
Two Models of Sto
hasti
Dependen
y GrammarJoakim Nivre
1 Introdu
tionOne of the most prominent trends in resear
h on natural language parsing dur-ing the last de
ade has been the development of data-driven methods and inparti
ular the use of sto
hasti
 parsing models (see, e.g., Magerman [18℄, Bod[2, 3℄, Charniak [6, 7℄, Collins [8, 9, 10℄ and Goodman [13℄). Another trend,although perhaps less prominent, has been a growing interest in models basedon dependen
y grammar, exempli�ed by the 
olle
tion of papers in Kahane andPolguère [17℄.In this paper, I will be 
on
erned with the 
ombination of sto
hasti
 parsingand dependen
y grammar. More pre
isely, I will review two di�erent attempts todevelop sto
hasti
 models of dependen
y grammar, namely those of Carroll andCharniak [5℄ and Eisner [11, 12℄. The 
entral 
on
epts of dependen
y grammarare introdu
ed in se
tion 2; the two proposals are dis
ussed in se
tions 3�4; and
on
lusions are drawn in se
tion 5.
2 Dependen
y GrammarBy and large, dependen
y grammar is a rather vague 
on
ept whi
h is probablybest understood as an umbrella term 
overing a large family of grammati
altheories and formalisms that share 
ertain basi
 assumptions about grammati
alstru
ture (see, e.g., Tesnière [25℄, Sgall, Haji
ova and Panevova [23℄, Mel'
uk[19℄, Hudson [15, 16℄, Sleator and Temperley [24℄). Foremost among these is theassumption that synta
ti
 stru
ture 
onsists of lexi
al nodes linked by binaryrelations 
alled dependen
ies. Thus, the 
ommon formal property of dependen
ystru
tures, as 
ompared to the more 
ommon synta
ti
 representations basedon 
onstituen
y (or phrase stru
ture), is the la
k of phrasal nodes.In a dependen
y stru
ture, every lexi
al node ex
ept one is dependent onexa
tly one other lexi
al node, usually 
alled its head or regent, whi
h means thatthe stru
ture 
an be represented as a 
onne
ted graph, with nodes representinglexi
al elements and edges representing dependen
y relations. Normally we alsorequire that the graph does not 
ontain 
y
les, whi
h means that it will infa
t be a rooted tree with the root node representing the head of the senten
e.Figure 1 illustrates the di�eren
e between a phrase stru
ture tree (top) and adependen
y graph (bottom) for the simple English senten
e she bought a 
ar :11There seems to be no general 
onsensus as to whether the edges representing dependen
yrelations should be drawn pointing from heads to dependents or vi
e versa (or indeed witharrowheads at all). In this paper I will adopt the former alternative, whi
h seems most
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Given these basi
 assumptions about dependen
y stru
ture, there are a num-ber of parameters that 
an vary between di�erent dependen
y grammars. Forexample, lexi
al nodes 
an be assumed to represent words, strings of wordsor even parts of words. Dependen
y relations 
an be dire
ted or undire
ted,labeled or unlabeled.Another set of issues 
on
ern the relation between dependen
y stru
ture andword order (or surfa
e realization generally). In many versions of dependen
ygrammar, in
luding the in�uential work of Tesnière [25℄, dependen
y stru
tureis assumed to be independent of surfa
e realization, whi
h means that there isno linear order imposed on the nodes of the dependen
y graph. In other ver-sions, in
luding most dependen
y-based approa
hes to natural language parsing,the nodes of the dependen
y graph are ordered by a linear pre
eden
e relationrepresenting the word order of the senten
e. I will say that the latter kind ofdependen
y graph is linear and the former non-linear. By extension, I will alsotalk about linear and non-linear dependen
y grammars.The distin
tion between linear and non-linear dependen
y grammars is re-lated to, but distin
t from, the more well-known distin
tion between proje
t-ive and non-proje
tive dependen
y grammars. Proje
tivity (sometimes 
alledplanarity) is the requirement that a head and its dependents be realized in sur-fa
e stru
ture as a 
ontinuous string of words, where ea
h individual node is alsorealized as a 
ontinuous string. In a linear dependen
y grammar, this amountsto the requirement that there are no 
rossing edges (whi
h is the motivation forthe term planarity).There is a strong 
orrelation between proje
tivity and linearity in that lin-ear dependen
y grammars tend to assume proje
tivity, whereas non-proje
tivegrammars typi
ally use non-linear dependen
y graphs (and handle surfa
e real-ization in a separate 
omponent of the grammar). But there is no ne
essary
onne
tion, sin
e linear dependen
y graphs with 
rossing edges 
an be used to
onsistent with the assumption that the dependen
y graph forms a rooted tree.
2



