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SEQUENCE LABELING

Problem

Given an input sequence, predict one output per element of the sequence,
for example one tag per word of an input sentence.

» Part-of-speech tagging

PRP VB DET NN
They walk the dog

» Flat named-entity recognition with BIO tags

B-Per I-Per O O B-Loc

Neil Armstrong visited the moon

> Joint word segmentation and part-of-speech tagging with BIES tags

B-NN E-NN S-JJ B-CD E-CD B-NNB E-NNB S-, S-VC B-NNP I-NNP E-NNP B-JJ E-JJ B-NN E-NN S-DEC S-CD S-.
R = ~ o ial ) T : S N EZ 2) B K R = Z — '

b/
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GRAPH-BASED DECODING

Tags as Vertices

For each word, create one vertex per tag where vertex weights are neural network outputs.

Prediction / Decoding

Select on vertex per word.

O - O O O O
B-Loc @ O O O O
I-Loc O O O O O
B-Per o O O - »
I-Per @ O o O O
Neil Armstrong visited the moon.

In practice we have

way more tags



GRAPH-BASED DECODING

Tags as Vertices

For each word, create one vertex per tag where vertex weights are neural network outputs.

Prediction / Decoding Red vertices are the best
Select on vertex per word. vertex for each word

0 o @ O ®

B-Loc O O O ®

I-Loc O O O ®

B-Per O ® O ®

I-Per @ ® o O

Neil Armstrong visited the moon.

In practice we have

way more tags



GRAPH-BASED DECODING

Transitions as Arcs

Add arcs between adjacent vertices:
> arc weights are neural network outputs

» do not introduce arcs for forbidden tag transitions (or set its weight to -o)

Any tag can precede

? v the O tag v v
B-Loc @ o O
I-Loc @ O O
B-Per ® O »
T-Per O @ @ o O
Neil Armstrong visited the moon.



GRAPH-BASED DECODING

Transitions as Arcs

Add arcs between adjacent vertices:
> arc weights are neural network outputs

» do not introduce arcs for forbidden tag transitions (or set its weight to -o)

O O O O
B-Loc O O Same for a B tag O
I-Loc @ O O
B-Per @ ® - ®
I-Per ® O o O
Neil Armstrong visited the moon.



GRAPH-BASED DECODING

Transitions as Arcs

Add arcs between adjacent vertices:
> arc weights are neural network outputs

» do not introduce arcs for forbidden tag transitions (or set its weight to -)

0 ® @ O ®
prhoc ® ® But a | tag can only ®
I-Loc O O follow a B or | tag @
ey ® ® of same type! ®
I-Per @ O o O
Neil Armstrong visited the moon.



GRAPH-BASED DECODING

Transitions as Arcs

Add arcs between adjacent vertices:
> arc weights are neural network outputs

» do not introduce arcs for forbidden tag transitions (or set its weight to -o)

B-Loc
I-Loc

B—-Per

I—-Per

Neil Armstrong visited the moon.



GRAPH-BASED DECODING

Sequence Labelings as Paths in the Viterbi Trellis

> A path from the source vertex to the target vertex represent a tagged sentence (1-to-1 correspondance)

» The prediction of the model is the path of maximum weight

O @ w®- o———— O w @
B-Loc @ < #» @ < ‘A = *‘\f‘
I-Loc @ 2 @ @ ' L E . 9
B-Per @ < 3@ - 0 * @ - *» 0
I-Per ‘\‘ ®- 'Y, @
Neil Armstrong vislted the moon.



