
Lecture 5: Sequence Models II

Alan Ri7er
(many slides from Greg Durrett, Dan Klein, Vivek Srikumar, Chris Manning, Yoav Artzi)
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Recall: HMMs

‣ Inference problem:

‣ Viterbi:

‣ Input x = (x1, ..., xn) y = (y1, ..., yn)Output 

y1 y2 yn

x1 x2 xn

… P (y,x) = P (y1)
nY

i=2

P (yi|yi�1)
nY

i=1

P (xi|yi)

argmaxyP (y|x) = argmaxy
P (y,x)

P (x)

‣ Training: maximum likelihood esBmaBon (with smoothing)

scorei(s) = max
yi�1

P (s|yi�1)P (xi|s)scorei�1(yi�1)



This Lecture

‣ (if Bme) Beam search 

‣ CRFs: model (+features for NER), inference, learning

‣ Named enBty recogniBon (NER)
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Named EnBty RecogniBon

Barack Obama will travel to Hangzhou today for the G20 mee=ng .

PERSON LOC ORG

B-PER I-PER O O O B-LOC B-ORGO O O O O

‣ BIO tagset: begin, inside, outside 

‣ Why might an HMM not do so well here?

‣ Lots of O’s, so tags aren’t as informaBve about context

‣ Sequence of tags — should we use an HMM?

‣ Insufficient features/capacity with mulBnomials (especially for unks)



CRFs
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CondiBonal Random Fields

any real-valued scoring funcBon of its arguments

‣ CRFs: discriminaBve models with the following globally-normalized form:

‣ HMMs:

‣ Naive Bayes : logisBc regression :: HMMs : CRFs 
local vs. global normalizaBon <-> generaBve vs. discriminaBve

P (y|x) = 1

Z

Y

k

exp(�k(x,y))

normalizer

P (y,x) = P (y1)P (x1|y1)P (y2|y1)P (x2|y2) . . .

‣ Locally normalized discriminaBve models do exist (MEMMs)
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‣ y can’t depend arbitrarily on x in a generaBve model
token index — lets us 
look at current word
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SequenBal CRFs

‣ NotaBon: omit x from the factor graph enBrely (implicit)

y1 y2 yn…
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‣ Don’t include iniBal distribuBon, can bake into other factors

P (y|x) = 1

Z

nY

i=2

exp(�t(yi�1, yi))
nY

i=1

exp(�e(yi, i,x))

SequenBal CRFs:
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‣ Phis can be almost anything! Here we use linear funcBons of sparse features

‣ Looks like our single weight vector mulBclass logisBc regression model
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Basic Features for NER

Barack Obama will travel to  Hangzhou  today for the G20 mee=ng .

O      B-LOC           

TransiBons:

Emissions: Ind[B-LOC & Current word = Hangzhou]
Ind[B-LOC & Prev word = to]

ft(yi�1, yi) = Ind[yi�1 & yi]

fe(y6, 6,x) =

P (y|x) / expw>
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nX

i=2

ft(yi�1, yi) +
nX

i=1

fe(yi, i,x)

#

= Ind[O — B-LOC]



Features for NER

Leicestershire  is a nice place to visit…

I took a vaca=on to Boston

Apple released a new version…

According to the New York Times…

ORG

ORG

LOC

LOC

Texas governor Greg AbboI said

Leonardo DiCaprio won an award…

PER

PER

LOC

�e(yi, i,x)



Features for NER

‣ Context features (can’t use in HMM!) 
‣ Words before/afer 
‣ Tags before/afer

‣ Word features (can use in HMM) 
‣ CapitalizaBon 
‣ Word shape 
‣ Prefixes/suffixes 
‣ Lexical indicators

‣ Gaze7eers
‣ Word clusters

Leicestershire

Boston

Apple released a new version…

According to the New York Times…



CRFs Outline

‣ Model: P (y|x) = 1

Z
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‣ Inference

‣ Learning

P (y|x) / expw>

"
nX

i=2

ft(yi�1, yi) +
nX

i=1

fe(yi, i,x)

#



CompuBng (arg)maxes

y1 y2 yn…

�e

�t

P (y|x) = 1

Z

nY

i=2

exp(�t(yi�1, yi))
nY

i=1

exp(�e(yi, i,x))



