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Speech Recognition Using Randomized
Relational Decision Trees

Yali Amit and Alejandro Murua

Abstract—We explore the possibility of recognizing speech sig- a small number of local features of the spectrogram. The
nals using a large collection of coarsecoustic eventswhich de-  major issue of invariance to changes in duration of speech
scribe temporal relations between a small number of local features signal events is addressed by defining temporal relations in a

of the spectrogram. The major issue of invariance to changes in th llowing f | d f slack. Th
duration of speech signal events is addressed by defining temporal rtNer Coarse manner, aliowing 1or a large degree or siack. 1he

relations in a rather coarse manner, allowing for a large degree of @pproach is greedy in that it does not offer an “explanation”
slack. The approach is greedy in that it does not offer an “expla- of the entire signal as the hidden Markov models (HMMs)
nation” of the entire signal as the hidden Markov models (HMMs)  approach does; rather, it accesses small amounts of relational
approach does; rather, it accesses small amounts of relational in- jnormation to determine a speech unit or class. This, of course,

formation to determine a speech unit or class. This implies that . lies that . d it ithout .
we recognize words as units, without recognizing their subcompo- IMPIIES thal we rEcoghize Words as UNItS, Without recognizing

nents. Multiple randomized decision trees are used to access thetheir _SchomponentS- . _ . _ .
large pool of acoustic events in a systematic manner and are aggre-  This approach connects directly to ideas investigated in pre-

gated to produce the classifier. vious works on object and shape recognition; see [2] and [3].
Index Terms_c|assiﬁcati0n, decision treesl labeled graphsy There, discriminaﬁon iS Obtained thI’OUgh coarse glObal arrange-
spectogram, speech recogpnition. ments of local image tags in the plane. The tags are very stable

in the sense that they occur with high probability in certain
parts of the shape, even under rather severe deformations. The
spatial relations among the image tags are defined in a very
XPERT human “observers” of bioacoustic signals, suatbarse manner in order to accommodate the required invariance
as speech and bird songs, visualize the informatieo shape deformations which preserve shape class. These global
carried in the acoustic waveform in two-dimensional imagegrangements provide a very rich family of representations of
containing the time-frequency dynamics of the utterancepe gross shape of the different objects, and provide the tools
These images correspond to spectrograms or Log-spectrogrégnsecursive relational quantization of the space of objects using
of the signals. The expert human observer (e.g., a phonetician)ltiple decision trees.
is somehow able to learn from a collection of spectrograms, The basic ingredients are the following. A collection of local
acoustic invariants associated to specific units of vocalizatiesgs is defined together with a family of simple pairwise rela-
(e.g., phonemes in speech, syllables in songs). These acousits between them. For images the local tags are defined in
invariants allow the expert to identify the vocalizations presetdrms of the data in a small neighborhood. An example could
in the signals. Moreover, when learning to identify differenbe oriented edge information. In acoustic data the local tags are
vocalizations, human experts seem to focus on the glokRrifined in terms of the data in a small time/frequency interval.
shape of the spectrograms, i.e., in ttemporal relations They are binary variables which detect the presence of a certain
among several local features in both time and frequency. fiequency in a certain range of energies. The ranges are deter-
fact, properties of the gross shape of the spectrum such asniiged after normalization so some degree of invariance to am-
relation among energies at frequency peaks, and the changgplitude is obtained; they are moderate in size to accommodate
energy distribution over time, are postulated to contain acousfég invariance to audio quality. Relations are specified by coarse
invariants for certain phonetic features of speech [8, p. 188]. constraints on locations between the tags. For example inimage
In this paper, we attempt to address speech recognition freita the second tag could be constrained to lie in a wedge of
this point of view. In other words, we explore the possibility ofome angle with respect to the first. In acoustic data the second
recognizing speech signals using a large collection of coatsg could be constrained to lie within a certain interval of time
acoustic eventswhich describe temporal relations betweerelative to the first (e.g., between 100 to 300 ms after the occur-
rence of the first). Each arrangement is either present in the data
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Even using a small number of tag types and relations the total Cermity Higiogram jor Curaions. Ogi= 7
number of arrangements (graphs) of say ten tags is huge, in par-
ticular since we are not imposing any particular ordering on the £ ﬂ

arrangements as in classical HMMs or dynamic time warping
models. Although this rich family of binary variables may con-
tain an enormous amount of information about the class of the
data, itcan never be computed inits entirety even for a single data
point, letalone foralarge training set. These variables can only be
accessed incrementally in some order. Decision trees offer avery
natural way to systematically explore the partial ordering of the
arrangements: more complex arrangements are used as splitting p—
rules asthe tree grows deeper. The informative features are found
atthe same time the sample space is being recursively partitioned oo
or quantized. The vast number of arrangements also allows us to
use randomization to produce multiple decision trees which a#ig. 1. Density histogram for durations for the digitvenin the TI-digits
conditionally weakly dependent, and which can be aggregate#us- Duration is given in frame numbers; frames are overlapping and taken
. each 5 ms; frame window-size is 25.6 ms.

produce powerful classifiers [2], [10].

