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ABSTRACT However, the previous assumptions do not hold in many appli-
cations where the word(s) to be matched (in the case of spaeegh

Before the advent of Hidden Markov Models(HMM)-based \yithin two long, and very different, contexts (sentencesyvbere
speech recognition, many speech applications were buflgust- gy cryral variations such as omissions and insertionargel seg-

tern matching algorithms like the Dynamic Time Warping (DYW  ants (in the case of music) may exist between two sequethiges.
algorithm, which are generally robust to noise and easy fWlém 4 7] miler et al. propose an algorithm for music alignment that
ment. The standard DTW algorithm usually suffers from laék 0 jieratively searches for matching subsequences betweemusic
exibility on start-end matching points anq has high corgtignal pieces. The Segmental-DTW algorithm is proposed in [4] dights
costs. Although some DTW-based algorithms have been peopos i cation of the standard DTW to allow searching for a keye
over the years tlo solye either one of ’ghese problems, .nonbles a Within a long sequence. Interestingly, Patkal. [5] give the same
to d|§cover multiple alignment paths with low cpmputatlbcrasts. name to a very different algorithm that allows nding matotipat-

In this paper, we present an “unbounded” version on the DTW (Ueng within two long sequences. Similarly, [8] propose raifsir
DTW |n.s.h.ort) that is computathnally lightweight and allsvior approach to [5] for unsupervised word discovery. All thekgpa
total exibility on where the matching segment occurs. RESGNa iy mg syffer from the need to compute all frame-pair sirftites in
word matching database show very competitive performao#s e similarity matrixbeforesearching for aligned sequences, which

in accuracy and processing time compared to existing aites. becomes intractable for large segments, with quadratie tosts.
Index Terms— Dynamic time warping, partial sequence match, Therefore, the original segments need to be split into @mnpleces
dynamic programming, similarity matrix, pattern matching before running any of the previously mentioned algorithritis

limitation is solved by Dixon [9] who proposes an on-line DTW
where the end point of the alignment maybe be unknown. How-
ever, it needs to know where the two matching sequences gt
recently [6] proposed an of ine DTW-based algorithm thatisire-
peated sequences with no start-end constraints but testtic ap-
pear at most minute apart and using a quite computational intensive
method.

Alternatively, some mechanisms have been proposed intthe li
erature in the text domain for nding text matching sequenafien
the sequences are composed of a set of discrete symbols.u€me s
example is the Longest Common Subsequence (LCS) algoritéim,
ing the Edit distance. Some works have applied these foramwasi
trieval, such as in [10] where a warped version of LCS is psepo
or in [11] where sub-dimensional matching sequences anedfau
multi-dimensional data. However, all these solutions haverst
convert the data into a set of discrete symbols, sufferiogfrsome-
times strong, quantization errors.

1. INTRODUCTION AND PREVIOUS WORK

Before the use of Hidden Markov Models (HMM) became ubiqui-
tous in speech-based applications, pattern matchingitdgw like
the well known Dynamic Time Warping (DTW) algorithm [1] were
used for applications such as keyword recognition [2]. Tbe-c
stant increase in computing power and the availability aféala-
beled datasets pushed pattern matching techniques adaleof
HMMs, as pattern matching algorithms did not scale well te-ha
ing an increasing number of matching patterns. Still, HMNséh
several well known weaknesses, such as overgeneralizatidihe
need to have labeled training data, limiting their suitépflor some
speech applications. A few researchers have recently duther
eyes back to pattern matching algorithms for tasks suchhaslate-
based speech recognition [3], music synchronization [4] amsu-
pervised pattern discovery in speech [5] [6], among others. ) ) .

DTW-based solutions have several drawbacks that haveelimit In this paper, we propose a novel algorithm which we call
the scope of their applicability in real-life problems. Téndard Ynbounded Dynamic Time Warping (U-DTW) which effectively
DTW algorithm assumes that: (1) the start and end points teekel so!ves the aforement!ongd Ilm[tatlons. First, possibigrahent
knowna priori; (2) the cost matrix between both sequences needs tB2INtS (calledsynchronization poinjsare de ned between both seg-
be fully computed in order to nd the optimum warping path) (8e ments where time warped matches are searched for, elimigite

alignment assumes that both sequences are complete actdsthy exhaustive computation of all the cost matrix at start. 8dc@
similar representations of each other. forward-backward dynamic programming algorithm is usechtb

exact start-end alignment points, unknow/ipriori. These together
During the development of this work X. Anguera was partidlipded ~ Yield a matches detection accuracy increase of 8¥eiand a speed
by the Torres Quevedo Spanish program increase of up ta0times over that of the segmental-DTW algorithm




by Park et al. [5].

