based semantic profiles of the semagram values to filter out
the retrieved sentences having as filler a supersense which
is not contained in the slot profile. Then, we build queries
of the form “?q ps y” where the extracted patterns are con-
catenated with the fillers and used as queries for extracting
new concepts.

Overall, use of the above two methods automatically
extracted 4,205 semagrams (from the initial manually-
annotated 50, with a multiplication factor of 83x) and a to-
tal of 55,245 (slot, filler) pairs (from the 1,621 initial pairs,
with a multiplication factor of 34x). The Exact Match (EM)
method was able to learn 651 new semagrams, with a total
of 1,627 new (slot, filler) pairs. Our experimentation on
the challenging wildcard-based strategies (W) allowed the
extraction of 2,631 semagrams and 8,786 (slot, filler) pairs.

The last phase concerned the manual validation of the (slot,
filler) pairs extracted in the previous Section. We randomly
chose 100 pairs for each extraction method, manually eval-
uating their correctness. Table[7|shows the Precision of the
adopted extraction strategies.

Method Semagrams | Pairs | Avg Precision*
EM z ps y 651 1,627 85.34%
W z ps ?q 50 3,742 78.36%
W ?q ps y 2,581 5,044 67.00%

Table 7: Precision of the extraction methods on random
samples of 100 slot-filler pairs, starting from the initial
manually-annotated semagram base. *Recall cannot be re-
ported as it would mean having the relevant set of slot-filler
pairs in the whole Wikipedia for each slot.

4.3. An Automatic Approach based on Semantic
Propagation

Due to the nature of the encoding system, the fine-grained
slot-filler pairs represent properties that can be propagated
along a taxonomy of word senses. For example, if a car has
an engine and a brake, it is likely that a coupé will have
them as well. Following this reasoning, we put forward an
automatic semantic propagation of single slot-fillers over
the WordNet taxonomy. In detail, we automatically propa-
gated all (slot, filler) pairs of the original 50 concepts to all
their hyponyms, without relying on any evidence from large
corpora. This experiment led to the automatic creation of
923 new semagrams, as hyponyms of the 50 concepts ini-
tially annotated, for a total of 44,832 new (slot, filler) pairs.
We then manually evaluated the validity of the propagated
(slot, filler) pairs on a random set of 400 instances, reach-
ing a precision of 85.43% (these evaluation data will be re-
leased with the resource). This test demonstrates two facts:
1) the high presence of semantic redundancy that standard
semantic resources do not properly manage with paradig-
matic relations and individual glosses; 2) how significant
a single (slot, filler) annotation might be in the semagram
base, as it can be inherited or propagated through (even
more advanced) reasoning processes among different word
senses.

5. [Evaluation and Impact of Semagrams

The proposed semantic encoding may have impact on sev-
eral NLP tasks, such as Word Sense Disambiguation and
Machine Translation. In this paper, we decided to employ
semagrams within the task of word-level semantic simi-
larity, due to their broad range of uses and implications.
As mentioned in Section [2] word embeddings often rep-
resent a useful source of word-level information as they
encode both syntactic and semantic features automatically
harvested from large corpora, in accordance with the princi-
ples of Distributional Semantics. Their adoption is massive,
as demonstrated by their presence and utilization in the
most recent scientific literature. Thus, we compare some
vectorializations of our semagram base with state-of-the-
art embedding models.

5.1. The Evaluation Task

Given a single concept ¢, the evaluation task first regards
the identification of the top-k similar concepts. Then, it
checks how many of these fall within the same category
cat(c) of concept c. We compared the results of three types
of vectorialization of the semagram base with a baseline
and four state-of-the-art word embedding models.

5.2. Models at Comparison

In this section, we describe the details of the evaluated mod-
els. The concepts considered are the 300 for which we have
their semagram representations, organized in the 10 cate-
gories of Table

[Concepts-Corpus]. We extracted a corpus from the En-
glish Wikipedieﬂ made up of the 1,311,124 sentences con-
taining at least one of the 300 concepts in the semagram
base. We segmented these sentences by concept, finally ap-
plying a tf-idf concept vectorization.
[Semagram-Corpus]. From the above corpus, we se-
lected those sentences (i.e., 1,901) containing at least one
filler from the concepts’ semagram representations. We
then built a feature space of all 3,586 existing (slot, filler)
combinations, where the values derive from an adapted tf-
idf weighting. In particular, after a process of lemmati-
zation and stopwords removal applied on the corpus, the
value of each (slot, filler) dimension is given by the nor-
malized term frequency of the filler in the corpus (i.e.,
tf = 1+ log(freq(filler))) multiplied by an idf score
(i.e., how much filler is shared among the concepts).
[Semagram-Binary]. From the semagram base, we con-
structed a binary model where the feature space is that of
the Semagram-corpus model. Cells are 1-valued if the con-
cept considered has the related (slot, filler) pairs within its
semagram representation. Otherwise, cells are equal to 0.
[Semagram-Mixture]. The features are those of the above
semagram spaces, while the values come from a weighted-
sum of the two (Semagram-Corpus, Semagram-Binary)
matrices. The weight was set to 0.35 and 0.65 respectively.
[GloVe, fastText, ConceptNet] We employed three word
embeddings models: the GloVe model presented in (Pen-
nington et al., 2014)); the fastText one of (Bojanowski et al.,
2016) which integrates subword information in Mikolov’s

