints: Short speed interval uphill, which allow for less
force on the body while maintaining a high level of intensity.

• Intensity: A measure of how much physical strain an activity
puts on an athlete.

• Intervals: A workout involving repeatedly running at race
pace for intervals shorter than the race distance. Often used
to build familiarity with the pace.

• Lactate Threshold: generally defined as the point in which
your body is producing more lactate (through the anaero-
bic respiration process) faster than it is able to clear/use it,
leading to lactate buildup.

Figure 2: A Table that Displays the Different Levels of Per-
ceived Exertion

• Long Run: The longest run an individual will do in a week,
usually done at a relaxed pace.

• Maintain week: A week where mileage and intensity are
maintained.

• Off Day: A day without running or other athletic stimulus
such as lifting.

• Overtraining: The process of doing excessive physical activ-
ity that increases injury risk and fatigue.

• Peak phase: A phase where mileage and intensity decrease in
order to prime the body for a fast race. Generally, speedwork
is also increased throughout this period.

• Progression Run: A run where the pace increases at set times
or distances.

• Race Pace: The pace at which you run a given race.
• Rate of Perceived Exertion: A self-reported measure of how
difficult an activity is to an athlete.

• Recovery Run: A run meant to help a runner’s body recover
from previous exercise by flushing the system.

• Threshold Run: A run meant to force the body to accrue
lactate faster than it can flush it, forcing athletes to run
under duress.

• Time Trial: An all-out effort in a non-race environment.
Often used to gauge an athlete’s capabilities and measure
growth outside of formal competition.

• Strides: A short (no more than 200m) run at between 800m
and mile pace meant to focus on form.

• Training Load: The accumulated physiological stress on the
body due to external stimuli.[11]

2 Background Research
As a part of our research into creating an application to help inter-
mediate and advanced runners, we investigated the key factors of
professional running and the applications currently on the market.

2.1 Hole in the Literature
The current market for running training applications lacks accessi-
bility, fails to provide a space for intermediate and advanced runners,
and exhibits suboptimal precision. Runna, a mainstream adaptive
endurance training app, primarily markets to athletes at a beginner
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level. According to the 2025 AI review of the app by elite endurance
athlete Lost Pace, advanced and specific goals may require man-
ual adjustments.[15] Thus, results for intentional athletes on an
advanced level are diluted. Couch-to-5k, an app that primarily mar-
kets to new and inexperienced runners, focuses on a user base who
are looking to complete basic goals. Another popular application,
None to Run, is an app that offers a basic 12-week training program
to prioritize consistency and provide motivation for recreational
runners. A common theme with current applications is focusing
on the user interface psychology to encourage user motivation in
regard to consistent usage.

Accessibility within the market of individualized running train-
ing plans is limited for intermediate to advanced athletes. For exam-
ple, Runna’s subscription of $17 per month after a 7-day free trial
limits accessibility to potential users. Shifting from AI applications
to privatized coaching, Runcoach is an app that connects you with
an experienced running coach who manually creates a training plan
for you. According to the Runcoach official website, a membership
will cost $33 per month.

Current AI agents have been proven to be suboptimal when
tasked with artificially generating endurance training plans. Chat-
GPT has been shown to successfully create training plans, but after
in-depth analysis by expert coaches concluded the generated plans
were suboptimal.[6] Free applications, such as Garmin Coach, offer
adaptive training plans but fail to provide algorithmic adjustments
based on standardized user input. As a result, uncalculated biomet-
rics may hinder adjustment precision.

2.2 Our Contributions to the Market
Our application improves accessibility within the market of artifi-
cially generated endurance coaching by presenting an economical
option for intermediate and advanced runners. Our framework
allows users to be presented with relevant quantitative data and
adjusts based on user input. Additionally, our adaptive algorithm
tailors training plans at the most micro level to keep individuality
paramount. Intermediate and advanced endurance athletes require
minute adjustments to enhance running performance and train-
ing optimality. To account for this, our application prompts users
to complete post activity surveys to maximize data analysis and
progression implications. As a result, we return training control to
athletes by using prompted metrics such as RPE to adapt training.
Intermediate and advanced runners may expect data analysis to
visualize progression and training load. Our user interface displays
paramount data, while providing easy-to-navigate interactions and
usability. Additionally, information is displayed in a minimalist
approach, maximizing functionality.

