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Roadmap and External Resources for Students

Roadmap for self study students

1) Textbook reading.
i) Chapter 8. Graphical model. Christopher Bishop, 2006 * .

i) CRF. Roman K and Katrin T, 2007 2,
2) Go through this slides.

3) Suggested Video. https://www.bilibili.com/video/av344448167from=
search&seid=13204054963054371637

4) Try “Tutorial on ME™:
https://github.com/bionlp-hzau/MaximumEntroy4Classification

5) Try “Tutorial on CRF":
https://github.com/bionlp-hzau/Tutorial_4_CRF

[ Tools used in the tutorial: Wapiti, a python wrapper for fast linear-chain CRF.

6) More paper reading or Python your own. (Optional)

1Bishop, Christopher M. Pattern recognition and machine learning. springer, 2006.
2Klinger, Roman, and Katrin Tomanek. Classical probabilistic models and conditional random
fields. TU, Algorithm Engineering, 2007.
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Roadmap and External Resources for Students

External resources for students

1) Course Repo: https://github.com/bionlp-hzau/Tutorial_4_CRF

i) Find slides there...
i) Find literature there...
iii) Find tutorial there...

2) Slides: Kai-wei Chang's slides for forward and Viterbi on HMM 3.
3) More paper reading:
@ First CRF paer. Lafferty, McCallum and Pereira, 2001. * .
@ CRF paper. Charles Sutton and Andrew McCallum > .
© HMM Paper. Lawrence Rabiner, 1989. °.
O Wikipages. https://en.wikipedia.org/wiki/Conditional_random_field

3http://www.cs.virginia.edu/~kc2wc/teaching/NLP16/slides/11-Viterbi.pdf

“#Lafferty, John, Andrew McCallum, and Fernando CN Pereira. "Conditional random fields:
Probabilistic models for segmenting and labeling sequence data.” (2001).

5Charles S, and McCallum A. "1 An Introduction to Conditional Random Fields for Relational
Learning."https://publist.ist.ac.at/attachments/0000/0292/crf-tutorial.pdf

6Rabiner, Lawrence R. "A tutorial on hidden Markov models and selected applications in
speech recognition.” Proceedings of the IEEE 77, no. 2 (1989): 257-286.

Jingbo Xia (HZAU) Seminar materials 2020 £ 11 A 18 H 6 /86

Roadmap and External Resources for Students

More suggestions to students

More suggestions to students:

Suggestion 1: To understand the relationship among NB, HMM, ME and CRF
looks fairly COOL.

@ Finish reading Roman and Katrin 2007.

® An 90 minutes sketch story of NB, ME and CRF in a taste of
"graphical model/conditional dependence assumption” is vividly
introduced in bilibili video, as suggested in the previous page.

©® Meanwhile, a wrap-up sketch of Roman and Katrin's idea is shown
in page 21.
“I drew it!" &

Suggestion 2: Hold on. To know the computation of CRF model is extremely
COOL. So,

@ understand Viterbi on HMM first,
@ then make way to Viterbi on CRF,
© ask yourself why Viterbi is not enough to solve CRF.
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© Fundamentals of Graphical Model (Bayesian Network/Markov Random Field)11
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Fundamentals of Graphical Model |

As graphical model is a basis for understanding series of algorithms including CRF,
Bishop's book 7 is strongly suggested. Please make sure to understand the
following notations or methods.

i) Understand basic notations. For random variables z = {1, - , zn},
NERER P(x;), FHEER P(a|ry), BREBE P(o, 22, an),
Sum Rule: P(z;) = | Pwi, a;)du;, (P(x;) = 3 P(ay, 7))

Product Rule: P(z;, z;) = P(x;) P(z;|%;)

N
Chain Rule: P(z1, 22, ,2p) = [[ Plap|z, 22, , Tp—1)
n=1
Bayesian Rule: P(z;|z;) = P](jf;f;j) = Pmm)
' P(x,x)) dx;
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Fundamentals of Graphical Model Il

i) Understand conditional independence in Bayesian Network, aka, directed
graphical models,

Define
a1l blc (1)
as the short form for “a, b are conditionally independence on ¢"". In another
word,
P(a, blc) = P(a|c)P(b|c),
or

P(alb, ¢) = P(a|c).
(Note: We have P(a, blc) = P(a|b, ¢)P(b|c) = P(alc)P(b|c).)
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Fundamentals of Graphical Model Il

1: a, b conditioned on the value of variable ¢ (shaded circle). Arrows starts from
the variables c on which the distribution is conditioned.

The figure depicts the fact a 1L b
P(a, blc) = P(a|c)P(b|c).

“The node c is said to be tail-to-tail with respect to this path because the
node is connected to the tails of the two arrows, and the presence of such a
path connecting nodes a and b causes these nodes to be dependent. However,
when we condition on node ¢, as in Figure 1, the conditioned node ‘blocks’
the path from a to b and causes a and b to become (conditionally)
independent.”

—This come out an easy-to-follow illustration.

¢, or in another word,
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Fundamentals of Graphical Model IV

iii) Understand D-separation/"“tail-to-tail’,"head-to-tail”,“head-to-head”;

c a b
a C ,)
c

EI (D-Separation)

A 1L B|C'is implied by a given directed acyclic graph (DAG). To do so, we
consider all possible paths from any node in A to any node in B. Any such path is
said to be blocked if it includes a node such that either
(a) the arrows on the path meet either head-to-tail or tail-to-tail at the node, and the
node is in the set C,
or
(b) the arrows meet head-to-head at the node, and neither the node, nor any of its
descendants, is in the set C.
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Fundamentals of Graphical Model VI

iv) Understand conditional independence in Markov Random Field, aka,
Undirected graphical models. (Unlike Bayesian network, we do not assume
knowing how variables are conditioned, instead, the conditioning might be
arbitrary, even mutual. Thus, the arrow is missing in the graph, and the
D-separation is not applied in this circumstance, of coz.) Still, one need to
start the discussion by define conditional independence as well.

