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Introduction

We are pleased to present the proceedings of the Workshop on Computationally Hard Problems and
Joint Inference in Speech and Language Processing, held at HLT/NAACL 2006 in New York City, New
York.
Recent work on ranking, sampling and other approximate solutions to natural language processing
problems indicate that researchers are coming back to the hard problems in speech and text, for which
efficient algorithms are not known to exist. In addition, there has been increasing interest in moving
away from systems that make chains of local decisions independently, and instead toward systems that
make multiple decisions jointly using global information. The goal of this workshop is to bring together
researchers working on NLP problems whose solutions are computationally hard—whether because the
problem is not well modeled by only local features, or because the problem is best solved in a joint,
rather than pipelined, manner.
We are grateful to the program committee for providing thoughtful and helpful reviews of the submitted
papers. We also thank our invited speakers, Jeff Bilmes, Chris Manning, Dan Roth, and Giorgio
Satta. Finally, we thank the organizers of the main HLT/NAACL 2006 conference, without which
this workshop would not be possible.
Ryan McDonald, Charles Sutton, Hal Daumé III, Andrew McCallum, Jeff Bilmes, and Fernando Pereira
organizers
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14:25–14:50

Practical Markov Logic Containing First-Order Quantifiers with Application to
Identity Uncertainty
Aron Culotta and Andrew McCallum

14:50–15:30

Invited Talk by Chris Manning

15:30–16:00

Break

16:00–16:25

Re-Ranking Algorithms for Name Tagging
Heng Ji, Cynthia Rudin and Ralph Grishman

ix

Friday, June 9, 2006 (continued)
16:25–17:05

Invited Talk by Dan Roth

x

A Syntax-Directed Translator with Extended Domain of Locality
Liang Huang
Kevin Knight
Aravind Joshi
Dept. of Comp. & Info. Sci.
Info. Sci. Inst.
Dept. of Comp. & Info. Sci.
Univ. of Pennsylvania
Univ. of Southern California
Univ. of Pennsylvania
Philadelphia, PA 19104
Marina del Rey, CA 90292
Philadelphia, PA 19104
lhuang3@cis.upenn.edu
knight@isi.edu joshi@linc.cis.upenn.edu

Abstract

SD translation schema

translation

specifies

(synchronous grammar)

A syntax-directed translator first parses
the source-language input into a parsetree, and then recursively converts the tree
into a string in the target-language. We
model this conversion by an extended treeto-string transducer that have multi-level
trees on the source-side, which gives our
system more expressive power and flexibility. We also define a direct probability model and use a linear-time dynamic
programming algorithm to search for the
best derivation. The model is then extended to the general log-linear framework in order to rescore with other features like n-gram language models. We
devise a simple-yet-effective algorithm to
generate non-duplicate k-best translations
for n-gram rescoring. Initial experimental results on English-to-Chinese translation are presented.

1

(string relation)

induces

implements

SD translator
(source parser + recursive converter)

Figure 1: The relationship among SD concepts,
adapted from (Aho and Ullman, 1972).
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Figure 2: An example of complex reordering represented as an STSG rule, which is beyond any SCFG.
from input string to output string. In this context, an
SD translator consists of two components, a sourcelanguage parser and a recursive converter which is
usually modeled as a top-down tree-to-string transducer (Gécseg and Steinby, 1984). The relationship
among these concepts is illustrated in Fig. 1.
This paper adapts the idea of syntax-directed
translator to statistical machine translation (MT).
We apply stochastic operations at each node of the
source-language parse-tree and search for the best
derivation (a sequence of translation steps) that converts the whole tree into some target-language string
with the highest probability. However, the structural
divergence across languages often results in nonisomorphic parse-trees that is beyond the power of
SCFGs. For example, the S(VO) structure in English
is translated into a VSO word-order in Arabic, an instance of complex reordering not captured by any

Introduction

The concept of syntax-directed (SD) translation
was originally proposed in compiling (Irons, 1961;
Lewis and Stearns, 1968), where the source program
is parsed into a tree representation that guides the
generation of the object code. Following Aho and
Ullman (1972), a translation, as a set of string pairs,
can be specified by a syntax-directed translation
schema (SDTS), which is essentially a synchronous
context-free grammar (SCFG) that generates two
languages simultaneously. An SDTS also induces a
translator, a device that performs the transformation
1
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(a)

SCFG (Fig. 2).
To alleviate the non-isomorphism problem, (synchronous) grammars with richer expressive power
have been proposed whose rules apply to larger fragments of the tree. For example, Shieber and Schabes (1990) introduce synchronous tree-adjoining
grammar (STAG) and Eisner (2003) uses a synchronous tree-substitution grammar (STSG), which
is a restricted version of STAG with no adjunctions.
STSGs and STAGs generate more tree relations than
SCFGs, e.g. the non-isomorphic tree pair in Fig. 2.
This extra expressive power lies in the extended domain of locality (EDL) (Joshi and Schabes, 1997),
i.e., elementary structures beyond the scope of onelevel context-free productions. Besides being linguistically motivated, the need for EDL is also supported by empirical findings in MT that one-level
rules are often inadequate (Fox, 2002; Galley et al.,
2004). Similarly, in the tree-transducer terminology,
Graehl and Knight (2004) define extended tree transducers that have multi-level trees on the source-side.
Since an SD translator separates the sourcelanguage analysis from the recursive transformation,
the domains of locality in these two modules are orthogonal to each other: in this work, we use a CFGbased Treebank parser but focuses on the extended
domain in the recursive converter. Following Galley et al. (2004), we use a special class of extended
tree-to-string transducer (xRs for short) with multilevel left-hand-side (LHS) trees.1 Since the righthand-side (RHS) string can be viewed as a flat onelevel tree with the same nonterminal root from LHS
(Fig. 2), this framework is closely related to STSGs:
they both have extended domain of locality on the
source-side, while our framework remains as a CFG
on the target-side. For instance, an equivalent xRs
rule for the complex reordering in Fig. 2 would be

the gunman was [killed]1 by [the police]2 .
parser ⇓

S

NP-C

(b)

VP

DT

NN

VBD

the

gunman

was

PUNC
VP-C

.

VBN

PP

killed

IN

NP-C

by

r 1 , r2 ⇓

qiangshou

NN

the

police

VP
VBD

(c)

DT

was

VP-C
VBN

PP
◦

killed

IN
by

r3 ⇓

NP-C
DT

NN

the

police

NP-C

(d)

qiangshou

bei

VBN

DT

NN

◦

killed

the

police

r5 ⇓
(e)

qiangshou

bei

[jingfang]2

r4 ⇓
[jibi]1

Figure 3: A synatx-directed translation process for
Example (1).
(1) the gunman was killed by the police .
qiangshou bei
jingfang jibi
◦
[gunman] [passive] [police] [killed] .

S(x1 :NP, VP(x2 :VB, x3 :NP)) → x2 x1 x3

Figure 3 shows how the translator works. The English sentence (a) is first parsed into the tree in (b),
which is then recursively converted into the Chinese
string in (e) through five steps. First, at the root
node, we apply the rule r1 which preserves the toplevel word-order and translates the English period
into its Chinese counterpart:

While Section 3 will define the model formally,
we first proceed with an example translation from
English to Chinese (note in particular that the inverted phrases between source and target):
1
Throughout this paper, we will use LHS and source-side
interchangeably (so are RHS and target-side). In accordance
with our experiments, we also use English and Chinese as the
source and target languages, opposite to the Foreign-to-English
convention of Brown et al. (1993).

(r1 ) S (x1 :NP-C x2 :VP PUNC (.) ) → x1 x2 ◦
2

◦

Then, the rule r2 grabs the whole sub-tree for “the
gunman” and translates it as a phrase:

the packed representation of the forest restricts the
scope of each transfer step to a one-level contextfree rule, while our approach decouples the sourcelanguage analyzer and the recursive converter, so
that the latter can have an extended domain of locality. In addition, our translator also enjoys a speedup by this decoupling, with each of the two stages
having a smaller search space. In fact, the recursive
transfer step can be done by a a linear-time algorithm (see Section 5), and the parsing step is also
fast with the modern Treebank parsers, for instance
(Collins, 1999; Charniak, 2000). In contrast, their
decodings are reported to be computationally expensive and Chiang (2005) uses aggressive pruning to
make it tractable. There also exists a compromise
between these two approaches, which uses a k-best
list of parse trees (for a relatively small k) to approximate the full forest (see future work).
Besides, our model, as being linguistically motivated, is also more expressive than the formally
syntax-based models of Chiang (2005) and Wu
(1997). Consider, again, the passive example in rule
r3 . In Chiang’s SCFG, there is only one nonterminal
X, so a corresponding rule would be

(r2 ) NP-C ( DT (the) NN (gunman) ) → qiangshou
Now we get a “partial Chinese, partial English” sentence “qiangshou VP ◦ ” as shown in Fig. 3 (c). Our
recursion goes on to translate the VP sub-tree. Here
we use the rule r3 for the passive construction:
VP
VBD

(r3 ) was

VP-C
x1 :VBN
IN

PP

→

bei x2 x1

x2 :NP-C

by

which captures the fact that the agent (NP-C, “the
police”) and the verb (VBN, “killed”) are always
inverted between English and Chinese in a passive
voice. Finally, we apply rules r4 and r5 which perform phrasal translations for the two remaining subtrees in (d), respectively, and get the completed Chinese string in (e).

2

Previous Work

h was X(1) by X(2) , bei X(2) X(1) i

It is helpful to compare this approach with recent efforts in statistical MT. Phrase-based models (Koehn
et al., 2003; Och and Ney, 2004) are good at learning local translations that are pairs of (consecutive)
sub-strings, but often insufficient in modeling the reorderings of phrases themselves, especially between
language pairs with very different word-order. This
is because the generative capacity of these models
lies within the realm of finite-state machinery (Kumar and Byrne, 2003), which is unable to process
nested structures and long-distance dependencies in
natural languages.
Syntax-based models aim to alleviate this problem by exploiting the power of synchronous rewriting systems. Both Yamada and Knight (2001) and
Chiang (2005) use SCFGs as the underlying model,
so their translation schemata are syntax-directed as
in Fig. 1, but their translators are not: both systems
do parsing and transformation in a joint search, essentially over a packed forest of parse-trees. To this
end, their translators are not directed by a syntactic tree. Although their method potentially considers more than one single parse-tree as in our case,

which can also pattern-match the English sentence:
I was [asleep]1 by [sunset]2 .
and translate it into Chinese as a passive voice. This
produces very odd Chinese translation, because here
“was A by B” in the English sentence is not a passive construction. By contrast, our model applies
rule r3 only if A is a past participle (VBN) and B
is a noun phrase (NP-C). This example also shows
that, one-level SCFG rule, even if informed by the
Treebank as in (Yamada and Knight, 2001), is not
enough to capture a common construction like this
which is five levels deep (from VP to “by”).
There are also some variations of syntax-directed
translators where dependency structures are used
in place of constituent trees (Lin, 2004; Ding and
Palmer, 2005; Quirk et al., 2005). Although they
share with this work the basic motivations and similar speed-up, it is difficult to specify re-ordering information within dependency elementary structures,
so they either resort to heuristics (Lin) or a separate ordering model for linearization (the other two
3

works).2 Our approach, in contrast, explicitly models the re-ordering of sub-trees within individual
transfer rules.

3

r1
r2

r1
r2

r3

r6
r4

Extended Tree-to-String Tranducers

r4

In this section, we define the formal machinery of
our recursive transformation model as a special case
of xRs transducers (Graehl and Knight, 2004) that
has only one state, and each rule is linear (L) and
non-deleting (N) with regarding to variables in the
source and target sides (henth the name 1-xRLNs).
Definition 1. A 1-xRLNs transducer is a tuple
(N, Σ, ∆, R) where N is the set of nonterminals, Σ
is the input alphabet, ∆ is the output alphabet, and
R is a set of rules. A rule in R is a tuple (t, s, φ)
where:

(a)

r5

r7
r5

(b)

Figure 4: (a) the derivation in Figure 3; (b) another
derviation producing the same output by replacing
r3 with r6 and r7 , which provides another way of
translating the passive construction:
(r6 ) VP ( VBD (was) VP-C (x1 :VBN x2 :PP ) ) → x2 x1
(r7 ) PP ( IN (by) x1 :NP-C ) → bei x1

tree into a target-language string, with each step applying one tranduction rule. However, it can also
be formalized as a tree, following the notion of
derivation-tree in TAG (Joshi and Schabes, 1997):

1. t is the LHS tree, whose internal nodes are labeled by nonterminal symbols, and whose frontier nodes are labeled terminals from Σ or variables from a set X = {x1 , x2 , . . .};

Definition 2. A derivation d, its source and target
projections, noted E(d) and C(d) respectively, are
recursively defined as follows:

2. s ∈ (X ∪ ∆)∗ is the RHS string;
3. φ is a mapping from X to nonterminals N .
We require each variable xi ∈ X occurs exactly once
in t and exactly once in s (linear and non-deleting).
We denote ρ(t) to be the root symbol of tree t.
When writing these rules, we avoid notational overhead by introducing a short-hand form from Galley
et al. (2004) that integrates the mapping into the tree,
which is used throughout Section 1. Following TSG
terminology (see Figure 2), we call these “variable
nodes” such as x2 :NP-C substitution nodes, since
when applying a rule to a tree, these nodes will be
matched with a sub-tree with the same root symbol.
We also define |X | to be the rank of the rule, i.e.,
the number of variables in it. For example, rules r1
and r3 in Section 1 are both of rank 2. If a rule has
no variable, i.e., it is of rank zero, then it is called a
purely lexical rule, which performs a phrasal translation as in phrase-based models. Rule r2 , for instance, can be thought of as a phrase pair hthe gunman, qiangshoui.
Informally speaking, a derivation in a transducer
is a sequence of steps converting a source-language

1. If r = (t, s, φ) is a purely lexical rule (φ = ∅),
then d = r is a derivation, where E(d) = t and
C(d) = s;
2. If r = (t, s, φ) is a rule, and di is a (sub-)
derivation with the root symbol of its source
projection matches the corresponding substitution node in r, i.e., ρ(E(di )) = φ(xi ), then
d = r(d1 , . . . , dm ) is also a derivation, where
E(d) = [xi 7→ E(di )]t and C(d) = [xi 7→
C(di )]s.
Note that we use a short-hand notation [xi 7→ yi ]t
to denote the result of substituting each xi with yi
in t, where xi ranges over all variables in t.
For example, Figure 4 shows two derivations for
the sentence pair in Example (1). In both cases, the
source projection is the English tree in Figure 3 (b),
and the target projection is the Chinese translation.
Galley et al. (2004) presents a linear-time algorithm for automatic extraction of these xRs rules
from a parallel corpora with word-alignment and
parse-trees on the source-side, which will be used
in our experiments in Section 6.

2
Although hybrid approaches, such as dependency grammars augmented with phrase-structure information (Alshawi et
al., 2000), can do re-ordering easily.
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4

Probability Models

where c(r) is the count (or frequency) of rule r in
the training data.

4.1 Direct Model

4.2 Log-Linear Model

Departing from the conventional noisy-channel approach of Brown et al. (1993), our basic model is a
direct one:
c∗ = argmax Pr(c | e)

Following Och and Ney (2002), we extend the direct
model into a general log-linear framework in order
to incorporate other features:

(2)

c

c∗ = argmax Pr(c | e)α · Pr(c)β · e−λ|c|

where e is the English input string and c∗ is the
best Chinese translation according to the translation
model Pr(c | e). We now marginalize over all English parse trees T (e) that yield the sentence e:
X
Pr(τ, c | e)
Pr(c | e) =

where Pr(c) is the language model and e−λ|c| is the
length penalty term based on |c|, the length of the
translation. Parameters α, β, and λ are the weights
of relevant features. Note that positive λ prefers
longer translations. We use a standard trigram model
for Pr(c).

τ ∈T (e)

=

X

Pr(τ | e) Pr(c | τ )

(3)

τ ∈T (e)

5

Rather than taking the sum, we pick the best tree τ ∗
and factors the search into two separate steps: parsing (4) (a well-studied problem) and tree-to-string
translation (5) (Section 5):
τ ∗ = argmax Pr(τ | e)
c

∗

= argmax Pr(c | τ )

(4)

5.1 Direct Model: Memoized Recursion

(5)

Since our probability model is not based on the noisy
channel, we do not call our search module a “decoder” as in most statistical MT work. Instead, readers who speak English but not Chinese can view it as
an “encoder” (or encryptor), which corresponds exactly to our direct model.
Given a fixed parse-tree τ ∗ , we are to search
for the best derivation with the highest probability.
This can be done by a simple top-down traversal
(or depth-first search) from the root of τ ∗ : at each
node η in τ ∗ , try each possible rule r whose Englishside pattern t(r) matches the subtree τη∗ rooted at η,
and recursively visit each descendant node ηi in τη∗
that corresponds to a variable in t(r). We then collect the resulting target-language strings and plug
them into the Chinese-side s(r) of rule r, getting
a translation for the subtree τη∗ . We finally take the
best of all translations.
With the extended LHS of our transducer, there
may be many different rules applicable at one tree
node. For example, consider the VP subtree in
Fig. 3 (c), where both r3 and r6 can apply. As a result, the number of derivations is exponential in the
size of the tree, since there are exponentially many

c

In this sense, our approach can be considered as
a Viterbi approximation of the computationally expensive joint search using (3) directly. Similarly, we
now marginalize over all derivations
D(τ ∗ ) = {d | E(d) = τ ∗ }
that translates English tree τ into some Chinese
string and apply the Viterbi approximation again to
search for the best derivation d∗ :
c∗ = C(d∗ ) = C(argmax Pr(d))

(6)

d∈D(τ ∗ )

Assuming different rules in a derivation are applied independently, we approximate Pr(d) as
Y
Pr(r)
(7)
Pr(d) =
r∈d

where the probability Pr(r) of the rule r is estimated
by conditioning on the root symbol ρ(t(r)):
Pr(r) = Pr(t(r), s(r) | ρ(t(r)))
c(r)
= P
0
r 0 :ρ(t(r 0 ))=ρ(t(r)) c(r )

Search Algorithms

We first present a linear-time algorithm for searching
the best derivation under the direct model, and then
extend it to the log-linear case by a new variant of
k-best parsing.

τ ∈T (e)
∗

(9)

c

(8)
5

decompositions of the tree for a given set of rules.
This problem can be solved by memoization (Cormen et al., 2001): we cache each subtree that has
been visited before, so that every tree node is visited
at most once. This results in a dynamic programming algorithm that is guaranteed to run in O(npq)
time where n is the size of the parse tree, p is the
maximum number of rules applicable to one tree
node, and q is the maximum size of an applicable
rule. For a given rule-set, this algorithm runs in time
linear to the length of the input sentence, since p
and q are considered grammar constants, and n is
proportional to the input length. The full pseudocode is worked out in Algorithm 1. A restricted
version of this algorithm first appears in compiling
for optimal code generation from expression-trees
(Aho and Johnson, 1976). In computational linguistics, the bottom-up version of this algorithm resembles the tree parsing algorithm for TSG by Eisner
(2003). Similar algorithms have also been proposed
for dependency-based translation (Lin, 2004; Ding
and Palmer, 2005).

results in a very small ratio of unique strings among
top-k derivations. To alleviate this problem, determinization techniques have been proposed by Mohri
and Riley (2002) for finite-state automata and extended to tree automata by May and Knight (2006).
These methods eliminate spurious ambiguity by effectively transforming the grammar into an equivalent deterministic form. However, this transformation often leads to a blow-up in forest size, which is
exponential to the original size in the worst-case.
So instead of determinization, here we present a
simple-yet-effective extension to the Algorithm 3 of
Huang and Chiang (2005) that guarantees to output
unique translated strings:
• keep a hash-table of unique strings at each vertex
in the hypergraph
• when asking for the next-best derivation of a vertex, keep asking until we get a new string, and
then add it into the hash-table
This method should work in general for any
equivalence relation (say, same derived tree) that can
be defined on derivations.

5.2 Log-linear Model: k-best Search

6

Under the log-linear model, one still prefers to
search for the globally best derivation d∗ :
d∗ = argmax Pr(d)α Pr(C(d))β e−λ|C(d)|

Experiments

Our experiments are on English-to-Chinese translation, the opposite direction to most of the recent
work in SMT. We are not doing the reverse direction
at this time partly due to the lack of a sufficiently
good parser for Chinese.

(10)

d∈D(τ ∗ )

However, integrating the n-gram model with the
translation model in the search is computationally
very expensive. As a standard alternative, rather
than aiming at the exact best derivation, we search
for top-k derivations under the direct model using
Algorithm 1, and then rerank the k-best list with the
language model and length penalty.
Like other instances of dynamic programming,
Algorithm 1 can be viewed as a hypergraph search
problem. To this end, we use an efficient algorithm by Huang and Chiang (2005, Algorithm 3)
that solves the general k-best derivations problem
in monotonic hypergraphs. It consists of a normal
forward phase for the 1-best derivation and a recursive backward phase for the 2nd, 3rd, . . . , k th derivations.
Unfortunately, different derivations may have the
same yield (a problem called spurious ambiguity),
due to multi-level LHS of our rules. In practice, this

6.1 Data Preparation
Our training set is a Chinese-English parallel corpus
with 1.95M aligned sentences (28.3M words on the
English side). We first word-align them by GIZA++,
then parse the English side by a variant of Collins
(1999) parser, and finally apply the rule-extraction
algorithm of Galley et al. (2004). The resulting rule
set has 24.7M xRs rules. We also use the SRI Language Modeling Toolkit (Stolcke, 2002) to train a
Chinese trigram model with Knesser-Ney smoothing on the Chinese side of the parallel corpus.
Our evaluation data consists of 140 short sentences (< 25 Chinese words) of the Xinhua portion
of the NIST 2003 Chinese-to-English evaluation set.
Since we are translating in the other direction, we
use the first English reference as the source input
and the Chinese as the single reference.
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Algorithm 1 Top-down Memoized Recursion
1: function T RANSLATE(η)
2:
if cache[η] defined then
. this sub-tree visited before?
3:
return cache[η]
4:
best ← 0
5:
for r ∈ R do
. try each rule r
6:
matched, sublist ← PATTERN M ATCH(t(r), η)
. tree pattern matching
7:
if matched then
. if matched, sublist contains a list of matched subtrees
8:
prob ← Pr(r)
. the probability of rule r
9:
for ηi ∈ sublist do
10:
pi , si ← T RANSLATE(ηi )
. recursively solve each sub-problem
11:
prob ← prob · pi
12:
if prob > best then
13:
best ← prob
14:
str ← [xi 7→ si ]s(r)
. plug in the results
15:
cache[η] ← best, str
. caching the best solution for future use
16:
return cache[η]
. returns the best string with its prob.

