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Abstract. Sequence labeling problem is commonly encountered in many natural
language and query processing taskg.M """ is a supervised learning algo-
rithm that provides a exible and effective way to solve this problem. Have

a large amount of training examples is often required to ®airM S | which
can be costly for many applications that generate long and complexrsagjue
data. This paper proposes an active learning technique to select thénfoos
mative subset of unlabeled sequences for annotation by choosingresss that
have largest uncertainty in their prediction. A unique aspect of activeiteafor
sequence labeling is that it should take into consideration the effort spdat
beling sequences, which depends on the sequence length. A newleativieg
technique is proposed to use dynamic programming to identify the besttsoib
sequences to be annotated, taking into account both the uncertainty alidgab
effort. Experiment results show that o8V M ™ active learning technique
can signi cantly reduce the number of sequences to be labeled whilertartpe
ing other existing techniques.

Key words: Active Learning, Struct Support Vector Machine, Uncertainty, Se-
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1 Introduction

Sequence labeling is the task of mapping an ordered lispoftgto a sequence of output
tags. It has many practical applications in natural languagcessing such as named
entity recognition, part-of-speech tagging, shallow peysand text chunking. Another
potential application, which is investigated in this studythe subphrase generation
problem. The goal of subphrase generation in query pramg$sio nd subphrases in
a query that maximally preserve the user's intent. Unlike ¢kassi cation of record-
based data, sequence labeling depends not only on thedsaixtracted from the input
sequence but also on its previous output tags. Many alguosithave been proposed in
the literature to address this problem, including Condiidrandom Field [8], Hidden
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Markov Model [12] and Maximum Entropy Markov Model [9]. Morecently, a max-
imum margin method known as Struct Support Vector Mach@é 15t ) [19] was
proposed to solve this proble®@V Ms™U¢t generalizes multi-class Support Vector Ma-
chine learning to complex data with features extracted footh inputs and outputs. An
empirical study in [11] has demonstrated tigat MS"¢t outperforms other existing
methods in the sequence labeling task.

A known problem in supervised learning tasks such as segueaheling is the dif -
culty of acquiring labeled examples. The size of trainintadavailable is often limited
because labeling examples can be very expensive. Labelsagj@ence is also more
challenging because the output tag depends on both theangytrevious output tags.
As a result, the tags of a sequence must be determined as e, wditbler than individu-
ally for each input element. Active learning may help to addrthis problem by select-
ing a small subset of examples for labeling from the largd pbanlabeled sequences
available. By selecting the most informative exampledyadéarning can signi cantly
reduce the required size of training data while maintaimiogparable level of perfor-
mance. However, the de nition of “informative” varies foiffgérent algorithms and ap-
plications. One commonly used method is to select examplbdavgest uncertainties.
In this paper, we treat each sequence as a whole for labelthgr@pose two strategies
to measure the uncertainty of sequences undeSta1s't framework, refered as
simple uncertaincyU ) and most-possible-constraint-violation methttR SV ).

Another challenge of active learning for sequences is ttatnwst consider the
effort needed to annotate different sequences. Clealigliteg a long sequence takes
more effort than labeling a short sequence. For exampleatned entity recognition
problem there may be a large variation in the length of s@@®from one to another,
which will make the effort required for labeling differereguences different. Besides,
the effort for labeling sequences from different domainwisalge may also be differ-
ent. For example, in subphrase generation problem, quaitesitted by users coming
from different specialty such as biology, which will makes tlabeling dif cult for la-
beler with different background such as computer scienoeeder, such kind of com-
plexity in sequence is hard to quantify, in this paper we ardg sequence length as
a measure of effort. Furthermore, previous active learsiygjem in sequence label-
ing assumes the input to be the number of sequences we wagietd. $However, this
may not be suitable for the active learning in sequence iladpsince the number of
sequences did not really re ect the effort we need to put deliag because of the
sequence length problem. This paper de nes the effort thatoe spent in labeling se-
quence as the total length of all selected sequences instélael total number of of all
selected sequences. We propose a dynamic programmingagppiat can select the
best combination of sequences for labeling which maxintieadtal uncertainty while
restricting the effort that can be spent.

