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Abstract

We consider in this paper deploying external knowledge transfer inside
a simple double agent Viterbi algorithm which is an algorithm firstly in-
troduced by the author in his preprint ”Hidden Markov Based Mathemat-
ical Model dedicated to Extract Ingredients from Recipe Text” (Bakloutil
. The key challenge of this work lies in discovering the reason our old
model does have bad performances when it is confronted with estimating
ingredient state for unknown words and see if deploying external knowl-
edge transfer directly on calculating state matrix could be the solution
instead of deploying it only on the back-propagating step.

1 Introduction

Extracting ingredients from a recipe text is a common activity especially for
data scientists and developers who want to study recipes or want to make sta-
tistical representations about the nutritive values of cuisine recipes. Ingredients
are not the only useful information we want to extract, the quantity used for
each ingredient and how they are prepared are also interesting information that
we can extract by the same method presented in this work. Hidden Markov
Models are the first idea that came in my mind because there are previous
successful works that used this method for information extraction ((Freitag &
McCallum), 2000), (Freitag & McCallum, [1999), (Seymore, McCallum, Rosen-
feld, et al.l [1999), (Bikel, Miller, Schwartz, & Weischedel, [1998)), (Leek, [1997)),
and because modeling sequences of words where we must estimate the hidden
state is typically a hidden Markov procedure. In this work, we are concentrat-
ing on the external knowledge part deployed in what we called a simple double
agent Viterbi algorithm.
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2 Previous work

We used Named Entity recognition as a subtask of information extraction to
extract ingredients, HMM are widely used to perform named entity recognition
(Morwal, Jahan, & Chopra;, 2012) but in its basic technology, HMM is not
able to incorporate external knowledge, therefore we developed on this work
an advanced Viterbi algorithm to consider POS tags as an external knowledge
playing an active role in calculating the state matrix. The major modification
made are explained in (Baklouti, |2021)).

Extracting ingredients help developers creating recipe recommendation sys-
tems, but not only ingredients are targeted in a text recipe, but quantities
deployed inside recipes and cooking techniques are also useful information to
construct a hybrid recommendation system (Shah, Gaudani, & Balani, [2016)
(Ueda, Asanuma, Miyawaki, & Nakajima, 2014) and incorporating POS tags as
an external knowledge will help creating more performant hybrid recommenda-
tion systems.

Methodologies for transfer learning varies according to the model’s task, for
example for image classification layers in a neural network may be involved in
recognizing specific features and by knowledge transfer, we do not have to re-
train those layers in medical images to relearn those specific features (Zhu et
al., 2011). Our bigger part of our methodology is explained in (Baklouti, [2021)),
in this paper we are going to make some modifications in the iteration step to
take maximum advantage of already estimated knowledge, in our case already
estimated knowledge are POS tags.

3 Methodology

When observing the equations calculating the elements of the state matrix for a
second order mono-agent Viterbi algorithm and compare it with the algorithm
used in an ingredient extractor (7 |7) , we found an interesting property that
kept the second order mono-layered Viterbi more precise in the context of un-
known words, in other words when the probability b;;(vy) = P(V, = v /T, =
v;, T = 7;) is losing its efficiency behind an unknown word , the algorithm used
for an ingredient extractor couldn’t rely on the other probabilities inside the
equations that determines a state matrix. To discover the property in second
order Viterbi HMM, we created a table of cases constituted with the list of to-
kens constituting a sentence and we fill it with the parameters inside the lexical
probability and the contextual probability for the most probable cases inside a
state matrix §. For example , for the sentence ’ duusd! due 9| (o Hgin ) Sy
, we want to create its situations table for the token d.=3!, we search first for
the most probable cases revealed by the higher values of the state matrix ¢, the
segment of the matrix dg reveals 3 most probables cases : first case the token
3uu=tl is not an ingredient , second case the token duusJt! is an ingredient and
it is extracted alone, the third case the token 3.l is a part of an ingredient
composed with two words and the word .| is the second word of that ingre-



dient. To calculate one element of a matrix state §; for a mono-layered Viterbi
algorithm, the algorithm chooses one element of the precedent segment ;1
of the state matrix and add it with the corresponding lexical probability and
transitional probability. We dressed a 3 situations tables for the most probable
situations revealed by the higher elements of the state matrix filled with the
parameters of those specific probabilities. After reestablishing the situations
tables, we can distinguish between two kinds of probabilities:

e A sane probability: showing an existing case, for example the probabil-
ity P(I', =0/T,_1 =0, ) used in Table |1 calculating dg(1, 1) in
equation 2] one of the highest elements of matrix[I]is a sane probability be-
cause we are supposing that the token in position r —1 is not an ingredient
(T',—1 = 0) and the estimation obtained from the backtracking step for the
token in position r is true (I', = 0), and the estimation of the ingredient
state for the token in position r—2 obtained from the mathematical expres-
sion max1<;<4(95(7,2) + log(P(I', =0/T',—1 =1, )) in equation

is true (

e An insane or a parasite probability: showing a non-existing case, for
example the probability P(I', =0/T, ; = 2, ) in Table [3] used
in calculating dg(1,3) in equation [4| is a parasite probability because we
are supposing that the token in position » — 1 is the second word of
an ingredient (I',_; =2) and the estimation obtained from the back-
tracking step for the token in position r is the real value of the token
in position r (I, =0), and the estimation of the ingredient state for
the token in position r — 2 obtained from the mathematical expression
maxi<i<a(05(7,3) + log(P(T, =0/T,_1 =2, )) in equation 4| is
the real value of the token in position r — 2 ( ), the first word of
an ingredient.

We are supposing that a ”good” algorithm is an algorithm where there are
the least possible parasite probabilities in its most probable state matrix calcu-
lations and we are going to try to ameliorate our ingredient extractor in that
way and see if this hypothesis is a valid hypothesis by experimentation.



Estimating an ingredient state using a second order HMM model:
sentence=.,ca 3(0il),o g% j(olive), e (of), ue g31(quality),sem3i(good),.
ingredient state=[0,1,2,0,0,0,0]

ingredient to be extracted=¢ gia y <o)

—46.5677 —53.3321 —54.4383

5 (i, ) = —53.0687 —47.9396 —54.175 (1)
6i% —53.0402 —53.4034 —51.8439
—55.8817 —56.4674 —56.1374 —55.9642

(Y56(17 1) = max1§i§4(65( s 1) + log(a 11)) + lOg(bll(”.”))

= max1§i§4(65( R 1) + lOg(P(F,- = O/F,,A_l =0, )))
+ lOg(P(VYT = ”-”/Fr =0, 1 = 0))
=05(1,1) +1log(P(I'y = 0/I', 1 = 0, )
S—— (2)
—38.13 —0.832
+log(P(V,.=""/T,. =0,T,_1 =0))
—2.85

CoER) 08RO Aepdl Saendl :
casel - - - - I'h_1=0
case2 - - - - - I'n-1=0

r.=0
r 0

T

Table 1: situations table for dg(1,1) for a second order HMM estimation with
all the words are known . The probabilities P(I', =0/I",_1 = 0, ) and
PV, =77/T.=0,T,_1 =0) are describing existing cases from the tagged
sentence, they are not parasite probabilities.

56(2, 1) = max1§i§4(55( ,2) + lOg(CL 21)) + lOg(bgl(”.”))

= Maxri1<i<4 65( ,2) + lOg(P(Fr = O/R,] =1, ))
+log(P(V, =77 /T, = 0,y — 1))
= 53(1,2) +Iog(P(T, = O/T, ;= 1, )
—38.43 —0.351
+ lOg(P(VT = ”.77/FT =0, = 1))
—2.238



L) o) e Resdl  Bagedl -
casel - - - - =0 I,_1=1 TI,=0
case2 - - - - - I'n.1=1 I,=0

Table 2: Situations table for dg(1,2) for a second order HMM estimation. The
probabilities P(I', = 0/T", 1 = 1,1', 5 = 0) and P(V, ="."/I', =0,I',_; = 1)
are describing existing cases from the tagged sentence, supposing that the word
3uuxt! is an ingredient . These probabilities are not parasite probabilities.

56(3, 1) = max1§i§4(55(/, 3) —+ log(a,;gl)) + lOg(bgl(” .”))

= mazi1<i<4(05(:,3) +log(P(T, =0/T, 1 = 2,1, 5 = 7))
+ lOg(P(V; = ”-”/Fr =0,I1 = 2))
= (55(_)73) +lOg(P(Fr = O/Fr,1 = 2, l‘,,;) = l))
~—— (4)
—38.7 —0.043
Flog(P(V, =7 7 /T, = 0,T,_, = 2))
—2.866

casel - - - I, o—1 TI,_
case2 - - - - - T

Table 3: Situations table for d¢(3,1) for a second order HMM estima-
tion. The probability P(TI', =0/T'._; =2,I", » = 1) is a parasite probabil-
ity because I', o = 1 is not the real state of the word e ¢t and P(V, =
"7/, =0, = 1) is not a parasite probability because it is describing an
existing case from the tagged sentence after considering the word a.u=3! as the
second word of an ingredient.

after adding the sentence Sdumd! dus ol (w0 (o ) & ) to the dataset:
sentence=.,ca 3(0il),o 9% 3(olive), e (of), aue sti(quality),suemti(good),.
ingredient state=[0,1,2,0,0,0,0]

ingredient to be extracted=y giay ca)

—45.7531 —53.3305 —53.6236

5 (i, ) = —52.6603 —47.5296 —53.7664 5)
6% —53.0374 —53.4007 —51.8409
—55.7362 —56.3216 —55.9917 —55.8183



06(1,1) = maz1<i<a(95(7, 1) + log(air1)) + log(bi1(”.”))

= maz1<i<a(d5(7, 1) + log(P(I'y = 0/T',—1 =0, )
+log(P(V,=""/T, =0,y =0))
:55( a1)+log(P(FT:O/Fr7l =0, ))
S—— (6)
—37.314 —0.831
+log(P(V, =77 /T, = 0,T,_; = 0))
—2.8567
CoCny Osm) e mesdl Bt
casel - - - - I'n.y=0 I,.=0
case2 - - - - - I'hr.y=0 I,.=0

Table 4: situations table for dg(1,1) for a second order HMM estimation with
all the words are known after adding the sentence auc ¢t Gy Oy o)
3au=t! to the dataset. The probabilities P(I', =0/T',_; =0, ) and
PV, =77/T.=0,T,_1 =0) are describing existing cases from the tagged
sentence, they are not parasite probabilities.

56(2, 1) = max1§i§4(55( ,2) + log(a 21)) + lOg(bgl(” .”))

= mar1<;<a(05(/,2) + log(P(I'y = 0/1', 1 = 1, )
+log(P(V, =77 )T, =0,0,_1 = 1))
=05(1,2)+log(P(I', =0/T, 1 =1, )
Y (7)
—38.021 —0.3517
+log(P(V, =77 /T, = 0,T,_; = 1))
—2.238



L) o) e Resdl  Bagedl -
casel - - - - I'n.1=1 I,=0
case2 - - - - - I'n.y=1 T 0

T

Table 5: Situations table for dg(2, 1) for a second order HMM estimation with
all the words are known after adding the sentence auc ¢t Gy Oy Co)
3au=t! to the dataset. The probabilities P(I', =0/, =1, ) and
PV, =77/T.=0,T,_; = 1) are describing existing cases from the tagged
sentence, supposing that the word due=t! is an ingredient . These probabilities
are not parasite probabilities.

