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Learning Search Engine Specific Query Transformations
for Question Answering

Eugene Agichtein "
Columbia University
New York, NY 10027

eugene@cs.columbia.edu

ABSTRACT

‘We introduce a method for leaming query transformations that im-
proves the ability to retrieve answers to questions from an informa-
tion retrieval system. During the training stage the method involves
automatically leaming phrase features for classifying questions into
different types, automatically generating candidate query transfor-
mations from a training set of question/answer pairs, and automat-
ically evaluating the candidate transforms on target information re-
trieval systems such as real-world general purpose search engines.
At mun time, questions are transformed into a set of queries, and
re-ranking is performed on the documents retrieved. We present
a prototype search engine, Tritus, that applies the method to web
search engines. Blind evaluation on a set of real queries from a
web search engine log shows that the method significantly outper-
forms the underlying web search engines as well as a commercial
search engine specializing in question answerng.

Keywords

‘Web search, query expansion, question answering, information
retrieval

1. INTRODUCTION

A significant number of natural language questions (e.g., “What
is a hard disk™) are submitted to search engines on the web every

Internet Technology (TOIT) 4.2 (2004): 129-162.

Steve Lawrence
NEC Research Institute
Princeton, NJ 08540

lawrence @research.nj.nec.com

Luis Gravano
Columbia University
New York, NY 10027

gravano@cs.columbia.edu

search engine, but rather hardware tutonials or glossary pages with
definitions or descriptions of hard disks. A good response might
contain an answer such as: “Hard Disk: One or more rigid mag-
netic disks rotating about a central axle with associated readfwrite
heads and electronics, used to store data...” . This definition can be
retrieved by transforming the original question into a query { “hard
disk” NEAR “used to™} . Intuitively, by requiring the phrase “used
to”, we can bias most search engines towards retrieving this answer
as one of the top-ranked documents.

‘We present a new system, Trifus, that automatically leams to
transform natural language questions into queries containing terms
and phrases expected to appear in documents containing answers to
the questions (Section 3). We evaluate Zrifus on a set of questions
chosenrandomly from the Excite query logs, and compare the qual-
ity of the documents retrieved by Trifus with documents retrieved
by other state-of-the-art systems (Section 4) in a blind evaluation
(Section 5).

2. RELATED WORK

There is a large body of research on Question-Answering, most
recently represented in the Text Retrieval Evaluation Conference
(TREC) Question-Answering track [22], which involves retrieving
a short (50 or 250 byte long) answer to a set of test questions. In
our work we consider a more general class of questions, where the
answers may not be short, precise facts, and the user might be in-
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3. THE TRITUS SYSTEM

Submitting natural language questions (e.g., “How do I tie shoelaces?”) to search
engines in their original form often does not work very well. Search engines
typically retrieve documents similar to the original queries. Unfortunately, the
documents with the best answers may contain only one or two terms from the
original queries. Such useful documents may then be ranked low by the search
engine, and will never be examined by typical users who do not look beyond
the first page of results. To answer a natural language question, a promising
approach is to automatically reformulate the question into a query that con-
tains terms and phrases that are expected to appear in documents containing
answers to the original question.

3.1 Problem Statement

We focus on the first step of the question answering process: retrieving a set of
documents likely to contain an answer to a given question. These documents
are then returned as the output of the system. The returned documents can be
examined by a human user directly, or passed on to sophisticated answer extrac-
tion modules of a question answering system (e.g., Abney et al. [2000], Mann
[2002], Prager et al. [2002], and Radev et al. [2002]). Thus, it is crucial that the
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4. EXPERIMENTAL SETTING

Tritus was designed to retrieve documents from the Web that are likely to
contain answers to a given natural language question. As such, Tritus will be
trained and evaluated over the Web at large. Furthermore, since the goal of
Tritus is to retrieve a good set of documents (as opposed to extracting an exact
answer), we evaluate Trifus on the document level. Finally, since we do not
restrict the type of questions that users can ask, we will use real human judges
to evaluate the quality of documents retrieved by Trifus. In this section, we
first present the details of training Trifus for the evaluation (Section 4.1). Then,
Section 4.2 lists the retrieval systems that we use in our comparison. Section 4.3
introduces the evaluation metrics for the performance of the retrieval systems,
and details of the queries evaluated and relevance judgments are reported in
Section 4.4.

41 Training Tritus

We used a collection of approximately 30,000 question-answer pairs for train-
ing, obtained from more than 270 Frequently Asked Question (FAQ) files on

various subjects. Figure 4 shows a sample of the question-answer pairs. We
obtained these FAQ files from the FAQFinder project [Burke et al. 1995]. All
of the FAQ files used for evaluation are publicly available in parsed form.? We
evaluated four question types. The number of question-answer training pairs
in the collection for each of the question types is shown in Table VI.

