


	
		×
		

	






    
        
            
                
                    
                
            

            
                
                    
                    
                        
                    
                

            

            
                                    Log in
                    Get Started
                            

        

        

        
            	Travel
	Technology
	Sports
	Marketing
	Education
	Career
	Social Media


            + Explore all categories
        


            






    

        
                

                
        
            Lecture 7: HMMs continued - stanford.edustanford.edu/class/cs262/notes/lecture7.pdf · CS262...

        


        




    
        
            
                

                
                
            

            
                
                1

6
                
            

            
                
                100%
Actual Size
Fit Width
Fit Height
Fit Page
Automatic


                
            

			
        

        
            
                
                
                
            

            
                

                

                
                    
                     Match case
                     Limit results 1 per page
                    

                    
                    

                

            

        
        
            
                                    
    
        
        

        

        

        
        
            CS262 Lecture 7 Notes Instructor: Serafim Batzoglou Scribe: Qianying Lin Lecture 7: HMMs continued January 26, 2016 Key Concepts & Useful Applications 1. Learning Hidden Markov models 2. Re-estimate the parameters based on the training data 3. Pair Markov Models Applications: 1. Learning Markov model allows us to estimate the parameters of a Markov model based on the training data available. According to the paper Hidden Markov Models and their Applications in Biological Sequence Analysis, HMMs have been shown to be very effective in representing biological sequences, as they have been successfully used for modeling speech signals. As a result, HMMs have become increasingly popular in computational molecular biology, and many state-of-the-art sequence analysis algorithms have been built on HMMs. 2. Pair Markov model could be used to do sequence alignment, as in we can put (character, character), (character, blank), (blank, character) as three different states. Lecture Content Part I. Hidden Markov Model 1. Viterbi, forward and backward algorithms are very similar.  !  : The probability of having the optimal way (i.e. highest probability) of  ! up to  !!! so as to generate  ! …  !!! from  ! up to  !!! ,  ! = .  !  =  ! ! ,…,! !!!   ! , …  !!! ,  ! , … ,  !!! ,  ! ,  ! =   !  : The probability of any  ! up to  !!! generating  ! …  ! with  ! =   !  = ( ! , …  !,  ! = ) 
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CS262Lecture7NotesInstructor:SerafimBatzoglou
 Scribe:QianyingLin
 Lecture7:HMMscontinuedJanuary26,2016
 KeyConcepts&UsefulApplications
 1. LearningHiddenMarkovmodels
 2. Re-estimatetheparametersbasedonthetrainingdata
 3. PairMarkovModels
 Applications:
 1. LearningMarkovmodelallowsustoestimatetheparametersofaMarkovmodelbasedon
 thetrainingdataavailable.
 AccordingtothepaperHiddenMarkovModelsandtheirApplicationsinBiologicalSequence
 Analysis,HMMshavebeenshowntobeveryeffectiveinrepresentingbiologicalsequences,
 astheyhavebeensuccessfullyusedformodelingspeechsignals.Asaresult,HMMshave
 becomeincreasinglypopularincomputationalmolecularbiology,andmanystate-of-the-art
 sequenceanalysisalgorithmshavebeenbuiltonHMMs.