6.2 Initial Results

Table 1: BLEU (r1n4) score results

We implemented our system as follows: for each input sentence, we first run Algorithm 1, which returns
the 1-best translation and also builds the derivation
forest of all translations for this sentence. Then we
extract the top 5000 non-duplicate translated strings
from this forest and rescore them with the trigram
model and the length penalty.
We compared our system with a state-of-the-art
phrase-based system Pharaoh (Koehn, 2004) on the
evaluation data. Since the target language is Chinese, we report character-based BLEU score instead
of word-based to ensure our results are independent of Chinese tokenizations (although our language models are word-based). The BLEU scores
are based on single reference and up to 4-gram precisions (r1n4). Feature weights of both systems are
tuned on the same data set.3 For Pharaoh, we use the
standard minimum error-rate training (Och, 2003);
and for our system, since there are only two independent features (as we always fix α = 1), we
use a simple grid-based line-optimization along the
language-model weight axis. For a given languagemodel weight β, we use binary search to find the best
length penalty λ that leads to a length-ratio closest

system
Pharaoh
direct model (1-best)
log-linear model (rescored 5000-best)

BLEU
25.5
20.3
23.8

to 1 against the reference. The results are summarized in Table 1. The rescored translations are better
than the 1-best results from the direct model, but still
slightly worse than Pharaoh.
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Conclusion and On-going Work

This paper presents an adaptation of the classic syntax-directed translation with linguisticallymotivated formalisms for statistical MT. Currently
we are doing larger-scale experiments. We are also
investigating more principled algorithms for integrating n-gram language models during the search,
rather than k-best rescoring. Besides, we will extend
this work to translating the top k parse trees, instead
of committing to the 1-best tree, as parsing errors
certainly affect translation quality.

3
In this sense, we are only reporting performances on the
development set at this point. We will report results tuned and
tested on separate data sets in the final version of this paper.
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Abstract
({1,2},2)

This paper presents a series of efficient
dynamic-programming (DP) based algorithms
for phrase-based decoding and alignment
computation in statistical machine translation
(SMT). The DP-based decoding algorithms are
analyzed in terms of shortest path-finding algorithms, where the similarity to DP-based
decoding algorithms in speech recognition is
demonstrated. The paper contains the following original contributions: 1) the DP-based decoding algorithm in (Tillmann and Ney, 2003)
is extended in a formal way to handle phrases
and a novel pruning strategy with increased
translation speed is presented 2) a novel alignment algorithm is presented that computes a
phrase alignment efficiently in the case that it
is consistent with an underlying word alignment. Under certain restrictions, both algorithms handle MT-related problems efficiently
that are generally NP complete (Knight, 1999).
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Figure 1: Illustration of a DP-based algorithm to solve
a traveling salesman problem with cities. The visited
cities correspond to processed source positions.

is carried out in one pass over some input along a specific ’direction’: in speech recognition the search is timesynchronous, the single-word based search algorithm in
(Tillmann et al., 1997) is (source) position-synchronous
or left-to-right, the search algorithm in (Niessen et al.,
1998) is (target) position-synchronous or bottom-to-top,
and the search algorithm in (Tillmann and Ney, 2003) is
so-called cardinality-synchronous.
Taking into account the different word order between
source and target language sentences, it becomes less obvious that a SMT search algorithm can be described as a
shortest path finding algorithm. But this has been shown
by linking decoding to a dynamic-programming solution
for the traveling salesman problem. This algorithm due
to (Held and Karp, 1962) is a special case of a shortest
path finding algorithm (Dreyfus and Law, 1977). The
regularly structured search graph for this problem is illustrated in Fig. 1: all paths from the left-most to the
right-most vertex correspond to a translation of the in-

1 Introduction
This paper deals with dynamic programming based decoding and alignment algorithms for phrase-based SMT.
Dynamic Programming based search algorithms are being used in speech recognition (Jelinek, 1998; Ney et
al., 1992) as well as in statistical machine translation
(Tillmann et al., 1997; Niessen et al., 1998; Tillmann
and Ney, 2003). Here, the decoding algorithms are described as shortest path finding algorithms in regularly
structured search graphs or search grids. Under certain
restrictions, e.g. start and end point restrictions for the
path, the shortest path computed corresponds to a recognized word sequence or a generated target language
translation. In these algorithms, a shortest-path search
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put sentence, where each source position is processed exactly once. In this paper, the DP-based search algorithm
in (Tillmann and Ney, 2003) is extended in a formal way
to handle phrase-based translation. Two versions of a
phrase-based decoder for SMT that search slightly different search graphs are presented: a multi-beam decoder
reported in the literature and a single-beam decoder with
increased translation speed 1 . A common analysis of all
the search algorithms above in terms of a shortest-path
finding algorithm for a directed acyclic graph (dag) is
presented. This analysis provides a simple way of analyzing the complexity of DP-based search algorithm.
Generally, the regular search space can only be fully
searched for small search grids under appropriate restrictions, i.e. the monotonicity restrictions in (Tillmann et
al., 1997) or the inverted search graph in (Niessen et al.,
1998). For larger search spaces as are required for continuous speech recognition (Ney et al., 1992) 2 or phrasebased decoding in SMT, the search space cannot be fully
searched: suitably defined lists of path hypothesis are
maintained that partially explore the search space. The
number of hypotheses depends locally on the number hypotheses whose score is close to the top scoring hypothesis: this set of hypotheses is called the beam.
The translation model used in this paper is a phrasebased model, where the translation units are so-called
blocks: a block is a pair of phrases which are translations of each other. For example, Fig. 2 shows an ArabicEnglish translation example that uses blocks. During
decoding, we view translation as a block segmentation
process, where the input sentence is segmented from left
to right and the target sentence is generated from bottom
to top, one block at a time. In practice, a largely monotone block sequence is generated except for the possibility to swap some neighbor blocks. During decoding, we
try to minimize the score   of a block sequence  
under the restriction that the concatenated source phrases
of the blocks  yield a segmentation of the input sentence:
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Figure 2: An Arabic-English block translation example,
where the Arabic words are romanized. A sequence of
blocks is generated.
This paper is structured as follows: Section 2 introduces the multi-beam and the single-beam DP-based decoders. Section 3 presents an analysis of all the graphbased shortest-path finding algorithm mentioned above:
a search algorithm for a directed acyclic graph (dag).
Section 4 shows an efficient phrasal alignment algorithm
that gives an algorithmic justification for learning blocks
from word-aligned training. Finally, Section 5 presents
an evaluation of the beam-search decoders on an ArabicEnglish decoding task.

2 Beam-Search Decoding Algorithms
In this section, we introduce two beam-search algorithms
for SMT: a multi-beam algorithm and single-beam algorithm. The multi-beam search algorithm is presented first,
since it is conceptually simpler.

 "   # (1)

2.1

Multi-Beam Decoder

For the multi-beam decoder makes use of search states
that are N -tuples of the following type:

Here,  "  
is $ -dimensional feature vector with
real-valued features and  is the corresponding weight
vector as described in Section 5. The fact that a given
block covers some source interval % &'  &( is implicit in this
notation.

%PO

RQTSVU (W#

(2)

Q is the state history, that depends on the block generation
model. In our case, Q X % &  &Y'Z(  % [ \ ( , where  % &  &Y'Z( is
the interval where the most recent block matched the input sentence, and % [ \ ( are the final two target words of
the partial translation produced thus far. O is the so-called
coverage vector that ensures that a consistent block alignment is obtained during decoding and that the decoding

1

The multi-beam decoder is similar to the decoder presented
in (Koehn, 2004) which is a standard decoder used in phrasebased SMT. A multi-beam decoder is also used in (Al-Onaizan
et al., 2004) and (Berger et al., 1996).
2
In that work, there is a distinction between within-word and
between-word search, which is not relevant for phrase-based
decoding where only exact phrase matches are searched.
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Table 1: Multi-beam ( ] -Beam) decoding algorithm,
which is similar to (Koehn, 2004). The decoders differ in
their pruning strategy: here, each state list ^V_ is pruned
only once, whereas the decoder in (Koehn, 2004) prunes
a state list every time a new hypothesis is entered.

Table 2: Single-beam (  -Beam) decoding algorithm (related to (Lowerre and Reddy, 1980)).
input: source sentence with words
^dfhgiWbWj


for each

input: source sentence with words  22  a`
22 2s
^cbedfhgiWbWj and ^Vkldfnm for oprq 
for each  ut  q  a2 as do
Prune state set ^v_
for each state i in ^v_ do
matcher: for each i 'vdwixzy{i '
update i ' for ^ _"|c}~
end
end
output: translation from lowest cost state in ^ `

RQSvU (xy

% O ' RQ ' SVU ' (7#

do

^'cd gWmMj

for each state i in ^ do
if C LOSED ? i then
matcher:
for each i 'vdwixzyi '
else
scanner:
for single i 'vdwixzi '
update i ' for ^'
end
Prune state set ^ '
Swap ^ , ^c'
end
end
output: translation from lowest cost state in ^

can be carried out efficiently. It keeps track of the already
processed input sentence positions. U is the cost of the
shortest path (distance) from some initial state i b to the
current state i . The baseline decoder maintains s q
state lists with entries of the above type, where s is the
number of input words. The states are stored in lists or
stacks that support lookup operations to check whether a
given state tuple is already present in a list and what its
score U is.
The use of a coverage vector O is related to a DP-based
solution for the traveling salesman problem as illustrated
in Fig. 1. The algorithm keeps track of sets of visited
cities along with the identity of the last visited city. Cities
correspond to source sentence positions & . The vertexes
in this graph correspond to set of already visited cities.
Since the traveling salesman problem (and also the translation model) uses only local costs, the order in which
the source positions have been processed can be ignored.
Conceptually, the re-ordering problem is linearized by
searching a path through the set inclusion graph in Fig. 1.
Phrase-based decoding is handle by an almost identical
algorithm: the last visited position & is replaced by an
interval % &'  &( .
The states are stored in lists or stacks that support
lookup operations to check whether a given state tuple is
already present in a list and what its score U is. Extending
the partial block translation that is represented by a state
i with a single block ' generates a new state i ' . Here,
%o  o' ( is the source interval where block ' matches the
input sentence. The state transition is defined as follows:
%O

2a 2s
t  q 

 a2  a`

tor obtained by adding all the positions from the interval %o  oM'f( . The new state history is defined as Q '
<%o  o'f(  % [-' \ ' ( where [' and \ ' are the final two target words of the target phrase ' of ' . Some special
cases, e.g. where ' has less than two target words, are
taken into account. The path cost U ' is computed as U 'R
UU i  i ' , where the transition cost U i  i '<Rd     '
is computed from the history Q and the matching block '
as defined in Section 5.
The decoder in Table 1 fills s q state sets ^vkdeo
a2 as
g t 

j . All the coverage vectors O for states in the set
^Vk cover the same number of source positions o . When
a state set ^vk is processed, the decoder has finished processing all states in the sets ^ } where o . Before expanding a state set, the decoder prunes a state set based on
its coverage vector and the path costs only: two different
pruning strategies are used that have been introduced in
(Tillmann and Ney, 2003): 1) coverage pruning prunes
states that share the same coverage vector O , 2) cardinality pruning prunes states according to the cardinality  O of covered positions: all states in the beam are
compared with each other. Since the states are kept in
s  q separate lists, which are pruned independently of
each others, this decoder version is called multi-beam
decoder. The decoder uses a matcher function when expanding a state: for a state i it looks for uncovered source
positions to find source phrase matches for blocks. Updating a state in Table 1 includes adding the state if it is
not yet present or updating its shortest path cost U : if the

(3)

The i ' state fields are updated on a component-bycomponent basis. O-'O%o  o'f( is the coverage vec-
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state is already in ^V_ only the state with the lower path
cost U is kept. This inserting/updating operation is also
called recombination or relaxation in the context of a
dag search algorithm (cf. Section 3). The update procedure also stores for each state i ' its predecessor state in a
so-called back-pointer array (Ney et al., 1992). The final
block alignment and target translation can be recovered
from this back-pointer array once the final state set ^ `
has been computed. i ' is the source phrase length of
the matching block ' when going from i to i ' . This algorithm is similar to the beam-search algorithm presented
in (Koehn, 2004): it allows states to be added to a stack
that is not the stack for the successor cardinality. i b is the
initial decoder state, where no source position is covered:
`
all source positions are
O¡m . For the final states in ^
covered.
2.2

procedures: the scanner and the matcher correspond to
the state transitions in Eq. 4 and Eq. 5. Here, the matcher
simply matches a block to an uncovered portion of the
input sentence. After the matcher has matched a block,
that block is processed in a cardinality-synchronous way
using the scanner procedure as described above. The
predicate C LOSED §¨i is used to switch between matching and scanning states. The predicate C LOSED §©i is
true if the pointer  is equal to the match end position
o' (this is stored in Q ' ). At this point, the position-byposition match of the source phrase is completed and we
can search for additional block matches.

3 DP Shortest Path Algorithm for dag
This section analyzes the relationship between the block
decoding algorithms in this paper and a single-source
shortest path finding algorithm for a directed acyclic
graphs (dag). We closely follow the presentation in (Cormen et al., 2001) and only sketch the algorithm here: a
dag ª«r¬ 2 is a weighted graph for which a topological sort of its vertex set ¬ exists: all the vertexes can be
enumerated in linear order. For such a weighted graph,
the shortest path from a single source can be computed
in ®e¯f¬T¯  ¯  ¯Z time, where ¯f¬¯ is the number of vertexes and ¯  ¯ number of edges in the graph. The dag
search algorithm runs over all vertexes i in topological
order. Assuming an adjacency-list representation of the
dag, for each vertex i , we loop over all successor vertexes i ' , where each vertex i with its adjacency-list is
processed exactly once. During the search, we maintain
for each vertex i ' an attribute U %i ' ( , which is an upper
bound on the shortest path cost from the source vertex 
to the vertex i ' . This shortest path estimate is updated
or relaxed each time the vertex i ' occurs in some adjacency list. Ignoring the pruning, the ] -Beam decoding
algorithm in Table 1 and the dag search algorithm can be
compared as follows: states correspond to dag vertexes
and state transitions correspond to dag edges. Using two
loops for the multi-beam decoder while generating states
in stages is just a way of generating a topological sort of
the search states on the fly: a linear order of search states
is generated by appending the search states in the state
lists ^ b , ^ , etc. .
The analysis in terms of a dag shortest path algorithm
can be used for a simple complexity analysis of the proposed algorithms. Local state transitions correspond to
an adjacency-list traversal in the dag search algorithm.
These involve costly lookup operations, e.g. language,
distortion and translation model probability lookup. Typically the computation time for update operations on lists
^ is negligible compared to these probability lookups.
So, the search algorithm complexity is simply computed
as the number of edges in the search graph: ®e<¯¬l¯ 
¯  ¯ z°®e¯  ¯ (this analysis is implicit in (Tillmann,

Single-Beam Implementation

The second implementation uses two lists to keep a single
beam of active states. This corresponds to a beam-search
decoder in speech recognition, where path hypotheses
corresponding to word sequences are processed in a timesynchronous way and at a given time step only hypotheses within some percentage of the best hypothesis are
kept (Lowerre and Reddy, 1980). The single-beam decoder processes hypotheses cardinality-synchronously,
i.e. the states at stage o generate new states at position
o  q . In order to make the use of a single beam possible,
we slightly modify the state transitions in Eq. 3:
%O

  R
 QlSVU (¢x

% O  aQSVU (£xzy

% O '   ' RQTSVU ' ( 
% O '   ' ¤o Q ' SvU ' (M#

(4)
(5)

Here, Eq. 5 corresponds to the matcher definition in Eq. 3.
We add an additional field that is a pointer keeping track
of how much of the recent source phrase match has been
covered. In Eq. 5, when a block is matched to the input
sentence, this pointer is set to position k where the most
recent block match starts. We use a dot  to indicate that
when a block is matched, the matching position of the
predecessor state can be ignored. While the pointer  is
not yet equal to the end position of the match o' , it is increased f'd ¥  q as shown in Eq. 4. The path cost U
is set: U ' UT¦ , where ¦ is the state transition cost
U i  i '< divided by the source phrase length of block ' :
we evenly spread the cost of generating ' over all source
positions being matched. The new coverage vector O'
is obtained from O by adding the scanned position  ' :
O-'cuOgM'"j . The algorithm that makes use of the above
definitions is shown in Table 2. The states are stored in
only two state sets ^ and ^' : ^ contains the most probable hypotheses that were kept in the last beam pruning
step all of which cover o source positions. ^c' contains all
the hypotheses in the current beam that cover o  q source
positions. The single-beam decoder in Table 2 uses two
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2001)). Without proof, for the search algorithm in Section 2.1 we observe that the number of states is finite and
that all the states are actually reachable from the start
state iWb . This way for the single-word based search in
(Tillmann
and Ney, 2003), a complexity of ®e<¯¬  ¯ ±  s² 
³ `
is shown, where ¯¬  ¯ is the size of the target vocabulary and s is the length of the input sentence. The
complexity is dominated by the exponential number of
coverage vectors O that occur in the search, and the complexity of phrase-based decoding is higher yet since its
hypotheses store a source interval % &'  &Y( rather than a single source position & . In the general case, no efficient
search algorithm exists to search all word or phrase reorderings (Knight, 1999). Efficient search algorithms can
be derived by the restricting the allowable coverage vectors (Tillmann, 2001) to local word re-ordering only. An
efficient phrase alignment method that does not make use
of re-ordering restriction is demonstrated in the following
section.

Figure 3: Following the definition in Eq. 6, the left picture shows three admissible block links while the right
picture shows three non-admissible block links.
val. ¾W¿ À&  Á is the set of target positions Â such that the
alignment point  Â  &Ã occurs in the alignment set ´ and &
is covered by the source interval  . ¾W¿7À&   Ä is defined
accordingly. Formally, the definitions look like this:
¾M¿7À&   ÁÅ
¾M¿7À&   l
 Å

4 Efficient Block Alignment Algorithm

gc&¯MZÂ  &ÆvÇÈ´

and &lÇzj
and ÂÉÇj

In order to obtain a particularly simple block alignment
algorithm, the allowed block links   l are restricted
by an ADMISSIBILITY restriction, which is defined as follows:

A common approach to phrase-based SMT is to learn
phrasal translation pairs from word-aligned training data
(Och and Ney, 2004). Here, a word alignment ´ is a
subset of the Cartesian product of source and target positions:

   Á is admissible iff

2a ¸
2a 2s
´¶µ·gWq 
j ¹{gWq 
«
j#

¾M¿7À&   lvµh

Here, ¸ is the target sentence length and s is the source
sentence length. The phrase learning approach in (Och
and Ney, 2004) takes two alignments: a source-to-target
alignment ´
and a target-to-source alignment ´ ² . The
intersection of these two alignments is computed to obtain a high-precision word alignment. Here, we note that
if the intersection covers all source and target positions
(as shown in Fig. 4), it constitutes a bijection between
source and target sentence positions, since the intersecting alignments are functions according to their definition
in (Brown et al., 1993) 3 . In this paper, an algorithmic justification for restricting blocks based on word alignments
is given. We assume that source and target sentence are
given, and the task is to compute the lowest scoring block
alignment. Such an algorithm might be important in some
discriminative training procedure that relies on decoding
the training data efficiently.
To restrict the block selection based on word aligned
training data, interval projection functions are defined as
follows 4 :  is a source interval and  is an target inter-

(6)

and ¾W¿7À&  vµ

Admissibility is related to the word re-ordering problem:
for the source positions in an interval  and for the target
positions in an interval  , all word re-ordering involving
these positions has to take place within the block defined
by  and  . Without an underlying alignment ´ each
pair of source and target intervals would define a possible block link: the admissibility reduces the number of
block links drastically. Examples of admissible and nonadmissible blocks are shown in Fig. 3.
If the alignment ´ is a bijection, by definition each target position Â is aligned to exactly one source position &
and vice versa and source and target sentence have the
same length. Because of the admissibility definition, a
target interval clumping alone is sufficient to determine
the source interval clumping and the clump alignment.
In Fig. 4, a bijection word alignment for a sentence pair
that consists of s rÊ source and ¸ rÊ target words is
shown, where the alignment links that yield a bijection
are shown as solid dots. Four admissible block alignments are shown as well. An admissible block alignment
is always guaranteed to exist: the block that covers all
source and target position is admissible by definition. The
underlying word alignment and the admissibility restriction play together to reduce the number of block alignments: out of all eight possible target clumpings, only

3

(Tillmann, 2003) reports an intersection coverage of about
% for Arabic-English parallel data, and a coverage of ¼a½
% for Chinese-English data. In the case of uncomplete coverage, the current algorithm can be extended as described in
Section 4.1.
4
(Och and Ney, 2004) defines the notion of consistency
for the set of phrasal translations that are learned from wordº¨»

gcÂv¯WZÂ  &ÆvÇp´

aligned training data which is equivalent.
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Table 3: Efficient DP-based block alignment algorithm
using an underlying word alignment ´ . For simplicity
reasons, the block score  ' is computed based on the
block identity  ' only.
input: Parallel sentence pair and alignment ´ .
initialization: ËtÌRt S Ë ÂaRhÍ SÎ  Â  Â'RnÍ
for Â  Â'chq  a2 ¸ .
³
for each ÂÏhq   2a ¸ do
Ë ÂaRuÐTÑ Ò Î  Â  Â '  ËT Â ' , where


Î ZÂ  Â'"



S

Figure 5: An example for a block alignment involving
a non-aligned column. The right-most alignment is not
allowed by the closure restriction.

<' if block ' results from admissible

block link    Á , where Xr% Â ' 
traceback:
- find best end hypothesis: Ë ¸

target clumping is generated sequentially from bottomto-top and it induces some source clumping in an order
which is defined by the word alignment.

q  Â(

4.1

Incomplete Bijection Coverage

In this section, an algorithm is sketched that works if
the intersection coverage is not complete. In this case,
a given target interval may produce several admissible
block links since it can be coupled with different source
intervals to form admissible block links, e.g. in Fig. 5, the
target interval % t  q( is linked to two source intervals and
both resulting block links do not violate the admissibility
restriction. The minimum score block translation can be
computed using either the one-beam or the multi-beam
algorithm presented earlier. The search state definition in
Eq. 2 is modified to keep track of the current target position Â the same way as the recursive quantity ËT Âa does
this in the algorithm in Table 3:
%O

Figure 4: Four admissible block alignments in case the
word alignment intersection is a bijection. The block
alignment which covers the whole sentence pair with a
single block is not shown.