represent non-proje
tive surfa
e realization, and non-linear dependen
y graphs
an easily be 
ombined with proje
tive surfa
e realization.If there are many open issues with respe
t to the representation of depend-en
y stru
ture, it is even more un
lear how dependen
y grammars should bede�ned as formal systems. First of all, mu
h of the work on dependen
y gram-mar has been 
arried out in a des
riptive linguisti
 tradition where formalizationis not a 
entral 
on
ern. But also within the more formally oriented 
omputa-tional linguisti
 
ommunity, there seems to be little 
onsensus on the best way toformalize dependen
y grammars. Sometimes they are de�ned as a spe
ial 
aseof 
ontext-free grammars, sometimes they are de�ned in a 
ompletely di�erentframework. This diversity will be apparent also when we turn to the sto
hasti
versions of dependen
y grammar in the following se
tions.
3 Sto
hasti
 Context-Free Dependen
y GrammarA

ording to Carroll and Charniak [5℄ a dependen
y grammar is a 3-tuple(S; V;R), where S is the start symbol, V is a vo
abulary of terminal sym-bols (words), and R is a set of 
ontext-free rewrite rules.2 The rules in R arerestri
ted to the following two forms:� S ! w, where w 2 V� w ! �w�, where w 2 V and �; � are strings of zero or more w0, for w 2 VIn other words, Carroll and Charniak de�ne dependen
y grammars as a spe
ialkind of 
ontext-free grammar G = (N; V;R; S), where the non-terminal alphabetN = fSg [ fw jw 2 V g, and where the produ
tions in R are restri
ted to thefollowing two forms:� S ! w, where w 2 V� w ! �w�, where w 2 V and �; � 2 (N � fSg)�In the following I will say that a grammar satisfying these 
onditions is a 
ontext-free dependen
y grammar (CFDG).The parse trees indu
ed by a 
ontext-free dependen
y grammar are not de-penden
y trees in the usual sense, sin
e they 
ontain nodes labeled with non-terminal symbols. However, it is straightforward to de�ne a mapping from parsetrees to dependen
y trees as follows:� Let � be a parse tree indu
ed by a 
ontext-free dependen
y grammar G.� The 
orresponding dependen
y tree T = Æ(�), where Æ is de�ned as follows:1. If x has the form S�then Æ(x) = Æ(�)2Carroll and Charniak use the symbol N instead of V to denote the terminal vo
abulary.In order to a
hieve 
onsisten
y a
ross se
tions, I have 
hanged the symbols used by the originalauthors whenever ne
essary. 3



