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Abstract This paper gives an overview of a mobile

device question answering application that has recently

been developed in the CSIRO ICT Centre. The applica-

tion makes use of data in an open-domain encyclopae- '“

Query analysis——Document retrieva

dia to answer general knowledge questions. The paper
presents the techniques used, results and error analysis
on the project.
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1 Introduction Figure 1: System diagram

M. . . . _
My Instant Expert"is a mobile de\{|ce.qu.est|on an along with discussion on these results and some error
swering system. The aim of the application is to Createé\qalysis

general knowledge question answering system that can The paper continues with a discussion of some of

be accessed from a mobile device. Ituses Wikipedia [}, challenges related to developing mobile device ap-

data to answer qgesnons. . plications, and presents an overview of the mobile de-
.Many question answering Msystems alread)(/ice application that we developed. Particular focus is
exist [6, 8. MY Instant I—;xpeﬁ IS d|ffere_nt to iven to how the application differs from an equivalent
most other _questlor_1 answering systems as _'t answe, Bplication deployed via a web browser. A description
o_pen-(_jomam ques_tlons from a closed _coribuﬂ has of a user evaluation which was conducted using the
tight “”.‘e const_ralnt_s on pre-processing and AU obile phone application is then given, and the results
processing, and it delivers _to mob||(_a devices. f the evaluation are discussed. The evaluation was
Answering open-domain questions from a Close@onducted to understand user preferences for question

corpus presents many challenges, as it is difficult tgnswering on mobile devices. The final section dis-

cc;nsl(tjru;; Opins-tqc?r?q:éns 02:'(:1'09Iishgrstri;ﬂn::]]éeittho tusses some future research directions that result from
would aid questi wering. u he error analysis and the user evaluations.

text redundancy in the corpus makes it challenging
to retrieve the correct text segments while searchin .
for answers.  Applying computationally expensiveE Description of work
language processing techniques, such as coreferemdg Instant Expert¥does what a number of question
resolution, which could potentiall improve the accuracyanswering systems do. It sequentially applies more
of the system, cannot be applied due to the tight timeomputationally expensive search techniques to reduce
constraints on pre-processing and query processiige search space from the entire corpus to a small
stages. number of candidate answers. Figure 1 contains a
This paper begins by discussing the developmenfiagram of the system. In order of application these
methodology behind the project before giving artechniques are: document retrieval, sub-document
overview of the components of the system. The resulisassage retrieval, sentence extraction, and answer
of system testing using questions from previous TRE@xtraction. An input to each of these stages is the
guestion answering tracks [16] is then presentedutput of the previous stage and the results of some
1The MIT START system is open domain, but it is restricted to aquery analysis. .Commumcatlon is done th!’OUQh the
set of queries; se&hen did John Howard become prime minister? transfer of XML files between modules. This allows
modules to be substituted with others easily.
Proceedings of the 10th Australasian Document Comput- The original system design envisioned an applica-
ing Symposium, Sydney, Australia, December 12, 2005. tion that would run on a mobile platform. Unfortunately
Copyright for this article remains with the authors. as the size of the Wikipedia corpus is currently doubling
annually and contains 6GB of data as of September




2006, device constraints make this task very difficultsearch engine were of similar form. The table shows
As a result, we developed a client server architecturthat the method oftitle matching outperforms both
where the mobile device application queries a servdull text search, and probabilistic search over title
which then processes the natural language questionsmetadata using two different search engines.

] The reasons for this performance difference can be
2.1 Query analysis attributed to the task and the corpus. Wikipedia docu-

The query analysis module identifies what “topics” ofment titles are always unique and are more often than
phrases the query is asks about. This is done by chunkot named entities, or useful noun phrases that describe
ing the text using the OpenNLP toolkit before removinghe contents of the document. Wikipedia documents
chunks that contained words to do with question struc/SO tend to have multiple titles, with over a third con-
ture (e.g., Wwhat i< and “when did). taining more than one title and over 3% containing over

