Language and Statistics li

Lecture 10: Structured log-linear models



Log-Linear Models over Sequences

o| ast week: Lots of different ways to slice and dice random
variables to give log-linear distributions over structures.



A Tale of Many Models (2 lectures ago)
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Log-Linear Models over Sequences

o| ast week: Lots of different ways to slice and dice random
variables to give log-linear distributions over structures.

e Joday: two important examples
*MEMMSs
*CRFs

°Also ...
epseudolikelihood training

ecomputing gradients using sum-product logic programs



Maximum Entropy Markov Models
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Maximum Entropy Markov Models

(models observations)
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Maximum Entropy Markov Models

"exp(t Tf(ci_1,si,G)

p(ct|sy) =
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What’s Wrong?

e|ntuitively, we are training a model that predicts the “next”
label, given its observation and the previous label.

eBut we had to predict the previous label using the model!
e\What if we got it wrong?
eThe MEMM isn’t prepared for that.

e|t’s trained to assume it never could have made a mistake
in the past.

e [his Is related to a problem called label bias.
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Label Bias




Label Bias (Bottou, 1991)

*\\Vhen the model enters a low entropy state, it stops paying
attention to the observations.

e Two solutions:

eChange model structure by merging states (not always
possible!)

eAllow “amplification” and “dampening” of the total score
by individual transitions

e [his Is a potential problem with all probabillistic automata.
eRatnaparkhi tagger
MEMMSs



Label Bias (Bottou, 1991)

eAllow “amplification” and “dampening” of the total score
by individual transitions



Conditional Random Fields
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Conditional Random Fields
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Conditional Random Fields
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Conditional Random Fields
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Conditional Random Fields

eMarkov random fields are also known as “undirected
graphical models”

eCRFs are the “conditional” version
e [he local scores don’t normalize
ePermits amplification and dampening

eProbabilistic interpretation requires normalizing over all
labelings:

Z(sy,!)



Training Log-Linear Models (last week)
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Training Log-Linear Models (last week)
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CRF Backward Algorithm

Classic HMM:
eback(l, D) +="(A|C)! #C |D)! s(A, I+1)! back(l+1, C).
eback(N, S) += #(stop | S) ! Iength(N).
egoal += back(0, start).

CRF:

eback(l, D) +=[exp ! (D, A, C)]! s(A, I+1)! back(+1, C).
eback(N, S) +=[exp ! (S, !, stop)] ! length(N).

egoal += back(0, start).




CRF Forward/Backward Algorithms

eforw(l+1, C) +=[exp ! (D, A, C)]! s(A, I+1)! forw(l, D).
oforw(0, start) := 1.

egoal +=[exp ! Tf(C, !, stop)] ! length(N)! forw(N, C).

eback(l, D) +=[exp ! (D, A, C)]! s(A, I+1)! back(+1, C).
eback(N, S) +=[exp ! (S, !, stop)] ! length(N).
egoal += back(0, start).




CRF Forward/Backward Algorithms

eforw(l+1, C) +=[exp ! (D, A, C)]! s(A, I+1)! forw(l, D).
oforw(0, start) := 1.

egoal +=[exp ! Tf(C, !, stop)] ! length(N)! forw(N, C).

eback(l, D) +=[exp ! (D, A, C)]! s(A, I+1)! back(+1, C).
eback(N, S) +=[exp ! (S, !, stop)] ! length(N).
egoal += back(0, start).

f
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Derivative of a Sum-Product Program

original rule f(X,Z)
of (X,2Z)
J9(X,Y)
of (X,Z)
oh(Y, 2)
ogoal
9(X,Y)

term-wise derivatives

chain rule

ogoal
h(Y, Z)
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Derivative of a Sum-Product Program

f(X,2Z)

of (X,Z2)
9(X,Y")
of (X,2)
oh(Y,Z)
ogoal
9(X,Y)

ogoal
h(Y, Z)

d(9(X,Y))

d(MY, 2))

Z

X

d(f(X,2)) ! h(Y, Z)

d(f(X,Z))! 9(X,Y)

> g(X,Y)! h(Y,2)
Y

h(Y,2)
a(X,Y)
ogoal of (X,Z)
Zf(x Z) ' 3g(X.Y)
dgoal
Zf(gf’;)l h(Y,Z)
ogoal of (X,Z)
Zf(X,Z)! oh(Y, Z)
dgoal
zf(gf’;)' o(%, Y )



CRF Forward Algorithm

eforw(l+1, C) +=[exp ! (D, A, C)]! s(A, I+1)! forw(l, D).
oforw(0, start) := 1.

egoal +=[exp ! Tf(C, !, stop)] ! length(N)! forw(N, C).