The rest of the paper is organized as follows. In Section 2imveduce the back-
ground of our work including the sequence labeling problactiye learning angVv Mstruct
algorithm for sequence labeling. In Section 2.2, we progoseeSV M3t for se-
quence active learning. In Section 4, we present the probfeautive learning in label-
ing sequences with different length and propose to solvg dymamic programming.
Section 5 shows some experiment results and we made oumsirtin Section 6.



2 Background

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

2.1 Sequence Labeling Problem

Joey , anemployeein Yahoo , has been Query : where can | buy DVD player online?
[Person] [] [I [] [Organization] 0o 0 0011 1 0
living in  California for 10 years. Subphrase - buy DVD player

[ 0 [tocation] 1 [ [

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

Sequence labeling is a common problem with many applicatiormany areas
such as named entity recognition [15], POS tagging [16], ¢exinking [16], etc. In
our work, we also investigate the problem of subphrase g¢iner as a sequence label-
ing problem. The left panel of Figure 1 shows an example ofethemtity recognition
problem, which labels text elements as prede ned categatieh as the names of per-
sons, organizations or locations. The right panel of Fidusbows another example of
subphrase generation problem. Label “0” means that theyquerd is dropped from
the original query and “1” means “keep”. As a result, the riznimgy part of the given
guery “where can | buy DVD player online?” becomes “buy DVRy#r”. De nition 1
andDe nition 2 give the formal de nition of sequence and sequence labginotlem.

De nition 1 [Sequence]: A sequengeis an ordered list of elements= ( x*; x2; ::1; x1).
De nition 2 [Sequence Labeling]: Given a sequence of inpytthe sequence labeling
problem is trying to label it with a sequence of tags (y*;y?;:::;y'), where each tag
y' belongs to a tag s& with jDj tags.

One simple way to solve the sequence labeling problem is eotnaglitional classi-
cation algorithm such as SVM [2], which treats each elemiarthe sequence as one
example. However, it requires the features extracted ogyedd on the inputs, which

is not true in sequence labeling problem. The features eeiiifor sequence labeling
not only depends on the inputs but also depends on the outpytsThe feature vec-
tor for a sequencéx;y) is represented as a joint feature mapping vecfer; y). The
de nition of depends on the nature of different applications. One exafepkure for
the subphrase matching problem would be “previous wordappied! current word
is kept”, which represents the transition from previous“@go current tag 1”.

Now assume that we have a training sequenceXset fxi;Xgz;::1; X, g with its
corresponding tag sequence ¥et fy,;y,; i y,0. We are interested in learning a
mapping functiof : X 'Y . Instead of learning directly, the strategy is to transform
the problem into learning a discrimination functiBnover the joint mapping of input
and output:

X YIR



Given a test sequenee its prediction is achieved by maximizig over the response
variable.The generalized form of the hypothesdecomes:

f(x;w) = argmaxF(x;y;w) (1)
y2Y

wherew is the parameters to be learned. Using the joint featurewvedk ;y), it can
be further formulated as:

f(x;w) = argmaxF( (x;y);w) (2
y2Y

Note that many existing methods for sequence labeling prolaian be explained in the
above framework. For example, the function foFrthat are maximized in the above
prediction function represents the conditional probab# (yjx) in conditional ran-
dom led [8], Hidden Markov Models [12] and Maximum Entropydvkov Models [9].
The detailed difference between these methods are iltestia [11] and not discussed
in our paper. In this work we will mainly focus @V Mstt  with prediction function:

f(x;w)=argmaxw’ (x;y) 3)
y2Y

SV MstUet has been proved to outperform all the other methods acaptdia recent
empirical study in [11].

