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Abstract

The current generation of automatic speech recegnim-
corporates a lot of hard coded knowledge about $meech is
structured. Yet children seem to discover the stinec of
speech and language from examples. A new compn#itio
method to discover lexical items with little or sopervision,
based on non-negative matrix factorization (NMF) oof-
occurrence counts of low-level acoustic events rigppsed
and analyzed. It is shown how multiple informatistneams
can be integrated and in particular that multimad&rma-
tion relating to the message content facilitatesabaolary
acquisition. A method to compute a phonetic intetgtion of
the models is given.

Index Terms. unsupervised learning, keyword spotting, co-

occurrence data, non-negative matrix factorizativard ac-
quisition, pattern discovery

1. Introduction

Billions of babies around the globe have succe¢dedquire
a vocabulary of their native language. This is@pss with a
surprisingly small amount of direct supervision. $flevords
they know are not explained to them, but are lehrinem
their significance in the world they live in. Thask is even
more complicated if we observe that most of theratices we
speak to our babies or children contain more thae word
[1] and many words are never heard in isolationt, Yieey
succeed finally in segmenting spoken utterancegirls.

In this paper, we present a learning agent thatosiers
recurring acoustic patterns in speech, a probleahwas ad-
dressed in a.o. [2], [3], [4], [5] and [6]. In thigork, like in
the present work, it is not assumed that an eresfranscrip-
tion of the speech into symbols such as phonesen [etters
is available. In the DP-N-gram-approach [2], pamitches
between two strings of phonetic transcriptions gateel with
an HMM-based phone transcriber are found usingreamyc
programming algorithm allowing such that the match@an-
scriptions should be similar but not identical. Seduently,
an agglomerative clustering algorithm groups thmilar
phone strings into clusters that were then usedofsic spot-
ting. In [3], dynamic time warping at the acoudggel com-
paring MFCC vectors directly is used instead of ahig
through dynamic programming at symbolic level. Turets
that are most similar in this fault-tolerant matate retained
as acoustic patterns. In the multigram approadd]ofa sym-
bolically labeled input stream is entirely explainas a se-
qguence a finite vocabulary of multigram models efiable
length. Each of the vocabulary entries emits pasterfvari-
able length according to a statistical model. Estimatand
detection with multigrams are scrutinized and aremsion to
acoustic (non-symbolic) input using “temporal deposi-
tion” is proposed. In [5], a cognitively more pléle of early
lexical acquisition is proposed. A short-term reence filter

finds similar patterns in automatically generatelbmetic
representations. But more importantly, the modekdithe
acoustic pattern discovery with word-to-meaninguasitjon
by using multi-sensory input. The discovered stietis
intermodal, i.e. the discovered speech patterndirked to
structure in other modalities.

A common property of the approaches discussed ailsove
that models are aligned with the data and an ekgkgmen-
tation of the input patters is derived. In our aygmh, this will
not be the case. Instead, a holistic representaifofixed
dimension containing co-occurrence information wile
formed at the utterance level. This representasotmen de-
composed in additive parts, which will represet tbcurring
patterns. Because we will explain all input utteem as
closely as possible with a limited number of patiese parts
tend to contain recurrent patterns in the input. lcdsinter-
intuitive that segmentation is not a necessary atgpmore,
nor for building the pattern models, nor for recitign of the
patterns in unseen data. Yet, this is an impontaoperty of
the proposed method and we radically do away wiih t
‘beads-on-a-string’ model [7]: sub-phones are comdito
phones, which are linked together to words, andlifinto
sentences.

The core of the learning algorithm is proposed his t
work is non-negative matrix factorization (NMF) [8By
imposing non-negativity constraints, NMF allows yoalddi-
tive (not subtractive) combinations of parts, aheréby it is
distinguished from other matrix factorization teirjues such
as principal component analysis or singular valeeothposi-
tion.

Moreover, like in [5], learning will be crossmodat. our
setup, much like in the real world, this messageoisveyed
to the learning agent through other modalities thadition
(such as vision). With the multimodal informatidmetagent
can link the recurring acoustic patterns with eseint the
other modalities. In this sense, the patterns asigaed a
meaning and can therefore rightfully be called ‘dgr In this
respect, what is presented in this paper diffeisstsuntially
from what we have presented earlier [6], [9]: ekpig the
crossmodal information not only facilitates leamint also
augments the patterns with a meaning in the wdérdagent
lives in.

