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1 Introduction

The purpose of this paper is to investigate alternative otslof automatic, morpho-
syntactic annotation with a large tagset that can be efiggtitrained on manu-
ally annotated data of moderate size. We will argue thatdstahn-gram taggers
such as TnT are inadequate for this task, but that probabitentext-free gram-
mars provide a suitable alternative that yields acceptedselts even for moderate
amounts of training data.

The utility of treebanks is directly proportional to thehitess of linguistic anno-
tation reflected in the trees. For languages with rich inibae! morphology such
as German, case, gender, person and number informatiorxicalleategories is
of crucial importance and has, therefore, been incorpdriati® the NEGRA (Skut
et al., 1997) and TuBa-D (Hinrichs et al., 2000) treebankensequently these
treebanks provide a much more fine-grained inventory of mmomgyntactic tags
compared to the STTS tagset (Schiller et al., 1995) , thelwamlecepted inventory
of part-of-speech categories for German.

While such richer annotation schemes are desirable fromsarig¢ive and an
application-oriented perspective, they lead to an in@eashe amount of labor
for human annotators. The need for robust semi-automatcimmatic annotation

*We wish to thank Thorsten Brants and Tylman Ule for valualolements related to this paper.
In particular, we are indebted to Tylman Ule whose own PCFé&aech reported in this volume
provided the inspiration for the tree transformations dgsed in section 3.3.



tools which can aid or replace human annotation, therefoeepmes even more
important. For part-of-speech annotation, probabilisiggers such as TnT pro-
vide a tool of this kind. One limitation of such taggers liaghe size of the tagset
used in the training corpus. As the size of the tagset inesehy the introduction

of morpho-syntactic categories, tagger performance ajfyicecreases.

As (Brants, 2000) has shown, the TnT tagger achieves 96.7%4racy when

trained on a newspaper corpus of 300.000 tokens with the Sags®t that com-

prises 54 basic part-of-speech tags for German. Adding hwegyntactic features
such as case, number, person, gender, tense and mood tostbeSBA'S labels

results in a set of 718 possible tags.

2 TnT experiments

The TnT tagger was trained with this enlarged tagset on 51288ually anno-
tated tokens from theaz newspaper portion of the TiBa-D treebank (taz, 1999).
Additional 5854 lexical tokens served as the development ¥¢hen tested on
8949 tokens from the same corpus, the TnT tagger achievesetirmaccuracy of
74.97%. A firstimprovement to 80.61% can be achieved if umkmwords in the
test corpus are tagged not via the TnT guesser, but by a lakk«icon containing
the set of possible morpho-syntactic analyses for eachawknvord. Further im-
provements can be obtained by either increasing the sizeedfaining data or by
reducing the tagset. Considering the amount of manualteféaressary, the former
strategy is not feasible in practice. The latter strategyldeeen advocated by (Tufis,
2000) and by (Dienes and Oravecz, 2000).

2.1 Reduced tagset approaches

In the approaches of (Tufis, 2000) and (Dienes and Oravéfif))A reduced tagset
is designed for an intermediary tagging with the followimglacement of the tags
from the reduced tagset with the more informative tags obtiiginal large tagset.
The two approaches differ in the methods used for tagset aotigm. Tufig’ tiered
tagging (T-tagging) approach successively reduces tleedithe original tagset
(allowing for a 10% loss of information) while Dienes and @ez’ bottom-up
tagset design (BUTD) maximally reduces the original tageigout loss of in-
formation and then re-introduces morpho-syntactic festio expand the reduced
tagset to a set of tags that exhibit sufficient distributlanees for the tagger.
Figure 1 shows the results of applying these two algorithonthé German data.
The BUTD approach fails to reach the baseline set by TnT wighrhaximally
reduced tagset (72.33%). Experiments with expanded wgseise classes respect



development data test data
pure back-up pure back-up

™nT 75.09 80.74 74.97 80.61

BUTD

straightforward 72.51 72.53 72.15 72.33
expanded tagsets 76.23 78.49 75.43 78.19
T-tagging

straightforward (10% info loss)  82.71 83.58 81.84 83.13

Case, Number and Person only 83.59 83.02 83.26 83.01
no Case, Number and Person 85.39 85.58 84.03 84.94

Figure 1. TnT experiments

differences in major word classes yield a maximal, but bllow baseline, result
of 78.19%.