 2. PairMarkovmodelcouldbeusedtodosequencealignment,asinwecanput(character,
 character),(character,blank),(blank,character)asthreedifferentstates.
 LectureContent
 PartI.HiddenMarkovModel
 1. Viterbi,forwardandbackwardalgorithmsareverysimilar.
 𝑣! 𝑖 :Theprobabilityofhavingtheoptimalway(i.e.highestprobability)of𝜋!upto𝜋!!!so
 astogenerate𝑥!… 𝑥!!! from𝜋!upto𝜋!!!,𝜋! = 𝑘.
 𝑣! 𝑖 = 𝑚𝑎𝑥 !!,…,!!!! 𝑃 𝑥!,… 𝑥!!!,𝜋!,… ,𝜋!!!, 𝑥! ,𝜋! = 𝑘
 𝑓! 𝑖 :Theprobabilityofany𝜋!upto𝜋!!!generating𝑥!… 𝑥!with𝑥! = 𝑘
 𝑓! 𝑖 = 𝑃(𝑥!,… 𝑥!, 𝜋! = 𝑘)
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CS262Lecture7NotesInstructor:SerafimBatzoglou
 Scribe:QianyingLin Question:whichoneissmaller?
 Answer:𝑣! 𝑖 sinceitisonlythemaxoftheterms.Yet,𝑓! 𝑖 isthesumoftheexponentially
 largeterms.
 𝑏! 𝑖 = 𝑃 𝑥!!!,… 𝑥!, 𝜋! = 𝑘
 2. Twolearningscenarios:
 ! Estimationwhentherightanswerisknown
 1) Agenomicregionx=x1…x1,000,000wherewehavegood(experimental)annotations
 oftheCpGislands
 2) Thecasinoplayerallowsustoobservehimoneevening,ashechangesdiceand
 produces10,000rolls.
 ! Estimationwhentherightanswerisunknown
 1) Theporcupinegenome;wedon’tknowhowfrequentaretheCpGislandsthere,
 neitherdoweknowtheircomposition.
 2) 10,000rollsofthecasinoplayer,butwedon’tseewhenhechangesdice.
 𝑃 𝑥 𝜃 :Thebest𝜃forourobservedsequences
 3. Whenthestatesareknown:
 Maximumlikelihoodparameters:thenumberof6s/totalnumberforloadeddice
 Define:
 Akl=numberoftimesk→ltransitionoccursinπ
 Ek(b)=numberoftimesstatekinπemitsbinx
 Themaximumlikelihoodparameters:
 𝑎!" =!!"!!"!
 𝑒!(𝑏) =!!(!)!!(!)!
 Possibledrawback:Littledatamightleadtoover-fitting(0probability)->stuckin0,never
 recovers->solution:pseudo-counts
 Pseudo-counts:
 Akl=#timesk→ltransitionoccursinπ+rkl
 Ek(b)=#timesstatekinπemitsbinx+rk(b)
 rkl,rk(b)arepseudocountsrepresentingourpriorbelief
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CS262Lecture7NotesInstructor:SerafimBatzoglou
 Scribe:QianyingLinLargerpseudocounts⇒Strongpriorbelief
 Smallpseudocounts(ε<1):justtoavoid0probabilities
 4. Whenthestatesarehidden:
 i.e.Wedon’tknowthetrueAkl,Ek(b).
 Idea:
 -Estimateour“bestguess”onwhatAkl,Ek(b)are
 Or,westartwithrandom/uniformvalues
 -Updatetheparametersofthemodel,basedonourguess
 -Repeat
 TheprincipleisExpectationMaximization.
 1.EstimateAkl,Ek(b)inthetrainingdata
 2.UpdateθaccordingtoAkl,Ek(b)
 3.Repeat1&2,untilconvergence
 5. Sothequestionboilsdowntohowtoestimatethenewparameters.
 ToestimateAkl,thetransitionprobability.
 𝑃 𝜋! = 𝑘,𝜋!!! = 𝑙 | 𝑥 =𝑄
 𝑃 𝑥
 Where
 𝑄 = 𝑃 𝑥!,… , 𝑥! ,𝜋! = 𝑘,𝜋!!! = 𝑙
 = 𝑃 𝜋!!! = 𝑙, 𝑥!!!, . . , 𝑥! 𝜋! = 𝑘 𝑃 𝑥!,… , 𝑥! ,𝜋! = 𝑘
 = 𝑃 𝜋!!! = 𝑙, 𝑥!!!, . . , 𝑥! 𝜋! = 𝑘 𝑓! 𝑖
 = 𝑃 𝑥!!!, . . , 𝑥! 𝜋!!! = 𝑙)𝑃(𝑥!!!|𝜋!!! = 𝑙)𝑃 𝜋!!! = 𝑙 𝜋! = 𝑘)𝑓! 𝑖
 = 𝑏!(𝑖 + 1)𝑒!(𝑥!!!)𝑎!"𝑓!(𝑖)Hence,
 𝐴!" = 𝑃 𝜋! = 𝑘,𝜋!!! = 𝑙 | 𝑥, 𝜃 =𝑏!(𝑖 + 1)𝑒!(𝑥!!!)𝑎!"𝑓!(𝑖)
 𝑃(𝑥|𝜃)
 6. TheBaum-WelchAlgorithm
 Complexityforoneiteration:𝑂 𝑛𝑘! becauseitisdominatedbyforwardandbackward
 pass.
 Initialization:
 Pickthebestguessformodelparameters(orarbitrary)
 �Iteration:
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CS262Lecture7NotesInstructor:SerafimBatzoglou
 Scribe:QianyingLin1.Forward
 2.Backward
 3.Calculate:Akl,Ek(b)givencurrent𝜃
 4.Calculatenewmodelparameters:update𝜃basedonAkl,Ek(b).
 5.Calculatenewlog-likelihood𝑃 𝑥 𝜃
 Notethatthisalgorithmisnotguaranteedtofindgloballybestparameters
 Itwillconvergetolocaloptimum,dependingoninitialconditions.
 7. Alternative:Viterbitraining.
 Initialization:SameasBaum-WelchAlgorithm.
 Iteration:
 1.PerformViterbi,tofindπ*
 2.CalculateAkl,Ek(b)accordingtoπ*+pseudocounts
 3.CalculatethenewparametersAkl,Ek(b)
 Untilconvergence
 PartII.PairHMMs
 Figure1:PairHMMmodelforsequencealignment
 8. DefinitionofPairHMMs
 ((Σ1U{η})x(Σ2U{η}),Q,A,a0,e)
 WhereanHMM=(Σ,Q,A,a0,e).