Derivative Transform for “forw”

eforw(l+1, C) +=[exp ! (D, A, C)]! s(A, I+1)! forw(l, D).
oforw(0, start) := 1.
egoal +=[exp ! Tf(C, !, stop)] ! length(N)! forw(N, C).

d(forw(l, D)) +=[exp ! "f(D, A, C)]! s(A, I+1)! d(forw(l+1, C)).
d(forw(N, C)) +=[exp ! f(C, !, stop)] ! length(N) ! d(goal).




Derivative Transform for “forw”

eforw(l+1, C) +=[exp ! (D, A, C)]! s(A, I+1)! forw(l, D).
oforw(0, start) := 1.
egoal +=[exp ! Tf(C, !, stop)] ! length(N)! forw(N, C).

d(forw(l, D)) +=[exp ! "f(D, A, C)]! s(A, I+1)! d(forw(l+1, C)).
d(forw(N, C)) +=[exp ! f(C, !, stop)] ! length(N) ! d(goal).

back(l, D) log+=[! (D, A, C)] + s(A, 1+1) + back(l+1, C).

back(N, S) log+=[! (S, !, stop)] + length(N).

goal log+= back(0, start).



Derivative Transform for “forw”

eforw(l+1, C) +=[exp ! (D, A, C)]! s(A, I+1)! forw(l, D).
oforw(0, start) := 1.
egoal +=[exp ! Tf(C, !, stop)] ! length(N)! forw(N, C).

d(forw(l, D)) +=[exp ! "f(D, A, C)]! s(A, I+1)! d(forw(l+1, C)).
d(forw(N, C)) +=[exp ! f(C, !, stop)] ! length(N) ! d(goal).




Derivative Transform

eforw(l+1, C) +=[exp ! (D, A, C)]! s(A, I+1)! forw(l, D).
oforw(0, start) := 1.

egoal +=[exp ! 'f(C, !, stop)] ! length(N)! forw(N, C).

d(forw(l, D)) += [exp ! Tf(D, A, C)] ! s(A, I+1)! d(forw(l+1, C)).
d(forw(N, C)) +=[exp ! f(C, !, stop)] ! length(N) ! d(goal).
d(exp ! 'f(D, A, C)) += d(forw(l+1, C)) ! s(A, I+1)! forw(l, D).
d(exp ! 'f(C, !, stop)) += d(goal) ! length(N)! forw(N, C).




Renaming d(forw(...)) to back(...)

eforw(l+1, C) +=[exp ! (D, A, C)]! s(A, I+1)! forw(l, D).
oforw(0, start) := 1.

egoal +=[exp ! Tf(C, !, stop)] ! length(N)! forw(N, C).

back(l, D) += [exp ! (D, A, C)] ! s(A, I+1)! back(l+1, C).
back(N, C) += [exp ! 'f(C, !, stop)] ! length(N) ! 1.

diexp ! (D, A, C)) += back(l+1, C) ! s(A, I+1) ! forw(l, D).
diexp ! 'f(C, !, stop)) += 1! length(N)! forw(N, C).




Derivatives

diexp ! (D, A, C)) += back(l+1, C) ! s(A, I+1) ! forw(l, D).
diexp ! "f(C, !, stop)) += 1! length(N)! forw(N, C).

I goal

. _ = back(i+1,¢) x forw(i,c)
lexp!” f(c,s,C)

| :S; +1=3S

! exp!! f(C,S,C")

— (exp!’ f(c,s,¢)) xfi(c,s,C)

— ! ! back(i + 1,C") x forw(i,Cc) x (exp! ! f(c,s, C)) X f (C,S,é')

C,S,C'i:Sj+1=5S

I goal




Switching to Log Domain

eforw(l+1, C) log+=[! (D, A, C)] + s(A, 1+1) + forw(l, D).
oforw(0, start) := 1.

egoal log+=[! 'f(C, !, stop)] + length(N) + forw(N, C).

eback(l, D) log+=[! "f(D, A, C)] + s(A, I+1) + back(l+1, C).
eback(N, S) log+=[! (S, !, stop)] + length(N).
egoal log+= back(0, start).

f
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Expected Feature Values
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Stepping Back

eKey idea: because of factoring assumptions made in the
CRF model, dynamic programming is available for training

eAlso for picking the best sequence of labels!

oStill, forward-backward takes O(|$|°n) runtime ...



