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Abstract. One of the most amazing characteristics that defines the human be-
ing is humour. Its analysis implies a set of subjective and fuzzy factors, such
as the linguistic, psychological or sociological variables that produce it. This is
one of the reasons why its automatic processing seems to be not straightforward.
However, recent researches in the Natural Language Processing area have shown
that humour can automatically be generated and recognised with success. On the
basis of those achievements, in this study we present the experiments we have
carried out on a collection of Italian texts in order to investigate how to charac-
terize humour through the study of the ambiguity, especially with respect to mor-
phosyntactic and syntactic ambiguity. The results we have obtained show that it
is possible to differentiate humorous from non humorous data through features
like perplexity or sentence complexity.

1 Introduction

Human behaviour represents a great challenge for all humanistic and scientific disci-
plines. Language, feelings, emotions or beliefs are a small sample within a complex
spiderweb of phenomena that must be studied and analysed in order to be able to un-
derstand such behaviour. The task is not easy but a huge effort has been made in several
areas for contributing to the development of knowledge about the different processes,
facts and relations that constitute human beings. On the matter, Natural Language Pro-
cessing allows us to approach human behaviour from new angles. For instance, NLP has
successfully shown how some human attributes can be simulated by computers. A sam-
ple is the language: some time ago the fact of talking with a computer was oneiric.
Today, this dream is reachable, such as the scopes of research. This means that we
may go beyond and be able to identify the mood, the way of thinking or, as in our
case, the humour; task that seems oneiric too. However, recent research works [5], [6],
[10], [11] and [13] have shown that is feasible to generate and recognise humour with
a computer for different purposes such as information retrieval, machine translation,
human-computer interaction, e-commerce, etc.
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On the basis of the assumptions and results derived from the above research works,
we investigated how to identify the features of a set of Italian sentences in order to
characterise the humour of this data and to be able to automatically recognise it. In this
framework, the rest of the paper is organized as follows. Section 2 introduces some pre-
liminary concepts and describes the state-of-the-art in Computational Humour. Section
3 underlines our initial assumptions on the role of morphosyntactic ambiguity and the
aim of our research. Section 4 describes the data sets and all the experiments we carried
out. Section 5 presents the discussion of the results and the implications they suggest.
Finally, in Section 6 we draw some conclusions and address further work.

2 Computational Humour

One of the characteristics which defines us as human beings and social entities is a very
complex concept that we use in our everyday lives and activities: humour. This characte-
ristic, so subjective and fuzzy such as the human behaviour, seems to be hardly trans-
lated into a computational perspective. Nevertheless, despite the difficulty the task in-
volves, some recent research works have shown that is feasible to address the problem
of automatic humour processing through machine learning techniques [8], [9], [10],
[11], [13], [6]. Both in Automatic Humour Recognition (AHR) and Automatic Humour
Generation (AHG) tasks, the work has focused on the study of how specific features
may be employed to discriminate humorous from non humorous data. The sentence
(a) shows, for instance, a structure with some features that can be handled by a compu-
ter in order to simulate them and generate a humorous output [3].

(a) What do you use to talk to an elephant? An elly-phone.

For an AHG task this sentence represents a good source of features. Besides its syn-
tactic template is very simple, there is other kind of useful information. Let us see how
elly − phone has a phonological similarity with telephone. Moreover, elly − phone is
related phonologically and “semantically” to the word which gives it the right meaning:
elephant. This kind of structures, named punning riddles, were studied by [3], [4] and
[5] for AHG tasks, finding out that features such as the previous ones can be generated
by rules in order to automatically produce new humorous sentences. Another example
about AHG tasks is the research carried out in [14]. They showed how humour could be
generated exploiting incongruity theories. A result of this investigation is the new funny
sense for the acronym FBI (Federal Bureau of Investigation) which appears in (b).

(b) Fantastic Bureau of Intimidation.

In AHR the research works described in [9], [10], [11], [8], [13] and [6] have focused
on the analysis of another particular kind of structures: one-liners (OLs). According to
[8], [9] and [10], such elements are short sentences with comic effects and a very simple
syntactic surface structure. For instance, let us consider (c):

(c) In order to get a loan, you must first prove that you don’t need it.

This construction seems not to contain much information; nevertheless, the results ob-
tained for automatically discriminating humorous from non humorous sentences have
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been interesting. In [9] and [10] is described how the authors identified in these sentences
features such as alliteration, antonymy and adult slang that, for instance, allow to differ-
entiate between an OL and a proverb. Moreover, the authors have found some semantic
“spaces” that are potentially triggers of humour such as human centric vocabulary (pro-
nouns), negative orientation (adjectives) or professional communities (lawyers). Other
features they have identified with these structures are: irony, incongruity, idiomatic ex-
pressions, common sense knowledge and ambiguity. Their research has established the
beginning of new paths to explore. A sample is the work of [13] which claims to recog-
nise humour through the identification of syntactic and semantic ambiguity. The authors
have detected some features such as similarity, style or idiomatic expressions which de-
fine humorous data. Another example is the work carried out by [6], whose goal was
to study whether or not humorous quotes may be separated from non humorous ones
through a set of features such as N-grams, length or bag of words. Their results showed
how employing features like bag of words or sentence length it is possible to discriminate
humorous from non humorous sentences.