2. If x is a leaf node, then Æ(x) = x.3. If x has the form a
a���
������ AAAHHHHHH�1 . . . �m �1 . . . �nthen Æ(x) = a��������� AAAHHHHHHÆ(�1) . . . Æ(�m) Æ(�1) . . . Æ(�n)Under the normal interpretation of parse trees for 
ontext-free grammars, theparse trees indu
ed by a CFDG are equivalent to linear dependen
y trees, sin
ethey en
ode the relative order of dependents both with respe
t to ea
h other andwith respe
t to the head. In order to maintain this property in the mapping out-lined above, we need to distinguish between the left dependents Æ(�1); : : : ; Æ(�m)and the right dependents Æ(�1); : : : ; Æ(�n) of a given head w. Given these as-sumptions, a CFDG may be 
hara
terized as a linear, proje
tive dependen
ygrammar with unlabeled dependen
y relations (
f. se
tion 2).The 
lass of languages LCFD de�nable by a CFDG is a proper subset of the
ontext-free languages LCF. To see that LCFD is a subset of LCF, we only needto 
onsider the fa
t that every CFDG is a 
ontext-free grammar (CFG). Tosee that is a proper subset, we 
onsider the language Labab = fababg over theterminal vo
abulary V = fa; bg, whi
h is 
learly a 
ontext-free language butwhi
h 
annot be generated by a CFDG.� Proposition: There is no CFDG that generates Labab.� Proof: We prove the proposition by demonstrating that any CFDG thatgenerates the string abab must generate an in�nite language. Sin
e Lababis �nite, this establishes the proposition. We begin by noting that if thestring abab is generated by a CFDG G, then it must have a derivation inone of the following four forms:1. S ) a) a�1 �) abab2. S ) b) �2b�2 �) abab3. S ) a) �3a�3 �) abab4. S ) b) �4b �) ababwhere �i; �i 2 (N � fSg)�. Consider the �rst 
ase. Sin
e the terminala 
an only be derived from the nonterminal a, we must have that �1 �)�11a�11. But then we also have that a �) a�11a�11, whi
h means that a isa re
ursive 
ategory and the grammar generates an in�nite set of strings.The remaining three 
ases are analogous, with b being the ne
essarilyre
ursive 
ategory in 
ases 2 and 4. Sin
e one of the four 
ases has to holdfor any CFDG that generates abab, the proposition follows.
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Sin
e the language Labab is in fa
t a regular language, one may ask whetherLCFD 
ontains any languages that are not regular. To show that LCFD does
ontain non-regular languages, we show that there is a CFDG for the languageLanbn = fanbn jn � 1g whi
h is known not to be regular (Hop
roft et al. [14℄).� Let G = (N; V;R; S) be the following CFDG:1. N = fS; a; bg2. V = fa; bg3. R = fS ! a; a! ab; b! ab; b! bg4. S = S� Proposition: L(G) = Lanbn .� Proof: We �rst prove that every string ! 2 Lanbn has a derivation inG by indu
tion on the length of !. If jwj � 2 then ! = ab, whi
h hasthe derivation S ) a ) ab ) ab. If jwj > 2 then ! has the formaw0b, where !0 2 Labab and jw0j < jwj. By the indu
tive hypothesis,S ) a �) w0, whi
h means that there must be a derivation for ! ofthe following form: S ) a ) ab ) aab �) aw0b. We then prove thatevery string ! 2 L(G) is in Lanbn by indu
tion on the number of stepsin the derivation of !. If ! is derived in at most 3 steps, then it musthave the derivation S ) a ) ab ) ab and ab 2 Lanbn . If ! is derivedin n + 2 steps (where n � 2) then the derivation must be of the formS ) a ) ab ) aab �) aw0b, where a �) w0 in n � 1 steps. But thenthere is also a derivation S �) w0 in n steps, and sin
e !0 2 Lanbn (by theindu
tive hypothesis) it follows that ! 2 Lanbn .In sum, we have shown that the 
lass of languages LCFD de�nable by 
ontext-free dependen
y grammars forms a proper subset of the 
ontext-free languagesbut in
ludes languages that are not regular. To further 
hara
terize the 
lassLCFD is a problem that we set aside for further resear
h.The sto
hasti
 dependen
y grammars 
onsidered by Carroll and Charniak[5℄ are simply the standard sto
hasti
 (or probabilisti
) 
ontext-free grammars(Booth [4℄) that result from restri
ting the underlying 
ontext-free grammarsto be 
ontext-free dependen
y grammars in the sense de�ned above. Thus, asto
hasti
 
