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Árbol de
dependencias

Análisis de
dependencias

Análisis de
dependencias
basado en
grafos

Análisis de
dependencias
basado en
transiciones

Teorias de estructuras sintácticas
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Árbol de dependencias

* PRP VBN DT NN IN NN
They solved the problem with statistics

root

nsubj

dobj

det pmod pobj

Unidad: dependencia

Dependencia: una palabra
tiene una función gramatical
respecto otra

Flexibilidad en el orden

Construye grafos de
dependencias



Processament
del Llenguatge

Humà
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Notación: Dependencia

* PRP VBN DT NN IN NN
They solved the problem with statistics

0 1 2 3 4 5 6

root

nsubj

dobj

det pmod pobj

*: śımbolo desde el que se indica la ráız

Cada dependencia es una tupla (h,m, k) donde

h: posición de la palabra head (0 si es *)
m: posición de la palabra modificadora
k: etiqueta de la dependencia

e.g.: (0, 2, root), (2, 1, nsubj), (2, 4, dobj), (4, 3, det),
(4, 5, pmod), (5, 6, pobj)

A veces se consideran dependencias sin etiquetas
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Notación: Árbol de dependiencias

* PRP VBN DT NN IN NN
They solved the problem with statistics

root
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dobj
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y es un árbol de dependencias si:

(a) y = {(h,m, k)i}: : conjunto de dependencias
(b) Cada śımbolo recibe exactamente un arco (un único

padre), excepto *
(c) El grafo es conexo y sin ciclos
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El de constituyentes sólo proyectivos.
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Objetivo: dada una oración vista como grafo conexo de
dependencias entre sus palabras, producir el árbol de
dependencia de mayor puntuación

ŷ = argmax
y∈Y(w1:n)

Score(y)

P.e: John saw Mary

S. Riezler, T. King, R. Kaplan, R. Crouch, J. Maxwell,
andM. Johnson. 2002. Parsing theWall Street Journal
using a lexical-functional grammar and discriminative
estimation techniques. In Proc. ACL.

F. Rosenblatt. 1958. The perceptron: A probabilistic
model for information storage and organization in the
brain. Psych. Rev., 68:386–407.

F. Sha and F. Pereira. 2003. Shallow parsing with con-
ditional random fi elds. In Proc. HLT-NAACL, pages
213–220.

Y. Shinyama, S. Sekine, K. Sudo, and R. Grishman.
2002. Automatic paraphrase acquisition from news ar-
ticles. In Proc. HLT.

D. Sleator and D. Temperley. 1993. Parsing english with
a link grammar. In Proceedings of IWPT.

R. Snow, D. Jurafsky, and A. Y. Ng. 2004. Learning
syntactic patterns for automatic hypernym discovery.
In NIPS 2004.

R.E. Tarjan. 1977. Finding optimum branchings. Net-
works, 7:25–35.

B. Taskar, C. Guestrin, and D. Koller. 2003. Max-margin
Markov networks. In Proc. NIPS.

B. Taskar, D. Klein, M. Collins, D. Koller, and C. Man-
ning. 2004. Max-margin parsing. In Proc. EMNLP.

B. Taskar. 2004. Learning Structured Prediction Mod-
els: A LargeMargin Approach. Ph.D. thesis, Stanford.

W. Wang and M. P. Harper. 2004. A statistical constraint
dependency grammar (cdg) parser. In Workshop on
Incremental Parsing: Bringing Engineering and Cog-
nition Together (ACL).

H. Yamada and Y. Matsumoto. 2003. Statistical depen-
dency analysis with support vector machines. In Proc.
IWPT.

D.H. Younger. 1967. Recognition and parsing of
context-free languages in time n3. Information and
Control, 12(4):361–379.

Daniel Zeman. 2004. Parsing with a Statistical Depen-
dency Model. Ph.D. thesis, Univerzita Karlova, Praha.