The remainder of this paper is organized as folicses-
tion 2 formalizes the problem that is addressedtfice 3
explains how NMF is used to achieve the goals a$amodal
learning, section 4 provides experimental resultsctv are
analyzed in section 5 and extended to a largerbudasy in
section 6. We conclude with the discussion of secti.

1 with proper initialization and constraints, thertpawill be
forced to not necessarily model the most frequemtiyurring
patterns.



2. Problem formulation

2.1. Multimodal infor mation

The ACORNS project [10] aims to build a system tleatns
a vocabulary from multimodal information, much ligechild
does. Hence, the learning agent should be ablettace a
vocabulary item like “ball” from spoken sentencegls as
“look at the ball” and “what a nice ball”. The rence to the
agent’s world of an utterance is conveyed througldatities
other than audition. In this example, a round dbjeuld be
presented through the visual channel simultaneowily the
audio. However, in order to bypass the implementaif
recognizers in modalities such as the visual ortdbgle, it is
assumed that the information of the other modalitan be
represented by an unordered collection (a setagg tirawn
from a finite tag vocabulary. The tags idealize ithgut form
other modalities and translate to the presencédserece of a
vocabulary item (a keyword) in the audio streant. the task
complexity envisaged in the ACORNS project, thespree
or absence of a tag suffices to represent the peeser ab-
sence of an object or action (transitive verbsex@uded) in
the scene. Since the focus of this paper is onattwaistic
aspects of pattern discovery, such an abstracsioroi made
for audition and hence every utterangegju= 1 ... T) is ac-
companied by a “semantic” description consistingaafet of
K; tags drawn from a set of cardinallty In the simple tasks
envisaged here, tags map to one or more words"aly. or
“look at”). Hence, the multimodal tags can be sumine in
theL x T matrixV,, with

[Vulj = 1ifthei-the tag occurs inju 1)

=0 if it does not

The task of thdearning algorithm is now to discover in
the audio which acoustic patterns relate to eactheftags.
The task of theecognitionalgorithm is to produce the correct
set of tags given an unseen utterance (withouj.tags

2.2. Auditory preprocessing

The human ear is modeled with a MEL-scale filtenkba
whose log-outputs are sampled every 10 millisecomts is
known to be a coarse, yet workable approximatiambss-
quently, spectral changes are emphasized by adidaigaind
second order time derivatives resulting in threta ddreams
calledstatic (S), velocity (V) andacceleration(A). The spec-
tral similarity metric is Euclidean distance aftepstral trans-
form of these three streams.

The input audio will be characterized by its simfjato
examples in each of these streams. Therefore, tikereed
spectral vectors of each strears = S, V or A) are clustered
into Ns centroids using the K-means algorithm. The posteri
probabilities P, of all centroidsn now characterize any
frame of audio data at frame (timen terms of its similarity
to each of the centroids. Given the Euclidean distametric
used in clustering, each centroid can be repredebjea
Gaussian with spherical covariance. The posteniobabili-
ties satisfy:

Ns
P n=1 at frame andfors=S, V or A
n=1

A special case is obtained in a vector quantizaioriwinner

takes all”) setting, where all posteriors are zexoept for the
centroid which is closest to the observation, whichssigned
the value 1.

3. Unsupervised learning

3.1. Non-negative matrix factorization (NMF)

Given a matrixV of sizeN x T or non-negative real numbers,
approximate non-negative matrix factorization reegithis
matrix as the product of factol& andH are of sizeN x R
andR x T respectively and containing non-negative real num-
bers:

V=WH @)

andR «T. The distance metric to measure the similaritthef
left hand side and the right hand side of (2) is:

DV IWH) =Y| V. log—— —v, +[WH 3

( Il )—IZJ: ij OW i [ ]ij (3)
In this paper, the iterative multiplicative updates minimiz-
ing (3) as outlined in [8] and reproduced in [6F arsed.
Multiplicative updates are easy to implement bufesurom
slow convergenceW and H are initialized randomly and
updated until the decrease in (3) drops below astiold.
Multiple random initializations are attempted arma tresult
with minimal divergence is retained. In particuffar the
minimization of the Frobenius norm of the fittingra, a
wide range of faster algorithms is described ieréiture. The
main reason for our choice is the asymmetry indilrergence
metric (3) and the property that in multiplicativpdates, a
zero matrix entry will always remain zéro

It is important to notice that in (2 andH are not

unique. For instance, scaling and permutation efablumns
of W or the rows oH lead to equivalent solutions. Therefore,
the columns oW will be normalized to sum to 1. The permu-
tation problem will not hamper the analysis below.