The type of answer requiredexpected answer O titles.
clasg is also determined. The set of answer classei 3 Sub-document passage retrieval
is restricted to: location numeri¢ person date ) u u P 9
and description Everything else is placed into an Retrieved documents are broken into sub-document el-
unidentifiedclass. The questions are classified using aments such as: image descriptions, lists, paragraphs,
Bayesian classifier over features such as named entitiebles and templates (a form of MediaWiki marked up
in the query, term frequency of words from specificdata). The elements are combined with contextual in-
dictionaries, part of speech bigrams and chunkinfprmation about the position of the element in the doc-
bigrams. ument such as the section headings and document title.
Query expansionis also done during this stage. Dur- Including the title and section headings allows
ing query expansion, terms that are semantically rats to approximate using a pronoun resolution tool.
lated to terms in the query are discovered using Word¥ikipedia documents, like most documents, typically
Net [3]. The kinds of relationships found are synonymdo not reference nouns repeatedly but instead use
hyponym, derivational and attribution relationships. pronouns. Intuitively the noun that an encyclopaedia
) document will most frequently refer to using pronouns
2.2 Document retrieval is the entity the document corresponds to. As such

Typically question answering systems use a documelticluding the title and section headers when ranking
retrieval engine to retrieve documents from the corpud candidate sentence or passage (although weighted
that may contain a possible answer. Experimentation &ffférently to terms occurring in the actual sentence)
various ranking techniques using the wikipedia Corpugllows the contextual information of surrounding tags
found that retrieval on title metadata was superior t§? the document to be included in the ranking of the
full-text retrieval for question answering. This lead usSUb-document elements.
to test a naive method of document retrieval that ranks The probabilistic Okapi BM25 [13] is used to rank
according to the presence of the document title in thB@ssages from the retrieved document set. Stemming
question, with the score being the percentage of terniing the Porter stemming [12] algorithm was found to
from the query occurring in the title. An example ofelp the performance of the system.
g;selzsthgg\l/(r;’;r;.ﬁgure 2 for the queryVhen did John 24 Sentence extraction
The sentence extraction algorithm ranks sentences
by comparing terms in the query and the candidate

,J_| John: 0.25 sentences. If the terms from the original question
Johnm\— Doe: 0.25 cannot be found in candidate sentences, the system
¢ e cake: 0.25 searches for terms obtained from query expansion.
T Matches for terms obtained from query expansion are

John Doe: 0.2! weighted lower during ranking than terms from the

original sentence.
Figure 2: Ranking of documents against the query Tabular elements are parsed to disambiguate the
“When did John Doe eat caKe? contents of entities in the table. This is done using

A comparison of this technique with severaIC0|umnand row headers if they are present in the table.

other techniques is presented in Table 1. Googlg_5 Answer extraction

queries were of the formsite:en.wikipedia.org
(intitle:<CHUNK>)+", when querying on title meta- If the expected answer class can be identified, then the

data and &ite:en.wikipedia.org (<CHUNK>)+", answer ext_rac_tion modulg attempts to findthe_matching
when querying on full text. The queries to the othefamed entity in the candidate sentences. This both re-
ranks the sentences if the named entity is detected and
2Due to space cc_mstraints a real query and real Wikipedia-doméxtmctS the desired named entity from the sentence.
ments are not used in the example. The module does this through named entity recognition,




Table 1: Comparison of title matching with various other noets

Method P@1 P@5 MRR
Title matching 0.77 0.85 0.81
Full-text search 0.44 0.62 0.53
Full-text search - Nouns only 0.42 0.62 0.51
Full-text search using title metadata 0.31 0.48 0.38
Full-text search using title metadata - Nounsonly 0.33  0.58.43
Google 0.25 0.35 0.29
Google - Nouns only 0.48 056 0.52
Google using title metadata 0.42 056 0.49
Google using title metadata - Nouns only 0.42 0.58 0.50

using a tool base on the GATE toolkit [7] and somds Y?. In the absence of any contextual information
shallow sentence parsing to identify similar syntacti¢that could be used to infer points of interest abXutr
relationships between terms in the query and terms i, the answer returned is a summary of the Wikipedia
the sentence. document describing the entity. As Wikipedia
The results returned contain a short answer, whiclocuments typically start with a brief summary of
corresponds to the named entity regarded to be thiee document, the returned answer is usually the first
answer, and a longer answer to justify the shortgparagraph of the document.
answer (typically the sentence in which the shorter The second involves disambiguation of entities.
answer was found). These two separate answefgain, in the absence of any contextual information, it
are used for display purposes on smaller mobiles difficult to answer question such ag/ho is George
device screens. If the named entity is not found iBBush?, or “What is a plane™ as the names used in
the sentence, or if the named entity required by theither question can refer to multiple entities. To solve
guestion is unidentified, the answer only containghis, a list is presented to the user containing entities
the short answer which corresponds to the candidateat match their query. The user then obtains an answer

sentence. Figure 3 shows sample output in responselig selecting the entity they are interested in.

