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Gdańsk University of Technology
julian.szymanski@eti.pg.gda.pl

Few decades ago, we did not have efficient methods to automatically process
raw unstructured data, but we were good at handling small graphs and creating
rule-based methods to perform logical inference on them. Thus, linked data was
born to create a structured representation of (ideally) all the information hidden
in the raw texts. Despite the extensive manual labour needed to create it, we are
now flooded with vast number of linked data sources on the Web. What started
as small graphs [9] is now regarded as a problem of big data. Management of
diverse linked data sources becomes a problem, since we often need to cope with
low quality, duplicate, incomplete or even contradictory data [7, 4].
Recently, unsupervised learning of word features has come into attention [3,
8]. It is based on distributional hypothesis [6], which states that features of a
word can be learned from its context. [5] argues that there is not always a single
meaning of a word, though placed in a context. Distributed representation allows
a single word to aggregate multiple senses or express multiple concepts, however,
it is difficult to manually design all the features.
That brings us to our vision. Imagine one unified model that understands
raw text on the fly and automatically infers the mentions and descriptions of
the respective linked data concepts. Imagine a model that can also learn new
unseen concepts, which are being created right now. Imagine a model, which can
understand relations between concepts and automatically infers new ones. Imagine a model, which can generate descriptions of words, concepts and relations
on request. Such unified model would enable much more efficient processing of
new unannotated texts (an example of its potential application can be found in
[10]) and management of big linked data sources. Moreover, it turns out we are
not so far away from fulfilling this vision.
There are already several approaches that combine unsupervised learning of
latent features with linked data to learn a joint model of words and concepts. In
[1] we can see one of the first attempts to train such model, which learns latent
features of words and relations. They also demonstrate the possibility of extracting additional knowledge facts from raw text. Approach in [11] presents a new
neural tensor network model, which models feature vectors of an entity as an
average over its word vectors and models each relation by a tensor. The authors

demonstrate power of their model on classification of unseen relationships. Approach in [13] learns joint model of words from unstructured text, concepts from
linked data and relations between those concepts. In this case words, concepts
and relations are all embedded into the same joint latent feature space.
Yet still, these approaches fail to fulfil our described vision entirely. All of
them are just static models, which operate on word level. Thus, they are limited
to static non-expandable vocabulary. However, we can go further and create a
character-wise temporal model. Such model would be limited only by the feature
space, not the vocabulary. It could also easily handle misspellings and learn the
syntactical features (like those hidden in common prefixes or suffixes) much
more easily. A temporal model could also generate the envisioned descriptions.
There is a lot of recent approaches for different tasks that are successful at
modelling such sequences of data (e.g. use of RNN models in [2, 12]). Having a
joint model of words and concepts would greatly enhance human interaction in
natural language with vast amount of information contained in linked data.
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