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Abstract In this context, we built a framework, QAAM

For many reasons, Question Answering must dedl@” Answer Model), based on the Model-View-

with questions that have multiple answers. To thiscontroller (MVC) design pattern which we think

end. we have built a framework for answer com-9ives an engineering definition for an answer that

parison based on a technique using information fulits €xactly the QA task. The model generation tech-

sion that has successfully been applied in automate@/due We use has been inspired from recent develop-
summarization. The architecture of this system is 4N€Nts in multi-document summarization (Mani and

direct application of the Model-View-Controller de- Bloedom, 1998; Barzilay et al., 1999) and makes

sign pattern which allows us to define an answelS€ of information fusion to create a model that re-

in terms of content, structure and rendering. We/l€S potential answers to one another.

present an experiment using this system on TREC 1ne difficulty is that QA is not a 100% confi-

‘where*-questions and analyse relationships discovd€nt technology yet. Many of the extractions (po-

ered between potential answers. We show that thitential answers) are still incorrect. Given this, does
approach is robust and a first step towards comit make sense to analyse the fu_II set of extractions?
plex/structred answer generation Before working on the generation of complex and

structured answers, we wanted to check first the
1 Introduction feasability of such a framework on the results given
by current QA systems: It might be that incorrect
answers are actually too noisy for the answer model
tb be robust. In this paper, we analyse the results
of a first experiment on factoid questions (‘where’-
questions). We tested QAAM for reranking to see
if information fusion was not harmed by incorrect
answers and would still help answer selection. This
experiment also provided an important number of
relationships between answers we analyse here.

Interest in automated Question Answering (QA),
especially large-scale open-domain QA, has bee
stimulated by the annual Text REtrieval Confer-
encé organized by NIST. The task has evolved
since the first official QA track launched in 1999:
There is now a sharp distinction between factoid
and list/definition questions. Only one answer is
allowed for the first kind, and it has to be &x-
actanswer (Voorhees, 2002) whereas originally five
strings from 50 to 250 bytes were allowed. For2 QAAM

list/definition questions such a&hat grapes are

used in making wine?or Who is Nostradamus? 2.1 AMVC approach o

systems must provide either an enumeration or mulYVe construe the concept ahswerwithin an en-
tiple answers covering different sides of the topic.9ineering approach to QA based on the MVC pat-
The QA roadmap proposed by Burger et al. (zooz)tern of user interface design (Krasner and Pope,

goes even further by asking eventually for a gener4£988). This approach allows us to distinguish the
ated summary instead of a flat list of extractions. two main parts that define an answer: its content and

The question we asked ourselves was wethestructure (model) and its rendering (_view). This al-
analysing thesetof extractions (potential answers), |0WS a system to make separate choices about them:

prior to choosing or constructing the answer(s) to be/Vhether to give a precise or an elaborate answer,
output, would help with all three kinds of questions. VErsus whether to present the answer graphically or
textually. For example, TREC currently requires an

hitp://www.trec.nist.gov exact answer and the most expected one, and it re-




quires that answer to be output as a string along wittmanners, but always according to the data the sys-
the source document as justification. Taking QA adem has found.
a user interface problem, in general, allows usto ad- The role of thecontroller in this framework is to
dress two points: retrieve the final answer according to the end user
(1) The amount and kind of information to be pre- requirements in terms of answer properties or fea-
sented For example, when do we provide an in- tures. In actual user interface application, the role
tensional description rather than an extensional enwef the controller is more interactive, we believe that
meration? For example, What animals carry their it could be the case in dialog-oriented QA. The con-
young in a pouch?an intentional answer would be troller allows users to influence a rendering accord-
marsupials an extensional answkangaroos, wom- ing to the degree of information required, e.g. a de-
bats, opossumsHow can we allow a user to influ- tailed answer or a short answer. The controller can
ence this rendering according to the kind of infor-be seen as a function that defines the content selec-
mation they are looking for, e.g. a detailed answerfion and its rendering.
a short answer, the most frequent answer or all an- In this generic framework, we propose a tech-
swers? niques based on information fusion to generate a
(2) The modality in which to cast the presema-model. But whatever technique is chosen, we think
tion. There are many, even simple, factoid questionghat applying the MVC to QA is particularly rele-
for which text alone is not the best medium (An- vant to this task.
dre and Thomas, 1994). For ins_tance, the_answeélz A model based on information fusion
to a question such a&’here are diamonds mined? i ) i
would probably be best rendered with a map, whileQAAM takes as input a question and a collection of
the answer t&Vho was Galileomight best be ren- the corresponding extractions, all of which are as-

