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Abstract

The accurate segmentation of references in sci-
entific publications is a crucial task for many
important applications like academic search en-
gines or analysis of citation graphs. One of the
most successful and popular techniques for this
labeling problem are Conditional Random Fields
(CRF) and especially their chain structured vari-
ants. However, the structural consistencies intro-
duced by the applied citation style guide in the
natural source of references, namely the refer-
ence sections of published papers, are till now
neglected by these methods. We propose a vari-
ant of skip-chain CRFs for collective informa-
tion extraction and exploit these long range de-
pendencies by adding potentials for consistent la-
bel transitions. The experimental results indicate
that our approach outperforms the common ap-
proaches on the data set by achieving an average
error reduction of 46%.

1 Introduction

The automatic extraction of references from research pa-
pers provides access to structured data that allows for sev-
eral useful applications. For instance, academic search en-
gines aid researchers in their daily work and the analysis of
citation graphs yields valuable insights about research com-
munities, topics and trends. However, this pipeline process-
ing often induces cascading errors and consequently the ac-
curacy of the base extraction components is crucial for the
overall quality of the systems. This is a widely known prob-
lem of natural language processing in general. Hence, the
improvement of reference extraction systems is still attrac-
tive even if state-of-the-art methods achieve average accu-
racies better than 90%.

One of the most popular techniques for this task are Con-
ditional Random Fields (CRF) and their chain structured
variant linear chain CRFs. They model conditional proba-
bilities with undirected graphs and are trained in a super-
vised fashion to discriminate label sequences. Although
CRFs and related methods achieve remarkable results, their
accuracy in real world applications is often not sufficient.
Many possibilities to improve their accuracy remain open.
One aspect of improvement of CRFs in general has been the
relaxation of the assumption that the instances are indepen-
dent and identically distributed. Long-range dependencies
of instances or interesting entities have been in the focus
of collective information extraction in order to improve the
accuracy. One example for named entity recognition are

skip-chain CRFs [Sutton and McCallum, 2004] that add
additional factors between related tokens. They achieved
significant improvements with the assumption that similar
tokens should be labeled with consistent entities.

If semi-structured text contains several instances or en-
tities, it may often lead to structural consistencies between
its instances. This is especially true for the domain we are
addressing in this work: the segmentation of references in
research papers. The bibliographic section of a scientific
publication applies a single style guide and its instances,
namely the references, share a very similar structure and
composition. While these references are locally homoge-
neously composed in one context, the data set is globally
still heterogeneous and the structure of information is pos-
sibly contradictory.

We propose a variant of skip-chain CRFs for exploiting
these structural consistencies. The common skip-chain ap-
proach introduces long range dependencies based on the
observation, that is, between labels whose associated to-
kens are identical or share a predefined similarity. Instead,
our work focuses on patterns and properties of the label se-
quence. Additional dependencies are added to the assigned
label transitions within one reference section to represent
the assumed homogeneity. We evaluate the proposed ap-
proach with reassigned instances of freely available data
sets for the segmentation of references. In a five fold
cross evaluation our methods outperforms the common ap-
proaches and achieves an average error reduction of 46%.

The paper is structured as follows: Section 2 introduces
CRFs and the fundamentals of linear chain CRFs and the
initially formulated skip-chain CRFs which are applied in
the evaluation. Subsequently, we describe our variant of
skip-chain CRFs. The evaluation setting and experimental
results are presented and discussed in Section 3. Section 4
gives a short overview of the related work. Finally, Sec-
tion 5 concludes with a summary of the presented work.

2 Method

We interpret reference extraction as a structured predic-
tion problem between sequences of random variables x =
(x¢)t=1,... n» denoting observed input tokens, and corre-
sponding output random variables y = (y;)¢=1, .. » for the
labellings of x. It is important for our approach that x rep-
resents multiple instances that were drawn in the same con-
text and exhibit structural consistencies, e.g., a sequence x
contains the tokens of all references of a reference section
of a research paper, y contains the corresponding BibTex
types and x was created from y following a style guide.
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Figure 1: Excerpt of a skip-chain CRF for consistent label transitions. The output variables y4 and ys5 both satisfy kag,
i.e., they both have Author values, followed by variables with non-Author values. Moreover, we assume that they are part
of the same context but not part of the same reference, i.e., 7(y4) # r(yss5). Further skip edges emanating from y4 and ys5
are not shown for simplicity. ys3 is not linked to y4, y55 although all three have the same word identity.