Eiam SRR U BRI S © 2018 Jason S. Chang
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5. EVALUATION RESULTS

In this section, we report the results of the experimental evaluation using the
methodology described in the previous section. First, in Section 5.1 we report the
results of our original evaluation performed in the Fall of 2000, which totalled
89 questions evaluated by volunteers, mostly acquaintances and colleagues of
the authors who were requested to help with the evaluation. In Section 5.2
we present the results of the new, more extensive evaluation performed in
the Spring of 2002, which additionally involved anonymous and unknown
judges that participated in evaluating all of the updated systems as described
above.

5.1 Results from the Original (2000) Evaluation

During this evaluation, 89 questions were evaluated by volunteer judges.
Table X lists the number of questions of each type that were presented to the
judges and the number of questions that were actually evaluated by the judges.

Figure 7(a) shows the average precision at K for varying K of A.J, AV, GO,
TR-GO, and TR-AV over the 89 test questions. (TR-ALL is new and was not
part of the 2000 evaluation.) As we can see, Tritus, optimized for Google, has
the highest precision at all values of document cutoff K. Also note that both

B SR AR« SRR A © 2018 Jason S. Chang
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6. FUTURE WORK AND SUMMARY

Many avenues exist for future research and improvement of our system. For ex-
ample, existing methods for extracting the best passages from documents could
be implemented. Domain knowledge, heuristics, and natural language parsing
techniques could be used to improve the identification of question types. Multi-
ple transformations could be combined into a single query. Questions could be
routed to search engines that perform best for the given question type. Addi-
tionally, an interesting direction to explore is creating phrase transforms that
contain content words from the questions. Yet another direction of research
would be to make the transformation process dynamic. For example, transfor-
mations where we expect high precision could be submitted first. Based on the
responses received, the system could try lower precision transforms or fall back
to the original query.

In summary, we have introduced a method for learning query transforma-
tions that improves the ability to retrieve documents with answers to ques-
tions using an information retrieval system. The method involves classifying

B SR AR« SRR A © 2018 Jason S. Chang

10



nn] 2 HEE i N R E BL s A1
o 11T HERE OB B ) F

— 1% E (From General to Specific)
— JeA&EE% 51/ (From Old to New)

- JLEERANE

\

( Topic Sentence in a paragraph)

- JERFER A ~ 5

21 (Locating time and space)

- BEEsnae (WE -~ BF)  GFE 5B 2 #90 raieiiEe
« ISONERAL ~ BRGUFLAT ~ FEBCH IR

- WO A RIEREIIEE GRFTE 3 3 R /S0P )
« HUIEEARE B () ~shO (&) -~ (FE) %

~3

B

AR AR ¢ SRR EE AR © 2018 Jason S. Chang




2 HAEDhHe kB A sE Y

e Macmillan English Dictionary for Advanced Learner (MED) comes with
— Improve Your Writing Skills (Granger et al. 2007)
x 12 Writing Sections + 6 Grammar Sections (Common Errors)

MACMILLAN

IMPROVE YOUR
WRITING SKILLS

Introductin.

g
L Sumrmarising and Drswing Conclusions.

Gramemar Sections
M. Anicies. -
N Complermestatorn: Patierss wed with verbs, nouns and
sdctrvon
© Countable and Uncounsatie Nowss
P, Aunctisten
O Ousnsbecs
R Speling,

(e
(AL

References

1. De Cock, S., Gilquin, G., Granger, S., Lefer, MA., Paquot, M., and Ricketts, S. (2007) Improve your writing skills. In M. Rundell
(editor in chief) Macmillan English Dictionary for Advanced Learners (second edition) IW1-IW50.
2. UNC Writing Center Handouts: Transitionswritingcenter.unc.edu/tips-and-tools/transitions/

Eirim ]CEAE i CRAERIE A © 2018 Jason S. Chang 12



Writing Sections: Rhetoric Functions

Function Code Example

1. Add information add Additionally,

2. Describe similarities/differences CTR Similarly,

3. Introduce an examples exam For example,

4. Express cause and effect cause (effect) As a result,

5. Voice opinions or evaluate opin (eval) Intuitively,

6. Express possibility /certainty pOSS may, must, could
7. Hedge or concede hedge however, although
8. Introduce topics AlIM In this paper, we ...

9. List Items list

. First, ... Finally, ...
10. Paraphrasing or clarifying

para In other words,
11. Cite others OTH (report) X presents ...
12. Conclude and summarize sum In summary,

B SR AR« SRR A © 2018 Jason S. Chang 13



Writing Sections: Rhetoric Functions

Function Code Example

13. Pointing out a problem problem  Unfortunately,

14. Propose a solution solution A promising approach is

15. Emphrasize emph ... automatically ... automatically
16. Locate in space space In a research area closer to ...

17. Locate in time time Recently, after, once, then

18. Input (AIM) input We are given ..., is the input

19. Output (AIM) output  is returned, output, The goal is
20. Talk about numbers amount wncrease by a factor of two

B SR AR« SRR A © 2018 Jason S. Chang 14



Writing Sections (1-3)

