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SYSTEM AND METHOD FOR ADDRESSING 
CHANNEL MISMATCH THROUGH CLASS 

SPECIFIC TRANSFORMS 

GOVERNMENT RIGHTS 

[0001] This invention Was made With Government support 
under Contract No.: NBCH050097 awarded by the US. 
Department of Interior. The Government has certain rights in 
this invention. 

BACKGROUND 

[0002] 1. Technical Field 

[0003] The present invention relates to audio classi?cation 
and more particularly to systems and methods for addressing 
mismatch in utterances due to equipment or transmission 
media differences. 

[0004] 2. Description of the Related Art 

[0005] Speaker recognition and veri?cation is an impor 
tant part of many current systems for security or other 
applications. HoWever, under mismatched channel condi 
tions, for example, When a person enrolls for a service or 
attempts to access their account using an electret handset but 
Wishes to be veri?ed When using a cell phone, there is 
signi?cant mismatch betWeen these audio environments. 
This results in severe performance degradation. 

[0006] Some of the solutions to date include Speaker 
Model Synthesis (SMS), Feature Mapping (FM) and 
Intersession Variation Modeling (ISV) and channel speci?c 
score normalization. A drawback of these methods includes 
that SMS and FM perform a model/feature transformation 
based on a criterion that is unrelated to the core likelihood 
ratio criterion that is being used to score the result. ISV does 
not assume discrete channel classes, and score normalization 
does not directly account for channel mismatch. 

[0007] Previous Work in addressing the channel mismatch 
problem is similar in that either the features or model 
parameters are transformed according to some criterion. For 
example, the SMS technique Was a model transformation 
technique. The SMS technique performed speaker model 
transformations according to the parameter differences 
betWeen MAP adapted speaker background models of dif 
ferent handset types. 

[0008] Some Work in the area of speech recognition, 
although not directly addressing the channel mismatch prob 
lem, is also Worthy of mention. It examined constrained 
discriminative model training and transformations to 
robustly estimate model parameters. Using such constraints, 
speaker models could be adapted to neW environments. 
Another approach, termed factor analysis, models the 
speaker and channel variability in a model parameter sub 
space. FolloW up Work shoWed that modeling intersession 
variation alone provided signi?cant gains in speaker veri? 
cation performance. 

[0009] There are several schemes that address channel 
mismatch from the perspective of feature transformation 
schemes. One study utilized a neural netWork to perform 
feature mapping on an incoming acoustic feature stream to 
minimize the effect of channel in?uences. There Were no 
explicit channel speci?c mappings applied on this occasion. 
Another technique involved performed feature mapping 
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based on detecting the channel type and mapping the fea 
tures to a neutral channel domain. This technique mapped 
features in a similar manner that SMS transforms model 
parameters. For speech recognition, a pieceWise Feature 
space Maximum Likelihood Linear Regression (fIVILLR) 
transformation is applied to adapt to channel conditions. No 
explicit channel information is exploited. 

SUMMARY 

[0010] Embodiments of the present systems and methods 
address the problem of speaker veri?cation under mis 
matched channel conditions, and further address the short 
falls of the prior art by directly optimizing a target function 
for the various discrete handsets and channels. 

[0011] A method and system for speaker recognition and 
identi?cation includes transforming features of a speaker 
utterance in a ?rst condition state to match a second condi 
tion state and provide a transformed utterance. A discrimi 
native criterion is used to determine the transformation that 
is applied to the utterance to obtain a computed result. The 
discriminative criterion is maximized over a plurality of 
speakers to obtain a best transform function for one of 
recognizing speech and identifying a speaker under the 
second condition state. Speech recognition and speaker 
identity may be determined by employing the best transform 
for decoding speech to reduce channel mismatch. 

[0012] A system/method for audio classi?cation includes 
transforming features of a speaker utterance in a ?rst con 
dition state to match a second condition state and as a result 
provide a channel matched transformed utterance. A dis 
criminative criterion is maximized over a plurality of speak 
ers to obtain a best transform for audio class modeling under 
the second condition state. 

[0013] Another system/method for audio classi?cation 
includes providing a plurality of transforms for decoding 
utterances, Wherein the transforms correspond to a plurality 
of input types and applying one of the transforms to a 
speaker based upon the input type. The transforms are 
precomputed by transforming features of a speaker utterance 
in a ?rst condition state to match a second condition state 
and as a result provide a channel matched transformed 
utterance, and maximizing a discriminative criterion over a 
plurality of speakers to obtain a best transform for audio 
class modeling under the second condition state. 

[0014] In other systems and methods, the audio class 
modeling may include speaker recognition and/or speaker 
identi?cation. A condition state may include a neutralized 
channel condition Which counters effects of a ?rst condition 
state. The system may undergo many input conditions and 
apply a best transform for each input condition. Maximizing 
a discriminative criterion may include determining a likeli 
hood of a speaker based on discrimination betWeen speaker 
classes to identify the speaker. Speech decoding may be 
based on a selected transform. 

[0015] These and other objects, features and advantages 
Will become apparent from the folloWing detailed descrip 
tion of illustrative embodiments thereof, Which is to be read 
in connection With the accompanying draWings. 

