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Abstract

Active learning reduces the amount of manually an-
notated sentences necessary when training state-of-
the-art statistical parsers. One popular methad,
certainty samplingselects sentences for which the
parser exhibits low certainty. However, this method
does not quantify confidence about the current sta-
tistical model itself. In particular, we should be
less confident about selection decisions based on
low frequency events. We present a novel two-
stage method which first targets sentences which
cannot be reliably selected using uncertainty sam-
pling, and then applies standard uncertainty sam-
pling to the remaining sentences. An evaluation
shows that this method performs better than pure
uncertainty sampling, and better than an ensemble
method based on bagged ensemble members only.

Introduction

State-of-the-art parsef€ollins, 1997; Charniak, 2000e- IS - F .
quire large amounts of manually annotated training matef-measure sentences is indeed beneficial and explains why un-

rial, such as the Penn TreebahWarcuset al, 1993, to
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may depend on a probability which has been unreliably es-
timated from an as yet rarely observed event. In this case,
the model would indicate certainty about a particular analysis
where indeed it is not confident. In general, we would like to
place less confidence in selection decisions based on entropy
over probability distributions involving low frequency events.
However, sentences whose predicted parse was selected on
the basis of infrequent events may well be informative. Since
entropy will not in itself always allow us to reliably select
such examples for labelling, we need to consider other mech-
anisms.

We propose a novel two-stage method which first selects
unparsable sentences according to a bagged parser, and ap-
plies uncertainty sampling to the remaining sentences using a
fully trained parser. Evaluation shows that this method per-
forms better than single parser uncertainty sampling, and bet-
ter than an ensemble method with bagged ensemble members.

To explain our results, we show empirically that entropy
and f-measure are negatively correlated. Thus, selection ac-
cording to entropy tends to acquire annotations of sentences
with low f-measure under the current model. An oracle-
based experiment demonstrates that preferably selecting low

certainty sampling is successful in general. Furthermore, we

achieve high performance levels. However, creating such Idfind that exactly those sentences which our proposed meth-
belled data sets is costly and time-consuming. Active learnin@dS targets show no such correlation between entropy and f-
promises to reduce this cost by requesting only highly infor/néasure. In other words, entropy will not reliably identify in-
mative examples for human annotation. Methods have beeiprmative examples from this subset, even though these sen-
proposed that estimate example informativity by the degre&®nces have below average f-measure and should be particu-
of uncertainty of a single learner as to the correct label of an@ly useful. These findings help to explain why the proposed
example[Lewis and Gale, 1994or by the disagreement of a Method is a successful strategy.
committee of learnerdsSeunget al,, 1994. This paper is con- . .
cerned with reducing the manual annotation effort necessarg¢  Active Learning Methods
to train a state-of-the-art lexicalised parg@ollins, 1997. Popular methods for active learning estimate example infor-

Uncertainty-based sampling has been successfully appliemativity with the uncertainty of a single classifier or the dis-
to the same problem probleflwa, 2009. Here, sentences agreement of an ensemble of classifiers.
are selected for manual annotation when the entropy over the Uncertainty-based samplin@r tree entropy chooses ex-
probability distribution of competing analyses is high. En-amples with high entropy of the probability distribution for a
tropy quantifies the degree of uncertainty as to the correcsingle parsefHwa, 2000:
analysis of a sentence.

A problem with active learning methods such as uncer- (s, 1) = — ZPM(t\s) log Py (t]s) Q)
tainty sampling is that they have no method for dealing with ter
the consequences of low counts. For example, the parse tregherer is the set of parse trees assigned to sentaenicg
probability of the most likely reading in a peaked distribution a stochastic parser with parameter modél Less spiked



distributions have a higher entropy and indicate uncertaintyl Experimental Setup

of the parse mode_l as to the correct analysis. Thus, it will b?’:or our experiment, we employ a state-of-the-art lexicalised
useful to know their true parse tree. _ parser[Collins, 1997.1 We employ default settings without

Ensemble-based methods for active learning select exangypending any effort to optimise parameters towards the con-
ples for which an ensemble of classifiers shows a high desjgerably smaller training sets involved in active learning.
gree of d|s_a_greement.KuIIbgck—Le|bIer d|v_ergence to the In common with almost all active learning research, we
meanquantifies ensemble disagreemiireiraet al, 1993;  compare the efficacy of different selection methods by per-
McCallum and Nigam, 1998 It is the average Kullback-  forming simulation experiments. We label sentences of sec-
Lelble( d|\_/erg_ence between each distribution and the meagons 02 - 22 from the Penn WSJ treebditkarcuset al.,
of all distributions: 1993, ignoring sentences longer than 40 words.

