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1 Introduction
Dependency parsing has been a topic of active research in natural language processing during the last several years. The CoNLL-2006 shared task [7] made a wide
selection of standardized treebanks for different languages available for the research
community and allowed for easy comparison between various statistical methods on
a standardized benchmark. One of the surprising things discovered by this evaluation is that the best results are achieved by methods which are quite different from
state-of-the-art models for constituent parsing, e.g. the deterministic parsing method
of [36] and the minimum spanning tree parser of [29]. All the most accurate dependency parsing models are fully discriminative, unlike constituent parsing where all
the state-of-the-art methods have a generative component [9, 18, 12]. Another surprising thing is the lack of latent variable models among the methods used in the
shared task. Latent variable models would allow complex features to be induced automatically, which would be highly desirable in multilingual parsing, where manual
feature selection might be very difficult and time consuming, especially for languages unknown to the parser developer.
In this paper we propose a generative latent variable model for dependency parsing. It is based on Incremental Sigmoid Belief Networks (ISBNs), a class of directed
graphical model for structure prediction problems recently proposed in [46], where
they were demonstrated to achieve competitive results on the constituent parsing
task. As discussed in [46], computing the conditional probabilities which we need
for parsing is in general intractable with ISBNs, but they can be approximated efficiently in several ways. In particular, the neural network constituent parsers in [17]
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and [18] can be regarded as coarse approximations to their corresponding ISBN
model.
ISBNs use history-based probability models. The most common approach to handling the unbounded nature of the parse histories in these models is to choose a
pre-defined set of features which can be unambiguously derived from the history
(e.g. [8, 11, 35]). Decision probabilities are then assumed to be independent of all
information not represented by this finite set of features. ISBNs instead use a vector
of binary latent variables to encode the information about the parser history. This
history vector is similar to the hidden state of a Hidden Markov Model. But unlike
the graphical model for an HMM, which specifies conditional dependency edges
only between adjacent states in the sequence, the ISBN graphical model can specify
conditional dependency edges between states which are arbitrarily far apart in the
parse history. The source state of such an edge is determined by the partial output
structure built at the time of the destination state, thereby allowing the conditional
dependency edges to be appropriate for the structural nature of the problem being
modeled. This structure sensitivity is possible because ISBNs are a constrained form
of switching model [31], where each output decision switches the model structure
used for the remaining decisions.
We build an ISBN model of dependency parsing using the parsing order proposed in [35]. However, instead of performing deterministic parsing as in [35], we
use this ordering to define a generative history-based model, by integrating word
prediction operations into the set of parser actions. Then we propose a simple, language independent set of relations which determine how latent variable vectors are
interconnected by conditional dependency edges in the ISBN model. ISBNs also
condition the latent variable vectors on a set of explicit features, which we vary in
the experiments.
In experiments we evaluate both the performance of the ISBN dependency parser
compared to related work, and the ability of the ISBN model to induce complex
history features. Our model achieves state-of-the-art performance on the languages
we test from the CoNLL-2006 shared task, significantly outperforming the model
of [36] on two languages out of three and demonstrating about the same results on
the third. In order to test the model’s feature induction abilities, we train models with
two different sets of explicit conditioning features: the feature set individually tuned
by [36] for each considered language, and a minimal set of local features. These
models achieve comparable accuracy, unlike with the discriminative SVM-based
approach of [36], where careful feature selection appears to be crucial. We also
conduct a controlled experiment where we used the tuned features of [36] but disable
the feature induction abilities of our model by elimination of the edges connecting
latent state vectors. This restricted model achieves far worse results, showing that
it is exactly the capacity of ISBNs to induce history features which is the key to its
success. It also motivates further research into how feature induction techniques can
be exploited in discriminative parsing methods.
We analyze how the relation accuracy changes with the length of the headdependent relation, demonstrating that our model very significantly outperforms the
state-of-the-art baseline of [36] on long dependencies. Additional experiments sug-
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gest that both feature induction abilities and use of the beam search contribute to
this improvement.
We participated with this parser in the CoNLL-2007 shared task on dependency
parsing. The model achieved the third overall results, which were only 0.4% worse
than results of the best participating system. It is also important to note, that it
achieved the best result among single model parsers: the parsers which achieved
better results [16, 33] used combinations of models. We also study parser efficiency
on the datasets from the CoNLL-2007 shared task.
The fact that our model defines a probability model over parse trees, unlike the
previous state-of-the-art methods [36, 29], makes it easier to use this model in applications which require probability estimates, e.g. in language processing pipelines.
Also, as with any generative model, it may be easy to improve the parser’s accuracy by using discriminative retraining techniques [18] or data-defined kernels [20],
with or even without introduction of any additional linguistic features. In addition,
there are some applications, such as language modeling, which require generative
models. Another advantage of generative models is that they do not suffer from the
label bias problems [6], which is a potential problem for conditional or deterministic
history-based models, such as [35].
In the remainder of this paper, we will first review general ISBNs and how they
can be approximated. Then we will define the generative parsing model, based on
the algorithm of [35], and propose an ISBN for this model. The empirical part of the
paper then evaluates both the overall accuracy of this method and the importance of
the model’s capacity to induce features. Additional related work will be discussed
in the last section before concluding.