-
-

3: Paths from A to B are 'blocked’ and so A, B is conditional independent on the
condition of C.
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Fundamentals of Graphical Model VII

We consider all possible paths that connect nodes in set A to nodes in set B.
If all such paths pass through one or more nodes in set C, then all such paths
are ‘blocked’ and so the conditional independence property holds:

Al BlC

v) Understand C Clique in undirectional graph;
A Clique is a good structure in which all the nodes are fully connected. In
that way, it is impossible to 'block’ each pair of variables, and make them
conditional dependence. Finally, it is natural to define a pdf to a whole clique,
instead of 'd-separating’ them.
Clique: There exists a link between all pairs of nodes in a clique C. In other
words, the set of nodes in a clique is fully connected.
Maximal clique: a maximal clique is a clique such that it is not possible to
include any other nodes from the graph in the set without it ceasing to be a
clique.
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Fundamentals of Graphical Model VIII

Let us denote all the random variables by x, the set of variables in that clique
by x¢, then the joint distribution is written as a product of potential
functions FeREY We(xc) over the maximal cliques of the graph:

p(x) = lZH‘Ifc(wc), (2)
C

here the quantity Z, sometimes called the partition function, is a

normalization constant and is given by Z = > [] Ve(xc).
z C

vi) Understand factor graph;

vii) Generative model for modeling P(X, Y); Discriminative model for modeling

P(Y|X).

"Bishop, Christopher M. Pattern recognition and machine learning. springer, 2006.
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From Naive Bayes, HMM, ME to CRF
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From Naive Bayes, HMM, ME to CRF |

NB, HMM vs. ME, CRF, Bayesian network vs. Markov random field

NB joint conditional ME
single class single class
sequence sequence

HMM joint conditional CRF

5: Relations among NB, HMM, ME and CRF algorithms. (from Roman and Katrin)

Note 1: Please double check the logic shown in page 21; Please as well check how
linear chain CRF is developed on the basis of ME and HMM:

© CRF has very similar structure in graph with HMM. Only difference:
directional vs undirectional.
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From Naive Bayes, HMM, ME to CRF Il

NB, HMM vs. ME, CRF, Bayesian network vs. Markov random field

@ ME contributes the idea of formation of potential function (via feature
function), exp (31", Aifi(xc)). Linear chain CRF has cliques, i.e.,
xc = {Yi-1, Yi, T1:N }-

Note 2: Both NB and HMM model the joint prob. They correspond to generative
models.
Naive Bayes:

m

P (y|7) = ar§rl|f£?xp(y|ff), where p(y7) < p(y.7) = p(y) [ [ p (wily).  (3)
ply|x =1

Similarly, HMM:

n

p(5, %) = [ [ p (wilvi—1) p (zilys) - (4)

=0
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From Naive Bayes, HMM, ME to CRF Il

NB, HMM vs. ME, CRF, Bayesian network vs. Markov random field

Note 3: From HMM to CRF, we convert directional graphical model to
undirectional graphical model. Moreover, we convert local normalization to global
normalization and avoid label bias problem, see Lafferty et al 2001 8

,’,l;ié .‘_Y‘\lry"%{)’ M ’;}3 Y Yo Ya s )S'
ufanyt
X1 %Xe Ya 'Y X\.M _‘? Q
Idopadouy raph ekt b Indpsdaggh e
HMwm U Choan CRE

8Lafferty, John, Andrew McCallum, and Fernando CN Pereira. "Conditional random fields:
Probabilistic models for segmenting and labeling sequence data.” (2001):
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From Naive Bayes, HMM, ME to CRF |

ME !

ME 9 10 11:
p*(y|7) = argmaxH(Y]X), (5)
p(y|Z)

where the entropy

HYIX)=— > p(%y)logp(yl?)

TeEX,yey

could be viewed as

H(Y1X) =E(f(X, Y)),
where f: (Z,y) — —log(p(y|Z)), which describe the the amount of information
needed to describe the event (Y = y) given (X = 7);

or weighted sum of H(Y]X = Z) for each possible value of Z, using p(Z) as the
weights

HYIX) = 3" p@H(YIX =9

TeX
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From Naive Bayes, HMM, ME to CRF I

ME !

Lagrangian function in ME:

Ap,X) = H(Y|X) +ZM( )= () +Amer | D pD—1| (6)

~- - yey

Primal problem -0 N _

. Vo
Constraints

=0
Constraints

EIE (pdf of p(y|x)with ME)
Solving equation (6) leads to an exponential family distribution for pdf of p(y|x),

px(ylZ) = qu(f) exp (Z Aifi(, y)) : (7)

A

where Z3(Z) = Y oy exp (012 Aifi(%,y)) , and makes it ready for the extension
to CRF.

v
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From Naive Bayes, HMM, ME to CRF Il

ME !

Proof: We compute the derivative of (6) over p(y|Z) separately.
() aram HWD = —b(F)(log p(y|7) + 1).
(i) ()= > pE 9@y~ > p@pyd)fi(Z y),

(f’y)exxy (f’y)GXTTame

E(f;) = > p(Z, y)fi(Z,y). So,

(f’y)GXTrainxy

o S i (E() — E(1) = & Ab(fi( ).

(iii) ap(y| Z) A1 (Z p(y| ) > = Amt1
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From Naive Bayes, HMM, ME to CRF IV

ME !

Equating the sum of the above terms to zero and solving by p(y|x) leads to:

0 =—p(@)(logp(y|7) +1) + 2, AP(Dfi(Z, y) + At
log 10(?/|573) +1 Z )‘zfz(i: ) ]3(%_)1

p(3l3) = exp (2 MG,

Hl
\./
N—
(‘D
4
o)
VN
p=Utg
B+
|
[S—
N———

Subsequently, using the constraint > p(y|Z) = 1 leads to
yey

> exp <Z Nifi(Z, y)> exp ( S — 1) = 1, and derives the result in (7).

yey
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From Naive Bayes, HMM, ME to CRF V

ME !

Generalized lterative Scaling (GIS) for computing \; in (7).

EI (GIS algorithm)

Assume C'=max > fi(7,y),

i=1
1. E(f;
APD = A0 4 L1og 2.
¢ " Ef)
until H(Y|X) = — > p(Z, y) log p*(y|Z) convergences.

fa yeXtrain X y

28 / 86

A. L. Berger. The improved iterative scaling algorithm: A gentle introduction,

Technical report, Carnegie Mellon University, 1997
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From Naive Bayes, HMM, ME to CRF VI

ME !