APPENDIX
A Chu-Liu-Edmonds Example

We illustrate here the application of the Chu-Liu-
Edmonds algorithm to dependency parsing on the
simple examplex = John saw Mary. We assume
that we know w. The directed graph representation
Gx of sentence x is

root

saw

John Mary

10

9

9

30

3020

3

0

11

The first step of the algorithm is to find, for each
word, the highest scoring incoming edge

root

saw

John Mary30

3020

If the result were a tree, it would have to be the
maximum spanning tree. However, in this case we
have a cycle, so we will contract it into a single node
and recalculate edge weights according to Figure 3.

root

saw

John Mary

40
9

30

31

wjs

The new vertex wjs represents the contraction of
vertices John and saw. The edge from wjs to Mary
is 30 since that is the highest scoring edge from any
vertex in wjs. The edge from root into wjs is set to
40 since this represents the score of the best span-
ning tree originating from root and including only
the vertices in wjs. The same leads to the edge
from Mary to wjs. The fundamental property of the
Chu-Liu-Edmonds algorithm is that a MST in this
graph can be transformed into an MST in the orig-
inal graph. Thus, we recursively call the algorithm

Por simplicidad, las etiquetas de los arcos se han obviado
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Objetivo: dada una oración vista como grafo conexo de
dependencias entre sus palabras, producir el árbol de
dependencia de mayor puntuación

ŷ = argmax
y∈Y(w1:n)

Score(y)

La puntuación de un grafo puede ser calculada como suma
de puntuaciones de sus partes (arcos, secuencias de 2
arcos, ...).

Puntuación factorizada por arcos:

ŷ = argmax
y∈Y(w1:n)

∑
(h,m,k)∈y

score(h,m, k)
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Puntuación factorizada por arcos:

ŷ = argmax
y∈Y(w1:n)

∑
(h,m,k)∈y

score(h,m, k)

Diferentes algoritmos:

Eisner: Análisis proyectivo, basado en CKY, O(n3)

McDonald et al.: Análisis no proyectivo, basado en árboles
de expansión máxima, O(n3) - O(n2) versión mejorada

Dozat-Manning: Análisis no proyectivo, basado en deep
learning

...
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Árboles de Expansión
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1- Construir el grafo:

Nodos = palabras
Arcos dirigidos, etiquetados o no, con pesos asociados

wh,m = max
1≤l≤L

score(h,m, l) L: conjunto de etiquetas

Ex: John saw Mary
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We illustrate here the application of the Chu-Liu-
Edmonds algorithm to dependency parsing on the
simple examplex = John saw Mary. We assume
that we know w. The directed graph representation
Gx of sentence x is
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If the result were a tree, it would have to be the
maximum spanning tree. However, in this case we
have a cycle, so we will contract it into a single node
and recalculate edge weights according to Figure 3.
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The new vertex wjs represents the contraction of
vertices John and saw. The edge from wjs to Mary
is 30 since that is the highest scoring edge from any
vertex in wjs. The edge from root into wjs is set to
40 since this represents the score of the best span-
ning tree originating from root and including only
the vertices in wjs. The same leads to the edge
from Mary to wjs. The fundamental property of the
Chu-Liu-Edmonds algorithm is that a MST in this
graph can be transformed into an MST in the orig-
inal graph. Thus, we recursively call the algorithm

2- Ejecutar análisis no projectivo usando el algoritmo de
Chu-Liu-Edmonds. Coste versión mejorada O(n2)
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Máxima

Análisis de
dependencias
basado en
transiciones

Algoritmo basado en Árboles de Expansión Máxima
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1. Construir el grafo

wh,m = max
1≤l≤L

score(h,m, l) L: conjunto de etiquetas

Requiere aprender un modelo de puntuación de arcos:

score(h,m, l) =
∑
i

λifi(h,m, l)

{fi}: funciones de atributos binarios que representan una
dependencia

λi: relevancia de fi (se aprenden automáticamente usando
un treebank - queda fuera de este curso)
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1. Construir el grafo

Información usada para representar fi(h,m, l):

Palabras, lemas, PoS de h o m

Palabras, lemas, PoS de tokens en el contexto de h or m

Distancia en tokens entre h y m

Dependencia l

Dirección de la dependencia (derecha, izquierda)

...

combinaciones de las anteriores

Se pueden diseñar plantillas de funciones de atributos,
análogamente a las plantillas diseñadas para CRFs
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1. Construir el grafo

Ejemplos de plantillas de funciones de atributos:

f1,a,b(h,m, l) =

{
1 if word(h)=a and word(m)=b

0 otherwise

f2,a,b,c(h,m, l) =

{
1 if PoS(h)=a and PoS(m)=b and l=c

0 otherwise

Ejemplos de funciones de atributos:

f1,saw,man(h,m, l) =

{
1 if word(h)=saw and word(m)=man

0 otherwise

f2,V B,NN,Dobj(h,m, l) =

{
1 if PoS(h)=V B and PoS(m)=NN and l=Dobj

0 otherwise

f3(h,m, l) =
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APPENDIX
A Chu-Liu-Edmonds Example

