A Learning Scheme Based on Similarity Functions
for Affective Common-Sense Reasoning
Federica Bisio, Paolo Gastaldo
and Rodolfo Zunino
DITEN - University of Genoa
16145 Genova, Italy
Email: federica.bisio@edu.unige.it
paolo.gastaldo@unige.it rodolfo.zunino@unige.it

Abstract—This paper explores the theory of learning with
similarity functions in the context of common-sense reasoning and
natural language processing. Based on this theory, the proposed
approach (called Sim-Predictor) is characterized by the process
of remapping the input space into a new space which is able to
convey the similarity between the input pattern and a number
of landmarks, i.e., a subset of patterns randomly extracted from
the training set. The new learning scheme exhibits the interesting
property of relating the dimensionality of the remapped space
to the learning abilities of the eventual predictor in a formal
fashion. The evaluation phase shows that Sim-Predictor compares
positively with ELM and SVM, when addressing the problem of
polarity detection in the sentic computing framework, a novel
approach to big social data analysis based on the interpretation
of the cognitive and affective information associated with natural
language (affective common-sense reasoning).

I.

I NTRODUCTION

The theoretical framework discussed in [1] proved that
similarity-based classifiers can achieve effective generalization
performances even if one adopts similarity functions that do
not strictly fit the assumptions imposed by (today’s popular)
kernel functions. As a major consequence, one is no longer tied
to functions that 1) span high-dimensional spaces implicitly,
and 2) rely on positive semi-definite matrixes. In practice,
Balcan and Blum [1] have showed that similarity functions
can support a two-stage learning algorithm. During the first
stage an explicit mapping of data is performed: a subset of
patterns (landmarks) is randomly extracted from the available
dataset, and training samples are all remapped depending on
the similarity of each sample to those landmarks. In the second
stage, a conventional learning algorithm sets a linear classifier
in the remapped space.
The present paper shows that the emerging field of big
social data analysis [2]–[8] can take advantage of inductive
learning systems based on the theoretical framework presented
in [1]. In this regard, the major advantage is the possibility
of designing custom similarity functions that may not satisfy
the standard notion of kernel. In fact, the selection of the
most suitable similarity function plays a fundamental role
when addressing the development of the eventual predictor.
This issue therefore leads to the design of specific similarity
functions which may be the most suitable for the problem
under analysis.
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The present research fits within sentic computing [9] and
aims at exploiting machine learning techniques to develop a
cognitive model that can effectively support emotion recognition in natural language text. In sentic computing, whose
term derives from the Latin sentire (root of words such as
sentiment and sentience) and sensus (common-sense), the
analysis of natural language is based on linguistic patterns and
common-sense reasoning tools, which enable the analysis of
text not only at document-, page- or paragraph-level, but also
at sentence-, clause-, and concept-level.
In particular, sentic computing involves the use of AI and
Semantic Web techniques, for knowledge representation and
inference; mathematics, for carrying out tasks such as graph
mining and multi-dimensionality reduction; linguistics, for
discourse analysis and pragmatics; psychology, for cognitive
and affective modeling; sociology, for understanding social
network dynamics and social influence; finally ethics, for
understanding related issues about the nature of mind and the
creation of emotional machines. This framework has obtained
increasing importance in recent years for interpretation of the
growing amount of unstructured information on the Web, represented by opinions of the general public about social events,
political movements, company strategies, marketing campaigns
and product preferences. Sentic computing applications span
many different domains including multimodal analysis [10],
e-health [11], text recognition [12], and intelligence [13].
The peculiarity of sentic computing lies in the fact that, unlike standard statistical approaches to big social data analysis,
it leverages on the emulation of affective common-sense reasoning [14], i.e., the intrinsically-human capacity to interpret
the cognitive and affective information associated with natural
language. In this regard, the issue addressed in this paper is
the design of an architecture which is able to classify any
concept according to its polarity, positive or negative, in the
[15]. Therefore, in this work the theory of similarity functions
is adopted as a powerful tool to tackle this challenging task
by exploiting inductive learning methodologies.
The paper is organized as follows: Section 2 reviews the
theory of learning with similarity functions and the AffectiveSpace model; Section 3 illustrates the proposed learning
scheme based on similarity functions (Sim-Predictor); Section
4 presents the experimental evaluation; finally, some concluding remarks are proposed in Section 5.

