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INTRODUCTION

CT:

speech recognition systems, heavily based in statistical met
we can exploit complex and powerful computers to provid

to real world problems. Yet, these systems are extremely p
ans learn to recognize and understand speech. In this talk, w

in speech recognition, and describe a new generation of t
s of discrimination and risk minimization. We will show that
oach based on Support Vector Machines resulted in a 10% re
a small vocabulary task.We will describe on-going research
hniques more feasible for large scale tasks and developing m
n techniques.

PHY:

Picone is currently a Professor in the Department of Elec
ring at Mississippi State University, where he also directs th
rmation Processing. He has previously been employed by Te
ll Laboratories. Dr. Picone received his Ph.D. in Electrical En
of Technology in 1983. He is a Senior Member of the IE

onal Engineer.



INTRODUCTION

Two fu l challenges for modern speech recognition systems:

Pronu odeling: Acoustic Confusability:

“D ed and merged into “you
ge t the resulting word is
pro “jyuge.”

De  for phonemes: ~12%
De  for syllables: ~1%

Sy  a promising acoustic unit.

D MUCH BACK

-30.0

-20.0

-10.0

0.0

10.0

20.0

30.0

-30.0 -20.0 -10.0 0.0 10.0 20.0 30.0

• First two cepstral coefficients for all
vowels (based on a conversational
speech corpus — SWITCHBOARD).

• Overlap represents a fundamental
barrier for good classification.
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STATE OF THE ART

A nois munication channel model for speech production and perception:

essage
Source

Linguistic
Channel

Articulatory
Channel

Acoustic
Channel

O vab essage Words Phones Features

esi rmulation for speech recognition:

ject inimize the word error rate by maximizing

roa aximize  (training)

mpo s:

• : acoustic model (hidden Markov models, mixture of Gaussians)

• : language model (statistical, N-grams, finite state networks)

• : acoustics (ignore during maximization)

la ge model typically predicts a small set of next words based on knowledge of a
te n r of previous words (N-grams) — leads to search space reduction.
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STATE OF THE ART

• Acoustic models encode the temporal
evolution of the features (spectrum).

aussian mixture distributions are
ed to account for variations in
eaker, accent, and pronunciation.

aring model parameters is a
mmon strategy to reduce
mplexity.

e goal of our research is to replace
e Gaussian likelihood computation
 each state with a machine that
corporates notions of:
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STATE OF THE ART

• Data-driven modeling supervised only from
a word-level transcription.

e expectation/maximization (EM)
gorithm is used to improve our estimates:

pproach: maximum likelihood estimation

mputationally efficient training algorithms
orward-Backward) have been crucial.
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ters, minimize system complexity,
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RISK MINIMIZATION

Conve ce in maximum likelihood does not translate to optim ification:

uti ust balance representation and discrimination in a n framework (rather
n a ating between the two in a bootstrapped training pro .
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ror lts from fitting uniform distributions
th sians (and using an ML boundary).

nce  classes are separable, finding the
tim ecision surface is trivial.

• Data not s e by a hyperplane
(a nonline ifier is needed).

• Gaussian dels tend towards
the center  (overtraining).
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RISK MINIMIZATION

• Expected Risk:

t possible to estimate .

pirical Risk Minimization:

lated by VC (Vapnik-Chervonenkis)
mension:

is referred to as the VC confidence,

a confidence measure ( ).

proach: choose the machine that gives
e least upper bound on actual risk
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empirical risk
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Expected risk

optimum

• The VC dimension,  is a measure of the
capacity of the learning machine.

• Principle of structural risk minimization
(SRM) (Vapnik, 1979) involves finding the
subset of functions that minimizes the
bound on the actual risk.

• Optimal hyperplane classifiers achieve zero
empirical risk for linearly separable data.
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SUPPORT VECTOR MACHINES

rigin

class 1

class 2

w

H1

H2

C1

CO C2

optimal
classifier

perplanes C0-C2 achieve perfect
ssification — zero empirical risk.

is optimal in terms of generalization.

e data points that define the
undary are called support vectors.