We illustrate here the application of the Chu-Liu-
Edmonds algorithm to dependency parsing on the
simple examplex = John saw Mary. We assume
that we know w. The directed graph representation
Gx of sentence x is
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The first step of the algorithm is to find, for each
word, the highest scoring incoming edge
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John Mary30
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If the result were a tree, it would have to be the
maximum spanning tree. However, in this case we
have a cycle, so we will contract it into a single node
and recalculate edge weights according to Figure 3.
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The new vertex wjs represents the contraction of
vertices John and saw. The edge from wjs to Mary
is 30 since that is the highest scoring edge from any
vertex in wjs. The edge from root into wjs is set to
40 since this represents the score of the best span-
ning tree originating from root and including only
the vertices in wjs. The same leads to the edge
from Mary to wjs. The fundamental property of the
Chu-Liu-Edmonds algorithm is that a MST in this
graph can be transformed into an MST in the orig-
inal graph. Thus, we recursively call the algorithm
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maximum spanning tree. However, in this case we
have a cycle, so we will contract it into a single node
and recalculate edge weights according to Figure 3.
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The new vertex wjs represents the contraction of
vertices John and saw. The edge from wjs to Mary
is 30 since that is the highest scoring edge from any
vertex in wjs. The edge from root into wjs is set to
40 since this represents the score of the best span-
ning tree originating from root and including only
the vertices in wjs. The same leads to the edge
from Mary to wjs. The fundamental property of the
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Si obtenemos un árbol, PARAMOS (hemos encontrado el
árbol de expansión máxima)

Sinó, debe haber algún ciclo
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Árboles de Expansión
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is 30 since that is the highest scoring edge from any
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Calcular los pesos de arcos entre c y otros nodos:

c→ i: max peso entre x ∈ c e i

saw → Mary : 30

i→ c: max peso de recorrido desde i que incluya los de c

root → saw → John : 40
root → John → saw : 29

Mary → John → saw : 31

Mary→ saw → John : 30
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vertices John and saw. The edge from wjs to Mary
is 30 since that is the highest scoring edge from any
vertex in wjs. The edge from root into wjs is set to
40 since this represents the score of the best span-
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maximum spanning tree. However, in this case we
have a cycle, so we will contract it into a single node
and recalculate edge weights according to Figure 3.
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The new vertex wjs represents the contraction of
vertices John and saw. The edge from wjs to Mary
is 30 since that is the highest scoring edge from any
vertex in wjs. The edge from root into wjs is set to
40 since this represents the score of the best span-
ning tree originating from root and including only
the vertices in wjs. The same leads to the edge
from Mary to wjs. The fundamental property of the
Chu-Liu-Edmonds algorithm is that a MST in this
graph can be transformed into an MST in the orig-
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the real endpoints of the edges into and out of wjs

for reconstruction later. Running the algorithm, we
must find the best incoming edge to all words,
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This is a tree and thus the MST of this graph. We
now need to go up a level and reconstruct the graph.
The edge from wjs to Mary originally was from the
word saw, so we include that edge. Furthermore, the
edge from root towjs represented a tree from root to
saw to John, so we include all those edges to get the
MST,

root

saw

John Mary

10

3030

This is obviously the MST for this graph.

B Eisner Algorithm

Here we give a brief description of the Eisner algo-
rithm (Eisner, 1996) for parsing projective depen-
dency/spanning trees.
Let C[s][t][d][c] be a dynamic programming table

that stores the score of the best subtree from position
s to position t, s ≤ t, with direction d and complete
value c. d ∈ {←,→} and indicates the direction of
the subtree (gathering left or right dependents). If
d =← then t must be the head of the subtree and if
d =→ then s is the head. c ∈ {0, 1} indicates if a
subtree is complete (c = 1, no more dependents) or
incomplete (c = 0, needs to be completed). For in-
stance, C[s][t][←][1] would be the score of the best
subtree represented by the item,

s t

and C[s][t][→][0] for the following item,

s t

The Eisner algorithm fills in the dynamic program-
ming table bottom-up just like the CKY parsing al-
gorithm (Younger, 1967) by finding optimal sub-
trees for substrings of increasing increasing length.
Pseudo code for filling up the dynamic programming
table is in Figure 7.
Consider the line in Figure 7 indicated by (*).