56(3, 1) = max1§i§4(55( ,3) + log(a 31)) + log(bgl(” .”))

= maz1<i<a(d5(1,3) + log(P(L'y = 0/T'—1 = 2, )
+log(P(V,=7"/T, =0,T,_1 =2))
= 05(2,3) +log(P(T, =0/, 1 = 2, )
5 (8)
—38.69 ~0.0437
+log(P(V, =""/T, =0,T',_1 =2))
—2.866
casel - - -
case2 - - - - - =2 I, =

Table 6: Situations table for dg(3,1) for a second order HMM estimation with
all the words are known after adding the sentence aie ¢d) o Ogia) Co)

3uu=3) to the dataset. The probability P(T', = 0/T,_; = 2, ) is a par-
asite probability because is not the real state of the word 4.e s-J1 and
P(V,=""/T.=0,T'._; = 1) is not a parasite probability because it is describ-

ing an existing case from the tagged sentence after considering the word 3=l
as the second word of an ingredient.

parasite
probability



after adding the sentence wuSd| gandl w plaled 4aS to the dataset:
sentence=.,ca 3(0il),o g% j(olive), e (of), ue g3i(quality),semti(good),.
ingredient state=[0,1,2,0,0,0,0]

ingredient to be extracted=¢ gia y <o)

—46.5781 —53.3457 —54.4495

5 (i, ) = —53.0804 —47.9504 —54.1875 )
6i% —53.0533 —53.4171 —51.8577
—55.8946 —56.4807 —56.1513 —55.9783

56(13 1) = max1§i§4(55( ,1) + log(a 11)) + log(bll(” .”))

= mazy<i<a(d5(1, 1) + log(P(T; = 0/T,_; =0, )
+log(P(V, =77 T, =0,T,_, = 0))
= 05(1,1) +log(P(T, = 0/, _y =0, )
NG (10)
—38.138 —0.831
+log(P(V, =7 /T, = 0,1, = 0))
—2.857

CoER) 08 (e Aepdl Saendl :
casel - - - - I'h.1=0
case2 - - - - - I'n-1=0

r.=0
r 0

T

Table 7: situations table for dg(1, 1) for a second order HMM estimation with all
the words are known after adding the sentence ;oS3 aoad! (o pbleb Las
to the dataset. The probabilities P(T', = 0/T,_; =0, ) and P(V, =
77 /T, =0,T,_1 =0) are describing existing cases from the tagged sentence,
they are not parasite probabilities.

56(2; 1) = max1§,§4((55( 72) + lOg(CL 21)) + lOg(bgl(”.”))

= max1§i§4((55( ,2) + lOg(P(FT = O/F,,',l = 1, ))
+log(P(V, =77 /Ty = 0,1, = 1))
= 05(1,2) +log(P(I', = 0/T'—1 = 1, )
N (11)
—38.44 —0.3517
+1og(P(V, =7 /T, = 0,T,_; = 1))
—2.239



L) o) e Resdl  Bagedl -
casel - - - - I'n.,=1 I,.=0
case2 - - - - - Ir,.,=1 T 0

T

Table 8: Situations table for dg(2, 1) for a second order HMM estimation with all
the words are known after adding the sentence oS3 aoad! (o pbleb Las
to the dataset. The probabilities P(T', = 0/T',_; =1, ) and P(V, =
77 /T, =0,T,_y =1) are describing existing cases from the tagged sentence,
supposing that the word .= is an ingredient . These probabilities are not
parasite probabilities.

56(3; 1) = max1§i§4(55( 73) + lOg(CL ';1)) + lOg(bgl(”.”))

= max1§i§4(65( 73) + log(P(F,. = O/F’r—l =2, ))
+1log(P(V,=7"/T.=0,T,_1 =2))
= 05(2,3) +1og(P(I'y = 0/I' 1 =2, )
s (12)
—38.713 —0.0437
+log(P(V, =77 /T, = 0,1, = 2))
—2.867
Sl Osh) e el Gaenl . ,
casel - - - - I,.,=2 I,=0 paras%t.e
case2 - - - - Z =2 I[,=0 probability

Table 9: Situations table for dg(3,1) for a second order HMM estimation with
all the words are known after adding the sentence powsd! (o bl Las

=531 to the dataset. The probability P(I', = 0/T,_; = 2, ) is a para-
site probability because is not the real state of the word 4ie <31 and
P(V,.=""/T, =0,I'._; = 2) is not a parasite probability because it is describ-

ing an existing case from the tagged sentence after considering the word 3-e=t!
as the second word of an ingredient.

For a simple double agent Viterbi algorithm without external knowledge
transfer, the parasite probabilities can easily infiltrate the most probable cases
inside the equations of a state matrix. For example , for the sentence ’ due=t!
e o) e Ogiay Say |, the calculation of the element of the state matrix
¥6(7,1) in the equation |14] to estimate the ingredient state of the token 3!
shows three parasite probabilities, P(T', = 0/T,_; = 0,7,_1 =" &ad”) in table
and P(T, =1/T,_; = 0,7, , = "&a3") in table [[]]and P([, =2/T,_; =
3,7, 1 ="&ad”) in table 12| are three parasite probabilities appearing when we



assume that the token st in position r is considered as respectively a non-
ingredient I',, = 0 or as an ingredient I', = 1 or a second word of an ingredient
I’ = 2 because the token in position » — 1 haven’t a POS tag of type <=3, To
avoid the creation of parasite probability, we decided to use the information
obtained in the first layer in calculating the elements of the state matrix, this
operation is called external knowledge transfer.

10



Estimating an ingredient state using a simple double agent Viterbi algorithm
without unknown words consideration without external knowledge transfer:

sentence=.,cu 3(0il),0 g% j(0live), cye, die gt dusmtl,.

ingredient state=[0,1,2,0,0,0,0]

POS tags=[.,C,D,G,E,F,.] coded as [4,2,3,9,6,7.4]

ingredient to be extracted=¢ gia j < )

0 0 11

3 3 1 3

2 0 3 3

0 0 1 1

0 0 0O

0 3 1 3
Yol =3 3 5 3 )

3 3 3 3

3 3 3 3

3 3 3 3

1 3 3 3

33 3 3

3 3 3 3]
¥o(7 1) = argmaz: i<a(6a(7,) + loglaza) (1)

05(7,1) + log(ari1) = mar1<i<a(04(7,7) + log(azi1)) + Amazlog(bri (" Sdumdl”)) + log(ari1)
= 64(77 1) +log(P(Fr' - O/F'r‘—l = O7 Tl‘—l — Tﬂcw’n))
~——

—134.9168 —2.717
+ Amazlog(P(Vy = " uiaadV” /T, = 0,7, = 7 &ad”)
—36.629
+log(P( JTr1 =0T, =7"Cad))
—2,717
= —176.982

(15)

11



M
casel - - - - r . —o r, =
r—1 — /
s

l

T =
case2 - - - - - I —o
L parasite probability
case3 - - - - - Troy =" I, =0
]-—‘rfl =0 '

Table 10: situations table for d5(7, 1)+log(ar11) for a second order HMM estima-
tion, the probability P(T', = 0/T',_1 = 0,7,,_; = ”&ad”) is a parasite probability
because the POS tag of the word a.e g1 is & gaie and not cuad

35(7,2) + log(are1) = maz1<i<a(84(7,1) + log(azi2)) + Amazlog(bro (" 3duadl”)) + log(aza:)
64(7,1) +log(P(Ty = 1/Tyoy = 0,7, =" &)

——

~134.916 —3.487

+ Amazlog(P(V, =" 3ugdl” /T, = 1, T, =7 ")

—38.016
+ lOg(P(r’ - (J/Fr—l = 17T7‘—l — ”Ca."”))
—6.583
= —183
(16)
L) OsR) oe el 3ot .
e _ _ _ L =0 Ir=1 parasite
— Tr = cad” ~ " probability
case2 - - _ ) ) o _
T, ey |

cased - - _ ) ) e . (]

Table 11: situations table for d5(7, 2)+log(ar2:) for a second order HMM estima-
tion, the probability P(T', = 1/T',_1 = 0,7,,_; = ”&ad”) is a parasite probability
because the POS tag of the word die ¢d1 is & gaie and not cead

12



55(7, 3) + log(a731) = max13i54(54(7, Z) + lOg(amg)) + /\maxlog(bm(”?.\.‘g."”)) + log(a731)
54(7,3) +1log(P(Ty = 2/Ty_y =3, T =" &ad"))

——

—137.789 —4.077

+ Amazlog(P(V, =7 buuaedl” /T, = 2, T, = 7 &ad”)

—37.541
+log(P(I', = 0/Tp_q =2,T,_1 =" &ad"))
—0.851
= —180.259
(17)
L el Osh) oe dwe B! :
casel - - - —@ r, = parasite
_ — probability
case2 - - - - - I, —2 -
TT—l — 77@77 B

case3 - - - - - I, —2 T, 0

Table 12: situations table for d5(7, 3)+log(ars:) for a second order HMM estima-
tion, the probability P(T', = 2/T',_1 = 3,71 = ”&ad”) is a parasite probability
because the POS tag of the word a.e g1 is & gaie and not cuad

13



after adding the sentence S| dis il (v § o ) & ) to the dataset:
sentence=.,cu 3(0il),0 g% j(olive), ye, due g1, 5ot

ingredient state=[0,1,2,0,0,0,0]

POS tags=[.,C,D,G,EF,.] coded as [4,2,3,9,6,7.4]

ingredient to be extracted=¢ gia y <o )

00 1 1
33 1 3
2 0 3 3
00 1 1
000 0
03 1 3
wﬁ(i’”:gggg (18)
333 3
333 3
333 3
13 3 3
333 3
3 3 3 3

P6(7,1) = argmazi <i<a(95(7,4) + log(arin))

85(7,1) + log(ar11) = maz1<i<a(04(7,1) + log(azi1)) + Amazlog(bri (7 Sdamd!”)) + log(ar11)
= 04(7,1) +1log(P(ly = 0/Tr1 = 0,1, 1 =" &)
N——

—134.9174 —2.7157
T Amaslog(P(Vy = " 5agid¥” /T, — 0, — " ")
—35.0086
+ lOg(P( /Frfl =071 = ’TMﬁ))
—2.7157
= —175.357

14



M
casel - - - —( 0 I, =
r—1 — /
Cad” i

l

T =
case2 - - - - - I —o
L parasite probability
case3 - - - - - Troy =" I, =0
]-—‘rfl =0 '

Table 13: situations table for d5(7,1) + log(ar11) for a second order HMM esti-
mation after adding the sentence 3t e o1 o (g ) Ca y to the dataset
, the probability P(T',, =0/T',_1 = 0,7, = ”&d”) is a parasite probability
because the POS tag of the word aie 1 is & gaie and not cead

55(7, 2) + lOg(a721) = max13i54(54(7, Z) + log(ang)) + /\maxlog(bm(”'i.\.g.?l”)) + log(a721)
= 04(7,1) +log(P(T,, = 1/T_q1 = 0,1, 1 = "&ad™))
——