GRAPH-BASED DECODING

B-LoC @~ o @< @ O < ®
RSL7 | RSLT T Rl Rl
I-Loc @<L AL > @<L KL > @ Ak —> @ AL—>0
B-Per @</ +0 -- > @</ @</ >0
I-Per @4 > @4 > @4 > @4 > @
Neil Armstrong visited the moon.
Path Weighting
> Transition Weight Vector: WT — [ ‘|‘4 .23 _3. 16 o . ‘|‘1 . 02 o +5.36 o '|'O .46 o o _3. 67 'I'O . 60 _1 . 64 ]

(given by the neural net)



GRAPH-BASED DECODING

B-Loc @SR O RO

<% XL :
I-Loc @A Q——F—~FKXK Q< )
B-Per @<L 4 +0 7 - > Q<
I-per @~ > @< > Q-
Neil Armstrong visited the moon.
Path Weighting
)Transitionweightvector: WT — [ ‘|‘4.23 _3.16 o . ‘|‘1.02 o +5.36 o +O.46 o o _3.67 +O.6O _1.64 ]

(given by the neural net)

> Arc selection vectors: q}_ = | 1 0 . 1 .. 1 . 1 . 0 0 0 ]
({0,1} vectors)

Not all binary vectors

are valid paths!

The weight of a path is the inner product between the two vectors: (W, ()



GRAPH-BASED DECODING

O
B-Loc
I-Loc
B-Per
1-Per
Neil Armstrong visited the moon.
Path Weighting
)Transitionweightvector: WT — [ ‘|‘4.23 _3.16 o . ‘|‘1.02 o +5.36 o +O.46 o o _3.67 +O.6O _1.64 ]
(given by the neural net)
> Arc selection vectors: q}_ = | 1 0 . 1 .. 1 . 1 . 0 0 0 ]
({0,1} vectors)
qQ =[ 0O 1 0 1 0 0 1 0 ]
Not all binary vectors
are valid paths! etc.

The weight of a path is the inner product between the two vectors: (W, ()



CONDITIONAL RANDOM FIELDS

Structure Encoding Matrix

Let M be a matrix s.t. each column encodes one path in the trellis.
Then M'w is vector containing the weight of each path.

.23
.10

.02
.30
.40
.07
.00
.04
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Structure Encoding Matrix

Let M be a matrix s.t. each column encodes one path in the trellis.
Then M'w is vector containing the weight of each path.

.23
.10

.02
.30
.40
.07
.00
.04

.07

Weight of qs

M'w



CONDITIONAL RANDOM FIELDS

Structure Encoding Matrix

Let M be a matrix s.t. each column encodes one path in the trellis.

Then M'w is vector containing the weight of each path.
0 1 1 1 0 0 0
0 1 0 1 0 0 1 0

+4 .23
-3.16

+1.02

+5.306

Weight of qs
M'w
Weight of g2
8



CONDITIONAL RANDOM FIELDS ek

-3.16

Structure Encoding Matrix +1.02

Let M be a matrix s.t. each column encodes one path in the trellis.
Then M'w is vector containing the weight of each path. +5.36

__1°64_ Weight of q;
. . . . M'w
0 1 . 0 . 1 . 0 . 0 1 0 +3.68
Weight of g2
8

etc etc etc. etc.




CONDITIONAL RANDOM FIELDS

Structure Encoding Matrix

Let M be a matrix s.t. each column encodes one path in the trellis.
Then M'w is vector containing the weight of each path.

Conditional Random Fields (CRF)

Distribution over sequence labelings defined as:

po(als) = exp ( {q,f(s)) — Ay(fy(s)) ) Softmax over
structures

fg Is the neural net
parameterized by 0

where the log-partition ensures that the distribution
is well-defined:

Ay(w) = log 2 exp [MTWL



CONDITIONAL RANDOM FIELDS

Structure Encoding Matrix Inference Problems

Let M be a matrix s.t. each column encodes one path in the trellis. > MAP inference:
Then M'w is vector containing the weight of each path. compute the best sequence of tags (for prediction)

» Marginal inference:

Conditional Random Fields (CRF)

Distribution over sequence labelings defined as:

pe(qls) = exp ( {q,f)(s)) — Ay(fys)) ) Softmax over
structures

fo is the neural net Via dynamic programming;: HONALD L. RIVEST
parameterized by 0 > Viterbi

where the log-partition ensures that the distribution » Forward

compute the log-partition function (for training, NLL loss)

Inference Algorithms

THOMAS H. CORMEN

CLIFFORD STEIN

is well-defined:

Ay(W) = log 2 CXp [MTW]Z. Over

worldwide

& S :

|




CONDITIONAL RANDOM FIELDS

Inference Problems
» MAP inference:
compute the best sequence of tags (for prediction)

» Marginal inference:
compute the log-partition function (for training, NLL loss)

Inference Algorithms

THOMAS H. CORMEN

CHARLES E. LEISERSON

Via dynamic programming;:

/Y RONALD L. RIVEST
. . ( CLIFFORD STEIN
» Viterbi ~
%
%

[v
|

» Forward \f

o

INTRODUCTION TO

Over
1 MILLION

copies sold
worldwide
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BREGMAN CONDITIONAL RANDOM FIELDS

Conditional Random Fields (CRF)

The log-partition function of a CRF whose structure
is encoded by matrix M is defined as follows:

Ay(w) = log Z exp [MTWL

= max (p,M'w) + H(p)

pel\y
Distribution regularization
via Shannon entropy

10



BREGMAN CONDITIONAL RANDOM FIELDS

Conditional Random Fields (CRF)

The log-partition function of a CRF whose structure
is encoded by matrix M is defined as follows:

Ay(w) = log Z exp [MTWL

= max (p,M'w) + H(p)
pel\y

Distribution regularization

Setting q = Mp and optimizing via Shannon entropy
over q € {Mplp S AY} =convY

we obtain: -
= max (q,w)—R(q), Defined so equality holds
geconvyY ---

10



BREGMAN CONDITIONAL RANDOM FIELDS

Conditional Random Fields (CRF)

The log-partition function of a CRF whose structure
is encoded by matrix M is defined as follows:

Ay(Ww) = log Z exp [MTWL

= max (p,M'w) + H(p)
peN\y

Distribution regularization

Setting q = Mp and optimizing via Shannon entropy

over (q € {MplpEAY} = convY

we obtain:

= max {(q,w) —:’é(_;lj: Defined so equality holds

geconvyY

Bregman CRF

A Bregman CRF defines a probability distribution
over sequence labeling whose marginal distribution

is defined by:

By(w) = max (p,M"w) + H(Mp)
peNy

Using the same change of variable, we obtain:

AW m N

= max {(q,W) +:I;I(_q):

g€convY
Mean regularization

» can be rewritten as a KL projection!

Benefits

» q is of polynomial size

» both approximate MAP and marginal inference
reduce to the same algorithm

argmin Dy (q || exp w)

g€convY

10



BREGMAN CONDITIONAL RANDOM FIELDS

Optimization Problem

1 2 3 4 5 6
We decompose the KL projection into the
ceeomp Py ®- @< ®- 7'* 7“ O
projection into an intersection of sets: < 7 < 7 < < < 7
Q<A O O<T 7 RO O <50
argmin Dx7(q || exp w) XL X%l 24 S 74 <L
g KL q p ‘f ’.,:A ;‘f "f:A ;‘f l/r.A >‘f ’/r.A i' -— ,’/V:A ;.
geconvY v’ ¥ v’ ro' ¥ ro' ¥ v’ ¥
0L/ 0L —3@Lf—30Lf—20Lf—»0
= argmin Dg7(q || expw) 8 : B ) 8
KL o - > @ 4 > @~ > @~ > @ < > @

qelCNG,

s.t. projection on C; (resp. Cy) is easy.

11



BREGMAN CONDITIONAL RANDOM FIELDS

Optimization Problem

1 2 3 4 5 6
We decompose the KL projection into the e
. p . g J. ®- /}v‘*. @= 7‘*‘ 7‘* O
projection into an intersection of sets: < : < 7 < < < 7
O AT HO X O O @
. &4 I 1 SC N < SEZ < SZ < NS
aremin D eXp W <Z XF <Z X X X X X <Z XF
qE%OHVY KL(q H p ) ‘f ) ’f.A r‘,{ ) ’f.A ;‘f "’ ,.A ;.ﬁr ’.l,’A i‘ e ) ’foA ;'
o : o - P o
@ <~ #Q(,;' > 0</ Q< >0 <~ = X
= argmin Dy (q || exp w) . - . : : -
4 a £ 4 4
qeC,nC, ® ':', > @ > @ »>@ > @

s.t. projection on C; (resp. Cy) is easy.