BRIEF DESCRIPTION OF DRAWINGS 

[0016] The disclosure Will provide details in the folloWing 
description of preferred embodiments With reference to the 
folloWing ?gures Wherein: 
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[0017] FIG. 1 is a block/?oW diagram showing a system/ 
method for adjusting models and determining transforms to 
reduce channel mismatch in accordance With one illustrative 

embodiment; 

[0018] FIG. 2 is a block/?oW diagram shoWing a system/ 
method for identifying a speaker or recognizing speech in 
accordance With another illustrative embodiment; 

[0019] FIG. 3 is a block diagram shoWing a device Which 
implements features in accordance With the present embodi 
ments. 

DETAILED DESCRIPTION OF PREFERRED 
EMBODIMENTS 

[0020] Embodiments of the present disclosure provide a 
discriminative criterion applied to Gaussian Mixture Models 
(GMMs) to reduce input device and transmission media 
mismatches. The criterion is naturally optimized and is 
preferably suited to a Log-Likelihood-Ratio (LLR) scoring 
approach commonly used for speaker recognition. The LLR 
algorithm combined With the transformation approach 
attempts to perform a direct mapping of features from one 
channel type to an assumed undistorted target channel but 
With the goal of maximizing speaker discrimination using a 
transform. The transform attempts to directly maximize 
posterior probabilities and is targeted to reduce mismatch 
betWeen handsets, microphones, input equipment and/or 
transmission media accordingly. 

[0021] Embodiments of the present invention can take the 
form of an entirely hardWare embodiment, an entirely soft 
Ware embodiment or an embodiment including both hard 
Ware and softWare elements. In a preferred embodiment, the 
present invention is implemented in softWare, Which 
includes but is not limited to ?rmWare, resident softWare, 
microcode, etc. 

[0022] Furthermore, the invention can take the form of a 
computer program product accessible from a computer 
usable or computer-readable medium providing program 
code for use by or in connection With a computer or any 
instruction execution system. For the purposes of this 
description, a computer-usable or computer readable 
medium can be any apparatus that may include, store, 
communicate, propagate, or transport the program for use by 
or in connection With the instruction execution system, 
apparatus, or device. The medium can be an electronic, 
magnetic, optical, electromagnetic, infrared, or semiconduc 
tor system (or apparatus or device) or a propagation 
medium. Examples of a computer-readable medium include 
a semiconductor or solid state memory, magnetic tape, a 
removable computer diskette, a random access memory 
(RAM), a read-only memory (ROM), a rigid magnetic disk 
and an optical disk. Current examples of optical disks 
include compact disk-read only memory (CD-ROM), com 
pact disk-read/Write (CD-R/W) and DVD. 

[0023] A data processing system suitable for storing and/ 
or executing program code may include at least one proces 
sor coupled directly or indirectly to memory elements 
through a system bus. The memory elements can include 
local memory employed during actual execution of the 
program code, bulk storage, and cache memories Which 
provide temporary storage of at least some program code to 
reduce the number of times code is retrieved from bulk 
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storage during execution. Input/output or I/O devices 
(including but not limited to keyboards, displays, pointing 
devices, etc.) may be coupled to the system either directly or 
through intervening I/O controllers. 

[0024] NetWork adapters may also be coupled to the 
system to enable the data processing system to become 
coupled to other data processing systems or remote printers 
or storage devices through intervening private or public 
netWorks. Modems, cable modem and Ethernet cards are just 
a feW of the currently available types of netWork adapters. 

[0025] Preferred embodiments provide a discriminative 
criterion applied to Gaussian Mixture Models (GMMs) to 
reduce input device mismatch. The criterion is naturally 
optimized and is suited to the Log-Likelihood-Ratio (LLR) 
scoring approach commonly used in GMMs for speaker 
recognition. The algorithm attempts to perform a direct 
mapping of features from one channel type to an assumed 
undistorted target channel but With the goal of maximizing 
speaker discrimination using the transform (preferably class 
speci?c transforms). The transform attempts to maximize 
the posterior probability of the speech observations across a 
set of speaker models. 

[0026] One of the largest challenges in telephony based 
speaker recognition is effectively mitigating the degradation 
attributed to handset and channel mismatch. There are a 
number of techniques described above Which address this 
issue. These approaches reduce mismatch through the modi 
?cation of the features or adjustment of the models them 
selves to suit the neW condition. 

[0027] The present approach addresses the channel mis 
match issue through the direct transformation of features 
using a discriminative criterion. The present disclosure 
performs a transformation dependent upon the channel type 
of a test recording and a desired target channel type that the 
features are to be mapped to. It may also be optimized in a 
manner that does not require explicit knoWledge of the 
channel itself. 

[0028] In contrast to previous Work, a mapping optimiza 
tion function is trained by maximizing a simpli?ed version 
of a joint likelihood ratio scoring metric using held out data 
from many speakers. The goal of the mapping function is to 
obtain a transformation that maximizes the joint log-likeli 
hood-ratio of observing the utterances from many speakers 
against their corresponding target speaker and background 
speaker models. 