—134.917 _ 3488
+ Amazlog(P(Vr = ”3%"7/117‘ — 17T7_ — 77M77)
—38.0165
+ lOg(P([/ — (]/FT71 — 1,Tr71 — TTMM))
—6.5843
= —183.006
(20)
SRy 0y O 4 9! 3ot )
casel - ) i ) I =0 =1 parasite
— — ~ 7 probability
case2 - - - _ _ b i
Tr_l — ” “w'” B
cased - - - _ _ o r =0

Table 14: situations table for d5(7, 2)+log(ar2:) for a second order HMM estima-
tion after adding the sentence 3-e=t| A o3l (o O g5 ) Sy to the dataset, the
probability P(I', = 1/T,_; = 0,7,_; = ”&ad”) is a parasite probability because
the POS tag of the word a.e g1 is & gaie and not cead

15



95(7,3) + log(ars:) = maw1<i<a(04(7,4) + log(aziz)) + Amaalog(brs(” 3dumd!”)) + log(ars:)

= 64(7,3) +1log(P(T, = 2/Ty_q = 3,T,_1 = "Cad"))
N——
—137.7902 L0775

+ Amazlog(P(‘/r = ”3%‘77/117‘ _ 27T7. _ ”m”)

—37.5415
Flog(P(T, O[Ty =27, =)
—0.8527
= —180.262
(21)
C/.:') 03:‘:') o :".ﬁ'c}-u‘ YRV )
e _ @ L =2 parasite
- T, = wad” ~ 7 probability
case2 - - _ ) ] = _
3 T =" Cad”

case - _ ) i ) =G

Table 15: situations table for d5(7,3) + log(ars;) for a second order HMM esti-
mation after adding the sentence duusd! de o331 o 952 y S0y to the dataset,
the probability P(T', = 2/T',_y = 3,7T,_; = 7&ad”) is a parasite probability be-
cause the POS tag of the word a.e g1 is & gaie and not cwad and the ingredient
state of the word a.e ¢31is I', =0 and not I', =3
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after adding the sentence wuSd| gandl w plaled 4aS to the dataset:
sentence=.,ca 3(0il),0 g% j(olive),ye, dee g1, 5osmtl,.

ingredient state=[0,1,2,0,0,0,0]

POS tags=[.,C,D,G,E,F,.] coded as [4,2,3,9,6,7.4]

ingredient to be extracted=¢ gia y <o )

00 1 1
3313
2 0 3 3
0011
0000
0313
W’”:gggg (22)
333 3
33 3 3
333 3
133 3
333 3
3 3 3 3]

P6(7,1) = argmazi <i<a(95(7,4) + log(arin))

85(7,1) + log(ar11) = maz1<i<a(04(7,1) + log(azi1)) + Amazlog(bri (7 Sdamd!”)) + log(ar11)
= 04(7,1) +1log(P(ly = 0/Tr1 = 0,1, 1 =" &)
~——

—134.9407 —2.7157
T Amaslog(P(V, = " 5aagid¥” /T, — 0, T, — ")
—36.6363
+ lOg(P( /Frfl =071 = ’TMﬁ))
—2.7157
= —177.008
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M
casel - - - —( 0 I, =
r—1 — /
Cad” i

l

T =
case2 - - - - - I —o
L parasite probability
case3 - - - - - Troy =" I, =0
]-—‘rfl =0 '

Table 16: situations table for d5(7, 1)+log(ar11) for a second order HMM estima-
tion after adding the sentence ;31 gl 4o pblels 4 to the dataset, the
probability P(I', = 0/T,_; = 0,7, = ”&ad”) is a parasite probability because
the POS tag of the word a.e g1 is & gaie and not cead

55(7, 2) + lOg(a721) = max13i54(54(7, Z) + log(ang)) + /\maxlog(bm(”'i.\.g.?l”)) + log(a721)
= 04(7,1) +1log(P(T, =1/Typ_1 =0,T,_1 =" &ad”))
——

—134.9407 —3.488
+ Amaalog(P(V, = "3aggdl” /T, = 1,T, =" &ai")
—38.02485
+ lOg(P([’ - (J/Frfl == 17Tr—1 — ’TMM))
—6.5843
= —183.0379
(24)
Ca)y Q) e :\éﬁ‘g.lﬂ 5 |
casel - - - - r —0 I'.=1 parasite
— T, = wad” probability
case2 - - _ ) ] = _
Ty ey
cased - - _ ) ) o L

Table 17: situations table for d5(7, 2)+log(ar2:) for a second order HMM estima-
tion after adding the sentence ,usS31 gl jw pbolels 4 to the dataset, the
probability P(I', = 1/T,_; = 0,7,_; = ”&ad”) is a parasite probability because
the POS tag of the word a.e g1 is & gaie and not cead
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05(7,3) +log(azsi)

= 64(77 3) +lOg(P(FT = 2/Fr—l =311 = Mc"“'”))
——
—137.8215 —4.0775

+ Amaolog(P(Vy =" SuuadV? /T, = 2T, = 7 &ad”)

—37.5509
+lOg(P( /FT,1 :27Tr71 :7',“3,,))
—0.85277
= —180.30279
(25)
T, = o’
case2 - - _ ) ] = _
’ T, 4 =" car

case - _ B ) ) -

Table 18: situations table for d5(7, 3)+log(ars:) for a second order HMM estima-
tion after adding the sentence ,uS31 gt 4w pbolels 4 to the dataset, the
probability P(I', = 1/T,._; = 0,7,_; = ”&ad”) is a parasite probability because
the POS tag of the word a.e g1 is & gaie and not cead

The modifications made to ameliorate the performances of a simple double
agent Viterbi algorithm are:

e Inside the mathematical expression max;[§;—1(¢,7) + log(aijx)], aijr is
replaced by a, ;) where y(l) is the POS tag observed in the corresponding
sequence of POS tags at position 1.

e Inside the mathematical expression max;[0;—1 (i, j) + log(asjx)], di—1(i, )
is replaced by 0;-1(y(l),j) where y(I) is the POS tag observed in the
corresponding sequence of POS tags at position 1.

We observe a tremendous decrease of the parasite probabilities infiltrated
inside the equations of the most probable cases of a state matrix element. For
example, the parasite probability P(T', =0/T',_1 = 0,7,_1 = "&ad”) in in Ta-
ble is eliminated and replaced by the sane probability P(T', =0/T._1 =
0, ) in in Table by external knowledge transfer consisting of
introducing the POS tag estimated in first layer at position r — 1.
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Estimating an ingredient state using a double agent Viterbi algorithm with
external knowledge transfer:

sentence=.,cu 3(0il),0 g% j(0live), cye, die gt dusmtl,.

ingredient state=[0,1,2,0,0,0,0]

POS tags=[.,C,D,G,E,F,.] coded as [4,2,3,9,6,7.4]

ingredient to be extracted=¢ gia j < )

05(7,1) + log(ar11) = mawi<i<a(da( ,1) + log(a 1))+ Amazlog(br (7 3damdt”)) + log(ari )
= 04(6,2) +log(P(T, =0/T_1 =1, )
~——
—94.593 P
+ Anazlog(P(V, =" Sl /T, = 0,7, =7 &ad”)
—36.63
+log(P(I', = 0/Ty—1 = 0,T,_ =" &ad"))
—2.7178
= —136.13
(26)
casel - - _ - . - — )
2 T—="ca l
o _ - - _ Ly = i parasite
Ty =7 G probability
cased - - _ _ i o

Table 19: situations table for d5(7, 1) +log(ar11) for a double agent Viterbi with
external knowledge transfer, P(I', = 0/T',_1 =1, ) is a parasite
probability because the ingredient state of the word 4w ¢t is I',_; = 0 and
not I' 1 =1

55(7,2) + log(azs1) = matr<iza(Ba(POS15,1) +100(a705102)) + Amarlog(bra(" 3uadi”)) + log(ara)
= 04(6,1) +log(P(T', =1/T'_1 =0, )
N——
—93.928 _7.559

+ )\mazlog(P(Vr = ”3%‘77/FT — 17T7‘ — 7?“77)

~38.015
+ Log(P( /Ty =1,T, 1 ="&ad"))
—6.583

= —146.087
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S
parasite
L- - I, =1 1t¢
o " probability
case? - - _ . _ T, = cad” i eliminated
r.=1
Tr_q =7 Cad
cased - - - - - r',=0
r,1=1

Table 20: situations table for d5(7,2) 4+ log(ar21) for a double agent Viterbi
with external knowledge transfer, P(I', = 1/T',_1 = 0,7, | = "Qads”) is a sain
probability because the word ae ¢d1 is a O gaise and it is not an ingredient.

55(7, 3) =+ log(a73|) = mawlgig4(54(P(,)SH, Z) + lOg(G,]»()g:f,:ig)) + )\mmlog(bm (”Sh\-jﬂﬂ‘”)) =+ log(a731)

B 64(()7 2) + log(P(Fr = Q/FT71 = 1a ’[‘/ -1 = a}ﬂ:&ﬂ))
N——
—94.59 —2.029
+ )\mazlog(P(Vr = ”3%‘77/117‘ _ 27TT _ ”m”)
—37.541
+ lOg(P(l’ - ()/Fr—l = 2)Tr—1 — ’7M77))
—0.851
= —135.015
(28)
)
_ _ parasite
o probability
Tr ="l maintained
case2 - - _ . - _
I, =
Tr—l =7 Cad §
cased - - . ) ) =G .

Table 21: situations table for d5(7, 3) +log(ar3;) for a double agent Viterbi with
external knowledge transfer, P(I', =2/T,._1y = 1,7, | = "Qga’) is a parasite
probability because the word d.e g3 is not an ingredient.

after adding the sentence wuSd| paadl w plalel 4aS to the dataset:
sentence=.,cu 3(0il),0 g% 3(0live), pe, due gidl,duimtt,.

ingredient state=[0,1,2,0,0,0,0]

POS tags=[.,C,D,G,E,F,.] coded as [4,2,3,9,6,7,4]

ingredient to be extracted=y giny Ca)
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65(7.1) + log(arn1) = mawi<ica(Ba(POS[5,1) + Log(aro 1)) + Amaslog(br: (" 3ud1")) + loglarr))

= 04(6,2) +1log(P(T',, =0/T,_1 =1, )
N——
A9 —2.189

+ Amazlog(P(V, =" Sl /T, = 0,7, = "Cad")

—36.637
+ lOg(P( /].—‘r,1 = 077}71 — 7:@,7))
—2.715
= —136.133
(29)
Cal Osk) oe e gl o
casel - _ ~ - f - — _
2 T = cay” l
N _ _ - - _ I = i parasite
Ty =" ca” probability

cased - - _ . )

Table 22: situations table for d5(7,1) + log(ar1,) for a double agent Viterbi
with external knowledge transfer, after adding the sentence (o pbleb duas
S31 @31 to the dataset, P(T', = 0/T'_; =1, ) is a parasite
probability because the word e ¢431 is not an ingredient in reality given 8=
have an ingredient state I, = 0.

65(7,2) + log(ara1) = maz1<i<a(da( ,1) +log(a 2)) + Amazlog(bro (" 3uuadl”)) + log(azs)
= 84(0,1) + log(P(T, = 1/T—y = 0, )
——
—93.91 —7.56

+ Aaslog(P(V = Saud?” /T, = 1,7, =" G

—38.024
+ lOg(P( /FT,1 = 17Tr71 _ 7',“,,))
—6.584

= —146.078
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saine
casel - - - - probability
TT — 77m77
case2 - - - - - r, =1 -
Tr—l b CN’M B
cased - - - - - T, =1 r',=0

Table 23: situations table for d5(7,2) +log(ara;) for a double agent Viterbi with
external knowledge transfer, after adding the sentence pawsd! (s pblols L
831 to the dataset, P(I', =0/T,_; = 0,7, = "@saie’) is not a parasite
probability because the word a.e ¢u31 is not an ingredient and a.e 31 POS tag
is & gadn .