dered with a combination of a biographic summarySumed to have geen tokenized and tagged with Part-
and pictures. Although the main problem of the QA °-Speech (POS) From this, the model (a directed

community is still how toobtain correct answers gr%ﬁ@ ]lﬁstf[uélttég th\(Ie%ZF;‘t):s. 4 set of nodes from the
rather tha_n how t_cuenderth_em, itis still a worth- guestion and the extractions. Nodes are projected
while and mte'restmg question to pursue. An ansWep, the basis of annotation of the source text. A
could be pI’OVIded as a generated text (Burgel’.et al.r,]ode may Correspond to a token1 a word or a multi-
2002) or as a map (Leidner et al., 2003), or if theword expression. A projection is considered to be
user is another computing system, one would prefean entity that is potentiallynvolved inand rele-
to provide the answer as a formal structure rathevant toa local knowledge representation. That is,
than text. a node (projection) may not be an answer in itself
To support such different views for a single ques-but rather, related to the answeNodes are repre-
igrsented as features (i.e. attribute-value pairs of lin-
guistic annotation) which can then be used during
the comparison process. For instance, the extraction
Europegenerates the following node:

pattern (Figure 1).

CONTROLLER ]

question E : / { token = Europe
extractions =) """ 7] ﬁ » POS = NNP
] ; Src = a.0.0

MODEL }
VIEWS

Pos stands for the Part-of-Speech tagc keeps
Figure 1: MVC approach to QA track of the source of the extraction, e.@ for
answer candidate, extractigf0, offset#0. This
Starting with a list of extractions and a question,is to distinguish between question nodes and an-
we build amodelrepresenting an answering space. swer nodes and eventually to allow further strategies
Once a model is built and the answering spacdased on node adjacency. In our experiment, nodes
_structqredz d'|ffer.em‘/|ewscan be derived to rend(_ar 2We use our own tokenizer and MXPOST for POS tagging
it. This distinction between model and view fits (Ratnaparkhi, 1996)

exactly the QA task, expressing accurate_ly that an 3we therefore prefer the term 'information fusion’ over 'an-
answer could be phrased and presented in differertver fusion’ (Girju, 2001).




were projected from nominal phrases (NPs) from (In all figures, edges without arrows stand for
the question and the answer extractions, by matchequivalenceinks, the others foinclusior).
ing token and POS n-grams (regular expressions). The last step consists in performing the transivive
Most extractions in TREC are NPs and projectingclosure of our relations over the graph.
them was actually sufficient to cover our dataset. From this model, different views can be automat-
The second step uses different resources (Wordeally derived by querying the graph. For instance, a
Net, abbreviation/acronym recognition) to discover'TREC view' asks for an extraction, thus the system
relationships between nodes, which are used to lawill simply output thetoken feature of the node
bel edges between them. We follow on Webber e{rendering mode). To select axactanswer (con-
al. (2002) who characterize four broad categories ofent specification), a single node will be chosen that
relations between answersquivalenceinclusion  is asspecificas possible.Specificityis a property
aggregationand alternative We implemented the that can be translated into a graph query using the
discovery of the two first only: Deciding whether inclusion relation (the fewer children a node has, the
the relationship between two nodes should be chamore specific it is likely to be, e.dedinburghis the
acterised as\ggregationor alternativerequires a most specific node in the graph given above). Re-
deeper analysis of the question. For instaiiéeere  dundancy can be translated by the equivalence rela-
is Perth?expects onlalternativeanswers (i.e. each tion, in the same graplgcotlandandAfrica are two
answer may be the location of a different Perth) butredundant nodes. We refer to Dalmas and Webber
the form of the question does not completely predic(2003) for the detailed list of such properties that
the expected relationship among such answers. Thae combined to get the view required by this exper-
similar questionWhere is the Euphrates Rived-  iment.
lows a conjunction of answeraggregation since
rivers can cross several countries. Thus the syste@ Experiment and results