In the context of bird song data, we were able to use these
ideas to process both segmented and continuous data, and hiave. It offers a good visualization of the energy content of the
achieved recognition rates similar to those of HMMs at a sidrequencies. This is the representation we used in our exper-
nificant gain in computational cost, both in training and testingnents, but it is not the only possible choice (e.g., a wavelet
(see Section VI). For spoken digit data, we have achieved a ctsensformation of the signal, such as thaveletogramin [6]
rect recognition rate of 98.6% on the segmented TI/NIST datauld be used as well).
which, as we will show in Section V, is better than the rate
achievable with HMMs, given the same amount of training data. Spectrogram

Another advantage of our approach is the ability to visually in-

terpret the outcome of the trees. See for example Fig. 6, and t él' he Speﬁt.r otgrarq_ can be tho??r?t of as a griysc;alfet;]ma;ge,
related discussion in Section IV. whose pixel intensities represent the energy content of the fre-

We do not, however, directly address the issue of segmengggﬁ?isgéfé t'gsq's are the output of a smoothing procedure
tion and continuous speech as HMMs do, and we are still invesv—er theptime-?re uenc domaiinhe fime axis isng/ided i
tigating ways to incorporate this classifier to analyze continuoQy q y '

. S onsecutive overlapping frames. Within each frame the signal
speech. One encouraging point is the fact that the trees based on " X . . ) . : .
. . “1s. weighted with a Hamming window; the resulting signal is
these loose relational arrangements are very robust to signifi- . e :
en Fourier-transformed, giving rise to a vector of frequency

cant error in segmentation (see Section V). Also, it should be™ . . . .
9 ( ) gies (the frequency axis). This vector represents an estimate

X o ener
emphasized that the specific tags we have chosen may not % d . . . .
phasiz pecilic 1ags w v y E e spectrum associated to the signal at this particular time

the optimal ones for the definition of the acoustic events. Idegs )
. 'rame. The resulting spectrogram can also be thought of as a
such as those presented in [11] and [12] may lead to tags with, . . .
. . . . . matrix (X;;),t =1,---,T, f =1,---, F, wheret is the time
more information content, and a higher degree of invariance.. . ;
in frames, andf, the frequency binZ” measures the duration

This paper is organized as follows. In Section Il, we giver length of the utterances; it varies from utterance to utterance
a precise definition of the local tags we use; the relations bg- . Y - . . '
simple statistical analysis shows tH&tapproximately fol-

ween them are intr in ion lll. In ion IV, wi - . R s e .
tween them are introduced in Sectio Section IV, we def ws a Poisson distribution within a specific speech unit (see

scribe the randomized tree growing procedure. In Section V, we o ) : : :

: Ig. 1); this observation will be used later in our experiments
present experimental results, on both the TI/NIST dataset ara ection V. F is the total number of frequency bins consid-
the CSLU Number Corpus dataset, and compare to the perflor- ' q y

mance of HMMs using the commercial package [17]. We alse({ed; it is kept fixed for all utterances (in our experiments, we

outline a simple nearest neighbor method for boosting the cl g%ttngerlesrg;?a;;c%?Tjgséoot\?een;amiglInf?arr?nt:szﬁfvlvehr:(:ft]htgg 6
sification rates. Finally, in Section VI, we argue why decisio ' bpIng 9 '

trees offer a gain in computational cost relative to HMMs. or 32 ms (depending on the sampling rate at which the data were
recorded), taken each 5 ms.

T T T T
mis
=
#H

-1

Il. LOCAL TAGS B. Frequency and Energy Quantization

The acoustic signal can be represented in several forms. Arirst, in order to ensure invariance to global changes in am-
common goal of these representations is to make the time sigplitude we normalize spectrograms by their mean over all times
more amenable to further processing, thus entailing some kiadd frequencies, i.e., we takg ; /X, ;. We believe that the in-
of data-reduction and smoothing of the original signal. formation contained in the spectrogram is very redundant due,

Probably the simplest representation of speech isfiez- in part, to high local correlations, and that the energy content
trogram This three-dimensional representation of the acoustit, ; can be quantized rather coarsely in such a way so as to keep
signal describes the frequency dynamics of an utterance otle relevant information for recognition intact. We experiment
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with five different types of frequency binning: Bark scale wittpresence or absence of several of these acoustic events in a

