Validating the Quality of Full Morphological Annotation
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Abstract
In our paper we present a methodology used for low-cost atitid of quality of Part-of-Speech annotation of iague Dependency
Treebankbased on multiple re-annotation of data samples carefalcsed with the help of several different Part-of-Speagjyérs.

1. Introduction The Prague Dependency Treebank version 2 (PDT2) con-
tains a large amount of Czech texts with morphological,

All supervised machine-learning methods rely on quality . : . .
and extent of training data — in the area of Computation Lin-SYNtactic, and semantic annotation (Hajic et al., 2006). A

guistics and Natural Language Processing often in a fornnoSt wo million words annotated on the morphological
of a manually annotated corpus. While the amount of datd®Ve! i Split into three partstrain for training purposes,

is usually only an issue of time and costs, the quality assurdi€stfor development purposes, ardestfor evaluation

ance is a non-trivial process. Each annotated corpus shoufd@p!e 1 shows exact number of tokens). The morpholog-

be provided with information regarding its annotation qual 'c@l annotation of PDT version 1 was originally performed

ity, such as inter-annotator agreement or kappa measure (Y Multiple annotators and subsequently combined into one
(Artstein and Poesio, 2007)). Absence of such a measur€ference annotation (Hajic et al., 2006). Some additiona
leads to insufficient performance evaluation of employedS€Mi-manual corrections were also performed prior the re-

machine-learning methods — performance of any methodf@Se Of version 2 by several other annotat@tepanek,
should be never reported without mentioning how difficult 2006)- As a consequence of this process, no exact details

the task is, for example for a human. of the annotation quality are known.

Quality of corpus annotation is affected mainly by follow-
ing two factors: annotator’s errors and imperfect specifica
tion of annotation guidelines. The errors can be detected
by multiple annotation of the same data and combining the
results e.g. by voting — it is unlikely that more annotators
make the same mistake at the same place. The latter, how-
ever, is a real problem. Too vague or too detailed specifi-
cation of the annotation guidelines can lead to a situation
when different decisions of multiple annotators are equall Current Czech state-of-the-art taggers developed and
correct. Frequency estimation of these two cases in a Cokrained on the Prague Dependency Treebank version 2 in-
pus is essential for estimating possible room for improvecjude the Feature-based tagger by Hajic (Hajic, 2004),

| dataset] size |
train 1,539,241
dtest 201,651
etest 219,765

Table 1: PDT 2.0 size (tokens)

ment of employed methods. HMM-based tagger by Krbec (Krbec, 2005), and Mor&e
) tagger (Votrubec, 2006) based on averaged perceptron.
2. Czech Part-of-Speech tagging They achieve accuracy around 95% (details shown in Ta-

Part-of-Speech tagging is a process of assigning particul?!€ 2) and practically no significant gain in performance
part-of-speech tag to the words in a text. Czech as a lan¥@s achieved in last years. This poses a question whether
guage with very rich morphology distinguishes up to 12the taggers glready rgached their limits and the data gualit
different morphological categories for each word (Part ofPrévents their further improvement or not.

speech, Detailed part of speech, Gender, Number, Case,
Possessor’s gender, Possessor’s number, Person, Tense, De |

Tagger | train dtest etest |

gree of comparison, Negation, and \oice) creating quite | Feature-based 96.36 % 94.28% 94.04 %
detailed and complex morphological tags with more than HM'Y' 98.78% 95.13% 94.82%
4200 possible values (the size of tagset) (Hajic, 2004). Morce 97.70% 95.43% 95.12%

The process of tagging consists of three steps: 1) durin
morphological analysisach word formin a text is assigned

a list of all possible tags from a morphological dictionary,
2) if the word form does not appear in the dictionary the
guesseattempts to assign (“guess”) possible tags based o8.1. The HMM tagger

the word ending, 3) for each word form th@ggerselects  The HMM tagger is based on the well known formula of
the most likely tag from the list. Evaluating tagger means,HMM tagging:

in fact, evaluating quality of all the steps including the-di .

tionary, guesser, and tagger. T = arg max P(T)P(W | T) 1)

g}able 2: Accuracy of current state-of-the-art Czech tagger



where contextC and tadl'. Weight coefficients«¢) are estimated
" on training data, cf. (Motrubec, 2006). The training algo-
P(W|T) %nnizl P(w; [ ti ti-1) (2)  rithm is very simple, therefore it can be quickly retrained
P(T) = ILii Pt [ tiz1, tiz2)- and it gives a possibility to test many different sets of fea-
tures (Votrubec, 2005). As a result, Morce gives the best

