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Introduction (1/4) 
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Introduction (2/4)

The goal of speech recognition can be 
viewed as a decision problem

i.e. based on the information of    , we 
attempted to make the best decision of the 
word sequence    that has been embedded in

For the simplicity of discussion, we can view 
each     as a class. So, speech recognition 
consists to find optimal decision rules for 
classification of the observation     into one of 
some fixed classes.         

X

W X

W

X



2006/3/7 NTNU SPEECH LAB 5

Introduction (3/4)

This chapter explains :
The decision theoretic formulation for the ASR 
problem and the optimal decision rule that can 
be constructed if everything about the problem 
is known

How to construct the adaptive decision rules 
when learning from a training sample set
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Introduction (4/4)

This chapter explains (cont):
The classification of possible distortions 
of hypothetical models and data 

Some of the recent parameter 
adaptation techniques for improving 
adaptive decision rules
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Optimal Bayes’ Decision Rule for 
ASR (1/8)

Let us assume :
speech observation    belongs to a suitable 
space

A class      

The problem of constructing a speech 
recognizer is the equivalent to find a 
decision rules     in a set of possible 
decision rules    , such that  
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Optimal Bayes’ Decision Rule for 
ASR (2/8)
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Optimal Bayes’ Decision Rule for 
ASR (3/8)
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Optimal Bayes’ Decision Rule for 
ASR (4/8)

If we assume the true distribution          is 
known. Then we can define the total 
risk,        ,for a decision rule      as expected 
loss function, i.e. ,
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Optimal Bayes’ Decision Rule for 
ASR (5/8)

In this framework, the issue of constructing 
an optimal decision rule becomes the 
following loss minimization problem :

The optimization can be solved by minimizing 
the expression in the square brackets
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Optimal Bayes’ Decision Rule for 
ASR (6/8)

The resulting minimum total risk

In speech recognition, a reasonable option 
is to assume that every misclassification of 
is equally serious :   
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Optimal Bayes’ Decision Rule for 
ASR (7/8)

Substituting (8) into (6), we obtain

The optimal decision rule       is then solved 
as               such that  
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Optimal Bayes’ Decision Rule for 
ASR (8/8)

In summary, in constructing these optimal 
decision rules, it was assumed that complete 
prior information about the classes is known

The observation space      is given

The loss function              is given

The true PDF            or            and         are 
given   
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Adaptive Decision Rule Constructed 
from Training samples (1/2)

In practice, we don’t know the true 
parametric form of the joint distribution

We shall say that we have prior uncertainty

If we have some labeled independent 
training sample set,                        , 
obtained by a series of independent 
experiments such that  
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Adaptive Decision Rule Constructed 
from Training samples (2/2)

The decision rule                based on the 
training set     and used to classify a 
random observation    that is independent 
of    is called an adaptive decision rule.

Plug-in Bayes’ decision Rules with Maximum-
likelihood Density Estimate

Maximum-Discriminant Decision Rules 
Minimizing the Empirical Classification Error       
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Plug-in Bayes’ decision Rules (1/10)

It might be the most popular family of 
adaptive decision rules.

For this approach, let                   be any 
statistical estimators of true distributions

The plug-in risk   
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Plug-in Bayes’ decision Rules (2/10)

The minimum plug-in risk is then       where, 

Why it works? 
Property : if the estimators                 are 
pointwise unbiased, then  

))((
^^
⋅dr

))((minarg)(
^

)(

^
⋅=⋅

∈⋅
drd

Dd
o

)}|(),({
^^

WXpWp

))(())((
^

⋅≥⋅ oo drdr



2006/3/7 NTNU SPEECH LAB 19

Plug-in Bayes’ decision Rules (3/10)

why it works (cont):
Theorem (Bayes Risk Consistency) :
If the estimators                are strongly 
consistent, i.e. :

then   
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Plug-in Bayes’ decision Rules (4/10)

Because of the constraints of the limited 
training data, we always have to assume 
some parameter form for       and         , e.g.    

And
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Plug-in Bayes’ decision Rules (5/10)

Some estimate method of HMM parameter :
Maximum likelihood (ML)

Discriminative training
Corrective training

minimum empirical classification error (known as MCE)
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Plug-in Bayes’ decision Rules (6/10)

The problem of ML :
If the wrong model is used, there can be no true 
parameter.

ML doesn’t minimize the recognition error rate.