05(7,3) +log(ars) = maw1<i<a(04(OS5],4) +log(arosiiz)) + Amazlog(brs (" ddumd!)”)) + log(ars: )

= 04(0,2) +log(P(T, =2/T,—1 = 1,7, | = "G sal))
——
—94.59 —2.03
+ Mnazlog(P(V, =" SueapdV” /T, = 2, T, = " Cad”)
—37.55
Flog(P(L, = 0/Tyy = 2.T,_, = "cai"))
—0.852
= —135.02
(31)
Sy Oy A ot el .
casel - - - - r—1 = Heal I, :2> parasite
F - .y
Pyl probablhty
case2 - - - - i Ir =" wtd )
I, =2
Tr'fl =" Cad v
cased - - - - - T, —2 [, =0

Table 24: situations table for d5(7,3) + log(ars;) for a double agent Viterbi
with external knowledge transfer, after adding the sentence (o pblib s
2831 @1 to the dataset, P(I, =2/ = 1,7, | — "G sals’) is a parasite
probability because the word 4.e g<31 have an ingredient state I',_; = 0 and not
r_1=1

after adding the sentence Sdund! dus il (w (¢ ) & ) to the dataset:
sentence=.,cu 3(0il),0 g% j(0live), ye, die 9!, dosmtt,.
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ingredient state=[0,1,2,0,0,0,0]
POS tags=[.,C,D,G,E,F,.] coded as [4,2,3,9,6,7,4]
ingredient to be extracted=¢ gia y <o)

05(7,1) + log(ar11) = maz1<i<a(da( ,1) + log(a 1)) + Amanlog(be (" 5imd?”)) + log(ar )
:54( ,1)+lOg(P(]:‘T:0/I‘T71 :0, ))
~——
—92.101 PR
+ Aaclog(P(V, = " bugadl” T, = 0,7, =" )
—35.009
+1log(P(I', = /T,y = 0,T, 1 = "&ai"))
—2.7159
= —133.08
(32)
2y 08RO Ac gl B!
casel - - _ - Lo r,— )
e _ ) _ i o - parasite
Fr - o1
CRT probability
Troq =" Cad” Ob:
e _ - i ) eliminated
F'r—l =0

Table 25: situations table for d5(7, 1) +log(ar11) for a double agent Viterbi with
external knowledge transfer after adding the sentence aie ¢31 (o Oy C0)
st to the dataset, P(T', =0/T',—1 = 0, ) is not a parasite
probability because the word 4. g1 is not an ingredient and the word e gt
is & gaia given the word duust! is not an ingredient.

05(7,2) 4+ log(ara1) = maxi<i<a(da( , 1) + log(a i2)) + Amazlog(br2 (" dduamd)”)) + log(az2:)

=04(0,1) +log(P(T'y = 1/T 1 = 0, )

——

—92.101 —7.56
+ Anazlog(P(Vy =7 bV’ /T = 1,7, = 7 &ad”)

—38.016
+ log(P( JTro1 =1,T, 1 =7&ad))
—6.584
= —144.26
(33)

24



casel - - _ parasite
probability
case2 - - - - - T, =" Cad” ) eliminated
r.=1
777‘_1 — 7mw B
cased - - - - _ T =1 T, =0

Table 26: situations table for d5(7,2) 4+ log(ara;) for a double agent Viterbi with
external knowledge transfer after adding the sentence aue ¢3! (po O gty S
5! to the dataset, P(I', = 1/I',_1 = 0,7, | = "Qsa’) is not a parasite
probability because the word 4. g1 is not an ingredient and the word e gt
is & gate given the word duus=t! is not an ingredient.

05(7,3) +log(arz1) = mazi<i<a(64(POS[5],4) +log(aposisiiz)) + Amazlog(brs (" dduasdl”)) + log(azs:)

=04(6,2) +log(P(T'y =2/Tp 1 = 1,7, 1 = "Qsake’))
N——
—94.401 0
+ Amazlog(P(Vy =" Sugdl” /T, = 2,7, = 7 Cad”)
—37.541
+ ZOQ(P(I’ ()/Frfl = 2,TT71 — 77“77))
—0.852
= —134.826
(34)
LSy Oy e FPSRAY 5 | .
casel - - - '@“ I, :2> parasite
F — " K
Ty probability
2 - - - - - 1, =" wild )
case T
Tr1 =" Gad” B
cased - - _ B i [1="c -

Table 27: situations table for d5(7,3) + log(ars;) for a double agent Viterbi
with external knowledge transfer after adding the sentence (po gy co)
3=t Aue ¢t to the dataset, P(T', = 2/T,_1 = 1,7, | = "dsais”) is a parasite
probability because the word a.e g1 is not an ingredient in reality.
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When the dataset after adding the sentence

is not modified 2SI el (e plobels 2y
to the dataset

-40 3 -40 3
second
order -41 2 2
HMM
model 49 1 1
XY Z p p
double -177 3 -177 3
agent
Viterbi g 2 180 2
without
external
knowledge -183 1 -183 1
transfer
XY Z p XY Z p
double -135 3 -135 3
agent
Viterbi 4 2 140 2
with
external
knowledge -145 1 -145 1
transfer
XY Z p XY Z p

Figure 1: data sensitivity bar plot for the word .31 inside the sentence ca )
Sl Ae o) (e (g y under graduated conditions. X is the first most
probable case inside a state matrix ..t/ is not an ingredient), Y is the second
most probable case inside a state matrix d.e=t) is an ingredient constituted
with a single word) and Z is the third most probable case inside a state matrix
(84431 is the second word of an ingredient constituted with two elements) , P

is the number of parasite probabilities observed when calculating X and Y and
Z.
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accuracy for | accuracy for | number of | number of
tag accuracy | f1 score unknown known unknown known
words words words words
A 98.47 % | 65.57 % | NULL 98.47 % 0 1112
(s!)
1:3) 99.79 % | 74.95 % | NULL 99.79 % 0 947
(e2))
) C 96.99 % | 83.79 % | NULL 96.99 % 0 798
(d).i.ﬁ p.u‘)
- .D. 94.69 % | 70.83 % | NULL 94.69 % 0 791
(22Ls))
. E, 98.8 % 87.95 % | NULL 98.8 % 0 750
(& 9ais)
_F, 85.31 % | 69.92 % | NULL 85.31 % 0 844
(c)
G. 99.54 % | 49.89 % | NULL 99.54 % 0 219
(o> B >)
H 86.81 % | 60.21 % | NULL 86.81 % 0 182
(0920 @)
“ I« 99.36 % | 49.89 % | NULL 99.36 % 0 469
(s Bu 9)
J
( | gls) 98.77 % | 49.69 % | NULL 98.77 % 0 162
K
(o Jaid) 7857 % | 31.45 % | NULL 78.57 % 0 140
(J seolt
L
(Gllaslt J gaiell) 60 % 25 % NULL 60 % 0 5
M
ué alae Bia)) | 9231% | 48% | NULL 92.31 % 0 39
(ataatt oy
. 99.9 % 49.97 % | NULL 99.9 % 0 1972

Table 28: Performances for each tag of a first order HMM |, the trained dataset
is used as a test dataset , and there is zero unknown words to predict
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accuracy for | accuracy for | number of | number of
tag accuracy | f1 score unknown known unknown known
words words words words
A 97.3 % 64.68 % | NULL 97.3 % 0 1112
(s!)
]:3) 99.89 % | 83.31 % | NULL 99.89 % 0 947
(e2))
, C 94.86 % | 85.36 % | NULL 94.86 % 0 798
(d).i.ﬁ p.u‘)
“.D. 91.02 % | 68.01 % | NULL 91.02 % 0 791
(22Ls))
. E, 98.53 % | 98.84 % | NULL 98.53 % 0 750
(& 9ais)
_F, 7761 % | 54.6 % | NULL 77.61 % 0 844
o)
G. 99.09 % | 49.77 % | NULL 99.09 % 0 219
(o> B >)
H 76.37 % | 52.49 % | NULL 76.37 % 0 182
(0920 @)
“ I« 99.57 % | 74.89 % | NULL 99.57 % 0 469
(s Bu 9)
J
(w | ols) 98.77 % | 49.69 % | NULL 98.77 % 0 162
K
e Jad) 7857 % | 32.2% | NULL 78.57 % 0 140
(J seolt
L
(Gllael! J gaiell) 20 % 16.67 % | NULL 20 % 0 5
M
gurs Calac :‘:ui) 94.87 % | 48.68 % | NULL 94.87 % 0 39
(ataatt oy
. 99.85 % | 49.96 % | NULL 99.85 % 0 3945

Table 29: Performances for each tag of a second order HMM , the trained dataset
is used as a test dataset , and there is zero unknown words to predict
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accuracy for | accuracy for | number of | number of
tag accuracy | f1 score unknown known unknown known
words words words words
A 97.84 % | 97.06 % | NULL 97.84 % 0 1113
()
]? 99.79 % | 49.95 % | NULL 99.79 % 0 947
(o2))
) C 96.25 % | 97.44 % | NULL 96.25 % 0 799
(2 2 @)
- .D. 93.94 % | 94.92 % | NULL 93.94 % 0 792
(aLs))
. E, 98.8 % 65.77 % | NULL 98.8 % 0 748
(& 9ais)
_F, 88.02 % | 58.34 % | NULL 88.02 % 0 843
(c)
q 99.54 % | 49.89 % | NULL 99.54 % 0 219
(o> 2 ,>)
H 89.56 % | 89.36 % | NULL 89.56 % 0 182
(L9220 @ul)
- I" 99.79 % | 83.28 % | NULL 99.79 % 0 469
(et B 9)
J
( | gls) 98.77 % | 49.69 % | NULL 98.77 % 0 162
K
(o Jaid) 99.29 % | 49.82 % | NULL 99.29 % 0 140
(J seolt
L
(Gllaslt J gaiall) 100 % 100 % NULL 100 % 0 5
M
ué lalae BIs)) | 9744 % | 49.35 % | NULL 97.44 % 0 39
(ataatt g1
. 100 % 100 % NULL 100 % 0 3946

Table 30: Performance comparison using a simple double agent Viterbi with
external knowledge transfer with 100 % accuracy on first layer , the trained
dataset is used as a test dataset to avoid unknown words prediction
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(a) accuracy for each tag without unknown words consideration
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Tags

(b) f1 score for each tag without unknown words consideration

Figure 2: Performance comparison bettheen a double agent Viterbi algorithm
with external knowledge transfer and other mono layered Viterbi algorithm