18 frequency bins (B18) [18], Mel frequency spectrogram [1gjven utterance, gives strong hints for the identification of the

ch. 5], with 18 frequency bins (M18), and 12, 21, and 36 unspeech unit represented by the utterance.

form bins over the frequency range of 50 to 5400 Hz, denotedStatistically speaking, the probability of observing the pres-

U12, U21, and U36, respectively. ence or absence of several of these acoustic events is high, given
The energy is either quantized uniformly it + 1 levels that an utterance is a realization of certain determined speech

or using a log-normal model for the energy levels. In the lattenit; at the same time, this same probability is fairly small over

case we use bins defined by an estimated standard dewadion all utterances (regardless of the speech unit they represent).

the log-energy obtained from training data. Specifically, given

o, and the mean log-energy we define the/'th quantile as  A. Relations and Labeled Graphs

We consider particular acoustic events defined by a collec-

- <log X — Lig— 1 . : ) ;
(¢= Qo <logXey = < 3(g= @+ 1o tion of binary relations between tags in a spectrogram. We note

[

forg=0,1,2,---,2Q — 1, and the2(’th quantile as that tags only carry information on energy content at particular
frequency bins; hence, tags alone are too primitive features to
log Xep—p > %Qo—. be relevant for recognition. A tag is related to another tady

by the time interval, if the relative time between their occur-
Theidea here is that it may be useful to use a nonuniform quantinces in the spectrograttfs) — (4 ), is contained in the time
zation of the energy content, which is partial toward high valugserval I, i.e., t(¢2) — #(£;) € I.
of energy content, and that at the same time allows for certainan acoustic event is aonnectedyraph. The vertices of the
degree of slack on moderate values of the energy content. Neaph are labeled by tag types. The edges between pairs of these
tice that the probability of the quantiles is not constant; in facjertices are labeled by time intervals defining their relationship.
for Q@ = 4, the vector of probabilitie$p, }5_, is To be precise, leV = {¢;.,4,,--- .4}, be alist of tags, and

{0.044,0.092,0.150,0.191,0.191,0.150, 0.092, 0.044, 0.023}. E={(ls lion I)i= 1 n i, €V,j = 1,2}

Also notice that small values of frequency energy are discardgg a list of ordered pairs of tags with a time interval. The asso-
from further processing. Note that few tags associated to hi%ﬁted acoustic event is
IS

values of energy content are expected to be observed with t

guantization scheme, and hence acoustic events involving these Hl;2) —t(l;1) € I i=1. ... (1)
tags are rare and therefore likely to reveal important patterns for 7 7 ’
discrimination among different speech units. The value ofn denotes thelepthof the event. The condition

The main conclusion is that the form of frequency binninghat the graph is connected implies that there is a path of edges

and energy quantization does not have a major effect on the qsétween any two vertices. In other words, for agy#, in V
come of the procedure. The results are summarized in Table fiYere is an integer and a sequence of edges, 1,4 o), J
Rl v

All of these quantization schemes differ from the usual vectqr ... n;, in E such thatt; 1 = 4., 4, o = band¥; »
quantization technique used with HMMs. In this latter frameg, aforj=1,--m-1

work, the wholeF-dimensional vector space is quantized in Temporal relations such as the ones given by (1), allow for
about 16 regions. In our approach quantization is local in thgertain slack in the timing of events on individual utterances;
frequency domain: each componéfyt; is quantized separately. in this way, the sensitivity to the time-warping problem is con-
The number of resulting vector quantization regions is approxjolled. We observed in our experiments, that a few nonoverlap-
mately(2Q+1)*, which for moderat€) (e.g..Q = 4, F = 18),  ping intervals suffice in order to obtain good classification rates.
is huge. We never explicitly use multifrequency quantiles so thige have used the following five intervals (in time frames): (0,
never creates a problem. Each of 2@ + 1 levels at each of 20), (20, 40), (40, 70), (70, 100), (1085c).

the I frequency bins is a “taglf'n, @m), labeled by the en-  Note that on top of the time warping allowed for by the def-
ergy quantileQm, m = 0,1,---,2Q, and the frequency bin inition of the relations, the acoustic event corresponding to the
Fn,n=1,---, F.Itis abinary feature which is either presengraph is entirely translation invariant. One can think of par-
or not. Important information regarding co-occurrences of cefcular realizations of these acoustic events as being aligned
tain frequencies at the same time are represented through (thgrped) to ideal “templates” of the events; these templates cor-
relationsbetween the tags, see Section Il below. respond to our labeled graphs.