The T-tagging approach is able to outperform the TnT basellime standard mar-
gin of 10% information loss set by Tufis’ algorithm yields.83% for German data.
However, this higher result is achieved at the cost of logifigrmation contained
in the original tagset. The algorithm described in (Tuf@)@) allows to leave out
an attribute from all the tags in the reduced tagset if thrmiektion results in lim-
ited percentage (less than 10%) of words becoming ambigaftersrecovering the
original tags. The recovering process is lexicon driveis gquivalent to comput-
ing the intersection between the set of original tags that m the reduced tag
assigned to the token and the set of analyses specified ftokee in the lexicon.
For resolving the remaining 10% ambiguity, the algorithriieseon hand-crafted
rules. However, for German this strategy turns out not tokwd0% information
loss results in the elimination of all morphological feasion major word classes,
e.g. finite auxiliary verbs, articles, proper nouns as welparsonal, demonstrative
and relative pronouns and determiners. This type of infoionds not recoverable
by hand-crafted rules, thus limiting the utility of the taggoutput.

It is instructive to profile the T-tagging approach by comipgrthe retention of
different sets of crucial morphological features. If onlgse and number infor-
mation is retained on nominal categories and only numbepansbn information
is retained on finite verbs, this results in a lower accur&3,q1%) than if only
these features are deleted from the tagset and all otherhological features are
retained on these and on all other word classes (84.94%Y, Gamber, and per-
son are generally regarded as the most basic morphologatlres to be included
in any tagset with inflectional information. The fact thaistfeature set is more



difficult to accommodate than all other morphological feasucombined points at
a crucial deficiency in the underlying model for the task atcha

2.2 Limitations of N-gram models

N-gram taggers such as TnT consider only sequencesvedrds and their can-
didate tags, i.e. very local contexts, as the basis for n@téng the most likely
sequence of tags for the sentence. This Markovian assumpitaves harmful for
decisions that crucially require larger context windowss€, person and number
information is precisely of this nature, since successisamhbiguation needs to
rely on genuinely syntactic phenomena such as subjectagrement, valency of
main verbs, and morphological features of other nominahel&s in the sentence.
While at first sight it seems that case and nominal number eaedplved within
a small context window via phrase-internal agreement, theirfgs of (Hinrichs
and Trushkina, 2002) show that in a lot of cases use of syathetrristics which
take into account distant features is necessary. The mostipent example of
this kind is illustrated in (1). The example is taken from #reor analysis of TnT
performance on test data.

(1) Die Frage nach derFormbeantworteer dannauchso:
Thequestionaboutthe form answers hethen also in this way

‘He answers the question about the form in this way:’

The sentence contains an unambiguous nominative proaoand a noun phrase
die Frage The latter NP represents a common nominative-accusatn@gaity.
TnT wrongly assigned nominative case to the tokdiesFrageeven though the
combination of the nominative and accusative NPs in a cleuseich more likely
than a pattern of two nominative NPs. This deficiency in taéstical model used
by the TnT tagger is due to its extremely local context window

The most widely used probabilistic models that can incafmmore global struc-
tural information are probabilistic context-free grams@PCFGs). The conjecture
that PCFGs yield better results is confirmed by experimetitts tve PCFG-parser
LoPar (Schmid, 2000). These experiments are describec ifottowing section.

3 PCFG experiments

3.1 Tagging mode of L oPar

LoPar is a particularly good tool to use since it providesicked Viterbi parsing
and tagging modes. The corresponding modes give diffeesuits when applied
to the task of morpho-syntactic annotation with large tegsén Viterbi parsing



mode, LoPar computes the most probable tree structure forem gnput string.
This mode can be used for part-of-speech tagging by outguttie sequence of
part-of-speech tags that appear as preterminal nodessofribst likely tree. In
tagging mode, the best tag sequence is computed indepgndetite most likely
parse tree. In this mode the best tag sequence is defined ssghence of those
tags that yield the maximal product of the inside and outpiddabilities among
the candidate tags for a given word. A more formal comparisetween the two
modes is given in Appendix A.