This says that to find the best score for an incom-
plete left subtree

s t

we need to find the index s ≤ r < t that leads to
the best possible score through joining two complete
subtrees,

s r r+1 t

The score of joining these two complete subtrees is
the score of these subtrees plus the score of creating
an edge from word xt to word xs. This is guaran-
teed to be the score of the best subtree provided the
table correctly stores the scores of all smaller sub-
trees. This is because by enumerating over all values
of r, we are considering all possible combinations.
By forcing a unique root at the left-hand side of

the sentence, the score of the best tree for the entire
sentence isC[1][n][→][1]. The only remaining prob-
lem is how to extract the best dependency tree after
running the Eisner algorithm. In order to do this we
simply need to maintain back pointers to the sub-
trees that gave rise to the each item in the dynamic
programming table. This is identical to maintaining
back pointers for the Viterbi algorithm for sequences
and the CKY algorithm for parsing.
A quick look at the pseudo-code shows that the

run-time of the Eisner algorithm is O(n3). Note,
that unlike CFG parsing, there is no grammar con-
stant. This is significant because large scale CFG
parsing can sometimes have a grammar constant in
the thousands.
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Si obtenemos un árbol, PARAMOS (hemos encontrado el
árbol de expansión máxima)

Paso 4: reconstruir el árbol de expansión máxima original

deshaciendo las contracciones (saw
30−→ John)

((McDonald et al 2005) para más detalles)
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Árbol de
dependencias

Análisis de
dependencias

Análisis de
dependencias
basado en
grafos

Algoritmo basado en
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table is in Figure 7.
Consider the line in Figure 7 indicated by (*).

This says that to find the best score for an incom-
plete left subtree

s t

we need to find the index s ≤ r < t that leads to
the best possible score through joining two complete
subtrees,

s r r+1 t

The score of joining these two complete subtrees is
the score of these subtrees plus the score of creating
an edge from word xt to word xs. This is guaran-
teed to be the score of the best subtree provided the
table correctly stores the scores of all smaller sub-
trees. This is because by enumerating over all values
of r, we are considering all possible combinations.
By forcing a unique root at the left-hand side of

the sentence, the score of the best tree for the entire
sentence isC[1][n][→][1]. The only remaining prob-
lem is how to extract the best dependency tree after
running the Eisner algorithm. In order to do this we
simply need to maintain back pointers to the sub-
trees that gave rise to the each item in the dynamic
programming table. This is identical to maintaining
back pointers for the Viterbi algorithm for sequences
and the CKY algorithm for parsing.
A quick look at the pseudo-code shows that the

run-time of the Eisner algorithm is O(n3). Note,
that unlike CFG parsing, there is no grammar con-
stant. This is significant because large scale CFG
parsing can sometimes have a grammar constant in
the thousands.

on this graph. Note that we need to keep track of
the real endpoints of the edges into and out of wjs

for reconstruction later. Running the algorithm, we
must find the best incoming edge to all words,
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This is a tree and thus the MST of this graph. We
now need to go up a level and reconstruct the graph.
The edge from wjs to Mary originally was from the
word saw, so we include that edge. Furthermore, the
edge from root towjs represented a tree from root to
saw to John, so we include all those edges to get the
MST,
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This is obviously the MST for this graph.
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Here we give a brief description of the Eisner algo-
rithm (Eisner, 1996) for parsing projective depen-
dency/spanning trees.
Let C[s][t][d][c] be a dynamic programming table

that stores the score of the best subtree from position
s to position t, s ≤ t, with direction d and complete
value c. d ∈ {←,→} and indicates the direction of
the subtree (gathering left or right dependents). If
d =← then t must be the head of the subtree and if
d =→ then s is the head. c ∈ {0, 1} indicates if a
subtree is complete (c = 1, no more dependents) or
incomplete (c = 0, needs to be completed). For in-
stance, C[s][t][←][1] would be the score of the best
subtree represented by the item,
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and C[s][t][→][0] for the following item,
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The Eisner algorithm fills in the dynamic program-
ming table bottom-up just like the CKY parsing al-
gorithm (Younger, 1967) by finding optimal sub-
trees for substrings of increasing increasing length.
Pseudo code for filling up the dynamic programming
table is in Figure 7.
Consider the line in Figure 7 indicated by (*).