In cases where the same tag occurs in consecutive time frameshe top panels of Figs. 4 and 5 show one instance of such
we cluster to one tag at the firsttime of occurrence. The maXinha'graph on four different spectrograms of four different digit
duration of clustering is typically five time frames. In Figs. 4—6ytterances. The variability in the possible instantiations of this
we show the locations of the tags. graph is clearly manifest in the four images.

IIl. A COUSTICEVENTS B. Information Content

Our procedure is based on the assumption that there ar®ne might ask how informative these acoustic events are. For
acoustic events that either occur fairly often or rarely on moskample the distribution on class for those digits containing the
utterances representing a determined speech unit (class). abeustic event shown in the top panels of Figs. 4 and 5 is given
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TABLE | The trees are constructed as follows. At the root of the tree, a

FIRST COLUMN: TOTAL PROBABILITY OF EVENT. SECOND COLUMN: search through the collectigiy of graphs of two vertices is done.
CONDITIONAL ENTROPY ONCLASS GIVEN THE EVENT (BASE ¢). COLUMNS . L
3-13: FRROBABILITIES ON CLASS GIVEN THE PRESENCE OF THEACOUSTIC Each such graph corresponds to a binary query on the data: either

EVENT. FOR EACH EVENT WE SHOwW THE NUMBERS ON THETRAINING (tr) an instance of the graph is present in the d&f@ & 1) or not

AND ON TEST (te) SETS. THE EVENTS CORRESPOND TO THETOP TWO AND _ i it ini

BoTtTOM TwO PANELS OF FIGS. 4, 5,AND TO NODES“NO, YES, YES' AND (GO o 0)' Therefore this query prOduceS a_Sp|It in the training
“No, YES, YES, YES, YES' IN THE TREE OFFIG. 2 data. Le®” denote the class label of a data point, and assuiding

classes, the conditional entropy on class given the query is

Prob | Ent | 0 112} 3 4 | 5 6 7 8 19 10
Ev.1(tr)| 08 |133].04|.05/0|.04|{.14| O |.61|.07|.01,0]|0.02 K
Ev.1(te)| 09 {127{.05{.04|/0{.02].16{.01].59;.13/ 0 [0 O o . T _
Ev.2(tr) [ 007 | 77 | 0 | 0 |O[.06].75] 0 [156].03] 0 [O] © H(Y|Go) = P(Go=1) Z P(Y =k|Go =1)
Ev. 2 (te) | .007 | .55 {11 0 {0).05].83| 0 0 0 0jJ0] 0 k=1
log P(Y = k|Go = 1)
K
in Table I for both the training set (4460) points and the test set + P(Gy=0) Z P(Y = k|Gy =0)
(2486) points. Py
One immediately sees that even an event involving three tags log P(Y = k|Go = 0).

and two relations may be very informative, and an additional
two tags narrows the distribution effectively to only two classewhere > corresponds to the empirical distribution defined by
The entropy of the prior distribution on class is 2.4 (bake the training data. The grapfiy yielding the smallest condi-
Note also the strong similarity in the shape of the distributiori®nal entropy on class is chosen. This is the stan@atcpy
between test and training even though the conditioning evergsluctionsplitting criterion for tree growing known as CART
are rather low probability events. This is an indirect indicatioim the statistics literature (see [4]) and as ID3 and C4.5 in the
that a large degree of invariance is accommodated through thachine learning literature (see [13]). Data points for which
relations and the tag definitions. Gy = 0go to the “no” child node. In that node a new search
Itis of interest to note the difference between the use of grapgoughgy is performed in order to find the best split, i.e., the
representing the geometric arrangements in this context, andake with lower conditional entropy on class using the empirical
use of random graphs for structural synthesis as in [15]. The iddiatribution defined by the training data at the “no” node. Data
there is that an instance of a random graph can be initially @eints for whichGGo = 1 go to the “yes” child node, and have
tached to every data point in the training set. The questiondse or more instances of the graph, which is now called
how to hierarchicall\clusterthese graphs using an entropy crithe pending graph. A search among minimal extensions of this
terion which determines a distance between them. In the currgraph is performed to choose the one which leads to the greatest
setting the graphs are used to hierarchicait the data, and reduction in conditional entropy on class, using the empirical

there is no way t@ priori attach a graph to a data point. distribution in the “yes” node. Minimal extensions involve an
additional tag in relation to one of the tags in the existing graph.
C. Partial Ordering The “yes” and “no” nodes are subsequently split into children

nodes and the procedure continues. Note that other criteria for
choosing the optimal split are possible. The effect on classifica-

Igi_on rates is negligible, see [4]. Essentially one is attempting to

increase the ‘purity’ of the nodes, i.e., make them more and more
concentrated on one class.