Since LoPar’s tagging mode computes the most likely tagesgzpiindependently
of the most likely parse tree, the best tag for a given word lvélidentified as that
tag which provides the best balance between the likelihddldeotag itself and the
likelihood of the surrounding syntactic context. Sincestbhoice is determined
for each tag independently of all the others, the resultagydequence may well
differ from the tag sequence of the most likely parse treg¢entdi parsing has as
its goal the construction of a single tree that provides @ balance between the
individual probabilities of the candidate structures efparts. In order to arrive at
this balance, the most likely analysis of an individual glerar word may not be
incorporated into the most likely tree if the outside prabgbfor that analysis is
much inferior to the outside probabilities of other candgdanalyses for the same
word or phrase. Thus, Viterbi parsing optimizes global e, not individual
substructures. Since part-of-speech tagging is of a maed ltature compared to
full sentential analysis, it should therefore be expedbted independent maximiza-
tion of tags for individual words should perform better thglnbal maximization
of full sentential structures.

The experiments with both Viterbi parsing and tagging madmonstrate an av-
erage improvement of the tagging mode performance overdhlfermance of the
parsing mode that amounts to 0.9%. This difference in resitesses the inde-
pendent nature of the tagging task in PCFG application. ihggig viewed not
as a subtask of full parsing, but as a separate problem anelsesgs a challenge
of a different kind for a PCFG. What is usually assumed astifguparsing — a
sequence of part-of-speech tags — is to be found in the tgggivblem, and the
main emphasis is put on identification of those regulariiesyntactic structure
that are highly predictive for the assignment of the cortagtsequence.

Training, development and test material for LoPar congdistetreebank data for
the same manually annotated tokens used in the TnT expdsmEme best results
obtained by LoPar yield an accuracy of 87.34% on the test alatiaof 88.21%
on the development set. These results required redefirofiolon-terminal nodes
and tree transformations compared to the original treebahls confirms the find-
ings of (Johnson, 1998) who showed that the performance &3@arsing varies
considerably depending on the choice of non-terminal syséod the tree trans-



VROOT

SIMPX
-
VE LK NIF VG
N(‘:X VXFIN ADVX PX PTKVZ
O
NE:‘nsm VVFII‘\I:Ssis A[‘)V APPR:a NCX zuriick
Yaguchi greift nie auf ART:apf  ADJIX NN:apf
die ADJIA@PT konventionen

gangigen

Figure 2: Example of an original tree

formations performed on the Penn treebank.

3.2 Original treebank structures

The tree in Figure 2 exemplifies the type of structures andgaites used in the
baseline LoPar experiment. The tree structure represbattabel bracketing of
the original TiBa-D treebank format but leaves out funchogument information
represented as edge labels in the TlBa-D treebank.

Treebank segmentation units may contain more than onersmntand/or phrase,
which results in disconnected trees in some cases. To awgdrthected trees in
the LoPar input, a root nodéROOT was added to all treebank segmentation units.
The framework of topological fields (Hohle, 1985) that hetpsapture fundamen-
tal word order regularities of German sentence structuaglapted in the treebank.
Node labelsVF, LK, M- andVC represent such topological fields: sentence brack-
etsLK andVCformed by verbal elements divide a main clause intgeld (VF -
initial field), aMittelfeld (MF - middle field) and aNachfeld(NF - final field).

Maximal phrasal categories can be identified by the characte the node label,
preceded by the abbreviation for the type of phrase. E}¥.and NCX are the
TuBa-D treebank equivalents of the more traditional la&sandNP.



precision # of unparsed

sentences

1. baseline: 66.40 5
2. back-up lexicon added 77.65 5
3. topological fields (except for VC and C) deleted 77.58 5
4. case passed up to NX and NCX 84.23 6
5. grammatical functions (-ON and -OA) added

and passed up to SIMPX + rules binarized 84.98 5
6. morph. info passed up to NXs and VXFINs 87.62 7
7. FIN label with number passed up to SIMPX 88.21 9
8. results on test data 87.69 11

Figure 3: LoPar PCFG experiments

Preterminal nodes are formed by STTS tags and morphologickds separated by
the colon delimiter. Morphological codes of nouns, adjegiand articles repre-
sent values for case (first slot), number (middle slot) armtige (last slot). Verbal
inflectional morphology - person, number, mood and tensend®ded in the cor-
responding four slots in finite verb tags. For prepositidms dnly morphological
feature present is a value of the required by the prepositase.