2.3 Volume and Intensity
To implement our application, a study of training philosophies and
plans was required. In our research, we found a few key aspects of
training that we wanted to incorporate in our application.

Training load is characterized as the distribution of intensity
and volume and is the backbone of optimal training in distance
running. Endurance athletes primarily balance intensity and volume
through adjustments in distance, pace, and duration during activity.
However, studies have shown progressive overload can lead to

Figure 3: Optimal Intensity and Volume Levels Throughout
a Season [16]

overtraining. According to Lehmann, volume dominant training
that progresses linearly leads to stagnation in performance and
increased risk of overtraining.[12] Similarly, intensity dominant
training has been shown to minimize recovery and maximize the
risk of injury.[4] Thus, balancing intensity and volume is imperative
to avoid overtraining and plateaued performance.

As shown by Esteve-Lanao, the training methodology of US na-
tional level endurance athletes is 71% low intensity stimuli (60% of
VO2 max).[8] This suggests that low intensity activity is positively
correlated with running performance, as it allows recovery of the
body’s systems and maximizes adaptation. While low intensity ac-
tivity is key to improving running economy, high intensity activity
is necessary to build speed and endurance. Casado studied the in-
tensity levels of 85 elite world-class endurance athletes and found a
strong association with tempo and short interval training in regard
to performance.[3]

Training load is primarily dependent on the athlete’s stage in
training within a training cycle. On the macro level, the training
cycle is generally split up into four distinct stages: periodization,
transition, competition, and the recovery phase. Observing the four
stages respectively, the distribution of training volume and inten-
sity showcase an inverse relationship. During the periodization
phase, training volume peaks and intensity is low. This allows for
slowly building the aerobic capacity necessary for high volume
while reducing the risk of long-term injury.[5] This is followed by
the transition phase where training volume decreases and intensity
builds. The competition phase is characterized by the maximum in-
tensity and minimum volume. Finally, the recovery phase is marked
by minimum volume and low intensity.[16]

Intensity in training not only varies on the macro scale but
also on a week-by-week basis. Training loadis often managed in
week cycles, with training intensity divided into easy and hard
stimuli.[13] Easy days, those focusing on aerobic activities and
slower paces, create flexibility in the recovery process and improve
performance long-term through volume. Hard days, often called
workout days, have high training intensity and load leading to
increased V02max, Supramaximal, and lactate threshold.[13]
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2.4 Lactate Threshold
Lactate threshold (LT) training has gained popularity recently, likely
due to its strong correlation with race times. Nicholson found a
correlation of r = 0.86 between LT velocity and 10 km race pace,
indicating that LT can be a very strong predictor of race pace.[14]
Training at or below LT causes several crucial adaptations for dis-
tance running. This is demonstrated in a study by Vijay, which
showed a 12% increase in time to exhaustion at LT intensity after
an 8-week tempo program.[17] This delayed fatigue allows for bet-
ter endurance and improved recovery time. In practice, this means
a well-trained individual can have longer training sessions at a
greater frequency.

Furthermore, LT training enhances metabolic efficiency during
runs, allowing for a greater flow of oxygen to muscles, improved
ATP production, and increasedmitochondrial density.[2] Inmodern-
day training, these adaptations make LT one of the most utilized
types of workouts, as a great deal of volume can be achieved at this
intensity, particularly in well-trained individuals where fatigue is
delayed. However, lactate threshold’s most notable feature is that
training at or above LT has been shown to increase both VO2 max
and LT in amateur runners[18] and increase LT in elite athletes.[13]
It is for these reasons that elite athletes have frequently incorpo-
rated LT training in their training plans.