2.1 Conditional Random Fields

Conditional Random Fields (CRFs) [Lafferty et al., 2001]
are undirected graphical models which model condi-
tional distributions. Given exponential potential functions

D (ye,xc) =exp (D, )\k.fk (Ye,Xc)) a CRF assigns

YIX H(I) YC7Xc (1)
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to a graph with cliques C under model parameters A=
(A1,...,Axg) € RE.  The partition function Z, =
>y Heee @ (YesXe) is a normalization factor to assert
>, Pa(yx) = 1. The feature functions f, can be real
valued in general, however, we assume binary feature func-
tions.

For the following it is essential that CRFs allow to in-
corporate properties of arbitrary parts of both the input se-
quence and the output sequence into the model through the
choice of the cliques ¢ € C of the graph and the feature
functions fy.

2.2 Linear Chain CRFs

Linear chain CRFs restrict the underlying graph structures
to be linear sequences, typically with a first order Markov
assumption. The assignment of y; given x and y — y; =
(Yt)t=1,....4—1,¢4+1,... nis then only dependent on y;_1, Y41
and x. The arguments of the feature functions in the condi-
tional probability assignment

Pi(ylx) = feXp (ZZ)\k Fie(Ye—1, Y2, %, t))

t=1 k=1

of linear chain CRFs show the characteristic independence
assumptions.

2.3 Skip-Chain CRFs

Skip-chain CRFs [Sutton and McCallum, 2004] break the
first order Markov assumption of standard linear chain
CRFs by adding potentials to the graph that address de-
pendencies between distant labels and tokens. A set [ =
{(u,v)} € {1,...,n} x {1,...,n} defines positions u,v
for which y,,, y,, are connected by skip edges. To reduce the
computational cost, I has to be kept small. Hence, I = Ix
is determined on certain conditions of the input sequence x
to create a sparse graph structure, e.g., skip-chain CRFs for
named entity recognition (NER) unroll skip edges based on
the word identity of the tokens in x [Sutton and McCallum,
2004]. The new potentials correspond to feature functions
gs, s = 1,...,.S that have the form

Js (yua Yo, X, U, v) =dq1,s (yuv Yu, U, U) “q2s (X7 u, U) .

The first factor g; . is introduced to learn different parame-
ters for the various label assignments y,,, ¥, can take. The
second factor ¢ 5 allows g5 to share observed information
between the positions u and v and their neighborhoods, for
instance, by indicating if a certain local property occurred
either in the neighborhood of z,, or in the neighborhood of
Ty.

With the new potentials formula (1) for a skip-chain CRF
becomes

T K
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2.4 Skip-Chain CRFs for Consistent Label
Transitions

Our work builds upon the skip-chain approach of [Sutton
and McCallum, 2004] and we investigate its applicability
to exploit structural consistencies. Thus, we do not assign
the skip edges only based on the observations in x and in-
stead we bind the skip edge assignments on properties of
the label sequence y. Afterwards, we check if the tokens
that are connected by the skip edges satisfy certain condi-
tions and model these properties with feature assignments.
Put in different words, our approach applies the skip edge
assignment of NER skip-chain CRFs upside down, I = I,,.
Instead of connecting the labels of all identical words, we
link labels that have identical or related properties, respec-
tively, labels that occur in similar label patterns. Hence,
we also modify the form of the functions g, slightly to
incorporate wider ranges in y. In this paper, we assume
9s(Yus Yu+15 Yo, Yo+1, Tu, Ty) but gs could address an ar-
bitrary pattern in y with properties of x. We focus on struc-
tural consistency conditions of contexts, in particular word
identity consistencies in label transitions which arise e.g.
from the use of style guides in the creation of reference
sections.

Let us given an example of a skip feature that models
the dependencies between ends of author fields. For con-
venience, we first define an indicator function for ends of
author fields

1 iffy

= Author A Author,
KAE(Yt, Yer1) = {0 Beer #

else,

and a function r(-) that maps a given token to the id of
its reference in the given context, e.g., if the token x4 =



’NIPS’ occured in the 5th reference of a given context, then
T (.23 1 6) = 5.