We report the average over a 5-fold cross-validation to en-

1 sure statistical significance of the results. In a single fold,
kl _
(s, 7) = k Z D(Ppr][Pavg) @ we randomly sample (without replacement) an initial labelled
MeMm training set of a fixed size — 500 or 2,000 sentences, depend-

ing on the experiment — and a test set of 1,000 sentences. The
remaining sentences constitute the global pool of unlabelled
~ ; . sentences (ca. 37,000 sentences). For a realistic experiment,
Pavg = > 5 Pu(t]s)/k, and D(]|) is KL-divergence, an we tag the test set with the TnT part-of-speech tagger as in-

information-theoretic measure of the difference between tw%ut for the parsefBrants, 2000 We train TnT on 30,000
distributions. It will be useful to acquire the manual annota-¢ .o nces in the global resource. In a 5-fold cross-validation

tion of sentences with a highl -divergence to the meaiihis he parser has 88.8% labelled precision and 88.6% labelled

metric has been applied for active learning in the context o ; ;
text classificatiodMcCallum and Nigam, 1998 Eiclagbvggiwéﬁlggs on 37k sentences and applied to test sets

We randomly sample (without replacement) a subset of

3 A Novel Two-Stage Selection Method 1,000 sentences from the global pool in each iteration. From

this subset, 100 sentences are selected for manual annotation
Acquiring the correct analysis of a sentence of which the preaccording to the current sample selection method. Then, an-
dicted analysis was selected on the basis of infrequent even®tated sentences are added to the training set.
may well be informative. Since entropy itself will not allow  For consistent comparison across methods, we evaluate test
us to reliably select such examples for labelling, we need t&et performance of a single parser trained on the entirety of
consider other mechanisms. A simple, but effective method ighe labeled training data at each step, regardless of the selec-
to eliminate some infrequent events from the parsing modekion method being a single or an ensemble method.
Simply bagging the current training set, and retraining the

parser on this set allows to identify such examples for laq gngth balanced sampling For situations such as active
belling. learning for parsing, the sentences in question need a variable
Bagging is a general machine learning technique that renumber of labelling decisions. This may confound sample
duces variance of the underlying training methflBieiman,  selection metrics and it is therefore necessary to normalise.
199d. It aggregates estimates from classifiers trained ofFor example, tree entropy may be directly normalised by sen-
bootstrap replicates (bags) of the original training data. Cretence lengtiHwa, 2000, or by the binary logarithm of the
ating a bootstrap replicate entails sampling with replacemeniumber of parser readingsiwa, 2001.
n examples from a training set af examples. A bootstrap  We use the following method to control for sentence length
replicate will not only perturb all event counts to some de-jn sample selection: Given a batch sizave randomly sam-
gree, but will inevitably eliminate some of the low frequency ple » sentences from the pool and record the numbesf
event types. selected examples for sentence lerigthhen, for all lengths
The proposed method operates in two stages. We firdt = 1,2,...40, we select from all sentences in the pool of
select sentences which are unparsable according to a sindengthi the ¢; examples with the highest score according to
bagged version of the parser, but (possibly) parsable under thair sample selection metric. Of course, the union of these
current fully trained model. From the remaining sentencessets will haveh examples again. Since we randomly sampled
we select those with the highest entropy as determined by thiae batch from the pool, we may assume that the batch dis-
fully trained model. We can express this formally as follows: tribution reflects the pool distribution, in particular wrt. the
distribution of sentence lengths.

where M denotes the set ok ensemble modelspP,,,
is the mean distribution over ensemble membersiih

two — te ; ’ We use the flexible reimplementation of the parser by Dan

a1 (5, 7) = max(f37 (s, 7, failure(s, M7)) — (3) Bikel, developed at the University of Pennsylvatiakel, 2004. It

‘o . . can be obtained &ttp://www.cis.upenn.edu/ dbikel/

where f,7 is tree entropy according to a fully trained model 2t \ould be desirable for methodological reasons to automati-

M, defined in (1). The functioffailure(s, M') returns infin-  cally tag the global resource, too. However, our corpus split scheme
ity when sentence is parsable given bagged parser modeldoes not leave enough disjoint training material for the tagger, so we
M’, and 0 otherwise. use the gold standard tags for the pool sentences.