[0029] A discriminative design frameWork is formulated 
by optimizing joint model probabilities. The discriminative 
design frameWork includes a system useful in non-speech 
differences and distortion that may be present on a micro 
phone or other input device betWeen training and/or different 
use sessions. An illustrative example Will be employed to 
demonstrate principles of the present embodiments. 

[0030] A speaker recognition system is given a trans 

formed utterance ? for a speaker, and performs the folloW 
ing evaluation to determine if the test utterance belongs to 
the target speaker model, As. If the speaker score AS is above 
a speci?ed threshold, the speaker claim is accepted, other 
Wise the claim is rejected. It is also the same criterion used 
for optimizing for the mismatch betWeen audio sessions, 
giving a natural optimization result. 
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AS : Pr(/\S | Y) (1) 

_ Pow? | P) 

[0031] Here, P(}\,S) and P(}\,h) are the prior probabilities of 
an utterance being from speaker s and h correspondingly, 
Where s and h are speaker indexes. The posterior probability 

of speaker model As, given the speaker’s utterance ?, is 

indicated by PI'(}\,S‘?). The likelihood of the observations, 

? given the model 7th is given by p(?]7th). 

[0032] Given that the model Was trained using audio data 
from one channel (say, e.g., an electret type landline hand 
set) While the test utterance Was recorded under different 
channel conditions (say, e.g., a carbon button type landline 
handset), it may prove useful to transform the features of the 
test utterance to match the channel conditions of the model 
training component. 

[0033] In one embodiment, a feature transformation func 
tion is employed to maximize equation (1) but across many 
speakers (S). Hence, a joint probability of the speakers (s=l 
to S) given their corresponding observations is maximized. 
The calculation of a Jacobian matrix is not required as the 
optimization function is a ratio of densities. 

S 

Q1 = 1] PM | 7S) (3: 
SII 

[0034] Here the denominator of equation (4) may be 
represented by a single Universal Background Model 
(UBM) or a model representative of all speaker classes. Note 
that in a similar manner the most competitive impostor 
model for each speaker utterance could be substituted in 
place for the UBM in the denominator of (4). One important 
point to consider is that depending on the functional form of 
the numerator and denominator pair of equation (4), the ?nal 
optimization function may become too complex or may not 
deliver an optimization problem With a stationary point. 

[0035] If it is assumed that the denominator of (4) Will be 
represented as a collection of speaker models (e.g., class 
speci?c models) then the optimization function Will become 
more complex. An alternative to using many speaker models 
in the denominator of (4) is to consider that these speaker 
models have parameters that folloW a particular distribution, 
p0»). In this case, a Bayesian predictive estimate (knoWn in 
the art) may be given for the denominator of (4). With 
speaker class prior probabilities being equal, this gives the 
folloWing result. 
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[0036] Let p(?sl7ts) be represented by a Gaussian Mixture 
Model (GMM), comprised of N Gaussian components, With 
the set of Weights, means and diagonal covariances given as 

{wiiuiiz?vr If ? includes TS independent and identically 
distributed observations represented by {yls,y2s, . . . ,yTS} 

then the joint likelihood of the D-dimensional observations 
may be calculated. 

(6) 
PWS IF) = 

(7) 

[0037] The notation (') represents the transpose operator. 
NoW the problem of specifying the distribution of the 
speaker model parameters is addressed. Let all speaker 
models be the MAP adaptation representation (knoWn in the 
art) of a Universal Background Model Which is trained on a 
large quantity of speech. For one embodiment only the 
mixture component means (u) are adapted (indicating a 
minimal degradation attributed to such constraints). 

[0038] The speaker model component mean parameters 
are assumed to be independent and are governed by a 
Gaussian distribution With {mi,Ci}. Thus, in a similar vain, 
the representation for p(7ts) is established. For example: 

[0039] The denominator may noW be evaluated. Let the 
joint likelihood of the observations be approximated by 
considering only the most signi?cant Gaussian component 
contribution for each frame. This approximation is most 
appropriate for sparse mixture components. 

(9) 

[0040] Given this assumption, the predictive likelihood 
may be calculated. The result is given by equation 10. A 
Viterbi approach for estimating the Bayesian predictive 
density may be referenced. 
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1:1 

(10) 

Where nf: Z l (11) 
Vr3yfa 

T 1 S (12) 
yid = E Z yid 

‘ vrsyfei 

1T 1 S2 (13) 
yid = E Z yid 

‘vrsyfei 

S 1 (l4) 
(bidd : Mil 

rim-dd; +1 

if *2 i (15) 
and (yfd _mid) = yfd _2midyfd +midmid 

[0041] Here, {ytdimid} represents the dth element Within 
their respective vectors {yis,mi}. Correspondingly, {Zidd,Cidd, 
CDiddS} represent the element in the dLh roW and dLh column of 
the appropriate diagonal covariance matrices {Zi,Ci,(I>iS}. 

