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Abstract

tions in the actual text. Chang and Schütze (2006)
reported that 64,242 new abbreviations were introduced into the biomedical literatures in 2004. As
such, it is important to maintain sense inventories
(lists of abbreviation definitions) that are updated
with the neologisms. In addition, based on the
one-sense-per-discourse assumption, the recognition of abbreviation definitions assumes senses of
abbreviations that are locally defined in a document. Therefore, a number of studies have attempted to model the generation processes of abbreviations: e.g., inferring the abbreviating mechanism of the hidden markov model into HMM.
An obvious approach is to manually design
rules for abbreviations. Early studies attempted
to determine the generic rules that humans use
to intuitively abbreviate given words (Barrett and
Grems, 1960; Bourne and Ford, 1961). Since
the late 1990s, researchers have presented various methods by which to extract abbreviation
definitions that appear in actual texts (Taghva
and Gilbreth, 1999; Park and Byrd, 2001; Wren
and Garner, 2002; Schwartz and Hearst, 2003;
Adar, 2004; Ao and Takagi, 2005). For example,
Schwartz and Hearst (2003) implemented a simple
algorithm that mapped all alpha-numerical letters
in an abbreviation to its expanded form, starting
from the end of both the abbreviation and its expanded forms, and moving from right to left.
These studies performed highly, especially for
English abbreviations. However, a more extensive
investigation of abbreviations is needed in order to
further improve definition extraction. In addition,
we cannot simply transfer the knowledge of the
hand-crafted rules from one language to another.
For instance, in English, abbreviation characters
are preferably chosen from the initial and/or capital characters in their full forms, whereas some

The present paper describes a robust approach for abbreviating terms. First, in
order to incorporate non-local information into abbreviation generation tasks, we
present both implicit and explicit solutions: the latent variable model, or alternatively, the label encoding approach with
global information. Although the two approaches compete with one another, we
demonstrate that these approaches are also
complementary. By combining these two
approaches, experiments revealed that the
proposed abbreviation generator achieved
the best results for both the Chinese and
English languages. Moreover, we directly
apply our generator to perform a very different task from tradition, the abbreviation
recognition. Experiments revealed that the
proposed model worked robustly, and outperformed five out of six state-of-the-art
abbreviation recognizers.

1

Introduction

Abbreviations represent fully expanded forms
(e.g., hidden markov model) through the use of
shortened forms (e.g., HMM). At the same time,
abbreviations increase the ambiguity in a text.
For example, in computational linguistics, the
acronym HMM stands for hidden markov model,
whereas, in the field of biochemistry, HMM is generally an abbreviation for heavy meromyosin. Associating abbreviations with their fully expanded
forms is of great importance in various NLP applications (Pakhomov, 2002; Yu et al., 2006;
HaCohen-Kerner et al., 2008).
The core technology for abbreviation disambiguation is to recognize the abbreviation defini-
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Figure 2: CRF vs. DPLVM. Variables x, y, and h
represent observation, label, and latent variables,
respectively.

Figure 1: English (a) and Chinese (b) abbreviation
generation as a sequential labeling problem.

discriminative probabilistic latent variable model
(DPLVM) in which non-local information is modeled by latent variables. We manually encode nonlocal information into the labels in order to provide
an explicit solution. We evaluate the models on the
task of abbreviation generation, in which a model
produces an abbreviation for a given full form. Experimental results indicate that the proposed models significantly outperform previous abbreviation
generation studies. In addition, we apply the proposed models to the task of abbreviation recognition, in which a model extracts the abbreviation
definitions in a given text. To the extent of our
knowledge, this is the first model that can perform both abbreviation generation and recognition
at the state-of-the-art level, across different languages and with a simple feature set.