ontext-free dependen
y grammar (SCFDG) is a 5-tuple (N; V;R; S; P ),where (N; V;R; S) is a CFDG and P is a fun
tion that assigns probabilities tothe produ
tions in R in su
h a way that the following 
onditions hold:� For every nonterminal n 2 N , P� P (n ! �) = 1 (where � ranges overprodu
tions in R with n as their left hand side).� Let ! be a string in L(G), let f�1; : : : ; �mg be the set of parse trees for! a

ording to G, and let [ri1; : : : ; rini ℄ be the bag of rules needed to
onstru
t the parse tree �i in some 
anoni
al way. Then we have thefollowing:1. P (�i) = j=niYj=1 P (rij)
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2. P (!) = i=mXi=1P (�i)In order to assign probabilities also to dependen
y trees, we extend the mappingfrom parse trees to dependen
y trees de�ned earlier as follows:P (Æ(�i)) = P (�i)Although the probabilisti
 model assumed in a SCFDG is the same as in astandard SCFG, the spe
ial form of the underlying CFDG in fa
t eliminatesone of the weaknesses usually attributed to this model, viz. the la
k of lexi
aliz-ation. Sin
e the nonterminal symbols of a CFDG (ex
ept for the start symbol)stand in a one-to-one 
orresponden
e with terminal symbols, 
onditioning ruleprobabilities on the left hand side be
omes equivalent to 
onditioning on lexi
alheads. Moreover, sin
e the nonterminal symbols o

urring in the right handside of the rule are also lexi
alized, the probabilisti
 model of a PCFDG 
an infa
t 
apture dependen
ies between a lexi
al head and its dependen
ies. This isillustrated in Figure 2, whi
h shows a a simple SCFDG, and in Figure 3, whi
hshows the parse tree � and dependen
y tree T = Æ(�) assigned to the string shebought a 
ar by the grammar. The probability of the analysis a

ording to thegrammar is P (�) = P (T ) = 0:125.S ! bought (1.0)bought ! she bought 
ar (0.25)bought ! he bought 
ar (0.25)bought ! she bought bike (0.25)bought ! he bought bike (0.25)she ! she (1.0)he ! he (1.0)
ar ! a 
ar (0.5)
ar ! the 
ar (0.5)bike ! a bike (0.5)bike ! the bike (0.5)a ! a (1.0)the ! the (1.0)Figure 2: Sto
hasti
 CFDG
4 Weighted Bilexi
al Dependen
y GrammarEisner [11℄ presents three di�erent probability models for dependen
y parsing,all of whi
h 
an be viewed as instan
es of the general 
lass of weighted bilexi
aldependen
y grammars de�ned in Eisner [12℄, although I will only dis
uss oneof the models in this paper (model C). I will begin by 
hara
terizing the wider
lass of bilexi
al dependen
y grammars (without weights) and then move on toweighted grammars and in parti
ular model C of Eisner [11℄.A bilexi
al dependen
y grammar (BDG) 
onsists of two elements:
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Figure 3: SCFDG parse tree � (top) and dependen
y tree T = Æ(�) (bottom)
� A vo
abulary V of terminal symbols (words), whi
h 
ontains a distin-guished symbol root.� For ea
h word w 2 V , a pair of deterministi
 �nite-state automata lw andrw. Ea
h automaton a

epts some regular subset of V �.The language L(G) de�ned by a bilexi
al dependen
y grammar G is de�ned asfollows:� A dependen
y tree is a rooted tree whose nodes are labeled with wordsfrom V , and where the root node is labeled with the spe
ial symbol root.The 
hildren of a node are ordered with respe
t to ea
h other and thenode itself, so that the node has both left 
hildren that pre
ede it andright 
hildren that follow it.� A dependen
y tree is grammati
al a

ording to G i� for every word tokenw that appears in the tree, lw a

epts the (possibly empty) sequen
e ofw's left 
hildren (from right to left), and rw a

epts the sequen
e of w'sright 
hildren (from left to right).� A string ! 2 V � is generated by G with analysis T if T is a grammati
aldependen
y tree a