2 The Latent Variable Architecture
In this section we will begin by briefly introducing the class of graphical models
we will be using, Incremental Sigmoid Belief Networks [46]. ISBNs are designed
specifically for modeling structured data. They are latent variable models which
are not tractable to compute exactly, but two approximations exist which have been
shown to be effective for constituent parsing [46]. Finally, we present how these
approximations can be trained.

2.1 Incremental Sigmoid Belief Networks
An ISBN is a form of Sigmoid Belief Network (SBN) [34]. SBNs are Bayesian
Networks with binary variables and conditional probability distributions in the form:
P(Si = 1|Par(Si )) = σ (

∑

S j ∈Par(Si )

Ji j S j ),
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where Si are the variables, Par(Si ) are the variables which Si depends on (its parents), σ denotes the logistic sigmoid function, and Ji j is the weight for the edge from
variable S j to variable Si in the graphical model. SBNs are similar to feed-forward
neural networks, but unlike neural networks, SBNs have a precise probabilistic semantics for their hidden variables. ISBNs are based on a generalized version of
SBNs where variables with any range of discrete values are allowed. The normalized exponential function (’soft-max’) is used to define the conditional probability
distributions at these nodes.
To extend SBNs for processing arbitrarily long sequences, such as a parser’s
sequence of decisions D1 , ..., Dm , SBNs are extended to a form of Dynamic Bayesian
Network (DBN). In DBNs, a new set of variables is instantiated for each position
in the sequence, but the edges and weights are the same for each position in the
sequence. The edges which connect variables instantiated for different positions
must be directed forward in the sequence, thereby allowing a temporal interpretation
of the sequence.
Incremental Sigmoid Belief Networks [46] differ from simple dynamic SBNs in
that they allow the model structure to depend on the output variable values. Specifically, a decision is allowed to affect the placement of any edge whose destination
is after the decision. This results in a form of switching model [31], where each
decision switches the model structure used for the remaining decisions. The incoming edges for a given position are a discrete function of the sequence of decisions
which precede that position. This makes the ISBN an “incremental” model, not just
a dynamic model. The structure of the model is determined incrementally as the
decision sequence proceeds.
ISBNs are designed to allow the model structure to depend on the output values
without overly complicating the inference of the desired conditional probabilities
P(Dt |D1 , . . . , Dt−1 ), the probability of the next decision given the history of previous decisions. In particular, it is never necessary to sum over all possible model
structures, which in general would make inference intractable.

2.2 Modeling Structures with ISBNs
ISBNs are designed for modeling structured data where the output structure is not
given as part of the input. In dependency parsing, this means they can model the
probability of an output dependency structure when the input only specifies the sequence of words (i.e. parsing). The difficulty with such problems is that the statistical dependencies in the dependency structure are local in the structure, and not
necessarily local in the word sequence. ISBNs allow us to capture these statistical
dependencies in the model structure by having model edges depend on the output
variables which specify the dependency structure. For example, if an output specifies that there is a dependency arc from word wi to word w j , then any future decision
involving w j can directly depend on its head wi . This allows the head wi to be treated
as local to the dependent w j even if they are far apart in the sentence.
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This structurally-defined notion of locality is particularly important for the
model’s latent variables. When the structurally-defined model edges connect latent
variables, information can be propagated between latent variables, thereby providing an even larger structural domain of locality than that provided by single edges.
This provides a potentially powerful form of feature induction, which is nonetheless biased toward a notion of locality which is appropriate for the structure of the
problem, as discussed further in section 4.

2.3 Approximating ISBNs
In [46] we proposed two approximations for inference in ISBNs, both based on
variational methods. The main idea of variational methods [22] is, roughly, to construct a tractable approximate model with a number of free parameters. The values
of the free parameters are set so that the resulting approximate model is as close as
possible to the original graphical model for a given inference problem.
The simplest example of a variational method is the mean field method, which
uses a fully factorized distribution Q(H|V )= ∏i Qi (hi |V ) as the approximate model,
where V are the visible (i.e. known) variables, H = h1 , . . . , hl are the hidden (i.e.
latent) variables, and each Qi is the distribution of an individual latent variable hi .
The free parameters of this approximate model are the means µi of the distributions
Qi .
We proposed two approximate models based on the variational approach in [46].
First, we showed that the neural network of [17] can be viewed as a coarse mean
field approximation of ISBNs, which we call the feed-forward approximation. This
approximation imposes the constraint that the free parameters µi of the approximate
model are only allowed to depend on the distributions of their parent variables. This
constraint increases the potential for a large approximation error, but it significantly
simplifies the computations by allowing all the free parameters to be set in a single
pass over the model.
The second approximation proposed in [46] takes into consideration the fact that,
after each decision is made, all the preceding latent variables should have their
means µi updated. This approximation extends the feed-forward approximation to
account for the most important components of this update. We call this approximation the mean field approximation, because a mean field approximation is applied
to handle the statistical dependencies introduced by the new decisions. This approximation was shown to be a more accurate approximation of ISBNs than the
feed-forward approximation, but to remain tractable. It was also shown to achieve
significantly better accuracy on constituent parsing.
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2.4 Learning
Training these approximations of ISBNs is done to maximize the fit of the approximate models to the data. We use gradient descent, and a regularized maximum likelihood objective function. Gaussian regularization is applied, which is equivalent to
the weight decay standardly used in neural networks. Regularization was reduced
through the course of learning.
Gradient descent requires computing the derivatives of the objective function
with respect to the model parameters. In the feed-forward approximation, this can
be done with the standard Backpropagation learning used with neural networks. For
the mean field approximation, propagating the error all the way back through the
structure of the graphical model requires a more complicated calculation, but it can
still be done efficiently (see [46] for details).

