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Abstract. Sequence labeling problem is commonly encountered in many natural
language and query processing tasks.SV M struct is a supervised learning algo-
rithm that provides a �exible and effective way to solve this problem. However,
a large amount of training examples is often required to trainSV M struct , which
can be costly for many applications that generate long and complex sequence
data. This paper proposes an active learning technique to select the most infor-
mative subset of unlabeled sequences for annotation by choosing sequences that
have largest uncertainty in their prediction. A unique aspect of active learning for
sequence labeling is that it should take into consideration the effort spenton la-
beling sequences, which depends on the sequence length. A new activelearning
technique is proposed to use dynamic programming to identify the best subset of
sequences to be annotated, taking into account both the uncertainty and labeling
effort. Experiment results show that ourSV M struct active learning technique
can signi�cantly reduce the number of sequences to be labeled while outperform-
ing other existing techniques.

Key words: Active Learning, Struct Support Vector Machine, Uncertainty, Se-
quence Labeling, Natural Language Processing, Subphrase Generation

1 Introduction

Sequence labeling is the task of mapping an ordered list of inputs to a sequence of output
tags. It has many practical applications in natural language processing such as named
entity recognition, part-of-speech tagging, shallow parsing, and text chunking. Another
potential application, which is investigated in this study, is the subphrase generation
problem. The goal of subphrase generation in query processing is to �nd subphrases in
a query that maximally preserve the user's intent. Unlike the classi�cation of record-
based data, sequence labeling depends not only on the features extracted from the input
sequence but also on its previous output tags. Many algorithms have been proposed in
the literature to address this problem, including Conditional Random Field [8], Hidden
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Markov Model [12] and Maximum Entropy Markov Model [9]. Morerecently, a max-
imum margin method known as Struct Support Vector Machine (SV M struct ) [19] was
proposed to solve this problem.SV M struct generalizes multi-class Support Vector Ma-
chine learning to complex data with features extracted fromboth inputs and outputs. An
empirical study in [11] has demonstrated thatSV M struct outperforms other existing
methods in the sequence labeling task.

A known problem in supervised learning tasks such as sequence labeling is the dif�-
culty of acquiring labeled examples. The size of training data available is often limited
because labeling examples can be very expensive. Labeling asequence is also more
challenging because the output tag depends on both the inputand previous output tags.
As a result, the tags of a sequence must be determined as a whole, rather than individu-
ally for each input element. Active learning may help to address this problem by select-
ing a small subset of examples for labeling from the large pool of unlabeled sequences
available. By selecting the most informative examples, active learning can signi�cantly
reduce the required size of training data while maintainingcomparable level of perfor-
mance. However, the de�nition of “informative” varies for different algorithms and ap-
plications. One commonly used method is to select examples with largest uncertainties.
In this paper, we treat each sequence as a whole for labeling and propose two strategies
to measure the uncertainty of sequences under theSV M struct framework, refered as
simple uncertaincy (SU ) and most-possible-constraint-violation method (MP SV ).

Another challenge of active learning for sequences is that we must consider the
effort needed to annotate different sequences. Clearly, labeling a long sequence takes
more effort than labeling a short sequence. For example, in named entity recognition
problem there may be a large variation in the length of sentences from one to another,
which will make the effort required for labeling different sequences different. Besides,
the effort for labeling sequences from different domain knowledge may also be differ-
ent. For example, in subphrase generation problem, queriessubmitted by users coming
from different specialty such as biology, which will make the labeling dif�cult for la-
beler with different background such as computer science. However, such kind of com-
plexity in sequence is hard to quantify, in this paper we onlyuse sequence length as
a measure of effort. Furthermore, previous active learningsystem in sequence label-
ing assumes the input to be the number of sequences we want to select. However, this
may not be suitable for the active learning in sequence labeling since the number of
sequences did not really re�ect the effort we need to put on labeling because of the
sequence length problem. This paper de�nes the effort that can be spent in labeling se-
quence as the total length of all selected sequences insteadof the total number of of all
selected sequences. We propose a dynamic programming approach that can select the
best combination of sequences for labeling which maximize the total uncertainty while
restricting the effort that can be spent.