2. UNBOUNDED DYNAMIC TIME WARPING
ALGORITHM

strictinsertion nor strict deletion steps are allowed ifethe classi-
cal DTW algorithm), allowing at mostX and%x warpings of one
signal to the other. This limitation is not unrealisticallystrictive
in the case of spontaneous speech and is very useful to avmid |
consecutive insertions/deletions given that no globaktraimts are

In this section we describe the Ubounded-DTW (U-DTW) algo-2Pplied.

rithm. The algorithm is consideraghboundedrom three perspec-

tives: (1)start-end as U-DTW does not pose any restrictions on the

start-end positions of the audio patterns to be matchedhy@ber

of matchesas more than one matching segment may be found with

a single pass of the algorithm, returning their start-enchiions

and matching scores; and (§eed as it uses a search method that

avoids unnecessary comparisons, speeding up the algorithm

Note that two conditions are imposed on the signal in order to

lower false alarm matches. Firstn@nimum lengthis de ned. U-
DTW only considers matching sequences that are longer than-a
imum lengthL min  (typically set arouncs00ms such as in [5] and
[6]). Second, amaximum time warping@f 2X (and minimum of
%X) is applied by de ning proper local constraints, as expiairin
Section 2.2.

Given two acoustic sequenc&s; andXy their acoustic fea-
ture sequences are given by := (ui;uz;:::;um) andV =

two feature vectorgjm andv,, withm [1: M]andn [1: N], as
their normalized inner product (or cosine of the angleetween the
two vectors):S(m;n) = cos = R

Unlike other DTW-based algorithms, the similarities areneo
puted only when needed, according to the forward-backwatt p
nding algorithm, which brings signi cant computationahsgings.
Additionally and in order to further speed up the processing,
two matrices are populated: (1) a global similarity maBix(m; n)
that contains the optimum path accumulated similarity ahda-
cation(m;n); and (2) a matrixM (m; n) that keeps the length of
the optimal paths up to each locatiém; n). All these matrices are
empty at startup.

The pseudo-code of the U-DTW algorithm is:

Algorithm 1 Unbounded-DTW
1: De ne appropriate synchronization points (see Section) &l
locations(m;n). Compute the similarities for these points,
populateS(m;n) andDy(m;n) with such similarities and set
M(m;n)=1.

22.form=1:::M do

3: forn=1:::N do

4: if M (m;n) 6 0 (a synch point or a possible patiien
5: Apply forward path alg. (see Section 2.2).

6: end if

7:  endfor

8: end for

9: for all paths found in the forward pasg®e
10:  Apply backward path alg. (see Section 2.2).
11:  if Resulting Path length L min then
12: Register found path's start-end points and score
13:  endif
14: end for

The allowed frame jumpsd.€. local constraints) considered in
the U-DTW algorithm, for both the forward (a) and backwardl (b
path algorithms, are shown in Figure 1. Note that these locoal
straints differ from the standard DTW in that the next poares con-
sidered at each step, and not the previous ones. Note atswittzer

b)

a)

(m+1, n+2)
°

(m-1, n-2)

Fig. 1. Allowed frame jumps in U-DTW.

2.1. Synchronization Points

One of the key steps in the U-DTW algorithm is the proper selec
tion of thesynchronization point§SPs) which the forward path al-
gorithm uses as starting points to look possible matchiggneats.
Given that matching segments can occur anywhere withinwoe t
sequences compared, instead of considering all locati®mossi-
ble start points we take advantage of the minimum length itiond
by looking at fewer locations (the SP) while ensuring thithére

is a matching segment, it will be found. Both the accuracy thed
speed of the algorithm depend on the accurate selection: spaPse
SPs increase the processing speed at the expense of possbiyg
matching segments, whereas dense SPs are computatior@idy m
expensive to process.

We have experimented with two approaches to de ne the SPs by
de ning horizontal and diagonal synchronization bands.