Constraints

At a given position, the following constraints must hold:

» Exactly one vertex is selected

» This vertex has exactly one incoming and one outgoing arc

11



BREGMAN CONDITIONAL RANDOM FIELDS

Optimization Problem

1 2 3 4 5 6
We decompose the KL projection into the ¢e==

ceeomp T @ Yy @ +©® w®: v O A
projection into an intersection of sets: : :

@ - X B » @ < A B A B + O

° - I I - g - -

argmin Dy (q || exp w) ®.- e ) ®- ) - ) ® i -
qEconv Y 0 :

@ - }'1 X B Q- @ - *0
= argmin Dgy(q || expw) .

4 A - - /
qeC,NC, ® " O p O o @ o

s.t. projection on C; (resp. Cy) is easy.

Constraints

At a given position, the following constraints must hold:

» Exactly one vertex is selected

» This vertex has exactly one incoming and one outgoing arc

11



BREGMAN CONDITIONAL RANDOM FIELDS

Optimization Problem

4 5 6
We decompose the KL projection into the
. . . : : v - o X v @
projection into an intersection of sets:
A b * @ < » @
argmin Dy (q || exp w) £ o ’ o - £ S
geconvY
*+0- * @ - . X
= argmin Dy (q || exp w) o o °

qeC,NC,

s.t. projection on C; (resp. Cy) is easy.

Constraints

At a given position, the following constraints must hold:

» Exactly one vertex is selected

» This vertex has exactly one incoming and one outgoing arc

11



BREGMAN CONDITIONAL RANDOM FIELDS

Optimization Problem

1 2 3 Z 5 6
We decompose the KL projection into the - ’ ""J ®- ¢ ;:, ®- ®
projection into an intersection of sets: < /? : 7 7 < } : < 7 < 7
O< PO~ HO< RO O @
argmin D7 (q || exp w) oZ NV S o AU, 74 KL
o PRI TP @ S KK @I LK @K O K> @ LK@
geconyv L 0 e’ W Py i r e o o' ¥
|
0L/ Y 0L/ 304/ >0 </ >0
= argmin Dgy(q || expw) - ! - - Y -
- A - -1 V/
qeC,nC, ® ':’, > @ t‘ > @ > @

s.t. projection on C; (resp. Cy) is easy.

_—
C

Constraints related to

even positions
11



BREGMAN CONDITIONAL RANDOM FIELDS

Optimization Problem

1 2 3 4 5 6
We decompose the KL projection into the
ceeomp Py ®- @< ®- 7'“ }v‘~ O
projection into an intersection of sets: < 7 < 7 < < < 7
Q<A< OO O <70
argmin D7 (q || exp w) <L L >4 L - vl
g KL q p ‘f ")v:A L‘f ’}:A i‘* oo e 5‘* oo e 5' - ’}:A L'
geconvY v’ ¥ v’ ro' " ro' ¥ v’ ¥
@<~ 0 </ > 0<S 0 </ 0 </ >0
= argmin Dg7(q || expw) 8 : : ) 8
KL o - > @ 4 > @~ > @~ > @ < > @

qelCNG,

s.t. projection on C; (resp. Cy) is easy.

_—
C

Constraints related to

even positions
11



BREGMAN CONDITIONAL RANDOM FIELDS

Optimization Problem

1 2 3 4 5 6
We decompose the KL projection into the o=~ o=~
fecomp - PO ®- ®- o »®- 20 ®
projection into an intersection of sets: < 7 < : < N : < 7
O~ - - 2O~ - - "'*“1 T @< "4"1 ~ - - »@®
argmin Dp7(q || exp w) <2 s WV EL s LS
g KL q p ‘f ’.f:A ;‘f ”f:A r‘rl o oo L.-r A f‘,l ,,,'A ;’
geconv Y e’ e’ i W L, ’o' I Ny 8
i
0L/ $0 <L/ 404 @</ 204/ »0
= argmin Dg7(q || expw) 8 8 N ) YV
KL - ¥ > @ 4 + O > @~ T O A > @
qEClﬂCZ -' L 8 L
s.t. projection on C; (resp. Cy) is easy.
Cl
CZ
€ven positions odd positions