[0042] NoW in the case Where there is a single speaker 
being scored, as in the numerator condition, the model 
distribution becomes a point observation. This is achieved 
by setting Cidd to 0 and gives the folloWing result Which is 
equivalent (depending on the optimal mixture component 
selection criterion) to the standard GMM likelihood scoring 
When only the top Gaussian is scored. 

p<7 | AS) = (16) 

N 

1:1 

[0043] Given this derivation, let us calculate the log of the 
ratio of the target speaker joint likelihood and the likelihood 
of all other speakers for a set of S utterances and corre 
sponding models. For example: 

3 (17) 

log Q2 = 2 [log MS | F) - 10g [ pom? mm] 
SII 

[0044] The maximization problem may be simpli?ed fur 
ther if it is considered that the derivative of this function 
With respect to transformation variables is calculated. It is 
assumed that the Gaussian mixture models are calculated 
through Bayesian adaptation of the mixture component 
means from a Universal Background GMM. All model 
parameters are coupled to the Universal Background Model; 
Which includes the S target speaker models and the denomi 
nator model representation. The most signi?cant mixture 
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components are determined by using Equation (9) and 
extracting the Gaussian indexes by scoring on the Universal 
Background GMM. These indexes are used to score the 

corresponding Gaussian components in all other models. 
With these constraints, the function to maximize is the 
folloWing: 

(13) 

[0045] For simplicity, the algorithm Was represented such 
that for a single speaker model created from a single 
enrollment utterance, there Was a single test utterance to 
score the utterance. Further richness can be achieved in the 

optimization process if multiple models and/or test utter 
ances are trained for each speaker. Depending on the vieW 
point, one bene?t of the optimization function is that the 
unique one-to-one mapping needed When a J acobian matrix 
is factored in is not required here. This also permits for the 
situation Where tWo modes present under one channel con 
dition may manifest themselves as a single mode under 
another channel. Given this ?exibility, an appropriate trans 

form for T5 is selected. 

[0046] Transform Selection 

[0047] A ?nal transform may be represented as a combi 
nation of a?ine transforms according to posterior probabil 
ity. For example: 

[0048] Where {ml-,ujij} is the set of mixture component 
Weights, means and covariances, respectively for a J com 
ponent Gaussian Mixture Model. The purpose of this GMM 
is to provide a smooth Weighting function of Gaussian 
kernels to Weight the corresponding combination of af?ne 
transforms. 

[0049] Note also that throughout the optimization problem 
the posterior probabilities need only to be calculated once. 
This GMM, used to determine the mixture component 
probabilities, could be the same as the Universal Back 
ground Speaker model for adapting speakers or a separate 
model altogether. 

[0050] Here IP(') is selected to be of a form With a 
controllable complexity similar to SPAM models, Which are 
knoWn in the art. 
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With the set of AJ- and bJ- being controllable in complexity as 
follows: 

(Z2) 

(23) 

Where RJ- is a mixture component speci?c transform matrix, 
and 61-1‘ is the Weighting factor applied to the kth transform 
matrix Vk. In summary, the resulting transform matrix, A], 
for mixture component j is a linear combination of a small 
set of transforms. The matrix RJ- is typically a Zero matrix, or 
a constrained matrix to enable some simpli?ed transforms 
that Would not typically be available using the remaining 
transformation matrices. It may also be a preset mixture 
component-speci?c matrix that is knoWn to be a reasonable 
solution to the problem. 

[0051] Conversely, the offset vector for mixture compo 
nent j may be determined in a similar manner With ri being 
the mixture component speci?c offset, and vk being the kth 
o?fset vector. The vector ri is typically a Zero vector or a 

pre-selected, mixture component speci?c, vector constant. 
In the case When the vector is a preset constant, the remain 
der of the equation is designed to maximize the target 
function by optimiZing for the residual. 

[0052] An alternative Weighting function is also proposed 
as an alternative that considers only the top scoring mixture 
component. 

I 
Where jrnax : argrnaxPr( j Ix) 

j:l 

[0053] Optimization 

[0054] Equation (18) may be maximiZed With the trans 
formation function used from Equation 19 using a number of 
techniques. BetWeen iterations, if no transformed observa 
tions change Which signi?cant Gaussian class they belong to 
in the original acoustic UBM, the problem is a matrix 
quadratic optimiZation problem. In one embodiment, due to 
transformed vectors changing their Gaussian class betWeen 
iterations, a gradient ascent approach is taken. Conse 
quently, the functional derivative needs to be determined. 

[0055] For the derivative calculation, it is assumed that no 
or very feW mapped feature vector observations lie on or 
near the decision boundary betWeen tWo Gaussians (in 
Which case the slope estimate is only an approximation). 
Depending on the con?guration of the system this assump 
tion may be signi?cant and Would then need an additional 
derivative approximation for the mixture component counts. 
If A and b are to be optimiZed directly, the partial derivative 
approximation With respect to one of the optimiZation vari 
ables, Q, is presented. 
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[0056] The variable 

may be substituted by any one of the folloWing partial 
derivative results in the equations folloWing. 

[0057] This results in a series of equations to solve. Note 
that the assumption here is that the transformation variations 
betWeen iterations are small and that the number of obser 
vations changing from iteration to iteration is negligible. 