II.

BACKGROUND

A. Theory of Learning with Similarity Functions
A similarity-based classifier predicts the class of a test pattern by exploiting 1) the similarities between the pattern and a
set of labeled training samples, and 2) the pairwise similarities
between the training samples. Kernel-based learning machines
can therefore be included in the family of such classifiers; in
this case, the notion of similarity is expressed by adopting
positive-semidefinite, symmetric kernel functions.
Balcan and Blum [1] indeed proved that similarity-based
classifiers can guarantee tight generalization bounds even if
one adopts similarity functions that do not strictly fit the
assumptions imposed by kernel functions. The theoretical
framework [1] is based on the following definition of good
similarity function (in the following, l(x) denotes the label of
pattern x).
Definition : A similarity function K is an (, γ)-good
similarity function for a learning problem L if there exists a
bounded weighting function ω over X(ω(x0 ) ∈ [0, 1] for all
x0 ∈ X) such that at least a 1- probability subset of examples
satisfy
Ex0 ∼L [ω(x0 )K(x, x0 )|l(x) = l(x0 )] ≥
Ex0 ∼L [ω(x0 )K(x, x0 )|l(x) 6= l(x0 )] + γ

(1)

Accordingly, K is a (, γ)-good similarity function if the
similarity criterion implemented by K allows one to find a set
of (1−)Q training patterns that are, on average, ’more similar’
to random samples of the same class than to random samples
of the opposite class. The quantity 2γ set the actual margin
between the two classes. An (, γ)-good similarity function
is actually a strict generalization of the notion of good kernel.
Such similarity functions need not subsume valid semi-positive
definite kernels to support the learning procedure suggested in
[1]. The eventual learning procedure of the similarity-based
classifier is outlined in Fig. 1. The procedure is composed by
three steps:
•

A set of 2d landmarks is generated by random extraction of as many samples from the training set; the 2d
landmarks should include d samples for each class.

•

The original samples x ∈ RZ are re-mapped into
a new feature space R2d . For a given pattern, x,
the remapping requires one to compute the similarity
between the pattern itself and each landmark.

•

A linear predictor is trained in the new feature space.

The learning abilities of this procedure have been formally
analyzed in [1]: if K is a (, γ)-good similarity function and
d = (4/γ)2 ln(2/δ), then with probability at least 1 − δ there
exists a low-error (≤  + δ) large-margin (≤ γ/4) separator in
the new feature space.
The mapping scheme implemented by ρ(x) relies on randomness to draw, from the available dataset T , a subset of
samples to be used as landmarks. This highlights the fruitful
properties of (, γ)-good similarity functions: in the case
of ρ(x), landmarks are provided by valid samples of the
(unknown) domain distribution, p(X, Y ).

Fig. 1. The learning scheme that exploits the theory of learning with (,
γ)-good similarity function

The set of admissible similarity functions includes any
pairwise function K : X × X → [−1, 1], where X is the input
space. Thus, for example, the well-known Radial Basis Function (RBF) may be used as similarity function. In this case,
each element in the mapping layer ρ(x) may be interpreted as
the similarity between the input x and a centroid represented
by a landmark. In general, the set of admissible similarity
functions also includes functions that are characterized by a
parameterization (e.g., σ for the RBF). This in turn implies
2
that, for example, the pair K1 = exp(−0.1 kx − ck ) and
2
K2 = exp(−0.3 kx − ck ) actually includes different similarity functions. Indeed, in [1] it is proved that the learning
abilities of the predictor remain unchanged even when some
convex combination of F similarity functions {K1 , , KF }
satisfy the definition of an (, γ)-good similarity function. In
this case, a new mapping scheme ρ∗ (x): X → R2F d replaces
the original mapping scheme ρ(x):
+
ρ∗ (x) = {K1 (x, x+
1 ), ..., KF (x, x1 ), ...,
+
K1 (x, x+
d ), ..., KF (x, xd ),
−
−
K1 (x, x1 ), ..., KF (x, x1 ), ...,
−
K1 (x, x−
d ), ..., KF (x, xd )}