The rest of the paper is organized as follows. In Section 2, weintroduce the back-
ground of our work including the sequence labeling problem,active learning andSV M struct

algorithm for sequence labeling. In Section 2.2, we proposeto useSV M struct for se-
quence active learning. In Section 4, we present the problemof active learning in label-
ing sequences with different length and propose to solve it by dynamic programming.
Section 5 shows some experiment results and we made our conclusion in Section 6.



2 Background

In this section, we will introduce some background on sequence labeling, active learn-
ing and Struct Support Vector Machine.

2.1 Sequence Labeling Problem

Joey 
,   an employee in    Yahoo        
 ,    has been

[Person] []  []      []  [Organization]   
    
  []   []

living in    California     
  for 10  years.

  
 []   []     [Location]  []   []  []


Query  
: where can I buy DVD player online?

         
 0      0  0  1   1     1      0

Subphrase     
 : buy DVD player


Fig. 1.Example of named entity recognition(left) and subphrase generation problem(right).

Sequence labeling is a common problem with many applications in many areas
such as named entity recognition [15], POS tagging [16], text chunking [16], etc. In
our work, we also investigate the problem of subphrase generation, as a sequence label-
ing problem. The left panel of Figure 1 shows an example of named entity recognition
problem, which labels text elements as prede�ned categories such as the names of per-
sons, organizations or locations. The right panel of Figure1 shows another example of
subphrase generation problem. Label “0” means that the query word is dropped from
the original query and “1” means “keep”. As a result, the remaining part of the given
query “where can I buy DVD player online?” becomes “buy DVD player”.De�nition 1
andDe�nition 2 give the formal de�nition of sequence and sequence labelingproblem.

De�nition 1 [Sequence]: A sequencex is an ordered list of elementsx = ( x1; x2; :::; x t ).
De�nition 2 [Sequence Labeling]: Given a sequence of inputsx , the sequence labeling
problem is trying to label it with a sequence of tagsy = ( y1; y2; :::; yt ), where each tag
yi belongs to a tag setD with jD j tags.

One simple way to solve the sequence labeling problem is to use traditional classi-
�cation algorithm such as SVM [2], which treats each elementin the sequence as one
example. However, it requires the features extracted only depend on the inputsx , which
is not true in sequence labeling problem. The features extracted for sequence labeling
not only depends on the inputsx , but also depends on the outputsy . The feature vec-
tor for a sequence(x ; y ) is represented as a joint feature mapping vector� (x ; y ). The
de�nition of � depends on the nature of different applications. One example feature for
the subphrase matching problem would be “previous word is dropped! current word
is kept”, which represents the transition from previous tag“0` to current tag “1”.

Now assume that we have a training sequence setX = f x 1; x 2; :::; x n g with its
corresponding tag sequence setY = f y 2; y 2; :::; y n g. We are interested in learning a
mapping functionf : X ! Y . Instead of learningf directly, the strategy is to transform
the problem into learning a discrimination functionF over the joint mapping of input
and output:

X � Y ! R



Given a test sequencex , its prediction is achieved by maximizingF over the response
variable.The generalized form of the hypothesesf becomes:

f (x ; w ) = arg max
y2Y

F (x ; y ; w ) (1)

wherew is the parameters to be learned. Using the joint feature vector � (x ; y ), it can
be further formulated as:

f (x ; w ) = arg max
y2Y

F (� (x ; y ); w ) (2)

Note that many existing methods for sequence labeling problem can be explained in the
above framework. For example, the function formF that are maximized in the above
prediction function represents the conditional probability P(y jx ) in conditional ran-
dom �led [8], Hidden Markov Models [12] and Maximum Entropy Markov Models [9].
The detailed difference between these methods are illustrated in [11] and not discussed
in our paper. In this work we will mainly focus onSV M struct with prediction function:

f (x ; w ) = arg max
y2Y

w T � (x ; y ) (3)

SV M struct has been proved to outperform all the other methods according to a recent
empirical study in [11].