C, NG, ]



BREGMAN CONDITIONAL RANDOM FIELDS

Optimization Problem

1 2 3 4 5 6
We decompose the KL projection into the
. p P @< Q- ®- 7‘*‘“ 7‘* O
projection into an intersection of sets: < 7 < 7 < < < 7
Q<A< OO O <70
argmin Dgp(q || exp w) <2 XL 2L 2L XL
g KL\4 % @ Sl @ E AL @ L AKK—» @A~ @ & XL~ @
g&convY vy’ vy’ ro' S ro' S o’
@ -- +@ -- > 0< + Q< 0@ <~ - X
= argmin Dg7(q || exp w) 8 8 ) ) 8
KL @ > @ 4 > @~ > @~ > @ 4 > @

qeC,NC,

s.t. projection on C; (resp. Cy) is easy.

Set of valid marginal distributions
over path

¢
G,

Constraints related to Constraints related to

even positions odd positions

11



BREGMAN CONDITIONAL RANDOM FIELDS

Optimization Problem

We decompose the KL projection into the

Q- Q- @- @~ @- »
projection into an intersection of sets: < 7 < 7 - 7 - 7 < 7
O<FF A O<AO<S"7 7/ HO<7 7 HO<790
argmin Dy (q || expw) S S5A S22 S22 S
2 KL\4 Il ©Xp @ S5 —p @ £ KL —p @ L AKK—p @ &K, — @ & 2XL—> @
geconvY e’ v’ ro' " ro' ¥ e’
@~ - + @</ > @</ Q< Q@ </ + 0
= argmin Dy (q || exp w) 8 : : ) 8
- - - - > -
qeC,NG, ® > @ > @ »>@ @ > @
s.t. projection on C; (resp. Cy) is easy.
exp w

¢
G,

Constraints related to Constraints related to

odd positions
C, NG g 11

even positions
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Optimization Problem
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BREGMAN CONDITIONAL RANDOM FIELDS

Optimization Problem

We decompose the KL projection into the

Q- @< @< @®- @ - O
projection into an intersection of sets: < 7 < 7 < 7 < 7 < 7
Q<A O O<ST OO0
argmin Dy7(q || exp w) S5 S S2EA S SA
g KL q p ‘f ",:A ;‘f ’./r:A ;.f I,’A i‘f l,’A >‘f ,‘f:A ;'
geconvY e’ o’ ro' S ro' ¥ e’
OLS QL ——9@Lf—3@Lf—0 L —»0
= argmin Dy (q || exp w) - - ) ) :
qECIOCz "‘ ""‘ ‘*‘ ‘P‘ ‘D‘-‘ ".
s.t. projection on C; (resp. Cy) is easy.
exp w

C, e :
C2

Constraints related to Constraints related to

odd positions
Cl N C2 P 11

even positions
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Optimization Problem
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exp w

C, e :

G,
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odd positions
Cl N C2 P 11
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BREGMAN CONDITIONAL RANDOM FIELDS caio corro, Mathicu Lacroix, joseph Le Roux

n Main takeway /\n
GPUs allows to rethink well-known algorithms to propose better parallelizable alternatives

TL;DR
> Novel distribution over sequence labelings using mean regularization
» Novel inference algorithm based on iterative Bregman projections

» Supervised and weakly-supervised learning using Fenchel-Young losses

» Many experimental results in the paper

GPUs GO BRRRRRRR

Experimental Results

» Faster on GPU than standard CREF for training and prediction

» Somewhat slower than mean field for decoding Q but comparable speed for training (&)

> Better results than mean field when there are hard structural constraints (i.e. forbidden transitions)

> Weakly-supervised learning scenario (not possible with mean field)

12