Note 1: There are two core ideas in ME. First, INFERENCE !
In another word, to obtain p*(y|Z) for the sake of inference;
Second, TRAINING !

Say, to obtain X during iterative training steps.

Note 2: Recall the potential equation ¢ () defined in equation (2). In the
above case, = {z, y}, and the only clique in x is itself. So the results in equation
(7) suggests that exponential of feature functions

exp | Y Aifi(e
=1

is actually a gorgeous candidate for potential function.
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From Naive Bayes, HMM, ME to CRF VII

ME !

Check the below footnotes for more.

9Check https://en.wikipedia.org/wiki/Conditional_entropy to know more about
conditional entropy. Maximize the conditional entropy is to approximate the randomness of the
'system’ p(y|z).

H(X)

Forany X and Y

H(Y)

H(Y|X) < H(Y)
H(X,Y) = H(X]Y) + H(Y[X) + [(X; Y),
H(X,Y) = H(X) + H(Y) - [(X;Y),
I(X;Y) < H(X),

where I( X; Y') is the mutual information between X and Y.

For independent X and Y":
H(X.Y) H(Y|X) =H(Y)and H(X|Y) = H(X)

The area contained by both circles is the joint entropy H(X, Y). The circle on the left is the
individual entropy H(X), with the red being the conditional entropy H(X|Y). The circle on the
right is H(Y), with the blue being H(Y|X). The violet is the mutual information I(X; Y).

WH(Y|X) = 0 iff. the value of Y is completely determined by the value of X, i.e., y = g(z).
https://math.stackexchange.com/questions/3383199/
conditional-entropy-if-hyx-0O-then-there-exists-a-function-g-such-that

1Check https://en.wikipedia.org/wiki/Mutual_information to know more about mutual
information I(X; Y) = KL(p(X, Y)|lpxpy).
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From Naive Bayes, HMM, ME to CRF

Coding tutorial: ME on text classification

Tutorial of ME on text classification:
https://github.com/bionlp-hzau/MaximumEntroy4Classification.

The above coding helps to understand
@ The design of f;(Z, y) in a text classification task;
@ Compute E(f;) and E(fy);
© Compute p(y|z) with given Z and y, (Check formula (7));
@ lteration of \; with the GIS algorithm.
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From Naive Bayes, HMM, ME to CRF

CRF

FINALLY, WE ARE READY TO INTRODUCE CRF.
FIRST, INTRODUCE THE GENERAL FORM OF CRF.
FOLLOWED WITH LINEAR CHAIN CRF.

AND THE CLUE TO READ THE REST PARTS.
ENJOY!
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From Naive Bayes, HMM, ME to CRF

CRF: General form of p(y|x) for an un-directional graphical model

In the view of an un-directional graphical model, we model the joint probability
p(Z, 3) by using potential function (2), i.e., ¥ (Z¢, 7)), and we have:

.. .. 2 11 Yo (%o, ¥o)
p(7|7) = p(xly) = p(x’ﬂy)ﬂ = C ,
p(@ o@D 33 1 Yo l@o o)
v g CeC

From this, the general model formulation is derived:

1

7@ I Yo(@edo), (8)

cecC

where Z(2) = > 5 [Tcec Yo (Ze, ), Cis a clique.

p(y7) =
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From HMM to CRF, in the View of Graphical Model |

CRF: Typical form of ME, as an example

In the ME model, {Z, y} is the only clique in the graph.
So we have

A

where Z;(7) = Eyey exp (221 \ifi(Z, y)) )
Please compare this with formula (7).

As we mentioned before, ME contributes a main idea of modeling potential
function with respect to f;(z, y).
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From HMM to CRF, in the View of Graphical Model |

CRF: Typical form of linear chain CRF

In a linear chain CRF, all cliques are the same form, {y;_1, y;, Z}.

Based on (8), the graph factor result yields to:

n

-H1 V;(yj-1, Y5 )

—| = J=

- 9
plild) = = )
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From HMM to CRF, in the View of Graphical Model Il

CRF: Typical form of linear chain CRF

where the factor W;(y;_1, y;, T) is very alike in (7) with ME model'?:

W;(yj—1,Yj> T) = exp (Z Aifi (Yj-1, Y5, T, j)) : (10)

=1

n m

and, Z)(7) = Z exp ZZAJZ (y;-_l, Y, zZj) | - (11)

jey  \iml il

12égActuaIIy, this form makes sure that it follows an exponential family distribution, where
p(z) = Wz)exp(T(z)'n — A(n)), n is called as natural parameter, T(z) is called as sufficient
statistics, A(n) is log-normalizer, h(x) is base measure.
Refer to my course on LDA and Variational Inference and know more.
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From HMM to CRF, in the View of Graphical Model

CRF: Typical form of linear chain CRF

Note: (9) is actually regarded as

exp (

Z >\7,fz (yjlayjafaj)> s

-

i=1 exp (Score(Z,
p(4|7) = = S ( (S ( (3{)27»’
o S . ex core(Z,
<Z Z)\Zfl( ,y;-,ﬂ?,_])) ?I’ELV p
17’6)7 j=1=1
where
Score(Z, 7) Zlog\If Yi—1, Yjs T)- (12)

=1

Note: Literally, greater \; along with f; (y;_1, y;, 7, j) leads to higher "Score” of
clique {y;_1, y;, 7}, and (12) reflects sortof cumulative score of p(7|Z).
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From HMM to CRF, in the View of Graphical Model

CRF

How to read the rest parts of this slides

Knowing formulas in the above pages is not sufficient to
understand the whole CRF, though it shows a good sketch of
the algorithm.

We would enunciate core details in the rest sections.

[0 Section 4 is for path inference (retrieving ) by using Viterbi.
[1 Section 5 is for iterating the parameter \; in W,.

[1 Section 6 explains how CRF layer is introduced in the manner of neural
network implementation.
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@ Viterbi on path inference 40

e Viterbi on HMM 42

o Viterbi on CRF 49
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Viterbi on path inference

What is inference for?