Accuracy | F1 score
First order Hidden

Markov Model applied to tokens 96.61 % 70.06 %

to predict ingredients

Second order Hidden
Markov Model applied to tokens 95.82 % 68.18 %

to predict ingredients

Our ingredient extractor
with 100 % accuracy on the first layer | 98.43 % | 81.43 %
with A =4
A double layered Viterbi algorithm

with 100 % accuracy on the first layer | 97.7 % 96.32 %

with A =4

Table 31: Comparison of performances between a simple double agent Viterbi
algorithm with external knowledge transfer and other HMM mono-agent meth-

ods using the trained corpus as a testing dataset

accuracy for | accuracy for | number of | unknown
tag | accuracy | fl score unknown known unknown words
words words words percentage
0 94.77 % | 67.67 % | 67.78 % 96.33 % 78 9.67 %
1 92.96 % | 65.52 % | 63.93 % 95.14 % 107 13.26 %
2 94.03 % | 67.36 % | 69.9 % 95.68 % 88 10.9 %
3 93.95% | 87.84 % | 62.65 % 95.64 % 75 9.29 %
4 9291 % | 87.29 % | 66.99 % 94.54 % 92 11.4 %
5 95.78 % | 69.61 % | 76.4 % 96.83 % 83 10.29 %
6 94.38 % | 67.53 % | 54.65 % 96.49 % 80 9.91 %
7 95.08 % | 91.17 % | 61.22 % 97.17 % 90 11.15 %
8 96.83 % | 94.04 % | 79.76 % 97.7 % 7 9.54 %
9 94.92% | 90.7% | 64.95% 96.72 % 88 10.9 %
[ Avg [ 94.56 % [ 78.87 % [ 66.82 % [96.22 % 86 10.63% |

Table 32: Performances of first order HMM used to predict ingredients state
using 10 fold cross-validation with unknown word consideration, the test dataset

have 20 % sentences from the total dataset
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accuracy for | accuracy for | number of | unknown
tag | accuracy | fl score unknown known unknown words
words words words percentage
0 93.72 % | 64.13 % | 70.0 % 94.81 % 78 9.67 %
1 9248 % | 62.96 % | 64.75 % 94.14 % 107 13.26 %
2 94.04 % | 65.53 % | 70.87 % 95.29 % 88 10.9 %
3 93.89 % | 86.87 % | 68.67 % 94.97 % 75 9.29 %
4 93.42 % | 86.61 % | 66.02 % 94.81 % 92 11.4 %
5 93.83 % | 65.85 % | 62.92 % 95.18 % 83 10.29 %
6 93.76 % | 65.63 % | 60.47 % 95.19 % 80 9.91 %
7 94.04 % | 88.56 % | 55.1 % 95.96 % 90 11.15 %
8 95.34 % | 90.99 % | 60.71 % 96.77 % 7 9.54 %
9 94.34 % | 88.56 % | 61.86 % 95.91 % 88 10.9 %
[Avg [ 9389 % [ 7657 % [ 64.14 % 95.3 % 86 10.63 %

Table 33: Performances of second order HMM used to predict ingredients state
using 10 fold cross-validation with unknown word consideration, the test dataset

have 20 % sentences from the total dataset

accuracy for | accuracy for | number of | unknown
tag | accuracy | fl score unknown known unknown words
words words words percentage
0 95.78 % | 67.91 % | 61.11 % 97.38 % 78 9.67 %
1 94.34 % | 66.51 % | 68.85 % 95.87 % 107 13.26 %
2 94.98 % | 67.32 % | 67.96 % 96.44 % 88 10.9 %
3 95.83 % | 67.71 % | 62.65 % 97.25 % [0) 9.29 %
4 94.88 % | 67.76 % | 71.84 % 96.05 % 92 11.4 %
5 95.9 % 69.57 % | 70.79 % 97.0 % 83 10.29 %
6 94.43 % | 65.92 % | 55.81 % 96.08 % 80 9.91 %
7 94.04 % | 65.54 % | 51.02 % 96.17 % 90 11.15 %
8 95.63 % | 68.82 % | 60.71 % 97.06 % 7 9.54 %
9 94.39 % | 65.95 % | 56.7 % 96.21 % 88 10.9%
[ Avg [ 95.02% [673% | 62.74 % 96.55 % 86 10.63 %

Table 34: Average performances in predicting ingredients states with A = 4
when accuracy is 100% on first layer with our ingredient extractor
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accuracy for | accuracy for | number of | unknown
tag | accuracy | fl score unknown known unknown words
words words words percentage
0 96.61 % | 69.39 % | 80 % 97.38 % 78 9.67 %
1 9489 % | 67.6% | 77.05% 95.96 % 107 13.26 %
2 95.13 % | 67.76 % | 85.44 % 95.65 % 88 10.9 %
3 95.87 % | 91.04 % | 80.72 % 96.53 % 75 9.29 %
4 95.49 % | 90.68 % | 78.64 % 96.34 % 92 11.4 %
5 95.81 % | 69.1 % | 74.16 % 97.0 % 83 10.29 %
6 94.43 % | 65.92 % | 55.81 % 96.08 % 80 9.91 %
7 94.04 % | 65.54 % | 51.02 % 96.17 % 90 11.15 %
8 95.63 % | 68.82 % | 60.71 % 97.06 % 7 9.54 %
9 94.39 % | 65.95 % | 56.7 % 96.21 % 88 10.9%
[ Avg [ 9524 % [ 72.19 % [ 70.13 % [ 96.42 % | 86 [ 10.63 %

Table 35: Average performances in predicting ingredients states with A = 4
when accuracy is 100% on first layer using a double layered Viterbi Algorithm

known | unknown | overall | F1 score
First order Hidden
Markov Model applied to tokens 9622 % | 66.82% | 94.56 % | 78.87 %
Second order Hidden
Markov Model applied to tokens 95.3 % G4.14 % | 93.89 % | 76.57 %
Our ingredient extractor
with 100 % accuracy on the first layer | 96.55 % | 62.74 % | 95.02 % 67.3 %
with A =4
A double layered Viterbi algorithm
with 100 % accuracy on the first layer | 96.42 % | 70.13 % | 95.24 % | 72.19 %
with A =4

Table 36: Comparison of performances between the 4 methods using 20 % of
the total dataset as a test dataset
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Estimating an ingredient state using a simple double agent Viterbi without
unknown words consideration:

sentence=.,10,¢ ,5 yeas ddl, U1,

ingredient state=[0,0,0,1,2,0,0]

POS tags=[.,B,LE,F.H,.] coded as [4, 1, 10, 6, 7, 12, 4]

ingredient to be extracted=2aalx 3 jos

0 0 1 1
3 3 1 3
1 0 3 3
0 0 1 1
1 01 1
1 3 1 3
W)= ) g 1 )
3 3 3 3
3 3 3 3
3 3 3 3
0 3 3 3
3 3 3 3
3 3 3 3

¥6(12,1) = argmazi<i<4(95(12, 1) + log(ai2:1))

55(12, 1) + log(a121 ) = max1§i§4(54(12,i) + 109(a12i1)) + )‘maxlog(blgl(” . .. ,,)) n log(aul )
- 64(127 2) +ZOQ(P(FT - O/Fr_l = 17Tr—1 = /)5)%” M!n))
——

—139.3 3118
+ Amag log(P(Ve =" 38l /T = 0, T, =7 9y ul”)
—36.629
+log(P( JTr1=0,T 1 =" 39 @ul”))
—4.192
= —183.24
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].O i 5)..6.45 &\? .‘.!’

casel - - - - T, =0 _
case2 - - - _ _ T =79 ym0 @u) i
= parasite probability
TT*I — ”)3)@‘ M‘“ B
case3d - - - - _ g =0

Table 37: situations table for d5(12,1) + log(ai21,) for a simple double agent
Viterbi without unknown words consideration, the probability P(T', = 0/T,_1 =
1,71 =" )9 @u|”) is a parasite probability because the real POS tag for
the word aals is <’ and not g y>we @w! and the ingredient state of the word
s is,_y=2andnot I',_; =1

(55(12, 2) + log(a122|) = max1§i§4(54(127 Z) + 109(a12¢2)) + )\mamlog(bug(” . .. ’,,)) n log(aum)
= 04(12,4) +log(P(Ty = 1/Ty 1 = 3,T, 1 =" 39,24 pu"))
———

—138.61 i omT
+ Ama Log(P(Vy =" ™ /T = 1T, =59 34 af”)
—38.016
+log(P(L, = 0/Try = 1,T1 =7 59 s ul”))
—3.118
= —183.82
(37)
10 t 3):«.6}'- '&3\? . ’ L]
casel - - - - - r, =1 ]
case2 - - - - - T =759 % @l
=1 parasite probability
cased - - - - . Tro1 =" )95 @l r—0
Fr—l =1

Table 38: situations table for d5(12,2) + log(ai221) for a simple double agent
Viterbi without unknown words consideration, the probability P(T', = 0/T,_1 =
3,T,—1="y9m @ul") is a parasite probability because the real POS tag for
the word a3l is <’ and not 9 y>ve @w) and the ingredient state of the word
Wl is,_y=2andnotI',_; =3
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Estimating an ingredient state using a double agent Viterbi algorithm with
external knowledge transfer :

sentence=.,10,¢ ,5 yeas ddl, U1,

ingredient state=[0,0,0,1,2,0,0]

POS tags=[.,B,LE,F.H,.] coded as [4, 1, 10, 6, 7, 12, 4]

ingredient to be extracted=2aalx 3 jos

95(12,1) + log(ai211) = maxi<i<a(da( ,1) + log(a 1)) + log(bio1 (7 3udld”)) + log(ai211)
= 04(7,3) +log(P(T', =0/T_1 = 2, )
——
—93.42 —0.851
+log(P(V, =7 3&ld” /T, = 0,1, =" 5 9y ul”)
—36.63
+ log(P( [Tr1=0,To 1 =" 93 @ul”))
—4.192
= —135.094
(38)
casel - - - - I, =2 I,=0 -
case2 - _ _ _ _ Tr =79 ‘“‘!
T, =0 . L
T ‘,, parasite probability
case3 - - - - - rl ; 33)"’8‘ ! eleminated
r—1 =

Table 39: Situations table for d5(12,1) + log(ai211) for a simple double agent
Viterbi with external knowledge transfer without unknown words consideration,
the parasite probability probability P(I', = 0/T,—1 = 1,71 =7 y 9 %4 aul”) is
eliminated and replaced by the probability P(T', = 0/T,_; = 2,

05(12,2) + log(ai221) = maxy<i<a(da( ;1) +log(a i2)) +10g(bia2 (" }dld™)) + log(aizz1)
= 04(7,3) +log(P(I'; = 1/T—1 = 2, )
—_——
—93.42 —6.5
+log(P(Vy =" yld” /T = 1,7, =" 59 56 ul”)
—38.015
+ log(P( [Tror=1,T, 1 =79y aul”))
—3.118
= —141.062
(39)
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' parasite
casel - - - _probability
— P eliminated
- - _ = )9
case2 ro=1
case3 - - - - - Tr1 =790 Qul” r, =0
r1=1

Table 40: Situations table for d5(12,2) + log(ai221) for a simple double agent
Viterbi with external knowledge transfer without unknown words consideration,
the parasite probability probability P(I', = 1/T,_1 =3, 7,1 =7 ) 9 s ul”) is
eliminated and replaced by the probability P(I', = 1/I',_1 = 2,7, | = "&ad")

Estimating an ingredient state using a simple double agent Viterbi with
unknown words consideration without external knowledge transfer:
sentence=.,10,¢ ,5 yros ddl>, uill .
~——
unknown
ingredient state=[0,0,0,1,2,0,0]
POS tags=[.,B,LE,F . H,.] coded as [4,10,11,7,8,9,4]
ingredient to be extracted=2aalx 3 jos