Seeking statistic which maximize some function 
that is loosely associated with speech 
recognition performance
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Plug-in Bayes’ decision Rules (7/10)

Corrective training
A simple example : 
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Plug-in Bayes’ decision Rules (8/10)

Corrective training (cont)
Basically, the procedure works by adjusting the 
vector     incrementally so as to make the 
classification errors go away.  
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Plug-in Bayes’ decision Rules (9/10)

Corrective training (cont) :
Applying to discrete HMM 
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Plug-in Bayes’ decision Rules 
(10/10)

Corrective training (cont) :

Applying to discrete HMM
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Maximum-discriminant Decision 
Rules minimizing the Empirical 

Classification Error (1/10)

Suppose one can define a discriminant
function         for each class     that 
characterize the similarity between an 
observation    and the class

Naturally, the following maximum-
discriminant decision rule      
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Maximum-discriminant Decision 
Rules minimizing the Empirical 

Classification Error (2/10)

The obvious criterion is to minimize 
the empirical classification error :

A sample-based discriminant decision rule 
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Maximum-discriminant Decision 
Rules minimizing the Empirical 

Classification Error (3/10)

The choice of discriminant functions 
and the practical training algorithms

How to define an optimal form for the 
discriminant functions remains largely an 
open research problem

The smooth MCE objective function 
proposed can approximate the empirical 
error rate. 
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Maximum-discriminant Decision 
Rules minimizing the Empirical 

Classification Error (4/10)

MCE : three step procedure to derive the 
object function

First, the discriminant function                         
are described

Second, introduce a misclassification measure. 
One proposal  is   
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Maximum-discriminant Decision 
Rules minimizing the Empirical 

Classification Error (5/10)

MCE : three step procedure to derive the 
object function (cont)

One reasonable misclassification measure 

The measure is continuous and offer a fair 
amount of flexibility. Ex. : when     approach     
it becomes   
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Maximum-discriminant Decision 
Rules minimizing the Empirical 

Classification Error (6/10)
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Maximum-discriminant Decision 
Rules minimizing the Empirical 

Classification Error (7/10)

MCE : three step procedure to derive the 
object function (cont) :

the above misclassification measure is used in 
the third step where the minimum error 
objective                   is formulated : 
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Maximum-discriminant Decision 
Rules minimizing the Empirical 

Classification Error (8/10)

MCE : three step procedure to derive the 
object function (cont) :

Finally, for any unknown    the classifier 
performance is measured by  
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Maximum-discriminant Decision 
Rules minimizing the Empirical 

Classification Error (9/10)

MCE : three step procedure to derive the 
object function (cont) :

How this formulation relates to the minimum 
classification?
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Maximum-discriminant Decision 
Rules minimizing the Empirical 

Classification Error (10/10)

MCE : minimum the average cost 
Given a set of design observation                     , 
we can define an empirical average cost as

This well-defined cost function can be minimized 
by Gradient Descent algorithm  
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Maximum-discriminant Decision 
Rules minimizing the Empirical 

Classification Error (11/10)

MCE : minimum the expected cost
Probabilistic Descent Algorithm :
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Maximum-discriminant Decision 
Rules minimizing the Empirical 

Classification Error (12/10)

MCE : minimum the expected cost (cont)
Probabilistic Descent Algorithm :
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Discussion about adaptive decision 
rules (1/2)

Using plug-in MAP as a decision rule 
for recognition

ML as a criterion for the estimation of 
decision parameters
The asymptotic behavior will depend on 
that appropriateness of the parametric 
forms of the assumed distributions. 
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Discussion about adaptive decision 
rules (2/2)

Using Maximum discriminant as a decision 
rule

The MCE as a criterion for the estimation of 
decision parameters

The asymptotic behavior will depend on the 
choice of the discriminant function.
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Violations of modeling assumption 
in ASR (1/5)

Three main distortion types
Distortion causing by small-sample effects

Distortion of models or discriminant functions for 
training samples

Distortion of trained model or discrimininat
functions for observation to be classified.
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Violations of modeling assumption 
in ASR (2/5)

Distortion causing by small-sample effects
They arise from the noncoincidence of the 
statistical estimates               and

The design and/or collection of the training 
sample become very critical

To make the samples in     follow the intended 
distribution              as closely as possible

Some more intelligent ways of using the 
available training data must be developed     
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Violations of modeling assumption 
in ASR (3/5)

Distortion of models or discriminant functions 
for training samples can be caused by:

the wrong assumptions and/or inflexible 
parametric forms of the model or discriminant
function.

The misclassifiaction of training samples

Outlier in training samples.
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Violations of modeling assumption 
in ASR (4/5)

Distortion of trained model or discrimininat
functions for observation to be classified.

Might be the biggest problem for ASR.

There always exist some form of mismatch 
which causes a distortion between the trained 
models or discriminant function and test data
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Violations of modeling assumption 
in ASR (5/5)

Toward adaptive and robust ASR :
Find invariant features so as to minimize the 
observation variability.

Adapting recognizer parameters to new 
operating conditions using adaptation and/or 
testing data.

Using robust decision strategies

Possible combinations of the above techniques.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