The trigram probability?(1W | T') in formula 2 replaces the accuracy from the standalone taggers.

common (and less accurate) bigram approach. We will us
this tagger as a baseline system for further improvements.» 3 The Feature-Based Tagger
Initially, we change the formula 1 by introducing a scaling

. - The F - , tak Iso f he PDT (Haji¢
mechanistht T = arg maxz (A * logP(T) + log P(W | e Feature-based tagger, taken also from the (Hajic

etal., 2006) distribution used in our experiments uses a gen

T)). " - ! e
We tag the word sequence from right to left, i.e. we changeeral log-linear model in its basic formulation:
the trigram probability?(1W | T') from formula 2 toP (w; | exp(> Nifi(y, )
tirtis1). pacly| @) = Z(z) @

Both the output probability?(w; | ¢;, t;+1) and the transi- _ _
tion probability P(T") suffer a lot due to the data sparsenesswheref;(y, z) is a binary-valued feature of the event value
problem. We introduce a componddtending; | t;,tis1), being predicted and its contexy; is a weight of the feature

whereending consists of the last three charactersugf ~ fi, and FheZ (x) isthe natqral normalizatipn factc_Jr. _

Also, we introduce another componeR(t; | ¢, ,,t:,,)  Theweights\; are approximated by Maximum Likelihood
based on a reduced taggét that contains positions POS, (using the feature counts relative to all feature contexts
GENDER, NUMBER and CASE only (chosen on linguistic found), reducing the model essentially to Naive Bayes. The
grounds). approximation is necessary due to the millions of the pos-
We upgrade all trigrams to fourgrams; the smoothing mech§ible fgatures which make the usual entropy .maximization
anism for fourgrams is history-based bucketing (Krbec,infeasible. The model makes heavy use of single-category
2005). Ambiguity Classes (AG) which (being independent on the
The final fine-tuned HMM tagger thus uses all the en-tagger’sintermediate decisions) can be included in bdth le
hancements and every component contains its scaling facténd right contexts of the features.

which has been computed using held-out data. The total er-

ror rate reduction is 13.98 % relative on development data, 3. Methodology Overview
measured against the baseline HMM tagger. A quite straightforward way how to validate quality of a

. corpus annotation and find annotation errors is an indepen-
2.2. Morce dent re-annotation of the entire data (a new annotator, the

The Morté tagger assumes some of the HMM propertiessame guidelines). Performing more than one re-annotation
at runtime, namely those that allow the Viterbi algorithm to brings in the possibility of combining the results to detect
be used to find the best tag sequence for a given text. Howpotential errors of new annotators and avoid them by vot-
ever, the transition weights are not probabilities. They ar ing.

estimated by an Averaged Perceptron described in (CollinsRarallel annotation of the whole data is obviously a time
2002). Averaged Perceptron works with features which deeonsuming and very expensive process. We can, of course,
scribe the current tag and its context. reduce the cost of the new annotation by processing only
Features can be derived from any information we alreadya random sample of the data and use the inter-annotator
have about the text. Every feature can be true or false in agreement on this sample as an estimation of the quality of
given context, so we can regard current true features as the whole corpus. However, this method has two disadvan-
description of the current tag context. tages. First, it detects only a limited subset of incorsectl
For every feature, the Averaged Perceptron stores its weigtannotated words — the smaller the sample, the less incor-
coefficient, which is typically an integer number. The rectly annotated words we detect (and eventually can cor-
whole task of Averaged Perceptron is to sum all the co+ect). Second, it does not distinguish between disagreemen
efficients of true features in a given context. The result iscaused by the annotator’s keying mistakes or by imperfect
passed to the Viterbi algorithm as a transition weight for aannotation guidelines.

given tag. Mathematically, we can rewrite it as: To solve the task of validating and correcting the anno-
tation, keeping minimal costs and avoiding the problems
- mentioned above, we propose the following procedure how
T) = i-0: (C, T 3 ’ .
(G.T) ;a (¢, T) 3) to carefully select the data for re-annotation.