3 Perplexity and (Morpho)syntactic Ambiguity

The research work we present in this paper was inspired by assumptions and results of
previous investigations in AHR. Our study aims at investigating how valuable informa-
tion could be extracted from OLs in order to identify features to be used by a classifier
for the AHR task. This means, based on the ambiguity phenomenon, to find criteria
for classifying new OLs. For instance, [10] investigated the impact of stylistic (allitera-
tion) and content-based (human weakness) features in OLs, nonetheless, according to
our data, the sentence (d) below, although presenting alliteration and human weakness
features, was not considered as humorous.

(d) Bacco, Tabacco e Venere riducono l’uomo in cenere.1

We tried to provide, through automatic measures, information for explaining cases
such as (d). One of them is through a measure such as perplexity (Subsect. 4.2) which,
according to [7], “given two probabilistic models, the better model is the one that has
tighter fit to the test data”. The hypothesis is that OLs maximize a dispersion profil-
ing a structural ambiguity, which may be understood as a dispersion in the number
of combinations among the words which constitute them. This dispersion functions as
a source of ambiguous situations and should appear in a higher degree within OLs. We
also considered important the study of the impact that morphosyntactic ambiguity may
have on AHR. We think that the number of POS tags of a word may be evidence about
the different syntactic functions that this word could play within an OL. Thus, the hy-
pothesis is that morphosyntactic ambiguity could be useful for identifying potentially
humorous situations. In Subsect. 4.3 we investigate this issue. Finally, according to [13],
it is known that “ambiguity is not only caused by word senses”, phonological similarity
or by their morphosyntactic functions. Ambiguity also appears codified in the syntactic
complexity of a sentence. In Subsect. 4.4 we study, in terms of generating a syntactic
tree, how complex and ambiguous the OLs are.

1 Wine, tobacco and women turn men into ash.
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4 Experiments

In order to obtain empirical evidence of our assumptions, we ran three kinds of experi-
ments. The first one tried to find out whether a measure such as perplexity (PPL) could
be useful for characterizing our humorous data or not. In the second experiment we per-
formed a POS tagging over the corpus for knowing its morphosyntactic information and
the ambiguity that exists in the sentences. The last experiment was aimed to investigate
how the information extracted from a full syntactic parser could give any hint about the
ambiguity at syntactic level.

4.1 Data Set

Our experiments were carried out over the Emoticorpus2 [6], a corpus which is com-
posed of Italian sentences extracted from the Wikiquote project. This corpus was manu-
ally labelled and is made up of 1,966 sentences. Positive examples (OLs) are 471 while
negative ones are 1,495.

4.2 Perplexity

We estimated the PPL separating our corpus in three subsets: the training subset made
up of 1,475 sentences, the positive test subset made up of 165 OLs, and the negative
subset with 326 non humorous sentences. Using the SRILM Toolkit [15], we obtained
a language model (LM) composed by 19,923 bigrams employing two smoothing meth-
ods: interpolation and Kneser-Ney discount [7]. The two test subsets were compared
against this LM. The PPL that we obtained per subset appears in Table 1.

Table 1. Positive and Negative PPL

Positive Test Negative Test

PPL 306.29 223.48
OOVs 780 827

As can be seen in this table, the positive PPL is higher than the one obtained for
the negative examples, although this subset is bigger. Another interesting aspect we can
observe is the number of Out Of the Vocabulary words (OOVs). If we take into account
the size of the subsets, we can realize that the LM was obtained on the basis of two
thirds of negative samples and, therefore, we would expect that the number of OOVs
was smaller in the negative subset. In order to corroborate this behaviour, we performed
a second experiment undersampling the data. We selected 600 sentences (300 OLs and
300 non humorous) as training; our test sets were made up of 171 sentences for both
positive and negative subsets. A total of 9,297 bigrams integrated the new LM. The PPL
obtained is shown in Table 2.

The information in this table corroborate our initial assumptions about the lower pre-
dictability of OLs. Also, with a more balanced corpus, the PPL of OLs is still higher.

2 This corpus is available at: http://users.dsic.upv.es/grupos/nle/downloads.html.



166 A. Reyes, D. Buscaldi, and P. Rosso

Table 2. Balanced Corpus PPL

Positive Test Negative Test

PPL 222.21 212.25
OOVs 858 704

Moreover, the fact also that the number of OOVs is higher in the positive subset em-
ploying a more balanced LM is a hint of how OLs are intrinsically more difficult to
classify.

4.3 Morphosyntactic Ambiguity

In order to investigate whether or not morphosyntactic ambiguity could provide useful
information to discriminate humorous sentences (through the number of POS tags), we
labelled the positive and negative sets using the TreeTagger software [12]. We employed
three different thresholds of probability for getting all the tags that a word could have
within the sentence in which appears. These thresholds were selected randomly from
a range between 0 and 1. In Table 3 we present the number of tags that could be assigned
to each word.