2.5 Neuromuscular Training
We also studied the neuromuscular systems and their effects on
distance runners. In Roger Enoka’s book Neuromechanics of Human
Movement, he discusses a holistic approach to training and the ne-
cessity of training the body to move intentionally. This includes
developing runners through both plyometrics and weight training
to advance them as athletes.[7] Distance runners’ use of plyomet-
rics is much more nuanced than that of sprinters, who will see
immediate benefits after regular neuromuscular training. In most
cases, one will not see immediate improvement in speed for the 5
or 10K which might be seen in the 200m or 400m. Still, multiple
coaches we interviewed prescribe regular plyometrics and weight
training to their distance athletes as it is a valuable tool in helping
to prevent injury. Joe Dunham, head coach of the Central College
cross country program stated: “Since we implemented plyometrics
here two years ago, we have seen a reduction in stress injuries.”
This is the primary goal when doing plyometric and weight training
for distance runners.

Since it was unrealistic for us to implement a full plyometric
plan or a weight training plan in our application this early into the
process, we have focused on the running elements of plyometrics,
primarily hill sprints, and strides. As a result, these intentional
routines activate the neuromuscular system while improving form.
Hill sprints are short hill ascents lasting nomore than thirty seconds
and cause fast-twitch muscle fibers to develop. Since hill sprints
are a high-stimulus activity, they are done at most once a week to
prevent overexerting the body. Strides are effectively 100m repeats
at mile pace. Since they are less intense than hill sprints, they are
done far more regularly, between three and five times a week. The
goal of implementing both into our training plans is to give some
baseline neuromuscular stimulus while we develop full plyometric
and weight training for our application.

2.6 Recovery
There are many beliefs surrounding what runners should do for
recovery. Common practice is to get 8 to 10 hours of sleep each
night and to do static and dynamic stretching before running.[9] In
addition to these methods of recovery, newer practices have become
increasingly popular. These include forms of water immersion,
massage, and active recovery.[10] Many of these options come
with tradeoffs. For example, cold water causes the body to recover
quicker, and massage reduces injury risk, but both have been shown
to impair the body’s ability to improve.[1] Importantly, we are
looking for a recovery plan that can be used regardless of the run
before and thus want to mitigate downsides.

The ideal recovery plan, based on our research, is to do active
recovery on the day with runs. Active recovery is any form of light
aerobic exercise, which most runners already do as a cool-down
run after a workout.[10] Biking and swimming are alternatives
that do not put stress on a runner’s feet and joints. This makes
them preferable, though they are limited by access to a pool or bike.
As such, our application is designed so that light aerobic activity
can be added to any day. These are runs that are generally easier
and shorter. We have also made sure that they do not impact our
interpretation of the intensity of the day.

2.7 Why Our Specifications
When we first started brainstorming for this project, we had to
answer the difficult questions of where to stop? What lines need to
be drawn in the sand? In one summer with only four programmers,
there was simply too little time to accomplish everythingwewanted
to. In one of our meetings with a Grinnell Alumnus we were offered
an invaluable piece of advice: build something you will use, focus
on what you know, and look for the holes in other applications.
That pushed us to build an application specifically for intermediate
and advanced runners. All four of us being collegiate cross-country
and track and field athletes ourselves, we felt that we fell into this
category. We are quite knowledgeable on the subject matter and
what levels of training intensity would be advisable for advanced
athletes.

It is still our intention to include a beginner’s guide to running
within the app that helps new users who have never run before,
but it is no longer our top priority. This is because the differences
between a new athlete running for the first time and a seasoned
veteran trying to take seconds off their 5K look entirely different.
Staying in line with the ‘do what you know and build what you
would use’ advice, we focused on building an application that pro-
vides advanced athletes without access to a coach or high-level
training plan the tools they need to succeed.