This says that to find the best score for an incom-
plete left subtree

s t

we need to find the index s ≤ r < t that leads to
the best possible score through joining two complete
subtrees,

s r r+1 t

The score of joining these two complete subtrees is
the score of these subtrees plus the score of creating
an edge from word xt to word xs. This is guaran-
teed to be the score of the best subtree provided the
table correctly stores the scores of all smaller sub-
trees. This is because by enumerating over all values
of r, we are considering all possible combinations.
By forcing a unique root at the left-hand side of

the sentence, the score of the best tree for the entire
sentence isC[1][n][→][1]. The only remaining prob-
lem is how to extract the best dependency tree after
running the Eisner algorithm. In order to do this we
simply need to maintain back pointers to the sub-
trees that gave rise to the each item in the dynamic
programming table. This is identical to maintaining
back pointers for the Viterbi algorithm for sequences
and the CKY algorithm for parsing.
A quick look at the pseudo-code shows that the

run-time of the Eisner algorithm is O(n3). Note,
that unlike CFG parsing, there is no grammar con-
stant. This is significant because large scale CFG
parsing can sometimes have a grammar constant in
the thousands.

Si obtenemos un árbol, PARAMOS (hemos encontrado el
árbol de expansión máxima)

Paso 4: reconstruir el árbol de expansión máxima original

deshaciendo las contracciones (saw
30−→ John)

((McDonald et al 2005) para más detalles)
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Árboles de Expansión
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APPENDIX
A Chu-Liu-Edmonds Example

We illustrate here the application of the Chu-Liu-
Edmonds algorithm to dependency parsing on the
simple examplex = John saw Mary. We assume
that we know w. The directed graph representation
Gx of sentence x is
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The first step of the algorithm is to find, for each
word, the highest scoring incoming edge
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If the result were a tree, it would have to be the
maximum spanning tree. However, in this case we
have a cycle, so we will contract it into a single node
and recalculate edge weights according to Figure 3.
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The new vertex wjs represents the contraction of
vertices John and saw. The edge from wjs to Mary
is 30 since that is the highest scoring edge from any
vertex in wjs. The edge from root into wjs is set to
40 since this represents the score of the best span-
ning tree originating from root and including only
the vertices in wjs. The same leads to the edge
from Mary to wjs. The fundamental property of the
Chu-Liu-Edmonds algorithm is that a MST in this
graph can be transformed into an MST in the orig-
inal graph. Thus, we recursively call the algorithm

on this graph. Note that we need to keep track of
the real endpoints of the edges into and out of wjs

for reconstruction later. Running the algorithm, we
must find the best incoming edge to all words,

root

saw

John Mary
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30
wjs

This is a tree and thus the MST of this graph. We
now need to go up a level and reconstruct the graph.
The edge from wjs to Mary originally was from the
word saw, so we include that edge. Furthermore, the
edge from root towjs represented a tree from root to
saw to John, so we include all those edges to get the
MST,

root

saw

John Mary
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This is obviously the MST for this graph.

B Eisner Algorithm

Here we give a brief description of the Eisner algo-
rithm (Eisner, 1996) for parsing projective depen-
dency/spanning trees.
Let C[s][t][d][c] be a dynamic programming table

that stores the score of the best subtree from position
s to position t, s ≤ t, with direction d and complete
value c. d ∈ {←,→} and indicates the direction of
the subtree (gathering left or right dependents). If
d =← then t must be the head of the subtree and if
d =→ then s is the head. c ∈ {0, 1} indicates if a
subtree is complete (c = 1, no more dependents) or
incomplete (c = 0, needs to be completed). For in-
stance, C[s][t][←][1] would be the score of the best
subtree represented by the item,

s t

and C[s][t][→][0] for the following item,

s t

The Eisner algorithm fills in the dynamic program-
ming table bottom-up just like the CKY parsing al-
gorithm (Younger, 1967) by finding optimal sub-
trees for substrings of increasing increasing length.
Pseudo code for filling up the dynamic programming
table is in Figure 7.
Consider the line in Figure 7 indicated by (*).