84

100 o
90 2 ,._-—_f.
80 - LT >
= 80 pod ]
> S5 e
= 70 = e ¢
S A I S
E 60 z
< g
2 50 =
40
coverage -« entropy/unparsed ----- i
precision -------- unparsed -----+e--
30 f-measure random ——
rlecall --------- entroply ----------------- :
1k 10k 100k 700k 15k 20k 25k

number of constituents number of constituents

Figure 1. A random sampling learning curve. The maximalFigure 2: Comparison of f-measure learning curves. Number
training set has 37k sentences (630k constituents). The nunof constituents is given on a log scale.

ber of constituents is given on a log scale.

Method | Cost Reduction

. . 232 N/A
This method effectively reproduces the sentence length ;irt]goopr;/unparsed 12188 30 é%
profile of the original corpus by construction and therefore unparsed 16400 29'4%
guards against the selection of sentence length biased sub- entropy 24500 _5_'7%

sets. Furthermore, it is equally applicable for all metrics and
allows a direct comparison between metrics. Note that thiaple 1: Annotation cost to reach 80% f-measure, and reduc-
method is applicable in general for the sample selection ofjony over random sampling.

sequential data where one may expect to find correlation be-

tween sample length and score.

Including/excluding unparsed sentences In this experi-
. ) . ) ment, we compare methods which do or do not include un-
Relevant evaluation measures Active learning for parsing  harsed sentences in the batch of selected examples. Acquiring
is typically evaluated in terms of achieving a given f-measuréne correct parse tree of an unparsable sentence increases the

for some amount of labelling expenditure. The cost of acquirs;jze of the model structure of the grammar and, presumably,
ing manually annotated training material is given in terms thelps to increase coverage in the test set.

the number of constituents. F-measure itself is a composite
term, being composed of precision and re¢Black et al,,
1991]. Fig. 1 shows a learning curve for a random sampling

A very simple methodunparsed, preferably includes un-
parsed pool sentences in the batch. Should the number of

experiment. We see that precision and recall do not increasunparsed sentences fall short of the batch size, we randomly
P : P ?ample parsable sentences from the pool to fill the batch. By

atthe same rate. For this reason, It may yvell k.’e advantageOllftcfmtrast,entropy only selects parsable sentences with high
to aggressively increase recall with minimal impact on pre-

cision (formulate stronger: still want to increase precision) entropy. The metho@ntropy/unparsed preferably selects

C o ; ‘unparsed pool sentences, and fills the batch with high entropy
One way of achieving this is to pursue sentences which Canéxamples We may view this method as being composed of a
not be parsed. :

binary parsability component, and a gradual uncertainty com-
ponent. The baseline imndom, a parser trained on ran-
domly sampled training sets of different sizes.

We start with an initial training set of 500 randomly sam-
The experiments in this section address the following quespled sentences, containing 8,400 labeled constituents and
tions. Is it generally useful to select unparsable sentences f@ontinue for 10 rounds until 1,500 sentences have been sam-
manual annotation? What is the gain of using the novel twopled (ca. 26k constituents). Here, as in all subsequent experi-
stage method over a state-of-the-art uncertainty-based sarients we employ length balanced sampling, cf. Sec. 4.
ple selection method? Given that the two-stage method has Methodsunparsed and entropy/unparsed perform con-

a bagged component, how does it compare against a statsistently better thamandom (Fig. 2). Note that their per-
of-the-art ensemble-based method which employs bagged efermance is nearly identical until more than 20k constituents
semble members? have been labelled. Methashtropy performs consistently

5 Results
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Figure 3: The new two-stage method versus state-of-the-afigure 4. The new two-stage method versus a state-of-the-art

uncertainty sampling. ensemble-based method.
Method | Cov| Prec Rec Fm Method | Cost Reduction
random 95.8| 82.0 78.6 80.3 random 115600 N/A
entropy/unparsed | 98.3| 82.9 81.2 821 two_stage 77900 32.6%
unparsed 98.5| 824 809 817 entropy/unparsed | 86700 25.0%
entropy 944|828 77.6 80.1

Table 3: Annotation cost to reach 85.5% f-measure, and re-
Table 2: Parseval values for different metrics after 25,00@uction over random sampling.
constituents have been annotated.

