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Abstract—While a sound spoken is described by a handful of would be intractable to weigh feature frames of speech for tw
frame-level spectral vectors, not all frames have equal conibu-  reasons. Firstly, directly estimating a frame-specificghiefor
tion for either human perception or machine classification. In this every frame in a training database would be prone to overfit-

paper, we introduce a novel framework to automatically empha- fi v th ¢ £ mill h f S
size important speech frames relevant to phonetic information. Ing as usually there are tens of millions speech frames. Sec

We jointly learn the importance of speech frames by a distance Ondly, the training process would need to iteratively cotapu
metric across the phone classes, attempting to satisfy a largethe distance between all phone segment pairs; furthermore,
margin constraint: the distance from a segment to its correct labke  without correspondence, the distance calculation exivalst

class should be less than the distance to any other phone Clasgearches all the feature frame pairs, which exponentially
by the largest possible margin. Furthermore, an universal back- . . '
increases the computation cost.

ground model structure is proposed to give the correspondergc
between statistical models of phone types and tokens, allowing us  |n this paper, we propose a new framework to automati-
to use statistical models of each phone token in a large margin ¢oy emphasizémportant acoustic observations relevant to
speech recognition fram_ework. Experiments on TIMIT database honetic information. In the framework. we first estimate
demonstrated the effectiveness of our framework. P ’ " ' >
an global Gaussian Mixture Model (GMM), called Universal
|. INTRODUCTION background model (UBM), and then adapt it to obtain both
. . . hone-specific and token-specific (segment-specific)y GMMs
While a sound spoken is described by a handful of fram sing a Maximum a posteriori (MAP) training criterion. Then

level spectral vectors, not all frames have equal coniobut we jointly learn the weights on a kernel distance metric

for either human perception or machine classification. Ker € cross the phone classes based on the distances between

ample, it has been. showed that acoustic cues just aftgr CONSByment-specific (token-specific) and phone-specific {type
nant release, and just before consonant closure, provide mgE

e . . ) ecific) GMMs, attempting to satisfy a large margin con-
phonetic information than acoustic cues during the CIOSU§ aint: the distance from a segment to its correct labedscla

interval for human and machine recognition [1]. Landmar Should be less than the distance to any other phone clasg by th

bas_ed speech_ recognition is one .Of the ex_amples FO ConSi%? est possible margin. In this way, the weight of a Gaussia
salient acoustic cues (landmarks) in acoustic modeling2]in component of a phone-specific GMM is optimized, implicitly

aut.oma'uc spegch recognition was perform.ed by first d"‘mot'reflecting the importance of the acoustic frames associated
salient acoustic landmarks, then classifying the featafes |, .
.- with that component.

those landmarks. In [3], original spectral features weagsr i o
formed into high-dimensional landmark-based represemst ~ 1he new framework has five advantages: 1) Weighting
by support vector machines. A Hidden Markov Model for eac? Gaussian components instead of feature frames controls
phone was then trained using the transformed features as iff§€ number of free parameters that need to be estimated
observations. and therefore makes the framework suitable on large scale

A key problem with the landmark-based method has alwaf&oblems. 2) UBM-MAP structure gives the correspondence
been its need for manually labeled data, in order to identifiF"0Ss different GMMs, which greatly reduces the compurtati
the critical phone boundary times that serve as anchor goifiSt in the leaming process. 3) UBM-MAP also provides a
with respect to which the timing of phonetic information i¢!Nified framework within which to compare phone types and
distributed [2], [3]. We seek, instead, to learn which frame>®9ment tokens: each is a GMM. 4) Joint learning across
are important directly from the data, because human annct3€ classes leads to a globally consistent distance méfic t
tions are expensive and somewhat sub-optimal. Partigulaf@n be directly used in the testing phase. 5) Large margin
a speech frame may have different importance in differefpnstraints relate_ the ke.r.nel weights in a direct pr'opnrtm)
phonemes, which implies the weights must be associated wi§¢ number of misclassified phone segments, which matches
phone classes. We propose to automatically wéigportant he final evaluation criterion.
acoustic observations relevant to phonetic information. The paper is organized as follows: Section II-V discusses

Recently, Fromeet. al [4] proposed to adopt local distanceour approach in detail. In Section VI, we provide the phone
functions to selectively weigh training patches for imagelassification experiments results on TIMIT dataset. Fynal
classification. However, direct adaptation of their apptoa Section VIl draws the conclusion.