2.2 Active Learning in Sequence Labeling

Active learning is a process to actively select a subset tfhated data to query for
labeling. There are many different frameworks of activeneay. Among those, stream
based active learning [4] selectively queries the exampltes a stream for labels.

The advantage of stream based active learning methodsti# tten make fast and

instant decision. However, stream based active learnihgaamsiders one example at
a time and fails to take the underlying distribution of theolghunlabeled data into
consideration. In our work, we are mostly concerned withl ii@sed active learning
methods, which selects the best examples from the entiregpomlabeled data. Pool
based active learning methods have been used to reduce niteenof training data

required to obtain an certain level of performance [1] [16}@improve the overall

performance [3].

The most challenging problem in active learning is to chaas@ppropriate mea-
sure as criteria for selecting the best examples from a pioddi. Many criteria have
been developed for this purpose. Divergence based methotsas query by commit-
tee method [4] select examples with the largest disagreebetween different models
and aims to minimize the classi cation variance. Erroruetibn-based active learning
attempts to select the examples with minimal expected éorajuerying to minimize
classi cation error over the test data [13]. Another big fanof active learning is un-
certainty based methods, which use model con dence asexioritfor selecting best
examples and thus differ for different models. For examgieg et al. use entropy
based methods [7] to select unlabeled examples for thecapipln of image retrieval.



[18] propose three margin based methods in Support Vecta@hMa to select exam-
ples for querying which reduce the version space as muchsssljy®. The underlying
distribution of the unlabeled data is also investigatedhimose the most representative
examples [10].

Active learning on simple data has been well studied, howekere is not much
work for more complex data set such as sequences. Activeihgafor sequence la-
beling is even more important because it is very expensialiel a long sequence.
One challenging problem in sequence active learning isweatnust select the whole
sequence to query for labeling since the labeling of its eleisidepends on the con-
text information. Previous methods summarized above cinlmused to select one
element in the sequence which can not be labeled withouegbittformation. [15]
proposes a multi-Criteria-based active learning for thabfam of named entity recog-
nition using Support Vector Machine. However, they assuna¢ the features depend
only on the input sequence and are independent of the owtg@wetguence. One work
that considers the input-output joint feature map is by [Wiich utilizes conditional
random eld as the underlying model for sequence activeniear. To the best of our
knowledge, non work has been conducted using Struct Suppotor Machine, which
has shown its potential improvement over CRF and other seguiearning algorithm
such as HMMs [12] and Maximum Entropy [11]. Another commoraiugess of previ-
ous work on active learning for sequence labeling is that thé not take into account
the difference in labeling effort for sequences differamgth. Labeling long sequence
usually requires much more efforts than short sequencerirstef the time spent by the
labeler. In this paper, we propose some simple but effeatiasurement for sequence
active learning using Struct Support Vector Machine [19\adl as some dynamic
programming algorithm to solve the length difference peofol

In this section, we reviewed some previous work on activenieg for simple data
and sequence data. In the next section, we will presentquswivork onSV M Struct
algorithm for structure prediction.

2.3 Struct Support Vector Machine for Sequence Labeling

The sequence labeling problem can be solved by multi-clagp@t Vector Machine [20]
by treating each tag sequence as a class. For a tag sequenég®; y?; :::; y') with

t elements angDj possible tags for each elemegnti = 1;  ;t, the possible num-
ber of classes ifDj'. When the sequence lengtlis large, the huge number of classes
makes the multi-class Support Vector Machine infeasibigeGa set of training se-
quencesX;Y) = f(X1;¥1): (X2:¥5); 55 (Xni Y40, Struct Support Vector Machine
solves this problem by exploring the underlying structutithvy . In Struct Support
Vector Machine, the margin of each training examiXe; y;) is de ned as:

Biiri=wh Oay)  max wh(xi;y) 4

Yi

By maximizing themin r; and xing the functional marginrqin; r; 1), we nda
I
unique solution ofv. Thus the hard margin @V Ms"°* |earns the parameter vector



w in the training phase by solving the following optimizatifumction:
1
min ékw k3 (5)
S.t8i;8y 2Yny; :
w' (xi;y;) max w' o (xi3y) 1
y2yny;
The nonlinear constraint in the above equation is equitatemset of linear constraints:
8i;8y 2VYny, :w' (xi;y;) w' (xi5y) 1 (6)
which makes the objective function into the form:
min —kwk? 7)
w22
S.18i;8y 2Yny; :
wh (xizy) who(xizy) 1
The above solution assumes the training set is separalbfdatto standard SVM, a
slack variable; is introduced for each sequenceto allow errors. Another weakness
of the above solution is the assumption of zero-one claaion loss, which is infea-
sible for sequence labeling problem whegy¢ is large. To allow arbitrary loss function

(y;;y), one way is to rescale the margin. By taking error relaxadioe loss function
into consideration, the nal optimization problem is fortated as:

I A
min Skwkj + C i (8)
Wi i=1

S.18i;8y 2Yny; :
who(xipy) who(xiy) o yny)
0
|

where (y;;V) is the loss function which is calculated as the number o&dffit tags
betweery; andy in our paper. Since the number of constraintsjiéj, which is large
for sequence labeling proble®y M3t [19] solves this problem in polynomial time
by keeping a small working set of constraints and in eaclatien adding the most
violated constraint as following:

Max (viy) (W' (xity) w' (xiiy) )
After learning the parameter, the tag sequendgfor a test sequenceis predicted by
solving the following argmax function using Viterbi seailgorithm [5]:

p=argmaxw’ (x;y) (10)
y2Y

SV MstUet js a exible and effective solution for the sequence labglproblem and
has been proved empirically to outperform other sequertitey algorithm such as
CRF [8], HMM [12] and Maximum Entropy [9]. In this paper, we lhinvestigate the
usage oSV MstUet in active learning setting.



3 Active Learning By SV M Stut

In the last section, we have introduced the backgroun8\WM St for sequence
labeling problem and some previous work on sequence lapahd active learning. In
this section, we will propose to u&yv MS" for active learning. From the previous

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

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

jw " (x)j (11)

As illustrated in Figure 2, examples lying closer to the hytene are assigned with

larger uncertainty score. This is consistent with the tidni that examples close to
the hyperplane are classi ed with lower con dence. Thesaregles are considered as
valuable examples since they have higher probability to iselassi ed and thus more

informative to be selected for further training.

However, labeling an element in a sequence by itself is alindésasible in most
sequence labeling applications because of the requirefmenbntext information. In
most situations we have to consider a whole sequence as afolunncertainty mea-
surement and active selection. Given a pool of unlabeledesempsy) = fs;;S2;:Sm0,
the goal of active learning in sequence labeling is to setecmost valuable sequences
from the pool. Similar to regular Support Vector Machine taightforward way to
measure the uncertainty of a sequesdg by its prediction score. The prediction score
wT (s;y) measures the certainty of labeling test sequangsing the tag sequenge



The simple uncertainty for sequengés then calculated iV MstUct  as:

UC(s) =exp( maxw' (s;y)) (12)
y2Yy

which is based on the negative value of the prediction scimengby formula (10).
Note that the features in sequence labeling not only deperttieinput sequencg,
but also depends on the output As a result, we must run Viterbi algorithm to get
the uncertainty score for each sequence in the pool of uledlsequenceld. Finally,
the sequences with larger uncertainty are selected asblalegamples to add to the
training set for further learning. We refer this method aspde uncertaintygU) in this
paper.

One drawback of the simple prediction score is its ignorarfitkee underlying score
distribution among different classes and only use the mairscore as a measure of
certainty. Here we propose another method which de nes titenainty of a sequence
X as:

UC(s) =exp( max wT (siy) w' (siyp) (13)

1Y 02
y.8y

1 2

which can be further formulated as:

UC(s) = exp(in w' o(s;y) §/r12«'lexwT (siy)) (14)

We measure the uncertainty of an sequesies the difference between the minimum
prediction score and the maximum prediction score, whieltigally the most possible
violated constraint for a sequensehat can be added into the optimization problem.
We refer this method as the most-possible-constrainatim method MIPSV) in this
paper.