[0058] Correspondingly, if a SPAM model equivalent is 
substituted to reduce the number of parameters to optimiZe, 
the slope functions become the folloWing. 

[0059] The mixture component speci?c transformation 
Weightings are as folloWs. These Weighting factors are 
established for the reason ef?ciently managing the search 
space for the transformation. 

a)? 1 D (30) 
‘d S 394 : 2 7/12 Rjdqx’sq 
j Vreyfei ‘7:1 

6g 1 S (31) 
60b : T Z yjrrjd 

J ‘Vreyfei 

6T 1 D (32) 
‘d S 

605' ‘ E 271% Vreyfer 
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[0060] The derivative may be calculated for the subspace 
matrices and vectors. 

[0061] Let Q be the vector of variables that is to be 
optimized in terms of maximizing Q. The gradient ascent 
algorithm can noW used accordingly, given the parametric 
estimates of the slopes. 

BlogQ 
nnew : Gold + '{W 

1 (36) 
gold 

Where 1] is the learning rate. 

[0062] Generalized Mapping: In the embodiments 
described above, the methods Were employed to determine 
an optimal mapping betWeen a ?rst channel state and a 

second channel state. In another form, the mapping that is 
calculated may include learning, and optimizing for, a series 
of possible transformations (rather than just one) such that 
explicit knowledge of the channel is not required. In addi 
tion, the mapping system can then map arbitrarily from any 
channel state to any other channel state. In this sense, the 

optimization functions of equations (3), (4) or (5) may 
include a feature mapping function that is internally com 
prised of multiple transforms (as opposed to a single trans 
form). The applied mapping is formed from several trans 
forms that are selected (or Weighted) according to their 
relevance. Once the mapping block has learned the set of 
transforms, the speaker recognition system may be evalu 
ated. The multi-transform mapping block is then used to 
map all utterances. The bene?t is that no explicit handset or 
channel labels are required. 

[0063] Alternative Optimization Function 

[0064] There are many different transformation optimiza 
tion functions that can be determined and derived using a 

similar process. For the purpose of illustration, another 
example derivation folloWs. An estimate of equation (3) Was 
presented in equation (5) and its optimization procedure Was 
derived. In a similar manner, equation (4), although more 
computationally expensive, may also be optimized using a 
set of speaker or audio class models. In the log domain, 
equation (4) may be represented as an alternative (logQA2) 
to equation (17) as folloWs: 
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Under similar constraints to the previously suggested opti 
mization function, the core function to optimize is given as: 

(33) 

To optimize this function, the same steepest ascent proce 
dure is preferably selected. To perform the optimization an 
approximation to the slope is needed. In this slope approxi 
mation, it is assumed that nf remains relatively constant. In 
many instances this assumption may not be appropriate. 
Accordingly, an approximation to the derivative is pre 
sented. 

(39) 

Here Pr(7th]Ys) is the probability of the speaker model 7th 
given the transformed utterance, T5. The term, 

may be substituted by any of the corresponding equations 
from equation (27) to equation (35). The steepest ascent 
algorithm may be performed, as before, to determine the 
transform or transforms to apply. 

[0065] Ef?cient Algorithmic Implementation 

[0066] Due to the nature of the optimization process, a 
number of techniques can be introduced to speed up the 
procedure. As already identi?ed and derived above, the 
single top mixture component for each audio frame is 
scored. This may also be extended to the feature transfor 
mation mapping algorithm such that only the mapping 
corresponding to the top scoring feature partitioning GMM 
is applied rather than summing over the contributions of the 
mappings corresponding to all mixture components. In 
addition to using only the top mixture component through 
out the system, the target and background model represen 
tations can be forced to be a function of the Universal 
Background Model (UBM); a coupled model system. Con 
sequently, the UBM can be used to determine Which mixture 
components are the largest contributors to the frame based 
likelihood. Thus, once the Gaussian indexes are obtained 
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from the UBM, they may be applied to the coupled target 
adapted model and the background model representations. It 
is noted that the top 5 mixture components Were considered 
for the transformation function GMM. This approximation 
introduced signi?cant speedups. Each of these previously 
mentioned items Were included in the current system but it 
should be noted that additional speed optimiZations are 
available. 

[0067] One technique is to test if a particular Gaussian is 
the most signi?cant Gaussian for the current feature vector. 
Given that this algorithm is iterative and applies small 
adjustments to the mapping parameters, a Gaussian compo 
nent that Was dominant on a previous iteration may also be 
relevant for the current iteration. If the probability density of 
the vector for the Gaussian is larger than the predetermined 
threshold for the appropriate Gaussian component, then it is 
the most signi?cant Gaussian for the GMM. This technique 
operates more effectively for sparse Gaussian mixture com 
ponents. 

[0068] Another method is to construct, for each Gaussian 
component, a table of close Gaussians or Gaussian com 
petitors. Given that the mapping parameters are adjusted in 
an incremental manner, the Gaussian lookup table for the 
most signi?cant Gaussian of the previous iteration may be 
evaluated to rapidly locate the most signi?cant Gaussian for 
the next iteration. The table length may be con?gured to 
trade off the search speed against the accuracy of locating 
the most likely Gaussian component. 

