CS Project Presentation - Machine Learning with HyMPI

A technical report covering three major aspects of the work that I completed during my internship this semester.
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[bookmark: _7dop1p2j5t4f]Part A - General Information
Name: Dave Gershman
Employer Name: NASA Goddard Space Flight Center
Supervisor Name: Jeffrey Hosler
Start Date (current term): August 19th, 2024
End Date: December 6th, 2024
[bookmark: _n4719mual3bf]Part B - Project Highlights
The project I’m working on is an Artificial Intelligence (AI) / Machine Learning (ML) project that works to predict the temperature and water vapor in the atmosphere using datasets from an instrument that is currently being built. This instrument is known as the Hyperspectral Photonic Microwave Instrument (HyMPI) [1]. It’s a special new instrument that is notable as it measures hyperspectral microwave radiation emitted by the Earth and transmitted to the satellite where the instrument is positioned. Current operational microwave sensors are limited to a few dozen channels due to size, weight and cost constraints. HyMPI is being built upon integrated photonic circuits and will enable thousands of channels at high spectral resolution. Since HyMPI is currently in development, we are using simulated HyMPI data to train our ML models. Once the instrument is in space, the idea is that we can use these models in conjunction with real HyMPI data to predict all sorts of features in the atmosphere (temperature, water vapor, etc.).

For my specific tasks, I worked on cleaning up the framework and general systems that we used in order to train these models. It primarily expands on work done by my mentor [2]. The main changes that I made were related to how the HyMPI data itself was being loaded as input into our models. Alongside this, I also worked on means of improving the general performance of the models themselves. The three central pillars of my work so far are listed below.

[bookmark: _w13e45rlmlci]Efficient Data Loading
When training any kind of ML model, one of the first steps is to collect or preprocess the training data the model uses to improve itself. Before I began working on this internship, data collection was done by loading all training data into memory at once. This may sound slightly inefficient; however, our datasets were not very large, and this was common practice with smaller datasets. That was, until our datasets grew much, much larger. The data went from being just a few hundred thousand data points to nearly ten million. As a result, loading the data all at once became very cumbersome. So much so that it would take several minutes before every model training run to begin the training process. This time quickly adds up when training hundreds and hundreds of models!

My solution was quite simple: load the data in batches. The reason why this works is because it is precisely how models train in the first place. When models are set up for training, we define a “batch size” parameter that determines how many data points the model will go through before attempting to improve itself. The model only ever works with that amount of data at any given training step. Thus, we would never need to load the entire dataset, only an amount equivalent to a single batch. Doing so requires using so-called “memory mapping” which allows us to take a file that is stored on disk and load only a small part of it into active memory. This is incredibly fast as this small batch is often trivial for any computer to load quickly. However, this wasn’t as simple as just sending that memory mapped data into the model itself. In order to reap all of the benefits of memory-mapped data, I needed to create a new process for data loading itself.

To make this process work, I created a new object that would instead be passed into the model during training that would automatically calculate the correct set of batches to load and ensure only the current batch was loaded at any given time. Data loading was once a process that took several minutes before every model run and is now nearly instant, allowing us to quickly iterate between every model run. Even better is that our data loading is now size agnostic, meaning that it no longer matters how large our datasets are. This future-proofs our data loading framework when we inevitably work with even larger datasets in the future.

[bookmark: _qw0cf3g6lgk0]Data Reproducibility
Before I began work during this internship, our datasets were not very easily reproducible. This made it difficult to evaluate models after they were done training. This is because it was unclear exactly what datasets were used to train the model in the first place. Getting any information about them would require looking into the model architecture itself and checking the inputs to see what datasets may have been used. Additionally, it was not documented what kind of preprocessing was being done to the training data beforehand such as normalization or removal of outliers.