3 The Dependency Parsing Algorithm
The sequences of decisions D1 , ..., Dm which we will be modeling with ISBNs are
the sequences of decisions made by a dependency parser. For this we use the parsing
strategy for projective dependency parsing introduced in [35], which is similar to a
standard shift-reduce algorithm for context-free grammars [3]. It can be viewed as
a mixture of bottom-up and top-down parsing strategies, where left dependencies
are constructed in a bottom-up fashion and right dependencies are constructed topdown. For details we refer the reader to [35]. In this section we briefly describe the
algorithm and explain how we use it to define our history-based probability model.
In this paper, as in the CoNLL-2006 and CoNLL-2007 shared tasks, we consider
labeled dependency parsing. The state of the parser is defined by the current stack S,
the queue I of remaining input words and the partial labeled dependency structure
constructed by previous parser decisions. The parser starts with an empty stack S and
terminates when it reaches a configuration with an empty queue I. The algorithm
uses 4 types of decisions:
1. The decision Left-Arcr adds a dependency arc from the next input word w j to
the word wi on top of the stack and selects the label r for the relation between wi
and w j . Word wi is then popped from the stack.
2. The decision Right-Arcr adds an arc from the word wi on top of the stack to the
next input word w j and selects the label r for the relation between wi and w j .
3. The decision Reduce pops the word wi from the stack.
4. The decision Shiftw j shifts the word w j from the queue to the stack.
Unlike the original definition in [35] the Right-Arcr decision does not shift w j to
the stack. However, the only thing the parser can do after a Right-Arcr decision is
to choose the Shiftw j decision. This subtle modification does not change the actual
parsing order, but it does simplify the definition of our graphical model, as explained
in section 4.
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We use a history-based probability model, which decomposes the probability of
the parse according to the parser decisions:
P(T ) = P(D1 , ..., Dm ) = ∏ P(Dt |D1 , . . . , Dt−1 ),
t

where T is the parse tree and D1 , . . . , Dm is its equivalent sequence of parser decisions. Since we need a generative model, the action Shiftw j also predicts the next
word in the queue I, w j+1 , thus the P(Shi f tw j |D1 , . . . , Dt−1 ) is a probability both of
the shift operation and the word w j+1 conditioned on current parsing history. 1
Instead of treating each Dt as an atomic decision, it is convenient to split it into a
sequence of elementary decisions Dt = d1t , . . . , dnt :
P(Dt |D1 , . . . , Dt−1 ) = ∏ P(dkt |h(t, k)),
k

t . We split Leftwhere h(t, k) denotes the parsing history D1 , . . . , Dt−1 , d1t , . . . , dk−1
Arcr and Right-Arcr each into two elementary decisions: first, the parser decides
to create the corresponding arc, then, it decides to assign a relation r to the arc.
Similarly, we decompose the decision Shiftw j into an elementary decision to shift a
word and a prediction of the word w j+1 . In our experiments we use datasets from the
CoNLL-2006 and CoNLL-2007 shared tasks, which provide additional properties
for each word token, such as its part-of-speech tag and some fine-grain features. This
information implicitly induces word clustering, which we use in our model: first we
predict a part-of-speech tag for the word, then a set of word features, treating feature
combination as an atomic value, and only then a particular word form. This approach
allows us to both decrease the effect of sparsity and to avoid normalization across
all the words in the vocabulary, significantly reducing the computational expense of
word prediction.
To overcome a minor shortcoming of the parsing algorithm of [35] we introduce a
simple language independent post-processing step. Nivre’s parsing algorithm allows
unattached nodes to stay on the stack at the end of parsing, which is reasonable for
treebanks with unlabeled attachment to root. However, this sometimes happens with
languages where only labeled attachment to root is allowed. In these cases (only 35
tokens in Greek, 17 in Czech, 1 in Arabic, on the final testing set of the CoNLL2007 shared task) we attached them using a simple rule: if there are no tokens in the
sentence attached to root, then the considered token is attached to root with the most
frequent root-attachment relation used for its part-of-speech tag. If there are other
root-attached tokens in the sentence, it is attached to the next root-attached token
1 In preliminary experiments, we also considered look-ahead, where the word is predicted earlier
than it appears at the head of the queue I, and “anti-look-ahead”, where the word is predicted
only when it is shifted to the stack S. Early prediction allows conditioning decision probabilities
on the words in the look-ahead and, thus, speeds up the search for an optimal decision sequence.
However, the loss of accuracy with look-ahead was quite significant. The described method, where
a new word is predicted when it appears at the head of the queue, led to the most accurate model
and quite efficient search. The anti-look-ahead model was both less accurate and slower.
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Fig. 1 An ISBN for estimating P(dkt |h(t, k)).

with the most frequent relation. Preference is given to the most frequent attachment
direction for its part-of-speech tag. This rule guarantees that no loops are introduced
by the post-processing.