ording to G and listing the node labels of T in in�xorder yields the string ! followed by root; ! is 
alled the yield of T .� The language L(G) is the set of all strings generated by G.Bilexi
al dependen
y grammars are similar in many respe
ts to the 
ontext-free dependen
y grammars 
onsidered in se
tion 3, both being linear, proje
tivedependen
y grammars with unlabeled dependen
y relations. We have alreadyseen that the 
lass LCFD is a subset of the 
lass LCF of 
ontext-free languages,and the same holds for the 
lass LBD of languages de�nable by BDGs.� Proposition: LBD � LCF 7



� Proof: We prove the proposition by showing that for every BDG G thereis a CFG G0 su
h that L(G) = L(G0). Let G be a BDG with vo
abularyV and let G0 = (N; V � frootg; R; S) be a 
ontext-free grammar, whereN = fn jn! � 2 Rg and R is 
onstru
ted as follows:1. For every w 2 V , 
onvert lw and rw to regular grammars with startsymbols wl and wr, respe
tively, making sure that the nonterminalvo
abularies of these regular grammars are mutually disjoint, and
hanging all terminal symbols w to w. The produ
tions of theseregular grammars are in R.32. For every w 2 V � frootg, the produ
tion w ! wlwwr is in R.3. The produ
tion S ! rootl is in R.4Then L(G) = L(G0), the proof of whi
h we leave as the proverbial exer
iseto the reader.However, the exa
t 
hara
terization of LBD and its relation to LCFD depends
ru
ially on what restri
tions (if any) we impose on the automaton lroot de�n-ing the permissible (left) dependents of the spe
ial symbol root 2 V . It seemsin the spirit of dependen
y grammar to require that root always has a single
hild,5 but this requirement is not stated expli
itly in Eisner [12℄. Without therequirement, it seems that LBD may well be a superset of LCFD, sin
e we 
anthen 
onstru
t a BDG for the language Labab shown in se
tion 3 to be out-side LCFD.6 With the requirement, it is 
lear that LBD fails to in
lude somelanguages that are in LCFD, but the 
onverse is also true.� Proposition: LCFD 6� LBD� Proof: Consider the language Lbabj
a
 = fbab; 
a
g over the terminalvo
abulary V = fa; b; 
g.1. We �rst show that there is a CFDG G su
h that L(G) = Lbabj
a
.Let G = (N; V;R; S), where N = fS; a; b; 
}, V = fa; b; 
g, R =fS ! a; a ! bab; a ! 
a
; b ! b; 
 ! 
g, and S = S. It is easy toprove that both bab and 
a
 are generated by G and that any stringgenerated by G is either bab or 
a
.2. We then show that there is no BDG G su
h that L(G) = Lbabj
a
.We do this by proving that any BDG that generates the strings baband 
a
 must also generate other strings. Let G be a BDG thatgenerates bab and 
a
. We assume �rst that the strings bab and 
a
are generated with a as the sole dependent of root. Then it must bethe 
ase that the strings b and 
 are a

epted by both la and ra, whi
himplies that ba
 and 
ab are in L(G). On the other hand, if bab/
a

an be generated with b/
 as the sole dependent of the root, then3Methods for 
onstru
ting a regular grammar from a �nite automaton are des
ribed, forexample, in Partee et al. [21℄ and Aho and Ullman [1℄.4We may safely ignore rootr , sin
e dependen
y trees with right 
hildren to the root arenever grammati
al.5This restri
tion is in line with the requirement for CFDGs that produ
tions with S as theleft hand side are always of the form S ! w.6We simply let lroot de�ne Lbaba (remember that left 
hildren are a

