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Word embeddings have proven essential to many cutting-edge applications in natural
language processing (NLP) and have been widely adopted in various domains, for ex-
ample, to study stereotypes [1], social class [2] or public health [3]. As language models
become more complex and continue to exhibit biases [4], their lack of interpretability
becomes a growing concern [5].

To improve interpretability, recent approaches such as SemAxis [6], POLAR [7], and
BiImp [8] have explored the potential of embedding words via polar dimensions (e.g.
good ↔ bad, correct ↔ wrong). However, these approaches are limited to interpreting
traditional (static) word embedding models like Word2Vec [9] or Glove [10] and have not
been designed to deal with polysemy, i.e. multiple senses of words. Currently, static em-
bedding models are being replaced by contextual word embedding models like BERT [11]
which have achieved competitive performance in various NLP benchmarks. Addressing
polysemy, in this paper we aim to enable word-sense aware interpretability for pre-trained
contextual word embeddings.

We base our approach on the original POLAR framework [7] and extend it to con-
textual word embeddings. The key idea is to transform pre-trained word embeddings
into an interpretable, sense aware space. In this space, each dimension represents a scale
on which words are rated, inspired by the idea of semantic differentials [12], which are
psychometric scales between two antonym words. In contrast to existing approaches,
we define opposite senses for the poles of these scales (e.g. “left direction” ↔ “right
direction”), as opposed to opposite words (e.g. “left” ↔ “right”), as used in [7].

The individual steps of our approach are illustrated in Figure 1 and outlined be-
low. 1) Given a contextual word embedding model M, we use M to obtain the (non-
interpretable) contextual embedding space. 2) We obtain polar senses with contextual
information from an oracle. 3) We proceed with generating representative sense embed-
dings from which we 4) construct the interpretable polar sense space. 5) The original
embedding is transformed into the polar sense space, which enables interpretation with
regard to opposite sense pairs.

For our experiments, we use BERT [11] as embedding model and WordNet [13] as
oracle with 1763 polar sense pairs and corresponding contexts. We show that our inter-
pretable dimensions align with human judgements, with the top-k dimensions selected
by SensePOLAR matching those that were selected by human annotators much more
often than might be expected from chance alone. Figure 2 illustrates that SensePOLAR
allows for interpretation along different senses of a word and can uncover the connotative
meaning of words.

Remarkably, we find that using interpretable embeddings provided by SensePOLAR
does not decrease performance in downstream tasks. In particular, we test SensePOLAR
by using it to create input features for a separate model (feature-based approach) as well
as directly integrated in the model itself (fine-tuning approach) on several NLP bench-
marks (e.g. GLUE [14] and SQuAD [15]). SensePOLAR shows competitive performance
on all tasks in comparison to the original BERT model [11].
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By adding interpretability to state-of-the-art word embedding models, SensePOLAR
allows for a number of applications. We demonstrate this by employing SensePOLAR
for bias analysis. By comparing embeddings related to different ethnicities, we find that
the most discriminative interpretable dimensions relate to harmful stereotypes such as
employment status and legal status. SensePOLAR’s capacity to provide interpretability
offers valuable insights into the biases inherent in pre-trained word embeddings and can
guide future efforts to mitigate these biases.
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Figures

Figure 1: SensePOLAR overview. Pre-trained contextual word embeddings are trans-
formed into an interpretable space where the word’s semantics are rated on scales in-
dividually encoded by opposite senses such as “good”↔“bad”. The scores across the
dimensions are representative of the strength of relationship (between word and dimen-
sion) which allows us to rank the dimensions and thereby identify the most discriminative
dimensions for a word. In this example, the word “wave” is used in two senses: hand
waving and ocean wave. SensePOLAR not only generates dimensions that are representa-
tive of individual contextual meanings, the alignment to the respective sense spaces also
aligns well with human judgement. SensePOLAR generates neutral scores for dimensions
not related to the word in the given context (e.g., “idle”↔“work”, “social”↔“unsocial”).
We follow the WordNet [13] convention to represent a particular sense of a word. For
example, “Tide.v.01” represents the word “tide” in the sense of surge (rise or move for-
ward).
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Figure 2: Illustration of polar sense dimensions. (a) SensePOLAR allows for interpretabil-
ity along multiple senses. “black”↔“white” in the sense of ethnicity (top) can be differen-
tiated from “black”↔“white” in the sense of color (bottom). Words like “snow”or “coal”
- which are not semantically related to ethnicity - score neutral on the upper scale while
being clearly distinguishable on the lower scale. (b) The connotative meanings of words
can also be investigated through SensePOLAR. For example, “politician” is associated
with “hate” while “mother” is associated with “love”.
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