4 An ISBN for Dependency Parsing
In this section we define the ISBN model we use for dependency parsing. An example of this ISBN for estimating P(dkt |h(t, k)) is illustrated in figure 1. It is organized
′
′
′
into vectors of variables: latent state variable vectors St = st1 , . . . , stn , representing
′
an intermediate state at position t ′ , and decision variable vectors Dt , representing a
decision at position t ′ , where t ′ ≤ t. Variables whose value are given at the current
decision (t, k) are shaded in figure 1, latent and current decision variables are left
unshaded.
′
As illustrated by the edges in figure 1, the probability of each state variable sti
′
(the individual circles in St ) depends on all the variables in a finite set of relevant
previous state and decision vectors, but there are no direct dependencies between
the different variables in a single state vector. We will first discuss the state-tostate statistical dependencies, then the decision-to-state statistical dependencies, and
finally the statistical dependencies to decision variables.
The most important design decision in building an ISBN model is choosing the
finite set of relevant previous state vectors for the current decision. By connecting
to a previous state, we place that state in the local context of the current decision.
This specification of the domain of locality determines the inductive bias of learning with ISBNs. When deciding what information to store in its latent variables,
an ISBN is more likely to choose information which is immediately local to the
current decision. This stored information then becomes local to any following connected decision, where it again has some chance of being chosen as relevant to that
decision. In this way, the information available to a given decision can come from
arbitrarily far away in the chain of interconnected states, but it is much more likely
to come from a state which is relatively local. Thus, we need to choose the set of
local (i.e. connected) states in accordance with our prior knowledge about which
previous decisions are likely to be particularly relevant to the current decision.
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To choose which previous decisions are particularly relevant to the current decision, we make use of the partial dependency structure which has been decided so
far in the parse. Specifically, the current latent state vector is connected to a set of 7
previous latent state vectors (if they exist) according to the following relationships:
1. Input Context: the last previous state with the same queue I.
2. Stack Context: the last previous state with the same stack S.
3. Right Child of Top of S: the last previous state where the rightmost right child
of the current stack top was on top of the stack.
4. Left Child of Top of S: the last previous state where the leftmost left child of the
current stack top was on top of the stack.
5. Left Child of Front of I 2 : the last previous state where the leftmost child of the
front element of I was on top of the stack.
6. Head of Top: the last previous state where the head word of the current stack top
was on top of the stack.
7. Top of S at Front of I: the last previous state where the current stack top was at
the front of the queue.
Each of these 7 relations has its own distinct weight matrix for the resulting edges
in the ISBN, but the same weight matrix is used at each position where the relation
is relevant.
All these relations but the last one are motivated by linguistic considerations. The
current decision is primarily about what to do with the current word on the top of the
stack and the current word on the front of the queue. The Input Context and Stack
Context relationships connect to the most recent states used for making decisions
about each of these words. The Right Child of Top of S relationship connects to a
state used for making decisions about the most recently attached dependent of the
stack top. Similarly, the Left Child of Front of I relationship connects to a state for
the most recently attached dependent of the queue front. The Left Child of Top of S
is the first dependent of the stack top, which is a particularly informative dependent
for many languages. Likewise, the Head of Top can tell us a lot about the stack top,
if it has been chosen already.
A second motivation for including a state in the local context of a decision is
that it might contain information which has no other route for reaching the current
decision. In particular, it is generally a good idea to ensure that the immediately
preceding state is always included somewhere in the set of connected states. This
requirement ensures that information, at least theoretically, can pass between any
two states in the decision sequence, thereby avoiding any hard independence assumptions. The last relation, Top of S at Front of I, is included mainly to fulfill this
requirement. Otherwise, after a Shiftw j operation, the preceding state would not be
selected by any of the relationships.
Each latent variable in the ISBN parser is also conditionally dependent on a set
of explicit features of the parsing history, which are depicted in figure 1 as connections from decision vectors to state vectors. The precise set of explicit features
2

We refer to the head of the queue as the front, to avoid unnecessary ambiguity of the word head
in the context of dependency parsing.
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can be adapted to a particular language. However, as long as these explicit features
include all the new information from the last parser decision, the performance of
the model is not very sensitive to this design choice. This is because the state-tostate connections give ISBNs the ability to induce their own complex features of
the parse history, as discussed above. For the CoNLL-2006 experiments, we tried
different feature sets to validate this hypothesis that the feature set is not very important. For most of the languages in the CoNLL-2007 experiments we used the
set proposed in [36]. However, we had to remove from this set all the lookahead
features to obtain a valid generative history-based model.
′
As indicated in figure 1, the probability of each elementary decision dkt depends
′
both on the current state vector St and on the previously chosen elementary action
′
′
t
t
dk−1 from D . This probability distribution has the form of a normalized exponential:
t′

′
′
t′
P(dkt = d|St , dk−1
)=

Φh(t ′ ,k) (d) e∑ j Wd j s j

′

∑ j Wd ′ j stj

∑d ′Φh(t ′ ,k) (d ′ ) e

,

where Φh(t ′ ,k) is the indicator function of the set of elementary decisions that may
possibly follow the last decision in the history h(t ′ , k), and the Wd j are the weights.
Now it is easy to see why the original decision Right-Arcr [35] had to be decomposed into two distinct decisions: the decision to construct a labeled arc and the
decision to shift the word. Use of this composite Right-Arcr would have required
the introduction of individual parameters for each pair (w, r), where w is an arbitrary
word in the lexicon and r - an arbitrary dependency relation.