Function Adverb/Conj. Det./Ad;. Prep. Verb Noun Avoid
add additionally, another In addition to, — — and,
moreover, besides
furthermore
CTR (sim) similarly, analogous, like resemble, resemblance, look like,
likewise, common, correspond similarity, like
in the same way comparable, parallel,
identical, analogy
parallel,
similar
CTR (diff) in contrast, contrasting, in contrast to, contrast, contrast, —
in comparison; different, in comparison with, differ difference,
while, whereas differing unlike distinction
exam for example, — such as, illustrate, example —
for instance, like exemplify
e.g.,
notably
Elrim AR © iU ERIEAMEE (© 2018 Jason S. Chang 15



Writing Functions (4-6)

Function Adv/Conj/Aux  Det./Ad;. Prep. Verb Noun Avoid
cause (or effect) Therefore, because, since because of, CAUSE, cause, —
Thus: so that due to; FOLLOW factor;
as a result of, effect,
as a conseq. of result
opin (or eval) In my opinion,  OPIN-PAT — seem, prove  opinion, —
In my view, view
OPIN-ADV
poss may, must; possible, — — assumption, —
probably, certain belief
obviously
CAUSE=|V n] allow us to v, bring about, contribute to, generate, give rise to, lead to, result in, yield
FOLLOW=arise from, derive, emerge, follow, result, stem
OPIN-PAT=it is Adj. to, it is Adj. that, it is worth doing,
OPIN-ADV=lInteresting, Significantly, Unfortunately, Intuitively, Surprisingly
Efram CEAE s CEERIEAM E © 2018 Jason S. Chang 16



Writing sections (7-9)

Function  Adverb/Conj. Det./Ad;]. Prep. Verb Noun Avoid
hedge however, despite, — — —
nevertheless, in spite of,
nonetheless; notwithstanding
yet; (surp.)
although,

though; albeit

AlM incidentally another; further, — consider, TOPIC —
last, next; discuss, goal
etc, and so on examine purpose
aim
subject
issue
list first, firstly; first, second, — — phase, firstly,
second, third, third, stage, last but
fourth, finally fourth, final, last step not least

B SR AR« SRR A © 2018 Jason S. Chang



Writing sections (9-12)

Function Adverb/Conj. Verb Noun Avoid
para in other words; i.e., that is, cause, factor Viz.
namely, viz., that is to say

more precisely/accurately,
or rather (correction)

OTH (or report)  correctly/rightly REPORT

sum In summary, To summarize;
In conclusion,

REPORT

conclusion, belief;
view, opinion (PAT)

Simple REP: comment, conclude, remark, report, say, write

Interpret: acknowledge, admit, argue, assert, claim, maintain, recognize, stress

REP with findings: analyse, compare, describe, discuss, explain, focus on, show
Agree with REP: as REP, as REPORTed by AUTHOR

in X's view/opinion

In sum, Summing up,
To sum up, To conclude

Others: add, assume, believe, comment, concede, conclude, confirm, dispute, emphasize, estimate,
find, indicate, mention, note, observe, point out, propose, state, suggest

PAT = X's view/opinion, according to X, X hold the view that, X is of the opinion that

B SR AR« SRR A © 2018 Jason S. Chang
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Writing sections (13-19)

Function  Adverb/Conj. Verb Noun Avoid
problem in other words; i.e., that is, cause, factor iv4
namely, viz., that is to say

more precisely/accurately,
or rather (correction)

solution correctly/rightly REPORT REPORT conclusion, belief; in X's view /opinion
view, opinion (PAT)

emph In summary, To summarize; — — In sum, Summing up,

In conclusion, To sum up, To conclude
space In summary, To summarize; — — In sum, Summing up,

In conclusion, To sum up, To conclude
time In summary, To summarize; — — In sum, Summing up,

In conclusion, To sum up, To conclude

B SR AR« SRR A © 2018 Jason S. Chang 19



Almost Certainly

Highly Likely

Very Good Chance

Probable

Likely

We Believe

Probably

Better Than Even

About Even

Phrase

We Doubt

Improbable

Unlikely

Probably Not

Little Chance

Almost No Chance

Highly Unlikely

Chances Are Slight

Perceptions of Probability
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40 50 60
Assigned Probability (%)

How to hedges

Almost certain
Highly likely
Very good chance
Probable

Likely

We believe
Probable

Better than even
About even

We doubt
Improbable
Unlikely

Little chance
Almost no chance
Almost no chance
Highly unlikely
Chances are slim
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This is how CIA hedges
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Distributional Clustering of English Words

