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Overview
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Letters of Agreement
§ Letters of Agreement (LOA) formalizes airspace operations
• Always two or more parties
• Can be between FAA entities or FAA and private companies or the military

§ Objective: represent the constraints contained in the LOAs in 
machine-interpretable digital format.
• Currently stored as PDF documents available only to controllers
• Digital LOA constraints could be made available to airspace users for tasks 

such as trajectory planning

§ Natural language processing (NLP) is crucial to the digitization of 
LOAs.
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Approach
§We want to digitize only Civil 

LOAs:
• Civil LOAs have only FAA parties
• No military or private company 

signatories
• Focus of digitization

§ Parties are not stored in LOA metadata
§ This is a two-class document 
classification problem
• Civil/not-civil class labels
• Classification is the machine learning 

(ML) process of labeling documents by 
their class

4

493 labeled LOAs
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Methodology

5



Preparing the LOA data
§ Convert PDF to text
§ Filter document to relevant 

sections
• When possible, used section titles 

Document, Title, Facility, Effective 
(date), Subject, Purpose, and Scope
• Otherwise, used first page

§ Clean and tokenize the text
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Embedding & Classification Pipeline 7

LOA Text Embedding 
Method

Embedding
(Numeric 
Vector)

Classification 
Model

Document 
Label

(Civil or 
Not-civil)

TF-IDF
GLoVe
Word2Vec
Doc2Vec
RoBERTa

KNN
Random Forest
Logistic Regression
SVM
Naïve Bayes
FNN
MLP
CNN
LSTM



Classification Models Comparison 8

Frequency-based embeddings
Term Frequency-Inverse Document 
Frequency (TF-IDF) Unigram

Document based method based on how frequently a term appears 
divided by how many documents it appears in

TF-IDF Bigram Document based method based on how frequently pairs of terms 
appears divided by how many documents the pair appears in

Contextual Embeddings
GloVe Pretrained method that creates word-embeddings based on co-

occurence matrix
Word2Vec Document based method that trains a neural network on the 

continuous bag of words (CBOW) which is then used to create word 
embeddings

Doc2Vec As Word2Vec but a document embedding is trained as well

RoBERTa Large language model (LLM) pretrained on 160GB of English text which 
can produce word and document embeddings

Transfer learning (TL) Fine-tuning a pretrained model on the 493 LOA documents 
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Classic machine learning (ML) methods
K-nearest neighbors (KNN) Labels from closest embeddings
Random forests (RF) Random ensemble of decision trees that average results
Logistic regression (LR) Calculates the probability of an embedding’s class
Support vector machines (SVM) Calculates decision boundary that maximizes distance from each class
Naïve Bayes (NB) Calculates class label from conditional probability

Neural ML methods
Feedforward neural network (FNN) Single layer network with no backpropagation
Multilayer perceptron (MLP) Multiple layers of  FNN
Convolutional neural network (CNN) Using convolution to extract features from the embeddings

Long short-term memory (LSTM) Sequential focused model 



Results
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Results & Conclusion 11

Embeddings Classification Models
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Embeddings Classification Models

Use TF-IDF and SVM or LR to set a baseline before examining 
more complex methods for datasets of this size.



Future work
§ Use TF-IDF and SVM to perform constrain classification, named entity 

recognition, and other NLP tasks for LOA digitization.
§ Could more LOA and aviation documents improve the transfer learning 

performance?
§ LLMs end-to-end: can we use transfer learning adapted LLM as an end-to-

end classifier?
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Questions?

David Nielsen: david.l.nielsen@nasa.gov 
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