other languages, including Chinese and Japanese,
do not have word boundaries or case sensitivity.
A number of recent studies have investigated
the use of machine learning techniques. Tsuruoka
et al. (2005) formalized the processes of abbreviation generation as a sequence labeling problem. In
the present study, each character in the expanded
form is tagged with a label, y ∈ {P, S}1 , where
the label P produces the current character and
the label S skips the current character. In Figure 1 (a), the abbreviation PGA is generated from
the full form polyglycolic acid because the underlined characters are tagged with P labels. In Figure 1 (b), the abbreviation is generated using the
2nd and 3rd characters, skipping the subsequent
three characters, and then using the 7th character.
In order to formalize this task as a sequential
labeling problem, we have assumed that the label of a character is determined by the local information of the character and its previous label.
However, this assumption is not ideal for modeling abbreviations. For example, the model cannot make use of the number of words in a full
form to determine and generate a suitable number of letters for the abbreviation. In addition, the
model would be able to recognize the abbreviating process in Figure 1 (a) more reasonably if it
were able to segment the word polyglycolic into
smaller regions, e.g., poly-glycolic. Even though
humans may use global or non-local information
to abbreviate words, previous studies have not incorporated this information into a sequential labeling model.
In the present paper, we propose implicit and
explicit solutions for incorporating non-local information. The implicit solution is based on the

2 Abbreviator with Non-local
Information
2.1 A Latent Variable Abbreviator
To implicitly incorporate non-local information,
we propose discriminative probabilistic latent
variable models (DPLVMs) (Morency et al., 2007;
Petrov and Klein, 2008) for abbreviating terms.
The DPLVM is a natural extension of the CRF
model (see Figure 2), which is a special case of the
DPLVM, with only one latent variable assigned for
each label. The DPLVM uses latent variables to
capture additional information that may not be expressed by the observable labels. For example, using the DPLVM, a possible feature could be “the
current character xi = X, the label yi = P, and
the latent variable hi = LV.” The non-local information can be effectively modeled in the DPLVM,
and the additional information at the previous position or many of the other positions in the past
could be transferred via the latent variables (see
Figure 2).

1

Although the original paper of Tsuruoka et al. (2005) attached case sensitivity information to the P label, for simplicity, we herein omit this information.
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Using the label set Y = {P, S}, abbreviation
generation is formalized as the task of assigning
a sequence of labels y = y1 , y2 , . . . , ym for a
given sequence of characters x = x1 , x2 , . . . , xm
in an expanded form. Each label, yj , is a member of the possible labels Y . For each sequence,
we also assume a sequence of latent variables
h = h1 , h2 , . . . , hm , which are unobservable in
training examples.
We model the conditional probability of the label sequence P (y|x) using the DPLVM,
X
P (y|x, Θ) =
P (y|h, x, Θ)P (h|x, Θ). (1)
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Here, P (h|x, Θ) is defined by the usual formulation of the conditional random field,
(3)

where f (h, x) represents a feature vector.
Given a training set consisting of n instances,
(xi , yi ) (for i = 1 . . . n), we estimate the parameters Θ by maximizing the regularized loglikelihood,
L(Θ) =

n
X

log P (yi |xi , Θ) − R(Θ).
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In this approach, the label yi at position i attaches the information of the abbreviation length
generated by its previous labels, y1 , y2 , . . . , yi−1 .
Figure 3 shows an example of a Chinese abbreviation. In this encoding, a label not only contains the produce or skip information, but also the
abbreviation-length information, i.e., the label includes the number of all P labels preceding the
current position. We refer to this method as label
encoding with global information (hereinafter GI).
The concept of using label encoding to incorporate
non-local information was originally proposed by
Peshkin and Pfeffer (2003).
Note that the model-complexity is increased
only by the increase in the number of labels. Since
the length of the abbreviations is usually quite
short (less than five for Chinese abbreviations and
less than 10 for English abbreviations), the model
is still tractable even when using the GI encoding.
The implicit (DPLVM) and explicit (GI) solutions address the same issue concerning the incorporation of non-local information, and there
are advantages to combining these two solutions.
Therefore, we will combine the implicit and explicit solutions by employing the GI encoding in
the DPLVM (DPLVM+GI). The effects of this
combination will be demonstrated through experiments.