The two methodSU andMPSV proposed here are used to calculate the uncertainty
for each test sequenee The test sequences with maximum uncertainty score are se-
lected as the most informative sequences. These sequercasbanitted to the labeler
to query for labeling and further added into the training 3éie detailed algorithm is
presented in Figure 3. However, here we treat each sequeasame disregard with
their length. Since labeling sequences with differentfemgquires different effort, we
will propose a dynamic programming algorithm to solve ithe hext section.

4 Active Learning for Sequence Labeling with Different Length

In previous sections, we have introduced some strategisslézt the most valuable
sequences from a pool of unlabeled sequences for query®y Ms't based on the

measurement of uncertainty for a sequence. Long sequezras$d have larger value
in terms of prediction score as in formula (10) and thus senaltore as in formula (12)
than short sequences. One simple way to solve this problezproparing sequences
with different length is by normalization. However, we Istlld not consider the dif-

ferent effort needed in labeling sequences with differength. Actually, some other



factors should also be concerned in measuring labelingtefteeh as context knowl-
edge dif culty. However, we ignore those factors due to tlifecdlty in quantitizing
context knowledge. For example, given two queries “hotdlAi and “car loan for
people who have led bankruptcy” in subphrase generatiablam, the second query
with length of8 takes longer time for the labeler to label than the rst queith length
of only 3. This problem is even more severe in named entity recognifoblem since
there is huge difference in the length of sentences. Furhie, existing sequence ac-
tive learning [15] framework usually selects a prede nedniner of sequences, which
is not appropriate since the efforts to be spent in labebngstricted by the total length
of selected sequences. To address these problems, we redkddhving two assump-
tions:

— The effort for a labeler that can be spent for labeling a sesegluences is de ned
as the total number of elements in the sequence set instdhd tdtal number of
sequences.

— The effort needed to label a sequescis related and only related to the length of
the sequence.

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

Here we formulate the problem as follows. Given a pool of balad sequences
U = fs3;S2;:;Smg with uncertainty scord= = ff ;;f,;::;f ,,0, we de ne the
effort needed for corresponding sequences as:

L="flg;lz;00mg

wherel; = jsij;i =1;2; ;m.We also de ne the effort that can be spent in labeling
sequences by the labelerlasThe goal is to utilize as much effort that can be spent as
possible while maximizing the total uncertainty, whichdedo the following objective
function:

X
max(  ef;) (15)
i=1
X
sit: el; L
i=1

whereE = fe;; ey;::i;en gis the indication vector with:

0 sequence is not selected.

e = =
! 1 sequenceis selected.

(16)

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



SV MS™™ Active Learning Algorithm for Sequences with Different Length:
Input: A small set of training sequenceX; Y) = f(X1;y1); (X2;¥5); 5 (Xns; Y, )0, alarge
pool of unlabeled sequencks= fsi;s2;:::; Smgand a prede ned number of words that ¢can
be labeled-

Output: A vectorE = fes;ez;:::; emgwith e =1 indicating the selection of sequenice
Method:

1. Learn the parameter vector by the standar@®V MS"™ algorithm with training dat
(X;Y).
2. Calculate the uncertainty scores= ff ;;f ,;::; f , g for each sequence in the pool| of
unlabeled sequencékby E = fes;ez;:::; em g Viterbi Search according to:

D

1 — T .

Fi=exp( maxw’ (si;y))

2 _ . T . T .

i =exp(pin w (siiy)  maxw (si;y))

3. Solve formula (16) by dynamic programing to learn the indication ve&or=
fei;ez;::; emgand send sequense to query for labeling ife; = 1.

