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Folder 3 Overview
For both the corpora referred to as “WoS Core” and “WoS AHCI” in my article, “AI Virtue: Epistemic Value and Generative Artificial Intelligence” (Modern Fiction Studies; forthcoming), I created GloVe word embedding models “fine tuned” on the corpus. (For low- and mid-level beginner explanations of word embedding, respectively, see Serrano, and Barnard. For an introductory explanation of “fine-tuning,” see McDowell.)
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	Word Embedding:
Interactive visualizations for exploring GloVe word embedding models fine-tuned on my corpora. Interface allows for finding nearest neighbors of words and analogies.

	Self-contained Web pages that open locally in a browser (takes a minute to load):
· WoS-CORE-glove_visualization.html
· WoS-ACHI-glove_visualization.html
Each subfolder also contains a separate word_vectors.txt file with the embedding data along with a model_parameters.txt file.

	The visualizations of word embeddings are fun to explore. They will be gee-whiz for those new to embedding spaces, where words are placed according to mathematically high numbers of relations with other words—all simplified for visualization in 3D. Users can search in the interface for words and their nearest embedding neighbors.
I used Anthropic's Claude AI to code the visualizations of the embedding data.


Interactive Visualizations
To facilitate exploring the word embeddings, I used Claude to code interactive display interfaces (in the form of standalone HTML webpages) that allow a user to search for words and their nearest neighbors in the embedding space.
[image: ]
Screen capture of interactive visualization interface for my word embedding models. Users can search for words and their nearest neighbors in the embedding space.
Why GloVE instead of Word2Vec Embedding?
GloVE (Global Vectors for Word Representation) is a word embedding algorithm from the Stanford Natural Language Processing Group that trains word vectors based on “aggregated global word-word co-occurrence statistics from a corpus” (Pennington et al.). As the word global indicates, GloVe is sensitive to the overall context of language in a corpus in learning to embed words in relation others in a high-dimension mathematical space.

By contrast, the word embedding algorithm “word2vec” in the TensorFlow machine-learning framework is more sensitive to the local rather than global context of discourse in a corpus (TensorFlow).
I created both GloVe and word2vec embeddings of my corpora and found that GloVe is clearly preferable for my purposes. Because my corpora are relatively small, and also contain only research articles (often in technical, medical, and similar fields that use specialized technical language), word2vec embeddings were “overfitted” to specialized language. For example, the nearest neighbors of truth in a word2vec model of my WoS core corpus were: ophthalmic, tl, volume, breast, dnn, and ray. (On “overfitting,” see Wikipedia).
I thus chose to use GloVE models to analyze my corpora.
To Fine-Tune or Not?
I first created a pair of GloVe embedding models trained just on my two corpora. Then I created another pair of models by “fine tuning” with my corpora a pretrained GloVe model,  “glove.6B.300d.” Glove.6B.300d is based on a vastly larger text collection: the Wikipedia 2014 + Gigaword 5 dataset (Bernhard; Pennington et al.).
To compare the two kinds of models, I sampled in each model  the 10 nearest embedding neighbors of words related to some of the epistemic values I was interested in. The models made by fine-tuning the pre-trained GloVe model were clearly better for interpretive purposes. By contrast, the embedding models trained only on my corpora produced nearest neighbors that were “overfitted” to specialized research article language and technical terms. For example, the nearest neighbors of true included: false, positives, ground, positive, tn, indicating, xm, multimodal_genai, negative, feature.) 
I thus relied on the fine-tuned pre-trained models for my interpretive work (though at times I consulted the overfitted models to corroborate observations). 
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