(2)

where S + = {x+
m ; m = 1, ..., d} are the positive examples
and S − = {x−
n ; n = 1, ..., d} are the negative examples. This
aspect becomes relevant when considering that the learning
procedure outlined in Fig. 1 requires one to define both
the similarity function(s) to be adopted, and the associated
parameter(s) settings. Moreover, the quantity F has a direct
impact on the overall complexity of the eventual learning
machine, as the resulting mapping space is 2F d-dimensional.
B. The AffectiveSpace model
AffectNet is a semantic network in which common-sense
concepts (e.g., ‘read book’, ‘payment’, ‘play music’) are linked
to a hierarchy of affective domain labels (e.g., ‘joy’, ‘amazement’, ‘fear’, ‘admiration’). AffectiveSpace [15] is the vector
space representation of such a semantic network and enables
affective analogical reasoning on natural language concepts.
Therefore, in AffectiveSpace, concepts conveying similar semantic and affective information, e.g., ‘enjoy conversation’ and
‘chat with friends’, tend to fall near each other in the multidimensional space.

Fig. 2.

A representation of AffectiveSpace: positive concepts (in the bottom-left corner) and negative concepts (in the up-right corner)

Both AffectNet and AffectiveSpace are publicly available
at http://sentic.net. AffectiveSpace has been obtained applying
principal component analysis (PCA) on the matrix representation of AffectNet. Due to computational cost issues, truncated
singular value decomposition (TSVD) has been preferred to
other dimensionality reduction techniques. TSVD uses an
orthogonal transformation to convert the set of common-sense
features associated with each concept into a set of uncorrelated
variables (the principal components of the SVD).
Indicating AffectNet as A, a low-rank approximation of it
T
is obtained: Ã = UM ΣM VM
. This approximation is based
on minimizing the Frobenius norm of the difference between
A and Ã, under the constraint rank(Ã) = M ; according
to the Eckart-Young theorem [16], this represents the best
approximation of A in the least-square sense:

min
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Ã|rank(Ã)=M

=
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Ã|rank(Ã)=M
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(4)
In fact, in the Frobenius norm sense the minimum is
obtained when σi = si (i = 1, ..., M ) and the corresponding
singular vectors are the same as those of A. Thus, if only
the first M principal components are kept, common-sense
concepts are represented by vectors of M coordinates.
As already said, concepts with the same affective orientation are likely to have similar features; i.e., concepts
conveying the same emotion tend to fall near each other in
AffectiveSpace. Concept similarity does not depend on their
absolute positions in the vector space, but rather on the angle
they make with the origin, as it can be seen in Fig. 2.
The number of singular values M , which indicates the

Fig. 4.

The proposed Sim-Predictor learning scheme

where P is the pleasantness, At the attention, S the sensitivity, Ap the aptitude, ci an input concept, N the total number
of concepts, and 3 the normalization factor (as the Hourglass
dimensions are defined as float ∈ [-1,+1]).

Fig. 3. The 3D model of the Hourglass of Emotions. Since affective states
go from strongly positive to null to strongly negative, the model assumes a
hourglass shape.

dimensionality of the AffectiveSpace, represents the trade-off
between efficiency and precision: the bigger is M , the more
precisely AffectiveSpace represents AffectNet’s knowledge,
but generating the vector space is slower, while the smaller
is M , the more efficiently AffectiveSpace can be obtained.
AffectiveSpace2, is another vector space representation of
AffectNet, employing random projections instead of PCA [17].
To reason on the disposition of concepts in AffectiveSpace, the
Hourglass of Emotions [9] is used (Fig. 3). In the model, affective states are represented by four concomitant but independent
dimensions (Pleasantness, Attention, Sensitivity and Aptitude),
each one characterized by six levels of activation, which
determine the intensity of the expressed/perceived emotion.
Such levels represent a set of 24 basic emotions (six
for each affective dimension). Therefore, a four-dimensional
vector can potentially synthesize the level of activation of each
affective dimension of a concept. Beyond emotion detection,
the Hourglass model is also used for polarity detection tasks.
Polarity is defined in terms of the four affective dimensions,
according to the formula:
p=