5 Searching for the Best Tree
ISBNs define a probability model which does not make any a-priori assumptions of
independence between any decision variables. As we discussed in section 4, the use
of relations based on partial output structure makes it possible to take into account
statistical interdependencies between decisions closely related in the output structure, but separated by multiple decisions in the input structure. This property leads
to exponential complexity for complete search. However, the success of the deterministic parsing strategy using the same parsing order [36], suggests that it should
be relatively easy to find an accurate approximation to the best parse with heuristic
search methods. Unlike [36], we can not use a lookahead in our generative model, as
was discussed in section 3, so a greedy method is unlikely to lead to a good approximation. Instead we use a pruning strategy similar to that described in [17], where
it was applied to a considerably harder search problem: constituent parsing with a
left-corner parsing order.
We apply fixed beam pruning after each decision Shiftw j , because knowledge
of the next word in the queue I helps distinguish unlikely decision sequences. We
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could have used best-first search between Shiftw j operations, but this still leads to
relatively expensive computations, especially when the set of dependency relations
is large. However, most of the word pairs can possibly participate only in a very limited number of distinct relations. Thus, we pursue only a fixed number of relations
r after each Left-Arcr and Right-Arcr operation.
Experiments with a variety of post-shift beam widths confirmed that very small
validation performance gains are achieved with widths larger than 30, and sometimes even a beam of 5 was sufficient. We found also that allowing 5 different relations after each dependency prediction operation was enough that it had virtually no
effect on the validation accuracy. For some experiments for the CoNLL-2007 shared
task we used a larger beam, but as we will discuss in the empirical section, again,
gains were not large.

6 Empirical Evaluation
In this section we evaluate the ISBN model for dependency parsing on three of
the treebanks from the CoNLL-2006 shared task, and on all ten of the languages
from the CoNLL-2007 shared task. Most of this section focuses on the experiments
using the CoNLL-2006 data, but we also report our performance relative to the
other systems which participated in the CoNLL-2007 shared task, and we analyze
the efficiency of the model on this data.
We compare our generative models with the best parsers from the CoNLL-2006
task, including the SVM-based parser of [36] (the MALT parser), which uses the
same parsing algorithm. To test the feature induction abilities of our model we compare results with two feature sets, the feature set tuned individually for each language by [36], and another feature set which includes only obvious local features.
This simple feature set comprises only features of the word on top of the stack S and
the front word of the queue I. We compare the gain from using tuned features with
the similar gain obtained by the MALT parser. To obtain these results we train the
MALT parser with the same two feature sets.3
In order to distinguish the contribution of ISBN’s feature induction abilities from
the contribution of our estimation method and search, we perform another experiment. We use the tuned feature set and disable the feature induction abilities of the
model by removing all the edges between latent variables vectors. Comparison of
this restricted model with the full ISBN model shows how important the feature induction is. Also, comparison of this restricted model with the MALT parser, which
uses the same set of features, indicates whether our generative estimation method
and use of beam search is beneficial.

3

The tuned feature sets were obtained from http://w3.msi.vxu.se/˜nivre/research/MaltParser.html.
We removed lookahead features for ISBN experiments but preserved them for experiments with the
MALT parser. Analogously, we extended simple features with 3 words lookahead for the MALT
parser experiments.

12

Ivan Titov and James Henderson

6.1 Experimental Setup for the CoNLL-2006 Data
For the CoNLL-2006 experiments, we used the CoNLL-2006 distributions of Danish DDT treebank [24], Dutch Alpino treebank [4] and Slovene SDT treebank [14].
The choice of these treebanks was motivated by the fact that they all are freely
distributed and have very different sizes of their training sets: 195,069 tokens for
Dutch, 94,386 tokens for Danish and only 28,750 tokens for Slovene. It is generally
believed that discriminative models win over generative models with a large amount
of training data, so we expected to see a similar trend in our results. Test sets are
about equal and contain about 5,000 scoring tokens.
We followed the experimental setup of the shared task and used all the information provided for the languages: gold standard part-of-speech tags and coarse
part-of-speech tags, word form, word lemma (lemma information was not available
for Danish) and a set of fine-grain word features. As we explained in section 3, we
treated these sets of fine-grain features as an atomic value when predicting a word.
However, when conditioning on words, we treated each component of this composite feature individually, as it proved to be useful on the development set. We used
frequency cutoffs: we ignored any property (e.g., word form, feature or even part-ofspeech tag4 ) which occurs in the training set less than 5 times. Following [36], we
used pseudo-projective transformation they proposed to cast non-projective parsing
tasks as projective.
ISBN models were trained using a small development set taken out from the
training set, which was used for tuning learning parameters and for early stopping.
The sizes of the development sets were: 4,988 tokens for larger Dutch corpus, 2,504
tokens for Danish and 2,033 tokens for Slovene. The MALT parser was trained
always using the entire training set. We expect that the mean field approximation
should demonstrate better results than feed-forward approximation on this task as it
is theoretically expected and confirmed on the constituent parsing task [46]. However, the sizes of testing sets would not allow us to perform any conclusive analysis,
so we decided not to perform these comparisons here. Instead we used the mean
field approximation for the smaller two corpora and used the feed-forward approximation for the larger one. Training the mean field approximations on the larger
Dutch treebank is feasible, but would significantly reduce the possibilities for tuning the learning parameters on the development set and, thus, would increase the
randomness of model comparisons.
All model selection was performed on the development set and a single model of
each type was applied to the testing set. We used a state variable vector consisting
of 80 binary variables, as it proved sufficient on the preliminary experiments. For
the MALT parser we replicated the parameters from [36] as described in detail on
their web site.
The labeled attachment scores for the ISBN with tuned features (TF) and local
features (LF) and ISBN with tuned features and no edges connecting latent variable
4

