
lyrics
michael kai petersen, morten mørup & lars kai hansen

decomposition of

sparse but emotional                                      



texts
music                           

processed in language areas

                           
verbal expressions are embodied
reading the word smile triggers the same motor resonances as an image of the facial expression, Feroni & Semin, Psychological Review, 2009

and competing for shared neural resources when processing syntax and semantics, Koelsch, Current Opinion in Neurobiology, 2005 



sense
feel                           

top down affective labels
Damasio “The feeling of what happens: body, emotion and the making of consciousness” 1999

distinct neural correlates of valence and arousal 
Posner, Russel et al. “The neurophysiological bases of emotion” Human Brain Mapping, 2009

                           
conscious perception workspace model

                           
comprehension - a paradigm for cognition

defined by strength of bottom-up activation and amount of top-down attention, Dehaene 2001 

word co-occurrences transformed into semantic relations constrained by memory, Kintsch, Cambridge University Press, 1998
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Figure 4.14: “The Scientist” (Coldplay) emotions over time - last.fm top
emotional tags: ‘mellow, cool, sad, melancholy’ - LSA top 4 summed values:
happy, ‘sad, angry, mellow’ - LSA tags/lyrics similarity: ‘sad 0.42 romantic
0.42 mellow 0.38 melancholy 0.19
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Figure 4.15: “Iris” (Goo Goo Dolls) emotions over time - last.fm top emotional
tags: ‘mellow, cool, sad, melancholy’ - LSA top 4 summed values: ‘angry, funny,
sad, happy’ - LSA tags/lyrics similarity: romantic -0.08 melancholic -0.26 sad
-0.33 cool -0.39

song (Fig.4.15. When aiming to automatically extract the underlying emotions
of the lyrics, this becomes a challenge as neither the top four emotions of ‘angry,
funny, sad’ and ‘happy’, nor the average LSA correlation with the individual tags
resulting in negatively correlated values seem able to su! ciently capture the
content within a single bag of emotions. Compared to the previously analyzed
lyrics, the peaks consisting of simultaneously triggered elements of positive and
negative valence are here more biased towards ‘sad’, which is also reflected in
the summed LSA values of ‘sad’ being larger than ‘happy’. These emotions are
concentrated into only a few peaks, whereas the ‘angry’ and ‘funny’ components
in rows 2 and 8 correspond to a contrasting structure constituting the last two
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Figure 4.11: “Rehab” (Amy Winehouse) emotions over time - last.fm top emo-
tional tags: ‘mellow, sexy, cool, happy’, LSA top 4 summed values: ‘funny,
angry, cool, aggressive’ - LSA emotions/lyrics similarity: ‘fun(ny) 0.87 cool
0.29 sexy 0.19 mellow’ 0.04
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Figure 4.12: ‘“My immortal” (Evanescence) emotions over time - last.fm top
emotional tags: ‘mellow, sad, melancholy, romantic’ - LSA top 4 summed
values: ‘soft, sad, melancholy, happy’ - LSA tags/lyrics similarity: ‘sad 0.90
melancholy 0.78 soft 0.75 romantic 0.40

values against the vectors of the twelve a! ective adjectives and sorting them
based on their cosine similarity, the lyrics appear predominantly ‘funny’ and to
a lesser degree incorporating feelings of ‘cool, sexy’ and ‘mellow’. Meaning that
the matrix of “Rehab” reflects largely aspects of positive valence.

Almost the reverse distribution of emotions is triggered by the lyrics of “My
immortal” (Fig.4.12), where the three bottom rows of the matrix are saturated
reflecting mostly ‘dark’ as well as ‘melancholy’ and ‘sad’ components. These
aspects are coupled with ‘soft’ components in row 5, while the upper rows of
the matrix now remain largely negatively correlated. Summing the LSA values
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Figure 1.2: Dimensionality reduction of a word-document co-occurrence matrix
based on the principal components containing the highest amount of variance
in LSA spatial model (top), or alternatively by representing words associated
with documents as a probability distribution over a reduced number of topics in
a generative model conditioned by the semantic context (bottom) - illustration
after [Griffiths et al., 2007]