2.2 Active Learning in Sequence Labeling

Active learning is a process to actively select a subset of unlabeled data to query for
labeling. There are many different frameworks of active learning. Among those, stream
based active learning [4] selectively queries the examplesfrom a stream for labels.
The advantage of stream based active learning methods is that it can make fast and
instant decision. However, stream based active learning only considers one example at
a time and fails to take the underlying distribution of the whole unlabeled data into
consideration. In our work, we are mostly concerned with pool based active learning
methods, which selects the best examples from the entire pool of unlabeled data. Pool
based active learning methods have been used to reduce the number of training data
required to obtain an certain level of performance [1] [15] or to improve the overall
performance [3].

The most challenging problem in active learning is to choosean appropriate mea-
sure as criteria for selecting the best examples from a pool of data. Many criteria have
been developed for this purpose. Divergence based methods such as query by commit-
tee method [4] select examples with the largest disagreement between different models
and aims to minimize the classi�cation variance. Error-reduction-based active learning
attempts to select the examples with minimal expected errorfor querying to minimize
classi�cation error over the test data [13]. Another big family of active learning is un-
certainty based methods, which use model con�dence as a criterion for selecting best
examples and thus differ for different models. For example,Jing et al. use entropy
based methods [7] to select unlabeled examples for the application of image retrieval.



[18] propose three margin based methods in Support Vector Machine to select exam-
ples for querying which reduce the version space as much as possible. The underlying
distribution of the unlabeled data is also investigated to choose the most representative
examples [10].

Active learning on simple data has been well studied, however, there is not much
work for more complex data set such as sequences. Active learning for sequence la-
beling is even more important because it is very expensive tolabel a long sequence.
One challenging problem in sequence active learning is thatwe must select the whole
sequence to query for labeling since the labeling of its elements depends on the con-
text information. Previous methods summarized above can only be used to select one
element in the sequence which can not be labeled without context information. [15]
proposes a multi-Criteria-based active learning for the problem of named entity recog-
nition using Support Vector Machine. However, they assume that the features depend
only on the input sequence and are independent of the output tag sequence. One work
that considers the input-output joint feature map is by [17], which utilizes conditional
random �eld as the underlying model for sequence active learning. To the best of our
knowledge, non work has been conducted using Struct SupportVector Machine, which
has shown its potential improvement over CRF and other sequence learning algorithm
such as HMMs [12] and Maximum Entropy [11]. Another common weakness of previ-
ous work on active learning for sequence labeling is that they did not take into account
the difference in labeling effort for sequences different length. Labeling long sequence
usually requires much more efforts than short sequence in terms of the time spent by the
labeler. In this paper, we propose some simple but effectivemeasurement for sequence
active learning using Struct Support Vector Machine [19] aswell as some dynamic
programming algorithm to solve the length difference problem.

In this section, we reviewed some previous work on active learning for simple data
and sequence data. In the next section, we will present previous work onSV MStruct

algorithm for structure prediction.

2.3 Struct Support Vector Machine for Sequence Labeling

The sequence labeling problem can be solved by multi-class Support Vector Machine [20]
by treating each tag sequence as a class. For a tag sequencey = ( y1; y2; :::; yt ) with
t elements andjD j possible tags for each elementyi ; i = 1 ; � � � ; t , the possible num-
ber of classes isjD jt . When the sequence lengtht is large, the huge number of classes
makes the multi-class Support Vector Machine infeasible. Given a set of training se-
quences(X ; Y) = f (x 1; y 1); (x 2; y 2); :::; (x n ; y n )g, Struct Support Vector Machine
solves this problem by exploring the underlying structure with Y. In Struct Support
Vector Machine, the margin of each training example(x i ; y i ) is de�ned as:

8i : r i = w T � (x i ; y i ) � max
y2Yn y i

w T � (x i ; y ) (4)

By maximizing themin
i

r i and �xing the functional margin (min i r i � 1), we �nd a

unique solution ofw . Thus the hard margin ofSV M struct learns the parameter vector



w in the training phase by solving the following optimizationfunction:

min
w

1
2

kwk2
2 (5)

s. t 8i; 8y 2 Yny i :

w T � (x i ; y i ) � max
y2Yn y i

w T � (x i ; y ) � 1;

The nonlinear constraint in the above equation is equivalent to a set of linear constraints:

8i; 8y 2 Yny i : w T � (x i ; y i ) � w T � (x i ; y ) � 1 (6)

which makes the objective function into the form:

min
w

1
2

kwk2
2 (7)

s. t 8i; 8y 2 Yny i :

w T � (x i ; y i ) � w T � (x i ; y ) � 1

The above solution assumes the training set is separable. Similar to standard SVM, a
slack variable� i is introduced for each sequencex i to allow errors. Another weakness
of the above solution is the assumption of zero-one classi�cation loss, which is infea-
sible for sequence labeling problem wherejYj is large. To allow arbitrary loss function
� (y i ; y ), one way is to rescale the margin. By taking error relaxationand loss function
into consideration, the �nal optimization problem is formulated as:

min
w ;�

1
2

kwk2
2 + C

nX

i =1

� i (8)

s. t 8i; 8y 2 Yny i :

w T � (x i ; y i ) � w T � (x i ; y ) � � (y i ; y ) � � i ;

� i � 0

where� (y i ; y ) is the loss function which is calculated as the number of different tags
betweeny i andy in our paper. Since the number of constraints isnjYj , which is large
for sequence labeling problem.SV M struct [19] solves this problem in polynomial time
by keeping a small working set of constraints and in each iteration adding the most
violated constraint as following:

max
y 2Y

� (y i ; y ) � (w T � (x i ; y i ) � w T � (x i ; y )) (9)

After learning the parameterw, the tag sequenceby for a test sequencex is predicted by
solving the following argmax function using Viterbi searchalgorithm [5]:

by = arg max
y2Y

w T � (x ; y ) (10)

SV M struct is a �exible and effective solution for the sequence labeling problem and
has been proved empirically to outperform other sequence labeling algorithm such as
CRF [8], HMM [12] and Maximum Entropy [9]. In this paper, we will investigate the
usage ofSV M struct in active learning setting.



3 Active Learning By SV M Struct

In the last section, we have introduced the background ofSV MStruct for sequence
labeling problem and some previous work on sequence labeling and active learning. In
this section, we will propose to useSV MStruct for active learning. From the previous

Fig. 2.Simple margin method will select unlabeled datax 1 for querying, which lies closest to the
hyperplane.

work on active learning [7] [18], measurement of uncertainty has played an important
role in selecting the most valuable examples from a pool of unlabeled data. In the frame-
work of Support Vector Machine[18], three methods have beenproposed to measure the
uncertainty of simple data, which are referred as simple margin, MaxMin margin and
ratio margin. Simple margin measures the uncertainty of an simple examplex by its
distance to the hyperplanew calculated as:

jw � ' (x )j (11)

As illustrated in Figure 2, examples lying closer to the hyperplane are assigned with
larger uncertainty score. This is consistent with the intuition that examples close to
the hyperplane are classi�ed with lower con�dence. These examples are considered as
valuable examples since they have higher probability to be misclassi�ed and thus more
informative to be selected for further training.

However, labeling an element in a sequence by itself is almost infeasible in most
sequence labeling applications because of the requirementfor context information. In
most situations we have to consider a whole sequence as an unit for uncertainty mea-
surement and active selection. Given a pool of unlabeled sequences,U = f s1; s2; :::; sm g,
the goal of active learning in sequence labeling is to selectthe most valuable sequences
from the pool. Similar to regular Support Vector Machine, a straightforward way to
measure the uncertainty of a sequences is by its prediction score. The prediction score
w T � (s; y ) measures the certainty of labeling test sequences using the tag sequencey .



The simple uncertainty for sequences is then calculated inSV M struct as:

UC(s) = exp( � max
y2Y

w T � (s; y )) (12)

which is based on the negative value of the prediction score given by formula (10).
Note that the features in sequence labeling not only depend on the input sequences,
but also depends on the outputy . As a result, we must run Viterbi algorithm to get
the uncertainty score for each sequence in the pool of unlabeled sequencesU. Finally,
the sequences with larger uncertainty are selected as valuable examples to add to the
training set for further learning. We refer this method as simple uncertainty(SU) in this
paper.