3.2. Directed co-occurrence

The t-th utterance is represented by a single vectda@fr
co-occurrence of acoustic events. In this papeseatacoustic
events are the input nearing a centnoidas defined in sec-
tion 2.2). Hence, “lag-co-occurrence” signifies that the input
nears a centroich at timei while nearing centroid at time
i+7. Extension to other definitions of “acoustic evesttriv-
ial. The co-occurrence is weighted with the (apprmted)
probability of the event, i.e. :

I -1
(L], = 2 PamPursn Withm, n=1 ...\
i=1

wherely is the length (in frames) of theth utterance. Notice
that this co-occurrence is directe@sf]nm#[Cslmn

Let vedC) denote the operator that stacks all columns of
C in one column vector. The data matrix of a seT aftter-
ances is now formed by

vec(CQJ) vetéC’S t)
V= vec(c\’,_1)~~~ vetéc\’,,l)m
vec(CQ,l) vetécﬂm)

! This property can also be implemented in additipelates
by considering some entries as fixed (and zero).



Notice that all entries in the@+ Ny> Na2) x T matrix V7 are
real and non-negative such that the tools of se@ia apply.
In case vector quantization (see section 2.2) ésl (&’ tends
to be sparse.

3.3. A generative model

It is important to note that (4) is additive ovane. If we
imagine that an utterance is segmented in words) eerd
will contribute additively to the corresponding eoin of (4).
Hence, if we place the co-occurrence counts ofvalids in a
separate column ddV, and if the corresponding rows bff
would contain the presence of each word in eacérarte,
one would have

Vi=WH )

For uniqueness, one can again renormalize the cdwiW
and inversely compensate the rowsHof
However, there are non-idealities:

e crossword co-occurrences of acoustic events depend

on the sequence in which the words occur
« different realizations of a word might lead to diff
ent co-occurrence counts

e co-occurrence counts are proportional to the dura-

tion of the word
Therefore, equation (5) will not hold exactly amqgpeoximate
NMF as in equation (2) is needed. Better models exen

obtained if W also contains nuisance-columns, which are

intended to model these non-idealities.

By mapping the columns o to words, the question of
the choice oR (the number of columns &) is raised since
the number of distinct words is unknown. Howevércs we
assume each tag to correspond to at least one \woml,
should at least choo$e> L.

Given the observation that a columnWifcan model dif-
ferent objects relevant to the structure of speéh, word
“part” will be used to refer to a column this matri

3.4. Learningwith NMF

In our problem, the words are unknown and NMF isdut®
separate out the words from the utterances. Thaagtion
3.3 argues that a possible decomposition of co+oecoe
count matrix in terms of parts corresponding to dgois pos-
sible, it is not the only one. Actually, decompmsit (2) ap-

proximates the datd as an additive combination of a limited

number of parts. Utterances can be seen as arsmxoé
words, but also a sequence of phones, for instasieemodel
that holds equally well. To conquer this ambiguibgn-
straints are imposed by exploiting the multimoaébimation
(tags).

Eventually, we want to recognize the presence gg ta
an utteranceW andH are therefore partitioned into

W =[W, W,] andH :{Hl}
HZ

whereW, is aN x L matrix andW, is aN x (R-L) matrix and
similarly H; hasL rows. Each column o#; will model a
single tag. Since tags correspond to one or monelsvthe
argument of additive contributions of section 3til kolds
and leads to a correct model for the co-occurratataV.

Matrix W, contains parts that are not constrained except by

non-negativity and the additive model (2): theyIdooe any-
thing from phones to multi-word expressions.