Il. SYSTEM FLOW MAP adaptation as an one iteration EM. In the E-step, we

The capability of UBM-MAP to represent small-sized samSOMPpute the posterior probability:
ples, together with the correspondence of Gaussian compo- AN (2,13 ik S )
nents across different models adapted from UBM, allows us to Pr(klze:) = ZK NN (g0 11, 5 _)» 3)
propose a quite distinct framework from conventional sheec J=1 G:t3 Hi» 2]

recognition schemes: to learn a separate GMM statistical ()
model for each segment token in the training database, and nek = Prklzg.), 4)
to let the segment models guide training of the phone token t=1
models using a large margin training criterion. where z,; is the t-th frame belonging to phone in the

The system is described below. First, a UBM is trained usingaining set, andl'(¢) denotes the total number of feature
all training data. Then for each phone model, the mean vecfmimes belonging te.
is adapted from the UBM by MAP adaptation; we call this Then the M-step updates the mean vectors, namely
a phone-specificGMM. In the same time, for each phone

segment, we also apply MAP adaptation, using the frames 1 @

belonging to the same segment, to the UBM to obtain a Esx(2) = Mo Z Pr(klzp,0) 2,1 )
segment-specifiGMM. The distance between a phone and oot )

a segment is then evaluated using a Gaussian kernel metric. fige = By r(Z)+ (1= apr)py (6)

In the testing (classification) phase, for an unknown segmen L) )
we label it with the phone class that gives the minimutfN€r€ ao.k = noi/(ngk +7); 11y is @ prior mean. The
distance to that segment. In the training phase, we optithize larger r, thg larger the influence of the prior distribution on
Gaussian kernel metric by optimizing the weights assodiatf'® @daptation. -
with Gaussian components (of phone GMMs) to satisfy a Similarly, we estimate a segment-specific GMM for each
large-margin constraint, and the optimization problem ban PhOne segment using Equation (3)-(6), except hat Equa-
formulated as a convex optimization problem. tion (4) is the number of frames belonging to the specific
In the following sections, we will describe (1) the UBM-S€gment.
MAP System, (2) the definition of Gaussian kernel metric, and

(3) the learning process for the weights in Gaussian kernel V. GAUSSIAN KERNEL METRIC

metrics. Since we have converted phone segments into GMMs, the
distance between a phone classnd a phone segmeinfan
. UBM-MAP SYSTEM be obtained through the distance between their correspgndi
A. Universal Background Model GMMs. An approximation to the Kullback-Leibler divergence

For ease of presentation, we denetas an acoustic feature"om & phone model GMM to a phone segment GMM [6] is
frame. Then, the distribution of the variabidis used as our distance metric:

K
p(2;0) = > MN(z; pr, X)), (1) .
2 Do) =
where A\, pi and 3, are the weight, mean and covariance
matrix of the kth Gaussian component, respectively, aid
is the total number of Gaussian components in a UBM. The
density is a weighted linear combination & unimodal

- (\/EE,Z%%,;C)T (\/EE;%M,JC)
(7)

1= 11>

dqﬁi,ka

ES
Il

1

Gaussian densities, namely, where )\, and 2k are the universal weight and covariance for
the k;, Gaussian component, and, ; and p;; denote the

N (z; e, ) = dl . e 3 (—) TS (z—pn) 2) adapted means for thig; Gaussian Component, f@r and:

(2m)2 |Zg|2 respectively. Furthermore, taking into account unequglom

Many approaches can be proposed to estimate the mo@\ce of different Gaussians in different phones, we matlifie
parameters. Here we obtain a maximum likelihood paramefefiuation (7) such that different Gaussian componentsxettie
set using the Expectation-Maximization (EM) algorithm.r FoPY %: in phone modep are assigned possibly different weights

computational efficiency, the covariance matrices areictstl ¢,k «
to be diagonal. ,
D (¢,i) =Y we kdgik, (8)

B. MAP Adaptation k=1

We obtain the phone-specific distribution model by adapitherew  is a non-negative value indicating the importance
ing the mean vectors of the UBM and retaining the mixaf the k'* Gaussian kernel in phone modgl the largerw,
ture weights and covariance matrices. For each phene shows more importance of theé" Gaussian kernel in phone
the mean vector§pgs . : £k =1,2,..., K} are adapted using model ¢.



V. KERNEL METRIC LEARNING Here we introduce a slack variabkg,, as in the standard
A. Optimization Problem SVM soft-margin form, to allow for some points to be on the

. . ._wrong side of the margin.
Based on the model-to-segment distance we just deflneJ, g g

the classification rule is simply as follows. For a given phong a1 Solver
segmenti, we choose the phone class that minimizes the

distance to the segment: To solve thg optimization_ problem in Equqtion_ (13), we fol-
R . . low the work in [4], converting the problem into its dual form
¢ = argmin D(¢, 7). (9) because the constraints on dual variables can be decoupled

and thus easier to solve than the primal form. The dual form

Under thi tting, h to | inE ti 8)i : p
nder this setting, we choose to learg ;, in Equation (8) in of the primal problem i