Page 5
                        

CS262Lecture7NotesInstructor:SerafimBatzoglou
 Scribe:QianyingLinAlphabet:Σ={b1,…,bM}
 Setofstates:Q={1,…,K}
 Transitionprobabilities:A=[aij]
 Initialstateprobabilities:a0i
 Emissionprobabilities:ei(bk)
 9. Figure1isapairHMMforsequencealignment.DetailsabouttheModel:
 1) TransitionfromItoJ:allowA_matchingto_C.Thisisoptionalbecauseusuallyitis
 betterjusttomatchAwithC.
 2) Connectionwithanalignment:AGT[][]CATVSAGTTTCA[]:MMMJJMMI.
 Hence,thereisaone-to-onecorrespondencebetweenpathsandalignments.
 3) EndinginstateM,I,J:modelingtheaffinegapsalignment
 𝛿:Openthegap.Largerthan𝜖.
 10. ThetimecomplexityisquadraticforViterbiforpairHMMs.
 11. ConnectiontoNW:NWispositive,addition.Thismodelmultiplies,notnecessarilypositive.
 12. Q:Priorprobabilityofagivenletter,assumingindependentgeneration.Wetakethetwo
 models,ifthenumeratorgreaterthenalignmentmorelikely.Ifthedenominatorisgreater,
 thenindependentgenerationismorelikely.Essentially:dividebyindependentgeneration.
 Foranyalignment,theproductofQisconstant.Optimalalignmentwillnotchange.
 ExampleforsequencealignmentusingPairMarkovModel
 AssumeSequenceidentity88%.
 P(A,A)+...+P(T,T)=0.88,thereforeP(A,A)=0.22
 P(A,C)+...+P(G,T)=0.12,thereforeP(x,y,x!=y)=0.01
 𝑃 𝑚𝑎𝑡𝑐ℎ = log0.220.25!
 = 1.25846
 𝑃 𝑚𝑖𝑠𝑚𝑎𝑡𝑐ℎ = log0.010.25!
 = −1.83258
 Scoreofungappedalignedregion=0:
 1.25846f–1.83258(1–f)=0
 Therefore,f=1.83258/(1.25846+1.83258)=0.5929
 Thusanythingsmaller0.5929willbelikelyfromindependentgeneration.☺
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CS262Lecture7NotesInstructor:SerafimBatzoglou
 Scribe:QianyingLin
 Reference:
 1. LectureSlide7
 2. HiddenMarkovModelsandtheirApplicationsinBiologicalSequenceAnalysis,
 http://www.ncbi.nlm.nih.gov/pmc/articles/PMC2766791/
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