in the generative model words associated with documents are represented as
a probability distribution over a reduced number of topics conditioned by the
semantic context. Whether we model semantic context in a vector space or as a
probability distribution, the underlying structure might be thought of as a graph
connecting nodes through edges that make up a network. Graphs that reßect
patterns found in real life, like the synapses that connect populations of neu-
rons in the brain, the organization of links in a power grid, or semantic relations
between words and their meanings found in a thesaurus, are very different from
random generated graphs. Real life graphs representing semantic networks em-
body a number of Ôsmall-worldÕ aspects of connectivity, where nodes tend to form
more clustered neighborhoods connected through edges of shorter path-lengths,
than would be the result of structures formed in random generated process. This
organization of semantic neighborhoods can be expressed as a probability that
deÞnes how many of a nodeiÕs neighbors are connected to each other, formu-
lated as a clustering coefficient [Steyvers and Tenenbaum, 2005]. Thek number
of in- or out-going connections is also used to deÞne aP(k) degree distribution



matrix define the loadings of the twelve dimensional emotional vectors. The un-
derlying matrix of terms and documents providing the foundation for LSA is
based on a text corpus mixture of both fiction and non-fiction, consisting of
22829 terms found in 67380 contexts. These documents in turn consist of 500
word segments, made from 22072 literature and poetry samples of the Harvard
Classics, 15340 segments of Wikipedia music articles, and 29968 general news
items from the Reuters Corpus gathered over the period 1996-1997. Although
there is no straight forward mathematical foundation for determining the opti-
mal number of principal components to be retained when reducing the original
term document matrix, other studies have demonstrated that LSA can attain
an understanding of word meanings comparable to the results achieved by non-
native english speakers taking a TOEFL ‘test of english as a foreign language’
[6]. An approach previously applied has therefore been to submit the LSA text
corpus to a TOEFL synonymy test in order to compare the term vector distances
between similar words in the vector space, while varying the number of dimen-
sions until an optimal percentage of correct answers are returned. For our LSA
configuration the best fit corresponding to 71,25% correctly identified synonyms
is realized when reducing the matrix to 125 factors, providing a result above the
64.5 % average achieved by non-native college applicants, as well as the 64.5 %
correct answers previously reported for LSA spaces [6].

Having previously established a measure of ground-truth, by comparing LSA
emotional topics derived from 24798 lyrics against user-defined tags describing
the corresponding songs at last.fm and finding correlations between ‘happy-sad’
emotions, as well as aspects defining ‘soft, cool’ and ‘dark’ textures [22-23],
we in this article go beyond the initial second-order analysis. And subsequently
apply a three-way factor analysis using a Tucker model [24], to derive similarities
in emotional patterns over time in 50.274 lyrics selected from LyricWiki . To
enable a comparison of the lyrics independent of their length the LSA matrices
are resampled to a fixed length of 32 time points, corresponding to the average
number of lines in the analyzed songs. Decomposing the selection of second-order
LSA derived emotions over time matrices into a three dimensional tensor:

xijk ≈ G ×A×B×C =
LMN!

lmn

glmnailbjmckn (1)
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Automatic relevance determination for
multi-waymodels
MortenMørupa* and Lars Kai Hansena

Estimating the adequate number of components is an important yet difficult problem in multi-way modeling. We
demonstrate how a Bayesian framework for model selection based on automatic relevance determination (ARD) can
be adapted to the Tucker and CandeComp/PARAFAC (CP) models. By assigning priors for the model parameters and
learning the hyperparameters of these priors the method is able to turn off excess components and simplify the core
structure at a computational cost of fitting the conventional Tucker/CPmodel. To investigate the impact of the choice
of priors we based the ARD on both Laplace and Gaussian priors corresponding to regularization by the sparsity
promoting l1-norm and the conventional l2-norm, respectively. While the form of the priors had limited effect on the
results obtained the ARD approach turned out to form a useful, simple, and efficient tool for selecting the adequate
number of components of data within the Tucker and CP structure. For the Tucker and CP model the approach
performs better than heuristics such as the Bayesian information criterion (BIC), Akaikes information criterion (AIC),
DIFFIT and the numerical convex hull (NumConvHull) while operating only at the cost of estimating an ordinary
CP/Tucker model. For the CP model the ARD approach performs almost as well as the core consistency diagnostic
(CorConDiag). Thus, the ARD framework is a simple yet efficient tool for the estimation of the adequate number of
components in multi-way models. A Matlab implementation of the proposed algorithm is available for download at
www.erpwavelab.org. Copyright © 2009 JohnWiley & Sons, Ltd.