A two-stage selection method The novel method addresses

problems with sentences which cannot be reliably selected
ith popular active learning methods. Therefore, we expect a

gain in performance. Methomvo_stagepreferably includes

worse tharrandom.
Methods unparsed and entropy/unparsed reduce the
amount of labeled constituents necessary to achieve 80%

measure b%l around SO%r?s compareda[tjllmdom, while en- gentences which are unparsable according to a parser trained
tropy actually increases the cost by 5.7% (Tab. 1). on a bagged version of the current training set. Then, the

We also compare performance across methods for the samgych s filled with (parsable) sentences which have high en-
amount of annotation effort. Tab. 2 shows precision, recalltropy according to a second, fully trained parser.

and f-measure after labelling 25k constituents. Methouis Given that composite methods which preferably select un-

parsedandentropy/unparsedhave considerably higher cov- parsed sentences perform nearly uniformly well, we will now

erage thamandom, entropy has lower coverage. While all use a considerably larger initial training set in order to be

methods S.hOW cpmparable values for precision, they d'.ﬁe%ble to observe differences between these methods. We start
decidedly in their recall values. The two methods which

: with 2,000 sentences (34k constituents), and continue for 30
aggressively pursue unparsed sentenaaparsed and en-

tropy/unparsed, have more than 3% points higher recallthanrounds until a total of 5,000 sentences has been sampled

entropy, and accordingly higher f-measures thamdom (ca. 87k constituents). :
andentropy. Methodtwo_stage performs consistently better than both

aandom and entropy/unparsed (Fig. 3). It reduces the

amount of labelled data necessary to reach 85.5% f-measure

by 32.6% as compared tandom (Tab. 3). The central re-

sult of this paper is that, to reach this lev@lp_stagereduces

Ehe number of constituents by 8,800 constituents against the
tate-of-the-art methoéntropy/unparsed a reduction by a

These results confirm the importance of including unparse
sentences. Doing so helps achieving better coverage and
higher recall value which directly translates into higher f-
measure. Accordingly, all of the following experiments will
include unparsed sentences in the batch. The negative r
sult for the purely entropy-based method shows clearly th ; . ; -
a naive appll?catioyn of unlcaz}értainty sampling may have ad)</ers rther 10.1%. Also, it has consistently hlg.her precision and
consequences. It is extremely important to consider whichecall thanentropy/unparsedafter the labelling of 80k con-

phenomena a selection method is targeting. stituents (Tab. 4).



26 \Sentences F-measure Pearson

parsable 4,919 83.9% —0.37
85.5 gt unreliable 112 71.5% 0.05
5 Table 5: Average f-measure and correlation coefficients be-

tween entropy and f-measure

- periment to test this claim. Methaatacle selects sentences
whose preferred parse tree (according to the current gram-
mar) has low f-measure as determined against a gold-standard
83 tree. Fig. 5 shows that methadtacle performs consistently
/ better than our best result, the némo_stagemethod. This
suggests that a selection method which successfully targets

f-measure in %

82 , two"srf:glg R difficult sentences (low f-measure) will perform well.
/ random ——— In another experiment, we train the parser on a randomly

1 1 .. R
sampled training set of 2,000 sentences, and apply it to a test

40k 60k 80k 100k 120k P 9 PRy

set of 5,000 sentences. We are interested in the degree of
correlation between the variables f-measure (preferred tree
. . . against gold-standard tree) and tree entropy. A correlation

Figure 5: Comparison of f-measure learning curves. Numbeg o\ sis over all 4,91parsablesentences shows that the two

of constituents is given on a log scale. variables are indeed (negatively) correlated, cf. Tab. 5. Pear-

son’s coefficient is-0.37. Given the size of the considered

number of constituents

Method | Cov | Prec Rec Fm data set, correlation is highly significant & 0.01). Selec-
random 99.01 851 84.0 845 tion according to entropy will thus tend to pick low f-measure
two_stage 99.7| 86.0 852 856 sentences. Given the observation from the oracle experiment
entropy/unparsed | 99.6 | 85.7 84.9 85.3 that it is beneficial to target low f-measure sentences, this

) ) finding explains why entropy is a useful selection method.
Table_ 4: Parseval values for different metrics after 80,000 |f\ve now apply a bagged version of the parser to the same
constituents have been annotated. test set, more sentences become unparsable since we elimi-
nate some infrequent parse events. Focusing on theid12
reliable sentences which are parsable under a fully trained
odel, but not under a bagged model, we find a Pearson co-
icient between entropy and f-measure close to 0 (Tab. 5).