1 011
3 0 3 3
3 3 3 3
0 0 11
3 01 3
101 3
W= o o o (40)
1 3 3 3
0 01 0
3 0 3 3
3 3 3 3
0 3 3 3
3 3 3 3]

¥6(9,1) = argmazi<;<a(95(9, 1) + log(agi1))
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(55(97 1) + log(aglx) = max1§i§4(54(9,i) + log<a9i1)) + /\mao;l()g(bgl(” . .. |”)) n log(aQU)
= (54(972) +ZOQ(P(FT = 0/1—‘7’71 = 1,TT,1 — ”)3ﬁﬁ M!“))
——

—137.679 —3.155
T log(P(Vy = " /T = 0,T, =7 5§ ya0 al”)
—6.948
+log(P(I', = 0/Tr1 = 0,Tr 1 =" 9 330 @ul”))
—4.1916
= —151.97
(41)
L 100§ been abls st .
case2 - - - - - T390 @l - J\
I=0 _ parasite probability
case3 - - - - - Tr ;T )13:):8‘ fou! I,=0

Table 41: Situations table for d5(9,1) + log(ag1;) for a simple double agent
Viterbi with unknown words consideration without external knowledge transfer,
PT,=0/T,_1=1,T,_1 =7 y9m au|”) is a parasite probability because the
real ingredient state of the word 4als is I';._; = 2 and the real POS tag of the
word a3ls is cad

05(9,2) + log(aga1) = maz1<i<4(04(9,1) + log(agiz)) + Amazlog(bo (" H#”)) + log(ags:)
04(9,4) +log(P(I'y = 1)1 = 3,11 =" y g yime @wl”))
~——

—137.062 —4.0604
+log(P(Ve =" W /T = 1,T, =" 59 s usl”)
—6.7473
+log(P(l'y = 0/Tp1 =1, T 1 =7 59 s @u)”))
—3.155
= —151.025

(42)

Estimating an ingredient state using a simple double agent Viterbi algorithm
with external knowledge transfer :

sentence=.,10,¢ ,3 yrod, adl>, uill .
<~

unknown
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10 ¢

casel - - - B
case2 - - - - - o 29534 -
= ) parasite probability
case3 - B ~ B _ T = SEN M! r.=0
r1=1

Table 42: Situations table for d5(9,2) + log(age:) for a simple dou-
ble agent Viterbi with unknown words consideration, P(I', =1/T,._; =
3,T,—1="y9m @ul”) is a parasite probability because the real ingredient state
of the word 4als is I';,_; = 2 and the real POS tag of the word dals is cead

ingredient state=[0,0,0,1,2,0,0]
POS tags=[.,B,LE,F,H,.] coded as [4,10,11,7,8,9,4]
ingredient to be extracted=aa2l> 5 jcas

05(9,1) 4+ log(agi1) = mawi1<i<a(64(POS5],0) + log(arosii)) + log(bor (7 ™)) + log(aor )

= 04(5,3) +log(P(T, = 0/Ty_y = 2,7, — "cad’))
——
—96.916 —0.8461
+ ZOQ(P(V;" = ”&”/Fr =0T, = ”Jﬁﬁ M!”>
—6.9488
+log(P(I', = 0/Ty—1 = 0,T 1 =" y 9 4 @ul”))
—4.1916
= —108.902
(43)
10 ¢
casel - - - -
case2 - - - - . Tr =719 % ol ) |
Ir,=0 Lo .
T P parasite probability
case3 - - - - - r=l ; 33"":; @ I~ eleminated
r—1 =

Table 43: Situations table for 05(9,1) + log(ag11) for a simple double agent
Viterbi with external knowledge transfer with unknown words consideration,
the parasite probability probability P(I', = 0/T,_1 = 1,71 =" 39 s eu!”) is
eliminated and replaced by the probability P(T', = 0/Ty_1 = 2,7, | = "&ad")
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05(9,2) + log(age1) = maw1<i<a(da( ;1) +log(a i2)) +1og(bo2 (" yld™)) + log(aga:)
= 04(8,3) +1log(P(T, =1/T_1 = 2, )
——
—96.91 —6.335
T log(P(Vy =" /T, = 1,T, =7 55 y20 ")
—6.747
+ log(P( /FT71 = 1,1—‘,‘,1 = 77)3)%& M!’))
—3.155
= —113.153
(44)
L Al el " parasite
casel - - - - r,=1 _probability
Lpoy =2 7 = P eliminated
r = )90 ()
case2 - - - - - r=1
T»,~71 — ”Jjﬂ M!”
cased - - - - - ro =1

Table 44: Situations table for 05(9,2) 4 log(ags;) for a primitive double agent
Viterbi with external knowledge transfer with unknown words consideration,
the parasite probability probability P(I', = 1/T,_1 = 3,11 =7 ) 9 s @ul”) is
eliminated and replaced by the probability P(I', = 1/I',_1 = 2,

4 Results and Discussion

When comparing the results obtained in table Table[31] we found that the double
layered Viterbi algorithm with external knowledge transfer is overcoming the 3
other methods in terms of precision with a f-score value of 96,32 % versus 70,06
% for a first order mono-layered HMM model, 68,18 % for a second order mono-
layered HMM model and 81,32 % for a simple double agent Viterbi algorithm.
This can be explained by the external knowledge transfer characterizing our
developed algorithm that minimized the amount of parasite probabilities that
may appear during the calculation of the most probable elements of a state
matrix. For example for the sentence ” jusit adls 5 yos ¢ 107 where all
the words are known both a simple double agent Viterbi and a simple double
agent Viterbi with external knowlage transfer estimates well the token jus=l3
which is not an ingredient, but for the first algorithm we have | X — Y| =
[05(12,1) +1og(ai211) —5(12,2) —log(ai221)| = 0, 58 and we have for the second
one | X — Y| =[05(12,1) + log(ai211) — 05(12,2) — log(ai221)| = 5,97 (figure [3)
which means that the state matrix for a double agent Viterbi algorithm with
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simple double
agent Viterbi

without
external knowledge
transfer
-177
s -180
a known
word
-183 I
XY P
-140
BEENIGH 145
an unknown
word
-150
XY P

Figure 3: data sensitivity bar plot for the word ;.U inside the sentence -\

Y ddl> 5 yes ¢ under graduated conditions. X is the first most probable
case inside a state matrix (j«U is not an ingredient), Y is the second most
probable case inside a state matrix (j«sU is an ingredient constituted with a
single word), P is the number of parasite probabilities observed when calculating

X and Y.
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external knowledge transfer differentiate well between the most probable cases
inside a state matrix and it is more confident in estimating an ingredient state.
We can explain the efficiency of our new algorithm by the fact that when the
probabilities constituting the equation of the most probable elements of the state
matrix are describing well the values hold by a token and not wrong parameters
like we see in a parasite probability, the elements of the state matrix tend to
enlarge the differences between a state describing the real estimation and a state
describing a wrong estimation.

One important characteristic found in a double agent Viterbi algorithm with
external knowledge transfer is its capacity to well estimate ingredients state
against a mono-layered Viterbi algorithm and a simple double agent Viterbi
algorithm without external knowledge transfer in a context of unknown words.
When an unknown word is estimated, the lexical probability P(V,. =" yuldd” /T’ = 0,7, =" y 9 simé @ul”)
becomes P(V, = 73" /T, =0,T, =7 y 9 @u|”) and its importance for esti-
mating hidden states on the second layer of our model becomes lower . Ex-
ternal knowledge transfer allowed us to clean our double layered Viterbi algo-
rithm from parasite probabilities and maintain a good f-score of 72.19 % (ta-
ble because we are confirming that knowledge transfer is increasing the
precision comparing to what we got for our ingredient extractor (Bakloutil
2021))(table . Best accuracy for unknown words is detained by our new
algorithm (table . These promising performances can be explained by
observing the equations determining the most probable cases of a state ma-
trix. For example , in the sentence ” jus3 48l 5 jos ¢ 107 when the token
=4t is unknown , a primitive Viterbi algorithm does not estimated the ex-
act ingredient state for that token which is I' = 0 given that the word .=l
is not an ingredient , on the other side , a double layered Viterbi algorithm
with internal knowledge transfer estimated well the ingredient state , this can
be explained by the absence of parasite probabilities in the second algorithm
given that the lexical probabilities P(V,, =7 " /T, = 0,7, =" 39 s @u|”) and
PV, ="8"/T. =1,T, =7 y 924 aul”) keep the same values when they are
used in the a double agent Viterbi algorithm with and without external knowl-
edge transfer.

Another concept characterizing a simple double agent Viterbi algorithm with
external knowledge transfer is its capacity to react effectively toward dataset
tuning and its capacity to resist data monotonicity logic. For example, our
dataset is describing the ingredients used in a recipe, and to achieve a bet-
ter understanding, a typical sentence structure is frequently used to present
an ingredient like using the preposition ”of” and then announcing the wanted
information but sometimes this monotonous logic is not always true when the
preposition ”of” is used to describe the ingredient like in the sentence ”olive
oil of excellent quality”. We created an adapted graph to study the comport-
ment of our new algorithm toward monotonous logic called a data sensitivity
bar plot. A data sensitivity bar plot is presenting two pieces of information:
the value of the most probable cases inside a state matrix and the number of
parasite probabilities observed. That information is studied under graduated
conditions. A graduate condition is used to explore the dynamical comport-
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ment of the algorithm, for example, we have in our dataset the sentence ”olive
oil of excellent quality” where the ingredient is situated at the beginning of the
sentence and it is hard for any algorithm to give a correct prediction for this
sentence when it is tagged only one time on the tag-set especially for a mono-
agent Viterbi algorithm where the only parameters of this model are the tokens
and the ingredients states. Data tuning is one of the graduated conditions we
can use by adding first a similar sentence that keeps the same tags for part of
speech and for ingredients state like the sentence ”one tomato of generous size”,
and second by adding the same sentence to obtain a tag-set with the sentence
”olive oil of excellent quality” repeated twice. We can associate this graduated
condition with the algorithm used to predict ingredients states and deployed
in a data sensitivity plot gradually from the method with the lowest f-score
to the algorithm with the highest f-score (figure [2). Data sensitivity bar plot
with the previously described combination shows a certain static behavior for
a second-order mono-agent Viterbi and a simple double agent Viterbi, without
external knowledge transfer. Dynamic behavior is observed only for a simple
double agent Viterbi without external knowledge transfer where the value of the
correct state increase and the number of parasite probabilities decrease when
we move from a condition with low grade to a condition with high grade. Mov-
ing from known to unknown words could be also a graduated condition used
to analyze the dynamic behavior of an algorithm in a data sensitivity bar plot

(figure [3)).

5 Conclusion

We have proposed an algorithm mixing Hidden Markov Models and external
knowledge transfer to solve the problem of information extraction in natural
language processing, our algorithm can be used in other problems where Hid-
den Markov Models are deployed. This algorithm has proven a spectacular im-
provement in f1 score without unknown words consideration and performances
for unknown words are improved comparing to old results for simple double
agents Viterbi without external knowledge transfer (Baklouti, 2021) but still
can be improved by creating a full double agent Viterbi with external knowl-
edge transfer where the number of parasite probabilities generated is less than
we obtained on this paper.
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A Detailed Iterations of a simple double agent
Viterbi Algorithm with external knowledge
transfer

1. Predicting POS Tags for the first Layer:

We can use for predicting POS tags any method that provide a high accu-
racy and f-score. Some features used for natural language programming
problems are directly extracted from the tokens like extracting the first
letters from a token.