Optimization (Separable Data)

• Hyperplane:

• Constraints:

The data points that satisfy the equality are
called support vectors.

• Optimize:

• Minimization of this Lagrange functional
minimizes risk criterion (maximizes margin).

• Final classifier:
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SUPPORT VECTOR MACHINES

HMM

SEGMENTAL

Segment
Information

Features (Mel-Cepstra)

HYBRID

Hypothesis

RECOGNITION

N-best

List

Segmental
Features

• Rescore N-best lists using
phone classifiers

• Use a segmental modeling
approach for phone classifiers

• 10.6% on AD task using hybrid
system that combines HMM
and SVM scores

perimental Results: Continuous Speech

Information Source HMM Hybrid

anscription Segmentation AD SWB AD SWB

N-best Hypothesis 11.9 41.6 11.0 40.6

N-best N-best 12.0 42.3 11.8 42.1

-best + Ref. Reference — — 3.3 5.8

-best + Ref. N-best + Ref. 11.9 38.6 9.1 38.1

• Experimental Results: Deterding Vowel
(11 vowels spoken in “h*d” context)

Approach Error Rate

K-Nearest Neighbor 44%

Gaussian Node Network 44%

SVM: Polynomial Kernels 49%

SVM: RBF Kernels 35%

Separable Mixture Models 30%

RVM: RBF Kernels 30%

• A Hybrid Speech Recognition Framework

CONVERTER

DECODER
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N
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RELEVANCE VECTOR MACHINES

Drawbacks of SVMs:

• Complexity scales linearly with the training
data for nontrivial problems (prohibitive for

rge speech recognition tasks).

arsity of the model should be explicit in
e optimization of the model.

ed a posterior probability, not distance.

e sigmoid approximation tends to
erestimate confidence (Tipping).

levance Vector Machines:

kernel-based learning technique.
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• As with SVMs, the RVMs are formed by
defining a vector-to-scalar mapping:

• RVMs take a Bayesian approach and
explicitly define an ARD prior distribution
over the weights:

• To complete the Bayesian specification of
the model, we use a non-informative (flat)

ining data set can

.
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porates an automatic relevance
mination (ARD) prior over each model
eter.

s typically require an order of
itude less parameters that SVMs, but

ire significantly more training time.

prior for .

• The likelihood of the tra
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r Machines

 vs. all”

.

find:

iteratively find  then .

Training Complexity: O(N3)

Classification: Threshold decoding (0.5)

Decoding: Integrated likelihood computation
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Data:
Class labels: {0,1}; “one

Goal: Learn posterior,

Training:
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decision surface that maximizes the
in between two classes

g:

st parameters under constraint:

ize:

xi w⋅ b+( ) 1 ξi–≥ i∀

1 2 N N



E-Step
AccumulationE-Step

Accumulation

M-Step
RVM training

• First Attempt: A Hybrid Approach

• Use HMM system to generate
segmentations and phone hypotheses

• Use RVM to rescore phone hypotheses

• Problem: as with SVMs, RVMs not
exposed to alternate segmentations

RELEVANCE VECTOR MACHINES

• Second Attempt (Under Development):

• Convergence properties and efficient
training methods are critical.

• Bootstrapping or incremental training

• Available as part of the ISIP speech
recognition toolkit.

RVM(ot) RVM(ot) RVM(ot)

HMMs with RVM
Emission Distributions

Iterative Parameter
Estimation Similar

to Baum-Welch
Training of HMMs

HMM

SEGMENTAL

Segment
Information

Features (Mel-Cepstra)

HYBRID

Hypothesis

RECOGNITION

N-best

List

Segmental
Features

CONVERTER

DECODER



RELEVANCE VECTOR MACHINES

• Experimental Results: Deterding Vowel
(11 vowels spoken in “h*d” context)

• RVMs yield superior sparsity with
comparable generalization.