Figure 3 summarizes the LoPar experiments on the develdpse¢and the final
result on the test data. The baseline of 66.40% is obtainegiaining LoPar on
the treebank as is. Adding a back-up lexicon with candidatepho-syntactic
analyses for unknown words improves accuracy to 77.65%hEumprovements
are obtained by enriching the set of non-terminal nodes suticbb transformations.
These improvements are summarized in lines 3 to 7 of Figure 3.

3.3 Treebank transformations

Enriching the set of non-terminal nodes and tree transfooms: both have the
goal of optimizing the treebank structure for training a mlathat best predicts the
correct morpho-syntactic tag sequence.

Enriching the set of non-terminal nodesaims at weakening the independence as-
sumption inherent in PCFGs. Percolation of relevant mdagagioal and functional
information between lexical and phrasal nodes allows thdehtw better capture
regularities in syntactic structure for correct assigntradriags:

1. Passing morphological information (case, number and&gron phrasal cat-
egories that constitute an NP (nouns, adjectives, detemnietc.) facilitates the
recognition of intra-phrasal agreement.

Consider as an example the tree in Figure 5. If no morphaddgidormation is en-
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die  ADJA:apf Konventionenzurtick

gangigen

Figure 4: Example of a transformed tree

coded on the nodaDJ X, a formation of a subtree with accusative article and noun
and a nominative adjective would be possible, since expansi the adjectival
phrase is independent of its sisters. Percolating morgjedb information from
the adjective to its mother node makes the structure moie rige probability of
a noun phrase expanding to categories with different mdggical values is very
low, as well as the probability of expanding an accusatid@ X to a non-accusative
adjective.

2. Percolation of function labels -OA and -ON (accusativggcband subject) up to
SIMPX (clause) nodes helps to prevent formation of two-scitgs well as subject-
less clauses, which are less frequent in the treebaltka way this information
reflects the subcategorization frame of the verb. It is ggeng to note, though,
that inclusion of dative and genitive objects in the tredbstnucture hurts tagger
performance.

3. Passing the FIN-label of finite verbs up to SIMPX nodesvadlto trace regu-
larities between finiteness of a clause and morphologics@saf NPs in a clause:
a finite verb in a clause requires presence of the subjectresbebsence of finite
verb is more probable for subject-less clauses.

These function labels are present in the TiiBa-D treebanlaeméncoded there as edge labels
between tree nodes.



NCX NCX:apf

T
ADJX NN:apf ADJX:apf NN:apf
ART:apf ‘ ‘ ART.apf ‘ ‘
| ADJAINPT K onventionen | ADJAINDT K onventionen
die \ die |
gangigen gangigen

Figure 5: NP subtree without and with percolation of morplgatal features

4. Introducing a feature for number on -FIN and -ON nodes mmalapturing of
subject-verb agreement possible.

Both -ON and -FIN labels are passed to SIMPX nodes. Trainegtogebank with
correct structures, the model will consider a clause wheeestibject and the finite
verb have different number less probable than a clause iohithie subject and the
finite verb agree in number.

Transformation of trees aims at two goals: to facilitate tracing of the relevant
information in the sentence structure and to overcome ttee gfzarseness problem
created by encoding detailed information on the nodes.

1. Topological fields such agF, MF, NF are present in the original treebank as
an intermediate layer of syntactic structure. Eliminatmnall topological field
information excepiC and VC proved advantageous since retention of only these
two fields turned out to be sufficient for determining the sgtit macrostucture
across different clause types. T@éeld (short for “complementizer field”) and the
-FIN marking on the verbal complex node reliably identifg(l final) subordinate
clauses. By contrast, verb-first and verb-second clausedeadentified by the
position of the finite verb (without retention of theK topological field) together
with the absence of a -FIN specification on the verbal complex

2. Encoding morphological and functional information oe tmodes leads to a
severe increase in the size of the rule set with an accompayop in recall (i.e.
an increase in the number of unparsed sentences). This aaubeerbalanced by
binarization of tree structures, which makes the grammaerfiexible by allowing
for structures not present in the training data to be creimt¢ite tagging phase.
Changes to the treebank were introduced in the order in wthiep are presented
in Figure 3. Some of the changes improve performance onlpimunction with
others, such as the cluster of transformations describladdr of Figure 3. These
transformations include adding and percolating gramrabfimctions in conjunc-
tion with rule binarization. When introduced independgrdf the others, any of
these three changes turn out to deteriorate performance.
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Figure 6: LoPar learning curve

The tree in Figure 4 exemplifies the type of structures andgraies used in the
transformed treebank.