The problem of inference is to find the
most likely sequence ¥ for given
observations .

Since Viterbi algorithm is applied in HMM with a much easier-to-understand
manner, we introduce this idea starting from HMM.
Enjoy!
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Viterbi on path inference

Viterbi on HMM: Model parameters 13

Observation sequence X = {1, 2, -+ ,z7}, denote z; = 0; as 1, =
where t =1,2,---, T refers to time; o; € O, Observation space,

0= {017027"' 70N}v (7’: ]-727"' 7N);

State sequence Y = {y1,¥2, -, yr},

where y; € S, States space, S = {s1, 82, -+ , sk}, (k=1,2,--- | K);

Define Transition matrix A € REXE where ag, 1, = P(sp, |5k, );
emission matrix B € REXYN where by; = P(04]s1);

initial probabilities Il = {7y, mo, -+, mx}, where 7, = P(y; = sp)
HMM task

Input: X, A\ = {II, A, B}

Output: Y

Bhttps://en.wikipedia.org/wiki/Viterbi_algorithm
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Viterbi on path inference |

Viterbi on HMM: Viterbi Prob

Define Viterbi prob, which is called as (k) in a more popular cases,

Vt,k = max P(ylay27' Yt = Sk, L1, 12,0 0 7xt)' (13)

Yi:t—1

Note: (1) It is easy to find
Vi, = max Py = sp,m) = max Pzi[yr = sp) P(y1 = s)
0 0

= P(z1|yr = sk) P(y1 = sx) = bpa - T
(2) When computing V5 1, use d-separation rule in the directional graphical model,

y'g-—’ZL States

¥ A obselatRa

we have
Vo, p = max P(y1, Y2 = sk, 21, 22) = max P(x1, y1) - P(y2 = si|y1) P(22|y2 = si)
y1€S Y1 €S
= max P(x,y1 = sy)  P(y2 = si|ly1 = sy) P(22]y2 = s) = max Vi - aypbie
Y1=54€S Yy1=5,€S
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Viterbi on path inference I

Viterbi on HMM: Viterbi Prob

(3) Similarly, when computing Vs j,

1 | ’7
o—>0—>0
VLo
¥o*e Ky

we have V3 ;= max_P(y1, Y2, Y3 = Sk, 1, T2, 13)
Y1,Y2€S
- yma}és P(yi,yo = Sya3717$2) - P(ysz = sg|ye = 3y)P($3|y3 = i)
2=3S8y

= Inax Vg’y *Qyk - bkg.
Yo=58,ES

(4) In all, we obtain the recursive formula to form the inductive step:

Vik= max Vi1, ayr- bi, (14)
yt—lZSyGS
and obtain V; for t=1,2,---, T in a sequential order, for any given £.
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Viterbi on path inference |

Viterbi on HMM: Path Retrieval

Retrieve the path Y-

Step 1: yp = argmax Vr ,;

syES
Step 2: Assume yr = s, so V= max Py, ,yr = Spy 1, , TT)
Y1, ’?JT71€S
=-.-equation (14)--- = max Vp_1 - ay - bt
Yr—1=5y€S
So, yr—1 =argmax Vy_q - Gyk.

syES

Step 3: Again, we assume y7_1 = sk, and compute yr_o = argmax Vr_o - Gyp.
syES
Recursively, we obtain the path Y.

The pseudocode of HMM is rewritten in the next page.
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Viterbi on path inference I

Viterbi on HMM: Path Retrieval

function VITERBI (O, S,11, X, A,B) : Y
for each state j€ {1,2,..., K} do
Tl[j, 1] — Ty Bj.’.Blv Tz[j, 1] ~—0
end for
for each observation i=2,3,..., T do
for each state j€ {1,2,..., K} do
T1 U, ’L] < m’?x(Tl []{3, 17— 1] . Akj . Bjmi)

Ta[j, 1] < argmax (T1[k, i — 1] - Aj)
k

end for
end for

zr <— argmax (T4 [k, T])
k
YT < Szp

fori+ T, T—1,.---2do

Zi—1 < T2z, 1], Yi—1 < Sz,
end for
return Y

end function
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Viterbi on path inference

Viterbi on HMM: Path Retrieval

Toy example

9, =03 d, =0.196 45 = 0.02646

d4 = 0.0018522

NN

http://idiom.ucsd.edu/~rlevy/teaching/winter2009/1ligncse256/
lectures/hmm_viterbi_mini_example.pdf
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Viterbi on path inference

Viterbi on HMM: Wrap up

Note that Viterbi is the main algorithm for tracing the path, by defining in
equation (13) (Often called as 04(k)):

Vig = Inax P(y1,y2, -+ Yt = Sk, T1, Ta, - -+ , Tt)
1:¢t—1

Besides that, an alternative algorithm, “Forward-backward"” algorithm, defines a
similar forward variable a(k),

at(k) — Z P(ylay%"' y Yt = Sk, X1, X2, " - 7xt)' (15)

Yi:t—1

Apparently, the definition of forward variable and Viterbi
prob differ in summing and max.

| skip “forward-backward"” algorithm for the sake of simplicity. But we will
discuss it when doing CRF parameter estimation. Check page 54.
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Viterbi on path inference

Viterbi on CRF

Though equation (9) offers a way to compute the discriminative probability, the
numerator Zy(7) = > exp (2?21 Sy Mifi (Y51, o i,j)) is far from easy

Yy ey
computation. So we need a fast implementation way.
Viterbi on CRF is pretty close to the idea of Viterbi on HMM.
The quantity 0;(s|Z), which is the highest score along a path, at position j, which
ends in state s, is defined as

0;(s|Z) = gy hax 1p(y1, Y255 Y5 = |2)
) e Yj—

From CRF factor (see (9)), we obtain the induction step:

e (617) = max & () - Wy (7. 9, )
s'e

The array 1);(s) keeps track of the best state of y;_; which make y; = s. The
algorithm then works as follows:
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Viterbi on path inference |

Viterbi on CRF: Algorithm

Step 1 Initialization:
The values for all steps from the start state | to all possible first states s
are set to the corresponding factor value

Vse §:01(s) = Uq(L,s,7)
i(s) =L

Step 2 Recursion:
The values for the next steps are computed from the current value and the
maximum values regarding all possible succeeding states s .