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

achieved with total number of elements less than or equaliging sequences up to
The recursive function is de ned as:

K(0;j)=0

K (i;0)=0

K@j)= K@  Lj)ifli >]

K@j)=max(K(@ Lj)f+ K@ Lj L))ifl ] 17

K (m;L) is nal uncertainty we get fom input sequences and desired effortThis
algorithm is a generalized algorithm that can be appliealamy sequence active learn-
ing framework with different algorithms or different detimns of uncertainty scores.
In this paper, we apply this algorithm into tig/ Mt  active learning framework,
which is described in Figure 3

In this section, we give a clear de nition about the efforeded to label a sequence.
We also rede ne the effort that can be spent for labeling agdktal number of elements
instead of the number of sequences. Our sequence actininigatgorithm utilizes the
SV Mstuet framework and takes the effort needed in sequence labeitogaiccount
to select a subset of sequences with maximum uncertainty &gool of unlabeled
sequences. In the next section, we will conduct some expeaisrio evaluate our meth-
ods.

5 Experimental Result

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



5.1 Experiment Setup

We applied our algorithm to three data sets in our experimem rst two data sets
come from named entity recognition shared task of CONLL2Z08]. One is Spanish
data ESP), which is a collection of news wire articles made availdiyethe Spanish
EFE News Agency. Another is Dutch datdED, which consist of four editions of the
Belgian newspaper "De Morgen” of 2000. The task is to labehemord in the sentence
using some prede ned entity tags such as person hames (BER)izations (ORG),
locations (LOC) and miscellaneous names (MISC) with a B dlefahem denoting
the rst item of a phrase and an | any non-initial word. Therdhdata we are using
is collected from the query subphrase matching proj@&3$RM) of Yahoo Sponsor
Search. Given a query by a typical search engine user, thésgoajenerate subphrases
that preserve the user intent as well as match the bidded wrbmitted by advertisers.
There are two tags: “KEEP”("1") and “DROP”("0") for each ptien.

For each position in the sequence, we extract its contextfes such as “"current
word is”, "previous word is”, "next word is” and so on. We alssed tag transition
features such as “previous tag to current tag”. Some wortlifes such as pre x and
suf x are also used based on the language of the data such’@®ftEnglish data. We
did not employ any feature selection methods in our exparimd-or theDER data,
the Part-Of-Speech tags are also utilized as grammatiatlres. All our experiments
were conducted on a Linux server with 7.2GHz CPU and 15GB RAM.

5.2 Overall Performance

WPSV
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014 - RSV - WPSY
* 6 sU 6 sU
' 0088 - Random ) 47 —+- Random
\ *
\ ¥ ¥
4 4
" !

] E) 00 10 20 20 80 0 40 0 20 40 600 &0 1000 1200 1400 1500 1800 2000

Fig. 4. The average error for ESP data set by three active learning undgimaasurements

In this experiment,we compare the most-possible-comgtxédlations method\IPSV)
and simple uncertaint$U) method with the random method. To alleviate the length
problem in sequence active learning, we select a subsetjaésees from the training
data, which has the same length. For each data set, we ruexfpariments, each on
a different length selected from the training data. R&D data, we select all the se-
quences with lengthh2,1314 and15in each experiment. FESP data, we select all



the sequences with lengtt®, 43, 44, 45in each experiment. For tH@SPM data, we
select all the sequences with len@Hh, 5, 6. For theNED andMPSV data set, we se-
lect400sequences at each length. The i€tare used for initial training. The pool of
the remaining390 sequences is for active selection. Each time we séesequences
and the result is reported as the average error rate of ifféength. For th€QSPM
data, we sele930sequences at each length. The i§tsequences are used for initial
training. The pool of the remaining920sequences is for active selection. Each time
we selecib0 sequences and the result is reported as the average egaf idifferent
length on the test set.

