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Abstract—While a sound spoken is described by a handful of
frame-level spectral vectors, not all frames have equal contribu-
tion for either human perception or machine classification. In this
paper, we introduce a novel framework to automatically empha-
size important speech frames relevant to phonetic information.
We jointly learn the importance of speech frames by a distance
metric across the phone classes, attempting to satisfy a large
margin constraint: the distance from a segment to its correct label
class should be less than the distance to any other phone class
by the largest possible margin. Furthermore, an universal back-
ground model structure is proposed to give the correspondence
between statistical models of phone types and tokens, allowing us
to use statistical models of each phone token in a large margin
speech recognition framework. Experiments on TIMIT database
demonstrated the effectiveness of our framework.

I. I NTRODUCTION

While a sound spoken is described by a handful of frame-
level spectral vectors, not all frames have equal contribution
for either human perception or machine classification. For ex-
ample, it has been showed that acoustic cues just after conso-
nant release, and just before consonant closure, provide more
phonetic information than acoustic cues during the closure
interval for human and machine recognition [1]. Landmark-
based speech recognition is one of the examples to consider
salient acoustic cues (landmarks) in acoustic modeling. In[2],
automatic speech recognition was performed by first detecting
salient acoustic landmarks, then classifying the featuresof
those landmarks. In [3], original spectral features were trans-
formed into high-dimensional landmark-based representations
by support vector machines. A Hidden Markov Model for each
phone was then trained using the transformed features as input
observations.

A key problem with the landmark-based method has always
been its need for manually labeled data, in order to identify
the critical phone boundary times that serve as anchor points
with respect to which the timing of phonetic information is
distributed [2], [3]. We seek, instead, to learn which frames
are important directly from the data, because human annota-
tions are expensive and somewhat sub-optimal. Particularly,
a speech frame may have different importance in different
phonemes, which implies the weights must be associated with
phone classes. We propose to automatically weighimportant
acoustic observations relevant to phonetic information.

Recently, Fromeet. al [4] proposed to adopt local distance
functions to selectively weigh training patches for image
classification. However, direct adaptation of their approach

would be intractable to weigh feature frames of speech for two
reasons. Firstly, directly estimating a frame-specific weight for
every frame in a training database would be prone to overfit-
ting as usually there are tens of millions speech frames. Sec-
ondly, the training process would need to iteratively compute
the distance between all phone segment pairs; furthermore,
without correspondence, the distance calculation exhaustively
searches all the feature frame pairs, which exponentially
increases the computation cost.

In this paper, we propose a new framework to automati-
cally emphasizeimportant acoustic observations relevant to
phonetic information. In the framework, we first estimate
an global Gaussian Mixture Model (GMM), called Universal
background model (UBM), and then adapt it to obtain both
phone-specific and token-specific (segment-specific) GMMs
using a Maximum a posteriori (MAP) training criterion. Then
we jointly learn the weights on a kernel distance metric
across the phone classes based on the distances between
segment-specific (token-specific) and phone-specific (type-
specific) GMMs, attempting to satisfy a large margin con-
straint: the distance from a segment to its correct label class
should be less than the distance to any other phone class by the
largest possible margin. In this way, the weight of a Gaussian
component of a phone-specific GMM is optimized, implicitly
reflecting the importance of the acoustic frames associated
with that component.

The new framework has five advantages: 1) Weighting
on Gaussian components instead of feature frames controls
the number of free parameters that need to be estimated
and therefore makes the framework suitable on large scale
problems. 2) UBM-MAP structure gives the correspondence
across different GMMs, which greatly reduces the computation
cost in the learning process. 3) UBM-MAP also provides a
unified framework within which to compare phone types and
segment tokens: each is a GMM. 4) Joint learning across
the classes leads to a globally consistent distance metric that
can be directly used in the testing phase. 5) Large margin
constraints relate the kernel weights in a direct proportion to
the number of misclassified phone segments, which matches
the final evaluation criterion.