This says that to find the best score for an incom-
plete left subtree

s t

we need to find the index s ≤ r < t that leads to
the best possible score through joining two complete
subtrees,

s r r+1 t

The score of joining these two complete subtrees is
the score of these subtrees plus the score of creating
an edge from word xt to word xs. This is guaran-
teed to be the score of the best subtree provided the
table correctly stores the scores of all smaller sub-
trees. This is because by enumerating over all values
of r, we are considering all possible combinations.
By forcing a unique root at the left-hand side of

the sentence, the score of the best tree for the entire
sentence isC[1][n][→][1]. The only remaining prob-
lem is how to extract the best dependency tree after
running the Eisner algorithm. In order to do this we
simply need to maintain back pointers to the sub-
trees that gave rise to the each item in the dynamic
programming table. This is identical to maintaining
back pointers for the Viterbi algorithm for sequences
and the CKY algorithm for parsing.
A quick look at the pseudo-code shows that the

run-time of the Eisner algorithm is O(n3). Note,
that unlike CFG parsing, there is no grammar con-
stant. This is significant because large scale CFG
parsing can sometimes have a grammar constant in
the thousands.
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This is a tree and thus the MST of this graph. We
now need to go up a level and reconstruct the graph.
The edge from wjs to Mary originally was from the
word saw, so we include that edge. Furthermore, the
edge from root towjs represented a tree from root to
saw to John, so we include all those edges to get the
MST,
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d =← then t must be the head of the subtree and if
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subtree is complete (c = 1, no more dependents) or
incomplete (c = 0, needs to be completed). For in-
stance, C[s][t][←][1] would be the score of the best
subtree represented by the item,
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and C[s][t][→][0] for the following item,
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The Eisner algorithm fills in the dynamic program-
ming table bottom-up just like the CKY parsing al-
gorithm (Younger, 1967) by finding optimal sub-
trees for substrings of increasing increasing length.
Pseudo code for filling up the dynamic programming
table is in Figure 7.
Consider the line in Figure 7 indicated by (*).

This says that to find the best score for an incom-
plete left subtree

s t

we need to find the index s ≤ r < t that leads to
the best possible score through joining two complete
subtrees,

s r r+1 t

The score of joining these two complete subtrees is
the score of these subtrees plus the score of creating
an edge from word xt to word xs. This is guaran-
teed to be the score of the best subtree provided the
table correctly stores the scores of all smaller sub-
trees. This is because by enumerating over all values
of r, we are considering all possible combinations.
By forcing a unique root at the left-hand side of

the sentence, the score of the best tree for the entire
sentence isC[1][n][→][1]. The only remaining prob-
lem is how to extract the best dependency tree after
running the Eisner algorithm. In order to do this we
simply need to maintain back pointers to the sub-
trees that gave rise to the each item in the dynamic
programming table. This is identical to maintaining
back pointers for the Viterbi algorithm for sequences
and the CKY algorithm for parsing.
A quick look at the pseudo-code shows that the

run-time of the Eisner algorithm is O(n3). Note,
that unlike CFG parsing, there is no grammar con-
stant. This is significant because large scale CFG
parsing can sometimes have a grammar constant in
the thousands.

Si obtenemos un árbol, PARAMOS (hemos encontrado el
árbol de expansión máxima)

Paso 4: reconstruir el árbol de expansión máxima original

deshaciendo las contracciones (saw
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APPENDIX
A Chu-Liu-Edmonds Example

We illustrate here the application of the Chu-Liu-
Edmonds algorithm to dependency parsing on the
simple examplex = John saw Mary. We assume
that we know w. The directed graph representation
Gx of sentence x is
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The first step of the algorithm is to find, for each
word, the highest scoring incoming edge
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If the result were a tree, it would have to be the
maximum spanning tree. However, in this case we
have a cycle, so we will contract it into a single node
and recalculate edge weights according to Figure 3.
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The new vertex wjs represents the contraction of
vertices John and saw. The edge from wjs to Mary
is 30 since that is the highest scoring edge from any
vertex in wjs. The edge from root into wjs is set to
40 since this represents the score of the best span-
ning tree originating from root and including only
the vertices in wjs. The same leads to the edge
from Mary to wjs. The fundamental property of the
Chu-Liu-Edmonds algorithm is that a MST in this
graph can be transformed into an MST in the orig-
inal graph. Thus, we recursively call the algorithm

on this graph. Note that we need to keep track of
the real endpoints of the edges into and out of wjs

for reconstruction later. Running the algorithm, we
must find the best incoming edge to all words,

root

saw

John Mary
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wjs

This is a tree and thus the MST of this graph. We
now need to go up a level and reconstruct the graph.
The edge from wjs to Mary originally was from the
word saw, so we include that edge. Furthermore, the
edge from root towjs represented a tree from root to
saw to John, so we include all those edges to get the
MST,

root

saw

John Mary
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3030

This is obviously the MST for this graph.