Vse §:1<j<n:ds) = ma?g(&j_l ()W, (5, s, T)
s'e

Yi(s) = argmaxd;_1 (s') U, (¢, s, 7)
ses
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Viterbi on path inference Il

Viterbi on CRF: Algorithm

Step 3 Termination:
p* = maxd, ()
s'esS

Y, = argmaxd,, (§)
s'es

Step 4 Path (state sequence) backtracking:
Recompute the optimal path from the lattice using the track keeping
values 1);.

Y; = Vi (y;-‘H) j=n—1,n—-2,...,1

iEHNE— P ABRFRENSGF:
https://cloud.tencent.com/developer/article/1545851,
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© Forward-backward Algorithm on CRF, for Training 52
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Forward-backward Algorithm on CRF, for Training

What is training for?

Besides inference problem, the
implementation of CRF faces another
problem, estimation of \; in U,(Z, y)
during training, see formula (10) *.
So, training is to obtain A\

Y This sub-section is fully cited again from Roman and Katrin 2007. Please check the paper

for missing computation steps.
2020 £ 11 A 18 H 53 / 86
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Forward-backward Algorithm on CRF, for Training

For all types of CRFs, as well as for Maximum Entropy Models, the maximum-

likelihood method can be applied for parameter estimation. So, training the model

is done by maximizing the log-likelihood L on the training data 7 :
> log p(ij|)
(Z9)eT
Z | €xp (Z;’lzl 221 )‘Zfz (yj—17 y]7 '%7 j))
—_= Og
(Z,9)eT Zy/ey exp (Zj:l Zi:l Aifi (%‘-17 ?J;-a Z, ]))

and by adding the regulizer to avoid over fitting, we have

L(T)=L(T) — L
(M=ET) =Y 55
=1
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Forward-backward Algorithm on CRF, for Training |

Solve the derivative of £(7) led to

54/ 86

£ (Derivative of loss function with respect to lambda)

OL(T
3,(\k) Z ka Yj—1, yj7xj)

(5537)67'3 1
E(fk)
- > > i@ ka: Y uyyw)
( NET Y ey
E(fk)
_ Ak
o2

So, A could be computed via gradient descent:

A = X9+ g VA(L(T)).

Jingbo Xia (HZAU)

Seminar materials 2020 £ 11 B 18 H




Forward-backward Algorithm on CRF, for Training Il

Now it is time to compute the derivative of the loss function.

First, E(fz) is the empirical distribution of a feature f;, which is easy to obtain
through direct counting in 7.

Second, “forward backward” algorithm is used to compute expectation of f;, E(f;)

Similar as the notation in equation (15), we define forward variable a;(s|Z) and

backward variable §;(s|Z) from P(y; = s|Z)
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Forward-backward Algorithm on CRF, for Training Ill

6: Message passing in the Forward-Backward Algorithm. Each column represents one
variable, each box in a row one possible value of that variable.
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Forward-backward Algorithm on CRF, for Training IV

Ply;=s|2) = > Plyzy; = s[7)
y#£;€Y

= > S 2 I Yy (yp—1, 97, 2) (From equation (8). )
=1

Y1:j—1 €Y Yj+1:0€Y  J
=7 > Uil D Y2 g1, DV (g1, 95 = 5, 3)

Y1:.j—1€Y
a;(s|Z) (16)
Z Uit1(y = Y1, DVjra(Yjt1, Yjr2: D) - YolYn—1, Yo, D)
yj—i—l:ney
1 Bi11(s17)
=2 2 Vilyi-1,9 = 8D ( 2 Vim1(y—2, ¥i-1,7) - Q2 V1 (Yo, ¥1, 7))
Yj—1 Yj—2 Yo
: Z ‘I’j+1(yj =S yj—|—175_f) Z ‘1’j+2(yj+1,yj+2,ff) "'E‘I’n(yn—bym@
1{j+1 _’ . Yj+-2 Yn
= 7 a;(s|2) - Bj11(s|7)
Jingbo Xia (HZAU) Seminar materials 2020 & 11 A 18 H 58 / 86

Forward-backward Algorithm on CRF, for Training V

we then have:

EHE (The iterative computation for forward and backward variables)

o(8|7) = > a1 (8D) -V (y—1 = 5,y = 5, 7)
s’GT]l(s)

Bi(sld) = > B (5D) ¥ (yj—1 = 5,95 =5, 7)
s'€ Tj(s)

where T;(s) maps a single state s at an input position j to a set of allowed next

states at position j+ 1, and the inverse function T‘;._l)(s) maps the set of all
states of possible predecessors to s.

The « functions are messages sent from the beginning of the chain to the end.
The 3 functions are messages sent from the end of the chain to the beginning.
They are initialized by

Oé()(J_ |§f) =1

5|a?|+1(—|—|§) =1
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Forward-backward Algorithm on CRF, for Training VI

Results in (16) and similar computation straightforwardly yields to:

1
P(y; = sl2) = — - a5(s[7) - Bj41(s]2),

— 1 — — —
Pyj—1 = s,95= §|2) = — - a1 (6l7) - W(yj—1 = 5,95 = &, 3) - B (413).

With these messages, it is possible to compute the expectation

E(f;) = E(i@eT dwey P (¥17) Z?Zlfi (yj_l, Yi» T, j) under the model
distribution efficiently via

B = Y Z;@ZZ S (s 4150 aa (DY (5,8, 7) B (513)

(Z,9)eT J=1 s€5 s'€Tj(s)
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Forward-backward Algorithm on CRF, for Training VII

The normalization factor is computed by

Z5(%) = Bo(L [7)
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@ CRF and Sequence Labelling—Implementation Topics

@ A toolkit for CRF implementation
@ RNN vs CRF, on sequence labelling

@ Coding tutorial: RNN on sequence output
@ CREF layer in neural network, 'topping’ of LSTM

Jingbo Xia (HZAU)

CRF and Sequence Labelling—Implementation Topics |

Wapiti: A simple and fast discriminative sequence labelling toolkit

Seminar materials
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Wapiti (https://wapiti.limsi.fr/) is a very fast toolkit for segmenting and
labeling sequences with discriminative models. It is based on ME, maximum
entropy Markov models and linear-chain CRF and proposes various optimization

and regularization methods to improve both the computational complexity and the
prediction performance of standard models.