The paper is organized as follows: Section II-V discusses
our approach in detail. In Section VI, we provide the phone
classification experiments results on TIMIT dataset. Finally,
Section VII draws the conclusion.



II. SYSTEM FLOW

The capability of UBM-MAP to represent small-sized sam-
ples, together with the correspondence of Gaussian compo-
nents across different models adapted from UBM, allows us to
propose a quite distinct framework from conventional speech
recognition schemes: to learn a separate GMM statistical
model for each segment token in the training database, and
to let the segment models guide training of the phone token
models using a large margin training criterion.

The system is described below. First, a UBM is trained using
all training data. Then for each phone model, the mean vector
is adapted from the UBM by MAP adaptation; we call this
a phone-specificGMM. In the same time, for each phone
segment, we also apply MAP adaptation, using the frames
belonging to the same segment, to the UBM to obtain a
segment-specificGMM. The distance between a phone and
a segment is then evaluated using a Gaussian kernel metric.
In the testing (classification) phase, for an unknown segment,
we label it with the phone class that gives the minimum
distance to that segment. In the training phase, we optimizethe
Gaussian kernel metric by optimizing the weights associated
with Gaussian components (of phone GMMs) to satisfy a
large-margin constraint, and the optimization problem canbe
formulated as a convex optimization problem.

In the following sections, we will describe (1) the UBM-
MAP System, (2) the definition of Gaussian kernel metric, and
(3) the learning process for the weights in Gaussian kernel
metrics.

III. UBM-MAP S YSTEM

A. Universal Background Model

For ease of presentation, we denotez as an acoustic feature
frame. Then, the distribution of the variablez is

p(z; Θ) =

K
∑

k=1

λkN (z;µk,Σk), (1)

whereλk, µk and Σk are the weight, mean and covariance
matrix of the kth Gaussian component, respectively, andK
is the total number of Gaussian components in a UBM. The
density is a weighted linear combination ofK unimodal
Gaussian densities, namely,

N (z;µk,Σk) =
1

(2π)
d
2 |Σk|
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(z−µk)

TΣ−1

k
(z−µk). (2)

Many approaches can be proposed to estimate the model
parameters. Here we obtain a maximum likelihood parameter
set using the Expectation-Maximization (EM) algorithm. For
computational efficiency, the covariance matrices are restricted
to be diagonal.

B. MAP Adaptation

We obtain the phone-specific distribution model by adapt-
ing the mean vectors of the UBM and retaining the mix-
ture weights and covariance matrices. For each phoneφ,
the mean vectors{µφ,k : k = 1, 2, . . . ,K} are adapted using

MAP adaptation as an one iteration EM. In the E-step, we
compute the posterior probability:

Pr(k|zφ,t) =
λkN (zφ,t;µk,Σk)

∑K
j=1 λjN (zφ,t;µj ,Σj)

, (3)

nφ,k =

T (φ)
∑

t=1

Pr(k|zφ,t), (4)

where zφ,t is the t-th frame belonging to phoneφ in the
training set, andT (φ) denotes the total number of feature
frames belonging toφ.

Then the M-step updates the mean vectors, namely

Eφ,k(Z) =
1

nφ,k

T (φ)
∑

t=1

Pr(k|zφ,t)zφ,t, (5)

µ̂φ,k = αφ,kEφ,k(Z) + (1− αφ,k)µ
(0)
φ,k, (6)

whereαφ,k = nφ,k/(nφ,k + r); µ
(0)
φ,k is a prior mean. The

larger r, the larger the influence of the prior distribution on
the adaptation.

Similarly, we estimate a segment-specific GMM for each
phone segment using Equation (3)-(6), except thatT in Equa-
tion (4) is the number of frames belonging to the specific
segment.