Fernando Pereira Naftali Tishby Lillian Lee

Abstract

‘We describe and experimentally evaluate a method for 0'_“ ':emh addresses SRS of_the same questions and
automatically clustering words according to their distri- | USes similar raw data, but we investigate how to factor word
bution in particular syntactic contexts. Deterministic iati dencies into iations of words to certain
anncaling is used to find lowest distortion sets of clusters. ' hidden senses classes and associations between the classes
As the annealing parameter increases, existing clusters | themselves. While it may be worthwhile to base such a model
become unstable and subdivide, yielding a hierarchical "o preexisting sense classes (Resnik, 1992), in the work descri-
sufl_ VcJusEcrll?g of lhé data. Cluslérs are !Ascd as the bed here we look at how to derive the classes directly from
basis for class models of word occurrence, and the distributional data GRS ificall ]
models evaluated with respect to held-out data. b A a e Yo L B
probabilistic concepts or clusters ¢ with corresponding cluster
membership probabilities <EQN/> for each word w. Most
. other class-based modeling techniques for natural 1
Introduction rely instead on "hard" Boolean classes (Brown et al.. 1990).
Class construction is then combinatorically very demanding
BKG l 1 ) - R ) . and depends on frequency counts for joint events involving
( y e O W ) Me.!huda for automatically cldsalf.ymg words dCCOl:dll’! gto particular words, a potentially unreliable source of inform-
their contexts of use have both scientific and practial inte- ;0 o0 o above_
rest. The scientific questions arise in connection to distri- ) g
butional views of linguistic (particularly lexical) structure
and also in relation to the question of lexical acquisition .
both from psychological and computational learning Problem Setting
perspectives. From the practical point of view, word
classification addresses questions of data sparseness and . . .
generalization in statistical language models, particularly In what follows. we will consider two major word classes,
<EQN/> and <EQN/>, for the verbs and nouns in our exper-
iments, and a single relation between a transitive main verb
and the head noun of its direct object. Our raw knowledge
about the relation consists of the frequencies <EQN/> of
occurrence of particular pairs <EQN/> in the required con-
figuration in a training corpus. Some form of text analysis
for comparing the likelihoods of different alternative confi- s ﬁ_uued ‘;_’ s SPCh a culle;ut{n:ifg:lrs. Lz corpus
gurations. The problem is that in large enough corpora, the | USed1n our st expenmen_( was‘ NIRRT 1243
number of possible joint events is much larger than the automatically parsed by Hindle's parser Fidditch (Hindle,
number of event occurrences in the corpus, so many events 1293)' More rec:ntly,_w_e have constructed similar tables
are seen rarely or never, making their frequency counts un- with the help of a statistical pan-of-s;zeech tagger (Ch“n:h’
reliable estimates of their probabilties. 1988) and of tools for regular expression pattern matching

- . - on tagged corpora (Yarowsky, p.c.). We have not yet
LTS (R0 v sl oL s compared the accuracy and coverage of the two methods,

O TH ( O r ang e ) e P otjunseen eventfrom or what systematic biases they might introduce, although

that of "sum_lar" events_ ﬂ]i{( have been seen. FoﬂﬂStaﬂC"-- we took care to filter out certain systematic errors, for in-

one may estimate the likelihood of a particular direct ob- g3 e the misparsing of the subject of a complement clause
BK G ( y’ e 1 1 ow ) Ject for a verb from the likelihoods of that direct objectfor 4 the direct object of a main verb for report verbs like “say"

similar verbs. This requires a reasonable definition of verb We will consider here only the problem of classi-

similarity and a similarity estimation method. In Hindle’s  fying nouns according to their distribution as direct objects
O TH ( O r an e ) pﬂ:!POSﬂ. words are similar if we havr_. strong statistical of verbs; the converse problem is formally similar. More

g evidence that they tend to participate in the same events. generally, the theoretical basis for our method supports the
His notion of similarity seems to agree with our intuitions  use of clustering to build models for any n-ary relation in
in many cases, but it is not clear how it can be used direct-  terms of iations between el in each di

Iy to construct classes and corresponding models of associ- and appropriate hidden units (cluster controids) and associ-
ations between these hidden units.

models for deciding among alternative analyses proposed
by a grammar.

It is well known that a simple tabulation of frequencies
of certain words participating in certain configurations, for
example the frequencies of pairs of transitive main verb
and the head of its direct object, cannot be reliably used

ation.

—;

Eiam SRR U BRI S © 2018 Jason S. Chang

25



Moves in Papers

Distributional Clustering of English Words

Fernando Pereira Naftali Tishby Lillian Lee

Abstract

We describe and experimentally evaluate a method for
automatically clustering words according to their distri-
bution in particular syntactic contexts. Deterministic

annealing is used to find lowest distortion sets of clusters.

As the annealing parameter increases, existing clusters
become unstable and subdivide, yielding a hierarchical
"soft" clustering of the data. Clusters are used as the
basis for class models of word occurrence, and the
models evaluated with respect to held-out data.

Introduction

Methods for automatically classifying words according to
their contexts of use have both scientific and practial inte-
rest. The scientific questions arise in connection to distri-
butional views of linguistic (particularly lexical) structure
and also in relation to the question of lexical acquisition
both from psychological and computational learning
perspectives. From the practical point of view, word
classification addresses questions of data sparseness and
generalization in statistical language models, particularly
models for deciding among alternative analyses proposed
by a grammar.