First, we identify alltrivial data — the tokens with only one
wherew(C, T) is the transition weight for tag” in con-  possible tag that can be excluded from any further analysis.
textC, n is number of featuresy; is the weight coefficient Second, we apply several (at least three) state-of-thauart
of i*" feature andp(C, T'); is evaluation ofi*" feature for ~ tomatic systems (taggers) based on different methods on the

entire corpus (except the evaluation data of course) and se-

The optimum value of the scaling paramexercan be tuned  lect the tokens that were assigned a correct tag congruently
using held-out data.

2The name Morge stands for "MORfoIogéEétiny" (“Czech 3If a token can be &l(oun), V(erb) or A(djective), its (major
morphology”). POS) Ambiguity Class is the valu&NV”.




by all systems (all taggers agreed on the reference tag). Ws value separately on theasyand problematicdata on

call this selectioreasy dataand assume that these cases areboth thedtestandtrain sample. All results are presented
annotated correctly — they do not mean any problem for thén Table 4 and we can conclude that the work of annota-
current systems and are solved easily. The remaining sulters was quite reliable. The best annotator (A2) achieved
set comprises apfroblematic data- these are the positions 99.04% agreement with the reference PDT annotation on
causing troubles for at least one system, which we interprethe dtest easysample and 98.52% agreement on tiaen

as a sign of their eventual incorrect annotation and a reasosasydata sample.

for the in depth analysis.

The subset of corpus data for the re-annotation will consisP-2- Detailed Analysis

only of shuffled random sample of tleasyandproblem-  The data we obtained from the three annotations and the
atic data A smaller sample of theasy datawill be used agreement results allow us to make more thorough analysis
to assure the quality of annotators’ work (we can expecbf the quality of the whole corpus. We can distinguish the
100% agreement between annotators themselves as well idlowing three cases for each annotated token:

between annotators and the reference data). The main an-

notators’ effort will be focused on a larger sample of the Correct annotation At least two annotators agree with the

problematic datain order to estimate the inter-annotator reference annotation (this eliminates an eventual error
agreement and analyze potential room for systems’ perfor-  of one annotator).
mance improvement. Incorrect annotation All three annotators agree with each
o other and the reference annotation differs from their
4. Application on PDT choice (a sign that the reference tag is probably

As a first step, morphological analysis and guesser (version ~ Wrong).

from April 2006) were applied on theain set anddtest  vague annotation All other cases (multiple tags are
set of PDT2. Thus we identified 44.12% and 43.11%, re- equa”y correct or errors by mu|t|p|e annotators)_ We

spectively, of the tokens dsvial. Then the three taggers are interested only in the first case, but we can not dis-
mentioned in Section 2 (trained on the PDif&n set) ap- tinguish it from the case of multiple errors, so we have
p|led on the same data sets agl’eed on 51.23% and 4741%, On|y the upper limit for the amount of rea”y Vague
respectively, cases to be tleasy data Finally, theprob- tags.

lematic datacomprised 4.65% of th&ain setand 9.48%
of thedtestset (see details in Table 3).

_ | data | all [ corr. incorr. vague|
[ data | train | dtest | dtest easy 2500] 2,482 4 14
trivial 679,061 44.12% 86,922 43.11% problematic| 5,000 | 4,605 171 224
easy 788,573 51.23% 95,604 47.41 % train easy 2500]| 2.471 13 15
problematic 71,607 4.65%| 19,125 9.48 % . ’ ’
total 1,539,241 100 % 201,651 100 % problematlc 5,000 4,458 255 287

Table 5: Correctness of the annotated data (number of to-

Table 3: Size of particular parts of the data
kens)

Since our main interest lies in analysis of f@blematic Counts of these cases in annotated data are presented in

data we selicted a quite large sample of them from theTable 5. From this evidence we can estimate their distri-
dtestset (25%, 5,000 tokens) and only half the size frombution on the entire PDT test sets which is shown in Ta-

theeasy datg2,500 tokens). The same amounts of tOI(ensole 6. 98.99 % of tokens idtestset are annotated correctly,

were sampled and added also from traan set and the en- 0.37 % of tokens are very likely to be annotated incorrectly,
tire set of 15,000 tokens was independently annotated bXnd annotation of (up to) 0.65 % dftesttokens is vague.