[0069] Referring noW to the draWings in Which like 
numerals represent the same or similar elements and initially 
to FIG. 1, a system/method 100 is illustratively shoWn Which 
provides a speaker recognition and identi?cation system in 
accordance With one embodiment. In block 102, speaker 
models trained using a ?rst condition state or input type are 
provided. For example, speaker models trained using a 
landline telephone or a microphone to collect speaker utter 
ances are stored in a database or provided as a model. These 

models may be created from audio from a single channel 
type. In block 104, feature sets from a set of speaker 
utterances in a second condition state are generated as input 
for a discriminative training criterion. 

[0070] In block 110, the discriminative criterion (from 
blocks 102 and 104) is maximiZed over a plurality of 
speakers by applying, e.g., a steepest ascent algorithm (or 
similar optimization) to determine a best transform function 
or set of transform functions. This includes maximiZing O1 
in equation (3) (or QA in equation (39). 

[0071] In block 110, a discriminative criterion objective 
function is speci?ed using the existing speaker models and 
the non-transformed utterances. This discriminative crite 
rion is applied to generate the transformed utterance to 
obtain a computed result, Which may be determined either 
arbitrarily or empirically. An optimiZation metric of a 
speaker based on discrimination betWeen speaker classes is 
preferably performed. The discriminative criterion may 
include equation (3) (or equation (39). 

[0072] The result giving the objective function maximum 
gives the transform or transforms. This transform may then 
be used to convert/map or neutraliZe the inputs received over 
a different input type. The transforms may be adjusted to 
provide accommodation for the currently used input type. 
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[0073] The best transform may be used for recogniZing 
speech and/or identifying a speaker under the condition state 
of the received utterance to reduce channel mismatch. The 
system may undergo many input conditions and a best 
transform may be applied for each input condition. In one 
embodiment posterior probabilities are maximiZed in the 
maximiZing step. 

[0074] The present embodiments use speaker classes to 
determine the transform. The result is that the most likely 
speaker is determined instead of the most likely acoustic 
match. In addition, the transform is calculated once to 
maximiZe Q such that the maximum Q gives the transform. 
The speaker space is broken doWn based on subsets or 
classes of speakers. The maximum likelihood (or a related 
metric) of seeing a particular speaker is used to determine 
the transform (as opposed to simply matching the acoustic 
input). 

[0075] In block 112, at least one speaker model may be 
transformed using the best transform to create a neW model 
for decoding speech or identifying a speaker. The speaker 
model may be transformed from a ?rst input type to a second 
input type by directly mapping features from the ?rst input 
type to a second input type using the transform. 

[0076] The mapping done by the transform may include 
learning, and optimiZing for, a series of possible transfor 
mations (rather than just one) such that explicit knoWledge 
of the channel is not required. In addition, the mapping 
system can then map arbitrarily from any channel state to 
any other channel state. Once the mapping block has learned 
the set of transforms, the speaker recognition system may be 
evaluated. The multi-transform mapping block is then used 
to map all utterances. The bene?t is that no explicit handset 
or channel labels are required. 

[0077] Referring to FIG. 2, a system/method 200 for 
speaker recognition and identi?cation in accordance With an 
illustrative embodiment is shoWn. A similar method may be 
employed for other audio analysis as Well. A plurality of 
transforms is provided for decoding utterances, Wherein the 
transforms correspond to a plurality of input types or con 
ditions. This may include a single transform or a plurality of 
transforms to handle multiple conditions. In block 210, a 
transform(s) is applied to features from a speaker based 
upon the input type or all input types. Block 206 indicates 
that the transforms are precomputed by the method shoWn in 
FIG. 1. The precomputation of the transform or transforms 
may be performed at the time of manufacture of the system 
or may be recomputed intermittently to account for neW 
input types or other system changes. 

[0078] In block 208, the best transform or series of trans 
forms are determined for each or all input types and applied 
by determining conditions under Which a speaker is provid 
ing input. The input types may include, e.g., telephone 
handset types, channel types and/or microphone types. The 
best transform may include transforming the input to a 
neutraliZed channel condition Which counters effects of the 
input state or any other transform that reduces mismatch 
betWeen input types. 

[0079] In block 212, the speaker is identi?ed or the 
utterance is decoded in accordance With the input type 
correction provided herein. Advantageously, channel mis 
match is reduced or eliminated. 
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[0080] In the same Way that the discriminative technique 
Was designed to perform a channel mapping that Was 
optimized to differentiate betWeen speakers, the same pro 
cedure as described above may be applied to other audio 
applications related to audio scene analysis, music and song 
detection and audio enhancement of corrupted audio chan 
nels. One such example Would be to recognize artists or 
songs being played over the radio or media. This greatly 
reduces the effect of the channel differences on the system 
attempting to detect the song type or artist. The technique 
e?fectively removes the differences between different audio 
channels and simpli?es the matching process for the audio 
classi?er. Other applications are also contemplated. 