B Eisner Algorithm

Here we give a brief description of the Eisner algo-
rithm (Eisner, 1996) for parsing projective depen-
dency/spanning trees.
Let C[s][t][d][c] be a dynamic programming table

that stores the score of the best subtree from position
s to position t, s ≤ t, with direction d and complete
value c. d ∈ {←,→} and indicates the direction of
the subtree (gathering left or right dependents). If
d =← then t must be the head of the subtree and if
d =→ then s is the head. c ∈ {0, 1} indicates if a
subtree is complete (c = 1, no more dependents) or
incomplete (c = 0, needs to be completed). For in-
stance, C[s][t][←][1] would be the score of the best
subtree represented by the item,

s t

and C[s][t][→][0] for the following item,

s t

The Eisner algorithm fills in the dynamic program-
ming table bottom-up just like the CKY parsing al-
gorithm (Younger, 1967) by finding optimal sub-
trees for substrings of increasing increasing length.
Pseudo code for filling up the dynamic programming
table is in Figure 7.
Consider the line in Figure 7 indicated by (*).

This says that to find the best score for an incom-
plete left subtree

s t

we need to find the index s ≤ r < t that leads to
the best possible score through joining two complete
subtrees,

s r r+1 t

The score of joining these two complete subtrees is
the score of these subtrees plus the score of creating
an edge from word xt to word xs. This is guaran-
teed to be the score of the best subtree provided the
table correctly stores the scores of all smaller sub-
trees. This is because by enumerating over all values
of r, we are considering all possible combinations.
By forcing a unique root at the left-hand side of

the sentence, the score of the best tree for the entire
sentence isC[1][n][→][1]. The only remaining prob-
lem is how to extract the best dependency tree after
running the Eisner algorithm. In order to do this we
simply need to maintain back pointers to the sub-
trees that gave rise to the each item in the dynamic
programming table. This is identical to maintaining
back pointers for the Viterbi algorithm for sequences
and the CKY algorithm for parsing.
A quick look at the pseudo-code shows that the

run-time of the Eisner algorithm is O(n3). Note,
that unlike CFG parsing, there is no grammar con-
stant. This is significant because large scale CFG
parsing can sometimes have a grammar constant in
the thousands.
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edge from root towjs represented a tree from root to
saw to John, so we include all those edges to get the
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stance, C[s][t][←][1] would be the score of the best
subtree represented by the item,
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The Eisner algorithm fills in the dynamic program-
ming table bottom-up just like the CKY parsing al-
gorithm (Younger, 1967) by finding optimal sub-
trees for substrings of increasing increasing length.
Pseudo code for filling up the dynamic programming
table is in Figure 7.
Consider the line in Figure 7 indicated by (*).

This says that to find the best score for an incom-
plete left subtree

s t

we need to find the index s ≤ r < t that leads to
the best possible score through joining two complete
subtrees,

s r r+1 t

The score of joining these two complete subtrees is
the score of these subtrees plus the score of creating
an edge from word xt to word xs. This is guaran-
teed to be the score of the best subtree provided the
table correctly stores the scores of all smaller sub-
trees. This is because by enumerating over all values
of r, we are considering all possible combinations.
By forcing a unique root at the left-hand side of

the sentence, the score of the best tree for the entire
sentence isC[1][n][→][1]. The only remaining prob-
lem is how to extract the best dependency tree after
running the Eisner algorithm. In order to do this we
simply need to maintain back pointers to the sub-
trees that gave rise to the each item in the dynamic
programming table. This is identical to maintaining
back pointers for the Viterbi algorithm for sequences
and the CKY algorithm for parsing.
A quick look at the pseudo-code shows that the

run-time of the Eisner algorithm is O(n3). Note,
that unlike CFG parsing, there is no grammar con-
stant. This is significant because large scale CFG
parsing can sometimes have a grammar constant in
the thousands.