Seminar materials
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CRF and Sequence Labelling—Implementation Topics Il

Wapiti: A simple and fast discriminative sequence labelling toolkit

Check https://github.com/bionlp-hzau/Tutorial_4_CRF to get
the tutorial of WAPITI. <L~

The advantage of using WAPITI is to understand how feature engineering
works in CRF.

To generate feature functions f;(y;—1, y;, 7, 7) in a batch, a patter file "*.pat” is
needed. Read https://wapiti.limsi.fr/manual.html#patterns, section

<Patterns>.

For example, if your data is

al bl cl
a2 b2 c2
a3 b3 c3

The pattern "u:%x[-1,0]/%x[+1,2]" applied at position 2 in the sequence will
produce the observation "u:al/c3".
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CRF and Sequence Labelling—Implementation Topics Il

Wapiti: A simple and fast discriminative sequence labelling toolkit

For better understanding, let's show an example. Assume
FUXBRET
BIOOO

is a training sample for the task of “Location tagging”, then the pattern

01 : %[0, 0]

generate 15 feature functions:

funcl = if (output = B and feature=U01:" E") return 1 else return 0
func2 = if (output = | and feature=U01:" E") return 1 else return 0
func3 = if (output = O and feature=U01:" R") return 1 else return 0
func4 = if (output = B and feature=U01:" ;X") return 1 else return 0
funcs = if (output = | and feature=U01:" ;X") return 1 else return 0

funcl4 = if (output = | and feature=U01:" [ ") return 1 else return O
funclb = if (output = O and feature=UOQ0L1:" ") return 1 else return 0O

Jingbo Xia (HZAU) Seminar materials 2020 £ 11 A 18 H
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CRF and Sequence Labelling—Implementation Topics IV

Wapiti: A simple and fast discriminative sequence labelling toolkit

Some parameter setting for the binary WAPITI file!®.

[J Synopsis.
wapiti mode [options] [input] [output]
[J Train mode.

e -a | —algo <string> Select the algorithm used to train the model, specify "list”
for a list of available algorithms. The first algorithm in this list is used as default.

e -t | —nthread <integer> Set the number of thread to use, this can drastically
improve performance but is very algorithm dependent. Best value is to set it to
the number of core you have. Default is 1.

e -i | —-maxiter <integer> Defines the maximum number of iterations done by the
training algorithm. A value of 0 means unlimited and training will continue until
another stopping criterion is reached. The default is unlimited and algorithm will
stop using the others criteria.

e -p | —pattern <file> Specify the file containing the patterns for extracting
features. The format of the pattern file is detailed below.

[J Label mode.
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CRF and Sequence Labelling—Implementation Topics V

Wapiti: A simple and fast discriminative sequence labelling toolkit

e -c | —check Assume the data to be labeled are already labeled so during the
labeling process we can check our own result displaying the error rates. This
doesn't affect the labeling process and output data will remain exactly the same.
However, progress will be more verbose and informative: at the end of the
process, for each labels, the precision, recall, and f-measure will be displayed. If
you ask for N-best output, statistics are computed only on the best sequence.

e -m | —model <file> Specifies a model file to load and to use for labeling. This
switch is mandatory.

https://wapiti.limsi.fr/manual.html
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CRF and Sequence Labelling—Implementation Topics

Wapiti: A simple and fast discriminative sequence labelling toolkit

1
2 |=—=——=—== Training outtrain (this may take some time)
3 | * INPUT

4 | input_dir=outtrain

5 | pattern_file="pat/Tok321ldis. pat’

6 | training_options=" —a sgd—I1 —t 3 —i 10

7 | train_files="(cat outtrain/[A-S]*.tab)’

s | * OUTPUT

9

output_dir=eval/bio
o | model_file="eval/bio/Tok321ldis—train—outtrain.mod’

3 |>wapiti train —a sgd—I1 —t 3 —i 10 —p pat/Tok321ldis.pat <(cat
outtrain /[A-S]*.tab) eval/bio/Tok321ldis—train—outtrain.mod

[IRINT]

6 | * Summary

17 nb train: 10856
18 nb labels: 17
L9 nb blocks: 412938
20 nb features: 7020235
n |7
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CRF and Sequence Labelling—Implementation Topics

Wapiti: A simple and fast discriminative sequence labelling toolkit

[IRINT)

* INPUT

input_dir=outtrain

model_file="eval/bio/Tok321dis—train—outtrain.mod’

test_files="(cat outtrain/[T-Z]*.tab)’

* OUTPUT

output_dir=eval/bio

Predicted_file="eval/bio/Tok321ldis—train—test—outtrain.tab’' """

>wapiti label —c —m eval/bio/Tok321ldis—train—outtrain.mod <(cat
outtrain /[T-Z]*.tab) eval/bio/Tok321ldis—train—test—outtrain.tab

o | """ *Summary

Inference outtrain

©O© 0 N o o A W N o=

1 Nb sequences : 3464
12 Token error ;. 4.80%
13 Sequence error: 24.08%
4 | * Per label statistics
15 0] Pr=0.97 Rc=0.98 F1=0.98
16 B—Severity Pr=0.70 Rc=0.61 F1=0.65
17 B—AdverseReaction Pr=0.80 Rc=0.88 F1=0.84
18 E—AdverseReaction Pr=0.73 Rc=0.78 F1=0.76
19 |I—AdverseReaction Pr=0.78 Rc=0.49 F1=0.60
20 B—-Factor Pr=0.71 Rc=0.69 F1=0.70
1 E—Severity Pr=0.59 Rc=0.59 F1=0.59
; D, 4 D N 2Q

gbo Xia (HZAU Seminar materials 2020 £ 11 A 18 H




CRF and Sequence Labelling—Implementation Topics

Wapiti: A simple and fast discriminative sequence labelling toolkit

Evaluation with conlleval.pl outtrain
*INPUT
Evaluate_file="eval/bio/Tok321dis—train—test—outtrain.tab’
*OUTPUT
Result_file="eval/bio/Tok321ldis—train—test—outtrain.eval’

© 0 N o o W N o=

>sudo perl ./conlleval.pl —d $'\t' <eval/bio/Tok321ldis—train—test—
outtrain.tab | tee eval/bio/Tok32ldis—train—test—outtrain.eval

[IRIN1]

12 | *Summary
13 | processed 60958 tok with 3669 phr; found: 3890 phr; correct: 2975.