The number of distincttags{g@ + 1) x F', and the number of
possible binary relationsi8; x ((2Q+1)F((2Q+1)F'—1))/2,
whereN7 is the number of temporal intervals considered. Co
sequently, the total number of acoustic events of depttith

exactly & distinct tags is immense (e.g.,f = k£ = 5, and . . . .
Ny = 5,Q = 4,andF = 18, on the order 0f0%). We therefore As the tree is growing, there is a pending graph at each node,
' ' ' [%gtermined by all the “yes” answers on the path leading from the

need an efficient procedure to explore the pool of acoustic eve St to that node. Th | iol lits entertained at th d
with the goal of detecting those relevant for classification. ogpotiothatnode. The only possibie Spits entertained at the node

approach is constructive, in the sense that events are eIucidd?}fs:edm'mmal extenspns .Of th|§ pending g.raph. For example, the
vertex by vertex in a suboptimal fashion: an event of depih graph of panel two in Fig. 5 is the pending graph at node 011

: o . (No, Yes, Yes) and also at node 0110 (No, Yes, Yes, No). Athode
d dta + 1 if the addition of tex and edge, sig\: YeS: .
eepenedla + 111 the adcition of a new vertex and edge Slg01101, it is extended to the graph of panel four. Tree growing

nificantly improve the discrimination of the speech units in con- ¢ dwh i h data i tat th de to det
sideration. In other words, we exploit the partial ordering on t@ StoPped when not enough data is present at the node to deter-
ne a split, or when none of the possible splits yields a signif-

acoustic events inherited from the graphical descriptions. Thid 4 . . -
done using decision trees as described in the next section. icant decrease in entropy. In Fig. 2, we show part of a decision

tree traversed by the four data points of Figs. 4—6.

Finally, in Fig. 6 we show five instances of the word “one,”
that landed at the same terminal node of a tree, together with

The collection of possible arrangements is vast and canmot instance of the acoustic event associated to that node. The
be pre-computed as a binary feature vector. Moreover many avent can be interpreted visually as capturing a trend of an in-
rangements may be useless in terms of the classification problen@ase in energy at a rather low frequency, as well as a faster
at hand. Decision trees are used to systematically explore therease in a “diagonal” direction of both time and frequency.
collection of arrangements and find the most informative onés all five spectrograms, one sees a trend of the midrange en-
in terms of classification. ergies (blue and green), moving from midrange frequencies to

IV. DECISION TREES
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Fig. 2. Part of the decision tree traversed by the four data points of Figs. 4 and 5. The split used at each node is provided explicitly in terms péthandg ty
the time interval.

lower frequencies. The low-energy part (red) is shrinking, anchining data. This is called the terminal distribution. When
the high-energy part (yellow) is expanding. The graph is cap-test point is dropped dowfV trees, it encounter&y such

turing this trend. terminal distributiongir, (wy, -+ + 5 iy (w)-
The simplest way of aggregating the information in a collec-
A. Multiple Trees tion of IV trees is to calculate the average distribution

The size of the training set imposes a limit on the depth of 1 N
atree and only a very small number of tag arrangements is ac-  p(w) = N Z b () = ((w, 1), -+, p(w, K)).
tually used. More information is accessed by growing random- n=1
ized multiple trees, where instead of choosing the optimal split ) o
amongall admissible splits (namely minimal extensions), on&"€argmaxof this average distribution is taken to be the clas-
takes a small random sample of admissible splits and chooSHgation assigned to the point

the best among those. This yields somewhat less powerful trees, C(w) = argmax{u(w, k).

but the trees are substantially different, and offer complemen- P
tary “points of view” on the data. Assum¥ trees are grown
T, Tn. This classification rule will be referred to as tAggregate Dis-

A test data point is dropped down each tree by evaluatifigbution Rulein the following section.
the top queryy; if the answer is 1 (Yes), the point proceeds Earlier we indicated that the randomized trees access the data
to the “yes” node, and the query there is evaluated, and fsom different points of view. Statistically this translates into
on until the data point reaches a terminal node. With a sligtite trees beingairwise weakly dependeobnditional on class.
abuse of notation, we will denote the terminal node reach@tiis weak dependence leads to a spectacular increase in classi-
by a pointw in treen asT,(w). ConsiderK classes (speechfication rates when more and more trees are aggregated. A de-
units). Associated to each terminal nodeof a tree, there tailed discussion of the properties of this classification rule and
is a (conditional) probability distribution over the classesf the multiple randomized tree procedure can be found in [1]
pe = (ue(1), -+, 1 (K)), which has been estimated from theand [2].
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Error rates for Numbers Corpus

Error Rate

Number of Trees

Error rates for Tl-digits data

15

on a digit “1” at same node. 3) Graph on the same digit “4™ at node 01111
in the same tree. 4) Graph on same digit “1” at node 01110 in the same tree.
Each colored pixel denotes a tafn, @Qm), n = 1,---,18, m = 0,---,8.