Si obtenemos un árbol, PARAMOS (hemos encontrado el
árbol de expansión máxima)
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Configuración (estado actual)

pila de palabras seleccionadas y árbol obtenido hasta el
momento
buffer de palabras no seleccionadas todav́ıa

A cada paso, se selecciona una transición para modificar la
configuración

Condición de parada: cuando se ha conseguido llegar a
una configuración final

No backtracking, coste es O(n)

Diferentes conjuntos de posibles transiciones definen diferentes
analizadores: modelo arco-estandar, modelo arco-eager, modelo
basado en intercambio, ...
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4 Análisis de dependencias basado en transiciones
Algoritmo arco-estandar



Processament
del Llenguatge

Humà
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Configuración (S,B,A):

S: pila de palabras seleccionadas
B: buffer de palabras no seleccionadas todav́ıa
A grafo de dependencias construido hasta ahora (no es un
árbol hasta el final)

Configuración inicial: ([ ], [0 . . . n], [ ])

Configuración final: ([0], [ ], A)

Posibles transiciones:

shift (sh): mueve la B[0] a la S
left-arc (la-L): añade un arco etiquetado con L desde S[0]
a S[1] y elimina S[1]
right-arc(ra-L): añade una arco etiquetado con L desde
S[1] a S[0] y elimina S[0]
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Árbol de
dependencias

Análisis de
dependencias

Análisis de
dependencias
basado en
grafos

Análisis de
dependencias
basado en
transiciones

Algoritmo
arco-estandar

Algoritmo arco-estandar. Ejemplo

S B Transición (Oráculo)
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* the woman saw the man with glasses sh

* the woman saw the man with glasses sh
* the woman saw the man with glasses

la-det
* woman saw the man with glasses sh

* woman saw the man with glasses la-subj
* saw the man with glasses sh

* saw the man with glasses sh
* saw the man with glasses la-det

* saw man with glasses ra-dobj
* saw with glasses sh

* saw with glasses sh
* saw with glasses ra-pmod

* saw with ra-madj
* saw ra-root

* stop

* the woman saw the man with glasses

det nsubj

det

dobj

pmod

madjroot



Processament
del Llenguatge

Humà

Árbol de
dependencias

Análisis de
dependencias

Análisis de
dependencias
basado en
grafos

Análisis de
dependencias
basado en
transiciones

Algoritmo
arco-estandar

Algoritmo arco-estandar. Ejemplo

S B Transición (Oráculo)
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Árbol de
dependencias

Análisis de
dependencias

Análisis de
dependencias
basado en
grafos

Análisis de
dependencias
basado en
transiciones

Algoritmo
arco-estandar

Algoritmo arco-estandar. Ejemplo

S B Transición (Oráculo)
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* the woman saw the man with glasses sh

* the woman saw the man with glasses sh
* the woman saw the man with glasses la-det

* woman saw the man with glasses sh
* woman saw the man with glasses la-subj

* saw the man with glasses sh
* saw the man with glasses sh

* saw the man with glasses la-det
* saw man with glasses ra-dobj

* saw with glasses sh
* saw with glasses sh

* saw with glasses ra-pmod
* saw with ra-madj

* saw ra-root
*

stop

* the woman saw the man with glasses

det nsubj det

dobj

pmod

madjroot
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Algoritmo arco-estandar. Ejemplo

S B Transición (Oráculo)
* the woman saw the man with glasses sh

* the woman saw the man with glasses sh
* the woman saw the man with glasses la-det

* woman saw the man with glasses sh
* woman saw the man with glasses la-subj

* saw the man with glasses sh
* saw the man with glasses sh

* saw the man with glasses la-det
* saw man with glasses ra-dobj

* saw with glasses sh
* saw with glasses sh

* saw with glasses ra-pmod
* saw with ra-madj

* saw ra-root
* stop

* the woman saw the man with glasses

det nsubj det

dobj

pmod

madjroot
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Selección automática de la transición

¿Cómo gestionar la ambigüedad? Búsqueda local

Usar aprendizaje automático discriminativo para aprender
un modelo de selección de transiciones

Se obtiene un árbol de dependencias proyectivo que puede
ser subóptimo (a diferencia de los algoritmos basados en
grafos)

Coste O(n)
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Selección automática de la transición

Clasificador: predecir la siguiente transición (clase) dada la
configuración actual

Aprendizaje del modelo de clasificación:

Ejemplos: pares <configuración, transición> derivados de
un treebank
Vector de atributos:

palabra/lema/PoS para S[0], S[1], B[0], B[1]
atributos morfológicos (género, número, modo verbal,
tiempo verbal, etc) en S[0], B[0]
número de hijos en S[0]
etiquetas de dependencia entre S[0] y sus hijos
..etc

Uso de SVM, perceptrones, DT, deep learning, ...
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