two questions.
<original>
When was John Howard born?
</original>
<short-answer>26 July 1939</short-answer>
<detailed-answer>
John Winston Howard (born 26 July
1939) is an Australian politician and
is currently the Prime Minister of
Australia.
</detailed-answer>

<original>What color is grass?</original>

<short-answer>
Grass generally describes a
monocotyledonous green plant in the
family Poaceae, botanically regarded
as true grasses.

</short-answer>

<detailed-answer />

Figure 3: Sample output

3 Special circumstances

4 Results

Automated result quality testing using the TREC QA
track test sets [16] was conducted during development.
As the TREC QA test set contains many questions that
are temporally constrained (e.gvhat is the population
of Mississippi?, a snapshot of the Wikipedia corpus
was taken, and all answers were verified using the cor-
pus.

During testing, over 800 questions were used. We
took measurements of precision atA@1) - how of-
ten was the first answer a right answer, and the mean
reciprocal rank (MRR) - on average what was the rank
of the highest ranked correct answer. A response from
the system was considered correct if it contained one
of the answers that was manually identified as correct.
As no attempt was made to construct sentences for an-
swer responses, an answer returned by the system was
considered correct if it contained all of the terms in the
correct answer. The overall system performance found
that the correct answer was ranked first 36% of the time,
and that the MRR was 0.50.

The graph in Figure 4 displays tiR@1 andMRR
results for the document retrieval, passage extraction,
sentence extraction and answer extraction phases of the

There are two circumstances wheidy Instant system. As is expected, the accuracy of the system
ExperfMdoes not follow the steps outlined abovegecreases as the amount of data being returned by the

to answer a question. The first involves answeringystem decreases, with retrieval of large quantities of
definitional questions such agvho is X? and “What



o O — e Itis not clear how precise an answer must be be-

fore it is considered correct for the TREC track,
e.g., isMississippia suitable substitute for the an-
swerMississippi rivef?

0.8 =
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5 Discussion

The results showed that the system may be improved if
oar ] the accuracy of the named entity recogniser was higher.
Further error analysis showed how vital the accuracy of
the question classifier is.

05

03

0.2
Document retrieval Passage extraction Sentence extraction Answer extraction

Table 3: Results of testing, grouped by correct identifi-

Figure 4: Results of testing by phase cation of answer entity
) . Identification Number P@1 MRR
text such as documents and passages having a high ac- Correct 307 045 059
curacy. The reranking of answers based on the presence |, rect 504 031 046

of the requisite answer class in the final stage improves
the accuracy of the system significantly.

The accuracy gains of the answer extraction phase
supports the assertion that named entity recognitionim- The results in table 3 demonstrate that when the
pacts on the performance on the system. Table 2 shoWigAuired answer entity was correctly identified the per-
that, with the exception of thmountainentity (which ~formance of the system increased dramatically. The
can be attributed to a statistical anomaly due to infréesults also highlight how inaccurate our question clas-
quent occurence), the answer tended to be more acdiifier was.
rate when the entity required by the question could be |mprovements to the answer classifier must address

easily discovered by the named entity recogniser. ~ two abstract questions:How many types of entities
should be detected?and “How fine grained should

Table 2: Results of testing, grouped by answer classthese entities be?
Answer class P@1 MRR . e -
5.1 Question classification vs. named en-

Overall 811 0.36 0.50

Group 0.67 0.70 : e

Mountain 0.50 0.55 tity recognition

Description 0.49 0.67 Named entity recognisers and classifiers for closed
Date 0.47 0.63 domain applications, such as the medical or military
Individual 0.44 0.55 domains, focus on classifying entities into a large
City 0.38 0.49 set of very specific manually developed categories
Country 0.33 0.39 which are derived from a small and closed set of broad
Unidentified 0.32 045 categories. AMy Instant Expeft™is an open domain
Numeric 0.12 0.29 application, questions could be about anything. Thus
Title 0.07 0.17 it is not feasible to develop manually an exhaustive set
State 0.00 0.23 of non-overlapping entities that make sense. Even if
Overall 0.36 0.50 this set was developed, the task of creating a classifier

would be more difficult as having more categories
gmd fewer distinctions between the categories makes
classification much less accurate.
Research into classification of questions [9] from
e TREC QA track [16] shows that results of up to