CompuBng (arg)maxes

y1 y2 yn…

�e

�t

‣                              : can use Viterbi exactly as in HMM case

P (y|x) = 1

Z

nY

i=2

exp(�t(yi�1, yi))
nY

i=1

exp(�e(yi, i,x))

argmaxyP (y|x)



CompuBng (arg)maxes

y1 y2 yn…

�e

�t

‣                              : can use Viterbi exactly as in HMM case

P (y|x) = 1

Z

nY

i=2

exp(�t(yi�1, yi))
nY

i=1

exp(�e(yi, i,x))

argmaxyP (y|x)

max
y1,...,yn

e�t(yn�1,yn)e�e(yn,n,x) · · · e�e(y2,2,x)e�t(y1,y2)e�e(y1,1,x)



CompuBng (arg)maxes

y1 y2 yn…

�e

�t

‣                              : can use Viterbi exactly as in HMM case

P (y|x) = 1

Z

nY

i=2

exp(�t(yi�1, yi))
nY

i=1

exp(�e(yi, i,x))

argmaxyP (y|x)

max
y1,...,yn

e�t(yn�1,yn)e�e(yn,n,x) · · · e�e(y2,2,x)e�t(y1,y2)e�e(y1,1,x)

= max
y2,...,yn

e�t(yn�1,yn)e�e(yn,n,x) · · · e�e(y2,2,x) max
y1

e�t(y1,y2)e�e(y1,1,x)



CompuBng (arg)maxes

y1 y2 yn…

�e

�t

‣                              : can use Viterbi exactly as in HMM case

P (y|x) = 1

Z

nY

i=2

exp(�t(yi�1, yi))
nY

i=1

exp(�e(yi, i,x))

argmaxyP (y|x)

max
y1,...,yn

e�t(yn�1,yn)e�e(yn,n,x) · · · e�e(y2,2,x)e�t(y1,y2)e�e(y1,1,x)

= max
y2,...,yn

e�t(yn�1,yn)e�e(yn,n,x) · · · e�e(y2,2,x) max
y1

e�t(y1,y2)e�e(y1,1,x)



CompuBng (arg)maxes

y1 y2 yn…

�e

�t

‣                              : can use Viterbi exactly as in HMM case

P (y|x) = 1

Z

nY

i=2

exp(�t(yi�1, yi))
nY

i=1

exp(�e(yi, i,x))

argmaxyP (y|x)

{max
y1,...,yn

e�t(yn�1,yn)e�e(yn,n,x) · · · e�e(y2,2,x)e�t(y1,y2)e�e(y1,1,x)

= max
y2,...,yn

e�t(yn�1,yn)e�e(yn,n,x) · · · e�e(y2,2,x) max
y1

e�t(y1,y2)e�e(y1,1,x)



CompuBng (arg)maxes

y1 y2 yn…

�e

�t

‣                              : can use Viterbi exactly as in HMM case

P (y|x) = 1

Z

nY

i=2

exp(�t(yi�1, yi))
nY

i=1

exp(�e(yi, i,x))

argmaxyP (y|x)

{max
y1,...,yn

e�t(yn�1,yn)e�e(yn,n,x) · · · e�e(y2,2,x)e�t(y1,y2)e�e(y1,1,x)

= max
y2,...,yn

e�t(yn�1,yn)e�e(yn,n,x) · · · e�e(y2,2,x) max
y1

e�t(y1,y2)e�e(y1,1,x)

= max
y3,...,yn

e�t(yn�1,yn)e�e(yn,n,x) · · ·max
y2

e�t(y2,y3)e�e(y2,2,x) max
y1

e�t(y1,y2)score1(y1)



CompuBng (arg)maxes

y1 y2 yn…

�e

�t

‣                              : can use Viterbi exactly as in HMM case

P (y|x) = 1

Z

nY

i=2

exp(�t(yi�1, yi))
nY

i=1

exp(�e(yi, i,x))

argmaxyP (y|x)

{max
y1,...,yn

e�t(yn�1,yn)e�e(yn,n,x) · · · e�e(y2,2,x)e�t(y1,y2)e�e(y1,1,x)