It is well known that a simple tabulation of frequencies
of certain words participating in certain configurations, for
example the frequencies of pairs of transitive main verb
and the head of its direct object, cannot be reliably used
for comparing the likelihoods of different alternative confi-
gurations. The problem is that in large enough corpora, the
number of possible joint events is much larger than the
number of event occurrences in the corpus, so many events
are seen rarely or never, making their frequency counts un-
reliable estimates of their probabilties.

Hindle (1990) proposed dealing with the sparseness
problem by estimating the likelihood of unseen events from
that of "similar" events that have been seen. For instance,
one may estimate the likelihood of a particular direct ob-
jeet for a verb from the likelihoods of that direct object for
similar verbs. This requires a reasonable definition of verb
similarity and a similarity estimation method. In Hindle's
proposal, words are similar if we have strong statistical
evidence that they tend to participate in the same events.
His notion of similarity seems to agree with our intuitions
in many cases, but it is not clear how it can be used direct-
ly to construct classes and corresponding models of associ-

ation.

Our research addresses some of the same questions and

uses smﬂarmwdala,bmwemvesugalelmwmfacmtwmd
into iations of words to certain

hidden senses classes and associations between the classes
themselves. While it may be worthwhile to base such a model
on preexisting sense classes (Resnik, 1992). in the work descri-
bed here we look at how to derive the classes directly from
distributional data. More specifically, we model senses as
probabilistic concepts or clusters ¢ with corresponding cluster
membership probabilities <EQN/> for each word w. Most
other class-based modeling techniques for natural language
rely instead on "hard” Boolean classes (Brown et al., 1990).
Class construction is then combinatorically very demanding
and depends on frequency counts for joint events involving

particular words, a potentially unreliable source of inform-
ation, 5 we ot sove, Ouk apprcach avoidsboth probles.

Problem Setting

In what follows, we will consider two major word classes,
<EQN/> and <EQN/>, for the verbs and nouns in our exper-
iments, and a single relation between a transitive main verb
and the head noun of its direct object. Our raw knowledge
about the relation consists of the frequencies <EQN/> of
occurrence of particular pairs <EQN/> in the required con-
figuration in a training corpus. Some form of text analysis
is required to collect such a collection of pairs. The corpus
used in our first experiment was derived from newswire text
automatically parsed by Hindle's parser Fidditch (Hindle,
1993). More recently, we have constructed similar tables
with the help of a statistical part-of-speech tagger (Church,
1988) and of tools for regular expression pattem matching
on tagged corpora (Yarowsky, p.c.). We have not yet
compared the accuracy and coverage of the two methods,
or what systematic biases they might introduce, although
we took care to filter out certain systematic errors, for in-
stance the misparsing of the subject of a complement clause
as the direct object of a main verb for report verbs like "say".
We will ider here only the problem of classi-
fying nouns according to their distribution as direct objects
of verbs: the converse problem is formally similar. More
generally, the theoretical basis for our method supports the
use of clustering to build models for any n-ary relation in
terms of associations between elements in each coordinate
and appropriate hidden units (cluster controids) and associ-
ations between these hidden units.

AIM
BAS
AIM
0TH

CTR
TXT

OWN
O0TH

BAS

CTR

OWN

(pink)
(violet)
(pink)
(orange)

(green)
(red)

(blue)
(orange)

(violet)
(green)

(blue)

Eirim ]CEAE i CRAERIE A © 2018 Jason S. Chang

26



BKG !
emph
exam

BKG 2

exam
ctr

BKG !

EXTTN

gap *
POSS

poss 3

ALG 2004-f& 1 (1,2)

Many natural language questions (e.g., “What is a hard disk?”) are
submitted to search engines on the Web every day, and an increasing
number of search services on the Web specifically target natural language
questions.

For example, AskJeeves (www.ask.com) uses databases of precompiled
information, metasearching, and other proprietary methods, while
servicessuch as AskMe (www.askme.com) and Google Answers
(answers.google.com) facilitate interaction with human experts.

Web search engines such as AltaVista (www.altavista.com) and Google
(www.google.com) typically treat natural language questions as lists of
terms and retrieve documents similar to the original query.

However, documents with the best answers may contain few of the
terms from the original query and may be ranked low by the search engine.
These queries could be answered more precisely if a search engine
recognized them as questions.
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ALG 2004-f&i 7 (3)

OWNm ! Consider the question “What is a hard disk?”.
exram.

OWNmM ? The best documents for this query are probably not the company Web
poss  sites of disk storage manufacturers, which may be returned by a general-
para  purpose search engine, but rather hardware tutorials or glossary pages

with definitions or descriptions of hard disks.

OWNmMm 2 A good response might contain an answer such as: “Hard Disk: One or
poss more rigid magnetic disks rotating about a central axle with associated
exam  read/write heads and electronics, used to store data. . . "

OWNmMm # This definition can be retrieved by transforming the original question into a
query hard disk NEAR “used to" .

OWNm ° Intuitively, by requiring the phrase “used to”, we can bias search engines
opin  towards retrieving this answer as one of the top-ranked documents.
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OWNrr 1
exam

TXT 2
exram

OWNFr 3

exam
OWNm *

exam

TXT ®

ALG 2004-f& 71 (4)

We present a new system, Tritus, that automatically learns to transform
natural language questions into queries expected to retrieve answers to the
question using a given search engine (e.g., a specific Web search
engine such as Google).