To implement the constraint 0W,, we need to express
that itsi-th column only contributes if thieth tag is associ-
ated with that utterance. Hence, we impddeg];{ to be non-
zero if tagi occurs in utterance by initializing H; to zero
whenV,, is zero. Given the properties of multiplicative-up
dates (section 3.1) the finidl will retain this sparseness struc-
ture ensuring that the NMF decomposition only aisdes tag
models inW; to the utterances containing those tags. Without
this constraint, the NMF tends to spend column$Vopref-
erably on the more frequent acoustic patterns sthieis
most important to minimize the modeling error (3).

In earlier work [6] and [9] we have applied NMF d¢s-
cover recurring acoustic patterns in speech. Tiaeeetwo
major differences. First, the input data were phtattces,
which implies that the learning agent would havst filiscov-
ered that speech is built up of phones that spaitsguditory
observation space space. In this work, we staetctlyr form
the acoustic events without phonetic knowledge.oSely,
we now deal with the multimodal information, whighim-
portant for learning by imposing constraints subht tthe
parts model targeted information. Nevertheless,observed
in [6] that the discovered patterns modeled by moisi of W
could be mapped one-to-one to words.

3.5. Joint modeling of multiple streams

By construction,V' contains co-occurrence data from the
static, velocity and acceleration streams alongditferent
rows. This idea can be extended further to include
occurrence data at different lags. One may indepéa that
the time span over which acoustic events consigtertt-
occur depends on what one wants to model. Fory@ssbne
might suggest a value around 10 mszfowhile for modeling
diphthongs or phone sequences, values in the ofd€d0ms
seem more appropriate. Therefo@eyalues ofr are included

in the model:

VA&
= [Wl Wz] H (6)
Ve

For these joint streams, the generative parts-bamete| still
holds: the joint stream co-occurrences of utterarzan be
written as an additive combination of parts.

The capability of NMF to jointly model differentreams
of information is a surprising strength of the miotteat de-
serves further research. In the present case, ttessms are
synchronous (sampled at a 10 ms interval), butithisot a
requirement. In section 5 for instance, segmenfakination
will be incorporated.

Finally, though not essential to the success oftkéhod,
but for convenience in recognition, we add:

BV,
Vi W,
v=| o .{ " } H )
: w, W,
v

where 8 is a positive real number and/,, is a real non-
negativeL x T matrix. Experiments show thatis not critical
at all: the performance figures do not alter ovehange of
several orders of magnitude. The idea of addingtiaddl
rows to the data matrix extends further along tfggi@ents
given above for joint modeling of strean\4; can be seen as



a “semantic” information stream with one event pierance.
The matrix factorization (7) attempts to fit theoastic and
semantic information jointly.

The final training now consists of initializing/,, with
random positive numbers along the diagoW&,andW, with
random positive numbers ahblas explained in section 3.4.

3.6. Recognition with NM F

After training, W,,, W, andW, are known. Given a set af
new test utterances (for whicl, is unknown), the matrix
factor H is computed from the acoustic directed co-
occurrences only using multiplicative updates, bg.mini-
mizing the divergence (3) for model (6). Obviouglyis ma-
trix differs from the one obtained during traininiglatrix
factorH estimates to which extent the parts are presetfitein
acoustic data. Since the full columns Wf jointly fit the
acoustic co-occurrence agtlV,, on the training data, we can

estimate the unknow,, of the test data a&/,,H. Fi-
nally, the activation of the tags can be computgdgi
_1
A= EWW H 8)

The activationsA (aL x T matrix) assume values between 0
and about 1. EntrA; gives an estimate of the relevance of
thei-th tag in the-th test utterance. In the simple case where
only one tag is assumed relevant to an utterareze gsction
4.2), the recognized tags are the maximizers dweraws of

A.

4. Experiments

4.1. The Dutch ACORNS database

Two male and two female adult speakers each uit@® en-
tences containing a single keyword in an infanéctied (IDS)
and adult-directed (ADS) mode. Of these 7999 utizzs,
1000 are used for testing, the rest is used fonitrge The
keywords (which coincide with the tags), their station into
English and the number of occurrences in the tgisiet are
given in Table 1. In this first experiment, theeedne and
only one tag per utterance.

auto car 696
bad bath 696
boek book 709
damian | proper name 176
flesje bottle 708
isabel proper name 178
luier diaper 708
mama mammy 697
mirjam | proper name 171
otto proper name 175
papa daddy 682
schoen | shoe 693
telefoon | telephone 712

Table 1: number of occurrences in the training set
(right column) of each of the keywords (left column
and their translation (middle column).