= max
y2,...,yn

e�t(yn�1,yn)e�e(yn,n,x) · · · e�e(y2,2,x) max
y1

e�t(y1,y2)e�e(y1,1,x)

= max
y3,...,yn

e�t(yn�1,yn)e�e(yn,n,x) · · ·max
y2

e�t(y2,y3)e�e(y2,2,x) max
y1

e�t(y1,y2)score1(y1){



CompuBng (arg)maxes

y1 y2 yn…

�e

�t

‣                              : can use Viterbi exactly as in HMM case

‣                                  and                             play the role of the Ps now, 
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Inference in General CRFs

y1 y2 yn…

�e

�t

‣ Can do inference in any tree-structured CRF

‣ Max-product algorithm: generalizaBon of Viterbi to arbitrary tree-
structured graphs (sum-product is generalizaBon of forward-backward)



CRFs Outline

‣ Model: P (y|x) = 1

Z

nY

i=2

exp(�t(yi�1, yi))
nY

i=1

exp(�e(yi, i,x))

‣ Inference: argmax P(y|x) from Viterbi

‣ Learning

P (y|x) / expw>

"
nX

i=2

ft(yi�1, yi) +
nX

i=1

fe(yi, i,x)

#



Training CRFs

P (y|x) / expw>

"
nX

i=2

ft(yi�1, yi) +
nX

i=1

fe(yi, i,x)

#



Training CRFs

P (y|x) / expw>

"
nX

i=2

ft(yi�1, yi) +
nX

i=1

fe(yi, i,x)

#

P (y|x) / expw>f(x, y)‣ LogisBc regression: 



Training CRFs

P (y|x) / expw>

"
nX

i=2

ft(yi�1, yi) +
nX

i=1

fe(yi, i,x)

#

P (y|x) / expw>f(x, y)‣ LogisBc regression: 

‣ Maximize L(y⇤,x) = logP (y⇤|x)



Training CRFs

‣ Gradient is completely analogous to logisBc regression:

P (y|x) / expw>

"
nX

i=2

ft(yi�1, yi) +
nX

i=1

fe(yi, i,x)

#

P (y|x) / expw>f(x, y)‣ LogisBc regression: 

‣ Maximize L(y⇤,x) = logP (y⇤|x)



Training CRFs

‣ Gradient is completely analogous to logisBc regression:

P (y|x) / expw>

"
nX

i=2

ft(yi�1, yi) +
nX

i=1

fe(yi, i,x)

#

P (y|x) / expw>f(x, y)‣ LogisBc regression: 

‣ Maximize L(y⇤,x) = logP (y⇤|x)

@

@w
L(y⇤,x) =

nX

i=2

ft(y
⇤
i�1, y

⇤
i ) +

nX

i=1

fe(y
⇤
i , i,x)

�Ey

"
nX

i=2

ft(yi�1, yi) +
nX

i=1

fe(yi, i,x)

#



Training CRFs

‣ Gradient is completely analogous to logisBc regression:

P (y|x) / expw>

"
nX

i=2

ft(yi�1, yi) +
nX

i=1

fe(yi, i,x)

#

P (y|x) / expw>f(x, y)‣ LogisBc regression: 
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‣ Let’s focus on emission feature expectaBon
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P (y|x) = 1
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‣ For both HMMs and CRFs:

‣ Normalizing constant

P (yi = s|x) = forwardi(s)backwardi(s)P
s0 forwardi(s

0)backwardi(s0)

Z for CRFs, P(x) 
for HMMs

‣ Analogous to P(x) for HMMs
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Posteriors vs. ProbabiliBes

P (yi = s|x) = forwardi(s)backwardi(s)P
s0 forwardi(s

0)backwardi(s0)

‣ Posterior is derived from the parameters and the data (condiBoned on x!)