An example Tritus search for the question “what is a hard disk?" is shown
in Figure 1.

Tritus has determined the best 15 transforms for the “what is a” type

of question (e.g., {hard disk “is usually”}, {hard disk called})
for the specific underlying search engine (in this case, for Google).

Tritus learns these effective transformations automatically during training by
analyzing a collection of question-answer pairs, and recognizing the
indicative answer phrases for each question type (e.g., Tritus learns
that a phrase ‘“is usually” is a good transform for ‘“what is a”
questions).

We describe the Tritus training process in more detail in Section 3.
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ALG 2004-f& 4T (5)

OWNm ! At run-time, Tritus starts with a natural language question submitted by
list the user (e.g., “what is a hard disk?”), which is transformed into a set
exam  of new, effective queries for the search engine of interest.

list> Tritus then retrieves and reranks the documents returned by the underlying
search engine.

OWNc ? In our prototype, Tritus returns the documents to the user directly
TXT (see Figure 1); alternatively, the documents returned by Tritus can be
ctr used as input to a traditional question answering system in order to extract
the actual answers from the retrieved documents.
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ALG 2004-f& /T (6)

TXT ! The rest of the article is organized as follows.

TXT 2 We review the related work in the next section.

TXT 2 Then we present our method for automatically learning to transform natural

list  language questions into queries containing terms and phrases expected to

appear in documents containing answers to the questions (Section 3).

TXT * As part of our evaluation, we compare the quality of the documents retrieved
active researchby Tritus with documents retrieved by other state-of-the-art
systems (Section 4) in a blind evaluation (Section 5) over a set of questions
chosen randomly from the query logs of a public Web search engine.
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o BHFE ~ 047 ALG 2004 HUTEL ~ B/ A0 BA s &
o T ITARAINFT R £ JE A A S A

— e ~ EHEM (area, importance)

— g A~ B AFH] (input, example input)

— - By #E ] (input, example input)

— [K[%# (problem, gap)

— AR ~ B4R (intermediates, approach, solution)
— F1E -~ ZEE -~ #55R (method, steps, results)

— EEIAHAR ( organization )
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SAERT—2 4T ~ BE]

B BEE s 1515 ST TRAYER L
1. importance many questions

2. example systems Google, AskMe

3. area Question Answering

4. input question

5. example input What is a harddisk?

6. example output A harddisk is a device

7. problem question is not query

8. solution question — transf.

0. intermediates
10. system name
11. Step 1
12. Step 2
13. Step 3

what is — used to
Tritus

question — g-phrase
g-ph — transformation
evaluate transformation
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BKG 1

BKG 2

ctr

BKG !

problem 2

solution 3

ALG 2004-f& /T (1,2)

way>. P an increasing number of » S 3 {EMHEENFRY (HHR) &GF] R4

<systems> such as and <two example systems>
way>. HEAESR M 2 {EEF R4

However, <some input/output could present a problem>.

T H#E0 A AR A - 2 T > AT AR ]SRRI

<input or output> could be -ed < processed> more
<system> <does something as an approach (generally)>.

T AT RIFFEEAR (IR AR AR PRI R (B TR —— (At )

Many Zinput> (e.g., <example input> are _ _ <submitted> _
__ <where, situation> every day, and an increasing number of ___~~ <systems> target _
<input> (OR provide <service>). HEIE (EA ~ B RL) ~ KA - AR EZE

For example, <example system> <works in some

way>, while <system> such as and <2 example systems> <work in some

<work in some

<successfully> if a __
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OWNm 1

OWNm 2

OWNm 3

OWNm *

OWNm °

ALG 2004-f& 7 (3)

Consider the Zinput> " " <example input>.
B — (i A\ E A

The best <output> for this <input> are probably not <example output>
S BB I RERY T o
A good response might contain <output> such as: <output example>".

FRAGIFH AR T

This <output> can be < obtained> by -ing <approach>.
SURHAIAT i (AP ZEBR4AR ) BTS2 3AERY [ H)

Intuitively, by -ing <approach>, we can <do better>.
Hr (BR) IR ESR - 23 (FHE) — R EEM (FHRmaR) ginl SR N
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OWNr 1

TXT 2

OWNr 3

OWNm 4

TXT °

We present a new system, A LQ ;@Oﬂa—i <c£4;>meth|ng as an approach>, expected

_ <perform better>.
?ﬂzﬁ'ﬁaafﬁ TFPI RS - A (PFRkEL) B2 HEAAR T

Anexample _ ~~~ <name> __ <operation> forthe = <Zinput>, _ <input
example> is shown in Figure

50— (B BIRRR (R > NS

<name> has the best < generated intermediates> for <input>
(e.g., <example input>).
(EIFER) RARRAE T #18 ABY S PR S
I <name> learns these effective _ ~ <intermediates> during training by -ing _
<analyzing trainning set> (e.g., ___ <name> learns __ _ <example intermediates> for

__ <example input>).
REDAFER T - 23] (gL ) B RIAR (> wpeh AR - sii BRI —E s A )

We describe the <name>> training process in more detail in Section

FTEER 8 - SRAE S E B
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ALG 2004-f& 7 (5)

OWNm 1 At run-time, ____ <name> starts with ____ <input> submitted by the user (e.g.,
<example input>), which is < processed> into <intermediates>.