Our results compare favourably with recent result
from the TREC QA track, ranking in the top 10 per-
formers oninitial factoid questions, although it is un-
likely that our assessment was as strict as that used y . . e
the TREC track. There were differences to how our sys>~ 7 ¢@" be ob_t_amed fo_r the finest c_Iassn‘lcatlon, over

.variety of entities ranging from vehicles to currency.

tem and the systems for the TREC track were evaluate?. _ ; . :
nspection of their methods is possible as they have gen-

e TREC participants did not need to implement docerously provided the training data and pre-processing
ument retrieval - they were given a list of docu-information on-line [1]. It shows that the feature se-
ments from the corpus that could possibly answeection is very specific to their categories, e.g., they
the question. have specific rules for colours. This would suggest that

if more category specific features were included more

e The TREC corpus is fixed, however precedent tqccyracy gains could be made. However, with a large
make use of external corpora such as Wikipediget of categories, how would these features be obtained?
has been established [4]. Being able to classify the question is only halfway

to solving the problem. Even if a question classifier



could always determine what entity a question is askinmeasurements used the web as the corpus. Using the
for, the named entity recogniser and classifier still needseb as a corpus makes the case for detecting synonymy
to find the entity in the candidate answers. The tasfar less compelling as, due to the size of the web, it is
of identifying the entities becomes even more difficultlikely that the same relationship has been expressed
When there are a larger number of entities. The errotssing many different phrases. Manual experimentation
of the two stages compound each other, when usirguggests that the inability of the system to detect other
current state of the art techniques and a small set semantic relationships such as synonymic, metaphoric
entities, the error rate is such that 1 in 5 questions withnd metonymigrelationships between query terms and
have an error as a result of either of these two process@hirases in potential answers results in a large number
Without improvements to either the question classifiof poorly answered questions.

cation or named entity recognition this error rate will  WordNet is used irMy Instant Expeftto detect

remain quite high. some of these relationships, and it works very well for
. . . detecting term-to-term synonymy and even well for
5.2 Semantic relationships some term-to-phrase synonyms suchkasked the

Techniques that attempt to discover syntactic and s@ucket anddie. However, it is far from complete.
mantic relationships between words [14] may reducl: for example, the questioriWhen was the first
the dependency of the system on the problem of entifyord Mustang manufactured?” was submitted, we
classification. Consider the example in Figure 5. If thér€ incorrectly informed that it was manufactured in
relationships in Figure 5(a) and Figure 5(b) could pbd972. Examining the Wikipedia corpus, we could find
discovered and if similarity between the labels for thén answer to this question only in the phraSee
relationships; andl, could be inferred, there would be first production Mustang, .., rolled off the assembly
no need for the system to recognise that the question/j§€ in Dearborn, Michigan on March 9, 1964" If

asking for a date. the metonymic relationship betweeranufactured
androlled off the assembly line was detected,
made was made this would have been a highly ranked answer. But
— 11— 2~ unfortunately, it was not.
when car  car in 196« In 2001, Lin and Pantel [10] described a method
(a)dV\f)hen was the Cagtgalhe car was made in that measures syntactic relationships between two
made .