(7)

Additionally, a complex block history Q as defined in Section 2 can be used. Before the search is carried out, the set
of admissible block links for each target interval is precomputed and stored in a table where a simple look-up
for each target interval % Â'  Â( is carried out during alignment. The efficiency of the block alignment algorithm
depends on the alignment intersection coverage.

five yield segmentations with admissible block links.
The DP-based algorithm to compute the block sequence
with the highest score ËZÂa is shown in Table 3. Here, the
following auxiliary quantity is used:
ËT Âa :=

QÙ Â SVU (7#

5 Beam-Search Results
In this section, we present results for the beam-search
algorithms introduced in Section 2. The MT03 ArabicEnglish NIST evaluation test set consisting of ÚMÚMN sen³
tences with qÚ $Û Arabic words is used for the experiments. Translation results in terms of uncased BLEU using Ê reference translations are reported in Table 4 and
Table 5 for the single-beam (  -Beam) and the multibeam ( ] -Beam) search algorithm. For all re-ordering
experiments, the notion of skips is used (Tillmann and
Ney, 2003) to restrict the phrase re-ordering: the number
of skips restricts the number of holes in the coverage vector for a left-to-right traversal of the input sentence. All

score of the best partial segmentation
that covers the target interval %fq  Â( .

Target intervals are processed from bottom to top. A
target interval ÓÔ% Â '  Â( is projected using the word
alignment ´ , where a given target interval might not yield
an admissible block. For the initialization, we set Ë Âav
Í and the final score is obtained as ËÖÕ
} ËT ¸ . The
×
complexity of the algorithm is ØT ¸ ² where the time to
compute the cost  <' and the time to compute the interval projections are ignored. Using the alignment links ´ ,
the segmentation problem is essentially linearized: the
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Table 5: Effect of the coverage pruning threshold Ü<Þ on
BLEU and the overall CPU time [secs]. To restrict the
overall search space the cardinality pruning is set to Ü_Ï
³M
qtÆ# t and the cardinality histogram pruning is set to tWt .

Table 4: Effect of the skip parameter for the two search
³

strategies. Ü_Ý
uÚ .
#  Ü<Þr
 qY# t and window width
Skip
0
1
2
3

BLEU
 -Beam
Ê tÃ#$Éßàq# Ê
W
ÊWÊÃ#qÉßàq#
ÊWÊÃ# NÙßàq# Ú
ÊWÊÃ# NÙßàq# Ú

CPU
[secs]
qtMÛ
³

$ á
Ê ÊMtMÛ
W
$ÊMÚÌ$

BLEU
] -Beam
Ê tÃ# áßàq#
W
ÊWÊÃ#qßàq# Ú
ÊWÊÃ# Êßàq# Ú
ÊWÊÃ# ßàq# Ú

CPU
[secs]

Ü Þ

qMqÚ
Ê á
ÛMÊMN$
qtMtWÊMÛ
³

0.001
0.01
0.05
0.1
0.25
0.5
1.0
2.5
5.0

re-ordering takes place in a window of size  Ú , such
that only local block re-ordering is handled.
The following block bigram scoring is used: a
block pair  S <'" with corresponding source phrase
matches <% &  &'Z(  %o  o' ( is represented as a feature-vector
 S  ' âÇ
ã ä . The feature-vector components are
the negative logarithm of some probabilities as well as
a word-penalty feature. The real-valued features include the following: a block translation score derived
from phrase occurrence statistics  qM , a trigram language
³på
model to predict target words 
NÌ , a lexical weighting score for the block internal words ÊÌ , a distortion
Ïå
Ú as well as the negative target phrase length
model 

<$W . The transition cost is computed as    ' à
  Y

Çæã ä is a weight vector that sums
 S '" , where

up to qY# t : ä
Ùçq# t . The weights are trained using a procedure similar to (Och, 2003) on held-out test
data. A block set of áÆ# million blocks, which are not
filtered according to any particular test set is used, which
has been generated by a phrase-pair selection algorithm
similar to (Al-Onaizan et al., 2004). The training data is
sentence-aligned consisting of NÆ# N million training sentence pairs.
Beam-search results are presented in terms of two
pruning thresholds: the coverage pruning threshold Ü Þ
and the cardinality pruning threshold Ü _ (Tillmann and
Ney, 2003). To carry out the pruning, the minimum cost
with respect to each coverage set O and cardinality  are
computed for a state set ^ . For the coverage pruning,
states are distinguished according to the subset of covered positions O . The minimum cost ËÏè éO is defined
as: ËÝè éZOàÐlÑ ÒÆêëg U ¯Á% O 2Q-SU (cÇ^Áj . For the cardinality
pruning, states are distinguished according to the cardinality  O of subsets O of covered positions. The minimum cost Ë è é   is defined for all hypotheses with the
same cardinality  ZOR  : Ë è é   RÐlÑfÒ í"î ì í Ë è é O .
ì ïð

Ü<Þ 

U iòñ

Ü_ 

CPU
[secs]
106
109
139
215
1018
4527
6623
6797
6810

BLEU
] -Beam
Ê tÃ# ß¡qY#
W
ÊqY# tß¡qY#
³
ÊWNÃ# ß¡qY# Ú
³
ÊWÊÃ# ß¡qY# Ú
ÊWÊÃ# Êß¡qY# Ú
ÊWÊÃ# Êß¡qY# Ú
ÊWÊÃ# ß¡qY# Ú
ÊWÊÃ# ß¡qY# Ú
ÊWÊÃ# ß¡qY# Ú

CPU
[secs]
198
213
301
508
1977
6289
8092
8187
8191

the ] -Beam search algorithms. Table 4 shows the effect of the skip size on the translation performance. The
pruning thresholds are set to conservatively large values:
³
Ü _ 
# and Ü Þ óqY# t . Only if no block re-ordering
is allowed ( ¨oYÂ"¾¤Xt ), performance drops significantly.
The  -Beam search is consistently faster than ] -Beam
search algorithm. Table 5 demonstrates the effect of the
coverage pruning threshold. Here, a conservatively large
cardinality pruning threshold of Ü_uôqtÃ# t and the socalled histogram pruning to restrict the overall number
³M
of states in the beam to a maximum number of tMt
are used to restrict the overall search space. The  Beam search algorithm is consistently faster than the ] Beam search algorithm for the same pruning threshold,
but performance in terms of BLEU score drops significantly for lower coverage pruning thresholds Ü<ÞàtÃ# as
a smaller portion of the overall search space is searched
which leads to search errors. For larger pruning thresholds Ü Þõ tÆ# , where the performance of the two algorithms in terms of BLEU score is nearly identical, the
 -Beam algorithm runs significantly faster. For a coverage threshold of Ü Þ tÆ#Zq , the  -Beam algorithm is as
fast as the ] -Beam algorithm at Ü<ÞÈtÃ# tÌq , but obtains a
³
significantly higher BLEU score of Ê # Ú versus ÊÌq# t for
the ] -Beam algorithm. The results in this section show
that the  -Beam algorithm generally runs faster since the
beam search pruning is applied to all states simultaneously making more efficient use of the beam search concept.

States i in ^ are pruned if the shortest path cost U i is
greater than the minimum cost plus the pruning threshold:
U iòñ

BLEU
 -Beam
N $Y# ßàq# Ê

NWÛÃ# Nßàq# Ê
ÊWtÃ#$ßàq#
³
Ê # Úßàq#
ÊWÊÃ#qßàq# Ú
ÊWÊÃ# Nßàq# Ú
ÊWÊÃ# Nßàq# Ú
ÊWÊÃ# Nßàq# Ú
ÊWÊÃ# Nßàq# Ú

6 Discussion

ËÏ
è éO

ËÏ
è é

The decoding algorithm shown here is most similar to
the decoding algorithms presented in (Koehn, 2004) and
(Och and Ney, 2004), the later being used for the Alignment Template Model for SMT. These algorithms also

The same state set pruning is used for the  -Beam and
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Stuart E. Dreyfus and Averill M. Law. 1977. The Art
and Theory of Dynamic Programming (Mathematics in
Science and Engineering; vol. 130). Acadamic Press,
New York, N.Y.

include an estimate of the path completion cost which
can easily be included into this work as well ((Tillmann,
2001)). (Knight, 1999) shows that the decoding problem
for SMT as well as some bilingual tiling problems are
NP-complete, so no efficient algorithm exists in the general case. But using DP-based optimization techniques
and appropriate restrictions leads to efficient DP-based
decoding algorithms as shown in this paper.
The efficient block alignment algorithm in Section 4 is
related to the inversion transduction grammar approach to
bilingual parsing described in (Wu, 1997): in both cases
the number of alignments is drastically reduced by introducing appropriate re-ordering restrictions. The listbased decoding algorithms can also be compared to an
Earley-style parsing algorithm that processes list of parse
states in a single left-to-right run over the input sentence.
For this algorithm, the comparison in terms of a shortestpath algorithm is less obvious: in the so-called completion step the parser re-visits states in previous stacks. But
it is interesting to note that there is no multiple lists variant of that parser. In phrase-based decoding, a multiple
list decoder is feasible only because exact phrase matches
occur. A block decoding algorithm that would allow for
a ’fuzzy’ match of source phrases, e.g. insertions or deletions of some source phrase words are allowed, would
need to carry out its computations using two stacks since
the match end of a block is unknown.

Held and Karp. 1962. A Dynamic Programming Approach to Sequencing Problems. SIAM, 10(1):196–
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Fred Jelinek. 1998. Statistical Methods for Speech
Recognition. The MIT Press, Cambridge, MA.
Kevin Knight. 1999. Decoding Complexity in WordReplacement Translation Models. CL, 25(4):607–615.
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Abstract

trial and error with different hyper-parameter values
and types of features.
In the present work, we make progress towards
overcoming these obstacles. We propose a flexible,
well-integrated method for training discriminative
parsers, demonstrating techniques that might also
be useful for other structured learning problems.
The learning algorithm projects the hand-provided
atomic features into a compound feature space and
performs incremental feature selection from this
large feature space. We achieve higher accuracy than
a generative baseline, despite not using the standard
trick of including an underlying generative model.
Our training regime does model selection without
ad-hoc smoothing or frequency-based feature cutoffs, and requires no heuristics to optimize the single
hyper-parameter.
We discuss the computational challenges we overcame to build this parser. The main difficulty is that
the training data fit in memory only using an indirect
representation,1 so the most costly operation during
training is accessing the features of a particular example. We show how to train a parser effectively under these conditions. We also show how to speed up
training by using a principled sampling method to
estimate the loss gradients used in feature selection.
§2 describes the parsing algorithm. §3 presents
the learning method and techniques used to reduce
training time. §4 presents experiments with discriminative parsers built using these methods. §5 dis-

This paper presents a discriminative
parser that does not use a generative
model in any way, yet whose accuracy still surpasses a generative baseline. The parser performs feature selection incrementally during training, as opposed to a priori, which enables it to
work well with minimal linguistic cleverness. The main challenge in building this
parser was fitting the training data into
memory. We introduce gradient sampling,
which increased training speed 100-fold.
Our implementation is freely available at
http://nlp.cs.nyu.edu/parser/.

1

Introduction

Discriminative machine learning methods have improved accuracy on many NLP tasks, including
POS-tagging, shallow parsing, relation extraction,
and machine translation. However, only limited advances have been made on full syntactic constituent
parsing. Successful discriminative parsers have used
generative models to reduce training time and raise
accuracy above generative baselines (Collins &
Roark, 2004; Henderson, 2004; Taskar et al., 2004).
However, relying upon information from a generative model might limit the potential of these approaches to realize the accuracy gains achieved by
discriminative methods on other NLP tasks. Another
difficulty is that discriminative parsing approaches
can be very task-specific and require quite a bit of

1
Similar memory limitations exist in other large-scale NLP
tasks. Syntax-driven SMT systems are typically trained on
an order of magnitude more sentences than English parsers,
and unsupervised estimation methods can generate an arbitrary
number of negative examples (Smith & Eisner, 2005).
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cusses possible issues in scaling to larger example
sets.

3

2

From each training inference i ∈ I we generate the
tuple hX(i), y(i), b(i)i. X(i) is a feature vector describing i, with each element in {0, 1}. The observed
y-value y(i) ∈ {−1, +1} is determined by whether i
is a correct inference or not. Some training examples might be more important than others, so each is
given an initial bias b(i) ∈ R+ .
Our goal during training is to induce a real-valued
inference scoring function (hypothesis) h(i; α),
which is a linear model parameterized by a vector
α of reals:
X
h(i; α) = α · X(i) =
α f · X f (i)
(2)

3.1

Parsing Algorithm

The following terms will help to explain our work.
A span is a range over contiguous words in the input. Spans cross if they overlap but neither contains
the other. An item is a (span, label) pair. A state is a
partial parse, i.e. a set of items, none of whose spans
cross. A parse inference is a (state, item) pair, i.e. a
state and a (consequent) item to be added to it. The
frontier of a state consists of the items with no parents yet. The children of an inference are the frontier
items below the item to be inferred, and the head of
an inference is the child item chosen by head rules
(Collins, 1999, pp. 238–240). A parse path is a sequence of parse inferences. For some input sentence
and training parse tree, a state is correct if the parser
can infer zero or more additional items to obtain the
training parse tree and an inference is correct if it
leads to a correct state.
Now, given input sentence s we compute:


X 
p̂ = arg min  l(i)
(1)
p∈P(s)

General Setting

f

Each f is a feature. The sign of h(i; α) predicts the
y-value of i and the magnitude gives the confidence
in this prediction.
The training procedure optimizes α to minimize
the expected risk R:
R(I; α) = L(I; α) + Ω(α)

(3)

In principle, L can be any loss function, but in the
present work we use the log-loss (Collins et al.,
2002):
X
X
L(I; α) =
l(i; α) =
b(i) · σ(µ(i; α))
(4)

i∈p

where P(s) are possible parses of the sentence, and
the loss (or cost) l of parse p is summed over the
inferences i that lead to the parse. To find p̂, the
parsing algorithm considers a sequence of states.
The initial state contains terminal items, whose labels are the POS tags given by Ratnaparkhi (1996).
The parser considers a set of (bottom-up) inferences
at each state. Each inference results in a successor
state to be placed on the agenda. The loss function
l can consider arbitrary properties of the input and
parse state,2 which precludes a tractable dynamic
programming solution to Equation 1. Therefore, we
do standard agenda-based parsing, but instead of
items our agenda stores entire states, as per more
general best-first search over parsing hypergraphs
(Klein & Manning, 2001). Each time we pop a state
from the agenda, l computes a loss for the bottomup inferences generated from that state. If the loss
of the popped state exceeds that of the current best
complete parse, search is done and we have found
the optimal parse.
2

Training Method

i∈I

i∈I

where:
σ(µ) = ln(1 + exp(−µ))

(5)

and the margin of inference i under the current
model α is:
µ(i; α) = y(i) · h(i; α)

(6)

For a particular choice of α, l(i) in Equation 1 is
computed according to Equation 4 using y(i) = +1
and b(i) = 1.
Ω(α) in Equation 3 is a regularizer, which penalizes overly complex models to reduce overfitting and
generalization error. We use the `1 penalty:
X
Ω(α) =
λ · |α f |
(7)
f

where λ is the `1 parameter that controls the strength
of the regularizer. This choice of objective R is motivated by Ng (2004), who suggests that, given a

I.e. we make no context-free assumptions.
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Listing 1 Training algorithm.
1: procedure T(I)
2:
ensemble ← ∅
3:
h(i) ← 0 for all i ∈ I
4:
for T = 1 . . . ∞ do
5:
S ← priority sample I
6:
extract X(i) for all i ∈ S
7:
build decision tree t using S
8:
percolate every i ∈ I to a leaf node in t
9:
for each leaf f in t do
10:
choose α f to minimize R
11:
add α f to h(i) for all i in this leaf

learning setting where the number of irrelevant features is exponential in the number of training examples, we can nonetheless learn effectively by building decision trees to minimize the `1 -regularized
log-loss. Conversely, Ng (2004) suggests that most
of the learning algorithms commonly used by discriminative parsers will overfit when exponentially
many irrelevant features are present.3
Learning over an exponential feature space is the
very setting we have in mind. A priori, we define
only a set A of simple atomic features (see §4).
However, the learner induces compound features,
each of which is a conjunction of possibly negated
atomic features. Each atomic feature can have three
values (yes/no/don’t care), so the size of the compound feature space is 3|A| , exponential in the number of atomic features. It was also exponential in
the number of training examples in our experiments
(|A| ≈ |I|).
We use an ensemble of confidence-rated decision trees (Schapire & Singer, 1999) to represent h.4
Each node in a decision tree corresponds to a compound feature, and the leaves of the decision trees
keep track of the parameter values of the compound
features they represent. To score an inference using
a decision tree, we percolate the inference down to
a leaf and return that leaf’s confidence. The overall
score given to an inference by the whole ensemble
is the sum of the confidences returned by the trees in
the ensemble.
3.2

termine the accuracy of the parser on a held-out development set using the previous λ value (before it
was decreased), and can stop training when this accuracy plateaus. In this way, instead of choosing the
best λ heuristically, we can optimize it during a single training run (Turian & Melamed, 2005).
Our strategy for optimizing α to minimize the objective R (Equation 3) is a variant of steepest descent
(Perkins et al., 2003). Each training iteration has
several steps. First, we choose some new compound
features that have high magnitude gradient with respect to the objective function. We do this by building a new decision tree, whose leaves represent the
new compound features.5 Second, we confidencerate each leaf to minimize the objective over the examples that percolate down to that leaf. Finally, we
append the decision tree to the ensemble and update parameter vector α accordingly. In this manner,
compound feature selection is performed incrementally during training, as opposed to a priori.
To build each decision tree, we begin with a root
node, and we recursively split nodes by choosing a
splitting feature that will allow us to decrease the
objective. We have:
∂L(I; α) X ∂l(i; α) ∂µ(i; α)
=
·
(8)
∂α f
∂µ(i; α)
∂α f
i∈I

Boosting `1 -Regularized Decision Trees

Listing 1 presents our training algorithm. (Sampling
will be explained in §3.3. Until then, assume that
the sample S is the entire training set I.) At the beginning of training, the ensemble is empty, α = 0,
and the `1 parameter λ is set to ∞. We train until the
objective cannot be further reduced for the current
choice of λ. We then relax the regularization penalty
by decreasing λ and continuing training. We also de-

where:

∂µ(i; α)
= y(i) · X f (i)
(9)
∂α f
We define the weight of an example under the current model as:
∂l(i; α)
1
w(i; α) = −
= b(i) ·
. (10)
∂µ(i; α)
1 + exp(µ(i; α))

3

including the following learning algorithms:
• unregularized logistic regression
• logistic regression with an `2 penalty (i.e. a Gaussian prior)
• SVMs using most kernels
• multilayer neural nets trained by backpropagation
• the perceptron algorithm
4
Turian and Melamed (2005) show that that decision trees applied to parsing have higher accuracy and training speed than
decision stumps.

5
Any given compound feature can appear in more than one
tree.
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and:

3.3
ȳ
W f (I; α)

X

=

w(i; α)

(11)

Building a decision tree using the entire example set
I can be very expensive, which we will demonstrate
in §4.2. However, feature selection can be effective
even if we don’t examine every example. Since the
weight of high-margin examples can be several orders of magnitude lower than that of low-margin examples (Equation 10), the contribution of the highmargin examples to feature weights (Equation 11)
will be insignificant. Therefore, we can ignore most
examples during feature selection as long as we have
good estimates of feature weights, which in turn give
good estimates of the loss gradients (Equation 12).
As shown in Step 1.5 of Listing 1, before building
each decision tree we use priority sampling (Duffield
et al., 2005) to choose a small subset of the examples according to the example weights given by
the current classifier, and the tree is built using only
this subset. We make the sample small enough that
its entire atomic feature matrix will fit in memory.
To optimize decision tree building, we compute and
cache the sample’s atomic feature matrix in advance
(Step 1.6).
Even if the sample is missing important information in one iteration, the training procedure is capable of recovering it from samples used in subsequent
iterations. Moreover, even if a sample’s gain estimates are inaccurate and the feature selection step
chooses irrelevant compound features, confidence
updates are based upon the entire training set and
the regularization penalty will prevent irrelevant features from having their parameters move away from
zero.

i∈I
X f (i)=1,y(i)=ȳ

Combining Equations 8–11 gives:6
∂L
+1
= W −1
f − Wf
∂α f
We define the gain G f of feature f as:
!
∂L
−λ
G f = max 0,
∂α f

(12)

(13)

Equation 13 has this form because the gradient of the
penalty term is undefined at α f = 0. This discontinuity is why `1 regularization tends to produce sparse
models. If G f = 0, then the objective R is at its minimum with respect to parameter α f . Otherwise, G f
is the magnitude of the gradient of the objective as
we adjust α f in the appropriate direction.
The gain of splitting node f using some atomic
feature a is defined as
Ǧ f (a) = G f ∧a + G f ∧¬a

(14)

We allow node f to be split only by atomic features
a that increase the gain, i.e. Ǧ f (a) > G f . If no such
feature exists, then f becomes a leaf node of the decision tree and α f becomes one of the values to be
optimized during the parameter update step. Otherwise, we choose atomic feature â to split node f :
â = arg max Ǧ f (a)

Sampling for Faster Feature Selection

(15)

a∈A

This split creates child nodes f ∧ â and f ∧ ¬â. If no
root node split has positive gain, then training has
converged for the current choice of `1 parameter λ.
Parameter update is done sequentially on only the
most recently added compound features, which correspond to the leaves of the new decision tree. After
the entire tree is built, we percolate examples down
to their appropriate leaf nodes. We then choose for
each leaf node f the parameter α f that minimizes the
objective R over the examples in that leaf. Decision
trees ensure that these compound features are mutually exclusive, so they can be directly optimized
independently of each other using a line search over
the objective R.

3.4

The Training Set

Our training set I contains all inferences considered
in every state along the correct path for each goldstandard parse tree (Sagae & Lavie, 2005).7 This
method of generating training examples does not require a working parser and can be run prior to any
training. The downside of this approach is that it
minimizes the error of the parser at correct states
only. It does not account for compounded error or
teach the parser to recover from mistakes gracefully.