FEPUTRIEHR » RAFHIA TSI - 1 Z B85 P A

list? <name> then <does something> < produce output>.
AR BUAATAO AT - SIf 7 A A R
OWNc 3 In our prototype, <name>s returns the <output> to the user directly (see Figure __
__); alternatively, the __ _ <output> returned by __ ~_ <name> can be used as input to __
< downstream systems> in order to <do something>.

TERFMGERY - RAGEWREEA : EREEAERY  BRTZIEMALRS » G
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ALG 2004-f& /1 (6)

TXT 1 The rest of the article is organized as follows.

ML = 2 SR RH A

TXT 2 We review the related work in the next section.

P (B2F) RAERAHR

TXT 2 Then we present our method for -ing _
expected to < condition> (Section 3).

Wiz o MR HREEE A - EETHAR > HHANREREEE L (F=%)

<processing input> into ____ <intermediates>

TXT % In our evaluation, we compare <our system> (Section 4) with <base lines> (Section
5) over a set of <test cases>.

FERFAE T > BT — R E R R RFMBERASNGER (F4E - F5F)

Effram SCEAE - i CEAERIEAM S © 2018 Jason S. Chang 38



4 £ el 6 5l B 15 c Al

o ER{fTER SCHY T AN B L R R AR
— Academic Keyword List (http://www.uclouvain.be/en-372126.html)
o A ZIMAHEMNEES (15(C)

— Academic Collocations List: 2,469 most frequent and pedagogically relevant lexical
collocations in written academic English in Pearson International Corpus of Academic
English (PICAE) with some 25 million words.

* pearsonpte.com/organizations/researchers/academic-collocation-1list
* pearsonpte.com/wp-content/uploads/2014/07/AcademicCollocationList.xls
— www.ozdic.com/collocation-dictionary
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Academic Keyword List

e 355 nouns ability, absence, account, achievement, act, action, activity, addition, adoption, adult, advance,
advantage, advice, age, aim, alternative, amount, analogy, analysis, application, approach, argument, aspect,

assertion, assessment, assistance, association, assumption, attempt, attention, attitude, author, awareness, ...
e 233 verbs accept, account (for), achieve, acquire, act, adapt, adopt, advance, advocate, affect, aid, aim,
allocate, allow, alter, analyse, appear, apply, argue, arise, assert, assess, assign, associate, assist, assume, attain,

attempt, attend, attribute, avoid, ...

e 180 adjectives absolute, abstract, acceptable, accessible, active, actual, acute, additional, adequate,

alternative, apparent, applicable, appropriate, arbitrary, available, average, basic, ...
e 87 adverbs above, accordingly, accurately, adequately, also, approximately, at best, basically, ...

e 75 others according to, although, an, as, as opposed to, as to, as well as, because, because of, between,

both, by, ...
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12 B - i HAR B S 30E ~ #ERSHER

— accept e AR e 2
* * The company will not accept to buy new machines.
x v The company will not agree to buy new machines.

* * We can’'t accept a motorway to be built through our town.

x v We can’'t allow a motorway to be built through our town.

— accept FSEFA (grammar patterns) Ed {5 A

* V n: accept risks to cure chronic disease

x* V nasn: accept it as a member in both A and B

x \ that: accept that science is in some sense never value free
x V n as adj: accept Z as true; accept language as transparent

B flirsm SR A -

s U EMEAMEE (© 2018 Jason S. Chang
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— learn HUEERRFEHC © * learn knowledge — acquire/gain knowledge

- R A EEEREE S (F50C)

4 P B > S

* Academic Collocations List
pearsonpte.com/wp-content/uploads/2014/07/AcademicCollocationList.pdf

32
33
34
35
36
37 (be)
38

2468

2469

i EEEN

acquire v knowledge n (* learn knowledge)

active adj involvement n
active adj participant n
active adj participation n
active adj role n

actively adv involved vpp
acutely adv aware adj

written adj statement n

X0l ey

younger adj generation n (the last collocation)

B SR AR« SRR A © 2018 Jason S. Chang
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BAEEiTsA SCE ~ FERC/MF—2E ~ EA AKL

ability to do something: Tiredness can seriously impair your ability to drive.

above

above all else: Above all else, the government must keep the promises it has made.

absence

in someone’s absence : Mark will be in charge in my absence.
absence of: a complete absence of humor

in the absence of something: In the absence of any contrary agreement, the firm accepts full liability.

abstract idea/concept/principle/notion: Mathematics is concerned with understanding abstract concepts.