Each of the keywords is embedded in a carrier seete
The different carrier sentences are listed in TdhleHere,
<article> is either empty (for proper namesjg™ (definite
article for male or female nouns)hét” (neutral nouns) or

“een (indefinite article for all genders), while <keys one of
the keywords form Table 1. The keywords do not oetth

an even distribution ov

er in all carriers.

daar is <article> <key> | there is <article> <key> 970
(daglhallolheelhoi) <keyhello <key> 288
dat is <article> <key> that is <article> <key> Bl10
en daar komt <key> and there comes <key> 138
en hier is <article> <keyrand here is <article> <key> 697
kijk <article> <key> look <article> <key> 629
pak je <article> <key> 7 do you take <article> <ké&y| 476
waar is <article> <keywhere is <article> <key> ? 712
nou ?

wat een leuk(e) <key> | what a nice <key> 413
wijs <article> <key> aan point at <article> <key> 316
zie je <article> <key> ? | do you see <article> <k@y>x 694

Table 2: number of occurrences in the training set
(right column) of each carrier phrase (left column)
and its translation (middle column).

4.2. Training and recognition

In this experiment, we use a codebook for stattpaity and
acceleration features &fs= 150, N, = 150 andN, = 100 re-
spectively with the vector quantization approachctdéed in
section 2.2. The codebook size is a compromise dmtw
quantization error and the size of the matricebetdhandled.
This value was an “educated guess” and not optin@ethe
present problem in any sense. The training as ibestin
section 3.5 is performed wifR = 25 andB = 1000 for one up
to three values of the co-occurrence faas listed in the first
three columns of Table 3. Rows Vfin equation (7) that are
zero in the training are removed and the resultinmber of
rows N of V is given in column 4 of Table 3. The number of
columns inV is always 6999, the number of training utter-
ances. Subsequently, recognition of a single tggerformed
using (6) and the resulting error rate on 1000u#stances is
listed in the rightmost column of Table 3.

We observe that most tags are correctly recognieed
spite the different speaking styles (IDS vs. ADBg multiple
speakers and the uneven occurrence frequency ofagee
Notice however that the training and test spealesthe
same in this database, which is also most relet@marly
language acquisition. It is remarkable to obseivat the
NMF-based recognition can successfully integrateetated
information streams. Given the small amount of mrdt is
not possible to draw conclusions about the suggriof one
configuration over another with any statisticalnsiigance.

T L T3 N tagerror rate
0 - - 413 5.4 %
2 - - 38986 0.9 %
5 - - 48304 0.3 %
10 - - 50731 0.6 %
2 5 - 87277 0.4 %
2 10 - 89702 0.3 %
5 10 - 99022 0.2 %
2 5 10 137995 0.2 %

Table 3: tag recognition results on the Dutch
ACORNS database. The leftmost 3 columns give the
co-occurrence lag in frames (multiple of 10 ms).



5. Examining the partsrepresentation

By construction, a column o#,; successfully models co-
occurrence of acoustic events that seem to bedlyfic a
particular tag. However, since the number of cas@ntences
is rather restricted and since the occurrence @fkéywords
in the tags is not evenly distributed, informatiarthe carrier
might contribute to the recognition of the tag. SThwould
mean that the tag itself is not learned, but thatdontext it
occurs in also plays a role. This is in itself monegative
property of a learning method: humans also exploittext
and correlates to identify objects. A second qoestive
would like to address in this section is what thedel W,
contains. They could be words, multi-words, induad
phones or any set of units that can parsimoniousbgel
what is not covered by the tag models.