6
Since α is fixed during a particular training iteration and I is
fixed throughout training, we omit parameters (I; α) henceforth.

7
Since parsing is done deterministically right-to-left, there can
be no more than one correct inference at each state.
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Turian and Melamed (2005) observed that uniform example biases b(i) produced lower accuracy
as training progressed, because the induced classifiers minimized the example-wise error. Since we
aim to minimize the state-wise error, we express this
bias by assigning every training state equal value,
and—for the examples generated from that state—
sharing half the value uniformly among the negative examples and the other half uniformly among
the positive examples.

features over i.8 Extraction is 100–1000 times more
expensive than a single test, but is necessary during
decision tree building (Step 1.7) because we need
the entire vector X(i) to accumulate inferences in
children nodes. Essentially, for each inference i that
y(i)
falls in some node f , we accumulate w(i) in W f ∧a
for all a with Xa (i) = 1. After all the inferences in a
node have been accumulated, we try to split the node
(Equation 15). The negative child weights are each
y
y
y
determined as W f ∧¬a = W f − W f ∧a .

Although there are O(n2 ) possible spans over a
frontier containing n items, we reduce this to the
O(n) inferences that cannot have more than 5 children. With no restriction on the number of children,
there would be O(n2 ) bottom-up inferences at each
state. However, only 0.57% of non-terminals in the
preprocessed development set have more than five
children.

4

Experiments

Like Turian and Melamed (2005), we parallelize
training by inducing 26 label classifiers (one for
each non-terminal label in the Penn Treebank). Parallelization might not uniformly reduce training time
because different label classifiers train at different
rates. However, parallelization uniformly reduces
memory usage because each label classifier trains
only on inferences whose consequent item has that
label. Even after parallelization, the atomic feature
matrix cannot be cached in memory. We can store
the training inferences in memory using only an indirect representation. More specifically, for each inference i in the training set, we cache in memory
several values: a pointer i to a tree cut, its y-value
y(i), its bias b(i), and its confidence h(i) under the
current model. We cache h(i) throughout training because it is needed both in computing the gradient of
the objective during decision tree building (Step 1.7)
as well as subsequent minimization of the objective
over the decision tree leaves (Step 1.10). We update
the confidences at the end of each training iteration
using the newly added tree (Step 1.11).

We follow Taskar et al. (2004) and Turian and
Melamed (2005) in training and testing on ≤ 15
word sentences in the English Penn Treebank (Taylor et al., 2003). We used sections 02–21 for training, section 22 for development, and section 23,
for testing. We use the same preprocessing steps as
Turian and Melamed (2005): during both training
and testing, the parser is given text POS-tagged by
the tagger of Ratnaparkhi (1996), with capitalization
stripped and outermost punctuation removed.
For reasons given in Turian and Melamed (2006),
items are inferred bottom-up right-to-left. As mentioned in §2, the parser cannot infer any item that
crosses an item already in the state. To ensure the
parser does not enter an infinite loop, no two items
in a state can have both the same span and the same
label. Given these restrictions, there were roughly 40
million training examples. These were partitioned
among the constituent label classifiers.
Our atomic feature set A contains features of
the form “is there an item in group J whose label/headword/headtag/headtagclass9 is ‘X’?”. Possible values of ‘X’ for each predicate are collected
from the training data. Some examples of possible
values for J include the last n child items, the first n
left context items, all right context items, and the terminal items dominated by the non-head child items.
Space constraints prevent enumeration of the headtagclasses and atomic feature templates, which are

The most costly operation during training is to access the feature values in X(i). An atomic feature
test determines the value Xa (i) for a single atomic
feature a by examining the tree cut pointed to by inference i. Alternately, we can perform atomic feature extraction, i.e. determine all non-zero atomic

8
Extraction need not take the naı̈ve approach of performing |A|
different tests, and can be optimized by using knowledge about
the nature of the atomic feature templates.
9
The predicate headtagclass is a supertype of the headtag.
Given our compound features, these are not strictly necessary, but they accelerate training. An example is “proper noun,”
which contains the POS tags given to singular and plural proper
nouns.
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Figure 1 F1 score of our parser on the development
set of the Penn Treebank, using only ≤ 15 word sentences. The dashed line indicates the percent of NP
example weight lost due to sampling. The bottom
x-axis shows the number of non-zero parameters in
each parser, summed over all label classifiers.
training time (days)
1.0
2.5

5.4

91%

30%

90%

25%

89%

20%

88%

15%

87%

10%

86%

5%

85%

0%
1K

1.5K
2.5K
5K
total number of non-zero parameters

Table 2 Profile of an NP training iteration, given
in seconds, using an AMD Opteron 242 (64-bit,
1.6Ghz). Steps refer to Listing 1.
Step Description mean stddev
%
1.5 Sample
1.5s 0.07s
0.7%
1.6 Extraction
38.2s 0.13s
18.6%
1.7 Build tree
127.6s 27.60s
62.3%
1.8 Percolation 31.4s 4.91s
15.3%
1.9–11 Leaf updates 6.2s 1.75s
3.0%
1.5–11 Total
204.9s 32.6s 100.0%

Devel. F-measure

weight lost due to sampling

35%

0.5

Table 1 PARSEVAL results of parsers on the test
set, using only ≤ 15 word sentences.
F1 % Rec. % Prec. %
Turian and Melamed (2005) 87.13 86.47 87.80
Bikel (2004)
88.30 87.85 88.75
Taskar et al. (2004)
89.12 89.10 89.14
our parser
89.40 89.26 89.55

84%
7.5K

instead provided at the URL given in the abstract.
These templates gave 1.1 million different atomic
features. We experimented with smaller feature sets,
but found that accuracy was lower. Charniak and
Johnson (2005) use linguistically more sophisticated
features, and Bod (2003) and Kudo et al. (2005) use
sub-tree features, all of which we plan to try in future work.
We evaluated our parser using the standard PARSEVAL measures (Black et al., 1991): labelled
precision, labelled recall, and labelled F-measure
(Prec., Rec., and F1 , respectively), which are based
on the number of non-terminal items in the parser’s
output that match those in the gold-standard parse.
The solid curve Figure 1 shows the accuracy of
the parser over the development set as training progressed. The parser exceeded 89% F-measure after 2.5 days of training. The peak F-measure was
90.55%, achieved at 5.4 days using 6.3K active
parameters. We omit details given by Turian and
Melamed (2006) in favor of a longer discussion in
§4.2.
4.1

2004),10 the only one that we were able to train and
test under exactly the same experimental conditions
(including the use of POS tags from Ratnaparkhi
(1996)). Table 1 shows the PARSEVAL results of
these four parsers on the test set.
4.2

Efficiency

40% of non-terminals in the Penn Treebank are
NPs. Consequently, the bottleneck in training is
induction of the NP classifier. It was trained on
1.65 million examples. Each example had an average of 440 non-zero atomic features (stddev 123),
so the direct representation of each example requires a minimum 440 · sizeof(int) = 1760 bytes,
and the entire atomic feature matrix would require 1760 bytes · 1.65 million = 2.8 GB. Conversely, an indirectly represent inference requires
no more 32 bytes: two floats (the cached confidence h(i) and the bias term b(i)), a pointer to a
tree cut (i), and a bool (the y-value y(i)). Indirectly storing the entire example set requires only
32 bytes · 1.65 million = 53 MB plus the treebank
and tree cuts, a total of 400 MB in our implementation.
We used a sample size of |S | = 100, 000 examples
to build each decision tree, 16.5 times fewer than
the entire example set. The dashed curve in Figure 1

Test Set Results

To situate our results in the literature, we compare
our results to those reported by Taskar et al. (2004)
and Turian and Melamed (2005) for their discriminative parsers, which were also trained and tested on
≤ 15 word sentences. We also compare our parser
to a representative non-discriminative parser (Bikel,

10
Bikel (2004) is a “clean room” reimplementation of the
Collins (1999) model with comparable accuracy.
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shows the percent of NP example weight lost due
to sampling. As training progresses, fewer examples
are informative to the model. Even though we ignore
94% of examples during feature selection, sampling
loses less than 1% of the example weight after a day
of training.
The NP classifier used in our final parser was
an ensemble containing 2316 trees, which took
five days to build. Overall, there were 96871 decision tree leaves, only 2339 of which were nonzero. There were an average of 40.4 (7.4 stddev) decision tree splits between the root of a
tree and a non-zero leaf, and nearly all nonzero leaves were conjunctions of atomic feature negations (e.g. ¬(some child item is a verb) ∧
¬(some child item is a preposition)). The non-zero
leaf confidences were quite small in magnitude
(0.107 mean, 0.069 stddev) but the training example margins over the entire ensemble were nonetheless quite high: 11.7 mean (2.92 stddev) for correct
inferences, 30.6 mean (11.2 stddev) for incorrect inferences.
Table 2 profiles an NP training iteration, in which
one decision tree is created and added to the
NP ensemble. Feature selection in our algorithm
(Steps 1.5–1.7) takes 1.5+38.2+127.6 = 167.3s, far
faster than in naı̈ve approaches. If we didn’t do sampling but had 2.8GB to spare, we could eliminate the
extraction step (Step 1.6) and instead cache the entire atomic feature matrix before the loop. However,
tree building (Step 1.7) scales linearly in the number
of examples, and would take 16.5 · 127.6s = 2105.4s
using the entire example set. If we didn’t do sampling and couldn’t cache the atomic feature matrix,
tree building would also require repeatedly performing extraction. The number of individual feature extractions needed to build a single decision tree is the
sum over the internal nodes of the number of examples that percolate down to that node. There are an
average of 40.8 (7.8 stddev) internal nodes in each
tree and most of the examples fall in nearly all of
them. This property is caused by the lopsided trees
induced under `1 regularization. A conservative estimate is that each decision tree requires 25 extractions times the number of examples. So extraction
would add at least 25 · 16.5 · 38.2s = 15757.5s on
top of 2105.40s, and hence building each decision
tree would take at least (15757.5+2105.40)/167.3 ≈

100 times as long as it does currently.
Our decision tree ensembles contain over two orders of magnitude more compound features than
those in Turian and Melamed (2005). Our overall
training time was roughly equivalent to theirs. This
ratio corroborates the above estimate.

5

Discussion

The NP classifier was trained only on the 1.65 million NP examples in the 9753 training sentences with
≤ 15 words (168.8 examples/sentence). The number
of examples generated is quadratic in the sentence
length, so there are 41.7 million NP examples in all
39832 training sentences of the whole Penn Treebank (1050 examples/sentence), 25 times as many
as we are currently using.
The time complexity of each step in the training loop (Steps 1.5–11) is linear over the number
of examples used by that step. When we scale up
to the full treebank, feature selection will not require a sample 25 times larger, so it will no longer
be the bottleneck in training. Instead, each iteration will be dominated by choosing leaf confidences
and then updating the cached example confidences,
which would require 25 · (31.4s + 6.2s) = 940s per
iteration. These steps are crucial to the current training algorithm, because it is important to have example confidences that are current with respect to the
model. Otherwise, we cannot determine the examples most poorly classified by the current model, and
will have no basis for choosing an informative sample.
We might try to save training time by building
many decision trees over a single sample and then
updating the confidences of the entire example set
using all the new trees. But, if this confidence update is done using feature tests, then we have merely
deferred the cost of the confidence update over the
entire example set. The amount of training done on
a particular sample is proportional to the time subsequently spent updating confidences over the entire
example set. To spend less time doing confidence
updates, we must use a training regime that is sublinear with respect to the training time. For example, Riezler (2004) reports that the `1 regularization
term drives many of the model’s parameters to zero
during conjugate gradient optimization, which are
23

then pruned before subsequent optimization steps to
avoid numerical instability. Instead of building decision tree(s) at each iteration, we could perform nbest feature selection followed by parallel optimization of the objective over the sample.
The main limitation of our work so far is that
we can do training reasonably quickly only on short
sentences, because a sentence with n words generates O(n2 ) training inferences in total. Although
generating training examples in advance without a
working parser (Sagae & Lavie, 2005) is much faster
than using inference (Collins & Roark, 2004; Henderson, 2004; Taskar et al., 2004), our training time
can probably be decreased further by choosing a
parsing strategy with a lower branching factor. Like
our work, Ratnaparkhi (1999) and Sagae and Lavie
(2005) generate examples off-line, but their parsing
strategies are essentially shift-reduce so each sentence generates only O(n) training examples.

6

the model to other structured learning tasks, such as
syntax-driven SMT.
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Conclusion

Our work has made advances in both accuracy and
training speed of discriminative parsing. As far as
we know, we present the first discriminative parser
that surpasses a generative baseline on constituent
parsing without using a generative component, and
it does so with minimal linguistic cleverness.
The main bottleneck in our setting was memory.
We could store the examples in memory only using
an indirect representation. The most costly operation during training was accessing the features of a
particular example from this indirect representation.
We showed how to train a parser effectively under
these conditions. In particular, we used principled
sampling to estimate loss gradients and reduce the
number of feature extractions. This approximation
increased the speed of feature selection 100-fold.
We are exploring methods for scaling training
up to larger example sets. We are also investigating the relationship between sample size, training
time, classifier complexity, and accuracy. In addition, we shall make some standard improvements
to our parser. Our parser should infer its own POS
tags. A shift-reduce parsing strategy will generate
fewer examples, and might lead to shorter training
time. Lastly, we plan to give the model linguistically
more sophisticated features. We also hope to apply
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Abstract

(Even-Zohar and Roth, 2000). It is usually not an
engineering end in itself to predict the next word in a
sequence, or fill in a blanked-out word in a sequence.
Yet, it could be an asset in higher-level proofing or
authoring tools, e.g. to be able to automatically discern among confusables and thereby to detect confusable errors (Golding and Roth, 1999; Even-Zohar
and Roth, 2000; Banko and Brill, 2001; Huang and
Powers, 2001). It could alleviate problems with lowfrequency and unknown words in natural language
processing and information retrieval, by replacing
them with likely and higher-frequency alternatives
that carry similar information. And also, since the
task of word prediction is a direct interpretation of
language modeling, a word prediction system could
provide useful information for to be used in speech
recognition systems.

We present a classification-based word
prediction model based on IGT REE, a
decision-tree induction algorithm with favorable scaling abilities and a functional
equivalence to n-gram models with backoff smoothing. Through a first series of
experiments, in which we train on Reuters
newswire text and test either on the same
type of data or on general or fictional text,
we demonstrate that the system exhibits
log-linear increases in prediction accuracy
with increasing numbers of training examples. Trained on 30 million words
of newswire text, prediction accuracies
range between 12.6% on fictional text and
42.2% on newswire text. In a second series of experiments we compare all-words
prediction with confusable prediction, i.e.,
the same task, but specialized to predicting among limited sets of words. Confusable prediction yields high accuracies
on nine example confusable sets in all
genres of text. The confusable approach
outperforms the all-words-prediction approach, but with more data the difference
decreases.

A unique aspect of the word prediction task, as
compared to most other tasks in natural language
processing, is that real-world examples abound in
large amounts. Any digitized text can be used as
training material for a word prediction system capable of learning from examples, and nowadays gigascale and terascale document collections are available
for research purposes.
A specific type of word prediction is confusable prediction, i.e., learn to predict among limited sets of confusable words such as to/two/too and
there/their/they’re (Golding and Roth, 1999; Banko
and Brill, 2001). Having trained a confusable predictor on occurrences of words within a confusable
set, it can be applied to any new occurrence of a
word from the set; if its prediction based on the context deviates from the word actually present, then

1 Introduction
Word prediction is an intriguing language engineering semi-product. Arguably it is the “archetypical
prediction problem in natural language processing”
25

Workshop on Computationally Hard Problemsand Joint Inference in Speech and Language Processing, pages 25–32,
New York City, New York, June 2006. c 2006 Association for Computational Linguistics

2 Data preparation and experimental
setup

this word might be a confusable error, and the classifier’s prediction might be its correction. Confusable
prediction and correction is a strong asset in proofing tools.

First, we identify the textual corpora used. We then
describe the general experimental setup of learning curve experiments, and the IGT REE decisiontree induction algorithm used throughout all experiments.

In this paper we generalize the word prediction
task to predicting any word in context. This is basically the task of a generic language model. An explicit choice for the particular study on “all-words”
prediction is to encode context only by words,
and not by any higher-level linguistic non-terminals
which have been investigated in related work on
word prediction (Wu et al., 1999; Even-Zohar and
Roth, 2000). This choice leaves open the question
how the same tasks can be learned from examples
when non-terminal symbols are taken into account
as well.

2.1

Data

To generate our word prediction examples, we used
the “Reuters Corpus Volume 1 (English Language,
1996-08-20 to 1997-08-19)”1 . We tokenized this
corpus with a rule-based tokenizer, and used all
130,396,703 word and punctuation tokens for experimentation. In the remainder of the article we make
no difference between words and punctuation markers; both are regarded as tokens. We separated the
final 100,000 tokens as a held-out test set, henceforth referred to as REUTERS, and kept the rest as
training set, henceforth TRAIN - REUTERS.
Additionally, we selected two test sets taken
from different corpora. First, we used the Project
Gutenberg2 version of the novel Alice’s Adventures
in Wonderland by Lewis Carroll (Carroll, 1865),
henceforth ALICE. As the third test set we selected
all tokens of the Brown corpus part of the Penn Treebank (Marcus et al., 1993), a selected portion of
the original one-million word Brown corpus (Kučera
and Francis, 1967), a collection of samples of American English in many different genres, from sources
printed in 1961; we refer to this test set as BROWN.
In sum, we have three test sets, covering texts from
the same genre and source as the training data, a
fictional novel, and a mix of genres wider than the
training set.
Table 1 summarizes the key training and test set
statistics. As the table shows, the cross-domain coverages for unigrams and bigrams are rather low; not
only are these numbers the best-case performance
ceilings, they also imply that a lot of contextual
information used by the machine learning method
used in this paper will be partly unknown to the
learner, especially in texts from other domains than
the training set.

The choice for our algorithm, a decision-tree approximation of k-nearest-neigbor (k-NN) based or
memory-based learning, is motivated by the fact
that, as we describe later in this paper, this particular
algorithm can scale up to predicting tens of thousands of words, while simultaneously being able to
scale up to tens of millions of examples as training
material, predicting words at useful rates of hundreds to thousands of words per second. Another
motivation for our choice is that our decision-tree
approximation of k-nearest neighbor classification is
functionally equivalent to back-off smoothing (Zavrel and Daelemans, 1997); not only does it share
its performance capacities with n-gram models with
back-off smoothing, it also shares its scaling abilities with these models, while being able to handle
large values of n.
The article is structured as follows. In Section 2
we describe what data we selected for our experiments, and we provide an overview of the experimental methodology used throughout the experiments, including a description of the IGT REE algorithm central to our study. In Section 3 the results of
the word prediction experiments are presented, and
the subsequent Section 4 contains the experimental results of the experiments on confusables. We
briefly relate our work to earlier work that inspired
the current study in Section 5. The results are discussed, and conclusions are drawn in Section 6.

1
For availability of the Reuters corpus, see
http://about.reuters.com/researchandstandards/corpus/.
2
Project Gutenberg: http://www.gutenberg.net.
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Data set
TRAIN - REUTERS
REUTERS
ALICE
BROWN

Genre # Tokens Coverage (%)
news 30 million unigram bigram
news
100,000
91.0
83.6
fiction
33,361
85.2
70.1
mixed 453,446
75.9
72.3

Table 1: Training and test set sources, genres, sizes
in terms of numbers of tokens, and unigram and bigram coverage (%) of the training set on the test sets.

2.2

Experimental setup

All experiments described in this article take the
form of learning curve experiments (Banko and
Brill, 2001), in which a sequence of training sets
is generated with increasing size, where each size
training set is used to train a model for word prediction, which is subsequently tested on a held-out test
set – which is fixed throughout the whole learning
curve experiment. Training set sizes are exponentially grown, as earlier studies have shown that at
a linear scale, performance effects tend to decrease
in size, but that when measured with exponentially
growing training sets, near-constant (i.e. log-linear)
improvements are observed (Banko and Brill, 2001).
We create incrementally-sized training sets for the
word prediction task on the basis of the TRAIN REUTERS set. Each training subset is created backward from the point at which the final 100,000-word
REUTERS set starts. The increments are exponential
with base number 10, and for every power of 10 we
cut off training sets at n times that power, where n =
1, 2, 3, . . . , 8, 9 (for example, 10, 20, . . . , 80, 90).
The actual examples to learn from are created by
windowing over all sequences of tokens. We encode
examples by taking a left context window spanning
seven tokens, and a right context also spanning seven
tokens. Thus, the task is represented by a growing
number of examples, each characterized by 14 positional features carrying tokens as values, and one
class label representing the word to be predicted.
The choice for 14 is intended to cover at least the
superficially most important positional features. We
assume that a word more distant than seven positions
left or right of a focus word will almost never be
more informative for the task than any of the words
within this scope.
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2.3

IGTree

IGTree (Daelemans et al., 1997) is an algorithm
for the top-down induction of decision trees. It
compresses a database of labeled examples into
a lossless-compression decision-tree structure that
preserves the labeling information of all examples,
and technically should be named a trie according
to (Knuth, 1973). A labeled example is a featurevalue vector, where features in our study represent
a sequence of tokens representing context, associated with a symbolic class label representing the
word to be predicted. An IGT REE is composed of
nodes that each represent a partition of the original
example database, and are labeled by the most frequent class of that partition. The root node of the
trie thus represents the entire example database and
carries the most frequent value as class label, while
end nodes (leafs) represent a homogeneous partition
of the database in which all examples have the same
class label. A node is either a leaf, or is a non-ending
node that branches out to nodes at a deeper level of
the trie. Each branch represents a test on a feature
value; branches fanning out of one node test on values of the same feature.
To attain high compression levels, IGT REE
adopts the same heuristic that most other decisiontree induction algorithms adopt, such as C 4.5 (Quinlan, 1993), which is to always branch out testing on
the most informative, or most class-discriminative
features first. Like C 4.5, IGT REE uses information
gain (IG) to estimate the most informative features.
The IG of feature i is measured by computing the
difference in uncertainty (i.e. entropy) between the
situations without and with knowledge of the value
of that feature with respect
P to predicting the class label: IGi = H(C) − v∈Vi P (v) × H(C|v), where
C is the set of class labels, VP
i is the set of values
for feature i, and H(C) = − c∈C P (c) log2 P (c)
is the entropy of the class labels. In contrast with
C 4.5, IGT REE computes the IG of all features once
on the full database of training examples, makes a
feature ordering once on these computed IG values,
and uses this ordering throughout the whole trie.
Another difference with C 4.5 is that IGT REE
does not prune its produced trie, so that it performs
a lossless compression of the labeling information
of the original example database. As long as the
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database does not contain fully ambiguous examples
(with the same features, but different class labels),
the trie produced by IGT REE is able to reproduce
the classifications of all examples in the original example database perfectly.
Due to the fact that IGT REE computes the IG
of all features once, it is functionally equivalent to
IB 1- IG (Daelemans et al., 1999), a k-nearest neighbor classifier for symbolic features, with k = 1
and using a particular feature weighting in the similarity function in which the weight of each feature is larger than the sum of all weights of features
with a lower weight (e.g. as in the exponential sequence 1, 2, 4, 8, . . . where 2 > 1, 4 > (1 + 2),
8 > (1 + 2 + 4), etc.). Both algorithms will base
their classification on the example that matches on
most features, ordered by their IG, and guess a majority class of the set of examples represented at the
level of mismatching. IGT REE, therefore, can be
seen as an approximation of IB 1- IG with k = 1 that
has favorable asymptotic complexities as compared
to IB 1- IG.
IGT REE’s computational bottleneck is the trie
construction process, which has an asymptotic complexity of O(n lg(v) f ) of CPU, where n is the number of training examples, v is the average branching
factor of IGT REE (how many branches fan out of
a node, on average), and f is the number of features. Storing the trie, on the other hand, costs
O(n) in memory, which is less than the O(n f ) of
IB 1- IG . Classification in IGT REE takes an efficient
O(f lg(v)) of CPU, versus the cumbersome worstcase O(n f ) of IB 1- IG, that is, in the typical case
that n is much higher than f or v.
Interestingly, IGT REE is functionally equivalent to back-off smoothing (Zavrel and Daelemans,
1997), with the IG of the features determining the
order in which to back off, which in the case of word
prediction tends to be from the outer context to the
inner context of the immediately neighboring words.
Like with probabilistic n-gram based models with
a back-off smoothing scheme, IGT REE will prefer
matches that are as exact as possible (e.g. matching on all 14 features), but will back-off by disregarding lesser important features first, down to a
simple bigram model drawing on the most important feature, the immediately preceding left word.
In sum, IGT REE shares its scaling abilities with n-
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Figure 1: Learning curves of word prediction accuracies of IGT REE trained on TRAIN - REUTERS, and
tested on REUTERS, ALICE, and BROWN.

gram models, and its implementation allows it to
handle large values of n.