4 | accuracy: 95.20%; precision: 76%; recall: 81%; FB1: 78.71

L5 AdverseReaction: precision: 77%; recall: 84%; FB1: 80.87 3470
16 Animal: precision: 76%; recall: 59%:;: FB1: 66.67 17
17 DrugClass: precision: 18%; recall: 8%; FB1: 11.76 11

(8 Factor: precision: 70%; recall: 68%; FB1: 69.80 126
19 Negation: precision: 57%; recall: 57%; FB1: 57.14 14
20 Severity: precision: 68%; recall: 58%; FB1: 62.91 252
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CRF and Sequence Labelling—Implementation Topics |
RNN vs CRF, on sequence labelling

Traditional feed-forward network is good for classification task, but not for
sequence labelling.

Standard Feed-Forward Neural Network

X

One to One
“Vanilla" neural network 16

RNN is a suitable structure for sequence labelling by nature.
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CRF and Sequence Labelling—Implementation Topics Il

RNN vs CRF, on sequence labelling

Recurrent Neural Networks for Sequence Modeling

... and many other
architectures and
applications
X
One to One Many to One Many to Many
“Vanilla" neural network Sentiment Classification Music Generation
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CRF and Sequence Labelling—Implementation Topics Il

RNN vs CRF, on sequence labelling

Recurrent Neural Network (RNN)

output vector yt Apply a recurrence relation at every
time step to process a sequence:

he|= [fw|(he—14|x¢])

cell state function  old state input vector at
recurrent cell ht parameterized time step t
by W

Note: the same function and set of
input vector X3 parameters are used at every time step
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CRF and Sequence Labelling—Implementation Topics IV

RNN vs CRF, on sequence labelling

RNN State Update and Output

output vector ?t

Update Hidden State
he  hy = tanh(Whphe—q + W xp)

RNN

recurrent cell

Input Vector
input vector X¢ xt

onttp://introtodeeplearning.com/slides/6S191_MIT_Deeplearning L2.pdf
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CRF and Sequence Labelling—Implementation Topics

Coding tutorial: RNN on sequence output

A Beginner’ s Guide on Recurrent Neural Networks with PyTorch.
https://blog.floydhub. com/
a-beginners-guide-on-recurrent-neural-networks-with-pytorch/

Check the above tutorial for RNN coding.
The above coding helps in understanding:

@ how a sequence input/out formalized in NLP problem.

© one-hot coding is an extra data-processing task in NLP, but not in other
scenarios like image, vision or bioinformatics, etc.

© RNN is happy to take word embedding as original input, if they are available.
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CRF and Sequence Labelling—Implementation Topics |

CRF layer in neural network, 'topping’ of LSTM

‘ B-Person  I-Person 0 B-Organization O ‘
02 {770 IPem 0O 4 o o
0.9 5 B-Person I-Person O  B-Organization O E
03 | B-Person I-Organization O I-Person o
| e |
B-Person 15 02 0.09 0.003 0.12
I-Person 09 04 0.02 0.002 02
B-Organization 0.1 0.1 0.03 0.2 0.1
I-Organization 0.08 0.11 0.08 0.07 0.065
o] 0.05 0.05 0.1 0.05 05

f t f t f
:lBiLSTM tjemsm I:13iLSTM I:lBiLSTM l:IBiLsm I:
\:AE] \:b \:b “b] ”b]

Wg Wy Wi

CRF layer by Huang 2015 7 learns constrains from training data, e.g.,
i) the label of the first word in a sentence starts with “B- “or “O” , not “I-

ii) “B-Person |-Organization” , “O I-label” are invalid. 18
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CRF layer in neural network, 'topping’ of LSTM

CRF layer in NN takes the output of Bi-LSTM as the sum of weighted feature
functions 9. .
Recall Score(Z, y) = > log V;(yj—1, y;, Z) in (12),

=1

J
CRF layer defines

I
s
NIE

<
I
—_
<
I
—_

Score(, 1)) Nifi(Yi=1, Y, T, )

0og ‘I’EMIT(?JJ' — xj) + log‘I’TRANS(yj—l — yj)

I
S,
—

Outputpi.Lst™ (¥), 75) + Pr(y;|yj—1)
j=1

then we have
exp(Score(Z, 7))

S exp(Score(Z, i)

yey

p(y2) = (17)
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CRF and Sequence Labelling—Implementation Topics Il

CRF layer in neural network, 'topping’ of LSTM

From an engineering view, there are |7{|7 possibilities for y7 The amount is
HUGE. We need a fast implementation algorithm.

Parameter setting: Assume Z = wy, wy, we, Label= 1, 5.
Let's say, in a "location-tagging” task, assume [} = L, Ir = O,
T = wp, wi,ws = , then the expected i = LLO. But there are 23 chances of /.

The below algorithm is to compute the logarithm of numerator in (17),
log 3 exp(Score(Z, ¢/)). (Please check TScore(wy — wy — wsy) in Step 2).)
yEY

Input: First, we have Emission matrix from output of Bi-LSTM:
1 2

wo | ep1 e w i
0| 01 ™2 "and Transition Matrix: TRANS =1, | ty1 to .
wy | €11 €12 L |t t
2 | ta1 t22
Wo €21 €22
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CRF and Sequence Labelling—Implementation Topics IV

CRF layer in neural network, 'topping’ of LSTM

Step 0) wWo
TScore(wy) = log(exp(epr) + exp(epz)).

Step 1) wo — U1
ObS = (611, 612)
Prev= (ep1, €2)

*step: < gzz ) — Obs, (PrevT, Prev?) — Prev.