°English Wikipedia dump of November 2014.
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model (Mikolov et al., 2013a)); and the ConceptNet-based
semantic vectors presented in (Speer et al., 2017).
[SensEmbed]. We finally included the sense-based em-
beddings proposed in (lacobacci et al., 2015)), since our
concepts and fillers are fully disambiguated and linked to
WordNet synsets.

5.3. Results

Results are shown in Table |8l The model based on sema-
grams and enriched with simple tf-idf scores clearly out-
classes the others for all the tested values of k. How-
ever, similar values are obtained with the semagram-based
binary approach. The performance is measured with
precision@k scores, i.e., the number of concepts of cor-
rect category divided by k. Note that our case is a special
one where precision is equal to recall, since the models are
evaluated on the bounded set of 300 input concepts.

Model k=1 | =5 | =10 | =20 | =30
C-Corpus | 0.72 | 0.58 | 0.49 | 0.36 | 0.28
S-Corpus | 0.69 | 049 | 0.35 | 0.23 | 0.18
S-Binary 0.90 | 0.73 | 0.60 | 0.42 | 0.32
S-Mixture | 0.91 | 0.74 | 0.60 | 0.43 | 0.32

GloVe 0.67 | 0.55 | 045 | 0.33 | 0.26
fastText 0.72 |1 0.59 | 0.49 | 0.35 | 0.27

ConceptNet | 0.79 | 0.63 | 0.52 | 0.39 | 0.30
SensEmbed | 0.66 | 0.57 | 0.49 | 0.36 | 0.28

Table 8: Precision@¥k of the models under evaluation.

5.4. Interpretability

Figure [I| shows the top-20 most similar concepts within
the category Artifacts according to the best performing
semagram S-Mixture model over the others. Note that the
different embedding spaces often show divergent scores,
due to their nature and the utilized resources. Instead,
with semagrams, each similarity score derives from spe-
cific fine-grained semantic units. For example, consider
the pair (jewelry, pendant), which shows high divergence
among the models. While this is difficult to interpret or
manage with embeddings, semagrams provide supporting
semantically-typed and disambiguated information which
can be further processed (e.g., Table [0 reports three ex-
ample pairs of Figure [I). Another important aspect is
that, while the existing embeddings give similarities on a
paradigmatic basis, our semagram-based vectors also inte-
grate syntagmatic relations.

Concept pairs
uniform, vest

Shared (slot, filler) pairs
generalization: habiliment, cover-
ing, clothing, vesture, wear

parasol, um- | generalization: protective cover,

brella protection; shape: round, circular;
material: plastic

photocopier, generalization: tool, utensil; mate-

stationery rial: plastic, metal; user: secretary

Table 9: Semagram-based semantic similarity grounding of
three concept pairs of Figure
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Figure 1: Top-20 most similar concept pairs belonging to
the category Artifacts, according to Semagram-Mixture, in
comparison with the other models.

6. Conclusion

In this paper, we started from the notion of semagram, i.e., a
slot-filler structure to encode word meanings, and proposed
a methodology for the creation of a systematized knowl-
edge model of 26 slots integrating and unifying semantic
features from different resources. The result of a manual
annotation is a semagram base of 50 concepts covering 10
categories, successively extended to 300 concepts through
a semi-automated process requiring 1/30 of the original an-
notation time.

Then, we first showed that an Open Information Extraction
approach coupled with a pattern learning method based on
WordNet supersenses can be used to extend the semagram
base, automatically identifying 4,205 semagrams with a to-
tal of 55,245 (slot, filler) pairs with good accuracy levels.
Following this we applied an automatic hyponyms-oriented
semantic propagation of (slot, filler) pairs through the
WordNet taxonomy, reaching high accuracy on a manually-
validated test set. Finally, we demonstrated the ability of
the model to capture better (and explainable) semantic sim-
ilarity relations compared to state-of-the-art word embed-
dings.

As future work, we will integrate the knowledge model
with slots for abstract concepts, and extend the knowledge
acquisition process by means of crowdsourcing (Poesio
et al., 2017) and games-with-a-purpose approaches (Ven-
huizen et al., 2013} Jurgens and Navigli, 2014). We will
also consider the semantic combinations of (Maru et al.,
2019)

We release the complete semagram base with the annota-
tion guidelines and the validation data at http://nlp.
uniromal.it/semagramsk
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