IS cgrrently restr|cted tequwalenc.eandlnclusmn We performed this first experiment to check the fea-
Figure 2 provides a complete viéwf the answer  gjpjlity of such a system over real sets of ques-

model generated from the following set of questiontjon/answers pairs.  Because incorrect answers are
and extractions: still frequent, we wanted to check whether 1) it was
feasible to discover relations among answers and 2)

What continent is Scotland if@REC, 1647) incorrect answers would not harm the robustness of

1. Europe 4. Ireland he final lecti
2. EDINBURGH 5. in Africa the final answer selection. o
3. Africa 6. Scotland We used 85 sets of question/answers pairs built

from the judgement files provided by NIST, cover-
ing TREC 8 to 11. These sets contains at least 5
incorrect answers and 1 to up to 5 correct answers
for each question, which makes a realistic distribu-
tion of incorrect answers.
Since we wanted to compare QAAM to a more
| ootland [0 | | Africaaz.0] | traditional approach that does not make use of re-
lations among answers, we chose those ‘where'-
questions for which there is an obvious relation-
ship between the question and the answer, a spa-
tial inclusion such a¥Vhere is GlasgowGlasgow
is in Scotland that can be easily checked in Word-
Net. We also started on typical factoid questions
to show that there are actually multiple answers to
Figure 2: Complete view of the answer model gen-such questions (although TREC rules oppose them
erated for the question answering ¥éhtat continent  to list/definition questions) and that one can make
is Scotland inbefore the transitive closure). use of them to improve answering.
We defined the task as a reranking problem. The
“We used the graph visualization tool Graphviz (GansnerSyStem takes as input a question and a list of extrac-
and North, 1999) tions, generates a graph and outputs a ‘TREC view',

continent [g.0.1]

Europe [a.0.0] Africala4.1]

Ireland [a.3.0] |

Scotland [a.5.0]

EDINBURGH [a.1.0]




i.e. an ordered list of strings, each correspondingt Analysis of relationships

to different node. The highest ranked string is thenre experiment generated 85 answer models with
evaluated against the TREC answer pattems. 4 gyerall count of 841 nodes (16.64% from ques-
We compared two different views: tions and 83.35% from extractions) and 785 rela-

- QAAM-1 represents the baseline based on 410NS- Figure 4 shows the number of relations be-
traditional approach which checks the relationt€€n question nodes only (g/q), question nodes and
between the question and each answer. Thi@nswer nodes (g/a) and among answer nodes (a/a).

approach draws on the research done on the no-

tion of answer typei.e. does the candidate an- a/q_1.7%
swer respects the requirements expression by
the type of question being asked. ya_ 38.7%
- QAAM-2 makes use of information fusion: all
the relations are checked out including those Figure 4: Relations repartitions
between answers (QAAM-2 can be seen as an
extension of QAAM-1). There can be a few relations among the nodes

_ projected from the question (g/q). For instance, the
(Dalmas and Webber (2003) details the two apodel draws an inclusion between the two nodes

proac_hes and specifically the answer propertie®omeand ltaly projected fromWhat river runs
combined for each strategy). through Rome, Italy?TREC, 1836).

For instance, in the following answer model,  The proportion of relations among answers only
QAAM-1’s only option is a rando'm selection be- (a/a) is the largest one, which may give a clue why
cause there is no relation available betwegn_ QQAAM-Z performed better than QAAM-1.
question node and an answer node. Contrarnwise yapje 1 indicates the repartitions of inclusion and

QAAM-2 is helped by the inclusion discovered be- equivalence relationships per question.
tweenEgyptandLuxor.