Part-of-speech tags for multi-word units in the Danish treebank were formed as concatenation of
tags of the words, which led to quite sparse set of part-of-speech tags.
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Table 1 Labeled attachment score on the CoNLL-2006 testing sets of Danish, Dutch and Slovene
treebanks.
Danish Dutch Slovene
ISBN
TF
85.0 79.6 72.9
LF
84.5 79.5 72.4
TF-NA 83.5 76.4 71.7
MALT
TF
85.1 78.2 70.5
LF
79.8 74.5 66.8
MST
84.8 79.2 73.4
Average score
78.3 70.7 65.2

vectors (TF-NA) are presented in table 1, along with results for the MALT parser
both with tuned and local feature, the MST parser [29], and the average score across
all systems in the CoNLL-2006 shared task. The MST parser is included because it
demonstrated the best overall result in the task, non significantly outperforming the
MALT parser, which, in turn, achieved the second best overall result. The labeled
attachment score is computed using the same method as in the CoNLL-2006 shared
task, i.e. ignoring punctuation. Note, that though we tried to completely replicate
training of the MALT parser with the tuned features, we obtained slightly different
results. The original published results for the MALT parser with tuned features were
84.8% for Danish, 78.6% for Dutch and 70.3% for Slovene. The improvement of
the ISBN models (TF and LF) over the MALT parser is statistically significant for
Dutch and Slovene. Differences between their results on Danish are not statistically
significant.

6.2 Discussion of Results on the CoNLL-2006 Data
The ISBN with tuned features (TF) achieved significantly better accuracy than the
MALT parser on 2 languages (Dutch and Slovene), and demonstrated essentially
the same accuracy on Danish. The results of the ISBN are among the two top published results on all three languages, including the best published results on Dutch.
All three models, MST, MALT and ISBN, demonstrate much better results than
the average result in the CoNLL-2006 shared task. These results suggest that our
generative model is quite competitive with respect to the best models, which are
both discriminative.5 We would expect further improvement of ISBN results if we
applied discriminative retraining [18] or reranking with data-defined kernels [20],
even without introduction of any additional features.
We can see that the ISBN parser achieves about the same results with local features (LF). Local features by themselves are definitely not sufficient for the construction of accurate models, as seen from the results of the MALT parser with
5

Note that the development set accuracy predicted correctly the testing set ranking of ISBN TF,
LF and TF-NA models on each of the datasets, so it is fair to compare the best ISBN result among
the three with other parsers.
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Table 2 F1 score of labeled attachment as a function of dependency length on the CoNLL-2006
testing sets of Danish, Dutch and Slovene.
Danish