Table 3. Tags assignment per set

Threshold 0.2 Threshold 0.5 Threshold 0.7
Tags Positive Negative Positive Negative Positive Negative

2 827 2,092 399 1,006 202 537
3 81 170 9 22 1 4
4 2 5 0 0 0 0

We can see in this table how OLs have a minor range of possibilities to be tagged.
However, considering the amount of sentences per set, we may notice that there is
a similar distribution in the tags assignment. Therefore, taking into account this diffe-
rence, we performed another experiment with balanced data. We undersampled our
data to 400 sentences extracted randomly for both positive and negative sets. The same
thresholds of probability were also used. In Table 4 we show the results.

Table 4. Tags assignment per balanced sets

Threshold 0.2 Threshold 0.5 Threshold 0.7
Tags Positive Negative Positive Negative Positive Negative

2 326 302 161 147 97 88
3 32 27 12 7 5 2

It is interesting to notice that, using balanced data, the range of tags that can be
assigned to OLs resulted to be wider in comparison to the negative samples. However,
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this difference is not so relevant from a statistical viewpoint and this issue deserves to
be investigated further in the future on a bigger corpus.

4.4 Syntactic Ambiguity

The last experiment is related to the fact of obtaining evidence about the syntactic am-
biguity and its impact on the structure of OLs. In order to investigate this issue, we used
a measure named Sentence Complexity (SC). This measure, according to [2], “captures
aspects like average number of syntactic dependencies”. Therefore, we decided to em-
ploy the SC measure as a parameter for verifying how complex and ambiguous the
syntax of OLs is. The SC was calculated over all our corpus according to the following
formula:

SC =
∑

VL, NL∑
Cl

(1)

where VL and NL are the number of verbal and nominal links respectively, divided by
the number of clauses (Cl) [2]. The results are shown in Figure 1.

Positive samples Negative samples
1,7

1,72

1,74

1,76

1,78

1,8

1,82

1,84

Fig. 1. Sentence Complexity per set

As can be noted, SC for OLs is higher (1.84) than for the non humorous sentences
(1.72). This means that OLs have a more complex syntactic structure and, accordingly,
it seems they have a major degree of syntactic ambiguity. In the following Sect. we
analyse all the results obtained.

5 Discussion

The goal of this research work was to study what kind of information could provide
internal features for identifying signs of humour in OLs taking into account different
kinds of ambiguities (morphosyntactic and syntactic). The final aim will consist in the
generation of a model, integrated by a mixture of linguistic features, capable of automa-
tically recognising humour. On the basis of this objective, we carried out three different
experiments whose results suggest interesting findings. The results about PPL establish
that, although the amount of OLs is smaller, they have a structure less predictable and
more ambiguous than non humorous sentences. This means that, given two different
schemas of distribution, OLs are the structures which have a broader range of combi-
nations and, therefore, the ambiguity tends to be higher.
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The results of the POS tagging experiment showed how, regardless of the relation
1 to 3 between the positive and negative examples, the words of OLs seem to have
higher probability to play different morphosyntactic functions. Considering the results
of the balanced experiment reported in Table 4, we may realize that this dispersion in
the tags assignment (that we assume as ambiguity) is greater when a tag was assigned
to a positive word than when it was assigned to a negative one. On the basis of this
behaviour, we may infer that, given an isolated word wi, the probability to be assigned
to various categories can break a logical meaning producing ambiguity and, therefore,
humorous effects.

According to [2] about how the information available in the syntactic structure im-
pacts on the ambiguity, we carried out the third experiment trying to verify how the SC
measure could contribute to discriminate humorous from non humorous sentences. The
results suggest that OLs are syntactically more complex than the negative examples. We
infer that this complexity represents a sign about how OLs produce their humorous ef-
fect: if SC is greater in humorous sentences, it means that OLs are more ambiguous from
a syntactic viewpoint and, therefore, more prone to produce a humorous interpretation.

6 Conclusions and Further Work

In this paper we investigated what kind of features could be useful for characterizing
the humour of a corpus of OLs. We have employed three different criteria (PPL, POS
tags and SC) for analysing a very important source of humour: ambiguity. The results
obtained confirmed some of our initial assumptions about the usefulness of this kind
of information for characterizing humorous data, especially, with respect to measures
such as PPL and SC. Although the Emoticorpus is too small to draw final conclusions,
we believe that the obtained findings are interesting because some of them support the
results obtained with the English corpus of OLs employed in the research of [8], [9]
and [10]. On the other hand, we must also highlight that these results represent a first
approach that attemps to take into account the information that the speakers profile in
their non-specialized texts to express different emotions or moods (such as humour)
in order to analyse, from another angle, tasks such as information filtering, sentiment
analysis or opinion mining. Finally, as further work, we aim at investigating the impact
of semantic ambiguity employing the Italian MultiWordNet ontology [1] in order to
obtain a set of fine-grained features that may be used not only for having a more robust
AHR model but for describing the language in such a way that the scope of results may
impact other kinds of NLP tasks beyond AHR.
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