5.1. Analysis method

To make the parts models easier to interpret, weadd a
phonetic stream to the model (7). This stream tsused for
the learning process nor is it used during recagmisince we
do not want to assume a learning agent would déespds
knowledge of phonetics. We merely add it for analysur-
poses. Like in [6], co-occurrence counts of adjagdmonetic
events are used. Hereto, a phone lattice is getersith a
phone recognizer [11] using an acoustic model foitcH
trained on 50 hours of read speech from the CGNu=oror
utterancet, the posterior probability; of thei-th arc in the
lattice is computed according to [12] and the pimteprob-
ability Py, of the k-th node is computed as well. The co-
occurrence probability of phones andn of adjacent arcs is
accumulated over the lattice by summing:

[C]n= 2

arci with arg wit
oiy=m  @()=n

Wil
Jw(i),a(j) P
h ta(i)

)

where a(i) and «fi) are the start and end node of tha arc
and i) is its phone identity andy, is Kronecker's delta.
Finally, the phone co-occurrence counts offalitterances are
stacked in an observation matrix:

Ve =[vedC,) ve¢Cr) |

This phonetic information stream is now joined wiitiat
from the “acoustic space” (7) though the latter hafsame-
synchronous event rate instead of the current segnevent
rate. Subsequently, a NMF minimizing the divergennte-
rion is applied:

BVy
v w,,
V= =|W, W, H (10)
Ve Wp
Ve

whereVp andWp have an equal number of rows and the other
matrices have the same dimensions as in (7). Merewy,,

W, andW, are kept fixed to their values as obtained in sec-
tion 4.2 during the multiplicative updates (whiclsca re-
moves the need for normalization W and H). With this
constraint, we impose that the existing parts r=r&ation in
the acoustic space is unchanged while the jointahatso
needs to explain the phonetic stream as well asilges In

other wordsWp hooks into the existing model and we associ-
ate a phonetic co-occurrence model to each tag Inthde
was learned in the acoustic space before.

We can now measure the similarity of the partsnedrby
the NMF to a reference phonetic transcription. fis &nd,
the phone string is first transformed to a chairaafs, each
with unit posterior probability. Then the referenuigone co-
occurrence count vectof,; =vedC,) is formed as in (9) for
this particular lattice and normalized to sum tatynThe
divergence measure between the reference trarisariphd
the k-th column ofW; (also normalized to sum to unity) is
now:

D(Cref ”W:k) :g[[cref]i |09%] (11)

A graphical representation of these divergencewdsst
W-columns for the model witl#=2, r,=5 andz=10 and the
canonical transcription of each of the 37 wordthim vocabu-
lary is given in Figure 1. Here, each word is soétssigned to
the W-columns that respond most to it. The negative reive
gences (11) are exponentiated and normalized toteusne
over all candidate models. The resulting normalizéer-
gence is a number between 0 (poor match) and Joiezad
transcription with best match) where high valueki{@) indi-
cate that the partN-column) responds most to the word.

a@h
auto
biad
hoek
claar
tan
darmian
dlat

de

e

en
Tlesie
hiallo
hee
et
hier
hai

is
izabel
ie

kiik
kamt
leuk
leuke
luigt
Tama
rirfam
oy
otto
pak
papa
achoen
telefoon
waar
wrat
Wi

zie

S 10 15 20 25

Figure 1: normalized divergence between canonical
transcriptions (ordinate) and columnsvif (ab-
scissa). White represents close match.



5.2. Thetag models

The firstL (=13) columns ofV model the tags by construc-
tion. We observe indeed from Figure 1 that eachntagel
responds well to one word from Table 1. Howevemeo
carrier words also produce good matches on sommoaigls.
Acoustic similarity could be a reason for a goodahae.g.
“auto” en “nou” are short words with a common vowdow-
ever, this cannot be an argument for “komt” prodgca good
match on “mama” and “papa”. Closer inspection révéaat
the carrier “en daar komt <key>" is only used witiese two
keywords and that “komt” is not used in any othentext.
Hence, the word “komt” helps to recognize thesadst The
association is not perfect, since “mama” and “pag@’occur
in other carriers. Similarly, “dag”, “hallo” and &e” are only
used with the proper names which leads to an esswti
effect. Finally, Dutch grammar imposes to use tlefinite
articles “de” with “auto”, “luier”, “schoen” and #&lefoon”,
while “het” is used with “bad”, “boek” and “flesje"Also
these associations are apparent from Figure 1.

