
Appendix

A Error Analysis

While the proposed approaches enjoy strong per-
formance on the STS benchmarks relative to the
competing methods, the Pearson correlations be-
tween gold and system scores remain consistently
below 0.9 in all subtasks. It would be extremely
useful to establish which similarities are not cap-
tured very well by these approaches, at least as
judged by humans on the 0 to 5 scale established
in (Agirre et al., 2012). For concreteness, we limit
our exposition to MaxPool Spearman, noting that
similar conclusions hold for CKA-based methods
too.

First, we linearly transform the system scores
into the range [0, 5], thus making them compara-
ble to gold scores while preserving Pearson cor-
relation. Then, in each subtask we select 5 sen-
tence pairs with the largest absolute difference be-
tween the gold and the system score. After that,
we manually examine the obtained dataset, fo-
cusing predominantly on shorter sentences, where
the errors are often obvious and easy to explain.
Even under these restrictions, we can readily dis-
tinguish between 5 different types of errors, sum-
marised in Table 1. On the one hand, the system
heavily underestimates the similarity score when
two sentences use completely different vocabulary
yet have identical meaning (Type I). On the other
hand, it tends to overestimate the similarity when
the sentences use very related or even the same
words but have different meaning (Types II & III).
The similarity is also overestimated when two sen-
tences contain antonyms, or when one sentence
is a negation of the other (Types IV & V respec-
tively). A lot of these flaws can be traced back to
the well-known weaknesses of word embeddings
and the distributional hypothesis, such as mixing
together semantic similarity and conceptual relat-
edness (Hill et al., 2015; Mrkšić et al., 2016),
failure to distinguish synonyms from antonyms
(Mohammad et al., 2008; Mrkšić et al., 2016)
and problems with negation. We hope that any
counter-measures to these weaknesses will also
improve the proposed sentence-level systems.

B Significance Analysis

Following the procedure described in Zhelezniak
et al. (2019), we construct 95% BCa confidence
intervals for the delta in performance between two

systems. The key results are as follows. MaxPool
Spearman overall statistically outperforms Dyna-
Max Zhelezniak et al. (2019) when word vectors
are highly non-normal (GloVe) and looses when
word vectors seem mostly normal (word2vec),
which is in line with our main discussion. Next,
max-pooling outperforms mean-pooling on the
majority of subtasks for all word vector models.
Finally, MaxPool Spearman is overall comparable
to CKA Gaussian, with the exception of word2vec
where CKA is slightly better.



Type Sentence 1 Sentence 2 Gold Sys. ∆

I

Identical meaning but different words

restrict or confine place limits on (extent or access). 4.75 1.69 +3.06
the reduction of the extent of something, e.g, its
size, importance or quantity

change toward something smaller or lower. 4.4 1.49 +2.91

an occasion on which people can assemble for so-
cial interaction and entertainment.

festive social event, celebration 4.25 1.33 +2.92

II

Related words but different meaning

a man is playing the piano. a woman is playing the violin. 1 3.66 -2.66
indonesian president to visit uk indonesian president to visit australia 1.4 4.29 -2.89
a grey, black, and white cat looking at the camera. a black and white dog looking at the camera. 1 3.95 -2.95

III
Same keywords but different meaning

why do you need to peel peaches to can them? how to peel peaches? 1 4.57 -3.57
what does it mean to write a song in a certain key? is it possible to write a song without a key? 1 4.04 -3.04

IV

Antonyms

chinese stocks close higher midday friday chinese stocks open lower friday 1 3.9 -2.9
the act of beginning something new. the act of ending something. 0.8 3.67 -2.87
higher than per cent but not very high. lower than per cent but not very low. 1 4.22 -3.22

V

Negation

you are a christian. therefore you are not a christian. 1.4 4.38 -2.98
you should do it. you should never do it. 1 4.56 -3.56
it’s not a good idea. it’s a good idea to do both. 1 3.9 -2.9

Table 1: Error analysis for MaxPool Spearman. Each entry contains a sentence pair, the gold similarity score, the
scaled system similarity score, and the difference between the two scores. Errors are categorised into 5 types. The
system heavily underestimates the similarity score when two sentences use different vocabulary yet have identical
meaning (Type I). Inversely, it overestimates the similarity when the sentences use very related or even the same
words but have different meaning (Types II & III). The similarity is also overestimated when two sentences contain
antonyms, or when one sentence is a negation of the other (Types IV & V respectively).
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