3 All-words prediction
3.1

Learning curve experiments

The word prediction accuracy learning curves computed on the three test sets, and trained on increasing
portions of TRAIN - REUTERS, are displayed in Figure 1. The best accuracy observed is 42.2% with
30 million training examples, on REUTERS. Apparently, training and testing on the same type of data
yields markedly higher prediction accuracies than
testing on a different-type corpus. Accuracies on
BROWN are slightly higher than on ALICE, but the
difference is small; at 30 million training examples,
the accuracy on ALICE is 12.6%, and on BROWN
15.8%.
A second observation is that all three learning
curves are progressing upward with more training
examples, and roughly at a constant log-linear rate.
When estimating the rates after about 50,000 examples (before which the curves appear to be more
volatile), with every tenfold increase of the number of training examples the prediction accuracy on
REUTERS increases by a constant rate of about 8%,
while the increases on ALICE and BROWN are both
about 2% at every tenfold.
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3.2

Memory requirements and classification
speed

TEST-BROWN
TEST-ALICE
TEST-REUTERS

10000
test examples per second

The numbers of nodes exhibit an interesting sublinear relation with respect to the number of training
examples, which is in line with the asymptotic complexity order O(n), where n is the number of training instances. An increasingly sublinear amount
of nodes is necessary; while at 10,000 training instances the number of nodes is 7,759 (0.77 nodes
per instance), at 1 million instances the number of
nodes is 652,252 (0.65 nodes per instance), and at 30
million instances the number of nodes is 15,956,878
(0.53 nodes per instance).
A factor in classification speed is the average
amount of branching. Conceivably, the word prediction task can lead to a large branching factor, especially in the higher levels of the tree. However, not
every word can be the neighbor of every other word
in finite amounts of text. To estimate the average
branching factor of a tree we compute the f th root
of the total number of nodes (f being the number
of features, i.e. 14). The largest decision tree currently constructed is the one on the basis of a training set of 30 million examples, having 15,956,878
nodes. This tree has an average branching factor of
√
14
15, 956, 878 ≈ 3.27; all other trees have smaller
branching factors. Together with the fact that we
have but 14 features, and the asymptotic complexity order of classification is O(f lg(v)), where v is
the average branching factor, classification can be
expected to be fast. Indeed, depending on the machine’s CPU on which the experiment is run, we
observe quite favorable classification speeds. Figure 2 displays the various speeds (in terms of the
number of test tokens predicted per second) attained
on the three test sets3 . The best prediction accuracies are still attained at classification speeds of
over a hundred predicted tokens per second. Two
other relevant observations are that first, the classification speed hardly differs between the three test
sets (BROWN is classified only slightly slower than
the other two test sets), indicating that the classifier
is spending a roughly comparable amount of searching through the decision trees regardless of genre
differences. Second, the decrease in speed settles
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Figure 2: Word prediction speed, in terms of the
number of classified test examples per second, measured on the three test sets, with increasing training
examples. Both axes have a logarithmic scale.
on a low log-linear rate after about one million examples. Thus, while trees grow linearly, and accuracy increases log-linearly, the speed of classification slowly diminishes at decreasing rates.

4 Confusables
Word prediction from context can be considered a
very hard task, due to the many choices open to the
predictor at many points in the sequence. Predicting
content words, for example, is often only possible
through subtle contextual clues or by having the appropriate domain or world knowledge, or intimate
knowledge of the writer’s social context and intentions. In contrast, certain function words tend to be
predictable due to the positions they take in syntactic phrase structure; their high frequency tends to ensure that plenty of examples of them in context are
available.
Due to the important role of function words in
syntactic structure, it can be quite disruptive for a
parser and for human readers alike to encounter a
mistyped function word that in its intended form
is another function word. In fact, confusable errors between frequent forms occur relatively frequently. Examples of these so-called confusables
in English are there versus their and the contraction they’re; or the duo than and then. Confusables can arise from having the same pronunciation
(homophones), or having very similar pronunciation
(country or county) or spelling (dessert, desert), hav-

3
Measurements were made on a GNU/Linux x86-based machine with 2.0 Ghz AMD Opteron processors.
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ing very close lexical semantics (as between among
and between), or being inflections or case variants of
the same stem (I versus me, or walk versus walks),
and may stem from a lack of concentration or experience by the writer.
Distinguishing between confusables is essentially
the same task as word prediction, except that the
number of alternative outcomes is small, e.g. two
or three, rather than thousands or more. The typical
application setting is also more specific: given that a
writer has produced a text (e.g. a sentence in a word
processor), it is possible to check the correctness of
each occurrence of a word known to be part of a pair
or triple of confusables.
We performed a series of experiments on disambiguating nine frequent confusables in English
adopted from (Golding and Roth, 1999). We employed an experimental setting in which we use the
same experimental data as before, in which only examples of the confusable words are drawn – note
that we ignore possible confusable errors in both
training and test set. This data set generation procedure reduces the amount of examples considerably.
Despite having over 130 million words in TRAIN REUTERS, frequent words such as there and than
occur just over 100,000 times. To be able to run
learning curves with more than this relatively small
amount of examples, we expanded our training material with the New York Times of 1994 to 2002
(henceforth TRAIN - NYT), part of the English Gigaword collection published by the Linguistic Data
Consortium, offering 1,096,950,281 tokens.
As a first illustration of the experimental outcomes, we focus on the three-way confusable there
– their – they’re for which we trained one classifier, which we henceforth refer to as a confusable
expert. The learning curve results of this confusable expert are displayed in Figure 3 as the top three
graphs. The logarithmic x-axis displays the full
number of instances from TRAIN - REUTERS up to
130.3 million examples, and from TRAIN - NYT after
this point. Counter to the learning curves in the allwords prediction experiments, and to the observation by (Banko and Brill, 2001), the learning curves
of this confusable triple in the three different data
sets flatten, and converge, remarkably, to a roughly
similar score of about 98%. The convergence only
occurs after examples from TRAIN - NYT are added.
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Figure 3: Learning curves in terms of word prediction accuracy on deciding between the confusable
pair there, their, and they’re, by IGT REE trained
on TRAIN - REUTERS, and tested on REUTERS, AL ICE, and BROWN . The top graphs are accuracies attained by the confusable expert; the bottom graphs
are attained by the all-words predictor trained on
TRAIN - REUTERS until 130 million examples, and
on TRAIN - NYT beyond (marked by the vertical bar).

In the bottom of the same Figure 3 we have also
plotted the word prediction accuracies on the three
words there, their, and they’re attained by the allwords predictor described in the previous section on
the three test sets. The accuracies, or rather recall
figures (i.e. the percentage of occurrences of the
three words in the test sets which are correctly predicted as such), are considerably lower than those on
the confusable disambiguation task.
Table 2 presents the experimental results obtained
on nine confusable sets when training and testing on
Reuters material. The third column lists the accuracy (or recall) scores of the all-words word prediction system at the maximal training set size of 30
million labeled examples. The fourth columns lists
the accuracies attained by the confusable expert for
the particular confusable pair or triple, measured at
30 million training examples, from which each particular confusable expert’s examples are extracted.
The amount of examples varies for the selected confusable sets, as can be seen in the second column.
Scores attained by the all-words predictor on
these words vary from below 10% for relatively lowfrequent words to around 60% for the more frequent
confusables; the latter numbers are higher than the
30

Accuracy on test set (%)

Accuracy (%) by
Number of all-words confus.
Confusable set
examples prediction expert
cite - site - sight
2,286
0.0 100.0
accept - except
3,833
46.2
76.9
affect - effect
4,640
7.7
87.9
fewer - less
6,503
4.7
95.2
among - between
27,025
18.9
96.7
I - me
28,835
55.9
98.0
than - then
31,478
59.4
97.2
there - their - they’re
58,081
23.1
96.8
to - too - two
553,453
60.6
93.4

Confusable set
cite - site - sight
accept - except
affect - effect
fewer - less
among - between
I - me
than - then
there - their - they’re
to - too - two

REUTERS

ALICE

BROWN

100.0
84.6
92.3
90.5
94.4
99.0
97.2
98.1
94.3

100.0
100.0
100.0
100.0
77.8
98.3
92.9
97.8
93.4

69.0
97.0
89.5
97.2
74.4
98.3
95.8
97.3
92.9

Table 3: Disambiguation scores on nine confusable
set, attained by confusable experts trained on examples extracted from 1 billion words of text from
TRAIN - REUTERS plus TRAIN - NYT, on the three test
sets.

Table 2: Disambiguation scores on nine confusable
set, attained by the all-words prediction classifier
trained on 30 million examples of TRAIN - REUTERS,
and by confusable experts on the same training set.
The second column displays the number of examples of each confusable set in the 30-million word
training set; the list is ordered on this column.

and Roth, 2000; Banko and Brill, 2001). Our discrete, classificatio-nased approach has the same goal
as probabilistic methods for language modeling for
automatic speech recognition (Jelinek, 1998), and is
also functionally equivalent to n-gram models with
back-off smoothing (Zavrel and Daelemans, 1997).
The papers by Golding and Roth, and Banko and
Brill on confusable correction focus on the more
common type of than/then confusion that occurs a
lot in the process of text production. Both pairs of
authors use the confusable correction task to illustrate scaling issues, as we have. Golding and Roth
illustrate that multiplicative weight-updating algorithms such as Winnow can deal with immense input feature spaces, where for each single classification only a small number of features is actually relevant (Golding and Roth, 1999). With IGT REE we
have an arguably competitive efficient, but one-shot
learning algorithm; IGT REE does not need an iterative procedure to set weights, and can also handle a
large feature space. Instead of viewing all positional
features as containers of thousands of atomic word
features, it treats the positional features as the basic
tests, branching on the word values in the tree.
More generally, as a precursor to the abovementioned work, confusable disambiguation has
been investigated in a string of papers discussing the
application of various machine learning algorithms
to the task (Yarowsky, 1994; Golding, 1995; Mangu

overall accuracy of this system on REUTERS. Nevertheless they are considerably lower than the scores
attained by the confusable disambiguation classifiers, while being trained on many more examples
(i.e., all 30 million available). Most of the confusable disambiguation classifiers attain accuracies of
well above 90%.
When the learning curves are continued beyond
TRAIN - REUTERS into TRAIN - NYT, about a thousand times as many training examples can be gathered as training data for the confusable experts. Table 3 displays the nine confusable expert’s scores after being trained on examples extracted from a total
of one billion words of text, measured on all three
test sets. Apart from a few outliers, most scores are
above 90%, and more importantly, the scores on AL ICE and BROWN do not seriously lag behind those on
REUTERS; some are even better.

5 Related work
As remarked in the cases reported in the literature directly related to the current article, word prediction
is a core task to natural language processing, and one
of the few that takes no annotation layer to provide
data for supervised machine learning and probabilistic modeling (Golding and Roth, 1999; Even-Zohar
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and Brill, 1997; Huang and Powers, 2001).

W. Daelemans, A. Van den Bosch, and A. Weijters. 1997.
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J. H. Huang and D. W. Powers. 2001. Large scale experiments on correction of confused words. In Australasian Computer Science Conference Proceedings,
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Reading, MA.
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University Press, Providence, RI.
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D. Wu, Z. Sui, and J. Zhao. 1999. An information-based
method for selecting feature types for word prediction. In Proceedings of the Sixth European Conference on Speech Communication and Technology, EUROSPEECH’99, Budapest.
D. Yarowsky. 1994. Decision lists for lexical ambiguity
resolution: application to accent restoration in Spanish
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Computational Linguistics, pages 436–443.

6 Discussion
In this article we explored the scaling abilities of
IGT REE, a simple decision-tree algorithm with favorable asymptotic complexities with respect to
multi-label classification tasks. IGT REE is applied
to word prediction, a task for which virtually unlimited amounts of training examples are available,
with very large amounts of predictable class labels;
and confusable disambiguation, a specialization of
word prediction focusing on small sets of confusable
words. Best results are 42.2% correctly predicted tokens (words and punctuation markers) when training
and testing on data from the Reuters newswire corpus; and confusable disambiguation accuracies of
well above 90%. Memory requirements and speeds
were shown to be realistic.
Analysing the results of the learning curve experiments with increasing amounts of training examples,
we observe that better word prediction accuracy can
be attained simply by adding more training examples, and that the progress in accuracy proceeds at a
log-linear rate. The best rate we observed was an 8%
increase in performance every tenfold multiplication
of the number of training examples, when training
and testing on the same data.
Despite the fact that all-words prediction lags behind in disambiguating confusibles, in comparison
with classifiers that are focused on disambiguating
single sets of confusibles, we see that this lag is only
relative to the amount of training material available.
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Abstract

interest in the application of joint inference, which
identifies a solution that is globally optimal throughout the system and avoids some of the problems of
the pipeline architecture, such as error propagation.
We assume, at least conceptually, a division of
the joint inference problem into two subproblems:
that of finding a set of solutions that are structurally
compatible with each of the modules, and that of selecting the globally best of these structurally correct
solutions. Many of the modules define a target function that scores the solutions by some domain criteria based on local knowledge. The globally best
solution maximizes some combination of the target
functions, for example a sum.
For illustration, consider a system comprising of
two modules: a POS tagger and a parser. The POS
tagger generates a set of tag sequences that are compatible with the sentence text. Further, it may implement a target function, based, for instance, on
tag n-grams, that scores these sequences according
to POS-centric criteria. The parser produces a set
of candidate parses and typically also implements a
target function that scores the parses based on their
structural and lexical features. Each parse that is
compatible with both the POS tagger and the parser
is structurally correct. The best solution may be defined, for instance, as such a solution that maximizes
the sum of the scores of the POS- and parser-centric
target functions.
In practice, the set of structurally correct solutions may be computed, for example, through the
intersection or composition of finite-state automata
as in the formalism of finite-state intersection grammars (Koskenniemi, 1990). Finding the best so-

We consider the problem of identifying
among many candidates a single best solution which jointly maximizes several
domain-specific target functions. Assuming that the candidate solutions can be
generated incrementally, we model the error in prediction due to the incompleteness of partial solutions as a normally
distributed random variable. Using this
model, we derive a probabilistic search algorithm that aims at finding the best solution without the necessity to complete and
rank all candidate solutions. We do not assume a Viterbi-type decoding, allowing a
wider range of target functions.
We evaluate the proposed algorithm on the
problem of best parse identification, combining simple heuristic with more complex machine-learning based target functions. We show that the search algorithm
is capable of identifying candidates with a
very high score without completing a significant proportion of the candidate solutions.

1

Background

Most of the current NLP systems assume a pipeline
architecture, where each level of analysis is implemented as a module that produces a single, locally
optimal solution that is passed to the next module in
the pipeline. There has recently been an increased
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2

lution may be implemented as a best-path search
through Viterbi decoding, given a target function
that satisfies the Viterbi condition.

Method

Let us consider a system in which there are N solutions s1 , . . . , sN ∈ S to a problem and M target functions f1 , . . . , fM , where fk : S → R, that
assign a score to each of the solutions. The score
fk (si ) expresses the extent to which the solution
si satisfies the criterion implemented by the target
function fk . The overall score of a solution si

Most of the recent approaches to NLP tasks like
parse re-ranking make, however, use of featurebased representations and machine-learning induced
target functions, which do not allow efficient search
strategies that are guaranteed to find the global optimum. In general case, all structurally correct solutions have to be generated and scored by the target functions in order to guarantee that the globally
optimal solution is found. Further, each of the various problems in natural language processing is typically approached with a different class of models,
ranging from n-gram statistics to complex regressors
and classifiers such as the support vector machines.
These different approaches need to be combined in
order to find the globally optimal solution. Therefore, in our study we aim to develop a search strategy that allows to combine a wider range of target
functions.

f (si ) =

M
X

fk (si )

(1)

k=1

is the sum of the scores given by the individual target
functions. The objective is to identify ŝ, the best
among the N possible solutions, that maximizes the
overall score:
ŝ = arg max f (si ) .
si

(2)

Suppose that the solutions are generated incrementally so that each solution si can be
reached through a sequence of F partial solutions
si,1 , si,2 , . . . , si,F , where si,F = si . Let further
u : S → (0, 1] be a measure of a degree of completion for a particular solution. For a complete solution si , u(si ) = 1, and for a partial solution si,n ,
u(si ) < 1. For instance, when assigning POS tags
to the words of a sentence, the degree of completion
could be defined as the number of words assigned
with a POS tag so far, divided by the total number of
words in the sentence.
The score of a partial solution si,n is, to a certain
extent, a prediction of the score of the corresponding complete solution si . Intuitively, the accuracy of
this prediction depends on the degree of completion.
The score of a partial solution with a high degree
of completion is generally closer to the final score,
compared to a partial solution with a low degree of
completion.
Let
δk (si,n ) = fk (si ) − fk (si,n )
(3)

An alternative approach is that of propagating n
best solutions through the pipeline system, where
each step re-ranks the solutions by local criteria
(Ji et al., 2005). Incorporating a wide range of
features representing information from all levels of
analysis into a single master classifier is other commonly used method (Kambhatla, 2004; Zelenko et
al., 2004).
In this paper, we assume the possibility of generating the structurally correct solutions incrementally, through a sequence of partially completed solutions. We then derive a probabilistic search algorithm that attempts to identify the globally best solution, without fully completing all structurally correct
solutions. Further, we do not impose strong restrictions, such as the Viterbi assumption, on the target
functions.
To a certain extent, this approach is related to the
problem of cost-sensitive learning, where obtaining
a feature value is associated with a cost and the
objective is to minimize the cost of training data
acquisition and the cost of instance classification
(Melville et al., 2004). However, the crucial difference is that we do not assume the possibility to
influence when advancing a partial solution, which
feature will be obtained next.

be the difference between the scores of si and si,n .
That is, δk (si,n ) is the error in score caused by the incompleteness of the partial solution si,n . As the solutions are generated incrementally, the exact value
of δk (si,n ) is not known at the moment of generating
si,n because the solution si has not been completed
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yet. However, we can model the error based on the
knowledge of si,n . We assume that, for a given si,n ,
the error δk (si,n ) is a random variable distributed according to a probability distribution with a density
function ∆k , denoted as
δk (si,n ) ∼ ∆k (δ; si,n ) .

d(f ; si,n )

σ 2(si,n )

(4)

The partial solution si,n is a parameter to the distribution and, in theory, each partial solution gives rise
to a different distribution of the same general shape.
We assume that the error δ(si,n ) is distributed
around a mean value and for a ‘reasonably behaving’ target function, the probability of a small error
is higher than the probability of a large error. Ideally,
the target function will not exhibit any systematic error, and the mean value would thus be zero1 . For instance, a positive mean error indicates a systematic
bias toward underestimating the score. The mean
error should approach 0 as the degree of completion
increases and the error of a complete solution is always 0. We have further argued that the reliability
of the prediction grows with the degree of completion. That is, the error of a partial solution with a
high degree of completion should exhibit a smaller
variance, compared to that of a largely incomplete
solution. The variance of the error for a complete
solution is always 0.
Knowing the distribution ∆k of the error δk , the
density of the distribution dk (f ; si,n ) of the final
score fk (si ) is obtained by shifting the density of
the error δk (si,n ) by fk (si,n ), that is,
fk (si ) ∼ dk (f ; si,n ) ,

(5)

dk (f ; si,n ) = ∆k (f − fk (si,n ) ; si,n ) .

(6)

ε

Sys. bias in error δ

0

f (si,n )

µ(si,n ) η(si,n )

Figure 1: The probability density d(f ; si,n ) of the
distribution of the final score f (si ), given a partial
solution si,n . The density is assumed normally distributed, with mean µ(si,n ) and variance σ 2 (si,n ).
With probability 1 − ε, the final score is less than
η(si,n ).
of the random variables f1 (si ) , . . . , fM (si ). Therefore, assuming independence, its density is the convolution of the densities of these variables, that is,
given si,n ,
d(f ; si,n ) = (d1 ∗ . . . ∗ dM )(f ; si,n ) ,

(7)

f (si ) ∼ d(f ; si,n ) .