5.3. Thecarrier models

First notice that unlike the tag models, the camedels are
not essential for recognition (but improve perfonoe).
Since (7) is an approximate decomposition, diffeesnbe-
tween data and model can be tolerated. If recagniis at-
tempted using only thke first columns ofW, tag error rates of
13% to 20% are observed, depending on the values of
Hence it is advantageous for recognition accuraayot only
rely on the tag models, but also try to explaindaheustic co-
occurrences caused by the carrier sentences. Fudhe as
pointed out in section 3.3, parts W, can also account for
model deviations such as co-occurrences of acoesgats
that cross keyword boundaries.

The relation betweekV,-columns and carrier vocabulary
is not that clear for multiple reasons. First, gudifferent
factorizations can lead to local minima of the apgmation
error (3) that are nearly equal. This non-uniqueresild also
be attributed to the fact that multiplicative upstafor non-
negative matrix factorization only guarantee nocréase of
the divergence and may exhibit problematic converge
behavior [13]. But even in ideal cases where tiodagl mini-
mum is reached as in the example of Appendix Antinaber
of contexts in which the intuitively perceived pgaotccur must
be large enough in order to be found as parts. ddmslition
is definitely not satisfied in the present databdesign. These
ambiguities occur because constraints of the tyfpgeotion
3.5 are lacking fir the carriers. Secondly, thewstic confus-
ability of the words used in the carrier phrasagslthe di-
vergence picture. Eight words contain only two p®m@nd
pairs like ‘waar’/* daar’ or “wat’/* dat’ are obviously acous-
tically similar. Third, the 12 parts (columns 14dtgh 25 of
W) spent on the carrier phrases do not suffice tdeh@4
words individually. Fourth, some words always ocdar
gether, such as the separable vesfijs'aari and we cannot
expect to find individual models for the componertsis
therefore not possible to exactly match carrier ef®dvith
words and multi-word expressions exactly, but d@anapt is
made in Table 4.

Column word/ MWE

14 “wijs ... aan” + “waar is” + “daa
is”

15 “kijk” + “en hier”

16 “wijs ... aan”

17 “hoi” + “hee”

18 “wat ... leuk(e)”

19 “wat/dat”

20 “pak je”

21 “zie”

22 “waar”

23 “zie je”

24 “dag”

25 “waar is” + “daar is” + “dat is”

Table 4: matching columns ¥ (left) with words
and multi-word expressions in the carriers (right).

6. Extended vocabulary

In section 5, there was only one tag per utterakltest mes-
sages have more than one associated concept. linebey
explained above, no assumptions were made aboutuifme
ber of tags that can be associated to an utterdmamse of
multiple tags,V,, will have more than one non-zero entry per
column.

In the next experiment, we extend our tag set tdtar’,
“dat’, “hier”, “kijk”, “ pak, “waar’, “wijs” en “zi¢’ (all words
for which visual, tactile or circumstantial cuesidae given)
so it now has cardinality 21 and repeat the trgniith the
same choice for the co-occurrence lags RFd32 , as well as
the analysis of section 5. The normalized divergentztained
between the canonical word transcriptions and riaslel is
given in Figure 2.

aan
auto
had
hoek
daar
dag
damian
dat

de
een
en
flesje
hallo
hee
het
hier
hoi

is
izabel

e
kijk
komt
leuk
leuke
luier
marna
mirjam
nou
otto
pak
papa
schoen
telefoon
Wwaar
wat
Wijs

zie

5 10 15 20 25 30
column number

Figure 2: normalized divergence obtained with the e
tended tag set.



We observe that the new keywords that always owtitr
another word are groupedddar’ + “komt (column 4),
“pak + “je” (column 15), tvaar’ + “is ... not (column 19),
“wijs” + “aarn’ (column 20) and zig' + “je” (column 21).
There seems to be a better separation betweenothmrts
(remember that acoustic similarity also leads tughlighted
cell, e.g. je" is a phonetic substring of Idier” and
“damiar). For instance, the articled®' and “eerf do not
seem to merge is as much with the keyword modedshave
received their own model in the carrier motl¢}. This also
holds for je”, “leuk(e), “is”, “wat’ have received a model
that is better separated than before. Words lilef’ “are still
mainly contained in the tag models.

