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Introduction

Duke |Computer Science

Embedding Similarity and Downstream Performance

Optimal Transport Matching

To evaluate the similarities of embeddings A and B after alignment, we used the
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Embedding Ensemble

Accuracy on sentiment classification task are improved after ensembling pairs of
embeddings using the three approaches illustrated in the previous section.
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Objectives

Likewise, we propose three ways of
ensembling-like methods.

All ensembling methods result in an increase in accuracy. The first two methods
preserved dimensions of all the original embeddings, resulting in more improvement.
Embedding ensembling can improve accuracy with the same size of data.

Embedding Concatenation
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Figure 4. [llustration of Different Ensembling Methods
In this figure u, v corresponds to different embeddings of the same sentence

Conclusions

* Embeddings trained on different corpora from different models and random
initializations are different given the large geometric distances between these
embeddings; nevertheless, they captured similar features of the input text data since
optimal transport can find a reasonable matching between the aligned embeddings.

Preliminaries and Methods

Alignment and Matching of Text Embeddings

Embeddings that capture the same information may appear to be completely
different; to correctly find similar embeddings, we can align embeddings before
comparing them, as text embeddings trained by most used algorithms are
rotationally invariant.

Embedding Alignment and Optimal Transport Matching

Table 1 presents the comparisons between a collection of word embeddings pairs.
For every embedding pair A and B, we compute the aligned embedding B via

* For simple classification tasks such as sentiment analysis and news headline
classification, dissimilar embeddings have different downstream performance, but it
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Figure 3. Demonstration of Alignment Between Two Different Embeddings