The frequency channel associated to a tag is read by the row number (from
top to bottom) in the spectrogram. The energy quantile is coded by four colors.
We have paired consecutive quantiles due to graphical constraints. Red: Q0,Q1,
blue: Q2,Q3, green: Q4,Q5, yellow: Q6,Q7, cyan: Q8.

10
1

Error Rate

o]
\ Fig. 4. 1) Graph on adigit“4” at node 011 in the tree used in Table I. 2) Graph
<]
X
\
OOO

o] 20 40 60 80 100

Number of Trees

Fig. 3. Error rates for increasing number of trees. The solid line correspond
to the testing error rates, and the other line, to the training error rates.

V. EXPERIMENTS

We applied our procedure to the recognition of isolated ot
segmented digitsohe, two, threg. . ., nine andoh). Our pur-
pose was to find out how well our procedure does over a rang
of audio quality conditions. Hence, the data consisted of twc
speech corpora: one containing speech spoken over the tel
phone, and another one containing studio quality speech.

The telephone data were taken from the CSLU Numbe
Corpus of the Center for Spoken Language Understanding ¢
the Oregon Graduate Institute of Science and Technology. Thi
corpus is a real world application containing “fluent numbers”
spoken by thousands of people when saying numbers such
their street address numbers, zip codes, and telephone numbe!
False starts, repetition, and background noise are very common o _ _
in these data, and make the task diffcult (e [5] for detaig]e, 5 BLSTeinon 2t ¥ strede G111 heee used o Tade) 2 Cra,
The corpus is divided into two sets of 8829 and 6171 speeghph) in the same tree. 4) Graph on same digit “6” at node 01101 in the same
files; the first one is reserved for training, and the second ofiee. The color coding is the same as the one in Fig. 4.
for testing. We located and worked with all occurrences of the
11 digits in this corpus. known as TI-digits). This corpus does not include the seg-

The studio-quality speech data were taken from the welhentation of the utterances; hence we hand-segmented a
known TI/NIST Connected-Digits Recognition task (alsemall portion of them; specifically, we hand-segmented those
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TABLE I
CLASSIFICATION ERROR RATES USING 100 TREES WITHMEL FREQUENCY
SPECTROGRAM ANDLOG-NORMAL QUANTIZATION

Corpus | ADR | ADR+NN
TI-digits | 1.41 1.41
Number | 6.62 5.96

TABLE I
CLASSIFICATION ERRORRATES USING HMM s WITH THE [17] PACKAGE, AND
GAUSSIAN MIXTURES. HMM-c STANDS FOR FOUR MIXTURES FOR"ONE,”
“TwO,” AND “OH” AND SIX MIXTURES FOR THEREST. IT WAS NoOT
PossiBLE TOUSE MORE MIXTURES GIVEN THE SIZE OF THE TRAINING SET.
COMPARABLE RESULTSARE OBTAINED WITH 11 TREES FOR RESULTS WITH
100 TREESSEE TABLE

HMM 2 mixtures | HMM 4 mixtures | HMM ¢ | 11 trees
5.39 3.46 2.98 2.86

Finally, we show some error rates on trees using the different
binning and quantization schemes previously mentioned in Sec-
tion 1I-B. The main conclusion is that the outcome is not sensi-
tive to the choice of quantization, except for U12 which seems
to perform poorly.

A. Boosting the Classification Rates

o 6. Granh on five different “L" diaits at node 0011011 in a tree. Th We implemented a K-nearest neighbors (K-NN) rule over the

ig. 6. raph on five different “1” digits at node in a tree. A . . .

color coding is the same as the one in Fig. 4. It appears that the acoustic e\%ﬁ?ce of aggr_egate distributions resulting from d“’pp”?g data

described in this node is identifying a certain pattern which coarsely represe@i¢er the decision trees. The goal was to boost the classification

the fact that the energy is increasing in time at a rather low frequency, but itrigtes with the hope of Capturing useful information for recog-

increasing faster in a “diagonal” direction of time and frequency. nition from the aggregate average distributions. In fact. we ob-
served that the true digit (class) is among the top two modes of

_ o N o
utterances corresponding to digit sequences of at most t\th ﬁ%?nrgg?:;eofvﬂagﬁ ddé?ggug&nsfﬁgegfé?aﬁrgintTr?ed'ﬁt.?jifrgrsn
digits. Due to this limitation, our training data constituted pus, ) 9

very small subset of the data available—4460 points in afio"Pus: This boosting procedure is based on the work in [14];