phrases to determine whether two phrases are similar.
This method could be used to populate databases
like WordNet automatically. The method works by
The example given is a basic one, and the graphs identifying relationships between parse trees such as
the relationships unrealistic. However it is illustrative those shown in Figure 6. Using a starting phrase of
It is trivial to infer that the terrmade is identical to the “The car was made in 1964”, the algorithm will
termmade. However, how easy is it to infer that the determine that the paths betweésar, 1964} and
termmanufactured may have similar meaning? How {truck, 1970} are similar as they follow a similar
much harder still is it to infer that the phraselled route through their parse treesafle in).
off of the assembly line may also be equivalent ~ The next step of the algorithm involves it trying
in some circumstances? The problem of discoverintp discover all other statistically significant paths
semantic relationships such as these contributes signifat connect the termécar, 1964}, and {truck,
icantly to the error rate of the system. While it is hardl970}. Figure 7 shows some phrases that will likely
to put a figure on this contribution, manual experimenbe matched by this phase of the algorithm. The three
tation suggests that it could be quite high. trees in Figures 7(a), 7(b) and 7(c) all would be
It is hard to quantify the effects of missing semantic rereturned. While on first appearance this is incorrect, it
lationships. Our results show that the right answer was in fact correct adestroyed is in some way related
ranked at 1, 68% of the time during the ranking of parato the termmade. Without a significantly higher rate
graphs, while this result drops to 26% when the unit 0b6f occurrence of the other two trees, it is very likely
text is sentences. A substantial part of this decrease that destroyed will be related tomanufactured.
performance s likely due to the text redundancy presefihile this is correct it is not the desired outcome. The
in the larger passages, hiding the inability of the syshitial work attempts to leverage textual redundancy
tem to discover semantic relationships between termghich does not exist in Wikipedia. Preliminary results
in the query and terms in the passage, such as anapharfwsing this technique over the Wikipedia corpus has
The importance of resolving anaphora has already beéound that there is not enough text redundancy to filter
measured in previous work [15]. out antonym-like semantic relationships. The results
Previous measurement into the negative contribu=—; - - _
tion of undetected synonymy on question answeringJbsrgtejferl,y?;{'aﬁ;{ﬁgﬁvﬁfhsxﬁghit";s\'\::?c',cszlone Wor-d,;gjph;ﬁse S
y associataslin the
performance [6] suggests that it contributes to only 2%se ofthe crown for the English monarchy, dfashington for the
of the incorrectly answered questions. However, thedénited States government.

Figure 5: Example relationships




made made

/N RN

car was in truck was in
| I |
The 1964 The 1970

(a) Parse tree foiThe car(b) Parse tree folhe truck
was made in 1964. was made in 1970.

Figure 6: Similar parse trees

manufactured manufactured destroyed
/1IN /N /N
car was in truck was in car was in
| | | l
The 1964 The 1970 The 1964

(a) Parse tree foifhe car(b) Parse tree fofhe truck(c) Parse tree foiThe car
was manufactured in 1964was manufactured in 1970was destroyed in 1964.

Figure 7: Possibly similar parse trees

however has only processed a 10% of Wikipedia due tdue to the space constraints on the screen of a mobile

time and space constraints. device, this is not possible. This forced us to reconsider
two common design aspects of question answering in-
6 Mobile application terfaces and search interfaces: how the justification of

. L . . an answer is presented, and how multiple answers or
Developing applications for mobile devices present;esults are presented to the user

many problems that are not _en_countered_ when As shown in Figure 8(b) the answer to the question
developing browser based applications. leferen.tv\/h(:)n was CSIRO foundei split into two portions
manufacturers of mobile devices create vastly dif“ferergne containing a short answer (1926), and the o’ther
APls for their devices, an_d o_Igwces frpm the Sam%ontaining the text this answer is obtained from. This
manufacturer often have significantly different Apls‘text is included to justify the answer to the user. Split-

While this problem can be solved by using portableting the text like this gives the user the ability to read an

APIs such as Sun's J2ME, to remain porFab,Ie th%mswerwithouthavingto scroll through multiple screen
APIs do not take full advantage of the device's I/Of?lds if they do not desire justification

capabilities. Even basic capabilities such as horizonta The screen shots in Figures 8(b) and 8(c) show dif-

screen sc_rolling cannot be taken for granted or J:OyStiC*%rent answers to the same question being displayed on
funcl_t|ort1gl|ty£h tAS a cortl)s?r?uenct?ek,)l devz(ajlopm?)l ahe mobile device screen. These answers are selected
applica :|Ond'ff'a l:emalns oth portable and usable |t%roughthe use of a tab control on the top of the screen.
espgua y II' 'Ctl.‘ ' developed using J2ME and . This differs from the usual result list presented by most
ur application was developed using and13earch engines. This allows users to quickly access

compatible with any mOb"e devices that are MIDP 2.0 ifferent answers without a need to scroll through many
and CLDC 1.0 compliant. We attempted to get aroun creen folds

constraints on the use of phone I/O capabilities by mak-

ing novel use of rudimentary API functions. . .
Our application allows the user to enter a nevx7 Usability and system evaluation

question or rephrase an existing question using th& central concern when designing any application is

default SMS-style input interface of the mobile deviceusability. We developed a series of user stories and

as shown in Figure 8(a). This allows the input aspegiersonas to help identify the kinds of environments in

of the application to remain as portable and as familiaghich the application would be used. These provided

to the user as possible. input into the initial user interface design prototype for
While it is possible to present a large list of pos-the mobile device.