(8)

and
We have assumed the independence of the target
function scores. Further, we will make the assumption that d takes the form of the normal distribution,
which is convolution-closed, a property necessary
for efficient calculation by Equation 7. We thus have

d(f ; si,n ) = n f ; µ(si,n ) , σ 2 (si,n ) ,
(9)

where

where n is the normal density function. While it
is unlikely that independence and normality hold
strictly, it is a commonly used approximation, necessary for an analytical solution of (7). The notions
introduced so far are illustrated in Figure 1.

So far, we have discussed the case of a single target function fk . Let us now consider the general
case of M target functions. Knowing the final score
density dk for the individual target functions fk , it is
now necessary to find the density of the overall score
f (si ). By Equation 1, it is distributed as the sum

2.1 The search algorithm
We will now apply the model introduced in the previous section to derive a probabilistic search algorithm.

1

We will see in our evaluation experiments that this is not
the case, and the target functions may exhibit a systematic bias
in the error δ.
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Let us consider two partial solutions si,n and sj,m
with the objective of deciding which one of them is
‘more promising’, that is, more likely to lead to a
complete solution with a higher score. The condition of ‘more promising’ can be defined in several
ways. For instance, once again assuming independence, it is possible to directly compute the probability P (f (si ) < f (sj )):

d(f ; sj,m )

P (f (si ) < f (sj ))
= P (f (si ) − f (sj ) < 0)
Z 0
=
(dsi,n ∗ (−dsj,m ))(f ) df ,

d(f ; si,n )

(10)

−∞

f (si,n )

where dsi,n refers to the function d(f ; si,n ). Since
d is the convolution-closed normal density, Equation 10 can be directly computed using the normal
cumulative distribution. The disadvantage of this
definition is that the cumulative distribution needs
to be evaluated separately for each pair of partial
solutions. Therefore, we assume an alternate definition of ‘more promising’ in which the cumulative
distribution is evaluated only once for each partial
solution.
Let ε ∈ [0, 1] be a probability value and η(si,n )
be the score such that P (f (si ) > η(si,n )) = ε. The
value of η(si,n ) can easily be computed from the inverse cumulative distribution function corresponding to the density function d(f ; si,n ). The interpretation of η(si,n ) is that with probability of 1 − ε,
the partial solution si,n , once completed, will lead
to a score smaller than η(si,n ). The constant ε is
a parameter, set to an appropriate small value. See
Figure 1 for illustration.
We will refer to η(si,n ) as the maximal expected
score of si,n . Of the two partial solutions, we consider as ‘more promising’ the one, whose maximal
expected score is higher. As illustrated in Figure 2,
it is possible for a partial solution si,n to be more
promising even though its score f (si,n ) is lower than
that of some other partial solution sj,m .
Further, given a complete solution si and a partial
solution sj,m , a related question is whether sj,m is a
promising solution, that is, whether it is likely that
advancing it will lead to a score higher than f (si ).
Using the notion of maximal expected score, we say
that a solution is promising if η(sj,m ) > f (si ).
With the definitions introduced so far, we are

f (sj,m ) η(si,n )
η(sj,m )

Figure 2: Although the score of si,n is lower than
the score of sj,m , the partial solution si,n is more
promising, since η(si,n ) > η(sj,m ). Note that for
the sake of simplicity, a zero systematic bias of the
error δ is assumed, that is, the densities are centered
around the partial solution scores.
now able to perform two basic operations: compare
two partial solutions, deciding which one of them is
more promising, and compare a partial solution with
some complete solution, deciding whether the partial solution is still promising or can be disregarded.
These two basic operations are sufficient to devise
the following search algorithm.
• Maintain a priority queue of partial solutions,
ordered by their maximal expected score.
• In each step, remove from the queue the partial solution with the highest maximal expected
score, advance it, and enqueue any resulting
partial solutions.
• Iterate while the maximal expected score of the
most promising partial solution remains higher
than the score of the best complete solution discovered so far.
The parameter ε primarily affects how early the
algorithm stops, however, it influences the order in
which the solutions are considered as well. Low values of ε result in higher maximal expected scores
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able that these scores are of comparable magnitudes.
Therefore, we normalize the target functions using
the z-normalization

and therefore partial solutions need to be advanced
to a higher degree of completion before they can be
disregarded as unpromising.
While there are no particular theoretical restrictions on the target functions, there is an important
practical consideration. Since the target function is
evaluated every time a partial solution si,n is advanced into si,n+1 , being able to use the information about si,n to efficiently compute fk (si,n+1 ) is
necessary.
The algorithm is to a large extent related to the A?
search algorithm, which maintains a priority queue
of partial solutions, ordered according to a score
g(x) + h(x), where g(x) is the score of x and h(x)
is a heuristic overestimate2 of the final score of the
goal reached from x. Here, the maximal expected
score of a partial solution is an overestimate with
the probability of 1 − ε and can be viewed as a probabilistic counterpart of the A? heuristic component
h(x). Note that A? only guarantees to find the best
solution if h(x) never underestimates, which is not
the case here.

z(x) =

x − mean(x)
.
stdev(x)

(11)

Each target function fk is normalized separately,
based on the data in the training set Tk . Throughout
our experiments, the values of the target function are
always z-normalized.
Let us now consider the estimation of the mean
µk (si,n ) and variance σk2 (si,n ) that define the density ∆k (δ; si,n ). Naturally, it is not possible to estimate the distribution parameters for each solution
si,n separately. Instead, we approximate the parameters based on two most salient characteristics of each
solution: the degree of completion u(si,n ) and the
score fk (si,n ). Thus,
µk (si,n ) ≈ µk (u(si,n ) , fk (si,n ))
σk2 (si,n )

≈

σk2 (u(si,n ) , fk (si,n ))

(12)
.

(13)

Let us assume the following notation: ui = u(s
 i,n ),
fi = fk (si,n ),uj = u sj,nj , fj = fk sj,nj , and
δj = δk sj,nj . The estimate is obtained from Tk
using kernel smoothing (Silverman, 1986):
P
t ∈T δj K
µk (ui , fi ) = Pj
(14)
tj ∈T K

2.2 Estimation of µk (si,n ) and σk2 (si,n )
So far, we have assumed that for each partial solution si,n and each target function fk , the density
∆k (δ; si,n ) is defined as a normal density specified
by the mean µk (si,n ) and variance σk2 (si,n ). This
density models the error δk (si,n ) that arises due to
the incompleteness of si,n . The parameters µk (si,n )
and σk2 (si,n ) are, in theory, different for each si,n and
reflect the behavior of the target function fk as well
as the degree of completion and possibly other attributes of si,n . It is thus necessary to estimate these
two parameters from data.
Let us, for each target function fk , consider a
training set of observations Tk ⊂ S × R.
 Each
∈ Tk
training observation tj = sj,nj , δk sj,nj
corresponds
 to a solution sj,nj with a known error
δk sj,nj = fk (sj ) − fk sj,nj .
Before we introduce the method to estimate the
density ∆k (δ; si,n ) for a particular si,n , we discuss
data normalization. The overall score f (si,n ) is defined as the sum of the scores assigned by the individual target functions fk . Naturally, it is desir-

and
σk2 (ui , fi )

=

P

tj ∈T

(δj − µk (ui , fi ))2 K
P
, (15)
tj ∈T K

where K stands for the kernel value Kui ,fi (uj , fj ).
The kernel K is the product of two Gaussians, centered at ui and fi , respectively.
Kui ,fi (uj , fj )


= n uj ; ui , σu2 · n fj ; fi , σf2 , (16)

where n x; µ, σ 2 is the normal density function.
The variances σu2 and σf2 control the degree of
smoothing along the u and f axes, respectively.
High variance results in stronger smoothing, compared to low variance. In our evaluation, we set the

2
In the usual application of A? to shortest-path search, h(x)
is a heuristic underestimate since the objective is to minimize
the score.
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Evaluation

We test the proposed search algorithm on the problem of dependency parsing. We have previously developed a finite-state implementation (Ginter et al.,
2006) of the Link Grammar (LG) parser (Sleator and
Temperley, 1991) which generates the parse through
the intersection of several finite-state automata. The
resulting automaton encodes all candidate parses.
The parses are then generated from left to right, proceeding through the automaton from the initial to
the final state. A partial parse is a sequence of n
words from the beginning of the sentence, together
with string encoding of their dependencies. Advancing a partial parse corresponds to appending to it the
next word. The degree of completion is then defined
as the number of words currently generated in the
parse, divided by the total number of words in the
sentence.
To evaluate the ability of the proposed method to
combine diverse criteria in the search, we use four
target functions: a complex state-of-the-art parse reranker based on a regularized least-squares (RLSC)
regressor (Tsivtsivadze et al., 2005), and three measures inspired by the simple heuristics applied by
the LG parser. The criteria are the average length of
a dependency, the average level of nesting of a dependency, and the average number of dependencies
linking a word. The RLSC regressor, on the other
hand, employs complex features and word n-gram
statistics.
The dataset consists of 200 sentences randomly selected from the BioInfer corpus of
dependency-parsed sentences extracted from abstracts of biomedical research articles (Pyysalo et
al., 2006). For each sentence, we have randomly
selected a maximum of 100 parses. For sentences
with less than 100 parses, all parses were selected.
The average number of parses per sentence is 62.
Further, we perform 5 × 2 cross-validation, that is,
in each of five replications, we divide the data randomly to two sets of 100 sentences and use one set to
estimate the probability distributions and the other
set to measure the performance of the search algorithm. The RLSC regressor is trained once, using a
different set of sentences from the BioInfer corpus.
The results presented here are averaged over the 10
folds. As a comparative baseline, we use a simple

−4

−4

−2

0

1

σ2A

1.0

Figure 3: Mean and variance of the error δ(si,n ).
By (12) and (13), the error is approximated as a
function of the degree of completion u(si,n ) and the
score fk (si,n ). The degree of completion is on the
horizontal and the score on the vertical axis. The
2 ) and (µ , σ 2 ) correspond to the
estimates (µA , σA
B
B
RLSC regressor and average link length target functions, respectively.

variance such that σu and σf equal to 10% of the distance from min(uj ) to max(uj ) and from min(fj )
to max(fj ), respectively.
The kernel-smoothed estimates of µ and σ 2 for
two of the four target functions used in the evaluation experiments are illustrated in Figure 3. While
both estimates demonstrate the decrease both in
mean and variance for u approaching 0, the target functions generally exhibit a different behavior. Note that the values are clearly dependent on
both the score and the degree of completion, indicating that the degree of completion alone is not sufficiently representative of the partial solutions. Ideally, the values of both the mean and variance should
be strictly 0 for u = 1, however, due to the effect of
smoothing, they remain non-zero.
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greedy search algorithm that always advances the
partial solution with the highest score until all solutions have been generated.

ε
0.01
0.05
0.10
0.20
Base

3.1 Results
For each sentence s with parses S {s1 , . . . , sN }, let
SC ⊆ S be the subset of parses fully completed before the algorithm stops and SN = S \ SC the subset of parses not fully completed. Let further TC be
the number of iterations taken before the algorithm
stops, and T be the total number of steps needed to
generate all parses in S. Thus, |S| is the size of the
search space measured in the number of parses, and
T is the size of the search space measured in the
number of steps. For a single parse si , rank(si ) is
the number of parses in S with a score higher than
f (si ) plus 1. Thus, the rank of all solutions with
the maximal score is 1. Finally, ord(si ) corresponds
to the order in which the parses were completed by
the algorithm (disregarding the stopping criterion).
For example, if the parses were completed in the
order s3 , s8 , s1 , then ord(s3 ) = 1, ord(s8 ) = 2,
and ord(s1 ) = 3. While two solutions have the
same rank if their scores are equal, no two solutions
have the same order. The best completed solution
ŝC ∈ SC is the solution with the highest rank in SC
and the lowest order among solutions with the same
rank. The best solution ŝ is the solution with rank 1
and the lowest order among solutions with rank 1. If
ŝ ∈ SC , then ŝC = ŝ and the objective of the algorithm to find the best solution was fulfilled. We use
the following measures of performance: rank(ŝC ),
C|
ord(ŝ), |S|S|
, and TTC . The most important criteria
are rank(ŝC ) which measures how good the best
found solution is, and TTC which measures the proportion of steps actually taken by the algorithm of
the total number of steps needed to complete all the
candidate solutions. Further, ord(ŝ), the number
of parses completed before the global optimum was
reached regardless the stopping criterion, is indicative about the ability of the search to reach the global
optimum early among the completed parses. Note
that all measures except for ord(ŝ) equal to 1 for
the baseline greedy search, since it lacks a stopping
criterion.
The average performance values for four settings
of the parameter ε are presented in Table 1. Clearly,

rank(ŝC )
1.6
2.8
4.0
6.0
1.0

ord(ŝ)
8.8
11.2
12.2
13.5
28.7

|SC |
|S|

TC
T

0.78
0.62
0.53
0.41
1.00

0.94
0.85
0.79
0.73
1.00

Table 1: Average results over all sentences.
the algorithm behaves as expected with respect to
the parameter ε. While with the strictest setting
ε = 0.01, 94% of the search space is explored, with
the least strict setting of ε = 0.2, 73% is explored,
thus pruning one quarter of the search space. The
proportion of completed parses is generally considerably lower than the proportion of explored search
space. This indicates that the parses are generally
advanced to a significant level of completion, but
then ruled out. The behavior of the algorithm is
thus closer to a breadth-first, rather than depth-first
search. We also notice that the average rank of the
best completed solution is very low, indicating that
although the algorithm does not necessarily identify
the best solution, it generally identifies a very good
solution. In addition, the order of the best solution is
low as well, suggesting that generally good solutions
are identified before low-score solutions. Further,
compared to the baseline, the globally optimal solution is reached earlier among the completed parses,
although this does not imply that it is reached earlier
in the number of steps. Apart from the overall averages, we also consider the performance with respect
to the number of alternative parses for each sentence
(Table 2). Here we see that even with the least strict
setting, the search finds a reasonably good solution
while being able to reduce the search space to 48%.

4

Conclusions and future work

We have considered the problem of identifying a
globally optimal solution among a set of candidate
solutions, jointly optimizing several target functions
that implement domain criteria. Assuming the solutions are generated incrementally, we have derived
a probabilistic search algorithm that aims to identify
the globally optimal solution without completing all
of the candidate solutions. The algorithm is based on
a model of the error in prediction caused by the in39

|S|
1-10
11-20
21-30
31-40
41-50
51-60
61-70
71-80
81-90
91-100

#
40
18
8
9
6
3
5
3
6
102

rank(ŝC )
1.0
1.1
1.0
1.2
1.0
1.0
1.1
1.0
2.5
5.2

ε = 0.01
ord(ŝ)
1.6
4.4
2.9
7.8
4.4
2.3
26.9
8.7
8.2
20.9

|SC |
|S|

TC
T

1.00
0.88
1.00
0.79
0.80
0.64
0.86
0.78
0.61
0.50

1.00
0.97
1.00
0.95
0.89
0.88
0.99
0.98
0.94
0.81

rank(ŝC )
1.2
2.8
1.0
2.6
4.9
7.1
3.4
9.2
9.3
18.9

ε = 0.2
ord(ŝ)
1.8
7.0
2.4
10.8
9.8
5.9
23.2
19.6
16.6
38.2

|SC |
|S|

TC
T

0.84
0.54
0.80
0.48
0.28
0.30
0.22
0.30
0.24
0.15

0.95
0.79
0.98
0.74
0.61
0.59
0.68
0.71
0.76
0.48

Base
ord(ŝ)
2.85
9.82
14.75
20.67
18.07
38.67
32.60
49.67
47.67
52.69

Table 2: Average results with respect to the number of alternative parses. The column # contains the number
of sentences in the dataset which have the given number of parses.
completeness of a partial solution. Using the model,
the order in which partial solutions are explored is
defined, as well as a stopping criterion for the algorithm.
We have performed an evaluation using best parse
identification as the model problem. The results indicate that the method is capable of combining simple heuristic criteria with a complex regressor, identifying solutions with a very low average rank.
The crucial component of the method is the model
of the error δ. Improving the accuracy of the model
may potentially further improve the performance of
the algorithm, allowing a more accurate stopping
criterion and better order in which the parses are
completed. We have assumed independence between the scores assigned by the target functions. As
a future work, a multivariate model will be considered that takes into account the mutual dependencies
of the target functions.
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Abstract

networks that are large and densely connected, making exact probabilistic inference intractable. Because
of this, existing applications of MLNs have not exploited the full richness of expressions available in
first-order logic.

Markov logic is a highly expressive language
recently introduced to specify the connectivity of a Markov network using first-order
logic. While Markov logic is capable of
constructing arbitrary first-order formulae
over the data, the complexity of these formulae is often limited in practice because
of the size and connectivity of the resulting network. In this paper, we present approximate inference and estimation methods that incrementally instantiate portions
of the network as needed to enable firstorder existential and universal quantifiers
in Markov logic networks. When applied
to the problem of identity uncertainty, this
approach results in a conditional probabilistic model that can reason about objects,
combining the expressivity of recently introduced BLOG models with the predictive power of conditional training. We validate our algorithms on the tasks of citation
matching and author disambiguation.

1

For example, consider the database of researchers
described in Richardson and Domingos (2004),
where predicates include Professor(person),
Student(person), AdvisedBy(person, person), and Published(author, paper). Firstorder formulae include statements such as “students
are not professors” and “each student has at most
one advisor.” Consider instead statements such as
“all the students of an advisor publish papers with
similar words in the title” or “this subset of students belong to the same lab.” To instantiate an
MLN with such predicates requires existential and
universal quantifiers, resulting in either a densely
connected network, or a network with prohibitively
many nodes. (In the latter example, it may be necessary to ground the predicate for each element of
the power set of students.)
However, as discussed in Section 2, there may
be cases where these aggregate predicates increase
predictive power.
For example, in predicting
the value of HaveSameAdvisor(ai . . . ai+k ),
it may be useful to know the values
of aggregate evidence predicates such as
CoauthoredAtLeastTwoPapers(ai . . . ai+k ),
which indicates whether there are at least two papers
that some combination of authors from ai . . . ai+k
have co-authored. Additionally, we can construct
predicates such as NumberOfStudents(ai ) to
model the number of students a researcher is likely
to advise simultaneously.

Introduction

Markov logic networks (MLNs) combine the probabilistic semantics of graphical models with the expressivity of first-order logic to model relational dependencies (Richardson and Domingos, 2004). They
provide a method to instantiate Markov networks
from a set of constants and first-order formulae.
While MLNs have the power to specify Markov
networks with complex, finely-tuned dependencies,
the difficulty of instantiating these networks grows
with the complexity of the formulae. In particular,
expressions with first-order quantifiers can lead to

These aggregate predicates are examples of universal and existentially quantified predicates over observed and unobserved values. To enable these sorts
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of predicates while limiting the complexity of the
ground Markov network, we present an algorithm
that incrementally expands the set of aggregate predicates during the inference procedure. In this paper,
we describe a general algorithm for incremental expansion of predicates in MLNs, then present an implementation of the algorithm applied to the problem
of identity uncertainty.

2

models of identity uncertainty (Milch et al., 2005;
McCallum and Wellner, 2003; Parag and Domingos,
2004). McCallum and Wellner (2003) present experiments using a conditional random field that factorizes into a product of pairwise decisions about mention pairs (Model 3). These pairwise decisions are
made collectively using relational inference; however,
as pointed out in Milch et al. (2004), there are shortcomings to this model that stem from the fact that it
does not capture features of objects, only of mention
pairs. For example, aggregate features such as “a researcher is unlikely to publish in more than 2 different fields” or “a person is unlikely to be referred to by
three different names” cannot be captured by solely
examining pairs of mentions. Additionally, decomposing an object into a set of mention pairs results
in “double-counting” of attributes, which can skew
reasoning about a single object (Milch et al., 2004).
Similar problems apply to the model in Parag and
Domingos (2004).
Milch et al. (2005) address these issues by constructing a generative probabilistic model over possible worlds called BLOG, where realizations of objects are typically sampled from a generative process.
While BLOG model provides attractive semantics for
reasoning about unknown objects, the transition to
generatively trained models sacrifices some of the attractive properties of the discriminative model in McCallum and Wellner (2003) and Parag and Domingos (2004), such as the ability to easily incorporate
many overlapping features of the observed mentions.
In contrast, generative models are constrained either
to assume the independence of these features or to
explicitly model their interactions.
Object identification can also be seen as an instance of supervised clustering. Daumé III and
Marcu (2004) and Carbonetto et al. (2005) present
similar Bayesian supervised clustering algorithms
that use a Dirichlet process to model the number
of clusters. As a generative model, it has similar advantages and disadvantages as Milch et al. (2005),
with the added capability of integrating out the uncertainty in the true number of objects.
In this paper, we present of identity uncertainty
that incorporates the attractive properties of McCallum and Wellner (2003) and Milch et al. (2005),
resulting in a discriminative model to reason about
objects.