Horizontal Bands: Given any frame-pair locatiofm; n) with
m 1:::M andn 1:::N, we de ne SPs at positions =1 ::: M
forn= pkwithk=0::: N—h and  being the vertical separation
between bands, a design parameter (see Figure 2a).

Diagonal Bands: Similarly, we de ne SPs at positions where
m+n=Kkgqwherek =0::: ME"N) for all possible values of
(m; n) within the matrix (see Figure 2b).

Other interesting SP approaches such as a checkerboard with
horizontal and vertical bands could be considered but \gilidft for
future work.

The values of , and 4 determine the maximum lengths
( Ui and  Vig* ) a matching segment can take in either
sequence between two SP bands. Figure 2 shows in darkeradiolor
possible paths from one SP band to the other, for both camside
methods. Taking segmetht in the horizontal axis an¥ in the
vertical and given the maximum angjethe paths can deviate from
the diagonal (due to the local constraints used) , for thézbotal
bands U™ =2 yand V™ = 4. Similarly, for the diago-
nal bands U™ = v/"™@ = p% 4, where is the distance
in diagonal between bands.

In order to minimize missed matching patterns, parameters
and 4 need to be de ned according to the desired minimum match-
ing segment length min . Similarly, they determine the minimum



length of a matching segment after the forward path in orddvet & .4
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Fig. 3. Similarity matrix for “Barcelona-Barcelona” using U-DTW
with diagonal SP bands
2.2. Forward-Backward Paths Algorithm

For any considered frame-pair locatigm;n), the forward and
backward path algorithms check whether the current pattbearx-

tended to any of the surrounding frame-pair locations, tmred

by the local constrains seen in Figure 1.

_ Particularly, giver(m® n®) = (m;n) + (i;] ) where In order to test the proposed algorithm and to compare it with
(i:) £(1;2);(1;2); (2; 1)g for the forward path, and current state-of-the-art, we use a database recordeduisehby
() fC L 1;( L 2)( 2 1)g for the backward path, a 23 pegple using an HTC-touch cell phone in a variety of of ce
new frame-pair positiofm®, n°) is added to the currently consid- packground conditions [12]. Each person recorded a totai7of
ered path if the following conditions are met: isolated words, each one repeat®dion consecutive times, to a

The normalized global similarity score of the current path i total of 235 recorded words per person. All les were stored at

greater than any previous paths (if any) at that location: a sampling rate ofl1:025Hz with 16bit/sample. Each le was
parameterized withl0 MFCC every 10ms and cepstral Mean

Dg(m;n)+ S(M%n% _ Gg(m®n?) Substraction (CMS) wa_s_applied to the nal features. A ;impl
M (m;n)+1 > M (Mm% no) (1) energy-based voice activity detector_(VAD) was used to ielate
' ’ starting and ending non-speech regions. In order to addexbnt
The normalized global similarity is greater than a predelne to the words, two different pairs of start-end short sergsnof
cutoff threshold. 0:5s to 1:8s were recorded by a single speaker. Test acoustic
sequenceXy and Xy were built by appending such segments
to each recorded wordX y[i] = start; + word; + end; and

3. EXPERIMENTS

3.1. Database and Task

Dg(m;n) + S(m%n%

M(m;n)+1 >Thr @ Xv[j]= start, + word; + end,.
! . _ . o. _ Tests were performed in the following way: for each acoustic
If successful, we set (m®n%) = M (m;n)+1 andDg(m :n°) = sequenceX y [i] of each speaker, the best matching segment score

. 0. R
Dg(m;n) + S(m EO) EOte ?IOW Eqd 1 akl)lovxll(s uskto th“:]'n. thﬁ was found with each of the acoustic sequerXedj ] by the same
optimum DTW path without the need to backtrack, which is thegpequer given that6 |, totalling 1; 264; 770 matching runs. Note
key point to nd optimum alignments while avoiding the pre- .. bothXy[i] Xv[jJandXulj] Xv [i] comparisons were com-

ﬁomputanon of tr}e entire .S|Imllar.|ty mr?tnS(rrr]]; n). bAISOh. nNote  hted in order to measure whether any asymmetry in the shgori
ow at any given frame-pair location, the path can branchiroas .14 affect the nal results.

many as3 independent paths.

