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Abstract

The AVENUE project has produced a package of tools for building elicitation corpora.  The tools enable a researcher to identify syntactic or semantic features that are of interest, specify which combinations of features should be examined, and create a questionnaire or elicitation corpus representing those features and feature combinations.  There is also an elicitation tool used by language informants to translate and align elicitation corpus sentences.  These tools can be used to create elicitation corpora that will bootstrap morphological analyzers, facilitate the discovery of language features (either through machine learning or human analysis), ensure a maximum of syntactical and morphological coverage for translation corpora, or build questionnaires that can be administered by non-linguists.  

1 Introduction

Within the realm of machine translation minor languages represent a special challenge.  Only a select few of the world’s living languages have the bilingual resources needed to build robust example-based or statistical machine translation systems (EBMT and SMT systems, respectively).  Additionally, most natural language corpora cannot guarantee complete coverage of all of the morphosyntactic features of a language, especially natural language corpora extracted from a single genre, like newswire corpora.  

This paper describes a tool set designed by the AVENUE/MILE project to produce a highly structured monolingual elicitation corpus that can be translated into any minority language. The corpus itself is composed of a set of feature structures with corresponding monolingual sentences representing the meaning encoded in the features and values of the feature structure (see figure 3). Additionally, an optional context field can be used to specify information in the feature structure that is not captured by the eliciting sentence. 

This corpus can be used to supplement natural language corpora in order to ensure better coverage of language features. Furthermore, elicitation corpora can be used independently to bootstrap morphological analyzers and design field questionnaires by offering broad, structured feature coverage.

We have also designed a methodology to automatically extract language feature information using a translated elicitation corpus, however it will not be covered in this paper.  Further information can be found in Levin et al. (2006). 
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247: John said "The woman is a teacher." 



248: John said the woman is not a teacher. 



249: John said "The woman is not a teacher." 



250: John asked if the woman is a teacher. 



251: John asked "Is the woman a teacher?" 



252: John asked if the woman is not a teacher. 



…



1488: Men are not baking cookies. 



1489: The women are baking cookies.



…



1537: The ladies' waiter brought appetizers. 



1538: The ladies' waiter will bring appetizers. 

The corpus is produced semi-automatically using a series of tools.  First, a feature specification is created to define the available features and their values (Section 3).  Secondly, a human uses the feature structure creator to specify a range of features to explore.  The software then creates a series of corresponding feature structures (Section 4).  Next, a human or GenKit software creates surface sentences and context fields (Section 5).  Lastly, these sentences are presented to a language informant for translation and alignment using the elicitation tool (Section 6).

For the MInority Language Elicitation (MILE) project we have built a large elicitation corpus totaling 32158 words and 5304 sentences using this process.  Much of this paper will be focused on our process for this particular corpus.  However, we would like to emphasize that our corpus is just one implementation of an elicitation corpus.  The tools described in this paper can produce an unlimited number of elicitation corpora for an unlimited number of domains.  For example, we have also developed an experimental corpus designed to elicit medical information. 

2 Related Work

Our inspiration for this project came from methods for field linguistics.  Using a questionnaire a linguist will present a language informant with a sentence for translation.  The linguist will analyze sentences through comparison in order to determine language features and use that information to determine the further course of elicitation.  A linguist might use a questionnaire like the Comrie-Smith checklist (1977) to guide elicitation.


Our elicitation corpus uses similar methodology.  However, a computer administers our corpus.  Our latest elicitation corpus is static, that is, all of the sentences are generated in advance and elicitation is not guided by analysis of the informant’s translations.  We are currently developing a system to dynamically navigate the corpus based on examination of translated sentences (see the future work section for more details).   