HMM

CRF

Model parameter (usually 
mulBnomial distribuBon)

Inferred quanBty from 
forward-backward

Inferred quanBty from 
forward-backward

Undefined (model is by 
definiBon condiBoned on x)

P (xi|yi), P (yi|yi�1) P (yi|x), P (yi�1, yi|x)
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Training CRFs
‣ For emission features:

gold features — expected features under model
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Training CRFs

‣ TransiBon features: need to computeP (yi = s1, yi+1 = s2|x)
using forward-backward as well

‣ For emission features:

gold features — expected features under model
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CRFs Outline

‣ Model: P (y|x) = 1

Z

nY

i=2

exp(�t(yi�1, yi))
nY

i=1

exp(�e(yi, i,x))

‣ Inference: argmax P(y|x) from Viterbi

‣ Learning: run forward-backward to compute posterior probabiliBes; then
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How to “Cheat” with AutomaBc DifferenBaBon

for each epoch
for each example

extract features on each emission and transiBon (look up in cache)

compute marginal probabiliBes with forward-backward

compute potenBals phi based on features + weights

accumulate gradient over all emissions and transiBons

- Compute P(Y|X), using the forward algorithm to get Z(X) 

- Use auto-diff through the computaBon graph of the dynamic 
program, to compute gradients.
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Structured Perceptron

argmaxy2Yw
>f(x, y)ŷ =

<latexit sha1_base64="lZVohhKf8gIklCebjvLxzG2Hzk8=">AAACG3icbVDLSsNAFJ3UV42vqks3g0VwVRIVdCMU3bisYB/ShjKZTNqhM5MwMxFCyFe4tV/jTty68GMEJ20WtvXChcM593LPPX7MqNKO821V1tY3Nreq2/bO7t7+Qe3wqKOiRGLSxhGLZM9HijAqSFtTzUgvlgRxn5GuP7kv9O4LkYpG4kmnMfE4GgkaUoy0oZ4HY6SzNIe3w1rdaTizgqvALUEdlNUa1n4GQYQTToTGDCnVd51YexmSmmJGcnuQKBIjPEEj0jdQIE6Ul80M5/DMMAEMI2laaDhj/25kiCuVct9McqTHalkryP+0fqLDGy+jIk40EXh+KEwY1BEsvocBlQRrlhqAsKTGK8RjJBHWJiN74UygCm8Lj2TxKDSmc9u2TV7ucjqroHPRcC8bzuNVvXlXJlcFJ+AUnAMXXIMmeAAt0AYYcPAK3sDUmlrv1of1OR+tWOXOMVgo6+sXnA2hXQ==</latexit>

w = w + f(x, y⇤)� f(x, ŷ)
<latexit sha1_base64="SHhE6uWGl/Q8vXXxUKr5184hkg8="></latexit>

‣ Structured Perceptron Update:
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w = w + f(x, y⇤)� f(x, ŷ)
<latexit sha1_base64="SHhE6uWGl/Q8vXXxUKr5184hkg8="></latexit>

‣ Structured Perceptron Update:

‣ Compare to gradient of CRF:

@

@w
L(y⇤,x) =

nX

i=2

ft(y
⇤
i�1, y

⇤
i ) +

nX

i=1

fe(y
⇤
i , i,x)

�Ey

"
nX

i=2

ft(yi�1, yi) +
nX

i=1

fe(yi, i,x)

#

Viterbi Algorithm

Replaces Expectation
With argmax
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w>f(x,y) =
nX

i=2

w>ft(yi�1, yi) +
nX

i=1

w>fe(xi, yi)

‣ ExponenBally large state space! Use Viterbi for loss-augmented decode

Minimize

s.t. 8j ⇠j � 0

�kwk22 +
mX

j=1

⇠j

8j8y 2 Y w>f(xj ,y
⇤
j ) � w>f(xj ,y) + `(y,y⇤

j )� ⇠j

‣ Same as normal Viterbi but boost wrong labels’ scores by 1 (if using 
Hamming loss)

‣ Only need Viterbi, not forward-backward…hmm…
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ORG?
PER?

Nonlocal Features

The delegaBon met the president at the airport, Tanjug said.

The news agency Tanjug reported on the outcome of the meeBng.

‣ More complex factor graph structures can let you capture this, or just 
decode sentences in order and use features on previous sentences

Finkel and Manning (2008), RaBnov and Roth (2009)
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Semi-Markov Models

Barack Obama will travel to Hangzhou today for the G20 mee=ng .