a large margin fashion, both because of its discriminative: a

nice generalization properties. Specifically, for eachning maxf(a, T)
segmenti, with its corresponding true label, we want to o, T
ensure that the following inequality holds, st Vi, ¢ 10 <ajy <C (14)
D (&) > D(¢3i) +1 ¥ £, (10) Yok vgk 20,
where

that is, the distance from the true phone modeko the

segment model should be less than any other phone model 2

¢’ to i by a margin. Denote the number of training segments Fla, ) = 1 ZOZWXW +71l + Z‘W“’ (15)

as N and the number of phonemes @s the total number 2 Py Y

of constraints given by Equation (10) l§(® — 1). To make

our formula clear, in the following we will first define someand ¥ = [V11-- V1K Vg - ..UQK]T. In addition, the

notations, depicting the constraints in a matrix manner.  conversion to the dual gives the following relation between
We concatenate the weights imposed in Equation (8) intoj® and its dual vectofr,

weight vectorW = [wy 1 ... w1k - Wy - wae k], Whose

total length is®K, where K is the number of Gaussian W=> aipgXiy + 1. (16)

kernels. Similarly, for each constraint with respect(ipg’) 0,9

in Equation (10), we introduce a distance vecidy, to be Since the constraints on the variableand T in Equa-

a yector of the same length ¥, with gll of its entries tion (14) are all decoupled, and the objective functfgn, 1)
being 0 except the _subr/ange; corr(_aspondlng to the true mqg%iln a convex form, the dual problem can be easily solved
¢ and the competitor)’ for i, which ?re set tody; and by block coordinate methods [8], [4]. The basic idea is to
—duyi 1eSpectively dy; = [dgi1 - - - dyic]7). In this way, the update one variable at one iteration, minimizing the object
constraints formulated in Equation (10) can be reformadied as other variables are fixed. In each iteration, the minimum
WTX,5 >1 Vi, ¢ # ¢. (11) point for o, or T is obtained by setting the first partial
derivatives of f(a,Y) to 0 and then clipping the values to

However, in a real world situation, the constraints can ®ot bhe feasible regions (considering the boundary conditions
possibly satisfied simultaneously for alh, (i, ¢'). Therefore, Equation (14)),

a relaxation is needed in the final objective function. Wexel
the constraints by introducing a penalty term that penslize o 1= (00 o Xgw) Xigr) 17)
linearly for deviation from the constraint; the empiricaks @ [[Xio I” 0.0]

of our model is defined as the sum of the hinge losses over
all constraints, T« max {07 D ai¢’Xi<¢>’} (18)
.;Jl — W Xig'ls, (12) Using Equation (16), updatini in Equation (18) is equivalent

to updatingiV,
where[z]; denote the functiomax {0, z}. On the other hand,
the regularization orfV is necessary to prevent over-fitting.
To this end, we impose afi, regularization penalty ofiV. W ¢ max O’Zai¢’Xi¢’ . (19)
The relative importance of these two criteria is specifiecaby 69!

hyper-paramete’, thus To summarize, the updating process performs Equation (17)

and Equation (19) iteratively, until the change of the dual

1 2
W = argmin_ W] +CD i function f(a,Y) is less than the threshold and most of

i¢’
.o
St Vi, ¢ : fi(b’ >0 (13) 1The dual form is derived using a Lagrangian function assediith the
Vi ¢/ W Xy > 1 — & primal problem. While the details are less relevant to the otmtethis paper,
) * -

the interested reader is referred to Section 4.4.1 of [7]tlier step-by-step
Vo, k:we i > 0. derivation of a dual function.



.. . e TABLE |
the KKT conditions are satisfied. For our problem, KKTggror RATES FOR PHONETIC CLASSIFICATION ON THEIMIT DATABASE.

conditions are

iy =0=>(W - X;p) > 1 [ Methods [ Accuracy(%) |
0< Qi < C= <W . Xi¢/> =1 (20) LeurL]JgBi/Inj\‘/Ii;e (11] Bg?él
iy > C = (W - X;r) < 1. UBM-MAP with KML 68.91

The practical optimizing procedure is detailed in Algomithi.  indow, along with their delta and delta-delta are cal@dat
Note that instead of sequentially updating, in the order of Fqor phonetic classification, we assume that the speech has
{(1,1)--- (N, ®)}, we randomly permute the order for eactheen segmented into phone units correctly. Within each @hon
epoch to speed up the optimization process. segment, we divide the frames into three regions with 3-4-
3 proportion, and each of three regions has a corresponding
GMM, formed by the method described in Ill. Consequently,

Algorithm 1 Dual solver for kernel selection

1: while [Af < ¢| do each phone class hs = 3k Gaussian kernels, wheteis the

22 A< {(11)--- (N, )} total number of Gaussian components in a prototype UBM.
3 make a random permutation &f o
4 while |Af < ¢| do B. Vowel Classification Accuracy
5: for i € A do As shown in Table I, our UBM-MAP system performs

6: if o satisfies KKT conditionghen better than the best result in [11], for the same 16 vowel

7 A+ A\i. categories. Furthermore, with kernel metric learning (KML
8: CONTINUE. the improvement is significant (absolute 3.3%).