*step: Score = Prev+ Obs+ TRANS

_ [ €o1t et 11 eo1 + e12 + ti2
€o2 + €11 + a1 €o2 + €12 + loo

*step: Prev < (log(exp(Scorerr) + exp(Scorear)),log(exp(Scorers) + exp(Scoress)))

2020 £ 11 A 18 H 79 / 86
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CRF and Sequence Labelling—Implementation Topics V

CRF layer in neural network, 'topping’ of LSTM

= (log(exp(ep1 + e11 + ti1) + exp(eo2 + €11 + t21)),log(exp(epr + e12 + ti2) +
exp(eg2 + €12 + 122)))

*step: T'Score(wy — wy) = log(exp(Prev(1)) 4+ exp(Prev(2)))

= log(exp(ep1 + €11 + t11) + exp(eps + €11 + t21) + exp(eor + e12 + ti2) +
exp(ep2 + €12 + t22))

Step 2). wy — wy — wpo
ObS = (621, 622)

Prev = last round
Obs

Obs
*step: Score = Prev+ Obs+ TRANS

*step: — Obs, (PrevT, Prev?) — Prev.

*step: Prev < (log(exp(Scorerr) + exp(Scorear)),log(exp(Scorers) + exp(Scoress)))
*step: T'Score(wy — w; — wy) = log(exp(Prev(1)) 4+ exp(Prev(2)))
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CRF and Sequence Labelling—Implementation Topics VI

CRF layer in neural network, 'topping’ of LSTM

= log(exp(eg1 + €11 + ti1 + €21 + t11) +exp(epe + €11 + to1 + €21 + t11) +
exp(egr + e12 + tiz + €21 + t21) + exp(ep2 + €12 + too + €21 + t21) + exp(eor +
e11 + ti1 + €22 + tiz) + exp(eg2 + €11 + a1 + e22 + ti2) + exp(eor + €12 + tia +
€22 + t2) + exp(ep2 + €12 + taa + €22 + 122))

Output: Obtain log 3 exp(Score(Z, 1/)) from the above term.
yEY

17Paper for CRF layer: https://arxiv.org/abs/1508.01991)

18ht1:ps ://createmomo.github.io/2017/09/12/CRF_Layer_on_the_Top_of_BiLSTM_1/

19Check “"ADVANCED: MAKING DYNAMIC DECISIONS AND THE BI-LSTM CRF”
https://pytorch.org/tutorials/beginner/nlp/advanced_tutorial.html or “Implementing
a linear-chain Conditional Random Field (CRF) in PyTorch” https://towardsdatascience.com/

implementing-a-linear-chain-conditional-random-field-crf-in-pytorch-16b0b9c4bdea
for more.
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CRF layer in neural network, 'topping’ of LSTM

Check https://github.com/jidasheng/bi-1stm-crf to see how forward
algorithm works in coding.

1
2 def __forward_algorithm(self, features, masks):
3 """calculate the partition function with forward algorithm.
4 TRICK: log_sum_exp([x1, x2, x3, x4, ...]) = log_sum_exp (|
log_sum_exp ([x1, x2]), log_sum_exp([x3, x4]), ...])
5 :param features: features. [B, L, C]
6 :param masks: [B, L] masks
7 ‘return: [B], score in the log space
.
9 B, L, C = features.shape
0
11 scores = torch. full ((B, C), IMPOSSIBLE, device=features.device
) # [B. C]
2 scores[:, self.start_idx] = 0.
13 trans = self.transitions.unsqueeze(0) # [1, C, C]
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CRF layer in neural network, 'topping’ of LSTM

1

2 # lterate through the sentence

3 for t in range(L):

4 emit_score_t = features[:, t].unsqueeze(2) # [B, C, 1]

5 score_t = scores.unsqueeze(l) 4+ trans + emit_score_t # [B
, 1, Cl +[1,C, C] +[B, C, 1] = [B, C, C]

6 score_t = log_sum_exp(score_t) # [B, C]

7 mask_t = masks[:, t].unsqueeze(l) # [B, 1]

8 scores = score_t * mask_t + scores * (1 — mask_t)

9 scores = log_sum_exp(scores + self.transitions[self.stop_idx])

L0 return scores

Please note that the above score_t [B, 1, C], trans [1, C, C|, and emit_score [B,
C, 1] refer to Prev, TRANS, and Obs, respectively.

When three PyTorch tensors are added together, they are performing an addition
with an extension manner, say: " [B, 1, C] + [1, C, C] + [B, C, 1] => [B, C, C]".

Obs
Thus, Obs

an efficient way.

— Obs and (Prev?, Prev’) — Prewv are both implemented in
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CRF layer in neural network, 'topping’ of LSTM

Check PyTorch official tutorial ?° for the same scripts.
def _forward_alg(self, feats):

next_tag_var = forward_var + trans_score 4+ emit_score

a o~ W N =

See? This is a trick for PyTorch tensor computation!

2Onttps://pytorch.org/tutorials/beginner/nlp/advanced tutorial.html
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CRF LEIMARIBRENIRS

o ET Wapiti, BRE" FIEIREIEIS-Fl" IR
o Wapiti 2— PN #H BT BIT3CH, 1BEEIZITRIN;
o HIRBW pat X1, ERBIFIERENIRE;
o FLNNEHAEEN Train, Development F1 Test, 5T
BHIERESF .
o LSTM+CRF
o [Fi%E PyTorch E7 LSTM+CRF BJ{XAS;
o SABCHIZGEEHITSEUNZ

o LE% Wapiti F1 LSTM+CRF BUTEAE

Jingbo Xia (HZAU) Seminar materials 2020 £ 11 A 18 H 85 / 86



Acknowledgement

Thank Pierre Zweigenbaum for the mini-course «ETHUEBEZIWATLEEEE
2 ARLERY | Oct, 2017.

Thank audiences in my graduate course, “BioTM and Knowledge Discovery,
Spring 2019", https://hzaubionlp.com/course-bionlp-and-kd/, and in my
undergraduate course, “NLP" Fall 2020,
https://hzaubionlp.com/nlpdunderg/.

Thank all HZAU BioNLP lab members who participate the algorithm discussions.

2020 £ 11 B 18 H

Jingbo Xia (HZAU) Seminar materials 2020 £ 11 A 18 H 86 / 86



