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Main Contributions

« We propose statistical measures to analyze the distribution of contextualized embeddings
and provide an efficient sequential computation method.

« We show that the norm of mean embeddings and their variance exhibit a strong trade-off.

« These values explain embedding anisotropy across layers more precisely than prior work.
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Then “Layerindex . layerindex . layerindex . Layer Index
Q(X) = + V(X) 3 As the layers deepen: V(X)

— + Vi (X) + Vg (X). ® while increases, |V, (X)+V5(X)land V,;(X) decrease,
= Fmbeddings move farther from the origin, and

and Q(X) are the frequency- | different X, become more densely clustered.
weighted means of u(X,;)and Q(X,): ® V, (X) increases.
— thH(Xt);Q(X) — Z:th(Xt)_ = The embeddings In X, become more contextualized.
= e This explains embedding anisotropy across layers
Other values are also efficiently computed,more precisely than prior work that used cosine.

Discussion

Why does the C.V. of Q(X,) reach its minimum in the intermediate layers?

= [nput and output layers are distinct and may have different properties from intermediate layers.
Why does GPT-2 behave differently from BERT and RoBERTa for experiments of X, across layers?

= One possible reason is the LayerNorm placement: after FF in BERT/RoBERTa, before FF in GPT-2
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