IV. GAUSSIAN KERNEL METRIC

Since we have converted phone segments into GMMs, the
distance between a phone classφ and a phone segmenti can
be obtained through the distance between their corresponding
GMMs. An approximation to the Kullback-Leibler divergence
from a phone model GMM to a phone segment GMM [6] is
used as our distance metric:

D(φ, i) =
K
∑

k=1

−
(

√

λkΣ
− 1

2

k µφ,k

)T (

√

λkΣ
− 1

2

k µi,k

)

=
K
∑

k=1

dφi,k,

(7)

whereλk andΣk are the universal weight and covariance for
the kth Gaussian component, andµφ,k and µi,k denote the
adapted means for thekth Gaussian Component, forφ and i
respectively. Furthermore, taking into account unequal impor-
tance of different Gaussians in different phones, we modified
Equation (7) such that different Gaussian components, indexed
by k, in phone modelφ are assigned possibly different weights
wφ,k:

D (φ, i) =

K
∑

k=1

wφ,kdφi,k, (8)

wherewφ,k is a non-negative value indicating the importance
of thekth Gaussian kernel in phone modelφ; the largerwφ,k

shows more importance of thekth Gaussian kernel in phone
modelφ.



V. K ERNEL METRIC LEARNING

A. Optimization Problem

Based on the model-to-segment distance we just defined,
the classification rule is simply as follows. For a given phone
segmenti, we choose the phone class that minimizes the
distance to the segment:

φ̂ = argminD(φ, i). (9)

Under this setting, we choose to learnwφ,k in Equation (8) in
a large margin fashion, both because of its discriminative and
nice generalization properties. Specifically, for each training
segmenti, with its corresponding true labelφ, we want to
ensure that the following inequality holds,

D (φ′, i) ≥ D (φ; i) + 1 ∀φ′ 6= φ, (10)

that is, the distance from the true phone modelφ to the
segment modeli should be less than any other phone model
φ′ to i by a margin. Denote the number of training segments
as N and the number of phonemes asΦ, the total number
of constraints given by Equation (10) isN(Φ − 1). To make
our formula clear, in the following we will first define some
notations, depicting the constraints in a matrix manner.

We concatenate the weights imposed in Equation (8) into a
weight vectorW = [w1,1 . . . w1,K . . . wφ,k . . . wΦ,K ]

T , whose
total length isΦK, where K is the number of Gaussian
kernels. Similarly, for each constraint with respect to(i, φ′)
in Equation (10), we introduce a distance vectorXiφ′ to be
a vector of the same length asW , with all of its entries
being 0 except the subranges corresponding to the true model
φ and the competitorφ′ for i, which are set todφi and
−dφ′i respectively (dφi = [dφi,1 . . . dφi,K ]T ). In this way, the
constraints formulated in Equation (10) can be reformattedas

WTXiφ′ ≥ 1 ∀i, φ′ 6= φ. (11)

However, in a real world situation, the constraints can not be
possibly satisfied simultaneously for all (φ, i, φ′). Therefore,
a relaxation is needed in the final objective function. We relax
the constraints by introducing a penalty term that penalizes
linearly for deviation from the constraint; the empirical loss
of our model is defined as the sum of the hinge losses over
all constraints,

∑

i,φ′ 6=φ

[1−W ·Xiφ′ ]+, (12)

where[z]+ denote the functionmax {0, z}. On the other hand,
the regularization onW is necessary to prevent over-fitting.
To this end, we impose anL2 regularization penalty onW .
The relative importance of these two criteria is specified bya
hyper-parameterC, thus

W = argmin
W

1

2
‖W‖2 + C

∑

iφ′

ξiφ′

s.t. ∀i, φ′ : ξiφ′ ≥ 0

∀i, φ′ : W ·Xiφ′ ≥ 1− ξiφ′

∀φ, k : wφ,k ≥ 0.

(13)

Here we introduce a slack variableξiφ′ , as in the standard
SVM soft-margin form, to allow for some points to be on the
wrong side of the margin.