Here, Θ represents the parameters of the model.
To ensure that the training and inference are efficient, the model is often restricted to have disjointed sets of latent variables associated with each
label (Morency et al., 2007). Each hj is a member
in a set Hyj of possible latent variables for the label yj . Here, H is defined as the set of all possible latent variables, i.e., H is the union of all Hyj
sets. Since the sequences having hj ∈
/ Hyj will,
by definition, yield P (y|x, Θ) = 0, the model is
rewritten as follows (Morency et al., 2007; Petrov
and Klein, 2008):
X
P (h|x, Θ). (2)
P (y|x, Θ) =

exp Θ·f (h, x)
,
∀h exp Θ·f (h, x)

S

Figure 3: Comparison of the proposed label encoding method with global information (GI) and
the conventional label encoding method.
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2.3 Feature Design
Next, we design two types of features: languageindependent features and language-specific features. Language-independent features can be used
for abbreviating terms in English and Chinese. We
use the features from #1 to #3 listed in Table 1.
Feature templates #4 to #7 in Table 1 are used
for Chinese abbreviations. Templates #4 and #5
express the Pinyin reading of the characters, which
represents a Romanization of the sound. Templates #6 and #7 are designed to detect character
duplication, because identical characters will normally be skipped in the abbreviation process. On

(4)

i=1

The first term expresses the conditional loglikelihood of the training data, and the second term
represents a regularizer that reduces the overfitting
problem in parameter estimation.
2.2 Label Encoding with Global Information
Alternatively, we can design the labels such that
they explicitly incorporate non-local information.
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#1
#2
#3
#4
#5
#6
#7
#8
#9
#10
#11

The input char. xi−1 and xi
Whether xj is a numeral, for j = (i − 3) . . . i
The char. bigrams starting at (i − 2) . . . i
The Pinyin of char. xi−1 and xi
The Pinyin bigrams starting at (i − 2) . . . i
Whether xj = xj+1 , for j = (i − 2) . . . i
Whether xj = xj+2 , for j = (i − 3) . . . i
Whether xj is uppercase, for j = (i − 3) . . . i
Whether xj is lowercase, for j = (i − 3) . . . i
The char. 3-grams starting at (i − 3) . . . i
The char. 4-grams starting at (i − 4) . . . i

are covered, if we take the top N candidates from
the ranked labelings of an abbreviation generator.
We implemented the DPLVM in C++ and optimized the system to cope with large-scale problems. We employ the feature templates defined in
Section 2.3, taking into account these 81,827 features for the Chinese abbreviation generation task,
and the 50,149 features for the English abbreviation generation task.
For numerical optimization, we performed a
gradient descent with the Limited-Memory BFGS
(L-BFGS) optimization technique (Nocedal and
Wright, 1999).
L-BFGS is a second-order
Quasi-Newton method that numerically estimates
the curvature from previous gradients and updates. With no requirement on specialized Hessian approximation, L-BFGS can handle largescale problems efficiently. Since the objective
function of the DPLVM model is non-convex,
different parameter initializations normally bring
different optimization results. Therefore, to approach closer to the global optimal point, it is
recommended to perform multiple experiments on
DPLVMs with random initialization and then select a good start point. To reduce overfitting,
we employed a L2 Gaussian weight prior (Chen
and Rosenfeld,
function:
Pn 1999), with the objective
2
L(Θ) = i=1 log P (yi |xi , Θ)−||Θ|| /σ 2 . During training and validation, we set σ = 1 for the
DPLVM generators. We also set four latent variables for each label, in order to make a compromise between accuracy and efficiency.
Note that, for the label encoding with
global information, many label transitions (e.g.,
P2 S3 ) are actually impossible: the label transitions are strictly constrained, i.e., yi yi+1 ∈
{Pj Sj , Pj Pj+1 , Sj Pj+1 , Sj Sj }.
These constraints on the model topology (forward-backward
lattice) are enforced by giving appropriate features
a weight of −∞, thereby forcing all forbidden labelings to have zero probability. Sha and Pereira
(2003) originally proposed this concept of implementing transition restrictions.