ISBN
MALT
Dutch
ISBN
MALT
Slovene
ISBN
MALT
Average
ISBN
MALT
Improvement

to root
95.1
95.4
79.8
73.1
76.1
59.9
83.6
76.2
7.5

1
95.7
96.0
92.4
91.9
92.5
92.1
93.5
93.3
0.2

2
90.1
90.8
86.2
85.0
85.6
85.0
87.3
87.0
0.4

3-6
84.1
84.0
81.4
76.2
79.6
78.4
81.7
79.5
2.2

>6
74.7
71.6
71.1
64.3
54.3
47.1
66.7
61.0
5.7

local features (and look-ahead). This result demonstrates that ISBNs are a powerful
model for feature induction.
The results of the ISBN without edges connecting latent state vectors is slightly
surprising and suggest that without feature induction the ISBN is significantly worse
than the best models. This shows that the improvement is coming mostly from the
ability of the ISBN to induce complex features and not from either using beam
search or from the estimation procedure. It might also suggest that generative models are probably worse for the dependency parsing task than discriminative approaches (at least for larger datasets). This motivates further research into methods
which combine powerful feature induction properties with the advantage of discriminative training. Although discriminative reranking of the generative model is likely
to help, the derivation of fully discriminative feature induction methods is certainly
more challenging.
In order to better understand differences in performance between ISBN and
MALT, we analyzed how relation accuracy changes with the length of the headdependent relation. The harmonic mean between precision and recall of labeled
attachment, F1 measure, for the ISBN and MALT parsers with tuned features is
presented in table 2. F1 score is computed for four different ranges of lengths and
for attachments directly to root. Along with the results for each of the languages,
the table includes their mean (Average) and the absolute improvement of the ISBN
model over MALT (Improvement). It is easy to see that accuracy of both models is
generally similar for small distances (1 and 2), but as the distance grows the ISBN
parser starts to significantly outperform MALT, achieving 5.7% average improvement on dependences longer than 6 word tokens. When the MALT parser does not
manage to recover a long dependency, the highest scoring action it can choose is to
reduce the dependent from the stack without specifying its head, thereby attaching
the dependent to the root by default. This explains the relatively low F1 scores for
attachments to root (evident for Dutch and Slovene): though recall of attachment to
root is comparable to that of the ISBN parser (82.4% for MALT against 84.2% for
ISBN, on average over 3 languages), precision for the MALT parser is much worse
(71.5% for MALT against 83.1% for ISBN, on average).
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The considerably worse accuracy of the MALT parser on longer dependencies
might be explained both by use of a non-greedy search method in the ISBN and
the ability of ISBNs to induce history features. To capture a long dependency, the
MALT parser should keep a word on the stack during a long sequence of decision.
If at any point during the intermediate steps this choice seems not to be locally optimal, then the MALT parser will choose the alternative and lose the possibility of the
long dependency.6 By using a beam search, the ISBN parser can maintain the possibility of the long dependency in its beam even when other alternatives seem locally
preferable. Also, long dependencies are often more difficult, and may be systematically different from local dependencies. The designer of a MALT parser needs
to discover predictive features for long dependencies by hand, whereas the ISBN
model can automatically discover them. Thus we expect that the feature induction
abilities of ISBNs have a strong effect on the accuracy of long dependencies. This
prediction is confirmed by the differences between the results of the normal ISBN
(TF) and the restricted ISBN (TF-NA) model. The TF-NA model, like the MALT
parser, is biased toward attachment to root; it attaches to root 12.0% more words on
average than the normal ISBN, without any improvement of recall and with a great
loss of precision. The F1 score on long dependencies for the TF-NA model is also
negatively effected in the same way as for the MALT parser. This confirms that the
ability of the ISBN model to induce features is a major factor in improving accuracy
of long dependencies.

6.3 The CoNLL-2007 Experiments
We also evaluated the ISBN parser on all 10 languages considered in the CoNLL2007 shared task [15, 2, 27, 10, 5, 26, 21, 42, 13, 30, 37]. For these experiments
we used only the simplest feed-forward approximation of an ISBN. We would expect better performance with the more accurate approximation based on variational
inference proposed and evaluated in [46]. We did not try this because, on larger
treebanks it would have taken too long to tune the model with this better approximation, and using different approximation methods for different languages would
not be compatible with the shared task rules.
ISBN models were trained using a small development set taken out from the
training set, which was used for tuning learning and decoding parameters, for early
stopping and very coarse feature engineering. The sizes of the development sets
were different: starting from less than 2,000 tokens for smaller treebanks to 5,000
tokens for the largest one. The relatively small sizes of the development sets limited
our ability to perform careful feature selection, but this should not have significantly
affected the model performance, as suggested by the small difference in scores be6

The MALT parser is trained to keep the word as long as possible: if both Shift and Reduce decisions are possible during training, it always prefers to shift. Though this strategy should generally
reduce the described problem, it is evident from the low precision score for attachment to root, that
it can not completely eliminate it.

16

Ivan Titov and James Henderson

Table 3 Labeled attachment score (LAS) and unlabeled attachment score (UAS) on the final
CoNLL-2007 testing sets
Arabic Basque Catalan Chinese Czech English Greek Hungarian Italian Turkish Average
LAS 74.1 75.5
87.4
82.1 77.9 88.4 73.5
77.9
82.3 79.8
79.90
UAS 83.2 81.9
93.4
87.9 84.2 89.7 81.2
82.2
86.3 86.2
85.62

tween the model with tuned features (TF) and the model with local features (LF)
obtained in the previous set of experiments.7 We used the base feature model defined in [36] for all the languages but Arabic, Chinese, Czech, and Turkish. For
Arabic, Chinese, and Czech, we used the same feature models used in the CoNLL2006 shared task by [36], and for Turkish we used again the base feature model but
extended it with a single feature: the part-of-speech tag of the token preceding the
current top of the stack. We used frequency cutoffs of 20 for Greek and Chinese and
a cutoff of 5 for the rest. Because the threshold value affects the model efficiency,
we selected the larger threshold when validation results with the smaller threshold
were comparable.
Results on the final testing set are presented in table 3. Unlike the 2006 shared
task, in the CoNLL-2007 shared task punctuation tokens were included in evaluation. The model achieves relatively high scores on each individual language, significantly better than each average result in the shared task. This leads to the third best
overall average results in the shared task, both in average labeled attachment score
and in average unlabeled attachment score. The absolute error increase in labeled
attachment score over the best system is only 0.4%. We attribute ISBN’s success
mainly to its ability to automatically induce features, as this significantly reduces
the risk of omitting any important highly predictive features. This makes an ISBN
parser a particularly good baseline when considering a new treebank or language,
because it does not require much effort in feature engineering.
It is also important to note that the model is quite efficient. Figure 2 shows the
tradeoff between accuracy and parsing time as the width of the search beam is varied, on the development set. This curve plots the average labeled attachment score
over Basque, Chinese, English, and Turkish as a function of parsing time per token.8
Accuracy of only 1% below the maximum can be achieved with average processing
time of 17 ms per token, or 60 tokens per second. 9