One drawback of the simple prediction score is its ignoranceof the underlying score
distribution among different classes and only use the maximum score as a measure of
certainty. Here we propose another method which de�nes the uncertainty of a sequence
x as:

UC(s) = exp( � max
y 1 ;y 2 2Y

y 1 6= y 2

(w T � (s; y 1) � w T � (s; y 2))) (13)

which can be further formulated as:

UC(s) = exp(min
y 2Y

w T � (s; y ) � max
y 2Y

w T � (s; y ))) (14)

We measure the uncertainty of an sequences as the difference between the minimum
prediction score and the maximum prediction score, which isactually the most possible
violated constraint for a sequences that can be added into the optimization problem.
We refer this method as the most-possible-constraint-violation method (MPSV) in this
paper.

The two methodsSUandMPSV proposed here are used to calculate the uncertainty
for each test sequences. The test sequences with maximum uncertainty score are se-
lected as the most informative sequences. These sequences are submitted to the labeler
to query for labeling and further added into the training set. The detailed algorithm is
presented in Figure 3. However, here we treat each sequence the same disregard with
their length. Since labeling sequences with different length requires different effort, we
will propose a dynamic programming algorithm to solve it in the next section.

4 Active Learning for Sequence Labeling with Different Length

In previous sections, we have introduced some strategies toselect the most valuable
sequences from a pool of unlabeled sequences for querying inSV M struct based on the
measurement of uncertainty for a sequence. Long sequences tend to have larger value
in terms of prediction score as in formula (10) and thus smaller score as in formula (12)
than short sequences. One simple way to solve this problem ofcomparing sequences
with different length is by normalization. However, we still did not consider the dif-
ferent effort needed in labeling sequences with different length. Actually, some other



factors should also be concerned in measuring labeling effort such as context knowl-
edge dif�culty. However, we ignore those factors due to the dif�culty in quantitizing
context knowledge. For example, given two queries “hotel inLA” and “car loan for
people who have �led bankruptcy” in subphrase generation problem, the second query
with length of8 takes longer time for the labeler to label than the �rst querywith length
of only 3. This problem is even more severe in named entity recognition problem since
there is huge difference in the length of sentences. Furthermore, existing sequence ac-
tive learning [15] framework usually selects a prede�ned number of sequences, which
is not appropriate since the efforts to be spent in labeling is restricted by the total length
of selected sequences. To address these problems, we make the following two assump-
tions:

– The effort for a labeler that can be spent for labeling a set ofsequences is de�ned
as the total number of elements in the sequence set instead ofthe total number of
sequences.

– The effort needed to label a sequences is related and only related to the length of
the sequence.

The �rst assumption changes the output for the previous sequence active learning
system and is able to measure the effort in labeling effectively. The second assump-
tion gives a simple de�nition to measure the efforts needed in labeling sequences with
different length. These two assumptions brings out anotherconcern about the choice
between one longer sequence and several shorter sequences.

Here we formulate the problem as follows. Given a pool of unlabeled sequences
U = f s1; s2; :::; sm g with uncertainty scoreF = f f 1; f 2; :::; f m g, we de�ne the
effort needed for corresponding sequences as:

L = f l 1; l 2; :::; l m g

wherel i = jsi j; i = 1 ; 2; � � � ; m. We also de�ne the effort that can be spent in labeling
sequences by the labeler asL . The goal is to utilize as much effort that can be spent as
possible while maximizing the total uncertainty, which leads to the following objective
function:

max(
mX

i =1

ei f i ) (15)

s:t:
mX

i =1

ei l i � L

whereE = f e1; e2; :::; em g is the indication vector with:

ei =
�

0 sequencei is not selected.
1 sequencei is selected.

(16)

This is a NP-hard problem[6], which is approximately solvedby dynamic programming
algorithm in this paper. We de�neK (i; j ) as the maximum total uncertainty that can be



SV M struct Active Learning Algorithm for Sequences with Different Length:
Input: A small set of training sequences(X ; Y) = f (x 1 ; y 1); (x 2 ; y 2); :::; (x n ; ; y n )g, a large
pool of unlabeled sequencesU = f s1 ; s2 ; :::; sm g and a prede�ned number of words that can
be labeledL
Output: A vectorE = f e1 ; e2 ; :::; em g with ei = 1 indicating the selection of sequencei .
Method:
1. Learn the parameter vectorw by the standardSV M struct algorithm with training data
(X ; Y).
2. Calculate the uncertainty scoresF = f f 1 ; f 2 ; :::; f m g for each sequence in the pool of
unlabeled sequencesU by E = f e1 ; e2 ; :::; em g Viterbi Search according to:

1 f i = exp( � max
y 2Y

w T � (s i ; y ))

2 f i = exp(min
y 2Y

w T � (s i ; y ) � max
y 2Y

w T � (s i ; y )))

3. Solve formula (16) by dynamic programing to learn the indication vectorE =
f e1 ; e2 ; :::; em g and send sequences i to query for labeling ifei = 1 .