three human annotators at an average speed of 1000 toke Snilar results were estimated for thain set.
per day. The tokens to be annotated were randomly shuf-

fled and presented to the annotators independently fro data | size | com.__incor. vague|
each other with a context of one preceding, the current, an dtest easy 95604] 99.28  0.16 056
one following sentence. A list of possible tags for each problematic 19,125| 92.10 3.42  4.48
word was obtained from the morphological analyzer and all, weighted | 201,651| 98.99  0.37 0.65
the guesser (version also from April 2006) and enriched by train easy 788,573| 98.84 052 0.64
the tag from the reference annotation in case it did not ap- problematic 71,607 | 89.16  5.10 5.74
pear in the morphological dictionary and was not proposed all, weighted | 1,539,241| 98.90 0.50 0.59

even by the guesser.

Table 6: Correctness estimation for the whdlestand

5. Results )
train set

5.1. Inter-annotator Agreement

Inter-annotator agreement is the basic measure of corpuanally, we extend this estimation to the entire PDT (inelud
annotation quality and difficultness of a task. We measurethg etes} and conclude that



| data | size] Al A2 A3] voted]

dtest easy 2,500| 97.00 99.04 98.36 99.32
problematic| 5,000 | 88.48 92.86 88.46 92.48
train  easy 2,500| 97.64 98.52 97.92 98.92
problematic| 5,000 | 86.66 90.12 81.46 89.88

Table 4: Annotator (A1-A3) agreement with the referencecgation measured on the annotated data samples (in %).

e 1,939,314 tokens (98.91 %) are annotated with correcfan Hajic¢, Eva HajiCova, Jarmila Panevova, Petr Sgaiy
tags and are a reliable source of linguistic evidence Pajas, Jarstépanek, Jifi Havelka and Marie Mikulova.

e 9,563 tokens (0.49 %) are annotated with incorrect Prague Dependency Treebank v2ODROM. Linguis-
tags and should be identified and corrected tic Data Consortium, Cat. LDC2006T01. Philadelphia.

ISBN 1-58563-370-4. (2006) Documentation also at
e (up to) 11,780 tokens (0.60 %) are vague tags (un- http://ufal.nff cfmi ():z/ pdt 2. 0

decidable ambiguities, foreign words etc.). Detectlon‘Jan Hajic. Disambiguation of Rich Inflection (Computa-

gnd linguistic analysis qf thes_e tags should lead to ad- tional Morphology of Czech). Vol. 1. Charles University
justment of the annotation guidelines. Press Prague. (2004)
6. Conclusion Pavel Krbec. Language Modelling for Speech Recognition
i of Czech.PhD ThesisMFF, Charles University Prague.
We have proposed a method how to validate the corpus an- 2005)

notation quality and detect large subset of particular prObJanétépanek. Post-annotation Checking of Prague Depen-
lematic and vague tags with minimal costs. Our method can dency Treebank 2.0 Datén: Proceedings of the 9th

?he useld for any_:ar?guagetarf\d atW|det_rangetzhoZanglotagon, International ConferenceTSD 2006, Springer-Verlag
e only necessity is a set of automatic methods based on g ;i1 Heidelberg. pp. 277-284. (2006)

&Zegin;péhng'pgeti'at even tagaing of the training data cah]an Votrubec. 2005Volba vhodgch rysi promorfologicle
v w v 9ging Ining zna&kovani cestiny. (Feature Selection for Morphologi-

be useful. For example, if we randomly choose for re- . : -
annotation another 10 000 narivial tokens from the train- 3::;?3%?§gcjeCzech.Master thesis, MFF, Charles Uni

ing data, we can expect to find about 90 annotation errorﬁan Votrubec. Morphological Tagging Based on Averaged
and 103 vague tags, compared to 510 errors and 574 VaguePerceptronln: WDS'06 Proceedings of Contributed Pa-

tags using our method of data selection. B
Obviously, we can not find all the problematic tags using pers MFF UK, Prague. pp. 191-195. (2006)

this method, but we can effectively detect more than one
half of them by re-annotating only one tenth of the non-
trivial data (instead of one half, when selecting the data
randomly).

The second result of our experiment is the correctness esti-
mation for the whole PDT. We can conclude that the mor-
phological annotation has a very high quality and the tag-
gers have still some room for their improvement without
correcting the data. The amount of vague tags is also rea-
sonable.
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