Another approach to gathering language features is explored by Steve Helmreich and Ron Zacharski (2005).  Instead of giving a language informant a series of translation sentences the BOAS system trains non-expert bilingual informants to provide linguistic information for use in building a machine translation system.  Informants use a glossary and examples to learn about linguistic phenomena and provide information about the features of their language.  In at least one module, informants make binary decisions about the linguistic phenomena in their language.  For example, they may be asked to check a box to specify what kind of comparative degree inflection exists in their language.   The advantage of the BOAS approach is that if the informants can understand linguistic terminology, they will provide accurate, explicit information.   Our approach shifts the burden of understanding linguistic analysis from the informant to the expert system or to the linguist.   However, there are cases where an informant who is not linguistically aware may miss the point of an elicitation example.   We attempt to remedy this situation with comments in the context field.  In addition, we use supplementary documentation and translator guides to help direct informant toward the desired translation, that is, a consistent, correct one.  So, there are some situations where our approach is not so different from BOAS.
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3 Feature Specification

The process of elicitation is an exploration.  Through translation we are able to travel through the landscape of a language and discover how pieces of meaning are encoded.  The feature specification provides a map that defines the range of meanings that are available for building a corpus and is encoded in a human-generated XML document (see Figure 2).

The basic building block of our feature specification is a feature. Each feature represents one particle of meaning.  The feature specification developed for the MILE corpus includes features like person, absolute-tense, and number.  In this case, these features are semantic, not syntactic.  For example, we use the features identifiability and specificity instead of assuming that definiteness is equivalent to a definite determiner.  This is because the meaning and encoding of definiteness changes from language to language; it may be represented by a modifier (English) or a change in word order (Chinese).   Also, the overt markings for definiteness in different languages may not indicate the same components of meaning, in this case differences in identifiability, specificity, uniqueness, and familiarity (Lyons 1999).  

Each feature has a corresponding set of values.  For example, in the MILE corpus number can carry a value of singular, dual or plural.  Values also carry restrictions to prevent the unintentional pairing of logically incompatible values.  

There are two types of restrictions.  Requirements define what features must be found together. The feature exclusivity (as seen in figure 2) distinguishes between first-person plurals that do or do not include the listener, it has three values: include-second-person, exclude-second-person and exclusivity-n/a.  The value ‘exclude-second-person’ must be associated with the first person.  This means that the feature structure generator (section 4) would throw out any feature structures with the feature exclusivity set to exclude-second-person and the feature person set to person-second. 

The second type of restriction is an exclusion.  This defines what features cannot appear together.  With regard to the example above, ‘pronoun-exclude-second-person’ is not logically compatible with singular number.  Thus, the feature structure generator (section 4) will toss out any feature structure with one noun phrase containing the feature exclusivity set to  exclude-second-person and  number set at singular.  An exclusion is instantiated identically to a requirement except that the specified feature and value should be preceded by a tilde (‘~’). 
Additionally, values have a default flag.  In the example above, exclusivity-n/a is the default value because most nouns do not reflect inclusivity or exclusivity.  Each feature has only one default value.  The feature structure generator will use the default flag to assign values to unspecified features.  For more details see section 4.

Users can adjust the feature specification according to their needs.  While the MILE feature specification carries only three values for the number feature, other users might want to include trial or paucal depending on their needs.  Likewise, the list of features can be adjusted according to domain.  We gathered our current collection of 42 features and 342 values from a battery of linguistic texts including the Comrie-Smith checklist (1977) and World Atlas of Language Structures (Haspelmath et al., 2005).
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4 Feature Structures and Feature Structure Generation

Now that we have our set features and values defined we can use those to build the feature structures that define each sentence in the corpus.  Feature structures are multi-level collections of features and their specified values (hence known as feature-value pairs).  Each syntactic head-bearing phrase in a sentence has its own sub-feature-structure and collection of features.  In figure 3 above there is a sub-structure for the actor and predicate embedded in the general clause level.  We use prefixes on features to distinguish between types of phrases, in this case, ‘c-’ for clause and ‘np-’ for noun phrases.

For the MILE elicitation corpus our feature structures are language neutral.  We tried to avoid language-specific labels, features, and values.   Our features structures also lack lexical items.  This means that the same feature structure could represent multiple languages, each with language-appropriate vocabulary. The above feature structure could also be used for translation from Spanish (‘Maria no era doctor.’) or any other language that the informant might speak.