3 Design and Implementation
After our research was completed, we dove into implementing an
application that would make it available for everyone. We began
designing and implementing a running application for intermedi-
ate and advanced runners that focused on advanced personalized
training.
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3.1 Specifying Users
To personalize training plans for each runner we require them to
fill out a survey when they first sign up. This survey asks a series of
questions that fall into three types: 1) biological parameters such as
age, sex, and injury history, 2) running parameters such as estimated
5K personal best, longest weekly long run, number of days running
per week, and 3) their scheduling parameters such as what days
are free for running, what day is best served as a long run day, and
when is their most important race (if applicable). From this survey
we get a baseline understanding of each user without having ever
seen them run or tracking any previous running data. At the end
of this survey a user object is created to store this information. The
user object is inputted into a decision tree which then outputs the
runner’s initial training plan.

After the initial training plan is received, it is personalized even
further according to the user’s scheduling parameters. This is done
by first determining which day of the week the user has chosen
for their long run and matching it with the long run day in the
training plan. Each training plan starts on a seven-day cycle with a
mix of easy runs, workouts, long runs, and off days. Each of these
individual days is given a weight of how important they are for
the week to complete the weekly training goal. This means that
after pairing the long run day selected by the user with the long
run day of a given training plan an athlete training seven days a
week will be complete. For a user who can train any day of the
week but only wishes to train five or six days a week the days of
the lowest weight are cut. Finally, if a user has conflicts on specific
days or days where they are completely unable to train that day
will be blocked out of the calendar and the lowest weight run will
be cut. Furthermore, the training plan itself will be shifted to match
that day as if it were an off day and compensate for other parts of
the week around that point as well as the long run point to help
prevent injury and boost training outcomes.

Once the user has completed the initial survey and received their
training plan it will remain in place until the user deviates from it
in some way at which point it will be updated on a day-to-day basis
by the neural network to make sure that each individual user has
the opportunity to improve even if they can’t meet the expected
training stimulus for a given day or week.

3.2 Trios
When participating in advanced training there are many classifi-
cations for different types of runs. What most people think of as
a “standard run,” for example, is an easy tempo run. Its purpose is
to build your aerobic system without putting too much stress on
your body. This contrasts with the “you play the way you practice”
mentality of many other sports. In running, that level of exertion
would quickly burn out one’s body and lead to slower times, in-
creased fatigue, and eventual injury. To that end, an intermediate or
advanced runner could do as many as five or six different types of
runs in a week ranging from recovery runs to race pace workouts.
To support this diversity of run types we developed a method of
classifying all runs numerically. To do this we created the trio, a set
of three numbers that correspond to a point on a 3D graph (x, y, z).
The first, or x-axis, describes intensity on a scale from zero to seven.
Zero being no effort and seven being running all out. The second,

Figure 4: A Three-Dimensional Representation of Our Work-
out Database

or y-axis, describes RPE on a scale of zero to ten. Zero being no
effort and ten being race pace or all-out effort. The third, or z-axis,
describes the total distance of a run as a percentage of the users
longest long run from zero to ten. Zero being no distance and a
ten being 100% of a user’s long run. With a trio we can assign a
goal stimulus to anything we want that can be tracked in terms
of intensity, RPE, and distance. This includes things as small as
workouts and individual days to larger items such as weeks and
months. Even workout types are classified in this way.

The trio universalizes categorization across our entire program
making it far easier to denote the differences between runs. This
means the difference between an easy run and a workout is not a
complex mesh of pace, reps, and distance, combined with measure-
ments on how the athlete is feeling. Rather it is three numbers that
encapsulate all of those elements on a uniform scale. This makes
it simple to develop accurate training plans because each day’s
collection of runs is a list of trios. Furthermore, with the intended
development of a neural network to create daily changes in an indi-
vidual’s training plan describing days as a list of trios is invaluable.
This is because it is much easier for a neural network to under-
stand the connections between three numbers than the connection
between ten workout types and how they all correspond to each
other.