[0081] Experiments: 
[0082] Evaluation and development data: To demonstrate 
the present invention, a speaker recognition system Was 
evaluated on the NIST 2000 dataset. This particular dataset 
is comprised mostly of landline telephone calls from carbon 
button or electret based telephone handsets. Given that there 
are tWo classes of audio data, the feature transformation 
mechanism Was designed to map from carbon-button fea 
tures to electret based features. In this database, for the 
primary condition, there are 4991 audio segments (including 
2470 male test and 2521 female test audio segments) tested 
against over 1003 speakers, of Which 457 speakers are male 
and 546 speakers are female. 

[0083] The audio training utterance durations Were 
approximately tWo minutes With test utterance durations of 
15-45 seconds. The NIST 1999 speaker recognition database 
Was included as development data to train the UBM and the 
corresponding carbon handset to electret handset transfor 
mation function. This database Was selected because of the 
signi?cant quantity of carbon and electret handset data 
available. The same principle may be applied to the more 
recent speaker recognition evaluations by providing several 
channel mapping functions dependent upon the channel 
type. 

[0084] System Description Used in Experiments 

[0085] A speaker recognition system in accordance With 
embodiments of the present invention includes tWo main 
components, a feature extraction module and a speaker 
modeling module, as is knoWn in the art. 

[0086] For the feature extraction module in accordance 
With one embodiment, Mel-Frequency Cepstral Coe?icients 
(MFCCs) are extracted from ?lter banks. In an illustrative 
embodiment, 19 Mel-Frequency Cepstral Coe?icients 
(MFCCs) Were extracted from 24 ?lter banks. The cepstral 
features may be extracted, e.g., by using 32 ms frames at a 
10 ms frame shift. The corresponding delta features Were 
calculated. 

[0087] Feature Warping may be applied to all features to 
mitigate the effects of linear channels and sloWly varying 
additive noise. The speaker modeling module generated 
speaker modeling through MAP adaptation of a Universal 
Background Model. This implementation of the MAP adap 
tation approach adjusted the Gaussian components toWard 
the target speaker speech features. The mixture component 
mean parameters Were also adapted. In this Work, a single 
iteration of the EM-MAP algorithm Was performed. In 
testing, only the top mixture component from the UBM Was 
scored and used to reference the corresponding components 
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in other models. Other mixtures and numbers of mixture 
components may also be employed. 

[0088] Results 

[0089] A version of the system Was evaluation for a 
challenging subset of the NIST 2000 Evaluation. The subset 
of trials Was selected purposely to identify the effect of the 
channel mapping from the carbon test utterance type to the 
electret model type. Thus, only carbon tests against electret 
models Were evaluated in this subset. The results indicated 
a reduction in minimum detection cost function (DCF) from 
0.057 to 0.054 and a decrease in equal error rate (EER) from 
14.9% to 13.0%. The improvements Were realiZed using a 
single transformation determined from 100 unique speakers. 
Additional error reductions are expected by using more 
speaker data to calculate the transform. The results described 
herein are for illustrative purposes only. 

[0090] Referring to FIG. 3, a system 300 for providing 
class speci?c transformations based on input type or con 
ditions is illustratively depicted. An audio classi?cation 
system or device 300 may include a personal computer, a 
telephone system, an ansWering system, a security system or 
any other device or system Where multiple users or multiple 
users and/ or multiple input types or devices may be present. 
Device 300 is capable of supporting a softWare application 
or module 302 Which provides audio classi?cation, Which 
can map the input types as described above to enable 
identi?cation of a speaker, the decoding of utterances or 
other audio classi?cation processes. Application 302 may 
include a speech recognition system, speech to speech 
system, text to speech system or other audio classi?cation 
processing module 304 capable of audio processing (e.g., for 
audio scene analysis, etc.). 

[0091] In one embodiment, input utterances may be 
received from a plurality of different input types and/or 
channels (telephones, microphones, etc.). Inputs 301 may 
include microphones of different types, telephones of dif 
ferent types, prerecorded audio sent via different channels or 
methods or any other input device. A module 306 may 
include a speech synthesiZer, a printer, recording media, a 
computer or other data port or any other suitable device that 
uses the output of application 302. 

[0092] Application 302 stores precomputed transforms 
310 Which are best adapted to account for channel mismatch. 
In one embodiment, the transforms 310 include a series of 
possible transformations (rather than just one) such that 
explicit knoWledge of the channel is not needed. The system 
can then map arbitrarily from any channel state to any other 
channel state. The optimiZation functions of may include a 
feature mapping function that is internally comprised of 
multiple transforms (as opposed to a single transform) to 
provide this functionality at training. The applied mapping 
may be formed from several transforms that are selected (or 
Weighted) according to their relevance. Once the set of 
transforms are learned, the speaker recognition system may 
be evaluated to ensure proper operation on any available 
channel types for that application. The multi-transform 
mapping block is then used to map all utterances. 

[0093] Module 306 may include a security device that 
permits a user access to information, such as a database, an 
account, applications, etc. based on an authoriZation or 
con?rmed identity as determined by application 302. Speech 
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recognition system 304 may also recognize or decode the 
speech of a user despite the input type 301 that the user 
employs to communicate With device 300. 

