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Table 1: Examples of five npes of semantic and nine types of syntactic questions in the Semantic-
Syntactic Word Relationship test set.

| Typeof relationship | Word Pair | H  Word Pair2 |
[ Common capital city 1 Athens | Greece | Oslo Norway |
All capital ciues Astana Kazakhstan H Harare Zimbabwe |
Currency Angola kwanza Iran | nal ‘
City-in-state Chicago [llinois ' Stockton California ‘
Man-Woman brother sister grandson | granddaughter |
wATje;weTn;h’cr' apparent appartnll,\# mTud lzlpidly
Opposite possibly impossibly H cthical uncthical
Comparative great greater tough tougher

| Superlative casy casiest ” lucky luckiest
Present Participle | think thinking || read reading

| Nationality adjective | Switzerland = Swiss Cambodia | Cambodian
Past tense walking walked || swimming swam
Plural nouns mouse mice i dollar dollars
Plural verbs work . works L speak speaks

Table 8: Examples of the wond pair relationship.

gram model trained on 783M words with 300 dimensionality).

I

S, using the best word vectors from Table 4| (Skip-

* Relationship | Example | | Example2 | Example s ‘[
France - Paris Italy: Rome w Japan: Tokyo Flonda: Tallahassee |
’ big - bigger small: larger cold: colder ‘ quick: quicker |
Miami - Flonida Baltimore: Maryland Dallas: Texas Kona: Hawaii |
Einstein - scientist Messi: mudfielder Mozart: violinist Picasso: painter
' Sarkozy - France Berlusconi: ltaly Merkel: Germany Koizumi: Japan l
copper - Cu anc: Zn gold: Au | uranium: plutonium
' Berlusconi - Silvio Sarkozy: Nicolas } Putin: Medvedev Obama: Barack
| Microsoft - Windows Google: Android IBM: Linux Apple: iPhone
| Microsoft - Ballmer Google: Yahoo IBM: McNealy Apple: Jobs ]
[ Japan - sushi || Germany: bmmumi France: tapas ’ USA: pizza
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20-7
On that point of 'wondering how many dimensions would be enough’ to cover the meaning of
all words?

When training these word vectors (the GloVe vectors), the Pennington paper uses them

for various tasks and comes to the conclusion that maybe a dimension of size 300 is
enough, based on this graph:
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I thought this was true for some time, until tfransformer models came along (the model
used in the GPT-x and chatGPT). For the very large language models, they employ word

vector sizes of over 12,000, much larger. Some significant part of the knowledge of the
big models is in those vectors.