2. Predicting Ingredients state for the second Layer:

The variables:

o 6(3,j) =mazr, - P(ri..m = [ti, vl /vion te b, yau), L =1L
o Uy(i,j) = argmaz.,  ,_ P(ri..mm = [ti,v5]/vi..ont b,y ), L =
1..L

The procedure:

(1) Initialization step:

ijij(iq) U1 is known i=1..14 jZl..4
01(4,5) =
micij(v1) wv1 is unknown i=1..14 j=1..4

P1(i,7) = 0i=1..14 j=1..4
(2) Iteration step:

max;[01-1(y(1), j)ayay;klbij(vi) v is known , 1=2...L
j=1..4,i=1..14
k=1...4,y(1) is the tag
calculated at previous layer
in position 1

(1, 7) =

max;[01-1(y(1), j)ay@yjrlcij(vi) v is unknown , 1=2...L
j=1..4, i=1..14
k=1...4,y(1) is the tag

calculated at previous layer

in position 1
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Yi(i,5) = argmaz;[61-1(y(1), j)ayqx]
j=1..4,i=1..14 k=1..4,y(1) is the tag calculated at previous layer in position 1

(3) Termination:

T = argmari—y(r),j=1..49L(%,J)

where y(L) is the tag calculated at previous layer in position L
(4) Backtracking:
7 =i(y(), 7 ,) 1=0L-1..2,1

where y(1) is the tag calculated at previous layer in position 1
3. Predicting Ingredients state for the second Layer in Log-space and intro-
duction of the hyper-parameter A
The variables:
o 61(3,j) =mazr,. _P(ri..mi = [ti, vl /vt b, yau), L = 1L
o Yy(i,j) = argmaxy, . P(ri..m = [ti,y;]/v1..o ti d ya ), U=
1...L
The procedure:

(1) Initialization step:

log(m;) + log(bi;(v1)) v1 is known i=1..14 j=1.4
d1(i,5) =
log(m;) 4+ log(cij(v1)) wvq is unknown i=1..14 j=1..4

¥i(i,5) = 0i=1..14 j=1..4
(2) Tteration step:

maz;[01-1(y(1), j) +10g(ay);k)] + Amaz log(bsj(vi)) v is known 1=2..L
j=1..4, i=1..14
k=1...4,y(l) is the tag
calculated at previous layer
in position 1
Gi(i,7) =
max;[6-1(y(1), 7) +log(ayw)jk)] + Amaz log(cij(v1)) v is unknown
1=2..L j=1..4
i=1..14 k=1..4,y(1) is the tag

calculated at previous layer

in position 1

45



dia
di,2,1
di,31

di,14,1

dii

di2,1
di3,1

dy,14,1

di,1
di 2,1
dy 3,1

dy,14,1

dii
di21
di 3,1

dy,14,1

Ui, ) = argmaz;[6;-1(y(1), j) 4+ log(ayuy,k)] j=1..4,i=1..14k=1..4,y(l) is the tag
calculated at previous layer in position 1

(3) Termination:

(4) Backtracking:

TI = Qrgmat;—y(r),j=1..40L (i, J)

where y(L) is the tag calculated at previous layer in position L

7 = bi(y(), 77'y) 1=1-1..2,1

where y(1) is the tag calculated at previous layer in position 1

e Initialization step:

di1,2
di,2,2
di,32

di,14,2

dij2
di1,2,2
di,3,2

dy,14,2

dii2
di2,2
dyi,32

dy,14,2

di12
di22
di 3,2

dy,142

di1,3
di2,3
di,33

di14,3

di13
di,2,3
di3,3

dy,14,3

dii3
di2,3
di,33

di,14,3

di,3
di2,3
di,33

dy,14,3

di1,4
di,2,4
di,34

di,14,4

di1,4
di,2,4
di,3,4

di,14,4

diia
di24
dy,3,4

dy,14,4

di1,4
di,2,4
di,3,4

di,14,4

11,201

b21,2[1]
[pil pia  pis pi4] b3,1,2[1]

b14,1,2[1]
di1,1 = pi1 X by 1 21

b1,1,2[1]

21,21
[pir piz pis  pid] b3,1,2[1]

b14,1,2[1]
dy 1,2 = piz X by 241

b1,1,2[1]

b2, 1,2[1]
[piv pia pis pia] | P1al

b1a,1,2[1]
di1,3 = piz X by 3201

b1,1,2[1]

21,201
[piv piz piz pis] | P31al)

b14,1,2[1)

46

b1 2,21]
b22.2[1]
b3.2.2[1)

b14,2,2[1]

b1,2.:1:[1]
22 21]
b3 2[1]

b14,2.21

b12.201)
b2.2,2[1]
b3 2 21]

b14,2,2[1]

12,201
b2.2.2[1]
b3.2,2[1]

142,21

b1,3,21]
b2,3,2[1]
b3 3,201

b14,3,2[1]

b1 3,21
b23.21]
b33.2[1]

b14,3,2[1]

bl ,3,2(1]
b2.3,21]
b3 3.21]

b14,3.21]

b1 3,201
b2.3,2[1)
b3.3.21]

b14,3.21]

b1 4,21
b2 4.21]
b3 4,201

b14,4,2[1]

b1 4,201
b2 4.21)
b3 4.21]

b14,4,2]1]

b14,201)
b2.4,21)
b3 4.21]

b14,4,2[1]

b1 4.2[1)
b2.4,2[1)
b3 4,21

14,421



digq dipe dings
dio1  dig2 diag
diz1  diz2  dizgs

dia1 diia2 dinags

digi diie diig
dig1  dig2 diags
diz1  dig2 diss

di,1a0 di1a2  di1a3

e Iteration step:

da11do12da13dana
dao1do22daosdaoa

do31 da32 dassdasa

| d2,14,1d2,14,2d2 14,302 14,4 |

di14
di 2,4
di3.4

di,14,4

di1a
di24
di,3,4

d1,14,4

dy 1,4 = pig X by 44
b11,201
b2.1,2[1]
[pi1 pia piz  pia) b3, 1.a(1]

b14,1,201)

di21 = pi1 X baq 2[1]

b11,201
b2,1,2[1]
[pin pis pis pis] | D310l

b14,1,2[1]

d1,14,4 = Pig X 514,4,;,:[1]

b12.201)
b2.2,2[1)
b3.2,2[1]

b14,2.21]

b12.201)
b2.2.21
b3.2,2[1]

b14,2,2[1]

= maxi( [d1,y[2],1d1,y[2],2d1,y[2],3d1,y[2].4] : [%[2],1,1(ly[2],2.,1%[2],3.1%[2],4,1} > - | b3,1,202) 03,2,2[2) D3,3,22) D3.4,2[2]

bizan)  biaeq
baza) b2
b33.a] 034,201

biaz.e) D144,z

bi3a)  biaeq
baza] b2,
b33.e1] 034,21

b14,3,w[1] 614,4,:1:[1]

_51.1,:1,»[2] b12,2(2) b1,3,2[2] D1,4,2[2] |

b2,1,2[2] b2,2,2(2] D2,3,2[2] D2,4,2[2]

| 014,1,2[21014,2,2[2)P14,3,2[2)D14,4,2(2] |

do11 = maz(dy 211 X Gyj2)1,15 dyl2),2 X Gyj2),2,15 5 dy[2]a X Gyj2]4,1) X b11,2[2]

P2.1.1 P2,1,2 P2,1,3 P2,1.4
P2.2.1 P222 P2,2,3 P2.2.4

P2;3.1 P2;3,2 P2,3,3 P2,34

| P2,14,1P2,14,2P2,14,3P2,14 4 |

= ngaxz‘( [dl,y[2],1dl.y[2].le,y[Q],3d1,y[2],4] ) [%[2],1,1%[2],2,1%[2],3,1%[2},4,1} )

P2.1,1 = ngﬂl‘(dl,y[z],] X (1’,1/[2].1,17(11,1/[2],2 X Qy[2],2,1," " ° adl,y[Q]A X (ly[z],4.1)
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da1,1do12da13dana
dao1 do22 daos daoa

do31 da32 dassdasa

_d2, 14,1d2,14,2d2,14,3d2,14,4_

doi1doi2do13dota
do21 da2 dao3 daoa
do 31 da32 das 3z dasa

P2.1,1 P2;1,2 P2,1,3 P2,1,4
P2,2,1 P2,2,2 P2,2,3 P2,2.4

P2.3.1 P2,3,2 P2,3,3 P2,34

| P2,14,1P2,14,2P2,14,3P2,14 4 |

| d2,14,1d2,14,2d2 14,302 14 4 |

P2.1,1 P2,1,2 P2,1,3 P2,1,4
P2.2.1 P222 P2,2,3 P2,2.4

P2.3,1 P2;3,2 P2,3,3 P2,34

| P2,14,1P2,14,2P2,14,3P2,14 4 |

= maxi( [dl,ymldl,y[z],2d17y[2],3d1,y[2],4] : [%[2},1,1%[2],2.,1%[2],3,1%[2},4,1} ) '

_bl,l,x[Q] b12,2(2) b1,3,2[2] D1,4,2[2]
ba.1.212) b2,2,2(2] D2,3,2[2] D2,4,2[2]
b3,1,2[2] b3,2,2[2] 03,3,2[2] D3,4,2[2]

| 014,1,2(21P14,2,2[21014,3 2 [21D14,4,2[2] |

dao1 = mflx(dl,y[z],l X Gy(2),1,15 d1,y[2],2 X Gy[2),2,15 "+ » A1 y[2],4 X ay[2},4,1) X ba 1 2[2]

= argmaa:i< |:d17,1/[2]~1d1,y[2],le,y[2],3d1,y[2},4:| : [%[2],1,1%[2]2,1%[2],3,1%[2],4,1} >

P21 = argmaz(dy 211 X ayp)1,1, d1y2)2 X Ayja2,1, 0 d1ya)a X ayj2)a1)

= maﬂ?i( [dny[a],ldl,ym,zdl,y[zl.zdl,yrz},ax} ' [%[2},1«,1%[2],2;1(1';/[2],3,1%[2]74,1] ) '

[ D11 (2] D12.22] b1.3.22) D1aa2] |
ba,1,2[2] b2,2,2(2] D2,3,2[2] D2,4,2[2]

b3.1.2[2) b3,2,2[2] 03,3,2[2] D3,4,2[2]

| 014,1,2[21014,2,0(21P14,3,2[2)D14,4,2[2] |

da31 = mal’(dLy[Q],l X ay[Q],l,lvdl,y[Q],Q X Qyl2],2,1," "~ adl,y[Q]A X ay[2],4,1) X b3,1,.q;[2]