The formation of the elicitation corpus starts with a collection of feature structures. The feature structure generator is a graphical user interface used to produce feature structure sets from the XML feature specification and a human-created multiply.  A multiply defines the set of features and values that will be combined to from a cross product of features.  Thus, it creates one feature structure for each possible combination of features.  A corpus will be made of one or more sets of features structures, each set with its own multiply.  Sets of feature structures are designed to cover combinations of features that might impact one another morphosyntactically.  To explore a verb paradigm one might combine features for polarity, tense, lexical and grammatical aspect as well as person, number and gender on the actor and undergoer.  

Multiplies are structurally very similar to feature structures (see figure 5).  In fact, they represent incomplete feature structures that will be filled in with default values and a combination of specified features.   At minimum each head-containing-phrase level must be represented in the multiply.  Additionally, each phrase level must contain at least one specified feature.  This feature is necessary because otherwise the level will be left blank because the generator will not know what feature prefix (see section 3) defines the features of that level.  That is, when the feature specification contains, for example, noun phrase level features (‘np-*’) and clause level features (‘c-*’) the generation system will know what feature defaults to put at each level.  This means that it is unnecessary to define every feature in a multiply, but as a tradeoff every ‘np-*’ or ‘c-*’ level of a feature structure must contain all other features with the same prefix.  Many of these features will remain uninvoked, that is, they will be neutral or n/a (for example, ‘c-v-grammatical-aspect gram-aspect-neutral’) and add no information to the elicitation sentence.

As seen in figure 5, there are several ways to define the combinations features:

· Single value -  (np-general-type pronoun-type) – this notation is used to specify one value for a feature that is held constant over all feature structures. 

· Multiple Values - (np-number num-sg num-pl) – A feature name followed by multiple values will result in alternating feature structures containing one specified value at a time.  For the attached example, exactly half of the feature structures will have ‘num-sg’ at that head-bearing-phrase-level and the other half will have ‘num-pl’.  If two or more sets of multiple values are combined in one multiply the feature structures will represent the cross product of the values.  For example if we had a multiply that contained ‘(np-number num-sg num-pl)’ and ‘(np-biological-gender bio-gender-male bio-gender-female)’ and ‘(np-animacy anim-human)’ would result in the following feature structure excerpts:

1. … (np-number num-sg)(np-biological-gender bio-gender-male)(np-animacy anim-human)…
2. … (np-number num-sg)(np-biological-gender bio-gender-female)(np-animacy anim-human)…
3. … (np-number num-pl)(np-biological-gender bio-gender-male)(np-animacy anim-human)…
4. … (np-number num-pl)(np-biological-gender bio-gender-female)(np-animacy anim-human)…
Note that the animacy feature remains constant and no combination of values is identical.

· #All - (c-polarity #all) – The #all notation is as a shortcut so that each value of a feature does not have to be listed individually if all are needed for multiplication.  (c-polarity #all) is equivalent to (c-polarity polarity-positive polarity-negative)
· #Sample – (np-person #sample) – This symbol is used to retrieve a random value of a feature.  This randomization is decided per feature structure so that it is random over the entire feature structure set instead of being static.  However, restrictions still apply (see Section 2.1.3).  Multiple feature structures will be created and rejected if the resulting random combinations of features are not valid according to the feature specification.  For example, in the current specification a proper noun randomly assigned first person would be rejected.

· #{label} (#Actor, #Undergoer) - (np-person #actor) – This notation is especially useful with predicate nominatives or reflexives, or anything where one head-bearing-phrase may need the same features as another head-bearing phrase.  If features are sampled or have multiple values then the links become quite valuable.  Placing the label of a head-bearing phrase next to a pound sign specifies the link.  The above example might be found in a predicate nominative; it indicates that its values for person will be copied from the actor phrase.  The label is an absolute address.  For example, if the desired actor is located in a complement clause then the link would be addressed as (np-person #comp-actor).