In terms of tag recognition rate on the set of digjhtly
but statistically insignificant improvement over bla 3 is
obtained, so further experimentation is needecketerdine if
a better parts segregation in the carrier models kEads to
better tag recognition.

We conclude that the method can also handle meltipl
tags per utterance. The extended multimodal infdoma
helps to generate models of keywords and non-keysvtrat
are less blurred.

7. Discussion and conclusions

This paper has shown that non-negative matrix fezttion

applied to co-occurrence matrices of acoustic evefibws
discovering recurring acoustic patterns with anoeissed
meaning in a different modality. The multimodalanhation
facilitates the separation of utterances into s&paparts or
models of words or multiple words. The parts anestacted
such that acoustic and crossmodal information &gt bx-
plained jointly. NMF successfully integrates mukipgnfor-

mation streams that are not necessarily synchrqorears be
strongly correlated and can have large dimensitynali

Multistream integration was used to compute a ptione
interpretation of the learned parts. It showed thattag (key-
word) models are not accounting for the tag onlyt that
words that often co-occur with keywords are alssiragated
in the model.

A remarkable property of the NMF-based word modkels
that, unlike other unsupervised pattern discoveeghods, a
segmentation of the input in terms of the discodtarsits is
not required. Instead, a holistic representatiothefcomplete
utterance (or more generally, of the analysis wimdis made
and approximately decomposed in parts. During neitiog,
the activity of all parts is computed where theeordf the
parts is not determined and the part boundaries nate
aligned with the input. This also implies that anpdete ex-
planation of the input audio is not required, milige a hu-
man brain does not need to recognize all wordsriressage.
The NMF-based recognition measures to which exdepéar-
ticular model is present in the input, or equivdiernwords
are activated to a greater or lesser extent. Angiheperty
linked to the lack of segmentation is that the asred pat-
terns do not need to be contiguous, which allowsnazlel
separable verbs or exploit that words tend to otmgether.

The lack of segmentation also has downsides. Thtlugh
directed co-occurrence representation is sendibitee order
in which the events occur, it does not impose iatstrdering
of events (states) like in a HMM. The time dimemsis only
weakly present in the models. For instance, a cymirmuta-
tion of a pattern will lead to the same co-occuceestatistics.
Also, decoding word order and detecting word rejoets are
not trivial. An extension of the present methodgive a

stronger account for time and order are on ourarebe
agenda.
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Appendi A ERRRRRRRRRERR
In this section, we illustrate that valid decompiosis into - . — I N
parts obtained with NMF can be counter-intuitiveeTesson l l l l l l. :l il
to be learned is that the parts must occur in ditsently e e

Iarge" e I I I I I I I

We consider the 7-segment alphanumeric display. We

form a 9 x 5 grid of pixels that can be switched aynoff.

However, the 45 pixels are not controlled indepetigie but

may lie on one of the 7 segments (if not, they aeays

switched off). We expect to learn that the imageamposed

of 7 segments. ~ TERER TRRERT RRES
We consider 3 training data sets: numeric, hexauci

and alphanumeric symbols. For each symbol, a 35- Figure 5: training data (top) and obtained pi¥ts
dimensional column vector is constructed with a @ @n the (bottom) for the alphanumeric training set. Blué,=
row indicating if the pixel is on or off. These vers are sub- brown = 1.

sequently ranked in a matfix of dimensions 35 ¥, whereT
equals 10, 16 or 26 for the respective training.s8ubse-
qguently, an NMF with common dimensiéh= 7 is computed.
In all cases, the obtained divergence is 0, i@ fdlstorization
is without reconstruction error.

The decompositions are depicted in Figure 3 through
Figure 5. Only for the 26 training tokens, we harough
independent data to successfully separate all sggm8ince
non-integer weights are allowed, a “3” in Figuréo8 exam-
ple is formed a; W5 + % W + ¥3 W.;. These examples
show that equivalent, but counter-intuitive solntcare still
possible if the training data are insufficientlgtri

Figure 3: training data (top) and obtained p¥vts
(bottom) for the numeric training set. Blue = 0,
brown = 1 and green = 0.5

Figure 4: training data (top) and obtained p¥vts
(bottom) for the hexadecimal training set. Blue,= 0
brown = 1.




