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1 Introduction

Distributional models of meaning are known to be
good at capturing conceptual information about
generic concepts, but it is unclear to what ex-
tent they can also capture referential informa-
tion about individual entities. Events are particu-
larly difficult to model distributionally because of
their large diversity in linguistic forms (they could
be expressed as verbs, nominalizations, common
nouns, or even be completely implicit), and be-
cause it is unclear what should serve as the ba-
sis of a distributional representation of an individ-
ual event: bare verbs, predicate-argument struc-
tures, or even whole sentences? Here, inspired
by previous work proposing distributional mod-
els for entity-denoting proper names (e.g., “An-
gela Merkel”, “Barcelona”) (Gupta et al., 2015;
Herbelot, 2015), we propose using event-denoting
proper names (“Hurricane Sandy”, “Battle of Wa-
terloo”, “The Paul McCartney World Tour”) as a
starting point for investigating individual events.

2 Methods

We investigate two broad classes of models for
representing named events distributionally. First,
we compute count-based models and use pre-
trained skipgram vectors (Mikolov et al., 2013) for
Freebase entities1 for directly representing event
names. However, due to the sparsity of frequently-
occurring event names, we also use paragraph em-
beddings of event descriptions from Wikipedia
as a way of approximating event name embed-
dings, following studies showing that definition
embeddings can be successfully used as proxies
for representations of low-frequency words (Her-
belot and Baroni, 2017; Lazaridou et al., 2017).
We experiment with paragraph embeddings com-

1See https://code.google.com/archive/p/
word2vec/

puted using the summing method (Mitchell and
Lapata, 2008), as well as with BERT-derived em-
beddings (Devlin et al., 2018).

To test what our distributional models learn
about the individual events, we use the embed-
dings as the inputs to simple classification models
that to predict referential attributes of the events.
Attributes are derived from information found in
Wikipedia infoboxes, and are defined for spe-
cific event categories. For example, for hurri-
cane events, we predict the geographical location
(classes are earth quadrants: ‘north-west’, ‘south-
east’, etc.), hurricane category (seven levels on the
Saffir-Simpson scale), and several numerical at-
tributes such as year, maximal wind speeds, and
the number of victims (divided into four equal-
sized classes). Additionally, we perform a quali-
tative analysis of the event space.

3 Results & discussion

We show that, at least on a coarse-grained level,
key attributes such as time and location can be pre-
dicted with high accuracy by simple models, even
when trained on small data. Accuracy patterns are
similar for name embeddings and description em-
beddings, although models trained on name em-
beddings generally perform worse because of the
data scarcity problem. We also find that for event
descriptions, summed embeddings perform sim-
ilarly well as BERT-derived ones, and moreover
fail to outperform a simple bag-of-N-grams base-
line model on most classification tasks. On the
other hand, Freebase skipgram vectors do outper-
form the bag-of-N-grams baseline when compar-
ing embeddings for the same set of events. We hy-
pothesize that our models largely rely on simple
cues such as the presence or absence of particular
context words, encoded implicitly or explicitly in
the distributional representations.

https://code.google.com/archive/p/word2vec/
https://code.google.com/archive/p/word2vec/
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