· Disjoint sets – Disjoint sets are used to group sets of features that must be multiplied together.  The disjoint set in figure 5 shows three sets of features that will be distributed over the set of feature structures. 

· Unspecified Features – Any features not included in the multiply will automatically be set to their default as listed in the feature specification.  If a feature does not have a set default value, then the first listed value is automatically chosen.

5 Annotating Sentences with Feature Structures

From the feature structures we can generate or hand-annotate the translation sentences.  For the purposes of the MILE corpus we designed a feature structure viewer to facilitate the display and annotation of feature structures.  Because feature structures can be too complicated to peruse at a glance the feature structure viewer provides a way to look at several “pretty printed” versions that will aid in readability.

We used humans for the MILE corpus to annotate each of the 5304 feature structures.  We focused on using common vocabulary, words that were likely to translate into any language, and avoided subjects that might be offensive or unknown to other cultures (for example, dogs or Donald Trump).  

In addition to an elicitation sentence, feature structures may be annotated with context fields.  For example, in figure 6, some languages may grammaticalize the relative rank of a speaker and listener.  “The man talked quickly” may have a different translation depending on whether is talking to a superior, peer or inferior.  Since this is not grammaticalized in English consistently, we add a context field for clarification.  Not all feature structures need a context field, so its use is left to the discretion of the annotator.

In lieu of the labor-intensive use of human annotators, one can also design a GenKit grammar and lexicon and use it to automatically generate elicitation sentences and context fields.  For further information on using GenKit to generate elicitation corpora, see Alvarez et al. (2005).  

6 Translating and Aligning Feature Structures


After the annotation of one or more feature sets we are left with a monolingual elicitation corpus ready for translation.  For this task we created an elicitation tool (seen in figure 7) that enables informants to translate sentences and add word alignments.    This tool has been used for the AVENUE rule learning system (Probst et al. 2001) as well as for several small elicitation corpora.  

7 Conclusion & Future Work

The steps for creating an elicitation corpus are:

1. Design an XML feature specification

2. Choose a set of features to explore and design the multiply

3. Generate feature structure set

4. Annotate feature structures with sentences and context fields

5. The sentences are translated and aligned by a bilingual informant

We have used these steps to build several small-scale corpora and our larger MILE corpus.  We have done elicitation corpus trials in several languages including Hebrew and Japanese.  With minimal training our informants have given us consistent, useful translations.

Our MILE elicitation corpus will be used for the next five years to supplement natural language texts for the REFLEX project.  We have also built a system to extract feature information by comparing two similar feature structures and their translations (again, details can be found in Levin et al., 2006).  We are also exploring the possibility of using the elicitation corpus to label automatically extracted morphemes (Monson et al., 2004). 

Our biggest challenge with this corpus has been to control the size of the feature space explored.  Due to the geometric nature of feature combinations it is not difficult to create feature sets that are thousands or millions of feature structures in size.  In the MILE corpus we have been careful to limit the number of feature combinations.  However, with that comes the risk of leaving an important part of the feature space unexplored.  To remedy this problem we plan to build a navigation system that will choose a dynamic path through the feature space.  It will do this by analyzing translated sentences and then learning how to minimize the number of feature combinations that must be explored.  For example, if we elicit Tagalog we will find that sentence translations are identical for both male and female gender for pronouns.  This means that there will be one less feature that must be varied and the search space will fold in half.
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1. Feature Menu





2. Value Menu





Figure 2: An example feature entry from the MILE Feature Specification.  Exclusivity is used in some languages to distinguish between first person plural nouns that do and do not include the listener.