Table 1: Language-independent features (#1 to
#3), Chinese-specific features (#4 through #7), and
English-specific features (#8 through #11).

the other hand, such duplication detection features
are not so useful for English abbreviations.
Feature templates #8–#11 are designed for English abbreviations. Features #8 and #9 encode the
orthographic information of expanded forms. Features #10 and #11 represent a contextual n-gram
with a large window size. Since the number of
letters in Chinese (more than 10K characters) is
much larger than the number of letters in English
(26 letters), in order to avoid a possible overfitting
problem, we did not apply these feature templates
to Chinese abbreviations.
Feature templates are instantiated with values
that occur in positive training examples. We used
all of the instantiated features because we found
that the low-frequency features also improved the
performance.

3

Experiments

For Chinese abbreviation generation, we used the
corpus of Sun et al. (2008), which contains 2,914
abbreviation definitions for training, and 729 pairs
for testing. This corpus consists primarily of noun
phrases (38%), organization names (32%), and
verb phrases (21%). For English abbreviation generation, we evaluated the corpus of Tsuruoka et
al. (2005). This corpus contains 1,200 aligned
pairs extracted from MEDLINE biomedical abstracts (published in 2001). For both tasks, we
converted the aligned pairs of the corpora into labeled full forms and used the labeled full forms as
the training/evaluation data.
The evaluation metrics used in the abbreviation
generation are exact-match accuracy (hereinafter
accuracy), including top-1 accuracy, top-2 accuracy, and top-3 accuracy. The top-N accuracy represents the percentage of correct abbreviations that

4 Results and Discussion
4.1 Chinese Abbreviation Generation
First, we present the results of the Chinese abbreviation generation task, as listed in Table 2. To
evaluate the impact of using latent variables, we
chose the baseline system as the DPLVM, in which
each label has only one latent variable. Since this
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Model
Heu (S08)
HMM (S08)
SVM (S08)
CRF
CRF+GI
DPLVM
DPLVM+GI (*)

T1A
41.6
46.1
62.7
64.5
66.8
67.6
72.3

T2A
N/A
N/A
80.4
81.1
82.5
83.8
87.6

T3A
N/A
N/A
87.7
88.7
90.0
91.3
94.9

State Tobacco Monopoly Administration

Time
N/A
N/A
1.3 h
0.2 h
0.5 h
0.4 h
1.1 h

国 家烟 草专 卖 局
DPLVM

P S P S P

S P

DPLVM+GI P1 S1 P2 S2 S2 S2 P3

国烟专局 [Wrong]
国烟局

[Correct]

Figure 4: An example of the results.

Percentage (%)

Table 2: Results of Chinese abbreviation generation. T1A, T2A, and T3A represent top-1, top2, and top-3 accuracy, respectively. The system
marked with the * symbol is the recommended
system.

special case of the DPLVM is exactly the CRF
(see Section 2.1), this case is hereinafter denoted
as the CRF. We compared the performance of the
DPLVM with the CRFs and other baseline systems, including the heuristic system (Heu), the
HMM model, and the SVM model described in
S08, i.e., Sun et al. (2008). The heuristic method
is a simple rule that produces the initial character
of each word to generate the corresponding abbreviation. The SVM method described by Sun et al.
(2008) is formalized as a regression problem, in
which the abbreviation candidates are scored and
ranked.
The results revealed that the latent variable
model significantly improved the performance
over the CRF model. All of its top-1, top-2,
and top-3 accuracies were consistently better than
those of the CRF model. Therefore, this demonstrated the effectiveness of using the latent variables in Chinese abbreviation generation.
As the case for the two alternative approaches
for incorporating non-local information, the latent variable method and the label encoding
method competed with one another (see DPLVM
vs. CRF+GI). The results showed that the latent variable method outperformed the GI encoding method by +0.8% on the top-1 accuracy. The
reason for this could be that the label encoding approach is a solution without the adaptivity on different instances. We will present a detailed discussion comparing DPLVM and CRF+GI for the English abbreviation generation task in the next subsection, where the difference is more significant.
In contrast, to a larger extent, the results demonstrate that these two alternative approaches are
complementary. Using the GI encoding further
improved the performance of the DPLVM (with
+4.7% on top-1 accuracy). We found that major
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DPLVM
DPLVM+GI
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Length of Produced Abbr.