[0094] Having described preferred embodiments of a sys 
tem and method for addressing channel mismatch through 
class speci?c (e.g., speaker discrimination) transforms 
(Which are intended to be illustrative and not limiting), it is 
noted that modi?cations and variations can be made by 
persons skilled in the art in light of the above teachings. It 
is therefore to be understood that changes may be made in 
the particular embodiments disclosed Which are Within the 
scope and spirit of the invention as outlined by the appended 
claims. Having thus described aspects of the invention, With 
the details and particularity required by the patent laWs, What 
is claimed and desired protected by Letters Patent is set forth 
in the appended claims. 

What is claimed is: 
1. A method for audio classi?cation, comprising: 

transforming features of a speaker utterance in a ?rst 
condition state to match a second condition state and as 
a result provide a channel matched transformed utter 
ance; and 

maximizing a discriminative criterion over a plurality of 
speakers to obtain a best transform for audio class 
modeling under the second condition state. 

2. The method as recited in claim 1, further comprising 
employing a speaker model trained using a ?rst channel 
condition provided by a ?rst hardWare type. 

3. The method as recited in claim 2, Wherein the second 
condition state includes a second channel condition provided 
by a second hardWare type. 

4. The method as recited in claim 2, Wherein the second 
condition state includes a neutralized channel condition 
Which counters effects of the ?rst condition state. 

5. The method as recited in claim 1, Wherein the system 
undergoes many input conditions and further comprises 
applying a best transform for each input condition. 

6. The method as recited in claim 1, Wherein maximizing 
a discriminative criterion includes determining a likelihood 
of a speaker based on discrimination betWeen speaker 
classes to identify the speaker. 

7. The method as recited in claim 1, Wherein the discrimi 
native criterion includes: 

3 (3) 

Where Ql is a function to be optimized, and PrOtslYs) is a 
posterior probability of speaker model As, given the 
speaker’s channel matched transformed utterance, 

8. The method as recited in claim 1, further comprising 
decoding speech based on a selected transform. 

9. The method as recited in claim 1, further comprising 
transforming at least one speaker model from a ?rst input 
type corresponding to the ?rst condition state to a second 
input type corresponding to the second condition state by 
directly mapping features from the ?rst input type to a 
second input type using a transform. 
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10. The method as recited in claim 1, Wherein maximizing 
includes maximizing posterior probabilities. 

11. A computer program product for audio classi?cation 
comprising a computer useable medium including a com 
puter readable program, Wherein the computer readable 
program When executed on a computer causes the computer 
to perform the steps of: 

transforming features of a speaker utterance in a ?rst 
condition state to match a second condition state and as 
a result provide a channel matched transformed utter 
ance; and 

maximizing a discriminative criterion over a plurality of 
speakers to obtain a best transform for audio class 
modeling under the second condition state. 

12. A method for audio classi?cation, comprising: 

providing a plurality of transforms for decoding utter 
ances, Wherein the transforms correspond to a plurality 
of input types; and 

applying one of the transforms to a speaker based upon 
the input type; 

Wherein the transforms are precomputed by: 

transforming features of a speaker utterance in a ?rst 
condition state to match a second condition state and 
as a result provide a channel matched transformed 

utterance; and 

maximizing a discriminative criterion over a plurality 
of speakers to obtain a best transform for audio class 
modeling under the second condition state. 

13. The method as recited in claim 12, Wherein the best 
transform is determined for each input type and applied by 
determining conditions under Which a speaker is providing 
input. 

14. The method as recited in claim 12, Wherein the input 
types include one or more of telephone handsets, channel 
types and microphones. 

15. The method as recited in claim 12, Wherein the 
different condition state includes a neutralized channel con 
dition Which counters effects of the ?rst condition state. 

16. The method as recited in claim 12, Wherein maximiz 
ing a discriminative criterion includes determining a likeli 
hood of a speaker based on discrimination betWeen speaker 
classes to identify the speaker. 

17. The method as recited in claim 12, Wherein the 
discriminative criterion includes: 

S (3) 

Where Ql is a function to be optimized, and PI'(}\,S‘?S) is 
the posterior probability of speaker model As, given the 
speaker’s channel matched transformed utterance, 

18. The method as recited in claim 17, further comprising 
decoding speech based on a selected transform. 

19. The method as recited in claim 12, Wherein the 
transform reduces mismatch betWeen input types. 
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20. A computer program product for audio classi?cation wherein the transforms are precomputed by: 
comprising a computer useable medium including a com 
puter readable program, Wherein the computer readable 
program When executed on a computer causes the computer 
to perform the steps of: 

transforming features of a speaker utterance in a ?rst 
condition state to match a second condition state and 
as a result provide a channel matched transformed 

utterance; and 
providing a plurality of transforms for decoding utter 

ances, Wherein the transforms correspond to a plurality 
of input types; and 

maximizing a discriminative criterion over a plurality 
of speakers to obtain a best transform for audio class 
modeling under the second condition state. 

applying one of the transforms to a speaker based upon 
the input type; * * * * * 