epted right to left)and let all other automata de�ne the empty language.
8



this b/
 must dominate the other b/
 in the dependen
y tree, whi
hentails that babab/
a
a
 is also in L(G). Hen
e, L(G) 6= Lbabj
a
.� Proposition: LBD 6� LCFD� Proof: Consider the language L(
b)ma(b
)n = f(
b)ma(b
)n jm;n � 0gover the terminal vo
abulary V = fa; b; 
g.1. We �rst show that there is a BDG G su
h that L(G) = L(
b)ma(b
)n .The automata of G are given in Figure 4, where lroot = (1), la= ra = (2), and rroot = lb = rb = l
 = r
 = (3). Sin
e everygrammati
al dependen
y tree must have a as the sole dependent ofroot, and sin
e a 
an have zero or more o

urren
es of 
b to the left(remember that left 
hildren are a

epted right to left) and zero ormore o

urren
es of b
 to the left, it is 
lear that L(G) = L(
b)ma(b
)n .2. We then show that there is no CFDGG su
h that L(G) = L(
b)ma(b
)n .We do this by proving that any CFDG that generates strings of theform (
b)ma(b
)n must also generate strings that are not of this form.Let G be a grammar that generates strings of the form (
b)ma(b
)n.Given the 
onstraints on nonterminal symbols and produ
tions in aCFDG, it must be the 
ase thatG 
ontains the produ
tion S ! a anda produ
tion of the form a! n1an2, where n1; n2 2 N , L(n1) = (
b)�and L(n2) = (b
)�. Both n1 and n2 
an be either b or 
 (but noth-ing else), but in either 
ase the grammar must 
ontain the followingprodu
tions:(a) b! b
(b) b! 
b(
) 
! 
b(d) 
! b
First of all, b and 
 has to be mutually re
ursive in order to allowarbitrarily long strings 
ontaining the same number of bs and 
s.Se
ondly, both the left linear and the right linear produ
tions arene
essary in order to allow both sequen
es of 
b and sequen
es of b
.But if G 
ontains all four produ
tions and n1 and n2 must be either bor 
, then G also generates strings of the form (b
)ma(b
)n (and manyother forms that should not be allowed). Hen
e, L(G) 6= L(
b)ma(b
)n .
���� ����
���� ����
����

(1)
(2)
(3)

-
-
-

-
-�
n

n
n

a
b


L(1) = a
L(2) = (b
)�
L(3) = �Figure 4: Automata for BDG G, L(G) = L(
b)ma(b
)n
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We turn now to weighted bilexi
al dependen
y grammars (WBDG), whi
hare de�ned as follows in Eisner [12℄:� A weighted DFA A is a deterministi
 �nite automaton that asso
iates areal-valued weight with ea
h ar
 and ea
h �nal state (Mohri et al. [20℄).Ea
h a

epting path through A is assigned a weight, namely the sum ofall ar
 weights on the path and the weight of the �nal state. Ea
h string! a

epted by A is assigned the weight of its a

epting path.� A weighted bilexi
al dependen
y grammar G is BDG in whi
h all the auto-mata lw and rw are weighted DFAs. The weight of a dependen
y tree Tunder G is de�ned as the sum, over all word tokens w in T , of the weightwith whi
h lw a

epts w's sequen
e of left 
hildren plus the weight withwhi
h rw a

epts w's sequen
e of right 
hildren.Eisner [11℄ presents three di�erent probabilisti
 models for dependen
y parsing,whi
h 
an be re
onstru
ted as di�erent weighting s
hemes within the frameworkof bilexi
al dependen
y grammar. However, the �rst two models (models A andB) require that distinguish between an underlying string ! 2 V �, des
ribed bythe bilexi
al grammar, and a surfa
e string 
, whi
h results from a possiblynondeterministi
, possibly weighted �nite-state transdu
tion R on !. The sur-fa
e string 
 is then grammati
al with analysis (T; P ) if T is a grammati
aldependen
y tree whose yield ! is transdu
ed to 
 along an a