6

Figure 5: Percentage distribution of Chinese
abbreviations/Viterbi-labelings grouped by length.
improvements were achieved through the more exact control of the output length. An example is
shown in Figure 4. The DPLVM made correct decisions at three positions, but failed to control the
abbreviation length.2 The DPLVM+GI succeeded
on this example. To perform a detailed analysis,
we collected the statistics of the length distribution
(see Figure 5) and determined that the GI encoding improved the abbreviation length distribution
of the DPLVM.
In general, the results indicate that all of the sequential labeling models outperformed the SVM
regression model with less training time.3 In the
SVM regression approach, a large number of negative examples are explicitly generated for the
training, which slowed the process.
The proposed method, the latent variable model
with GI encoding, is 9.6% better with respect to
the top-1 accuracy compared to the best system on
this corpus, namely, the SVM regression method.
Furthermore, the top-3 accuracy of the latent variable model with GI encoding is as high as 94.9%,
which is quite encouraging for practical usage.
4.2 English Abbreviation Generation
In the English abbreviation generation task, we
randomly selected 1,481 instances from the gen2

The Chinese abbreviation with length = 4 should have
a very low probability, e.g., only 0.6% of abbreviations with
length = 4 in this corpus.
3
On Intel Dual-Core Xeon 5160/3 GHz CPU, excluding
the time for feature generation and data input/output.
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T1A
55.8
52.7
56.8
57.6
53.6
58.3

T2A
65.1
63.2
66.1
67.4
63.2
N/A

T3A
70.8
68.7
71.7
73.4
69.2
N/A

Time
0.3 h
1.3 h
1.3 h
0.6 h
2.5 h
3.0 h

CRF (ENG)
CRF+GI (ENG)
DPLVM (ENG)
DPLVM+GI (ENG)
DPLVM+GI (CHN)

50
40
Percentage (%)

Model
CRF
CRF+GI
CRF+GIB
DPLVM
DPLVM+GI
DPLVM+GIB (*)

Table 3: Results of English abbreviation generation.

30
20
10

somatosensory evoked potentials
(a) P1P2
P3
P4
P5 SMEPS
(b) P
P
P
P SEPS
(a): CRF+GI with p=0.001
[Wrong]
(b): DPLVM with p=0.191
[Correct]

0
0

0.2
0.4
0.6
0.8
Probability of Viterbi labeling

1

Figure 7: For various models, the probability distributions of the produced abbreviations on the test
data of the English abbreviation generation task.

Figure 6: A result of “CRF+GI vs. DPLVM”. For
simplicity, the S labels are masked.

eration corpus for training, and 370 instances for
testing. Table 3 shows the experimental results.
We compared the performance of the DPLVM
with the performance of the CRFs. Whereas the
use of the latent variables still significantly improves the generation performance, using the GI
encoding undermined the performance in this task.
In comparing the implicit and explicit solutions
for incorporating non-local information, we can
see that the implicit approach (the DPLVM) performs much better than the explicit approach (the
GI encoding). An example is shown in Figure 6.
The CRF+GI produced a Viterbi labeling with a
low probability, which is an incorrect abbreviation. The DPLVM produced the correct labeling.
To perform a systematic analysis of the
superior-performance of DPLVM compare to
CRF+GI, we collected the probability distributions (see Figure 7) of the Viterbi labelings from
these models (“DPLVM vs. CRF+GI” is highlighted). The curves suggest that the data sparseness problem could be the reason for the differences in performance. A large percentage (37.9%)
of the Viterbi labelings from the CRF+GI (ENG)
have very small probability values (p < 0.1).
For the DPLVM (ENG), there were only a few
(0.5%) Viterbi labelings with small probabilities.
Since English abbreviations are often longer than
Chinese abbreviations (length < 10 in English,
whereas length < 5 in Chinese4 ), using the GI
encoding resulted in a larger label set in English.