Approach Error Rate

K-Nearest Neighbor 44%

Gaussian Node Network 44%

SVM: Polynomial Kernels 49%

SVM: RBF Kernels 35%

Separable Mixture Models 30%

RVM: RBF Kernels 30%

Approach Avg. Parameter Count

SVM: RBF Kernels 83 SVs

RVM: RBF Kernels 13 RVs

• Experimental Results: OGI Alphadigits
(telephone bandwidth letters and numbers)

• Hybrid RVM system is mirror of hybrid SVM
system (still has segmentation problem).

• Reduced training set size (2000 examples
per phone class).

• RVM yields a large reduction in parameter
count — translates to large efficiency boost
for decoder.

• Computational cost mainly in training, but is
still prohibitive for large data sets.

Approach
Error
Rate

Avg.
Parameter

Count

Training
Time

Testing
Time

SVM 16.4% 257 SVs 1/2 hour 30 mins

RVM 16.2% 12 RVs 1 month 1 min
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CONCLUSIONS

iples of structural risk minimization have been applied to speec
rmance on pilot experiments such as the OGI Alphadigits corpu
le experiments indicate tremendous potential.

ort Vector Machines (SVMs) can reduce system complexity by 
ts over traditional hidden Markov model-based systems. Howeve
igh for large speech recognition tasks.

vance Vector Machines (RVMs) were introduced as a way of red
lexity, but maintaining high levels of performance. Preliminary r

gh these techniques are conceptually attractive, there are many
utational issues to be explored before this technology will be as
s. Perhaps the two most important issues are:

Closed-loop training: Vector machines must be exposed to alter
during training (SVM lattice rescoring experiments have been di

Computational complexity of RVMs is prohibitive — O(N3)

re research will focus on integrating this technology with syllable
cumvent the pronunciation modeling problem.
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APPENDIX: SUPPORT VECTOR MACHINES

• Data for practical applications typically
not separable using a hyperplane in the
original input feature space

• Transform data to higher dimension
where hyperplane classifier is sufficient
to model decision surface

• Kernels used for this transformation

• Final classifier:

• Soft margin classifiers used in practice:

Φ : ℜn ℜN→

K xi x j,( ) Φ xi( ) Φ x j( )⋅=

f x( ) αi yi
K x xi,( ) b+

i 1=

numSVs

∑=

yi xi w⋅ b+( ) 1 ξi–≥ i∀

• SVMs do not generate likelihoods directly

• Posterior estimation required for speech

• Use a sigmoid function to map distances
to posteriors:

SVM Distances
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positive examples

negative examples
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APPENDIX: RELEVANCE VECTOR MACHINES

• First level of inference:

: the set of adjustable parameters
: data from which we make inferences
: overall model

• Second level of inference:

if , best model chosen by

evaluating evidence .

• Evidence marginalized across model
parameters:

• It is impractical to compute this integral, so
we need an approximation.

P w D Hi,( )
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w
ŵ
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P w Hi( )

P w D Hi,( )

w

σw

• Evidence approximation for a single
model (Gaussian assumption)

• The parameter’s prior distribution and
the posterior distribution width
determine the model complexity



APPENDIX: OVERFITTING

• Under the assumption that the posterior
probability is Gaussian:

e marginalization integral can be
sumed to have a strong peak at the most
obable value of the parameters, .

e evidence can then be approximated by
ultiplication of the height of the integrand
d the width of the posterior, .

e evidence is approximated by

ven

,1] 
ste

P w D Hi,( ) P D w Hi,( )P w Hi( )≈

ŵ

w∆

D

D

ŵ(

• The objective in training:

• Using Bayes’ rule:

• A closed form solution to this maximization
is not possible.

• An iterative approximation has been
developed by MacKay that has complexity

O(N3) and is based on Gaussian
le for large speech

 to Minimum
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C).
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 is the likelihood of the data

 the best-fit parameter set

 is a penalty on the range of

which measures how well our
rior model fits our prior assumptions.
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Hi ) w∆

assumptions. Not feasib
recognition tasks.

• This approach is similar
Description Length (MD
Information Criterion (BI