An exclusion: these values cannot be paired with singular number at the same phrase-level





A requirement: these values must be paired with first person in the same phrase-level





<feature>


<feature-name>np-pronoun-exclusivity</feature-name>


<note>Exclusivity is used in some languages to distinguish between first person plurals that do and do not include the listener.  Found in Tagalog</note>


<value default="true">


<value-name>exclusivity-n/a</value-name>


</value>





<value>


<value-name>pronoun-include-second-person</value-name>


<restriction>(np-person person-first)</restriction> 


<restriction>~(np-number num-sg)</restriction>


<note>We, including you</note>


</value>


<value>


<value-name>pronoun-exclude-second-person</value-name>


<restriction>(np-person person-first)</restriction>


<restriction>~(np-number num-sg)</restriction>


<note>We, excluding you</note>


</value>


</feature>





A feature-value pair





9. Freezes Multiply and activates feature structure builder





4. File Handling , Help and Editing Menus





3. Inserts the currently selected feature and value





Label





Three head-bearing phrases





Figure 3:  An abridged feature structure, sentence and context field





srcsent: Mary was not a doctor.


context: Translate this as though it were spoken to a peer co-worker;





((actor ((np-function fn-actor)(np-animacy anim-human)(np-biological-gender bio-gender-female) (np-general-type 	proper-noun-type)(np-identifiability identifiable)


	(np-specificity specific)…))    


(pred ((np-function fn-predicate-nominal)(np-animacy anim-human)(np-biological-gender bio-gender-female) (np-general-type common-noun-type)(np-specificity specificity-neutral)…))  


(c-v-lexical-aspect state)(c-copula-type copula-role)(c-secondary-type secondary-copula)(c-solidarity solidarity-neutral) (c-power-relationship power-peer) (c-v-grammatical-aspect gram-aspect-neutral)(c-v-absolute-tense past) (c-v-phase-aspect phase-aspect-neutral) (c-general-type declarative-clause)(c-polarity polarity-negative)(c-my-causer-intentionality intentionality-n/a)(c-comparison-type comparison-n/a)(c-relative-tense relative-n/a)(c-our-boundary boundary-n/a)…)





8. Activates the error checker





7. Clears the multiply text box





6. Tags that display the current exclusion file and feature list compiled from the feature specification





5. Editable text box for designing multiplies





Figure 4: The multiply editing pane for the feature structure generator.





The actor number is randomly assigned.





This predicate gets is gender from the actor





Figure 5: A sample multiply containing several ways to cross-product features.  If polarity has two values this multiply will produce (3 * 2 * 3 * 2 * 3 =) 36 feature structures,





Features with only one value specified will be held constant over the set of feature structures





Multiple Values specify a set that will be distributed combinatorically over the set of feature structures





#all indicates that all values of polarity will be used





Curly brackets mark a disjoint set





((actor ((np-general-type pronoun-type common-noun-type)              	


		(np-person person-first person-second person-third)


              (np-number #sample)              


		(np-biological-gender bio-gender-male bio-gender-female)              	(np-function fn-predicatee)))        


  {[(pred ((np-general-type common-noun-type) (np-number #actor)                     


	(np-biological-gender #actor) (np-person person-third)                      


	(np-function predicate))) (c-copula-type role)]         


   [(pred ((adj-general-type quality-type))) (c-copula-type attributive)]         


   [(pred ((np-general-type common-noun-type) (np-number #actor)                     


	(np-person person-third) (np-biological-gender #actor)


 	(np-function predicate))) (c-copula-type identity)]}         


(c-secondary-type secondary-copula) (c-polarity #all)         


(c-function fn-main-clause)(c-general-type declarative)


(c-speech-act sp-act-state) (c-v-grammatical-aspect gram-aspect-neutral)     


(c-v-lexical-aspect state) (c-v-absolute-tense past present future)         


(c-v-phase-aspect durative))








Figure 6: Graphical Interface for Reading and Annotating Feature Structures (see above): This tool allows users to display complicated feature structures in a variety of ways in order to facilitate readability and annotation of feature structures with sentences and context fields.





Go to previous feature structure





Go to next feature structure





Go to last feature structure





Go to first feature structure





Editable sentence and context fields





Viewing Options





Feature Structure Display





File Handling menu





Figure 7: The Elicitation Tool interface is designed to gather translations and alignments of the elicitation corpus from language informants.  








Figure � SEQ Figure \* ARABIC �1�: A sampling of sentences from the MILE elicitation corpus
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