DPLVM
DPLVM+GI

mitomycin C
P
P
P1 P2
P3

MC [Wrong]
MMC [Correct]

Figure 8: Example of abbreviations composed
of non-initials generated by the DPLVM and the
DPLVM+GI.
Hence, the features become more sparse than in
the Chinese case.5 Therefore, a significant number
of features could have been inadequately trained,
resulting in Viterbi labelings with low probabilities. For the latent variable approach, its curve
demonstrates that it did not cause a severe data
sparseness problem.
The aforementioned analysis also explains the
poor performance of the DPLVM+GI. However,
the DPLVM+GI can actually produce correct abbreviations with ‘believable’ probabilities (high
probabilities) in some ‘difficult’ instances. In
Figure 8, the DPLVM produced an incorrect labeling for the difficult long form, whereas the
DPLVM+GI produced the correct labeling containing non-initials.
Hence, we present a simple voting method to
better combine the latent variable approach with
the GI encoding method. We refer to this new
combination as GI encoding with ‘back-off’ (hereinafter GIB): when the abbreviation generated by
the DPLVM+GI has a ‘believable’ probability
(p > 0.3 in the present case), the DPLVM+GI
then outputs it. Otherwise, the system ‘backs-off’

4

5

See the curve DPLVM+GI (CHN) in Figure 7, which
could explain the good results of GI encoding for the Chinese task.

In addition, the training data of the English task is much
smaller than for the Chinese task, which could make the models more sensitive to data sparseness.
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Model
CRF+GIB
DPLVM+GIB (*)

T1A
67.2
72.5

... cannulate for arterial pressure (AP)...
(1)
P P
AP
(2)
P
P
AP
(3) P
P
AP
(4)
P
P
AP
(5) SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSS NULL

Time
0.6 h
1.4 h

Table 4: Re-evaluating Chinese abbreviation generation with GIB.
Model
Heu (T05)
MEMM (T05)
DPLVM (*)

Figure 9: Abbreviation recognition as a restricted
generation problem. In some labelings, the S labels are masked for simplicity.

T1A
47.3
55.2
57.5

Model
Schwartz & Hearst (SH)
SaRAD
ALICE
Chang & Schütze (CS)
Nadeau & Turney (NT)
Okazaki et al. (OZ)
CRF
CRF+GI
DPLVM
DPLVM+GI (*)

Table 5: Results of English abbreviation generation with five-fold cross validation.
to the parameters trained without the GI encoding
(i.e., the DPLVM).
The results in Table 3 demonstrate that the
DPVLM+GIB model significantly outperformed
the other models because the DPLVM+GI model
improved the performance in some ‘difficult’ instances. The DPVLM+GIB model was robust
even when the data sparseness problem was severe.
By re-evaluating the DPLVM+GIB model for
the previous Chinese abbreviation generation task,
we demonstrate that the back-off method also improved the performance of the Chinese abbreviation generators (+0.2% from DPLVM+GI; see Table 4).
Furthermore, for interests, like Tsuruoka et al.
(2005), we performed a five-fold cross-validation
on the corpus. Concerning the training time in
the cross validation, we simply chose the DPLVM
for comparison. Table 5 shows the results of the
DPLVM, the heuristic system (Heu), and the maximum entropy Markov model (MEMM) described
by Tsuruoka et al. (2005).

