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Attention Algorithm

Input: e € R%=, vector representation of
the current token
Input: e; € R, vector representations of
context tokens t € [T].
Output: & € R%u, vector representation of
the token and context combined.
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value linear projection.
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Parallel Clustering Algorithm

1. Randomly split up the entire text embedding into N group size. These serve as initial N
cluster assignments for the observations.
2. Iteration until the cluster assignments stop changing.

2-1. Parallelly for each of the N groups, compute the group centroid(or group head) and then
filter embedding with low similarity to the centroid. Here the n-th cluster centroid is the
embedding of the highest cosine similarity score in the n-th cluster.

2-2. Calculate the cosine similarity between group centroids, then merge groups with high similarity scores.

2-3. For all ungrouped embedding, perform a nearest-neighbor search with all centroids, then
assign them to the nearest group if they are over the threshold.

3. Stack the clustered results in order of cluster size. As a result of the parallel clustering contextual
embedding, news documents are grouped into semantically similar documents and rearranged by cluster size.
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