Egypt [2.0.0] Valley of the Kings [.0.3] Table 1: Analysis of relations types per question
equivalence

Y min | max | average| total

Luxor [a.1.0] free-lance [a.5.1] Ohio [a.4.0] q/q 0 0 0 O

ala 0| 26 2.05| 175

/a 0 7 1.20| 102

Figure 3: Answer model generated fthere is the gverall ol 30 325 277
Valley of Kings? :
inclusion

For the 85 questions, the top-ranked answer from min | max | average] total

QAAM-1 was correct in 42 cases (49%), with a a/q 0 1 0.15| 13

Mean Reciprocal Rank of 0.63. QAAM-2 ranked al/a 0| 37 3.45| 293

correctly the first answer in 62 cases (72%), with a g/a 0 12 2371 202

MRR of 0.82 (the MRR score evaluates the overall overall 0| 44 597 | 508

ranking method}) "%, wherer is the rank of the first

correct answer for each question).

The analysis of errors made respectively Min and maxindicate the minimum and maxi-
by QAAM-1 and QAAM-2 is detailed in mum number of times the given relation appears
Dalmas and Webber (2003). The data sein the answer model of a question. For 6 of the
and the answer models are all available a5 questions, their graphs were actually empty of
http://www.iccs.informatics.ed.ac.uk/ relationships (which is why 0 is the minimum of
"s0239548/work.html . In the next section, we each relation type). The row labelleverall ig-
focus on the answer models generated by QAAM-2nores what the relation holds between (q or a) and
and specifically on the distribution of relationshipsjust gives the minimum and maximum number of
among nodes. times that the relation appears in the answer graph



of a question. So 0 is still the minimum and the the question wer&/hat state is Modesto, California
graph with the largest number of equivalence relain? (similar to the old jokéNho is buried in Grant's
tions contained 30 of them. tomb?)

Most of QAAM’s relation discovery consists in  The inclusion relation can also involve incorrect
the inclusion relation, which relates to the kind of nodes, especially if the question contains a fre-
question we focused on (‘where’-questions induc-quent NP such asapital in What is the capital
ing an entailment or an inclusion with their an- of Ethiopia? (TREC, 1161). Such nodes are fre-
swers). quently linked to other nodes because they are clas-

Inclusion is also the main relation found amongsifiers in geographical knowledge. In this case, an
answers. Previous studies on answer reranking weliacorrect nodel.ondon was linked to the question
mainly based on the computation of answer fre-node projected froncapital. Although this looks
quencies. For example, Brill et al. (2001) and Clarkinconvenient, it helped QAAM-2 by enlarging the
et al. (2001) both used a simple string matching tgpartition of the graph relating to capitals, which ac-
compute redundancy among answers, i.e. a rougtually contains the correct answer.
equivalence. Although our data set is biased be- Figure 5 describes the overall distribution of cor-
cause restricted to spatial inclusion, it is clear thatect and incorrect answer nodes among relations.
it is worth exploiting other kinds of relations among
answers.

The next table describes the same repartition but
takes into account the type of the answer node, ei- Correct answer nodes

. . Total: 51.8%
ther correct (ca) or incorrect (ia).

Incorrect answer nodes -
. . . . Total: 68.9% l
Table 2: Analysis of relations involving correct ver- ’22.4% ‘ ’ 22.9% ‘

sus incorrect answer nodes

[167% | [132% | [ 22.4%|

equivalence relations with an incorrect answer node
min | max | average| total relations with a correct answer node
cal/ca 0 20 0.91 78 relations with a question node
g/ca 0 0 0 0
gia| 0] 7 1.20| 102 _ _ N _
iafial ol 16 098! 83 Figure 5: Relations repartitions of correct versus in-
calial 0 8 0.16| 14 correct answer nodes
overall /ia 0| 28 2.34| 199 _ _ o
: : The count of relations involving incorrect answer
inclusion nodes is actually massive (gf/ia + ia/ia + calia = 541,
min | max | average| total representing 68.9% of the total number of relations).
cacaj O S 03| 26 The distribution of relations between correct answer
g/ca| 0| 10 1.49| 127 nodes only (ca/ca) is small (13.2%). On average
g/ia| O 6 0.88| 75 there were only a few inclusion relations between
iafia| 0| 21 1.23| 105 them (0.3, Table 2). It might be that incorrect but
calia| 0| 29 1.91] 162 related answers actually helped. If we had an or-
overall /ia 0| 40 4.02| 342 acle indicating which answer nodes are correct or