Therefore, our results are not directly comparable to previoliE£OnSists of selecting a moderate size rejection set from the

results reported in the literature. Moreover, our testing daf&ining data, so as to view the corresponding output aggregate

only consisted of 2486 isolated digits taken from the testirffjStributions as centroids or prototypes of data that are likely to
portion of the corpus. be rejected, pamely data vyhph the aggregate classifier is hav!ng

The first column in Table Il shows classification error rates fdfouble classifying. The rejection criterion is based on the ratio
both corpora, using 100 trees, the Mel frequency spectrogram aifdween the top two modes of the aggregate average distribu-
log-normal quantization (see Section 1I-B). The second coluntigns: if the ratio is smaller than certa@priori fixed threshold,
shows the results with the additional boosting described belowthen the data pointis not recognized, but rejected, instead. About

In general, recognition improves with the number of trees, bgp%0 Of the training data is rejected in this way. This procedure
there appears to be a limit to the achievable error rates, as h@!S0 applied to test data, but with a lower threshold, so as to re-
asymptotes in Fig. 3 seem to indicate. Theoretical error rates d¢&¢f at most 10% of the data. Each rejected data point in the test
be obtained [2], [10] for these type of classifiers; these boun88t is matched to its K-nearest neighbors in the training rejection
depend on the average amount of dependency among the degi-according to the Kullback-Leibler distance between the two
sion trees; it is conceivable that in practice due to the limite&fgregate distributions. The data point is then recognized as a
number of training data, it is impossible to create too many degalization of the most frequent digit among its K-nearest neigh-
cision trees without building moderate correlation among theors. The column named ADRNN of Table Il shows the error

For comparison we experimented with HMMs using the exatates for both corpora after applying the boosting procedure. We
same training and test data. We used a commercial HMM so#ibtain an 10% reduction in the error rate for the Number corpus,
ware [17]. The results are shown in Table ll1. It appears that usiagd observe no improvement in the correct recognition rate for
the same size training set, trees outperform HMMs. Nonetheldéks TI-digits corpus. This indicates that this boosting procedure
reported error rates for the TI-digits are much smaller than oussmore effective on data that are very difficult to discriminate,
(lessthan 1%), of course making use of larger trainingsets.  and hence it might work well on real world speech tasks.
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TABLE IV TABLE VI
COMPARISON OFERROR RATES FORDIFFERENT FREQUENCY BINNING POISSONINTENSITIES (IN MILLISECONDS)
SCHEMES AND ENERGY QUANTIZATION SCHEMES

Corpus 0 1 2 3 4 5 6 7 8 9 oh

Frequency Quantization TI-digits | 401 378 337 362 364 396 521 472 317 450 327
binning scheme Number | 430 300 319 327 360 433 446 440 297 379 211
Uniform Log-normal
B18 2.45 2.17 ERRORRATES FORMODIFIED BOUNDARIES OF THETI-DIGITS
U12 4.39 4.10
U21 2.33 2.05 Data] 1 2 3 4 5 6 7 8 9 10 |Mean [Std. Dev.
036 266 2.99 Error |19 21 19 22 25 20 20 19 22 20| 20 0.2
TABLE V The average error rate for the modified boundaries data is
CROSSCLASSIFICATION ERROR RATES almost the same as the error rate of the correctly segmented data;

this gives strong evidence that our procedure is not sensitive to

Cross-Tested Corpus | ADR small to moderate errors in word segmentation.

TI-digits 13.50
Number 21.50

VI. COMPUTATION CONSIDERATIONS

It is important to note that our procedure not only produces
good classification rates that are comparable to those yielded by
In order to assess how well our procedure generalizes to dgfi@iMs, but also that it requires orders of much fewer calcula-

recorded under different quallty Conditions, we cross-tested tﬁl@ns (Computer Operations) both during training and testing_
testing portion of the corpora, i.e., the TI-digits were tested with The following figures were measured on a PC with a 333
trees trained with the Number corpus, and vice-versa. We QMHZ Pentium Il processor running Cygnus software over Win-
served that correct recognition rates decreased by slightly megggys NT. It takes 2.82 min to grow a tree of average depth
than 10% when testing on different audio quality data. But theys with the 4460 data points comprising the TI-digits corpus.
are still high enough to suggest that somehow our procedureng emphasize that the implementation of the algorithm has not
capturing acoustic events that are invariant across data sets.gedn optimized, just as an example the data is reloaded into the
comparison purposes, the testing portion of the Tl-digits dgspogram for every tree, both for training and testing. To obtain
set (2486 isolated d|g|t$) was cross-tested on HMMs trained Qamparabie performance to the HMMs we need 11 trees (See
the Number Corpus, yielding an error rate of 12.8%, which iggple 111), i.e., 31 min. The training time of the HMMs on the TI

a very similar rate to the one obtained with our procedure (Sg8ta is 123 min on a 250 MHz SunW Sparc Ultra-30. The two

B. Cross-Testing

Table V). machines are comparable in speed. Testing takes about 0.003
. , seconds per data item per tree, and approximately .004/s for the
C. Sensitivity to Segmentation HMM models.

