Project #2 for the Biomedical Information Retrieval Course

1. Project Overview — word embedding
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Word embeddings provide a way to represent words as dense vectors in a continuous vector space.
Instead of representing a word simply as an independent symbol:

mnn

"cancer" "tumor" "patient” "treatment"
we represent each word as a vector: [ {R}"{d} ]
where (d) is the embedding dimension.

The key idea is that words occurring in similar contexts tend to have similar representations.

In this project, you will build your own small-scale word embedding system using approximately 1,000
scientific abstracts.

You will implement and compare two classical neural language-model architectures:
Continuous Bag-of-Words (CBOW) and Skip-Gram

You will then investigate the learned semantic space using: cosine similarity, nearest-neighbor analysis,
PCA, t-SNE, 2-dimensional visualization

The central question of this project is:

Can a relatively small collection of scientific abstracts learn a meaningful semantic representation
of words?

2. Learning Objectives
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Background:
CBOW vs Skip-Gram

Create a comparison table:

Property CBOW Skip-Gram
Input

Prediction target

Training examples

Training speed

Rare words

Expected behavior

Then answer:

Why might Skip-Gram be particularly useful for rare or domain-specific scientific terms?