Related Work

MLNs were designed to subsume various previously
proposed statistical relational models. Probabilistic
relational models (Friedman et al., 1999) combine
descriptive logic with directed graphical models, but
are restricted to acyclic graphs. Relational Markov
networks (Taskar et al., 2002) use SQL queries to
specify the structure of undirected graphical models. Since first-order logic subsumes SQL, MLNs
can be viewed as more expressive than relational
Markov networks, although existing applications of
MLNs have not fully utilized this increased expressivity. Other approaches combining logic programming and log-linear models include stochastic logic
programs (Cussens, 2003) and MACCENT(Dehaspe,
1997), although MLNs can be shown to represent
both of these.
Viewed as a method to avoid grounding an intractable number of predicates, this paper has similar
motivations to recent work in lifted inference (Poole,
2003; de Salvo Braz et al., 2005), which performs
inference directly at the first-order level to avoid instantiating all predicates. Although our model is not
an instance of lifted inference, it does attempt to reduce the number of predicates by instantiating them
incrementally.
Identity uncertainty (also known as record linkage,
deduplication, object identification, and co-reference
resolution) is the problem of determining whether a
set of constants (mentions) refer to the same object
(entity). Successful identity resolution enables vision systems to track objects, database systems to
deduplicate redundant records, and text processing
systems to resolve disparate mentions of people, organizations, and locations.
Many probabilistic models of object identification
have been proposed in the past 40 years in databases
(Fellegi and Sunter, 1969; Winkler, 1993) and natural language processing (McCarthy and Lehnert,
1995; Soon et al., 2001). With the introduction
of statistical relational learning, more sophisticated
models of identity uncertainty have been developed
that consider the dependencies between related consolidation decisions.
Most relevant to this work are the recent relational

3

Markov logic networks

Let F = {Fi } be a set of first order formulae with
corresponding real-valued weights w = {wi }. Given
a set of constants C = {ci }, define ni (x) to be the
number of true groundings of Fi realized in a setting
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of the world given by atomic formulae x. A Markov
logic network (MLN) (Richardson and Domingos,
2004) defines a joint probability distribution over
possible worlds x. In this paper, we will work with
discriminative MLNs (Singla and Domingos, 2005),
which define the conditional distribution over a set
of query atoms y given a set of evidence atoms x.
Using the normalizing constant Zx , the conditional
distribution is given by

This aggregate predicate reflects information about a subset of (k − i + 1) constants.
The value of this predicate is dependent on
the values of HaveSameLastName(ai , ai+1 ),
HaveSameLastName(ai , ai+2 ), etc.
However,
since all of the corresponding variables are observed,
inference does not need to ensure their consistency
or model their interaction.
In contrast, complex query predicates can make
inference more difficult.
Consider the query
predicate HaveSameAdvisor(ai . . . ai+k ). Here,
the related predicates HaveSameAdvisor(ai , ai+1 ),
HaveSameAdvisor(ai , ai+2 ), etc., all correspond
to unobserved binary random variables that the
model must predict. To ensure their consistency,
the resulting Markov network must contain dependency edges between each of these variables, resulting in a densely connected network. Since inference
in general in Markov networks scales exponentially
with the size of the largest clique, inference in the
grounded network quickly becomes intractable.
One solution is to limit the expressivity of the
predicates. In the previous example, we can decompose the predicate HaveSameAdvisor(ai . . . ai+k )
into its (k − i + 1)2 corresponding pairwise predicates, such as HaveSameAdvisor(ai , ai+1 ). Answering an aggregate query about the advisors of a
group of students can be handled by a conjunction
of these pairwise predicates.
However, as discussed in Sections 1 and 2, we
would like to reason about objects, not just pairs
of mentions, because this enables richer evidence
predicates. For example, the evidence predicates
AtLeastTwoCoauthoredPapers(ai . . . ai+k )
and
NumberOfStudents(ai )
can
be
highly predictive of the query predicate
HaveSameAdvisor(ai . . . ai+k ).
Below, we describe a discriminative MLN for identity uncertainty that is able to reason at the object
level.



|Fy |
X
1
exp 
wi ni (x, y) (1)
P (Y = y|X = x) =
Zx
i=1
where Fy ⊆ F is the set of clauses for which at least
one grounding contains a query atom, and ni (x, y)
is the number of true groundings of the ith clause
containing evidence atom x and query atom y.
3.1

Inference Complexity in Ground
Markov Networks

The set of predicates and constants in Markov logic
define the structure of a Markov network, called a
ground Markov network. In discriminative Markov
logic networks, this resulting network is a conditional
Markov network (also known as a conditional random field (Lafferty et al., 2001)).
From Equation 1, the formulae Fy specify the
structure of the corresponding Markov network as
follows: Each grounding of a predicate specified in
Fy has a corresponding node in the Markov network;
and an edge connects two nodes in the network if and
only if their corresponding predicates co-occur in a
grounding of a formula Fy . Thus, the complexity
of the formulae in Fy will determine the complexity
of the resulting Markov network, and therefore the
complexity of inference. When Fy contains complex
first-order quantifiers, the resulting Markov network
may contain a prohibitively large number of nodes.
For example, let the set of constants C be the set of
authors {ai }, papers {pi }, and conferences {ci } from
a research publication database. Predicates may include AuthorOf(ai , pj ), AdvisorOf(ai , aj ), and
ProgramCommittee(ai , cj ). Each grounding of a
predicate corresponds to a random variable in the
corresponding Markov network.
It is important to notice how query predicates and
evidence predicates differ in their impact on inference
complexity. Grounded evidence predicates result in
observed random variables that can be highly connected without resulting in an increase in inference
complexity. For example, consider the binary evidence predicate HaveSameLastName(ai . . . ai+k ).

3.2

Identity uncertainty

Typically, MLNs make a unique names assumption,
requiring that different constants refer to distinct objects. In the publications database example, each
author constant ai is a string representation of one
author mention found in the text of a citation. The
unique names assumption assumes that each ai refers
to a distinct author in the real-world. This simplifies
the network structure at the risk of weak or fallacious
predictions (e.g., AdvisorOf(ai , aj ) is erroneous if
ai and aj actually refer to the same author). The
identity uncertainty problem is the task of removing
the unique names assumption by determining which
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constants refer to the same real-world objects.
Richardson and Domingos (2004) address this concern by creating the predicate Equals(ci , cj ) between each pair of constants. While this retains the
coherence of the model, the restriction to pairwise
predicates can be a drawback if there exist informative features over sets of constants. In particular,
by only capturing features of pairs of constants, this
solution cannot model the compatibility of object attributes, only of constant attributes (Section 2).
Instead, we desire a conditional model that allows
predicates to be defined over a set of constants.
One approach is to introduce constants that represent objects, and connect them to their mentions by
predicates such as IsMentionOf(ci , cj ). In addition
to computational issues, this approach also somewhat problematically requires choosing the number
of objects. (See Richardson and Domingos (2004) for
a brief discussion.)
Instead, we propose instantiating aggregate predicates over sets of constants, such that a setting of
these predicates implicitly determines the number of
objects. This approach allows us to model attributes
over entire objects, rather than only pairs of constants. In the following sections, we describe aggregate predicates in more detail, as well as the approximations necessary to implement them efficiently.
3.3

cause of the resulting inference complexity. We show
that the gains made possible by these predicates often outweigh the approximations required for inference.
As discussed in Section 3.1, for each aggregate
query predicates A(d), it is critical that the model
predict consistent values for every related subset of d.
Enforcing this consistency requires introducing dependency edges between aggregate query predicates
that share arguments. In general, this can be a difficult problem. Here, we focus on the special case for
identity uncertainty where the main query predicate
under consideration is AreEqual(d).
The aggregate query predicate AreEqual(d) is
true if and only if all constants di ∈ d refer to the
same object. Since each subset of constants corresponds to a candidate object, a (consistent) setting
of all the AreEqual predicates results in a solution
to the object identification problem. The number
of objects is chosen based on the optimal grounding
of each of these aggregate predicates, and therefore
does not require a prior over the number of objects.
That is, once all the AreEqual predicates are set,
they determine a clustering with a fixed number of
objects. The number of objects is not modeled or set
directly, but is implied by the result of MAP inference. (However, a posterior over the number of objects could be modeled discriminatively in an MLN
(Richardson and Domingos, 2004).)
This formulation also allows us to compute aggregate evidence predicates over objects to help predict
the values of each AreEqual predicate. For example, NumberFirstNames(d) returns the number of
different first names used to refer to the object referenced by constants d. In this way, we can model
aggregate features of an object, capturing the compatibility among its attributes.
For a given C, there are |P(IC )| possible groundings of the AreEqual query predicates. Naively implemented, such an approach would require enumerating all subsets of constants, ultimately resulting in
an unwieldy network.
An equivalent way to state the problem is that
using N -ary predicates results in a Markov network
with one node for each grounding of the predicate.
Since in the general case there is one grounding
for each subset of C, the size of the corresponding
Markov network will be exponential in |C|. See Figure 1 for an example instantiation of an MLN with
three constants (a, b, c) and one AreEqual predicate.
In this paper, we provide algorithms to perform approximate inference and parameter estimation by incrementally instantiating these predicates

Aggregate predicates

Aggregate predicates are predicates that take as arguments an arbitrary number of constants. For example, the HaveSameAdvisor(ai . . . ai+k ) predicate in the previous section is an example of an aggregate predicate over k − i + 1 constants.
Let IC = {1 . . . N } be the set of indices into the set
of constants C, with power set P(IC ). For any subset
d ∈ P(IC ), an aggregate predicate A(d) defines a
property over the subset of constants d.
Note that aggregate predicates can be translated into first-order formulae.
For example,
HaveSameAdvisor(ai . . . ai+k ) can be re-written
as ∀(ax , ay ) ∈ {ai . . . ai+k } SameAdvisor(ax , ay ).
By using aggregate predicates we make explicit the
fact that we are modeling the attributes at the object
level.
We distinguish between aggregate query predicates, which represent unobserved aggregate variables, and aggregate evidence predicates, which represent observed aggregate variables. Note that using
aggregate query predicates can complicate inference,
since they represent a collection of fully connected
hidden variables. The main point of this paper is
that although these aggregate query predicates are
specifiable in MLNs, they have not been utilized be-
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AreEqual(a,b)

AreEqual(a,c)

Algorithm 1 Approximate MAP Inference Algorithm
1: Given initial predicates F 0
2: while ScoreIsIncreased do
3:
Fi∗ ⇐ FindMostLikelyPredicate(F t )
4:
Fi∗ ⇐ true
5:
F t ⇐ ExpandPredicates(Fi∗ , F t )
6: end while

AreEqual(b,c)

AreEqual(a,b,c)

Figure 1: An example of the network instantiated
by an MLN with three constants and the aggregate
predicate AreEqual, instantiated for all possible
subsets with size ≥ 2.

Algorithm 1 outlines a high-level description of the
approximate MAP inference algorithm. The algorithm first initializes the set of query predicated F 0
such that all AreEqual predicates are restricted
to pairs of constants, i.e. AreEqual(ci , cj ) ∀(i, j).
This is equivalent to a Markov network containing
one unobserved random variable for each pair of constants, where each variable indicates whether a pair
of constants refer to the same object.
Initially, each AreEqual predicate is assumed
false. In line 3, the procedure FindMostLikelyPredicate iterates through each query predicate
in F t , setting each to true in turn and calculating its
impact on the scoring function. The procedure returns the predicate Fi∗ such that setting Fi∗ to True
results in the greatest increase in the scoring function
S(y t , x).
Let (c∗i . . . c∗j ) be the set of constants “merged”
by setting their AreEqual predicate to true. The
ExpandPredicates procedure creates new predicates AreEqual(c∗i . . . c∗j , ck . . . cl ) corresponding to
all the potential predicates created by merging the
constants c∗i . . . c∗j with any of the other previously
merged constants. For example, after the first iteration, a pair of constants (c∗i , c∗j ) are merged.
The set of predicates are expanded to include
AreEqual(c∗i , c∗j , ck ) ∀ck , reflecting all possible additional references to the proposed object referenced
by c∗i , c∗j .
This algorithm continues until there is no predicate that can be set to true that increases the score
function.
In this way, the final setting of Fy is a local maximum of the score function. As in other search
algorithms, we can employ look-ahead to reduce
the greediness of the search (i.e., consider multiple
merges simultaneously), although we do not include
look-ahead in experiments reported here.
It is important to note that each expansion of the
aggregate query predicates Fy has a corresponding
set of aggregate evidence predicates. These evidence
predicates characterize the compatibility of the attributes of each hypothesized object.

as needed.
3.4

MAP Inference

Maximum a posteriori (MAP) inference seeks the solution to
y ∗ = argmax P (Y = y|X = x)
y

where y ∗ is the setting of all the query predicates
Fy (e.g. AreEqual) with the maximal conditional
density.
In large, densely connected Markov networks, a
common approximate inference technique is loopy
belief propagation (i.e. the max-product algorithm
applied to a cyclic graph). However, the use of aggregate predicates makes it intractable even to instantiate the entire network, making max-product
an inappropriate solution.
Instead, we employ an incremental inference technique that grounds aggregate query predicates in
an agglomerative fashion based on the model’s current MAP estimates. This algorithm can be viewed
as a greedy agglomerative search for a local optimum of P (Y |X), and has connections to recent work
on correlational clustering (Bansal et al., 2004) and
graph partitioning for MAP estimation (Boykov et
al., 2001).
First, note that finding the MAP estimate does not
require computing Zx , since we are only interested in
the relative values of each configuration, and Zx is
fixed for a given x. Thus, at iteration t, we compute
an unnormalized score for y t (the current setting of
the query predicates) given the evidence predicates
x as follows:
 t

|F |
X
S(y t , x) = exp 
wi ni (x, y t )
i=0

where F t ⊆ Fy is the set of aggregate predicates
representing a partial solution to the object identification task for constants C, specified by y t .
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3.4.1

Pruning

order optimization method (Liu and Nocedal, 1989).
The second approximation addresses the fact that
all query predicates from the training set cannot be
instantiated. We instead sample a subset FS ∈ Fy
and maximize the likelihood of this subset. The sampling is not strictly uniform, but is instead obtained
by collecting the predicates created while performing object identification using a weak method (e.g.
string comparisons). More explicitly, predicates are
sampled from the training data by performing greedy
agglomerative clustering on the training mentions,
using a scoring function that computes the similarity between two nodes by string edit distance. The
goal of this clustering is not to exactly reproduce the
training clusters, but to generate correct and incorrect clusters that have similar characteristics (size,
homogeneity) to what will be present in the testing
data.

The space required for the above algorithm scales
Ω(|C|2 ), since in the initialization step we must
ground a predicate for each pair of constants. We use
the canopy method of McCallum et al. (2000), which
thresholds a “cheap” similarity metric to prune unnecessary comparisons. This pruning can be done
at subsequent stages of inference to restrict which
predicates variables will be introduced.
Additionally, we must ensure that predicate settings at time t do not contradict settings at t − 1
(e.g. if F t (a, b, c) = 1, then F t+1 (a, b) = 1). By
greedily setting unobserved nodes to their MAP estimates, the inference algorithm ignores inconsistent
settings and removes them from the search space.
3.5

Parameter estimation

Given a fully labeled training set D of constants annotated with their referent objects, we would like to
estimate the value of w that maximizes the likelihood
of D. That is, w∗ = argmaxw Pw (y|x).
When the data are few, we can explicitly instantiate all AreEqual(d) predicates, setting their corresponding nodes to the values implied by D. The
likelihood is given byEquation 1, where the normalP
P|Fy0 |
0
izer is Zx = y0 exp
i=1 wi ni (x, y ) .

4

Experiments

We perform experiments on two object identification
tasks: citation matching and author disambiguation.
Citation matching is the task of determining whether
two research paper citation strings refer to the same
paper. We use the Citeseer corpus (Lawrence et al.,
1999), containing approximately 1500 citations, 900
of which are unique. The citations are manually labeled with cluster identifiers, and the strings are segmented into fields such as author, title, etc. The citation data is split into four disjoint categories by topic,
and the results presented are obtained by training on
three categories and testing on the fourth.
Using first-order logic, we create a number of aggregate predicates such as AllTitlesMatch, AllAuthorsMatch, AllJournalsMatch, etc., as
well as their existential counterparts, ThereExistsTitleMatch, etc. We also include count predicates, which indicate the number of these matches in
a set of constants.
Additionally, we add edit distance predicates,
which calculate approximate matches1 between title
fields, etc., for each pair of citations in a set of citations. Aggregate features are used for these, such as
“there exists a pair of citations in this cluster which
have titles that are less than 30% similar” and “the
minimum edit distance between titles in a cluster is
greater than 50%.”
We evaluate using pairwise precision, recall, and
F1, which measure the system’s ability to predict
whether each pair of constants refer to the same object or not. Table 1 shows the advantage of our

Although this sum over y 0 to calculate Zx is exponential in |y|, many inconsistent settings can be
pruned as discussed in Section 3.4.1.
In general, however, instantiating the entire set
of predicates denoted by y and calculating Zx is
intractable. Existing methods for MLN parameter estimation include pseudo-likelihood and voted
perceptron (Richardson and Domingos, 2004; Singla
and Domingos, 2005). We instead follow the recent
success in piecewise training for complex undirected
graphical models (Sutton and McCallum, 2005) by
making the following two approximations. First, we
avoid calculating the global normalizer Zx by calculating local normalizers, which sum only over the two
values for each aggregate query predicate grounded
in the training data. We therefore maximize the sum
of local probabilities for each query predicate given
the evidence predicates.
This approximation can be viewed as constructing
a log-linear binary classifier to predict whether an
isolated set of constants refer to the same object.
Input features include arbitrary first-order features
over the input constants, and the output is a binary
variable. The parameters of this classifier correspond
to the w weights in the MLN. This simplification
results in a convex optimization problem, which we
solve using gradient descent with L-BFGS, a second-

1
We use the Secondstring package,
http://secondstring.sourceforge.net
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Very often, middle name information is unavailable,
so the name “Miller, A.” may have high similarity to
both “Miller, A. B.” and “Miller, A. C.”. However,
it is unlikely that the same person has two different
middle names, and our model learns a weight for this
feature. Table 2 demonstrates the advantage of this
method.

Table 1: Precision, recall, and F1 performance for
citation matching task, where Objects is an MLN
using aggregate predicates, and Pairs is an MLN using only pairwise predicates. Objects outperforms
Pairs on three of the four testing sets.

constraint
reinforce
face
reason

pr
85.8
97.0
93.4
97.4

Objects
re
f1
79.1 82.3
90.0 93.4
84.8 88.9
69.3 81.0

pr
63.0
65.6
74.2
76.4

Pairs
re
98.0
98.2
94.7
95.5

f1
76.7
78.7
83.2
84.9

Table 2: Performance on the author disambiguation
task. Objects outperforms Pairs on two of the
three testing sets.

miller d
li w
smith b

Objects
pr
re
f1
73.9 29.3 41.9
39.4 47.9 43.2
61.2 70.1 65.4

Pairs
pr
re
44.6 1.0
22.1 1.0
14.5 1.0

Overall, Objects achieves F 1 scores superior to
Pairs on 5 of the 7 datasets. These results indicate
the potential advantages of using complex first-order
quantifiers in MLNs. The cases in which Pairs outperforms Objects are likely due to the fact that the
approximate inference used in Objects is greedy.
Increasing the robustness of inference is a topic of
future research.

5
f1
61.7
36.2
25.4

Conclusions and Future Work

We have presented an algorithm that enables practical inference in MLNs containing first-order existential and universal quantifiers, and have demonstrated
the advantages of this approach on two real-world
datasets. Future work will investigate efficient ways
to improve the approximations made during inference, for example by reducing its greediness by revising the MAP estimates made at previous iterations.

proposed model (Objects) over a model that only
considers pairwise predicates of the same features
(Pairs). Note that Pairs is a strong baseline that
performs collective inference of citation matching decisions, but is restricted to use only IsEqual(ci , cj )
predicates over pairs of citations. Thus, the performance difference is due to the ability to model firstorder features of the data.
Author disambiguation is the task of deciding
whether two strings refer to the same author. To increase the task complexity, we collect citations from
the Web containing different authors with matching
last names and first initials. Thus, simply performing
a string match on the author’s name would be insufficient in many cases. We searched for three common
last name / first initial combinations (Miller, D;
Li, W; Smith, B). From this set, we collected 400
citations referring to 56 unique authors. For these
experiments, we train on two subsets and test on the
third.
We generate aggregate predicates similar to those
used for citation matching. Additionally, we include features indicating the overlap of tokens from
the titles and indicating whether there exists a pair
of authors in this cluster that have different middle names. This last feature exemplifies the sort of
reasoning enabled by aggregate predicates: For example, consider a pairwise predicate that indicates
whether two authors have the same middle name.

Although the optimal number of objects is chosen implicitly by the inference algorithm, there may
be reasons to explicitly model this number. For example, if there exist global features of the data that
suggest there are many objects, then the inference algorithm should be less inclined to merge constants.
Additionally, the data may exhibit “preferential attachment” such that the probability of a constant
being added to an existing object is proportional to
the number of constants that refer to that object.
Future work will examine the feasibility of adding
aggregate query predicates to represent these values.
More subtly, one may also want to directly model
the size of the object population. For example, given
a database of authors, we may want to estimate not
only how many distinct authors exist in the database,
but also how many distinct authors exist outside of
the database, as discussed in Milch et al. (2005).
Discriminatively-trained models cannot easily reason
about objects for which they have no observations;
so a generative/discriminative hybrid model may be
required to properly estimate this value.
Finally, while the inference algorithm we describe
is evaluated only on the object uncertainty task, we
would like to extend it to perform inference over arbitrary query predicates.
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improving parsing performance. The re-ranking
models for parsing, for example, normally rely on
structures generated within the baseline parser
itself. Achieving really high performance for some
analysis components, however, requires that we
take a broader view, one that looks outside a single component in order to bring to bear knowledge from the entire NL analysis process. In this
paper we will demonstrate the potential of this
approach in enhancing the performance of Chinese name tagging within an information extraction application.
Combining information from other stages in the
analysis pipeline allows us to incorporate information from a much wider context, spanning the entire document and even going across documents.
This will give rise to new design issues; we will
examine and compare different re-ranking algorithms when applied to this task.
We shall first describe the general setting and
the special characteristics of re-ranking for name
tagging. Then we present and evaluate three reranking algorithms – MaxEnt-Rank, SVMRank
and a new algorithm, p-Norm Push Ranking – for
this problem, and show how an approach based on
multi-stage re-ranking can effectively handle features across sentence and document boundaries.

Abstract
Integrating information from different
stages of an NLP processing pipeline can
yield significant error reduction. We demonstrate how re-ranking can improve name
tagging in a Chinese information extraction system by incorporating information
from relation extraction, event extraction,
and coreference. We evaluate three stateof-the-art re-ranking algorithms (MaxEntRank, SVMRank, and p-Norm Push Ranking), and show the benefit of multi-stage
re-ranking for cross-sentence and crossdocument inference.