To investigate how sensitive our procedure is to erroneousSince it is hard to compare computation times between the
segmentations of word boundaries, we tested our procedureatgorithm we have programmed on our own and an optimized
data whose word (digit) boundaries were randomly marked. tommercial software package, we present a more theoretical
order to randomize the boundaries, we modeled the duraticomparison between the order of calculations needed by our
(length) of each digit as a Poisson distribution with certain iprocedure and by HMMs to solve these tasks. We believe this
tensity A (see Fig. 1), depending on the particular digit beingffers some evidence on the computational gain conveyed by
considered. The intensities were estimated by the average duna- approach.
tion of the digits in the training set. Table VI shows these esti- 1) HMMs: Let » denote the number of data points in the
mates for both corpora. training set, and], the average duration of the utterances in the

Each utterances from the TI-digits testing data set wastraining set. A HMM is characterized by its number of states
assigned a duratiori(w) chosen at random according to theand mixture components. Each iteration of the Baum-Welch
Poisson distribution associated to the corresponding digit.réficursion formulas require3(s>md x r) operations (heré(-)
the random duration(w) was shorter than the actual duratiorstands for the order (magnitude) of the number of operations).
T(w) of the utterance, then the utterance was modified Yn the other hand, ignoring the maximization step to find the
shortening it tod(w) time frames. The random segmentatioibest class, testing only requir@$s?md x K ) operations (recall
was done by selecting at random from the collection of tintbat K is the number of classes).
frames{1,2,---,T(w) — d(w)}, a starting time (left boundary) 2) Decision Trees:As before, letV denote the total number
for the modified utterance; the ending time (right boundarydf trees to be grown. The relevant quantities for a tree are the
was set so that the total duration of the modified utterance wagerage depth of the trees, and the numbey of randomized
d(w). About half the utterances were modified in this mannequeries entertained as admissible splitting rules at each nonter-
Only modified utterances were tested. This procedure wasnal node. The selection of an optimal query at each nonter-
applied ten times to the available testing data set, yielding thenal node require®(( K +d) x n4) operations, since 1) evalu-
error rates shown in Table VII. ations of the formt(4, ) —t(¢») € 1, forfixed tag<;, 2, over all
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the locations of these two tags, requivéd x length(1)) oper- 13]
ations and 2) the average entropy of the children nodes requires
O(K) operations, since only a fixed number of data points arepy
used in its computation. Since a tree of deptias at mos2™ —1

nonterminal nodes, and at mast leaves, the number of oper-  [3
ations needed to grow trees is ofO(N x {2"(K + d)n, + (6]
2"rK}). Again, testing only require®(ndN + K N) opera-

tions. .

3) Computational Gain During TestingErom the above
calculations, the testing step in both procedures requires abous]
the same number of operations when the number of trees grown
N is aboutO(m x s?K/(n + K)). Since usually: ands are 9
rather small numbers, the balancing variable is the number of
mixture components:. For largem, decision trees are much
faster. In fact, assuming = 5, andX = 10, a hundred trees
of average depth ten, require about as many operations as ten
HMMs with eight mixture components in each state. [11]

4) Computational Gain During Training:There is no doubt
of the enormous gain in computational cost, when using decii2]
sion trees rather than HMMs. Indeed, from the above calcula-
tions, : iterations of the Baum-Welch algorithm for HMMs re- 15
quire O(K (s*mdr/K) x i) operations, which is an extremely
large number of operations, even for a moderate number of itef4]
ations, when compared @(N2" (K + d)n, + N2"rK) oper- 5
ations required forV decision trees. In fact, if we set= 5,

m = n = 10, andn, = d = 100, four iterations of the

. . . . [16]
Baum-Welch algorithm require as many operations as growmé
10 trees.

[10]

[17]

VIl. CONCLUSION [18]

Acoustic events based ontags localized in time and frequency,
and simple coarse temporal relations, provide informative fea-
tures for classification of acoustic signals. These events are (e
fined in terms of labeled graphs and inherit a partial orderin
We employ multiple randomized decision trees to access ther
pool of acoustic events, in a systematic way, exploiting the p
tial ordering to proceed from coarse to fine representations. Ti

ance to audio quality is incorporated through the coarse defi e |
tion of the tags. The learning stage for this approach is mu g
more efficient than for HMMs. Recognition rates are better and

recognition times are also faster than the more complex HM§?
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