‣ Chunk-level predicBon rather than token-level BIO

‣y is a set of touching spans of the sentence

‣ Cons: there’s an extra factor of n in the dynamic programs

{ { { { { {

PER O LOC ORG OO

‣ Pros: features can look at whole span at once

Sarawagi and Cohen (2004)



EvaluaBng NER

Barack Obama will travel to Hangzhou today for the G20 mee=ng .

PERSON LOC ORG

B-PER I-PER O O O B-LOC B-ORGO O O O O



EvaluaBng NER

‣ PredicBon of all Os sBll gets 66% accuracy on this example!

Barack Obama will travel to Hangzhou today for the G20 mee=ng .

PERSON LOC ORG

B-PER I-PER O O O B-LOC B-ORGO O O O O



EvaluaBng NER

‣ PredicBon of all Os sBll gets 66% accuracy on this example!

Barack Obama will travel to Hangzhou today for the G20 mee=ng .

PERSON LOC ORG

B-PER I-PER O O O B-LOC B-ORGO O O O O

‣ What we really want to know: how many named enBty chunk 
predicBons did we get right?



EvaluaBng NER

‣ PredicBon of all Os sBll gets 66% accuracy on this example!

Barack Obama will travel to Hangzhou today for the G20 mee=ng .

PERSON LOC ORG

B-PER I-PER O O O B-LOC B-ORGO O O O O

‣ What we really want to know: how many named enBty chunk 
predicBons did we get right?

‣ Precision: of the ones we predicted, how many are right?



EvaluaBng NER

‣ PredicBon of all Os sBll gets 66% accuracy on this example!

Barack Obama will travel to Hangzhou today for the G20 mee=ng .

PERSON LOC ORG

B-PER I-PER O O O B-LOC B-ORGO O O O O

‣ What we really want to know: how many named enBty chunk 
predicBons did we get right?

‣ Precision: of the ones we predicted, how many are right?

‣ Recall: of the gold named enBBes, how many did we find?



EvaluaBng NER

‣ PredicBon of all Os sBll gets 66% accuracy on this example!

Barack Obama will travel to Hangzhou today for the G20 mee=ng .

PERSON LOC ORG

B-PER I-PER O O O B-LOC B-ORGO O O O O

‣ What we really want to know: how many named enBty chunk 
predicBons did we get right?

‣ Precision: of the ones we predicted, how many are right?

‣ Recall: of the gold named enBBes, how many did we find?

‣ F-measure: harmonic mean of these two
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How well do NER systems do?

RaBnov and Roth (2009)

Lample et al. (2016)

BiLSTM-CRF + ELMo 
Peters et al. (2018)

92.2

BERT-Large 
Devlin et al. (2019) 92.8
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‣ n word sentence, s tags to consider — what is the Bme complexity?

ta
gs

sentence

‣ O(ns2) — s is ~40 for POS, n is ~20
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Viterbi Time Complexity

‣ Many tags are totally implausible

‣ Can any of these be: 
‣ Determiners? 
‣ PreposiBons? 
‣ AdjecBves?

‣ Features quickly eliminate many outcomes from consideraBon — don’t 
need to consider these going forward

Fed raises interest rates 0.5 percent

VBD
VBN
NNP

VBZ
NNS

VB
VBP
NN

VBZ
NNS CD NN
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Beam Search
‣ Maintain a beam of k plausible states at the current Bmestep

‣ Expand all states, only keep k top hypotheses at new Bmestep

Fed

VBD

VBN

NNP

raises

+1.2

+0.9

+0.7
NN +0.3

VBZ +1.2
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NNS -1.0

Not expanded

… VBZ
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+1.2
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…

…
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Not expanded

‣ Beam size of k, Bme complexity

-2.0

O(nks log(ks))

‣ Maintain priority queue 
to efficiently add things
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How good is beam search?
‣ k=1: greedy search

‣ Choosing beam size:

‣ 2 is usually be7er than 1

‣ Usually don’t use larger than 50

‣ Depends on problem structure

‣ If beam search is much faster than compuBng full sums, can use 
structured perceptron instead of CRFs 

‣ Very similar to structured SVM