= argmaa:i< [d1,y[2],1d1,y[2],le,y[z],sdl,y[2},4] ) [(ly[z],1,1%[2],2,1%[2],3,1%[2],4,1} )

p2,3,1 = argmaz(dy yi211 X ay2)1,15 d1y2)2 X Qy2)2,15 7 5 dyle1a X yj2a.1)
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do1,1doji2do1,3d2,a
do 21 da22 dao3z daoa

da31do32dazsdasa

| d2,14.1d2,14,2d2 14,3d2 14,4 |

da11do12da13dana
dao1do22daosdaoa

da31 do32dass dasa

| d2,14,1d2,14,2d2 14,302 14 4 |

P2.1,1 P21,2 P2,1,3 P2,1.4
D2,2,1 P2,22 P22,3 P2,2,4

D231 P2,3,2 P2,3,3 P2,3.4

| P2.14,1P2,14,2P2,14,3P2,14,4 |

= maxi< [dl.y[Z],ldl,y[Q],2d1.,y[2],3d1,y[2]_,4:| . {aym,1_1ay[2],2_’1ay[2],3_’1ay[2]74,1} ) . b3,1,w[2] b3,2,z[2] b3,3,o;[2] b3,4,ag[2]

do1a,1 = max(dy yi),1 X y2],1,15 d1,y[2),2 X Gy2],2,15 "

_bl,l,m[2] b1,2,2[2) 1,3,2[2] 01,4,2[2] |

b2,1,2[2) b2,2,2(2] D2,3,2[2] D2,4,2[2]

| 014.1,22D14,2,2[2014,3,2[21D14,4,2[2] |

Ly dyya)a X Gy2).4,1) X bia1,a[2]

= ngami( [dl,ymldl,ym72d1,y[2},3d1,y[2],4] : [%[2}.,1,1aym],2,1%[21,3,1%[21,4,1] )

P2,141 = (lrgmal’(dl,ym,l X Gy(2),1,15 d1,y[2],2 X Gy[2),2,15 " > d1,y[2],4 ¥ ay[Q]A,l)

= maxi< |:d1_’y[2]_’1d17y[2]72d1_’y[2]’3d17y[2].4:| . {ay[z]71_’2ay[2]7212(131[2]’3_2@3/[2]’472} > . b3,1,z[2] bs,z,x[z] b3,3,z[2] 53,4,90[2]

_bl,l,x[Z] b1,2,2[2] b1,3,2[2] 01,4,2[2] |

b2,1,2[2] b2,2,2(2] D2,3,2[2] D2,4,2[2]

| 014,1,2[21014,2,2(2)P14,3,2[2)D14,4,2(2] |

da 12 = max(dl,y[Q],l X ay[Q],l,Zadl,y[2],2 X Qy[2],2,2, " :dl,y[Z]A X ay[2],4.,2) X bl,2,:c[2]

P2,1,1 P2,1,2 P2,1,3 P2,1,4
P2,2,1 P2,2,2 P2,2,3 P2,2,4

P2.3.1 P2,3,2 P2,3,3 P2,34

| P2,14,1P2,14,2P2,14,3P2,14 4 |

= a?”é]ﬂWfEi( [dmmldl,ym,2d1,y[2},3d1,y[2},4] ' [%{21,1,zaz;[zl,a,zaz/[zl,3,2%[21.4,2} >
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doi,1do12dai3dona
doo1 doodaosdaoa

do31 da32 das 3 dasa

_dz,14,1d2,14,2d2,14,3d2,14,4_

D2,1,1
P2,21
P2.3.1

do1,1doji2da13d2t,a
do21 do22 dao3 daoa

da31 do32dass dasa

| d2,14,1d2,14,2d2 14,302 14 4 |

P21.1
P2.2.1

P2.31

p2,1,2 = argmaz(dy yo)1 X Gy[2),1,2, d1,y[2],2 X Qy[2],2,2:" " A1 y[2],4 X Qy[2],4,2)

[ D11 2i2) b1.2.22] D13.002) D1 aaf2]

b2,1,2[2] 02.2.2(2) D2,3,2[2] D2,4,2]2]

= maxi< |:d17y[2]~1d1yy[2]’leﬁy[2]73d1’y[2]’4:| . |:(I,y[2]’1720111[2]’2’2ay[2]73’2ay[2]74’2:| > . bg,l,x[Q] b3,2,x[2] b3,3,x[2] b3,4,x[2]

do20 = max(dy 21 X Ayj2),1,2, d1y[2),2 X Ay[2),2,2, "

P2,1,2 P2,1,3 P2,1,4
P2,2,2 P2,2,3 P2,2,4
P2,3,2 P2,3,3 P2,34

| P2,14,1P2,14,2P2,14,3P2,14 4 |

| 014,1,221014,2,2[21014,3 2 [21P14,4,2[2] |

s dy g4 X ay[2],4,2> X b2 2 (2]

= awmafﬂi( [dlﬁy[al,ldl,y[‘z],2d1,y[2},3d1,y[2}.4] ' [%[2171,2%[21.,2,2%[21,3,2%[21,4,2} >

P2.2,2 = argmaz(dy )1 X ayp) 1,2, d1 22 X Ayja2,2,7 5 d1y[a)a X Gyj2)a,2)

= maxi< |:d1_’y[2]_’1d1’y[2]12d1"y[2]73d11y[2]74:| . {ay[z]71_’4ay[2]’2_’4ay[2]’3_4ay[2]’414} > . b3)1,w[2] b3,2,x[2] b3,3,z[2] b3,4,w[2]

d2144 = maﬂ?(dl.y[z].l X Qy[2),1,45d1,y[2],2 X Cy[2),2,45 "

P21,2 P2,1,3 P2,1,4
P222 P2,2,3 P2,2.4

D2,3,2 P2,3,3 P2,3,4

| P2,14,1P2,14,2P2,14,3D2,14.4 |

_bl,l,z[Q] b1,2,2[2) b1,3,2[2] 01,4,2[2] |

b2,1,2[2) b2,2,2(2] D2,3,2[2] D2,4,2[2]

| 014,1,2[21014,2,2[2)P14,3,2[2)014,4,2[2] |

ydyy[2),4 X ay[2].4,4) X b14,4,2[2]

= argmaa:i< [d1,y[2],1d1,y[2],2d1,y[2],3d1,y[2},4] ) [(ly[z],1,4%[2],2,4%[2],3,4%[2],4,4} )
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d31,1d31,2d31,3d3na
d321 d322d323 d3oa

d331 d3 3.2 d333dssa

| d3,14,1d3,14,2d3 14,303 14,4 |

dr1,1dpi2 driz drna
dr,2,1 dp,2,2 dp,2,3 dp 2,4
dr,3,1 dr,3,2 dr,3,3 dr,3,4

dr,14,1dr,14,2d 1 ,14,3dL 14,4

P2,14,4 = argmal’(dl,ypm X ay[Q],1,47d1,y[2},2 X Qy[2],2,4, " 1d1.y[2],4 X ay[2],4,4)

= max; [dQ,y[B],1d2,y[3],2d2,y[3],3d2,y[3],4:| : {%[3],1,1%[3],2.,1%[3],3,1%[3],4,1]

_51,1,.7;[3} b1.2,2(3] b1,3,2(3] D1,4,2[3]
b2,1,2(3] b2,2,2(3] 02,3,2[3] D2,4,2[3]
b3,1,2(3] b3,2,2(3] 03,3,2[3] D3,4,2[3]

d3i1 = max(dzy[s],l X Ay(3),1,15 d2,y[3],2 X y[3],2,1, " > d2,y[3],4 ¥ ay[s],4,1) X b1,1,2[3]

P3;1,1 P3,1,2 P3,1,3 P3,1,4
P3,2,1 P3,2,2 P3,2,3 P3,2.4
P3,3,1 P3,3,2 P3,3,3 P3,3,4

1 P3,14,1P3,14,2P3,14,3P3,14,4 |

p3,11 = argmaz(da,y(s),1 X Ay(3),1,1,d2,y(3),2 X Gy[3],2,1,

= mazx; < [de—1,y211d0 1,y(2),2d0 19107590 —1,y(0),4] - [%[L]JA%ALJJJ%[L],sﬂy[LM,l]> :

= argmaz; [dzm[?»],ldz,ym,2dz,y[3},342,y[31,4] ' [%[31,1,1%[31.,2,1%[3],3,1%[31,4,1}

s doy3) 4 X ay[31,4.1)

bl.l,w[b] bl,Z,x[L] bl,S,z[L] b1,4,z[L]
b2.1,2(L] b2,2,2[L] b2,3,2[L] b2,4,2(L)
b3.1,2[L] b3,2,2[L] b3,3,2[L] U3,4,2[L]

b14,1,210)014,2,2[21014,3,2[L1014,4,2[L]

dpa =maz(dp—1 ) X ayir),1 do—1y(n),2 X Gy(r)2,1, d-1y(r)a X Gy(ra1) X 011 a(r)

Pr.ai,1 Proia,2 PrL,1,3 PL,1,4
PrL21 PL,2,2 PL2,3 PL,2,4

pbrL,31 Pr,3,2 PL,3,3 PL,3,4

|PL,14,1PL,14,2PL,14,3PL,14 4 |

= argmaw; [del,y[L],ldel,y[L],2dL71.,y[L],3dL71,y[L].,4:| : |:ay[L],1,1ay[L],2,1ay[L],3,1ay[L],4,1]

o1

| 014,1,2(3)014,2,2(3)P14,3,2(3)D14,4,2(3] |



pra1 = argmax(dn_1 i) X Gy[r),1,1, Ar—1,y[L],2 X Gy[L],2,15" " »AL—1,y[L]4 X Oy[L],4,1)

dr,1dri,2dn,1,3dna b11,22) b1,2,2(2] b1,3,2(1] b1,4,2[1)

dr,2,1 dp,2,2 dp,2,3 dr 2,4 b2.1,2(L] b2,2,2(L] b2,3,2(L] b2,4,2(L)

d d d d b b . b b
L,3,1dr,32dr33dr34 | _ mal‘i([dL—l‘y[L]‘ldL—l,y[L],QdL—l,y[L],ISdL—l,y[L].4] . [%[L]‘1,4‘11/[L],2.,4ay[L],:;‘4a7/[L]‘4,4]> . 3,1,x[L] 93,2,2[L] 93,3,2[L] 03,4,2[L]

dr 14145 ,14,2d1,14,3d 1 14,4 b14.1,2101014,2,2[21014,3,2[L1014,4,2[L]

driaa = ’mlll'(dL—Ly[L]J X ay[L],l,zlvdL—l,y[L],Q X Qy[L),2,4> """ -,dL—l,y[L]A X ay[L],4,4) X b14,4,:1:[L]

PrLa,1 Pr,1,2 PL,1,3 PL,1,4

PL,2,1 PL,2,2 PL,2,3 PL,2,4
PrL,3,1 PrL,3,2 PL,3,3 PL,3,4

= argma; |:dL—1,y[L]71dL—l,y[L],QdL—l,y[L],?)dL—l,y[L] 4] : [ay[L],1,1ay[L],Z,lay[L],&lay[L],4,1]

|PL,14,1PL,14,2PL,14,3PL,14.4 |

prasa = argmaz(dp_1y(r),1 X ay(r)1,4, dL_1y(r],2 X Gy[r)2,45 5 dL—1y[L]4 X Qy[r)4,4)
e Termination:
dria dri2 drpas dpaia

dr21  dr22 dppes  draa
[7-1 Ty e TL_o TL_1 TL]ZGngma$1§i§14,1§jg4 drsi  drse dpss drpsa

dria1 drisae dpjaaz dpiaa
e Backtracking:

[m 7 -+ T2 o1 7] =%(L, YL, TL)

[m 7 - Tooa To1 T =9(2,Y2,72)
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