7

Use of cross-validation with our model is relatively time-consuming and, thus, not quite feasible
for the shared task.
8 A piecewise-linear approximation for each individual language was used to compute the average.
Experiments were run on a standard 2.4 GHz desktop PC.
9 For Basque, Chinese, and Turkish this time is below 7 ms, but for English it is 38 ms. English,
along with Catalan, required the largest beam across all 10 languages. Note that accuracy in the
lowest part of the curve can probably be improved by varying latent vector size and frequency
cut-offs. Also, efficiency was not the main goal during the implementation of the parser, and it is
likely that a much faster implementation is possible.
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7 Related Work
There has not been much previous work on latent variable models for dependency
parsing. Dependency parsing with Dynamic Bayesian Networks was considered
in [38], with limited success. Roughly, the model considered the whole sentence
at a time, with the DBN being used to decide which words correspond to leaves
of the tree. The chosen words are then removed from the sentence and the model
is recursively applied to the reduced sentence. Recently several latent variable
models for constituent parsing have been proposed [23, 28, 41, 43, 39, 25, 40].
In [28, 41, 39, 25, 40] non-terminals in a standard PCFG model are augmented with
latent variables. The best model from this class uses the split-and-merged approach
to discover the appropriate split of non-terminals [39, 40], it demonstrated state-ofthe-art results on constituent parsing. This approach was very recently extended to
dependency parsing [32], the authors proposed transforms of dependency grammars
to CFG grammars annotated with latent variables. However, the resulting parser
does not achieve state-of-the-art accuracy. In [23], an undirected graphical model
for constituent parse reranking uses dependency relations to define the edges. Thus,
it should be easy to apply a similar method to reranking dependency trees.
Undirected graphical models, in particular Conditional Random Fields, are the
standard tools for shallow parsing [45]. However, shallow parsing is effectively a
sequence labeling problem and therefore differs significantly from full parsing. As
discussed in [46], undirected graphical models do not seem to be suitable for historybased parsing models.
Sigmoid Belief Networks (SBNs) were used originally for character recognition
tasks, but later a dynamic modification of this model was applied to the reinforcement learning task [44]. However, their graphical model, approximation method,
and learning method differ significantly from those of this paper. The extension of
dynamic SBNs with incrementally specified model structure (i.e. Incremental Sigmoid Belief Networks, used in this paper) was proposed and applied to constituent
parsing in [46].
Recent work has extended this ISBN model of dependency parsing to joint dependency parsing and semantic role labeling [19]. There, ISBNs are used to model
synchronous derivations of syntactic and semantic structures. Semantic role label
(SRL) structures are specified with a less constrained version of the derivations
discussed here. The incremental nature of these derivations is exploited by syn-
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chronising the two derivations at each word. An ISBN is designed which induces
features which capture statistical dependencies both within each derivation and between derivations. The ISBN is trained as a generative model of these synchronous
derivations, thereby providing an estimate of the joint probability of the syntactic
and semantic structures. The model achieves competitive results despite minimal
feature engineering.

8 Conclusions
We proposed a latent variable dependency parsing model based on Incremental Sigmoid Belief Networks. Unlike state-of-the-art dependency parsers, it uses a generative history-based model. We demonstrated that it achieves state-of-the-art results
on a selection of languages from the CoNLL-2006 shared task, and achieves competitive accuracy on all 10 languages in the CoNLL-2007 shared task. This parser
was ranked third best overall in the CoNLL-2007 shared task, and the best singlemodel system. It uses a vector of latent variables to represent an intermediate state
and uses relations defined on the output structure to construct the edges between
latent state vectors. These properties make it a powerful feature induction method
for dependency parsing, and it achieves competitive results even with very simple
explicit features.
The ISBN model is especially accurate at modeling long dependencies, achieving average improvement of 5.7% over the state-of-the-art baseline on dependences
longer than 6 words. Empirical evaluation demonstrates that competitive results are
achieved mostly because of the ability of the model to induce complex features and
not because of the use of a generative probability model or a specific search method.
This automatic feature induction means that the proposed model requires minimal
design effort, which is highly desirable when using new treebanks or languages.
The parsing time needed to achieve high accuracy is also quite small, making this
model a good candidate for use in practical applications. As with other generative
models, it can be further improved by the application of discriminative reranking
techniques. Discriminative methods are likely to allow it to significantly improve
over the current state-of-the-art in dependency parsing. 10
Acknowledgements This work was funded by Swiss NSF grant 200020-109685, Swiss NSF
Fellowship PBGE22-119276, UK EPSRC grant EP/E019501/1, EU FP6 grant 507802 (TALK
project), and EU FP7 grant 216594 (CLASSiC project).

References
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