9: else The classification errors also vary across different
10: g =WTX; -1 vowel/dithphong categories. To illustrate this, we show th
11: a; — o confusion matrices of the classification results assatiafieh
12: ; + min(max(a; — g;/ | Xi|*), C) UBM-MAP only and UBM-MAP with Kernel Metric Learn-

13: W = max(W + (o; — @;)X;,0) ing, respectively, in Figure 1. In our UBM-MAP only baseljne
14: end if the long vowels/diphthongs generally attain higher cfassi
15: end for tion accuracy than the short vowels. It can be explained by at
16: end while least two causes. First, short vowels are subject to thectienu
17: end while effect due to the phonetic context more severely. Secomd, lo
vowel segments comprise more frames, which can be better
VI. EXPERIMENTS modeled under our framework as we apply MAP adaptation

. . to each segment to obtain a segment-specific model, and more
A. Experimental Setting frames give a more reliable adapted model.

To evaluate the performance of our kernel metric After Kernel Metric Learning, diphthongs generally have
learning, we conduct experiments on vowel classifsignificant marginal gains over our UBM-MAP baseline (/oy/:
cation using the TIMIT corpus [9]. A total of 16 63% to 75%, /ey/: 74% to 78%), whereas several short vowels
vowels were used, including 13 monophthongal vowgenerally improve with smaller gain (/ao/: 65% to 67%, /aa/:
els /iy,ih,eh,ey,ae,aa,ah,ao,ow,uh,ux,er,uw/ and 3tligotys 599 to 60%) or even possibly have degradations (/uh/: 38%
lay,oy,aw/. The training set has 462 speakers, and a disjai) 24%, /ae/: 61% to 57%). These changes are consistent with
set of 50 speakers forms the evaluation set. The training agfat we expect with our framework. Short vowels have static
the evaluation set here are the same as the training and \B&el quality along the speech frames, while diphthongs and
development set defined in [10]. some long vowels are more nonstationary. Thus the ideally

We focus on vowels, rather than all phones, because mpgirned weight by KML should be more uniformly distributed
phone classification experiments have reported that vaavels for short vowels, which implies that short vowels (closer to

more difficult than phones in general. In [10], for examphe t the baseline), might benefit less from our weight-learning
set of all phones was classified with 78.5% accuracy, but themework.

set of vowels was classified with only 71.5% accuracy. In [10]

the classifier was a segmental classifier with five subsegment VII. CONCLUSIONS

per token; our system, with only three subsegments per fokenin this paper, we introduce a novel framework that can

may achieve lower accuracy than that reported by [10]. Alslgarn a phone-dependent kernel metric that weighs impbortan

a different set of vowels was used in [10]. To our knowledgsepeech frames in a discriminative way. We jointly learn the

the best vowel classification using only three subsegmemts pnportance of speech frames by a distance metric across the

token, for the same 16 vowel categories as used in this pag#rone classes, which leads to a globally consistent distanc

is about 63% phone classification accuracy [11]. metric that can be directly used in the testing phase. Also,
Frame-based spectral features (12 PLP coefficients plasge margin training relates the kernel weights in a direct

energy) with a5 ms frame rate and @5 ms Hamming proportion to the number of misclassified phone segments,



Fig. 1. The confusion matrices for UBM-MAP (left) and UBM-MARith Kernel Metric Learning (right). The entry in thé” row and;j*"* column is the
percentage of speech segments from photieat were classified as phore (For better viewing quality, refer to the electronic PDFe jjl
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which matches the final evaluation criterion. A UBM-MARP[8] D. P. BertsekasNonlinear Programming Athena Scientific, September
structure structure is proposed to give correspondenaessicr_ 1999

h d del hich red h | .y[%fJ. S. Garofolo, L. F. Lamel, W. M. Fisher, J. G. Fiscus, D.Fallett,
phone and segment models, which reduces the complexity 0f yng N, L. Dahigren, “Darpa timit acoustic phonetic contins@peech

the learning process and makes our framework appropriate corpus,” 1993.
to a |arge scale problem. Experiments on TIMIT databa¥] A. K. Halberstadt, “Heterogeneous acoustic measuresremi multiple

. classifiers for speech recognition,” Ph.D. dissertatiorasdachusetts
demonstrated the effectiveness of our framework. We also |nsitute of Technology, 1998.

found that our framework can improve the classification @f1] H. Leung and V. Zue, “Phonetic classification using mlgsier percep-
diphthongs more than other vowel categories. trons,” ICASSR vol. 1, pp. 525-528, 1990.
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