My solution was to write a new system that ensures that every model run contains metadata about the dataset that was used to train the model. Now, whenever a scientist wants to review the current state of a model, they can also see what was used to train it. However, this system was not simply for being able to view the kind of data that was used, it was also made to reproduce the original training dataset of a model in its entirety. Since I made sure to provide all the necessary information, the scientists could review a model and investigate every data point on the training data as needed. This allowed for further evaluation of a model after training as one could simply load the model and its training data and run all sorts of tests and observations without needing to worry about possibly using an incorrect dataset.

Another fantastic benefit of this new system was the ability to catalog changes to our training data. This was often a common occurrence during my time in the internship, our lead scientist would often ask us to try a new model configuration or expanded dataset. Since we already had a system to track training data for each model, this was quickly adapted to make it trivial to know what changes were made from model to model whenever the dataset changed. This made communicating these changes significantly easier and more difficult to make mistakes when presenting progress during meetings.

[bookmark: _ys2fiuh2vbtn]Utilizing Optuna
During the active training of an ML model, the performance of training is entirely dependent on many parameters that are generally known as hyperparameters. These are special options that must be tuned to specific values depending on what the model is attempting to learn. Before I joined this project, the process for selecting these values was effectively random. Quite literally, the code would choose random values for hyperparameters in a certain range and that would be it. This is great for simply attempting to get a baseline understanding of what values work best as it is difficult to predict this even if one knows all the details about the model itself. However, it isn’t the best strategy when considering the multitude of packages that make this a bit more efficient. One of the new features I implemented was the usage of the package known as “Optuna” for tuning our hyperparameters. It works similar to the random selection, but each new model run learns which selections are better than others. This way, instead of having every selection of hyperparameters be random, it’s instead only random at first and intelligently adjusts those hyperparameters based on actual model performance.

For example, here is how the learning rate hyperparameter would be selected before Optuna:
	learning_rate = random.randint(1, 10) / 1000



And here is how it would look with Optuna:
	learning_rate = trial.suggest_float("lr", 0.001, 0.01)



The above may seem like similar lines of code, but the real difference comes in the usage of that “trial” object that persists between multiple runs and allows the selection of this parameter to be based on those previous attempts.

As a result of switching to Optuna, we’ve recently seen massive improvements in model performance. One of the most important changes we made was tuning the “learning rate” parameter of our model, which was previously left at its default value. Without going into too much detail, this parameter specifically decides how much a model will adjust to new batches of training data. By adjusting this value with Optuna, we managed to achieve significant boosts to the model performance that would have otherwise been difficult to achieve.

This general idea of using improved resources and publicly available libraries was critical to my success over the last couple of months. I always made sure, especially before attempting to implement a custom solution, whether there already existed a more streamlined approach. Overall, these decisions have provided great improvements to both performance and to the speed of implementing various features. Instead of trying to “reinvent the wheel” as they say, I always attempted to include existing packages that meet our needs and often go beyond them.
[bookmark: _r6dngvrqnd6d]Part C - Personal Reflection
The primary reason that I’ve selected these topics is because they represent the three most pivotal achievements I’ve made during this semester. By making it easier to work with our training data, we can iterate faster on each model run. Couple that with improved hyperparameter tuning and it isn’t difficult to say that our model training framework has improved significantly since I’ve joined the project.

I’ve learned quite a bit from this internship period. One of my favorite things to have learned so far is the science behind the training data for these models. Often, it can feel as if I’m simply putting data into a black box and hoping to get a better performing model. However, I’ve spent considerable time working with my colleagues to ensure that I learn more about the data itself and what it represents. I’ve taken lots of notes about the instrument we are using and all the many acronyms that are needed to explain it! Beyond that, I’ve learned so much about machine learning that has gone far beyond what I ever expected. I’ve learned to organize training models and communicate results properly. I’ve learned about best practices for model training and adjusting the countless parameters in a much more informed way.

With the rise of AI as a core discipline of computer science, I can clearly see how all this new knowledge will benefit me for future job prospects. With over a year and a half of experience with this project, I know it will serve as great experience for interviews and my overall portfolio.
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