An ensemble method We now compare performance of
the new method against a state-of-the-art ensemble metho

Eamel)é the KL-d|v$r%er;)ce to ;heTrQean %;;n/ensembbg of In other words, entropy and f-measure are uncorrelated, and
agged parsers, cl. subsec. 2. The mekiadiviunparse entropy cannot reliably select difficult examples within this
preferably selects unparsed pool sentences, and fills the batg ss of sentences. What is more, the average f-measure

Wgh senter:ces having a h'gg mﬁan }i%-dlv?rgen(}eth(We COMyithin theseunreliable sentences is more than 12 percent-
slderasentence as unparsed when at least one ot the ense points below average, indicating that acquiring their true

memberf fails tto E[iell)t/ﬁrzagoa(\)nalysils.) As I éhe pr;ewoufs eg'Barse trees will be particularly useful.
perment, we start with 2,bub sentences and continue 1or 3U \te that the first stage of our new method targets exactly

rounds. We set the ensemble sizets: 5. these kind of unreliable sentences. The above experiments

Fig. 4 shows ensemble methédidiv/unparsed to per-  gjemonstrate why the new method is indeed successful.
form better thantwo_stage until 57k constituents. Af-

ter this point, two_stage performs clearly better thakl-

div/unparsed. This is actually a surprising result, given that 7 Related Work

both methods perform similar jobs: They select unparsabl&referably selecting high entropy examples has been shown
sentences according to one or more bagged parsers, and tHerbe an effective method for parsifigwa, 2000. Selecting

apply an information-theoretic measure, either entropy otinparsed sentences has been previously suggested because of
KL-divergence. We conjecture that, after having filtered thetheir high uncertainty, e.g. ififhompsoret al, 1999. How-
difficult examples in the first stage, the second stage shoul@ver, to the best of our knowledge, this effect has not been
make use of the information to be had from a fully trainedquantified before. Bagging ensemble members (or alterna-
parser. At any rate, our proposed method is conceptualljively random perturbation of event counts) has been explored
simpler and also quicker to compute than an ensemble-basél the context of active learning HyArgamon-Engelson and

method. Dagan, 1999; McCallum and Nigam, 1998 In particu-
lar, Argamon-Engelson and Dagan have indicated that these
6 Understanding the New Method methods target low frequency events. Bagging (and boost-

ing) a parser ensemble has been employed to increase parser
Acquiring the annotation of objectively difficult sentences performancdHenderson and Brill, 200 However, the ap-
should improve the parser. We employ an oracle-based exlication of a bagged parser ensemble to active learning is



new. Density estimation has been suggested as a methd@ollins, 1991 Michael Collins. Three generative, lexi-
to guard against selecting of outliers, d)gcCallum and calised models for statistical parsing. Rmoceedings of
Nigam, 1998; Tanget al, 2004. This approach is orthog- the 35th Annual Meeting of the Association for Computa-
onal to our suggested new method, and combining the two tional Linguistics 1997.

may well result in even better performance. [Henderson and Brill, 20§0John C. Henderson and Eric
) Brill. Bagging and boosting a treebank parserPhceed-
8 Conclusion ings of the 1st Conference of the North American Chapter

We demonstrated a number of points in this paper. First, we Of the Association for Computational Linguisti@d00.

investigated the effect of targeting unparsed sentences. Thigjwa, 2000 Rebecca Hwa. Sample selection for statistical
is a simple, but very effective way to increase labelled re-  grammar induction. IfProceedings of the 2000 Joint SIG-
call and thereby f-measure. This method has been used im- DAT Conference on Empirica' Methods in Natura| Lan-
pI|C|t|y before, but to our knOWIedge the effeCt Of th|S strat- guage Processing and Very Large Corppmges 45_52'
egy has not been quantified previously. Secondly, we pre- 2000.

sented a novel, two-stage method which particularly target: . I .
sentences which cannot be reliably selected using popular aH?Wa 2003 Rebecca Hwalearming Probabilistic Lexical-
tive learning methods. We showed that the proposed method 126d Grammars for Natural Language ProcessinghD
works better than uncertainty sampling alone. Also it com- €sis, Harvard University, 2001.

pares favourably against a state-of-the-art ensemble methdtlewis and Gale, 1994David D. Lewis and William A.
based on bagging. Finally, an oracle-based experiment indi- Gale. A sequential algorithm for training text classifiers.
cated that targeting (objectively) difficult sentences is a good In Proceedings of SIGIR-94, 17th ACM International Con-
strategy. Furthermore, we demonstrated that entropy and f- ference on Research and Development in Information Re-
measure are significantly correlated in general. However, trieval, pages 3-12, 1994.

they are uncorrelated for exactly the class of sentences Qjarcuset al, 1993 Mitchell P. Marcus, Beatrice Santorini,
which our new method takes care. This explains why the new 5.4 Mary Ann Marcinkiewicz. Building a large annotated

two-stage method performs well. In future work, we would o115 of English: The Penn treeba@lomputational Lin-
like to investigate if the proposed two-stage method can be guistics 19(2):313-330, 1993.

applied to applications other than parsing. _
[McCallum and Nigam, 1998Andrew McCallum and Ka-
mal Nigam. Employing EM and pool-based active learn-
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