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INTRODUCTION
As the volume of text-based Earth science research grows, it is increasingly possible to discover latent relationships in the
literature. However, traditional methodologies are restricted by limited computational capabilities and intractable problem spaces.
Advancements in natural language processing (NLP) have allowed us to use an extensive Earth science corpus to create a
domain-specific word vector model, Es2Vec, which we have used to surface latent relationships between Earth science
concepts and generate improved keyword tags.

Earth science metadata keyword assignment is a challenging problem. Dataset curators select appropriate keywords from the
Global Change Master Directory (GCMD) set of keywords. The keywords an are integral part of the search and discovery of
these datasets. Hence, the selection of keywords is crucial to increasing the discoverability of datasets. Utilizing machine learning
techniques, we provide users with automated keyword suggestions to complement manual selection. We trained a machine
learning model that leverages the semantic embedding ability of Word2Vec models to process abstracts and suggest relevant
keywords. A user interface tool we built to assist data curators in the assignment of such keywords is also described.
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WORD EMBEDDINGS
Word Embeddings

Numerical representation of text

Maps words or phrases from the vocabulary to vectors of real numbers

Can be used for:
compact and machine readable representation of words in a corpus

performing statistical analysis on corpus

embedding text as input into ML model

Word2Vec

Two layer neural network to learn word associations from a large corpus of text.

Validated by the presence of semantic and syntactic patterns that can be reproduced using vector arithmetic. Patterns
such as “Man is to Woman as King is to Queen” can be generated through algebraic operations on the vector
representations of these words such that the vector representation of “King” - ”Man” + ”Woman”  produces a result
which is closest to the vector representation of “Queen” 

Fig. 1. Word embeddings and word pairs
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ES2VEC: EARTH SCIENCE ANALOGICAL REASONING
Es2Vec: Domain Specific Word Embeddings

Built using a large corporus of domain-specific text documents.

Our approach utilized a corpus of ~75,000 Earth science journal articles from AGU.

Trained two models :
ES_1 (150 embedding size)

ES_3: (300 embedding size)

Measuring Effectiveness of Word Embeddings

Effectiveness of domain-specific word embeddings can be measured using presence and quality of analogy pairs
surfacable by the embeddings

Fig. 2. Word Pairs

 

The exploratory set of Earth science analogies categorized using a classification framework similar to the one employed
by A. Gladkova et al., 2016. 

Laying the groundwork for an Earth science analogy test set
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Fig. 3. Analogy Categories and Accuracy of models in surfacing the word pairs

 

ES_3 and ES_1 were shown to be capture the most Earth science analogies.
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USING ES2VEC IN EARTH SCIENCE METADATA
KEYWORD SUGGESTIONS
 

Task: Given descriptions of datasets, use Es2Vec and neural networks to provide appropriate keyword suggestions.

Fig. 4. Architecture

ES2Vec is used to extract word embeddings from the abstracts.

ES2Vec is trained separately and used as a black box during both the training and inference cycles.

The activations (embeddings) from word2vec are sent to a trainable neural network classifier to predict keywords

Predicted keywords in combination with the extracted keywords are used to calculate the error. The error is then used to
update the weights between the layers in the classifier.

 

Model Diagram
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Fig. 5. Model Architecture

Training split: 2078, validation split: 520

Total number of unique science keywords: 274

 

 

Tool:

 

Workflow
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Fig. 6. Tool Workflow

 

Web Tool

https://gcmd.nasa-impact.net
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Fig. 7. Web Tool

 

 

 



11/23/2020 AGU - iPosterSessions.com

https://agu2020fallmeeting-agu.ipostersessions.com/Default.aspx?s=09-C7-1A-8D-88-86-F1-CB-9E-A9-0A-6B-9B-02-19-BD&pdfpri… 11/12

ES2VEC PERFORMANCE COMPARISON

Fig. 8. ES2Vec performance vs generic Word2vecs 

Some Notes on the Performance:

Both variations of ES2Vec are fairly close: ~79% accuracy; next best model is ~73% accurate

Smaller vocabulary size vs next best performing generic word2vec (500k vs 3M)

Fewer tokens (115M vs 6B)

Could be improved further by increasing the corpus size

Shows the importance of developing domain-specific embeddings for domain-related downstream tasks
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