
LECTURE 16: Least mean squares (LMS) estimation 

• minimize (conditional) mean squared error E [ (e - 0)2 1X = x] 
- solution: ff= E[9 IX= x] 

- general estimation method 

• Mathematical properties 

• Example 
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MS estimatio in he a se ce of o se vat-ons 

• Least mean squares formu ation. 

i i ·ze mea sq red er or ( E), E [ ( - - 0)2 . 0= E[e 

• Optimal mean squa ed error. E [ (9 - E[e )2] = var(9) 
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MS est-ma ion of e based on X 
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MS est-ma ion of e based on X 

• E[e J X = x] minimizes E[(e - 0)2 X = x]J 

·ni izes [(e-g(X)) 2], ave all es i ators-:: - g(X)SLMs -E[el 
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LMS performance evaluation 

• LMS estimate: 0= E[9 IX = x] 

estimator: e = E[S IX] 

- Expected performance, once we ha·ve a measurement: 

MSE = E[(e - E[e IX= x])2 IX= x]- var(e IX - x) 

- Expected performance of the design: 

MSE = E[(e-E[9 Ix]) 2] = E[var(e IX)] 
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LMS estimation of e based on X 

• LMS relevant to estimation (not hypothesis testing) 

• Same as MAP if the posterior is unimodal and symmetric around the mean 

- e.g., when posterior is normal (the case in .. linear-normal" models) 
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LMS estimation with multiple observations or unknowns 

• unknown e ; prior Pe(0) 
,,,,.... 

- interested in a point estimate 0 

• observations X = (X1, X2, ... , Xn) ; model Px1e(x I0) 

- observe that X = x 

- new universe: condition on X = x 

• LMS estimate: E[e I X1 = xi, ... , Xn = Xn] 

• If e is a vector, apply to each component separately 
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Some challenges in fe(0) f 1e(x I 0) 
f e1 (0 I x) - fx(x) 

f x(x) = j fe(0')f x1e(x IB') dB' 

• Ful correct mode, fxie(x I0), may not be available 

• Can e ard to compu e/implement/analyze 
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• Erro : e -=-8 - -• Est·mator: - -

[ - IX== x =O 

cov(8, 8) = 0 

var(e) = v (§) 
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