Figure 4 shows the results for the three methods in the thaitse setEESP,NED
andQSPM. The x-axis denotes the number of unlabeled sequencesesklecquery
for labeling. The y-axis represents the average errorwdiieh is calculated in the word
level as follows:

Total number of correctly tagged words
Total number of words

Error Ratg word Levey = (18)

We observe from the Figure 4 that bd#PSV and SU methods outperform random
approach on all three data sets. AN®PSV performs better tha®U, which means
that MPSV is a better way to measure uncertaintySaf MS™ct | Furthermore, the
gap between th®IPSV and other two methods seems very large when the number of
selected sequences is small. It means MBSV serves as a good criteria that only a
small number of sequences are needed to get good performartbis experiment, all

the sequences are of the same length to compare three methddge are aiming to
select a prede ned number of sequences. In the next seeti@rconduct experiments

on sequences with efferent length utilizing the dynamigpronming algorithm.

5.3 Selecting Sequences with Different Length

100

Fig. 5. The length distribution for the three data sets: ESP (left), NED (middle) &R\ right).

In the last section, we have compared two uncertainty megMPSV) and SU)
in SV Mstruet with random method to select sequences with the same leimgthis



section, we will conduct experiments on our new active legrsystem which takes
the effort in labeling into consideration. We seld€@0 sequences randomly from the
original data set foNED and ESP separately with different length. We selek@30
sequences randomly from origir@SPM data set with different length. Figure 5 shows
the histograms of length distribution for the three sampiadets. As we can see, the
length of sequences varies fratrto 102 for ESP data set, fromnd to 58 for the NED
data set and froré to 9 for the QSPM data. The wide spread of the length distribution
elaborates our concern on different effort spent in lalgeequences with different
length.
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—+- MPSVDY —+- WPSV-DY AN —+- MPSV-DY
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Fig. 6. The average error for the three data sets (EPS,NED,QSPM from left) by the dy-
namic active learning system usibPSV-DY as uncertainty measurement and existing active
learning methods usinglPSV andSU as uncertainty score.

The input here is the percentage of words we want to seleot the pool of se-
guences instead of the number of sequences. The percelfitageds to be selected is
the effort that can be spent in labeling sequences by théelal@ée baseline here is
the previous active learning system, which ranks the sempsein the pool based on the
normalized uncertainty score and selects the sequencledigttest scores. We com-
pare our dynamic active learning methods with previousad#iarning methods on the
three data sets. SinédPSV has shown its improvement over random method &d
methods. We usBIPSV as the uncertainty score measurement for our dynamic active
learning algorithm.

Figure 6 reports the error rate on the ESP, NED and QSPM d=atérgm left to right
comparing our new active learning system with previousradéarning system. X-axis
is the percentage of words we want to select for labeling whiaised to illustrate the
effort that can be spent in labeling. Y-axis represents ther eate after querying the
selected sequences for labeling and retrain the model hWéméw labeled sequences
added. The result on the esp data shows that our dynamie detivning algorithm
with MPSV-DY as underlying uncertainty score outperforms previous@déarning
methods usindPSV and SU as uncertainty score signi cantly with lower average
error rate. It shows that our active learning system is ab#etect 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 unugriaiSV Mstct  for
selecting the most informative sequences to query fromlitedérom a pool of un-
labeled sequences. One is the most-possible-constialation method KIPSV) and
another is simple uncertainy{J) method. We compare our proposed methods with
random selection on three real data set from named entitgrétion task and sub-
phrase generation task for queries. Our rst experimentltes selecting sequences
with same length shows that the most-possible-constwéatétion method MPSV)
and simple uncertaint$U) outperform the random method signi cantly. Als$6PSV
outperformsSU by considering the underlying class distribution. We alsoppse a
new active learning for sequence labeling using dynamignamming to select the
best combination of sequences that maximizes the totaktamesy and restricts label-
ing effort, which is de ned as the total number of elementshe selected sequences.
Experiment result shows that it performs better than prevaxtive learning system for
sequence labeling. In the future, we will explore the padbsilof considering represen-
tativeness of a sequence in a pool and selecting a sequeticboth high uncertainty
and good representativeness.
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