KEYWORDS: automatic relevance determination; Tucker; CandeComp/PARAFAC; model order estimation

1. INTRODUCTION

Tensor decompositions are in frequent use today in a variety
of fields including psychometrics [1], chemometrics [2,3],
image analysis [4], web data mining [5], bio-informatics [6],
neuroimaging [7,8], and signal processing [9]. Tensors, i.e.
X ! CI1" I2" ááá" IN , also called multi-way arrays, multidimensional
matrices or hypermatrices are generalizations of vectors (first
order tensors) and matrices (second order tensors). The two
most commonly used decompositions of tensors are the Tucker
model [10] and the more restricted canonical decomposition
(CandeComp) and Parallel Factor Analysis (PARAFAC) model
proposed independently by References [11,12]. We will presently
denote the CandeComp/PARAFAC model CP.

The Tucker model reads

X i1,i2,...,iN # R i1,i2,...,iN =
∑

j1 j2ááájN

Gj1,j2,...,jNA
(1)
i1,j1
A(2)

i2,j2
á. . . áA(N)

iN ,jN

where G! CJ1" J2" ááá" JN and A(n) ! CIn" Jn . To indicate how many
vectors pertain to each modality it is customary also to denote the
model a Tucker (J1, J2, . . . , JN). Using the n-mode tensor product
" n [13] given by

(Q " n P)i1,i2,...,jn,...iN =
∑

in

Qi1,i2,...,in,...iNPjn,in

the model is stated as

X # R = G" 1 A(1) " 2 A(2) " 3 á á á" N A(N)

The Tucker model represents the data spanning the nth modality
by the vectors (loadings) given by the Jn columns of A(n) such
that the vectors of each modality interact with the vectors of
all remaining modalities with strengths given by a so-called
core tensor G. As a result, the Tucker model encompasses all
possible linear interactions between vectors pertaining to the
various modalities of the data. The CP model is a special case of
the Tucker model where the size of each modality of the core
array G is the same, i.e. J1 = J2 = á á á =JN while interaction is
only between columns of same indices such that the only non-
zero elements are found along the diagonal of the core, i.e.
Gj1,j2,...,jN $= 0 iff j1 = j2 = á á á =jN . Thus, the CP model can be
expressed as a Tucker model with diagonal core. In particular,
by appropriate scaling of each component the CP model can be
expressed as a Tucker model with unit diagonal core, i.e. GCP = I .
The Tucker model can in turn be expressed as the CP model by
duplicating components of different indices to form additional CP
components [14]. Notice, in the Tucker model a rotation of a given
loading matrix A(n) can be compensated by a counter rotation of
the core G, i.e. G" n A(n) = (G" n P%1) " n (A(n)P). For the CP model
it is not possible in general to rotate the loadings and still keep
the core diagonal. Thus, the CP model is in general unique up to
scale and permutation [15].

* Correspondence to: M. Mørup, DTU Informatics, Intelligent Signal Processing,
Richard Petersens Plads, Bld. 321 2800 Kgs. Lyngby, Denmark.
E-mail: mm@imm.dtu.dk

a M.Mørup, L. K. Hansen
DTU Informatics, Intelligent Signal Processing, Richard Petersens Plads, Bld. 321
2800 Kgs. Lyngby, Denmark

J. Chemometrics 2009; 23: 352–363 Copyright © 2009 John Wiley & Sons, Ltd.
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determines the decomposition with the highest logarithmic probability value