Fig. 3.The Active Learning Algorithm for Sequences with Different Length

achieved with total number of elements less than or equal toj using sequences up toi .
The recursive function is de�ned as:

K (0; j ) = 0

K (i; 0) = 0

K (i; j ) = K (i � 1; j ); if l i > j

K (i; j ) = max( K (i � 1; j ); f i + K (i � 1; j � l i )) ; if l i � j (17)

K (m; L ) is �nal uncertainty we get form input sequences and desired effortL . This
algorithm is a generalized algorithm that can be applied into any sequence active learn-
ing framework with different algorithms or different de�nitions of uncertainty scores.
In this paper, we apply this algorithm into theSV M struct active learning framework,
which is described in Figure 3

In this section, we give a clear de�nition about the effort needed to label a sequence.
We also rede�ne the effort that can be spent for labeling as the total number of elements
instead of the number of sequences. Our sequence active learning algorithm utilizes the
SV M struct framework and takes the effort needed in sequence labeling into account
to select a subset of sequences with maximum uncertainty from a pool of unlabeled
sequences. In the next section, we will conduct some experiments to evaluate our meth-
ods.

5 Experimental Result

In this section, we will conduct some experiments on real data sets to prove the effec-
tiveness of our active learning algorithm.



5.1 Experiment Setup

We applied our algorithm to three data sets in our experiment. The �rst two data sets
come from named entity recognition shared task of CoNLL-2002[14]. One is Spanish
data (ESP), which is a collection of news wire articles made availableby the Spanish
EFE News Agency. Another is Dutch dataNED, which consist of four editions of the
Belgian newspaper ”De Morgen” of 2000. The task is to label each word in the sentence
using some prede�ned entity tags such as person names (PER),organizations (ORG),
locations (LOC) and miscellaneous names (MISC) with a B ahead of them denoting
the �rst item of a phrase and an I any non-initial word. The third data we are using
is collected from the query subphrase matching project (QSPM) of Yahoo Sponsor
Search. Given a query by a typical search engine user, the goal is to generate subphrases
that preserve the user intent as well as match the bidded terms submitted by advertisers.
There are two tags: “KEEP”(”1”) and “DROP”(”0”) for each position.

For each position in the sequence, we extract its context features such as ”current
word is”, ”previous word is”, ”next word is” and so on. We alsoused tag transition
features such as “previous tag to current tag”. Some word features such as pre�x and
suf�x are also used based on the language of the data such as ”th” for English data. We
did not employ any feature selection methods in our experiments. For theDER data,
the Part-Of-Speech tags are also utilized as grammatical features. All our experiments
were conducted on a Linux server with 7.2GHz CPU and 15GB RAM.

5.2 Overall Performance
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Fig. 4.The average error for ESP data set by three active learning uncertainty measurements

In this experiment,we compare the most-possible-constraint-violations method (MPSV)
and simple uncertainty(SU) method with the random method. To alleviate the length
problem in sequence active learning, we select a subset of sequences from the training
data, which has the same length. For each data set, we run fourexperiments, each on
a different length selected from the training data. ForNED data, we select all the se-
quences with length12,13,14 and15 in each experiment. ForESP data, we select all



the sequences with length42, 43, 44, 45 in each experiment. For theQSPM data, we
select all the sequences with length3, 4, 5, 6. For theNED andMPSV data set, we se-
lect 400sequences at each length. The �rst10 are used for initial training. The pool of
the remaining390sequences is for active selection. Each time we select15 sequences
and the result is reported as the average error rate of different length. For theQSPM
data, we select1930sequences at each length. The �rst10sequences are used for initial
training. The pool of the remaining1920sequences is for active selection. Each time
we select60 sequences and the result is reported as the average error rate of different
length on the test set.