epting path Pin R. To avoid the distin
tion between underlying strings and surfa
e strings,I will 
on
entrate here on model C, whi
h was found to perform signi�
antlybetter than the other two models in the experiments reported in Eisner [11℄.First of all, it should be pointed out that all the models dis
ussed in Eisner[11℄ involve part-of-spee
h tags, in addition to word tokens and dependen
yrelations, and de�ne the joint probability of the words, tags and dependen
ylinks. Model C is de�ned as follows:P (tw(1)� � �tw(n); links) = nYi=1P (l
(i) j tw(i))P (r
(i) j tw(i))where tw(i) is the ith tagged word, and l
(i) and r
(i) are the left and right
hildren of the ith word, respe
tively. The probability of generating ea
h 
hildis 
onditioned on the tagged head word and the tag of the pre
eding 
hild (left
hildren being generated from right to left):P (l
(i) j tw(i)) = mYj=1P (tw(l
j(i)) j t(l
j�1(i)); tw(i))P (r
(i) j tw(i)) = mYj=1P (tw(r
j(i)) j t(r
j�1(i)); tw(i))where l
j(i) is the jth left 
hild of the ith word and t(l
j�1(i)) is the tag ofthe pre
eding left 
hild (and analogously r
j(i) and t(r
j�1(i)) for right 
hil-dren). This model 
an be implemented in the WBDG framework by letting theautomata lw and rw have weights on their ar
s 
orresponding to the log of theprobability of generating a parti
ular left or right 
hild given the tag of the pre-
eding 
hild. In this way, the weight assigned to a dependen
y tree T will be thelog of P (tw(1)� � �tw(n); links) as de�ned above. Figure 5 shows a simple WBDG10



(without part-of-spee
h tags) that generates the string she bought a 
ar withthe same dependen
y tree as in Figure 3 earlier and with the same probability(W (T ) = 3, P (T ) = 0:125).V = froot; bought; she; he; 
ar; bike; a; theg
lroot = ���� ����- - nbought (0) (0)
rroot = ����- n (0)
lbought = ���� ����- -- nshe (1)he (1) (0)
rbought = ���� ����- -- n
ar (1)bike (1) (0)lshe = rrootrshe = rrootlhe = rrootrhe = rroot

l
ar = ���� ����- -- na (1)the (1) (0)r
ar = rrootlbike = l
arrbike = rrootla = rrootra = rrootlthe = rrootrthe = rrootFigure 5: Weighted BDG
Comparing model C from Eisner [11℄ with the SCFDG model examined inse
tion 3, we again �nd that the models are similar but not equivalent. Bothmodels derive the probability of a dependen
y tree from the probability of de-pendents given their head, but Eisner's model assumes that left dependentsare independent of right dependents and that the probability of the dependentsequen
e on ea
h side of the head 
an be modeled by a Markov pro
ess. By
ontrast, in the SCFDG model ea
h distin
t 
on�guration of dependents for agiven head has its own probability, whi
h means that a SCFDG will in generalhave more free parameters than the 
orresponding WBDG.Thus, even in 
ases where it is possible to 
onstru
t a WBDG whi
h is

11



equivalent to a given SCFDG both weakly and strongly, it may not be possibleto 
onstru
t an equivalent sto
hasti
 model. For example, 
onsider the languageL(bj
)a(bj
) = fbab; ba
; 
ab; 
a
g over the terminal vo
abulary V = fa; b; 
g. LetG be a WBDG that generates the four strings of L(bj
)a(bj
) with a as the head inall 
ases, i.e., with the dependen
y trees depi
ted in Figure 6. Now, if P (bab) isgreater than both P (ba
) and P (
ab) a

ording to G, then P (bab) must also begreater than P (
a
). On the other hand, it is easy to 
onstru
t a SCFDG thatindu
es exa
tly the same dependen
y trees, but where it holds that P (
a
) >P (bab) > P (ba
); P (
ab), as is shown in Figure 7.Of 
ourse, this does not ne
essarily mean that the SCFDG model is bettersuited for the analysis of natural language, sin
e a larger number of free para-meters also means that the model is more sensitive to sparse data. In fa
t, theexperi
en
e from treebank parsing seems to indi
ate that a Markov type modelof the expansion of tree nodes is preferable, at least for traditional parse trees(Collins [9, 10℄ and Charniak [6, 7℄). a
b b�� ��a
b 
�� ��a
 b�� ��a
 