B. Dual Solver

To solve the optimization problem in Equation (13), we fol-
low the work in [4], converting the problem into its dual form
because the constraints on dual variables can be decoupled
and thus easier to solve than the primal form. The dual form
of the primal problem is1

max
α,Υ

f(α,Υ)

s.t. ∀i, φ′ : 0 ≤ αiφ′ ≤ C

∀φ, k : υφ,k ≥ 0,

(14)

where

f(α,Υ) = −
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+
∑

i,φ′

αiφ′ , (15)

and Υ = [υ1,1 . . . υ1,K . . . υφ,k . . . υΦ,K ]
T . In addition, the

conversion to the dual gives the following relation between
W and its dual vectorΥ,

W =
∑

i,φ′

αiφ′Xiφ′ +Υ. (16)

Since the constraints on the variableα and Υ in Equa-
tion (14) are all decoupled, and the objective functionf(α,Υ)
is in a convex form, the dual problem can be easily solved
by block coordinate methods [8], [4]. The basic idea is to
update one variable at one iteration, minimizing the objective
as other variables are fixed. In each iteration, the minimum
point for αiφ′ or Υ is obtained by setting the first partial
derivatives off(α,Υ) to 0 and then clipping the values to
the feasible regions (considering the boundary conditionsin
Equation (14)),

ˆαiφ′ ←

[

1−〈(
∑
j,ψ 6=i,φ′ αjψXjψ)·Xiφ′〉
‖Xiφ′‖

2

]

[0,C]

(17)

Υ← max
{

0,
∑

i,φ′ αiφ′Xiφ′

}

(18)

Using Equation (16), updatingΥ in Equation (18) is equivalent
to updatingW ,

W ← max



0,
∑

i,φ′

αiφ′Xiφ′



 . (19)

To summarize, the updating process performs Equation (17)
and Equation (19) iteratively, until the change of the dual
function f(α,Υ) is less than the threshold and most of

1The dual form is derived using a Lagrangian function associated with the
primal problem. While the details are less relevant to the context of this paper,
the interested reader is referred to Section 4.4.1 of [7] forthe step-by-step
derivation of a dual function.



the KKT conditions are satisfied. For our problem, KKT
conditions are

αiφ′ = 0⇒〈W ·Xiφ′〉 ≥ 1

0 < αiφ′ < C ⇒〈W ·Xiφ′〉 = 1

αiφ′ > C ⇒〈W ·Xiφ′〉 ≤ 1.

(20)

The practical optimizing procedure is detailed in Algorithm 1.
Note that instead of sequentially updatingαiφ′ in the order of
{(1, 1) · · · (N,Φ)}, we randomly permute the order for each
epoch to speed up the optimization process.

Algorithm 1 Dual solver for kernel selection
1: while |∆f < ǫ| do
2: A← {(1, 1) · · · (N,Φ)}
3: make a random permutation ofA
4: while |∆f < ǫ| do
5: for i ∈ A do
6: if α satisfies KKT conditionsthen
7: A← A\i.
8: CONTINUE.
9: else

10: gi = WTXi − 1
11: ᾱi ← αi

12: αi ← min(max(αi − gi/ ‖Xi‖
2
), C)

13: W ← max(W + (αi − ᾱi)Xi,0)
14: end if
15: end for
16: end while
17: end while

VI. EXPERIMENTS

A. Experimental Setting

To evaluate the performance of our kernel metric
learning, we conduct experiments on vowel classifi-
cation using the TIMIT corpus [9]. A total of 16
vowels were used, including 13 monophthongal vow-
els /iy,ih,eh,ey,ae,aa,ah,ao,ow,uh,ux,er,uw/ and 3 diphthongs
/ay,oy,aw/. The training set has 462 speakers, and a disjoint
set of 50 speakers forms the evaluation set. The training and
the evaluation set here are the same as the training and the
development set defined in [10].