3.4 Discussion

The best result obtained by the TnT models without loss afrinftion in the
underlying tagset has an accuracy of 80.61% and an erroofat8.31%. The
accuracy of 87.69% achieved by the LoPar model amounts tgn#fisaint reduc-
tion in the error rate of the best TnT model: a 36.51% redunctidMoreover, the
accuracy is high enough to make the model useful for senairaatic treebank an-
notation with expanded tagsets. If on average more than 8fdil automatically
assigned tags are correct, automatic annotation followechénual error correc-
tion is more time-efficient compared to fully manual anniotat The PCFG model
can also be used for the automatic error detection in manaatotated treebanks.
If manually annotated data are used as test data, putatis ef the LoPar output
can point to potential annotation errors in the gold statidar

Finally, note that the size of training corpus required tbiege acceptable results
for the LoPar model is rather modest. (Brants, 2000) repitsarning curve for
TnT models trained on the NEGRA corpus with the much small&rStagset that
flattens out only at 320K lexical tokens. The training corpssd in our experi-
ments is little more than 1/6th in size, and, quite surpglincharting a learning
curve for our training corpus already shows a significantdtahg out. As noted
earlier, richer annotation schemes lead to an increaseeimmiimount of labor for
human annotators, putting a natural bound on the size ofiresdghat can be con
structed by such means. If LoPar models can be trained ssfodgon manually
annotated treebanks of such modest size, this highligktsetisibility and appli-
cability of the overall approach.
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Appendix A

As (Manning and Schitze, 1999) point out, the joint probigbdf a stringw,,
and a nodeN,, spanning from string positiop to g, given a grammag, can be



computed by the formula iAL.
J

a;(p, q) denotes the outside probability of the nadg, and 3, (p, ¢) denotes its
inside probability. For a definition of inside and outsidelmabilities see (Manning
and Schitze, 1999).

In LoPar tagging mode the best tag sequence is defined asgbherse of those
tags that yield the maximal product of the inside and outpiddabilities among
the candidate tags for a given word. Each tag is thereforepated by the follow-
ing formula:

arg max o (k, k) P(N? — wy) (A2)
J

A2 is an instantiation oAl for preterminal nodes spanning froknto k with the
sum operator replaced by-g maz. P(N/ — w;,) denotes the inside probability
of the tag.

In Viterbi parsing mode, LoPar computes the sequence ofgfespeech tags that
appear as preterminal nodes of the most likely parse treeat\Wlakes a direct
comparison to the computation of tag sequence with the Nifarsing mode dif-
ficult is that computation of the most likely parse tree isallsuperformed in terms
of inside probabilities only. This amounts to instantigt;mandq in formulaAl to

1 andmand to a Viterbi-style computation of maxima, rather thamsufor inside
probabilities. We will refer to the probabilities of the besside analyses com-
puted this way asit_/3. The probability of the best parse tree is then computed as
vit_fB(1,m).

Alternatively, one can instantiage andq in Al to shorter subsequences of the
input string and determine the most likely tree by a Vitestyile computation of
both inside and outside probabilities. In particular, oa@ instantiatep and q

to a singlek and dynamically compute maxima (rather than sums) for detsi
probabilities of a preterminal node. We will refer to the Ipabilities of the best
outside analyses computed in this wayé&s «. The probability of the best parse
tree is then computed ast_«; (k, k) P(N/ — wy). The best tagV for a given
word w;, inside the best parse tree can be computed by the followimgufia.:

arg max vit_oj (k, k) P(N? — wy) (A3)
j

FormulaA3 for Viterbi parsing constitutes a specification in terms ofside prob-
abilities that directly parallels the main components @& thrmula inA2 which
is used in LoPar’s tagging mode. Stating the relevant foasiu this way should
help clarify the similarities and differences between thie toPar modes.