�� ��

Figure 6: Dependen
y trees for L(bj
)a(bj
) = fbab; ba
; 
ab; 
a
g
S ! a (1.0)a ! b a b (0.3)a ! b a 
 (0.15)a ! 
 a b (0.15)a ! 
 a 
 (0.4)b ! b (1.0)
 ! 
 (1.0)Figure 7: SCFDG for L(bj
)a(bj
) = fbab; ba
; 
ab; 
a
g
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5 Con
lusionThe two models of sto
hasti
 dependen
y grammar 
ompared in this paperhave many similarities, both being linear, proje
tive dependen
y grammars withunlabeled dependen
y relations. In terms of expressive power, they both 
overa proper subset of the 
ontext-free languages, although not the same subset.Sin
e the 
ontext-free dependen
y grammars of Carroll and Charniak [5℄ useprodu
tions that spe
ify the left and right dependents of a head simultaneously,it is possible to 
apture 
onstraints between dependents (as in the languageLbabj
a
 = fbab; 
a
g). On the other hand, in the bilexi
al dependen
y grammarsof Eisner [12℄, the permissible sequen
es of left and right dependents are de�nedindependently of ea
h other, whi
h means that it is possible to impose di�erent
onstraints on these sequen
es even for arbitrarily long ones (as in the languageL(
b)ma(b
)n = f(
b)ma(b
)n jm;n � 0g). It is an interesting question whi
h ofthese 
apa
ities are best suited to the des
ription of natural languages.Turning to the sto
hasti
 models, it should �rst be noted that whereasSCFDG is based on the standard SCFG model, the WBDG framework is infa
t 
ompatible with a variety of models, three of whi
h are des
ribed in Eisner[11℄. However, if we restri
t the 
omparison to SCFDG and WBDG with Eis-ner's model C, we again �nd that there are great similarities in that both models
apture dependen
ies between heads and their dependents by 
onditioning thelatter on the former.The main di�eren
e is again that SCFDG models ea
h 
on�guration of de-pendents separately, while WBDG instead treats left and right dependents inde-pendently of ea
h other. Moreover, WBDGmodels the generation of dependentson either side of the head as a Markov pro
ess, where ea
h new dependent is
onditioned only on the part-of-spee
h of the pre
eding dependent (and on thehead). The 
onsequen
e of these di�eren
es is that SCFDG is less 
onstrainedin the sense that it 
an model a larger 
lass of probability distributions for agiven set of dependen
y trees. On the other hand, the WBDG model is more�exible and probably better suited for data-driven parsing, given its relativelysmaller number of parameters.Finally, let us note that neither of the two models studied in this paper 
an besaid to exploit the full power of dependen
y grammar and sto
hasti
 modeling.First of all, they do not use the possibility of 
ategorizing dependen
y relations,whi
h allows a more �ne-grained analysis of synta
ti
 stru
ture. Se
ondly, theyare limited to proje
tive dependen
y grammar, although it seems 
lear that
ertain 
onstru
tions in natural language are non-proje
tive in nature. Thirdly,the sto
hasti
 models are limited to relations between heads and their depend-ents, whereas a more sophisti
ated model 
ould take more distant relations intoa

ount and make the relations between heads and dependents sensitive to thekind of dependen
y relation at hand (whi
h in turn requires that dependen
yrelations are 
ategorized).A very interesting proposal in this respe
t is the statisti
al theory of de-penden
y syntax developed by Samuelsson [22℄, whi
h provides a sto
hasti
formalization of non-proje
tive dependen
y grammar in terms of two separatesto
hasti
 pro
esses, a top-down pro
ess generating dependen
y trees and abottom-up pro
ess generating surfa
e strings given dependen
y trees. To 
om-pare this theory with the models dis
ussed in this paper is an interesting proje
tfor the future.
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