Now we choose I, to create skip edges for all author end
label transitions by

Iy = {(u,v) : KAE(Yus Yut1) KAE(Yos Yor1) = 1Au < v}

and introduce a feature function

gAE(yuv Yu+1,Yvy Yv+15 Lu, xv)

L iff KAE(Yus Yut1) - KAE(Yos Yor1) = 1
and z,, = ,

- and r(x,) # r(z,), ®)

0 else,

to support consistent assignments, i.e., assignments which
agree in the form of author field separation. The skip edges
propagate evidence information of different parts of the
context which can help to solve ambiguities. Figure 1 de-
picts an example of a skip edge assignment. In this se-
quence, fap(ya,Ys, Yss, Ys6, T4, T55) = 1. Note that gy
and ys5 are connected as a result of their similar occur-
rence in author end patterns and that ys3 is not skip edge
connected although x53 has the same word identity as the
tokens of y4 and yss5.

Generally, I, and the functions g, can take arbitrary
meaningful patterns in y into account and g, is not re-
stricted to be binary, e.g., it is possible to apply similarity
metrics and return a real as a measure of compatibility.

2.5 Inference and Parameter Estimation

Our work uses the same algorithms as [Sutton and McCal-
lum, 2004] for inference, i.e., compute Py (y|x) and de-
cide which labels are most likely for the observed input,
and to estimate the parameters A of the model. We ap-
ply tree based reparameterization (TRP) [Wainwright et al.,
2001] for inference. TRP is related to belief propagation
and computes approximate marginals for loopy graphs. To
obtain the parameters A = {\, } U {\.} of the model our
approach uses training data D and maximum a posteriori
estimation. The log likelihood £(A|D) of the model pa-
rameters given the training examples is optimized with the
quasi-Newton method L-BFGS and a Gaussian prior on the
parameters.

3 Experimental Results

The presented approach is evaluated in the domain of ref-
erence segmentation, a popular task for the evaluation of
information extraction techniques. Common approaches
separately process the instances, namely the references.
Within these references, the interesting entities, like the au-
thor, title or date, need to be identified. Since all tokens
of a reference are part of exactly one entity, one speaks
of a segmentation task. The presented work relies on addi-
tional factors between labels of different references. There-
fore the complete reference section is addressed as the pro-
cessed instance and the border of each reference need to
be identified. In this section, we introduce the data sets
that are used for the evaluation and the overall setting of
the experiments. Afterwards, the results are presented and
discussed.

3.1 Settings

Besides their differences with respect to skip edges, all
evaluated models rely on the same set of feature functions

commonly used in the domain of reference segmentation.
To these features belong the text and class of the token,
some limited dictionaries, character n-grams and the text of
neighboring tokens within a window of three tokens. The
dictionaries cover first names, locations, keywords (e.g.,
“eds.”) and some well known journals and publishers.
Overall, the applied features are comparable to previously
published approaches, e.g., by Peng and McCallum [Peng
and McCallum, 2004].

Auvailable data sets for the segmentation of references are
not applicable for an evaluation of the presented approach.
They provide only a listing of labeled instances missing
their creation context and the affiliation to a certain refer-
ence section respectively. Therefore, a new data set was
created that consists only of references of the freely avail-
able data sets CORA, CITESEERX and FLUX-CIM!. A
simple script was applied to assign references with similar
style guides to documents up to the size of 20 instances.
The resulting data set contains 28 documents and overall
452 references. Although this data set was automatically
generated, it strongly resembles a set of natural reference
sections, especially since not all entities in a document are
consistently structured. The created data set is annotated
with the label set of Peng and McCallum [Peng and McCal-
lum, 2004] and can be downloaded in a format containing
all used features?.

We utilized the GRaphical Models in Mallet (GRMM)
package [Sutton, 2006] for an implementation of the CRFs.
Exclusively default parameters were used and all models
were trained with 50 iterations given the algorithms men-
tioned in section 2.5. The model of your approach applied
only templates for the end of the author, booktitle, date,
pages and title.