Any path is terminated at locatiqim; n) when none of the pos-
sible (m% n% meet the conditions above. In such case we proceed.2. Metrics and results
as follows: In the forward path step, for all paths sharing same
starting SP we keep only the longest one; in the backwardgigth
rithm we return the total path (backwards + forward) andvtrage
score if it exceeds the minimum lendth,in in both dimensions.

Figure 3 shows an exemplary similarity mat®(m;n) com-
puted with two different sequences containing the word tBama”.
Light and dark grey areas indicate locations where the aiitids
have been computed for the forward and backward step digusit
respectively, in addition to the SP points. The chosen pathany
length) are shown in black. Finally, white areas show whé@a-
putation has been skipped. The matching sequences areddoet
tween frameg57; 38) and(140; 130), in this case have been cor-
rectly identi ed by the algorithm.

The main metric used is the matching accuracy, computeddn th
following manner: given a comparison on two acoustic seqegen
XulilandXy [j ], for all sequencesin X y [i] (X u [i] used as query)
we compute the percentage of times that the best matching wor
Xv [j] corresponds to a different iteration of the same word. The
same is done for each sequefce Xv [j] (Xv [j] used as query)
and the average across all words and speakers is computedr Ot
two metrics considered are the average computing time ped-wo
pair (including parametrization) in milliseconds and terage ra-
tio of computed frame-pair distances in the similarity matmea-
suring algorithmic ef ciency.



Algorithm accuracy| avg. time | ratio nal paths. Figure 4 shows accuracy and the computed fraaes-p
Segmental DTW Eucl. | 80.61% | 82.7ms | 1 ratio as a function of such threshold. Values are computed avi
Segmental DTW inner prod, 74.62% | 86.7ms | 1 minimum length set th mn = 400ms. Optimum accuracy is found
U-DTW horiz. bands 89.53% | 10.6ms | 0.51 at threshold®:6 (Note that if two sequences were identical their nor-
U-DTW diag. bands 89.34% 9.0ms 0.42 malized inner product would bB.
standard DTW 95.42% 0.6ms -

Table 1. Comparison of algorithms for sequence matching within 4. CONCLUSIONS AND FUTURE WORK

context The use of Dynamic Time Warping (DTW) for pattern discovery

in speech has a wide range of interesting applications. Merye
] ] . the state-of-the-art algorithms in this area suffer froro tmportant
Table 1 compares the proposed U-DTW algorithm (using eithefimitations: the dif culty in nding matching sequences ah arbi-
SP selection method proposed) with the Segmental-DTWighgor  4rily occur within other sequences and the high comportaficost
proposed by Park and Glass in [5]. U-DTW uses a minimum lengthy computing the matches (exponential with the length of sbe
Lmn = 400ms and a separation between bands= =%p—and  guences). In this paper we have proposed a novel algorithiichw
¢ = =8 as described in Section 2.1. For the segmental DTWywe call Unbounded Dynamic Time Warping (U-DTW), which tack-
we used a minimum length 600ms, 70ms band size and band over- |es the aforementioned problems. First, it is able to nd wstiz
lap of 50%. The original segmental-DTW algorithm uses Euclideanmatches between two segments wherever these occur in the seg
distance as metric between frames while as U-DTW uses the noments, without any start-end restrictions. Second, it @oiyputes
malized inner product. We also computed segmental-DTWgusin similarities where needed, leading to signi cant compiotal sav-
1 inner product for comparison purposes. ings, mainly when the length of sequences increases. lIriauldi
Columns2 to 4 of Table 1 indicate the accuracy, average compu-to describing the U-DTW algorithm, we have compared its qerf
tation time per comparison and the average ratio of comguaete-  mance with one state-of-the-art algorithm, Segmental DTWa
pairs, respectively. From the results we see that asidedtwiaining  database 023 speakers each recodi@@5 words we have obtained
9% or more absolute improvement in accuracy using U-DTW v&@rsu promising results: U-DTW was able to improve the accuracg\sr
Segmental-DTW, the computational time is almd8ttimes faster. 9% while running almos10 times faster than a current state-of-the-
Both U-DTW SP selection methods obtain similar results. E\®v,  art algorithm. Future work will focus on applying the U-DTW t
the diagonal band approach can use slightly largeseparation be-  nding recurring patterns in speech recordings towardstimedia
tween bands and so the ratio of computed distances and tigueom indexing and classi cation.
tation time are slightly lower.
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