N
X
P (ci ) + |At(ci )| − |S(ci )| + Ap(ci )
i=1

3N

(5)

In the equation, Attention is taken as absolute value since
both its positive and negative intensity values correspond to
positive polarity values (e.g., ‘surprise’ is negative in the sense
of lack of Attention, but positive from a polarity point of view).
Similarly, Sensitivity is taken as negative absolute value since
both its positive and negative intensity values correspond to
negative polarity values (e.g., ‘anger’ is positive in the sense
of level of activation of Sensitivity, but negative in terms of
polarity).
III.

R EGULARIZED L EARNING WITH S IMILARITY
F UNCTIONS

The present research takes advantage of the theoretical
outcomes provided in [1] to propose a prediction system that
implements the learning scheme outlined in Fig. 1. We call our
framework Sim-Predictor. The proposed classification system
completes Step 3 (Learning) by solving a regularized least
squares problem in a linear space. This in turn means that the
eventual learning machine belongs to the class of regularized
learning methods. Therefore, a positive parameter, λ, rules the
tradeoff between the empirical risk (loss function), Remp [f ],
of the decision functions f and a regularizing term. The cost
to be minimized can be expressed as:
Rref [f ] = Remp [f ] + Ψ[f ]

(6)

where the regularization operator, Ψ[f ], quantifies the complexity of the class of functions from which f is drawn.
Fig. 4 outlines the eventual learning procedure, which
receives as input the training set T , the value to be assigned to
λ, and two quantities that characterize the mapping stage: the
number of landmarks (per class) to be used and the similarity
function to be adopted.

Actually, when the similarity function involves a parameterization (e.g., sigma in the RBF) the algorithm should receive
as input also the value(s) to be assigned to the parameter; as
a result, the mapping scheme is implemented as per (2). The
mapping stage relies on a convex combination of F similarity
functions {K1 , ..., KF }. In fact, the F similarity functions
correspond to as many different parameterizations of the single
parameterized similarity K(xi , xj , P ). The mapping stage is
explained in Fig 5.
The learning stage addresses a regularized least squares
problem on the transformed space. Thus, the minimization
problem to be tackled can be formalized as follows:
min(ky − Hwk2 + λkwk2 )
w

(7)

The vector of weights w is then obtained as follows:
w = (HT H + λI)−1 HT y
IV.

(8)

E XPERIMENTAL EVALUATION

A. Dataset description
The proposed framework was tested on a benchmark of
6813 common-sense concepts. Each concept is represented
according to the AffectiveSpace model discussed in II.B, with
dimension M equal to 100.
The publicly available Sentic API (on http://sentic.net/api)
was used to obtain for each concept the level of activation for
each affective dimension. According to the Hourglass model
presented in II.B, the Sentic API expresses the levels of
activation as an analog number in the range [−1, 1], which
are eventually mapped into the associated polarity according
to equation (5). This polarity value, either positive or negative,
eventually represents the label associated with each concept.
B. Experimental results
The previously described dataset was split in two parts: the
first, composed by 4000 concepts, formed the training set, the
second, composed by 2813 concepts, formed the test set. In
order to provide a fair evaluation of the proposed approach, we
compare our Sim-Predictor with two state-of-the-art machines:
Support Vector Machines (SVMs) [18] and Extreme Learning
Machines (ELMs) [19], [20].
We employed an RBF and cosine similarity functions for
the Sim-Predictor, an RBF kernel for SVM and a sigmoid
activation function for ELM. The RBF similarity is defined by
the following expression:
K(x, c) = e