incorrect so that the system only draws relations
between question nodes and correct answer nodes,
As expected the only relation involving a ques-only 29.42% ¢a/ca +g/ca =231) of the current

tion node and a correct answer node (g/ca) is the inkelations would have been inferred.
clusion. The data were based on questions request- To check the role of incorrect answer nodes, we
ing an entailment or an inclusion, thus the equiv-carried out another experiment with such an oracle.
alence relation always involves an incorrect nodeFigure 6 below is the graph generated by QAAM
In What county is Modesto, California iflfREC,  with the oracle for the question-answer set given in
895), California was linked to an equivalent node Figure 2. This can be compared to the answer graph
Calif. which is correct but would only be useful if in Figure 2 that has been generated without oracle.



continent [.0.1] Our assumption was that extractions given by

current QA systems are not random strings: They

- have been selected through an elaborate filtering

Europe [20.0] process including information retrieval and query
reformulation, shallow or deep parsing, answer pat-

Ireland [23.0] | | Seotland [.0.3] | | Africa[a20] | tern matching and eventually more advanced tech-

niques based on first-order logic. Extractions are
thus somehowelated Our experiments showed:

Scotland [a.5.0]

1. Extractions are indeed related and it is feasible

to discover these relations at low cost, i.e. us-
ing shallow methods (the highest level of pars-
ing is POS tagging).
Figure 6: What continent is Scotland inRAAM 2. Making use of multiple answers and their rela-
graph helped by an oracle. tions is helpful and more robust.

The intuition behind this experiment was that ifit 3 OUr modeling has the advantage of providing
could improve QAAM-1 by blocking relations be- |ntu_|t|_ve criteria based on graph properties for
tween question nodes and incorrect answer nodes, defining the characteristics of the sough-after
it would also lower QAAM-2 results by influenc- answer (specifity for instance).

ing features such as the partition size of a node (the. . . -
number of related neighbours plus the node itself).%'na”y’ although our experiments did not test this, it

Results shown in Table 3 show that the use onhOUIId tb?j c_Itegr from_glle Ejraphs.;hat, i anstwerts cadn
an oracle improved significantly QAAM-1. How- € related, It 1S possible fo provide more structure

ever, results for QAAM-2 were unexpected. It too answers and go beyond answers as extractions or

. . _flat lists of extractions.
showed improvement, though not as large an im- .
P g g As our next targets, we would like to extend

provement as QAAM-1. This shows that a strategy

that considers relations among both questions anp1IS experiment to other question types and on

answers is not only better but more robust and re:9er data sets. Currently, QAAM-2 ranks poten-

sistant to incorrect answers than a strategy that corfidl answers heuristically, based on a combination

siders only relations between questions and answe&;ynocleS and‘sub-graph p’)ropertles, N ord_er_ to |_den-
alone. tify the best ‘TREC view’ answer. Heuristics in-

clude disfavoring nodes with a greater number of
included children. The size of the partition is also a

Table 3: Comparative results for reranking good indicator. In Figure 7 below, among the four

QAAM-1 partitions discovered (A, B, C, D), the largest one
first-rank scorel MRR contains the correct answef&cotlandandBritain.
standalone 49% 0.63 We also computed for each node how many ques-
with an oracle 65% 0.71 tion nodes were equivalent or included, directly or

by using transitivity along the graph.

_ QAAM-2 In future work, we want to use these properties

flrst-ranok scorgl MRR as a feature space for supervised machine learning.
standalone 72% 0.82 Each instance would be a node, correct or not, with
with an oracle 78% 0.85

a set of attributes, either numeric (number of chil-
dren, number of equivalent nodes, etc) orsym-

_ bolic (POS tag, token). With a larger data set, we
5 Conclusion could apply machine learning techniques on graph
This experiment was performed over 85 questionproperties to generalize this experiment to other
only and of a specific type, thus it is difficult to gen- question types and improve node selection. By in-
eralize these results. But within this experiment wetroducing the question type as a feature, it could be
set up a first framework for performing answer com-possible to learn what graph topology is generated
parison and evaluate our strategy. for a certain type of question, e.g. inclusion plays an




important role for ‘where’-questions, equivalence documents summarization. FProc. of the 37th
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