We focus on vowels, rather than all phones, because most
phone classification experiments have reported that vowelsare
more difficult than phones in general. In [10], for example, the
set of all phones was classified with 78.5% accuracy, but the
set of vowels was classified with only 71.5% accuracy. In [10],
the classifier was a segmental classifier with five subsegments
per token; our system, with only three subsegments per token,
may achieve lower accuracy than that reported by [10]. Also,
a different set of vowels was used in [10]. To our knowledge,
the best vowel classification using only three subsegments per
token, for the same 16 vowel categories as used in this paper,
is about 63% phone classification accuracy [11].

Frame-based spectral features (12 PLP coefficients plus
energy) with a5 ms frame rate and a25 ms Hamming

TABLE I
ERROR RATES FOR PHONETIC CLASSIFICATION ON THETIMIT DATABASE.

Methods Accuracy(%)

Leung and Zue [11] 63
UBM-MAP 65.61

UBM-MAP with KML 68.91

window, along with their delta and delta-delta are calculated.
For phonetic classification, we assume that the speech has
been segmented into phone units correctly. Within each phone
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 III. Consequently,
each phone class hasK = 3k Gaussian kernels, wherek is the
total number of Gaussian components in a prototype UBM.

B. Vowel Classification Accuracy

As shown in Table I, our UBM-MAP system performs
better than the best result in [11], for the same 16 vowel
categories. Furthermore, with kernel metric learning (KML),
the improvement is significant (absolute 3.3%).

The classification errors also vary across different
vowel/dithphong categories. To illustrate this, we show the
confusion matrices of the classification results associated with
UBM-MAP only and UBM-MAP with Kernel Metric Learn-
ing, respectively, in Figure 1. In our UBM-MAP only baseline,
the long vowels/diphthongs generally attain higher classifica-
tion accuracy than the short vowels. It can be explained by at
least two causes. First, short vowels are subject to the reduction
effect due to the phonetic context more severely. Second, long
vowel segments comprise more frames, which can be better
modeled under our framework as we apply MAP adaptation
to each segment to obtain a segment-specific model, and more
frames give a more reliable adapted model.

After Kernel Metric Learning, diphthongs generally have
significant marginal gains over our UBM-MAP baseline (/oy/:
63% to 75%, /ey/: 74% to 78%), whereas several short vowels
generally improve with smaller gain (/ao/: 65% to 67%, /aa/:
59% to 60%) or even possibly have degradations (/uh/: 38%
to 24%, /ae/: 61% to 57%). These changes are consistent with
what we expect with our framework. Short vowels have static
vowel quality along the speech frames, while diphthongs and
some long vowels are more nonstationary. Thus the ideally
learned weight by KML should be more uniformly distributed
for short vowels, which implies that short vowels (closer to
the baseline), might benefit less from our weight-learning
framework.

VII. C ONCLUSIONS

In this paper, we introduce a novel framework that can
learn a phone-dependent kernel metric that weighs important
speech frames in a discriminative way. We jointly learn the
importance of speech frames by a distance metric across the
phone classes, which leads to a globally consistent distance
metric that can be directly used in the testing phase. Also,
large margin training relates the kernel weights in a direct
proportion to the number of misclassified phone segments,



Fig. 1. The confusion matrices for UBM-MAP (left) and UBM-MAPwith Kernel Metric Learning (right). The entry in theith row andjth column is the
percentage of speech segments from phonei that were classified as phonej. (For better viewing quality, refer to the electronic PDF file.)
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which matches the final evaluation criterion. A UBM-MAP
structure structure is proposed to give correspondence across
phone and segment models, which reduces the complexity of
the learning process and makes our framework appropriate
to a large scale problem. Experiments on TIMIT database
demonstrated the effectiveness of our framework. We also
found that our framework can improve the classification of
diphthongs more than other vowel categories.
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