3.2 Results

The presented approach is evaluated in a five fold cross
evaluation against a base line model, namely a linear chain
CREF, and a previously published and comparable approach,
a skip-chain CRF. The documents of the data set where ran-
domly distributed over the folds. For comparability, we
measure the token accuracy:

#correctly labeled tokens

#all tokens

The results of each fold and the average accuracy are de-
picted in Table 1. Our approach outperforms the base line
CRF in each fold and is able to achieve an average error
reduction of 46%. For a compareable model, the origi-
nal skip-chain approach of [Sutton and McCallum, 2004]
that introduces factors between identical capitalized words
was applied on the data set. Its accuracy was not able to
match the results of the base line CRF probably because
of the limited amount of iterations. However, the train-
ing of our model was equally parameterized. Additionally
to the original approach, we also evaluated different skip-
chain CRF models including constraints for identical punc-
tation marks and all tokens in general, but none of those
approaches achieved reasonable or noteworthy results.

accuracy =

4 Related Work

In this section we give a brief overview of related work
which basically can be divided into two groups. On the

"http://wing.comp.nus.edu.sg/parsCit/
http://ki.informatik.uni-wuerzburg.de/
~pkluegl/LWA2011



Table 1: Results for the segmentation of references

Linear-Chain  Skip-Chain  Our Approach
Fold 1 96.83% 95.59% 97.96%
Fold 2 97.02% 96.99% 98.04%
Fold 3 98.09% 97.93% 98.94%
Fold 4 94.86% 95.28% 97.96%
Fold 5 98.32% 97.93% 99.10%
Average  97.02% 96.75% 98.40%

one hand, there is work on reference extraction which has
not incorporated long distance dependencies. On the other
hand, there are named entity recognition (NER) approaches
incorporating context consistencies and non-linear struc-
ture.

Especially for NER modelling long-distance dependen-
cies is crucial. The labeling of an entity is quite consistent
within a given document, however, conclusive discriminat-
ing features are sparsely spread across the document. As
a consequence, leveraging predictions of one instance to
disambiguate others is essential. Besides the already men-
tioned skip-chain CRF approach of [Sutton and McCallum,
2004], [Bunescu and Mooney, 2004] also model dependen-
cies between distant entities, however, they employ Rela-
tional Markov Networks. Their approach also claims that
tokens with the same text are likely to have the same labels
and create special repeat templates to support consistency.
In contrast to these approaches, our study has investigated
the applicability of models that assume similarity in the ob-
served sequence under given similar patterns in the labels,
namely label transitions.

Fundamental work on information extraction with CRFs
can be found at [Peng and McCallum, 2004] who evalu-
ate several design parameters of linear chain CRFs such
as Markov order, features and different priors for regu-
larization with application to the reference extraction do-
main and extracting meta-data from paper headers. A semi-
supervised approach to reference extraction using database
records has been contributed by [Bellare and McCallum,
2009]. Their approach uses a CRF for alignment of text
sequences to database records and another CRF for infor-
mation extraction. Both CRFs are bound to handcrafted
expectation criteria, e.g. the extraction CRF has a criterion
that states that a token with the word identity ’EMNLP’ has
always a booktitle lable. Alternating Projections [Bellare
et al., 2009] is another possibility to incorporate domain
knowledge through expectations and constraints that allows
for semi-supervised reference extraction. For instance, one
of these constraints assures that citations can only start with
author or editor fields. Our work utilizes supervised learn-
ing and thus the results are not directly comparable. How-
ever, it should be possible to combine our approach with
Alternating Projections and expectation criteria to fit it to
semi-supervised learning as well.

5 Conclusions

We have presented a novel approach for segmenting refer-
ences using a variation of a skip-chain CRF. The structural
consistencies introduced by the applied style guide can be
exploited with additional long range dependenices between
the label transitions. Although our methods currently only
models the end transition of five entities and only relies on
token identity, it is able to outpeform a normal CRF. The

results of the five fold cross evaluation on a generated data
set indicate an average error reduction of 46%.

For future work, we plan experiments measuring the run-
time and an extension of our approach with begin and end
contraints for all interesting entities of bibliographic refer-
ences. For this purpose the comparison of the token iden-
tity must be exchanged by a more sophisticated method that
relies on the complete feature vector. An additional eval-
uation using a data set with original reference sections has
been initiated and indicates similar results. Furthermore,
experiments in other domains with structural consistencies
in a given creation context will show the generalizability of
the presented approach.
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