                           
define relevant features

optimal trade-off between fitting the data and the model complexity
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Fig. 1. Time-series components representing the variability of emotional
load in lyrics derived from a Tucker 3-way tensor decomposition of emotions over
time matrices compared across 50.000 songs, using a sparse hierarchical Bayesian ARD
automatic relevance determination approach to prune excess components and identify
the most significant interactions among components from the three modes. The most
saturated light gradients in the core arrays indicate which of the vertically plotted emo-
tional topics are most strongly correlated with the dramatic curvatures for time-series
components 1 and 2, highlighted in blue and green respectively, and interacting with
the five clusters of song groups mapped horizontally.
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Fig. 2. First core array emotion topics constituted by mixtures of affective adjec-
tives, where the groups 2 (‘soft’), 4 (‘dark’) and 6 (‘happy-sad’) are most significantly
correlated with the first time series component corresponding to the dramatic curvature
highlighted in blue (Fig.??).
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Fig. 3. Second core array emotion topics constituted by the mixtures of a! ec-
tive adjectives, where the groups 2 (‘soft’), 3 and 4 (‘dark’), 6 (‘happy-sad’), 7 (‘sexy,
romantic, soft, cool, melancholy’) and 8 (‘funny-angry’) are most significantly corre-
lated with the second time series component corresponding to the dramatic curvature
highlighted in green (Fig.??).

related with the Þrst time-series component and most signiÞcantly found to be
represented within the Þrst group of songs. Whereas in the second group of songs
the fourth (ÔdarkÕ) and to a lesser degree the not outlined eighth (Ôfunny-angryÕ)
group of emotional topics are interacting with the Þrst time-series component
(Fig.??).

In the second core array, associated with the green time-series curvature
(Fig.??), the seventh emotional topic (Ôsexy, romantic, soft, cool, melancholyÕ)
comes out as the mixture of affective adjectives most strongly interacting with
the second time-series component. The other less strongly saturated emotional
topics are a combination of the second (ÔsoftÕ), third and fourth (ÔdarkÕ) plus
the eighth (Ôfunny-angryÕ) components. The eighth topic also appears in the
Þrst core array while here it interacts with the second time-series component
represented in the third group of songs. And similarly the previously encountered
sixth (Ôhappy-sadÕ) juxtaposition of emotions are here found to be represented
within the second cluster of songs (Fig.??).

Looking into samples of tracks maximally reßecting the load of emotional
topics deÞning the Þrst group of songs (Fig.??), here taking the Bon Jovi song
ÒNot fade awayÓ as an example, the sixth emotional component can clearly be
made out (Fig.??). Correlated with the Þrst time-series component this emo-
tional topic is characterized by ÔhappyÕ activations that appear synchronized
with ÔsadÕ aspects sustained throughout the song in row 1 and 12 of the ma-
trix, and culminating with an activation of Ôsoft-darkÕ textures at the very end.
Also in The MissionÕs rendering of ÒLoveÓ (Fig.??), the lyrics strongly trigger
the simultaneous juxtaposition of Ôhappy-sadÕ contrasts, coupled with additional
Ôromantic-softÕ components while being devoid of any ÔangryÕ aspects.

Taking two of the top tracks most representative of the second group of
songs as examples, NirvanaÕs ÒLove BuzzÓ and the Therapy? song ÒStay HappyÓ
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Fig. 4. Samples from the Þrst group of songs, exempliÞed by the lyrics of the Bon
JoviÕs ÒNot fade awayÓ (left), and The MissionÕs rendering ofÔ ÒLoveÓ (right).
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Fig. 5. Samples from the second group of songs, exempliÞed by the lyrics of NirvanaÕs
ÒLove BuzzÓ (left), and the Therapy? song ÒStay HappyÓ (right).
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Fig. 6. Samples from the third group of songs, exempliÞed by the lyrics in The Sex
PistolsÕ rendering of ÒNo FunÓ (left), and the Michael Jackson song ÒJamÓ (right).
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(Fig.??) both again reßect the simultaneous coupling of Ôhappy-sadÕ contrasts
as found in the sixth emotion topic when correlated with the second time-series
component. Although here appearing less sustained throughout the lyrics of
ÒLove BuzzÓ which might also reßect the less signiÞcant saturation of the sixth
emotion topic in the second core array (Fig.??). While in ÒStay HappyÓ the
Ôhappy-sadÕ contrasts are now strongly biased towards the top and most other
emotions appear deactivated in the matrix