sible answers that are very verbose in a web browser,
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(a) Question input screen. (b) First answer screen. (c) Fifth answer screen.

Figure 8: Screenshots of the mobile device client

Various usability evaluations were carried out e Often enough only 1 out of 5 of the answers
through the life of the project. These included early = was correct, the corollary of this being that the
think-aloud evaluations of the prototype mobile remaining 4 were incorrect. Surprisingly so long
device Ul, which identified various problems with the as the answers were on topic the users liked
initial design. Once the system was operational, we it. The reasoning for this was that the system
discovered technical problems with answer quality  had provided them with more and still relevant
and mobile device Ul software development kits that  information which made them feel satisfied that
required additional changes. We followed these later they had obtained useful information from the
with more comprehensive whole-system evaluations  system.
with a new set of individuals. A survey questionnaire . . . )
was developed for the latter to help identify familiarity ® USers did not mind waiting up to 2 minutes for an
of the evaluator with mobile device technology in ~ @nsSwer to be returned, even though the communi-
general. Again, a number of issues were picked up, ~C&lion was notasynchronous.
leading to improvements in the design of the interaction  the first two results suggest that presenting

processes and layout. serendipitous information, or giving easy ways to to
System evaluation was conducted on the users aftgf .ess such information is judged to be favourable by

the usat_JiIity evalua_tion. The users were asked a seri§Sers. The third results suggests that applying more
ofquestlonsrevolv_lng a_roundthelr“feellngs“ abo”tthecomputationally expensive techniques to answering
system. The questions included: questions may be feasible without raising the ire of
e Did they feel the system met their informationusers. Overall the system was liked by users.
need?

e Was the information returned in a timely manner?8 Scope and plans for future research

_ _ o TheMy Instant ExpeftMarchitecture also supports on-
e How highly did they value justification of the an- going enhancements to components and functionality

swer? extensions, which serve the goal of building a platform

« Did they enjoy reading related information? for research experiments. Again due to the short devel-
. _ _ opment timeframe, some of the research experiments
e Overall satisfaction with the system. involving contextual delivery of information could not

be carried out. For example, do alternative methods

of presenting information make a qualitative difference

e While users preferred the short answer being digo users and. can prior conversational history be used
played on the screen first, 90% of users apprecto answer follow-up questions better? These can be

ated having a longer answer present on the mobilgvestigated subsequently using the basic system.
device even if it meant having to scroll repeatedly.

Several results of the evaluation were surprising:



The dilemma faced by researchers interested in QA5]
systems is that nearly all existing QA test collections
are not reusable. (An exception is the factoid question
test collection developed by Lin and Katz [11].) The
reason for this is that judged documents (and ensuing
relevance measures) from a corpus are rarely sufficien6]
to support stability of the measures when new systems
discover additional documents (not previously judged).

As mentioned in [5], we plan to provide logs (suit-
ably anonymised) of real user queries from the system
to the broader research community. These can be used
to understand what real users ask of an open domaif]
QA system. From a research perspective, access to
real user query logs is an invaluable resource, and one
that is often available only to the operators of search
services. These query logs will provide one component
required for the development of additional reusable QA[8
test collections.

The query logs can also be used to work towards a
solution for one of the problems identified during er-
ror analysis. Inspection of query logs may allow us to
develop a taxonomy of entity classes specific to open-
domain question classification based on the kinds of
gueries users frequently make. [

As raised during the system evaluation, users
valued extra on-topic information. Research into how
to determine what would be appropriate “follow-up”
guestions to present the user with is currently beinglO
conducted. The research is looking at what questions
would be valuable to users based on the question asked
and the answer received. [11]
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