For the SVM, σ was selected from the following range:
[10−3 , 10−2 , 10−1 , 100 , 101 , 102 , 103 ]. For all the machines we
considered the range [10−3 , 10−2 , 10−1 , 100 , 101 , 102 , 103 ] for
the choice of the regularization parameter λ.
From the cross-validation procedure [21], [22], we obtained
σ = 1 and λ = 0.1 for SVM, and λ = 1 for the Sim-Predictor
and ELM. Besides, for the Sim-Predictor machine, d = 250
and F = 3 were selected as the parameters that allow the best
performance; for the RBF similarity, the following parameters
for each σ of the similarity functions were chosen: [1, 10, 100].
The dimension of the remapped space in the Sim-Predictor
is equal to 2F d, which in our case corresponds to 1500;
then we employed an equal number of hidden neurons to
ELM, in order to consider a fair comparison between the two
approaches, since also ELM exploits a remapping of the input
space into another one.
Table I shows a comparison of the classification errors of
each machine.
TABLE I.
SVM
15.82%

E RROR PERCENTAGES OF S IM -P REDICTOR , SVM AND ELM
ELM
22.43%

Sim-Predictor (RBF)
14.93%

(9)

Sim-Predictor (COS)
15.61%

The results indeed confirm the effectiveness of the proposed approach. In fact, the use of the Sim-Predictor with
both similarity functions improves over ELM and the RBF
Sim-Predictor achieves better performances compared to the
corresponding SVM with RBF kernel.
In order to better understand the performances of the
proposed method, precision (P), recall (R) and F-measure
(F) are reported in table II. These evaluation parameters are
defined as follows:
tp
(11)
P =
tp + fp
tp
tp + fn

(12)

2∗P ∗R
P +R

(13)

R=

F =

2

kx − ck
2σ 2

Therefore, this idea can be exploited in order to measure the similarity between each pattern, which represents
a concept, and each landmark. A standard cross-validation
procedure was employed in order to set the parameters of
the machines. For the Sim-Predictor, we considered the range
[50, 100, 150, 200, 250, 300, 350, 400, 450, 500] for the choice
of d, and the range [1, 2, 3, 4, 5] for the choice of F .

(10)

where tp (true positives) defines the number of correctly
classified instances of the positive class; fp (false positives)
defines the number of misclassified instances of the positive
class; fn (false negatives) defines the number of misclassified
instances of the negative class.

The reason for choosing a cosine similarity function can
be found in the wide use of the cosine distance in text mining
and opinion mining literature.

These results further confirm the effectiveness of the SimPredictor algorithm. In fact, both the Sim-Predictors are able to
achieve the highest F-measures compared to SVM and ELM,
obtaining high precision values and good recall values.

where c represents the vector of the landmarks.
The cosine similarity is defined as follows:
K(x, c) = p

x ∗ c0
(x ∗ x0 )(c ∗ c0 )

Fig. 5.

Mapping approach of the Sim-Predictor learning scheme

TABLE II.

Precision
Recall
F-measure

P RECISION , R ECALL AND F- MEASURE OF S IM -P REDICTOR ,
SVM AND ELM
SVM

ELM

0.91
0.82
0.86

0.86
0.76
0.81

Sim-Predictor
(RBF)
0.91
0.84
0.87

Sim-Predictor
(COS)
0.91
0.84
0.87

[6]

[7]

[8]

V.

C ONCLUSION
[9]

This research showed that the theory of learning with
similarity functions can provide the basis for the development
of a novel learning scheme in the context of common-sense
reasoning and big social data analysis. The new approach
is characterized by the strategy adopted in the process of
remapping the input space into a new space in which the
learning takes place: the remapped space conveys the similarity
between the input pattern and a number of landmarks, i.e., a
subset of patterns randomly extracted from the training set. The
present work provides an interesting outcome: when addressing
the problem of polarity detection in sentic computing, SimPredictor compares positively with both ELM and SVM.
Therefore, the proposed learning scheme may represent
a starting point for additional investigations. In particular,
two future activities can stem from this research work. The
first activity addresses the extension of the Sim-Predictor to
regression problems. The second activity aims at developing
further analysis on the ability of the proposed learning scheme
to deal with semi-supervised learning.
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