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Adaptation

- Many forms of adaptation: MLLR and its
variants, MAP adaptation, hybrids,
eigenspacelanguage model adaptation, etc.

. Adaptation has been and will continue to be
crucial to obtaining best ASR performance.

- Adaptation is an idea useful not only to
speech recognition, but little attention given
to why it works so well.




Traditional-Pattern Classification

—~Vapnikgave us empirical risk minimization.

. Gave us a theory that we can use to predict, for a
given distribution, how many training samples m
to we need in order to help predict how poorly
we will do.

. He gave us that some form of regularization is
almost always necessary (unless we have lots of
training data).
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Standard Inductivéearning

- Glven

Ba set ofm samplegx, y.) ~p(X, y)
Ba decisiorfunction spacd-: XA { 1}

. Goal

Blearn a decisioffunctionf e F  thaminimizes theexpected

error

Rocun (1) = By iy TR # Y]
. In practice
Bminimize theempirical error

R =D I(H) # )

Bwhile applying certaimegularizationstrategy to achieve
good generalization performance




Why IsfRegularization-Helpful ?

. Learning theory says
Pr{R(f)< Qmp( N+d(F f,mo) }=>1-0

BFrequentist+ | LIYVClbdua@dxpressesi as a
function of the VC dimension &f )
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BWe want to minimize the empirical error as well as
the capacity or complexity term.

BFrequentist support vectomachines, MLPs with
weight decay

BBayesianBayesian modedelection, Gaussian Prior.




Practical Work on Adaptation

. Gaussian mixture models (GMMSs)

BMAP Gauvain 9% M
. Support vector mac
BBoostinglike approac

_LRL(eggetter 9%
nines (SVMs)
natic 93

BWeighted combination of old support vectors an:
adaptation data\(Vu04)

. Multi-layer perceptrons (MLPs)
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. Conditional maximu

m entropy models
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Adaptation::training/test s/ different

~—Two related yet different distributions
BTrainingp”(x, y)
B target (testtime) p™(x, y)

. Given

BAn unadapted model” =argminR,, , , (f)
BAdaptation data (Iabelecl[)m —{(x y) - FUx yrn

. Goal

BlLearn an adapted model that is as close as possible to our
desired models = =argminR, ()

. Notes

BAssume sufficient training data but limited adaptation data
BTraining data is not preserved
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Adaptation
. For acountablefunction space

Pr{R(f) Ry (F)+ \/ '”pfd(f) '”5} 1-6

Jeff Bilmed0Adaptation



f
8i ) o PP YLE) PO Y] 1))