In order for our training plans to be effective as a list of trios we
need something to compare them to. To that end we created two
libraries, one for workout types and one for individual workouts.
These libraries consist of key-value pairs pairs that match trios
to what we consider to be their corresponding running values.
Visually, this can be displayed as Figure 4.

Each point in the figure is a workout type defined by stimulus,
RPE, and distance. Individual runs function much the same way,
with each workout being given a matching trios that best describes
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its stimulus, RPE, and length. It is worth noting that RPE is only an
expected value and may contrast with reality. We cannot assume
how specific runs or workout types will affect individuals, which
makes assigning runs to users far more difficult. This is why, after
each day, a survey is given to the user to record their RPE and com-
pletion, which allows the neural network to personalize workouts
for them.

With these dictionaries set up and our training plans created
it is now a fairly simple matter to give a user workouts for each
day as a list of trios. For each trios, we use our own version of the
distance formula: (𝑥1 −𝑥2)2 + (𝑦1 −𝑦2)2 + (𝑧1 −𝑧2)2 to find the run
its stimulus is most comparable to. First, we compare each goal trio
in our list of triosto each of the trios in run type. We then assign
the run type as the run that was the closest (had the lowest output
from our distance formula) to our list of trios. Then we repeat the
process for each run categorized by that type. This finds the run in
our library that is closest to the trio.

Perhaps the best element of the trio is the fact that it does not
rely on any biometric data or technology to be successful. This
is because RPE handles all of this data by being based on user
feel. If it is hot or hilly, the user will feel worse running and will
be able to report that. We do not need heart rate data to tell the
application that an activity was easier or harder on the user’s body
than anticipated. The same is true if a run is easy. The user will be
able to report that it felt easy, and there will be no need for biometric
data. This makes the application far more accessible because users
do not need the technology to track statistics like heart rate and
heart rate variability.

3.3 Training Plan Creation
Each training plan is broken into six sections. Of these sections’
day, week, and month history are all stored as stacks while day,
week, and month future are all stored as queues. As the names
suggest, day, week, and month history store what has already been
completed by the user whereas day, week, and month future store
what has yet to be completed by the user.

In our training plans, a day is made up of a list of trios that specify
the stimulus needed for the user on that given day. There are also
elements in the day object such as completion score, completed
mileage, and actual RPE, which allow for the day’s stimulus to be
updated as it passes from day future to day history. This makes it
possible for the neural network to shift the queue of day future as
necessary depending on the real stimulus accomplished by the user
instead of just using the expected stimulus on the training plan.
Each week is then made up of seven days and the week’s expected
RPE and completed mileage. The same is true for months which
contain twenty-eight days coming from four weeks. This allows
the program to track user status on more than just a day-to-day
basis, creating a far more complete approach to training.

Not only does each day, week, and month track what has been
accomplished to that point, but they also have a specific goal in
our training plan. A day could be an off day, recovery day, easy
day, workout day, or long run day. A week could be a down week,
a maintain week, or a build week. Months are broken into base
months, pre-competition months, and finally there is a peak phase

that is attached to the end of all our training plans. The goal of the
peak phase is to prepare a runner for one race in particular.

Initial training plans are all two months long and follow the
same setup of one month base and one month pre-competition
training. This is because they will be updated depending on the
time difference betweenwhen the user filled out their initial training
survey and the date they gave as their most important race. From
those two points the different portions of training will be divided up
in accordance with how long the pre-competition and peak phase
should be with everything else being the base phase.

Each day, week, and month has a trios of goal stimuli which
is the primary way our training plans are designed. Each day the
list of trios is sent to our workout database which returns runs
for that day specific to those trios. If the user accomplishes those
runs as anticipated nothing changes, if they stray from the training
plan, which they can do in several ways, the program is designed
to update the training plan future to account for the changes. Some
ways a user can deviate from the training plan are: skipping a day
of training, not completing the expected amount of mileage, not
completing the mileage in the expected pace range, not rating the
exertion level as easy or as difficult as the program expected it to
be rated.