In the third group of songs, exempliÞed by two more problematic lyrics:
the The Sex PistolsÕ version of ÒNo FunÓ and the Michael Jackson song ÒJamÓ
(Fig.??), the overall affective weighting of the matrices are strongly inßuenced
by the eighth emotional topic capturing Ôfunny-angryÕ aspects in the lyrics, cor-
related with the second time-series component (Fig.??). However in the case of
ÒNo FunÓ where the lyrics heavily trigger ÔfunnyÕ despite the song lamenting the
prospect of being alone, the lack of sequential syntactic order here highlights the
challenge of retrieving the underlying meaning using a bag of words approach
only. Whereas the frustration in the lyrics might come across more easily based
on an activation of ÔangryÕ aspects. Similarly the Michael Jackson song ÒJamÓ
could hardly be considered particularly ÔfunnyÕ despite the strong triggering of
these emotions based on the lyrics. Whereas the complementary ÔcoolÕ emotions
triggered in the matrix seem more apt at capturing the atmosphere in the song.
While also here the energetic aspects of the lyrics are much better channeled out
through the ÔangryÕ aspects.
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Fig. 7. Samples from the fourth group of songs, exemplified by the lyrics in Bo Didley’s
rendering of “Diddley Daddy” (left), and the Lou Reed song “The Blue Mask Women”
(right).

.

The fourth cluster of songs correlated with the second time-series compo-
nents is mainly representing the characteristics of the seventh emotional topic
(Fig.??), which captures more Ôromantic-softÕ aspects visible in the saturated
rows 5 and 6 in the matrix plots of Bo DidleyÕs lyrics of ÒDiddley DaddyÓ and
the Lou Reed song ÒThe Blue Mask WomenÓ (Fig.??). Even though the seventh
emotional topic stands out clearly in the core array associated with the second



time-series component (Fig.??), the lyrics in this cluster of songs also strongly
trigger the‘happy-sad’ contrasts, making this emotional topic appear more like
a complementary texture than a principal emotional component.
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Fig. 8. Samples from the fifth group of songs, exemplified by the lyrics of The Doors’

“End of the night” (left), and the Yeah Yeah Yeahs’ song “Hello Tomorrow” (right).

The characteristics of the fifth cluster of songs appears to concatenate the
interactions among the second, third and fourth emotional topics related to both
of the time-series components. Or in other words, even though these emotional
topics seem less saturated in the two core arrays (Fig.??), the combined effect
appears distinctly in the fifth group of songs, as exemplified by the lyrics of The
Doors’ “End of the night” and the Yeah Yeah Yeahs’ song “Hello Tomorrow”
(Fig.??). As in both of these examples, the lyrics most representative of this
cluster of songs are in general characterized by a strong activation of ‘soft-dark’
aspects, while any other emotions appear subdued in the matrices. Meaning,
that the emotional topics representing ‘soft-dark’ aspects seem to capture tex-
tures that can metaphorically be interpreted as feelings. And together with the
previously identified ‘happy-sad’ and ‘funny-angry’ mixtures of affective adjec-
tives these textural elements appear to constitute principal components defining
the structure of the lyrics.

Overall the significance of the affective mixtures that contrasts ‘happy’ against
‘sad’, as represented by the sixth emotional topic correlated with both the first
and second time-series components, might reflect earlier findings that roughly
half of the variance in emotional words can be captured by a ‘happy-sad’ prin-
cipal component [27]. It might also be interpreted in the way that the positive
elements of ‘happy’ which in terms of valence are contrasted against the negative
feelings of ‘sad’, here mainly constitute passive aspects of arousal. Whereas the
more energetic aspects of arousal seem rather to be represented by the emotional
mixture of ‘funny-angry’ corresponding to the eighth emotional topic correlated
with the second time-series component. So, these two pairs of contrasts might be
interpreted as representative of the two principal dimensions framing a psycho-
logical space. And together the emotional topics could be understood to capture
the dimensions of valence and arousal, and thus function as affective building



topics
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emotional load dramatic curvatures

                           
mixtures of affective components

derecreasing shape associated with happy-sad contrasts or ascending line coupled with complementary funny-angry aspects 

providing a semantic structure based on building blocks reflecting valence, arousal and somatosensory textures
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