accept that: Most scientists accept that climate change is linked to pollution.

generally/widely accepted : His views on genetics are not now widely accepted.

accept blame/responsibility/liability: \X/e cannot accept liability for items stolen from your car.
accept that: For a long time, he simply could not accept that she was dead.

accept someone as something: Mexico was accepted as a member of the OECD in 1994.

accept someone into something: She was desperate for the children to accept her into the family.
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] 8 2 A Sl sl e ——2 R ~ # A AKL

8. | have assumed the basic _is identical for each image. *

exposure

discovery

resistance

existence
9. Ingredients in commercially formulated diets ______ from company to *
company.

evaluate

illustrate

vary

concentrate
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5 WELE ~ B IE X FAEH R
e Grammar Sections (in Improve Your Writing Skills)
— Articles
— Complementation: Patterns used with verbs, nouns and adjectives
— Countable and Uncountable Nouns
— Punctuation
— Quantifiers
— Spelling
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® 3, an
— | hope you all have {*alan} enjoyable stay.
— My husband is doing {*alan} MSc in civil engineering.
— Sometimes it is difficult to live {*alan} honest life.
— The child had been {*a|} deaf since birth.
— One of the girls | share with is{*a|} British.

e abandon
— Since capital punishment was *abandoned—abolished, the crime rate has increased.
— It is difficult to reach *abandoned—remote places such as small country villages.

e ability
— These machines are destroying our {*ability of thinking|ability to think}.
— | want to improve my {*ability of reading|reading ability}.
— | want to improve my ability {*of|in} English.

e able
— One man is {*able to destroy|capable of destroying} the whole world.

B SR AR« SRR A © 2018 Jason S. Chang 47



7 ROiEERER (accept)

1 x The company will not accept to buy new machines.
v The company will not agree to buy new machines.

You accept someone’s advice, opinion, or suggestion BUT you agree (= say you are willing) to do
something. Compare: ‘1 accepted her suggestion and agreed to see the doctor that evening.’

The driver did not accept me to get on the bus.
The driver did not allow me to get on the bus.

We can’t accept a motorway to be built through our town.
We can’t allow a motorway to be built through our town.

X <%

You allow/permit someone to do something, or let them do it: ‘Many parents do not allow/permit

B SR AR« SRR A © 2018 Jason S. Chang
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T R 2UR) SCHR v LU R 6

o —MXEFILARETH BT - SHIAMBI AR (I ~ BEE ~ &Y~ AR
Y > FEECSrEA )

o ﬁﬁ%g—@ﬁ%%iﬁ lexical grammar

e Pattern Grammar &5 i BHABIVEA M SCE (HEZEILE)

o PG FRML—{ER AT L B FHI VAR

o BT (Hid) A8 UEMA (patterns) fhiliE 7 1%
o () —MEMR] > —EFEE

e Sources

— http://en.wikipedia.org/wiki/Pattern_grammar
— Hunston and Francis (2000): A corpus-driven approach to the lezical
grammar of English
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Example of Pattern Grammar
e Skim (v.) includes the following patterns in the COBUILD dictionary

— V n off /from n: Skim the fat off the soup. (limited prep. allow)
— V n: Skim the wall surface smooth ready for painting
— V over/across: Water skiers skimmed across the bay.

— V through n: Skim through the report and check for spelling mistakes?
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6. WriteAhead Showing Patterns of knowledge

GENERAL

WriteAhead

From a map, people acquire knowledge

less more patterns less  more examples write edit English F&E KR

[N] knowledge of something 15645
with little or no a priori knowledge of the object-related parameters present
have complete knowledge of their contents and structure
[N] knowledge from something 2021
acquiring knowledge from domain experts
discover useful knowledge from the secondary data obtained
[N] knowledge about something 5523

transforming knowledge about the problem domain and
of knowledge about those systems
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Use Linggle to Find Word Usage

linggle™®
[ ability | _
ability of the 6.1%
ability to make 3.1%
ability to work 3.0%
ability to use 2.8%
ability to provide 2.3%

n ?

1,300,000

660,000

640,000

610,000

490,000

Eiam SRR U BRI S © 2018 Jason S. Chang
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Use Linggle to Find Word Usage with Examples

linggle'®

ability n 2

ability of the 6.1% 1,300,000 m

ability to make 3.1% 660,000 m

e |t gives health officials the ability to make decisions
based on real-time information.

e He said the position required energy and the ability to
make decisions quickly.
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Linggle for COCA/ACADEMIC Is in the Work

linggle'®

ability n »

ability of the 6.1% 1,300,000 m

ability to make 3.1% 660,000 m

¢ |t gives health officials the ability to make decisions
based on real-time information.

e He said the position required energy and the ability to
make decisions quickily.
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i 3% 3

Q7N =FEEN

L&y —Cool English 5 H i

We discussed about the issue. Suggestions

We discussed abeut the issue.

Source:
https://www.coolenglish.edu.tw/moodle/mod/url/view.php?id=9735
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Questions?
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