1 Introduction
In recent years, re-ranking techniques have been
successfully applied to enhance the performance
of NLP analysis components based on generative
models. A baseline generative model produces Nbest candidates, which are then re-ranked using a
rich set of local and global features in order to
select the best analysis. Various supervised learning algorithms have been adapted to the task of reranking for NLP systems, such as MaxEnt-Rank
(Charniak and Johnson, 2005; Ji and Grishman,
2005), SVMRank (Shen and Joshi, 2003), Voted
Perceptron (Collins, 2002; Collins and Duffy,
2002; Shen and Joshi, 2004), Kernel Based Methods (Henderson and Titov, 2005), and RankBoost
(Collins, 2002; Collins and Koo, 2003; Kudo et al.,
2005).
These algorithms have been used primarily
within the context of a single NLP analysis component, with the most intensive study devoted to

2 Prior Work
2.1

Ranking

We will describe the three state-of-the-art supervised ranking techniques considered in this work.
Later we shall apply and evaluate these algorithms
for re-ranking in the context of name tagging.
Maximum Entropy modeling (MaxEnt) has
been extremely successful for many NLP classifi-
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cation tasks, so it is natural to apply it to reranking problems. (Charniak and Johnson, 2005)
applied MaxEnt to improve the performance of a
state-of-art parser; also in (Ji and Grishman, 2005)
we used it to improve a Chinese name tagger.
Using SVMRank, (Shen and Joshi, 2003)
achieved significant improvement on parse reranking. They compared two different sample
creation methods, and presented an efficient training method by separating the training samples into
subsets.
The last approach we consider is a boostingstyle approach. We implement a new algorithm
called p-Norm Push Ranking (Rudin, 2006). This
algorithm is a generalization of RankBoost
(Freund et al. 1998) which concentrates specifically on the top portion of a ranked list. The parameter “p” determines how much the algorithm
concentrates at the top.
2.2

personal-social relation), and “a military base in
Germany” (a located relation). And there were 8
types of events, with 33 subtypes, such as “Kurt
Schork died in Sierra Leone yesterday” (a Die
event), and “Schweitzer founded a hospital in
1913” (a Start-Org event).
To extract these elements we have developed a
Chinese information extraction pipeline that consists of the following stages:
•
Name tagging and name structure parsing
(which identifies the internal structure of some
names);
•
Coreference resolution, which links "mentions" (referring phrases of selected semantic
types) into "entities": this stage is a combination of high-precision heuristic rules and
maximum entropy models;
•
Relation tagging, using a K-nearest-neighbor
algorithm to identify relation types and subtypes;
•
Event patterns, semi-automatically extracted
from ACE training corpora.

Enhancing Named Entity Taggers

There have been a very large number of NE tagger
implementations since this task was introduced at
MUC-6 (Grishman and Sundheim, 1996). Most
implementations use local features and a unifying
learning algorithm based on, e.g., an HMM, MaxEnt, or SVM. Collins (2002) augmented a baseline
NE tagger with a re-ranker that used only local,
NE-oriented features. Roth and Yih (2002) combined NE and semantic relation tagging, but
within a quite different framework (using a linear
programming model for joint inference).

3.2

Again, the central idea is to apply the baseline
name tagger to generate N-Best multiple hypotheses for each sentence; the results from subsequent
components are then exploited to re-rank these
hypotheses and the new top hypothesis is output
as the final result.
In our name re-ranking model, each hypothesis
is an NE tagging of the entire sentence. For example, “<PER>John</PER> was born in
<GPE>New York</GPE>.” is one hypothesis
for the sentence “John was born in New York”.
We apply a HMM tagger to identify four named
entity types: Person, GPE, Organization and Location. The HMM tagger generally follows the
Nymble model (Bikel et al, 1997), and uses bestfirst search to generate N-Best hypotheses. It also
computes the “margin”, which is the difference
between the log probabilities of the top two hypotheses. This is used as a rough measure of confidence in the top hypothesis. A large margin
indicates greater confidence that the first hypothesis is correct. The margin also determines the
number of hypotheses (N) that we will store. Using cross-validation on the training data, we determine the value of N required to include the best

3 A Framework for Name Re-Ranking
3.1

Hypothesis Representation and Generation

The Information Extraction Pipeline

The extraction task we are addressing is that of the
Automatic Content Extraction (ACE)1 evaluations.
The 2005 ACE evaluation had 7 types of entities,
of which the most common were PER (persons),
ORG (organizations), LOC (natural locations) and
GPE (‘geo-political entities’ – locations which are
also political units, such as countries, counties,
and cities). There were 6 types of semantic relations, with 18 subtypes. Examples of these relations are “the CEO of Microsoft” (an
organization-affiliation relation), “Fred’s wife” (a
1

The ACE task description can be found at
http://www.itl.nist.gov/iad/894.01/tests/ace/
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of four subsequent stages – name structure parsing,
relation extraction, event patterns, and coreference
analysis – to seek the best hypothesis.
We included ten features based on name structure parsing to capture the local information
missed by the baseline name tagger such as details
of the structure of Chinese person names.
The relation and event re-ranking features are
based on matching patterns of words or constituents. They serve to correct name boundary errors
(because such errors would prevent some patterns
from matching). They also exert selectional preferences on their arguments, and so serve to correct
name type errors. For each relation argument, we
included a feature whose value is the likelihood
that relation appears with an argument of that semantic type (these probabilities are obtained from
the training corpus and binned). For each event
pattern, a feature records whether the types of the
arguments match those required by the pattern.
Coreference can link multiple mentions of
names provided they have the same spelling
(though if a name has several parts, some may be
dropped) and same semantic type. So if the
boundary or type of one mention can be determined with some confidence, coreference can be
used to disambiguate other mentions, by favoring
hypotheses which support more coreference. To
this end, we incorporate several features based on
coreference, such as the number of mentions referring to a name candidate.
Each of these features is defined for individual
name candidates; the value of the feature for a
hypothesis is the sum of its values over all names
in the hypothesis. The complete set of detailed
features is listed in (Ji and Grishman, 2006).

hypothesis, as a function of the margin. We then
divide the margin into ranges of values, and set a
value of N for each range, with a maximum of 30.
To obtain the training data for the re-ranking
algorithm, we separate the name tagging training
corpus into k folders, and train the HMM name
tagger on k-1 folders. We then use the HMM to
generate N-Best hypotheses H = {h1, h2,…,hN} for
each sentence in the remaining folder. Each hi in
H is then paired with its NE F-measure, measured
against the key in the annotated corpus.
We define a “crucial pair” as a pair of hypotheses such that, according to F-Measure, the first
hypothesis in the pair should be more highly
ranked than the second. That is, if for a sentence,
the F-Measure of hypothesis hi is larger than that
of hj, then (hi, hj) is a crucial pair.
3.3

Re-Ranking Functions

We investigated the following three different formulations of the re-ranking problem:
• Direct Re-Ranking by Score
For each hypothesis hi, we attempt to learn a scoring function f : H Æ R, such that f(hi) > f(hj) if the
F-Measure of hi is higher than the F-measure of hj.
•

Direct Re-Ranking by Classification
For each hypothesis hi, we attempt to learn f : H
Æ {-1, 1}, such that f(hi) = 1 if hi has the top FMeasure among H; otherwise f(hi) = -1. This can
be considered a special case of re-ranking by
score.

•

Indirect Re-Ranking Function
For each “crucial” pair of hypotheses (hi, hj), we
learn f : H × H Æ {-1, 1}, such that f(hi, hj) = 1 if
hi is better than hj; f (hi, hj) = -1 if hi is worse than
hj. We call this “indirect” ranking because we
need to apply an additional decoding step to pick
the best hypothesis from these pair-wise comparison results.

4.2

Coreference is potentially a powerful contributor
for enhancing NE recognition, because it provides
information from other sentences and even documents, and it applies to all sentences that include
names. For a name candidate, 62% of its coreference relations span sentence boundaries. However, this breadth poses a problem because it
means that the score of a hypothesis for a given

4 Features for Re-Ranking
4.1

Handling Cross-Sentence Features by
Multi-Stage Re-Ranking

Inferences From Subsequent Stages

Information extraction is a potentially symbiotic
pipeline with strong dependencies between stages
(Roth and Yih, 2002&2004; Ji and Grishman,
2005). Thus, we use features based on the output
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sentence may depend on the tags assigned to the
same names in other sentences.2
Ideally, when we re-rank the hypotheses for one
sentence S, the other sentences that include mentions of the same name should already have been
re-ranked, but this is not possible because of the
mutual dependence. Repeated re-ranking of a sentence would be time-consuming, so we have
adopted an alternative approach. Instead of incorporating coreference evidence with all other information in one re-ranker, we apply two rerankers in succession.
In the first re-ranking step, we generate new
rankings for all sentences based on name structure,
relation and event features, which are all sentenceinternal evidence. Then in a second pass, we apply a re-ranker based on coreference between the
names in each hypothesis of sentence S and the
mentions in the top-ranking hypothesis (from the
first re-ranker) of all other sentences.3 In this way,
the coreference re-ranker can propagate globally
(across sentences and documents) high-confidence
decisions based on the other evidence. In our final
MaxEnt Ranker we obtained a small additional
gain by further splitting the first re-ranker into
three separate steps: a name structure based reranker, a relation based re-ranker and an event
based re-ranker; these were incorporated in an
incremental structure.
4.3

document d. If H(T, d) is smaller than a threshold
then we add d to T. H(T, d) is defined by:
H (T , d ) = − prob(T , x) × log prob(d , x) .

∑
x∈Q

We built these clusters two ways: first, just
clustering the test documents; second, by augmenting these clusters with related documents
retrieved from a large unlabeled corpus (with
document relevance measured using crossentropy).

5

Re-Ranking Algorithms

We have been focusing on selecting appropriate
ranking algorithms to fit our application. We
choose three state-of-the-art ranking algorithms
that have good generalization ability. We now
describe these algorithms.
5.1

MaxEnt-Rank

5.1.1 Sampling and Pruning
Maximum Entropy models are useful for the task
of ranking because they compute a reliable ranking probability for each hypothesis. We have tried
two different sampling methods – single sampling
and pairwise sampling.
The first approach is to use each single hypothesis hi as a sample. Only the best hypothesis
of each sentence is regarded as a positive sample;
all the rest are regarded as negative samples. In
general, absolute values of features are not good
indicators of whether a hypothesis will be the best
hypothesis for a sentence; for example, a coreferring mention count of 7 may be excellent for
one sentence and poor for another. Consequently,
in this single-hypothesis-sampling approach, we
convert each feature to a Boolean value, which is
true if the original feature takes on its maximum
value (among all hypotheses) for this hypothesis.
This does, however, lose some of the detail about
the differences between hypotheses.
In pairwise sampling we used each pair of hypotheses (hi, hj) as a sample. The value of a feature for a sample is the difference between its
values for the two hypotheses. However, considering all pairs causes the number of samples to
grow quadratically (O(N2)) with the number of
hypotheses, compared to the linear growth with
best/non-best sampling. To make the training and

Adding Cross-Document Information

The idea in coreference is to link a name mention
whose tag is locally ambiguous to another mention that is unambiguously tagged based on local
evidence. The wider a net we can cast, the greater
the chance of success. To cast the widest net possible, we have used cross-document coreference
for the test set. We cluster the documents using a
cross-entropy metric and then treat the entire cluster as a single document.
We take all the name candidates in the top N
hypotheses for each sentence in each cluster T to
construct a “query set” Q. The metric used for the
clustering is the cross entropy H(T, d) between the
distribution of the name candidates in T and
2 For in-document coreference, this problem could be avoided if the tagging of
an entire document constituted a hypothesis, but that would be impractical … a
very large N would be required to capture sufficient alternative taggings in an
N-best framework.
3 This second pass is skipped for sentences for which the confidence in the top
hypothesis produced by the first re-ranker is above a threshold.
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test procedures more efficient, we prune the data
in several ways.
We perform pruning by beam setting, removing
candidate hypotheses that possess very low probabilities from the HMM, and during training we
discard the hypotheses with very low F-measure
scores. Additionally, we incorporate the pruning
techniques used in (Chiang 2005), by which any
hypothesis with a probability lower thanαtimes
the highest probability for one sentence is discarded. We also discard the pairs very close in
performance or probability.

Output
If the number of remaining hypotheses in H is 1,
then output it as the best hypothesis; else propagate all hypothesis pairs into the next re-ranker.
5.2

SVMRank

We implemented an SVM-based model, which
can theoretically achieve very low generalization
error. We use the SVMLight package (Joachims,
1998), with the pairwise sampling scheme as for
MaxEnt-Rank. In addition we made the following
adaptations: we calibrated the SVM outputs, and
separated the data into subsets.
To speed up training, we divided our training
samples into k subsets. Each subset contains N(N1)/k pairs of hypotheses of each sentence.
In order to combine the results from these different SVMs, we must calibrate the function values; the output of an SVM yields a distance to the
separating hyperplane, but not a probability. We
have applied the method described in (Shen and
Joshi, 2003), to map SVM’s results to probabilities via a sigmoid. Thus from the kth SVM, we get
the probability for each pair of hypotheses:
prob( f k (hi , h j ) = 1) ,

5.1.2 Decoding
If f is the ranking function, the MaxEnt model
produces a probability for each un-pruned “crucial” pair: prob(f(hi, hj) = 1), i.e., the probability
that for the given sentence, hi is a better hypothesis than hj. We need an additional decoding step to
select the best hypothesis. Inspired by the caching
idea and the multi-class solution proposed by
(Platt et al. 2000), we use a dynamic decoding
algorithm with complexity O(n) as follows.
We scale the probability values into three types:
CompareResult (hi, hj) = “better” if prob(f(hi, hj) =
1) >δ1, “worse” if prob(f(hi, hj) = 1) <δ2, and
“unsure” otherwise, where δ1≥δ2. 4

namely the probability of hi being better than hj.
Then combining all k SVMs’ results we get:
Z (hi , h j ) =
prob( f k (hi , h j ) = 1) .

∏

Prune
for i = 1 to n
Num = 0;
for j = 1 to n and j≠i
If CompareResult(hi, hj) = “worse”
Num++;
if Num>βthen discard hi from H

k

So the hypothesis hi with maximal value is chosen as the top hypothesis:
arg max (∏ Z ( hi , h j )) .
hi

5.3

j

P-Norm Push Ranking

The third algorithm we have tried is a general
boosting-style supervised ranking algorithm called
p-Norm Push Ranking (Rudin, 2006). We describe this algorithm in more detail since it is quite
new and we do not expect many readers to be familiar with it.
The parameter “p” determines how much emphasis (or “push”) is placed closer to the top of the
ranked list, where p≥1. The p-Norm Push Ranking
algorithm generalizes RankBoost (take p=1 for
RankBoost). When p is set at a large value, the
rankings at the top of the list are given higher priority (a large “push”), at the expense of possibly
making misranks towards the bottom of the list.

Select
Initialize: i = 1, j = n
while (i<j)
if CompareResult(hi, hj) = “better”
discard hj from H;
j--;
else if CompareResult(hi, hj) = “worse”
discard hi from H;
i++;
else break;

4

In the final stage re-ranker we useδ1=δ2 so that we don’t generate the
output of “unsure”, and one hypothesis is finally selected.
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Since for our application, we do not care about the
rankings at the bottom of the list (i.e., we do not
care about the exact rank ordering of the bad hypotheses), this algorithm is suitable for our problem. There is a tradeoff for the choice of p; larger
p yields more accurate results at the very top of
the list for the training data. If we want to consider
more than simply the very top of the list, we may
desire a smaller value of p. Note that larger values
of p also require more training data in order to
maintain generalization ability (as shown both by
theoretical generalization bounds and experiments). If we want large p, we must aim to choose
the largest value of p that allows generalization,
given our amount of training data. When we are
working on the first stage of re-ranking, we consider the whole top portion of the ranked list, because we use the rank in the list as a feature for
the next stage. Thus, we have chosen the value
p1=4 (a small “push”) for the first re-ranker. For
the second re-ranker we choose p2=16 (a large
“push”).
The objective of the p-Norm Push Ranking algorithm is to create a scoring function f: HÆR
such that for each crucial pair (hi, hj), we shall
have f(hi) > f(hj). The form of the scoring function
is f(hi) = ∑αkgk(hi), where gk is called a weak
ranker: gk : H Æ [0,1]. The values of αk are determined by the p-Norm Push algorithm in an iterative way.
The weak rankers gk are the features described
in Section 4. Note that we sometimes allow the
algorithm to use both gk and g’k(hi)=1-gk(hi) as
weak rankers, namely when gk has low accuracy
on the training set; this way the algorithm itself
can decide which to use.
As in the style of boosting algorithms, realvalued weights are placed on each of the training
crucial pairs, and these weights are successively
updated by the algorithm. Higher weights are
given to those crucial pairs that were misranked at
the previous iteration, especially taking into account the pairs near the top of the list. At each
iteration, one weak ranker gk is chosen by the algorithm, based on the weights. The coefficient αk
is then updated accordingly.

6
6.1

We use 100 texts from the ACE 04 training corpus
for a blind test. The test set included 2813 names:
1126 persons, 712 GPEs, 785 organizations and
190 locations. The performance is measured via
Precision (P), Recall (R) and F-Measure (F).
The baseline name tagger is trained from 2978
texts from the People’s Daily news in 1998 and
also 1300 texts from ACE training data.
The 1,071,285 training samples (pairs of hypotheses) for the re-rankers are obtained from the
name tagger applied on the ACE training data, in
the manner described in Section 3.2.
We use OpenNLP 5 for the MaxEnt-Rank experiments. We use SVMlight (Joachims, 1998) for
SVMRank, with a linear kernel and the soft margin parameter set to the default value. For the pNorm Push Ranking, we apply 33 weak rankers,
i.e., features described in Section 4. The number
of iterations was fixed at 110, this number was
chosen by optimizing the performance on a development set of 100 documents.
6.2

Effect of Pairwise Sampling

We have tried both single-hypothesis and pairwise
sampling (described in section 5.1.1) in MaxEntRank and p-Norm Push Ranking. Table 1 shows
that pairwise sampling helps both algorithms.
MaxEnt-Rank benefited more from it, with precision and recall increased 2.2% and 0.4% respectively.
MaxEntRank
p-Norm
Push

Model
Single Sampling
Pairwise Sampling
Single Sampling
Pairwise Sampling

P
89.6
91.8
91.4
91.2

R
90.2
90.6
89.6
90.8

F
89.9
91.2
90.5
91.0

Table 1. Effect of Pairwise Sampling
6.3

Overall Performance

In Table 2 we report the overall performance for
these three algorithms. All of them achieved improvements on the baseline name tagger. MaxEnt
yields the highest precision, while p-Norm Push
Ranking with p2 = 16 yields the highest recall.
A larger value of “p” encourages the p-Norm
Push Ranking algorithm to perform better near the
top of the ranked list. As we discussed in section

Experiment Results
Data and Resources

5
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http://maxent.sourceforge.net/index.html

5.3, we use p1 = 4 (a small “push”) for the first reranker and p2 = 16 (a big “push”) for the second
re-ranker. From Table 2 we can see that p2 = 16
obviously performed better than p2 = 1. In general,
we have observed that for p2 ≤16, larger p2 correlates with better results.
Model
Baseline
MaxEnt-Rank
SVMRank
p-Norm Push Ranking (p2 =16)
p-Norm Push Ranking
(p2 =1, RankBoost)

P
87.4
91.8
89.5
91.2
89.3

R
87.6
90.6
90.1
90.8
89.7

In Table 3 we summarize the running time of
these three algorithms in our application.

7

We have shown that the other components of an
IE pipeline can provide information which can
substantially improve the performance of an NE
tagger, and that these improvements can be realized through a variety of re-ranking algorithms.
MaxEnt re-ranking using binary sampling and pNorm Push Ranking proved about equally effective.7 p-Norm Push Ranking was particularly efficient for decoding (about 10 documents /
minute), although no great effort was invested in
tuning these procedures for speed.
We presented methods to handle cross-sentence
inference using staged re-ranking and to incorporate additional evidence through document clustering.
An N-best / re-ranking strategy has proven effective for this task because with relatively small
values of N we are already able to include highlyrated hypotheses for most sentences. Using the
values of N we have used throughout (dependent
on the margin of the baseline HMM, but never
above 30), the upper bound of N-best performance
(if we always picked the top-scoring hypothesis)
is 97.4% recall, 96.2% precision, F=96.8%.
Collins (2002) also applied re-ranking to improve name tagging. Our work has addressed both
name identification and classification, while his
only evaluated name identification. Our re-ranker
used features from other pipeline stages, while his
were limited to local features involving lexical
information and 'word-shape' in a 5-token window.
Since these feature sets are essentially disjoint, it
is quite possible that a combination of the two
could yield even further improvements. His boosting algorithm is a modification of the method in
(Freund et al., 1998), an adaptation of AdaBoost,
whereas our p-Norm Push Ranking algorithm can
emphasize the hypotheses near the top, matching
our objective.
Roth and Yih (2004) combined information
from named entities and semantic relation tagging,
adopting a similar overall goal but using a quite
different approach based on linear programming.

F
87.5
91.2
89.8
91.0
89.5

Table 2. Overall Performance
The improved NE results brought better performance for the subsequent stages of information
extraction too. We use the NE outputs from MaxEnt-Ranker as inputs for coreference resolver and
relation tagger. The ACE value 6 of entity detection (mention detection + coreference resolution)
is increased from 73.2 to 76.5; the ACE value of
relation detection is increased from 34.2 to 34.8.
6.4

Effect of Cross-document Information

As described in Section 4.3, our algorithm incorporates cross-document coreference information.
The 100 texts in the test set were first clustered
into 28 topics (clusters). We then apply crossdocument coreference on each cluster. Compared
to single document coreference, cross-document
coreference obtained 0.5% higher F-Measure, using MaxEnt-Ranker, improving performance for
15 of these 28 clusters.
These clusters were then extended by selecting
84 additional related texts from a corpus of 15,000
unlabeled Chinese news articles (using a crossentropy metric to select texts). 24 clusters gave
further improvement, and an overall 0.2% further
improvement on F-Measure was obtained.
6.5

Efficiency

Model
MaxEnt-Rank
SVMRank
p-Norm Push Ranking

Training
7 hours
48 hours
3.2 hours

Discussion

Test
55 minutes
2 hours
10 minutes

Table 3. Efficiency Comparison
7

The features were initially developed and tested using the MaxEnt re-ranker,
so it is encouraging that they worked equally well with the p-Norm Push
Ranker without further tuning.

6

The ACE04 value scoring metric can be found at:
http://www.nist.gov/speech/tests/ace/ace04/doc/ace04-evalplan-v7.pdf
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They limited themselves to name classification,
assuming the identification given. This may be a
natural subtask for English, where capitalization is
a strong indicator of a name, but is much less useful for Chinese, where there is no capitalization or
word segmentation, and boundary errors on name
identification are frequent. Expanding their approach to cover identification would have greatly
increased the number of hypotheses and made
their approach slower. In contrast, we adjust the
number of hypotheses based on the margin in order to maintain efficiency while minimizing the
chance of losing a high-quality hypothesis.
In addition we were able to capture selectional
preferences (probabilities of semantic types as
arguments of particular semantic relations as
computed from the corpus), whereas Roth and Yih
limited themselves to hard (boolean) type constraints.
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