From these deviations our program will look to reclassify days
given the updated trios based on completion score, real RPE, and
distance. If there is a day in the near future of the training plan that
matches that stimulus the days will switch. If there isn’t a day that
matches what the user has done, then it will update future days to
compensate for the changes and maintain the weekly and monthly
RPE goals.

3.4 Application Workflow
To create a cohesive user experience, we present this information
in the form of an app. This provides a layer of abstraction, allowing
runners to utilize the product without knowledge of the underlying
processes. The workflow, seen in Figure 5, requires the user to sign
up or log in, after which they will receive a unique user identifier
number. If it is their first time using the app, we will have them
complete a preliminary survey, which will provide us with the
information needed to select the correct initial training plan using
the decision tree. Once we have assigned the training plan to the
user, we package it all together and send it to a database that stores
our users. Then, after either the survey or logging in, when the user
navigates to the app’s home page, we use their unique ID to retrieve
their information and store it in the background of our program.
It’s here that the abstraction comes into play: the information we
have retrieved is in the form of our trios and lists of training paces.
We then run the functions that extract that information into a
processable format, such as ’Easy Tempo Run’. This, along with the
training pace corresponding to that run type, is then given to the
home page. When the run is completed, we have them complete a
brief post-run survey. The results are used to form a trios, which is
then sent back to the database.

4 Future Goals
While research into training is complete, our app is far from it. We
are still in the process of implementation and, while the groundwork

2025-07-31 20:37. Page 6 of 1–8.
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Figure 5: Mapping of the Workflow of Our Application

is sound, there is still a lot of implementation, network training,
and beta testing to be done.

4.1 Implementing a Neural Network
Since this application is intended to act as a sort of “virtual coach”,
arguably the most important feature we plan to add is that of an
adaptive training plan. This is based on our assumption that most,
if not all, users will stray from our basic training plan, which will
therefore need adjustment. Additionally, a user’s training may need
to change over time even if they followed the basic plan perfectly,
such as if their efforts are too hard for a consistent period (over-
training) or if their training paces are incorrect.

To address this, our next step is to program a neural network
to predict what the next days, weeks, and months’ stimuli should
look like, in the form of a trios. We have primarily been examining
two architectures of neural networks that can do this effectively:
recurrent neural networks (RNN) and transformers.

Both models would take in a few key inputs from the user’s
history: a sequence of day trios, week trios, and month trios in-
dicating the completion of activities, along with a representation
of the training phase the user was on. These combine with key
information about the user and feed into the neural network to
produce the upcoming sequence of days, in the form of trios.

RNNs, which process inputs step-by-step, can be very light-
weight and are made for time-series data like ours. However, they
tend to struggle with vanishing gradients, where earlier inputs lose
influence as the sequence progresses. Variants like Long Short-Term
Memory attempt to mitigate this by remembering select features
from early on, but the issue remains present. An alternative is
a Transformer architecture, which evaluates the entire input si-
multaneously. This could allow for a more complete and complex
understanding of the user and their history, but Transformers are
prone to overfitting if their training dataset is too small (because
they can “memorize” a lot of data).

We therefore plan to begin with a lighter-weight RNN-based
model that can be trained during a beta-phase on a small test-user
base. As our dataset grows, we hope to eventually transition to a
more nuanced transformer model.

4.2 Beta Testing
For us to fully implement a neural network we will require some
training data. This data will be collected during a phase of beta
testing in which a small number of runners will have modifications
to their plan made by a neural network that is actively being trained.
This means that when their information is passed into the neural
network it will produce a result that likely contains some errors.
Then we, as the ones monitoring the program, will modify the
result to be correct and inform the program of this modification. In
this way it can adjust the process of creating outputs and learn to
better replicate the training plans that we are attempting to create.
The goal is that after this beta testing the neural network will no
longer require intervention to adjust running plans to better suit
the individual.
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