5

P
97.8
89.1
96.1
94.2
95.4
97.3
89.8
93.9
92.5
94.2

R
94.0
91.9
92.0
90.0
87.1
96.9
94.8
97.8
97.7
98.1

F
95.9
90.5
94.0
92.1
91.0
97.1
92.1
95.9
95.1
96.1

Table 6: Results of English abbreviation recognition.
belings. Other labelings are impossible, because
they will generate an abbreviation that is not AP.
If the first or second labeling is generated, AP is
selected as an abbreviation of arterial pressure. If
the third or fourth labeling is generated, then AP
is selected as an abbreviation of cannulate for arterial pressure. Finally, the fifth labeling (NULL)
indicates that AP is not an abbreviation.
To evaluate the recognizer, we use the corpus6
of Okazaki et al. (2008), which contains 864 abbreviation definitions collected from 1,000 MEDLINE scientific abstracts. In implementing the
recognizer, we simply use the model from the abbreviation generator, with the same feature templates (31,868 features) and training method; the
major difference is in the restriction (according to
the PE) of the decoding stage and penalizing the
probability values of the NULL labelings7 .
For the evaluation metrics, following Okazaki
et al. (2008), we use precision (P = k/m), recall (R = k/n), and the F-score defined by

Recognition as a Generation Task

We directly migrate this model to the abbreviation recognition task. We simplify the abbreviation recognition to a restricted generation problem
(see Figure 9). When a context expression (CE)
with a parenthetical expression (PE) is met, the
recognizer generates the Viterbi labeling for the
CE, which leads to the PE or NULL. Then, if the
Viterbi labeling leads to the PE, we can, at the
same time, use the labeling to decide the full form
within the CE. Otherwise, NULL indicates that the
PE is not an abbreviation.
For example, in Figure 9, the recognition is restricted to a generation task with five possible la-

6
The previous abbreviation generation corpus is improper
for evaluating recognizers, and there is no related research on
this corpus. In addition, there has been no report of Chinese
abbreviation recognition because there is no data available.
The previous generation corpus (Sun et al., 2008) is improper
because it lacks local contexts.
7
Due to the data imbalance of the training corpus, we
found the probability values of the NULL labelings are abnormally high. To deal with this imbalance problem, we simply penalize all NULL labelings by using p = p − 0.7.
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Model
CRF+GIB
DPLVM+GIB

P
94.0
94.5

R
98.9
99.1

F
96.4
96.7

6 Conclusions and Future Research
We have presented the DPLVM and GI encoding by which to incorporate non-local information
in abbreviating terms. They were competing and
generally the performance of the DPLVM was superior. On the other hand, we showed that the two
approaches were complementary. By combining
these approaches, we were able to achieve stateof-the-art performance in abbreviation generation
and recognition in the same model, across different languages, and with a simple feature set. As
discussed earlier herein, the training data is relatively small. Since there are numerous unlabeled
full forms on the web, it is possible to use a semisupervised approach in order to make use of such
raw data. This is an area for future research.

Table 7: English abbreviation recognition with
back-off.

2P R/(P + R), where k represents #instances in
which the system extracts correct full forms, m
represents #instances in which the system extracts
the full forms regardless of correctness, and n represents #instances that have annotated full forms.
Following Okazaki et al. (2008), we perform 10fold cross validation.
We prepared six state-of-the-art abbreviation
recognizers as baselines: Schwartz and Hearst’s
method (SH) (2003), SaRAD (Adar, 2004), ALICE (Ao and Takagi, 2005), Chang and Schütze’s
method (CS) (Chang and Schütze, 2006), Nadeau
and Turney’s method (NT) (Nadeau and Turney,
2005), and Okazaki et al.’s method (OZ) (Okazaki
et al., 2008). Some methods use implementations
on the web, including SH8 , CS9 , and ALICE10 .
The results of other methods, such as SaRAD, NT,
and OZ, are reproduced for this corpus based on
their papers (Okazaki et al., 2008).
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