Figure 4 shows the results for the three methods in the three data setsESP,NED
andQSPM. The x-axis denotes the number of unlabeled sequences selected to query
for labeling. The y-axis represents the average error rate,which is calculated in the word
level as follows:

Error Ratef Word Levelg =
Total number of correctly tagged words

Total number of words
(18)

We observe from the Figure 4 that bothMPSV andSU methods outperform random
approach on all three data sets. AlsoMPSV performs better thanSU, which means
that MPSV is a better way to measure uncertainty forSV M struct . Furthermore, the
gap between theMPSV and other two methods seems very large when the number of
selected sequences is small. It means thatMPSV serves as a good criteria that only a
small number of sequences are needed to get good performance. In this experiment, all
the sequences are of the same length to compare three methodsand we are aiming to
select a prede�ned number of sequences. In the next section,we conduct experiments
on sequences with efferent length utilizing the dynamic programming algorithm.

5.3 Selecting Sequences with Different Length
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Fig. 5.The length distribution for the three data sets: ESP (left), NED (middle) and QSPM (right).

In the last section, we have compared two uncertainty measure (MPSV) and (SU)
in SV M struct with random method to select sequences with the same length.In this



section, we will conduct experiments on our new active learning system which takes
the effort in labeling into consideration. We select400 sequences randomly from the
original data set forNED andESP separately with different length. We select1930
sequences randomly from originalQSPM data set with different length. Figure 5 shows
the histograms of length distribution for the three sample data sets. As we can see, the
length of sequences varies from1 to 102 for ESPdata set, from1 to 58 for theNED
data set and from2 to 9 for theQSPM data. The wide spread of the length distribution
elaborates our concern on different effort spent in labeling sequences with different
length.
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Fig. 6. The average error for the three data sets (EPS,NED,QSPM from left toright) by the dy-
namic active learning system usingMPSV-DY as uncertainty measurement and existing active
learning methods usingMPSV andSUas uncertainty score.

The input here is the percentage of words we want to select from the pool of se-
quences instead of the number of sequences. The percentage of words to be selected is
the effort that can be spent in labeling sequences by the labeler. The baseline here is
the previous active learning system, which ranks the sequences in the pool based on the
normalized uncertainty score and selects the sequences with highest scores. We com-
pare our dynamic active learning methods with previous active learning methods on the
three data sets. SinceMPSV has shown its improvement over random method andSU
methods. We useMPSV as the uncertainty score measurement for our dynamic active
learning algorithm.

Figure 6 reports the error rate on the ESP, NED and QSPM data sets from left to right
comparing our new active learning system with previous active learning system. X-axis
is the percentage of words we want to select for labeling which is used to illustrate the
effort that can be spent in labeling. Y-axis represents the error rate after querying the
selected sequences for labeling and retrain the model with the new labeled sequences
added. The result on the esp data shows that our dynamic active learning algorithm
with MPSV-DY as underlying uncertainty score outperforms previous active learning
methods usingMPSV and SU as uncertainty score signi�cantly with lower average
error rate. It shows that our active learning system is able to select the most informative
subset of unlabeled sequences to query for labeling.



6 Conclusion and Future Work

In this paper, we have proposed two measurements of uncertainty in SV M struct for
selecting the most informative sequences to query from labeling from a pool of un-
labeled sequences. One is the most-possible-constraint-violation method (MPSV) and
another is simple uncertainty(SU) method. We compare our proposed methods with
random selection on three real data set from named entity recognition task and sub-
phrase generation task for queries. Our �rst experiment result on selecting sequences
with same length shows that the most-possible-constraint-violation method (MPSV)
and simple uncertainty(SU) outperform the random method signi�cantly. AlsoMPSV
outperformsSU by considering the underlying class distribution. We also propose a
new active learning for sequence labeling using dynamic programming to select the
best combination of sequences that maximizes the total uncertainty and restricts label-
ing effort, which is de�ned as the total number of elements ofthe selected sequences.
Experiment result shows that it performs better than previous active learning system for
sequence labeling. In the future, we will explore the possibility of considering represen-
tativeness of a sequence in a pool and selecting a sequence with both high uncertainty
and good representativeness.
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