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Abstract

In 1999, A T&T participated in the ad-ho c task and the Question Answ ering (QA), Sp ok en Do cumen t

Retriev al (SDR), and W eb trac ks. Most of our e�ort for TREC-8 fo cused on the QA and SDR trac ks.

Results from SDR trac k sho w that our do cumen t expansion tec hniques, presen ted in [8, 9], are v ery

e�ectiv e for sp eec h retriev al. The results for question answ ering are also encouraging. Our system

designed in a relativ ely short p erio d for this task can �nd the correct answ er for ab out 45% of the user

questions. This is sp ecially go o d giv en the fact that our system extracts only a short phrase as an answ er.

1 In tro duction

Question answ ering and sp ok en do cumen t retriev al w ere the main areas of in terest for A T&T at TREC-8.

F or most of our w ork, w e used an in ternally mo di�ed v ersion of the SMAR T retriev al system dev elop ed at

Cornell Univ ersit y [2, 6].

Our question-answ ering system �rst retriev es the top rank ed passages in resp onse to a user question.

These passages are then passed to a linguistic pro cessing sub-system that analyzes the user question and the

passages to sp ot en tities that migh t answ er the question. These en tities are then rank ed based on sev eral

heuristics that w ere dev elop ed on training questions. T o establish a baseline, w e also submitted t w o runs

based only on passage retriev al that did not use the linguistic pro cessing sub-system of our QA system.

F or sp eec h retriev al, w e con tin ued our exp erimen ts with do cumen t expansion using related corp ora [8 , 9].

Results are once again consisten tly go o d.

2 Ad-ho c Runs

Our ad-ho c runs are little c hanged from our 1998 ad-ho c submissions. Please refer to [8] for the details of

the algorithms used.

F or this task, w e strongly b eliev e that full-length TREC topics are arti�cially long in comparison to real

user queries. Another arti�cialit y of the TREC en vironmen t is the structure of these topics, i.e. the existence

of separate title , description and the narrative sections. Suc h structure will not b e encoun tered in more

p opular searc h en vironmen ts. Therefore, w e ignore the narrative section in all our runs. Additionally , w e

ignore the kno wledge that certain w ords are title w ords or description w ords in a topic. W e exp erimen t

with v ery short, title only queries ( t ), and longer, title and description ( t+d ) queries.

W e submitted t w o runs in eac h category: att99tc and att99te for title only queries and att99tdc and

att99tde for title and description queries. Our conserv ativ e runs att99tc and att99tdc are a rep eat

of our 1998 conserv ativ e collection enric hmen t based runs based on pseudo-feedbac k. Our exp erimen tal runs

att99te and att99tde do some \lo calit y-based" do cumen t selection to b e used in pseudo-feedbac k. F or

these runs, w e retriev e the top 50 do cumen ts using our standard v ector-space ranking. W e then re-rank ed

these �ft y do cumen ts to promote do cumen ts that con tain m ultiple query w ords in the same sen tence or

adjoining sen tences (see details in Section 3 on Question Answ ering). T op ten do cumen ts from this rerank ed

list are assumed relev an t for pseudo-feedbac k.



Query Baseline Expansion from Conserv ativ e

Sections dnb.dtn target collection TREC D12345 Collection Enric hmen t

t ( att99atc ) 0.2363 0.2736 (+15.8%) 0.2884 (+22.1%) 0.2853 (+20.8%)

# Q b etter/w orse 0/0 29/21 34/16

t ( att99ate ) 0.2363 0.2740 (+16.0%) 0.2840 (+20.2%) 0.2835 (+20.0%)

# Q b etter/w orse 0/0 24/26 28/22

t+d ( att99atdc ) 0.2592 0.2943 (+13.5%) 0.3170 (+22.3%) 0.3089 (+19.2%)

# Q b etter/w orse 0/0 30/20 34/16

t+d ( att99atde ) 0.2592 0.3024 (+16.7%) 0.3237 (+24.9%) 0.3165 (+22.1%)

# Q b etter/w orse 0/0 27/23 29/21

T able 1: E�ect of conserv ativ e collection enric hmen t

Run Av erage Precision Best > = Median < Median

att99atc (title only) 0.2853 2 32 16

att99ate (title only) 0.2835 4 30 16

att99atdc (title+desc) 0.3089 2 41 7

att99atde (title+desc) 0.3165 4 38 8

T able 2: Results for adho c runs

The results for our ad-ho c runs are sho wn in T ables 1 and 2. There are sev eral p ossible v ariations on

the database used for pseudo-feedbac k: expansion from the target collection (no collection enric hmen t),

expansion from a large collection (collection enric hmen t), and conserv ativ e collection enric hmen t [8 ]. Ev en

though the conserv ativ e metho d has somewhat somewhat p o orer a v erage precision than metho ds that expand

from the large collection alone (collection enric hmen t), as the ro ws lab eled # Q b etter/worse sho w, it is more

stable with resp ect to the n um b er of queries that impro v e or deteriorate in comparison to expansion from

the target collection (This is the sensible baseline for this comparison since if w e compare to unexpanded

queries, whic h is the baseline used in the a v erage precision ro ws, all expansion strategies will sho w large

gains and the relativ e p erformance of di�eren t expansions will b e hard to judge).

Ov erall, these results are quite reasonable. In our view, the minor impro v emen ts that w e gain out of

doing v arious mo di�cations to our simple t w o-pass pseudo-feedbac k based algorithm (used in att99atc and

att99atdc ), are not fundamen tally b etter and they come at an increased pro cessing cost. Algorithms quite

similar to the one used in att99atdc ha v e consisten tly b een one of the b est o v er the last three or four TREC

conferences. This leads us to w onder whether w e are learning something new from the ad-ho c runs in recen t

y ears.

3 Question Answ ering

Our question answ ering system is a h ybrid IR-linguistic system. The retriev al comp onen t �rst retriev es top

rank ed passages for a question, and the linguistic comp onen t then pro cesses those passages in ligh t of the

user question to iden tify en tities than can p oten tially answ er the question.

3.1 P assage Retriev al

The passage retriev al system in v olv es the follo wing steps:

1. The top �ft y do cumen ts for a question are retriev ed using a straigh t v ector matc h (no query expansion).

2. Eac h section of these top �ft y do cumen ts is brok en in to sen tences and eac h sen tence is assigned a score

based on the follo wing algorithm:

� the sen tence score is initialized to zero, and the passage size is also initialized to zero;



� the query term w eigh t of ev ery question w ord that app ears in the sen tence is added to the sen tence

score, the passage size is set to the sen tence size (in b ytes);

� if a query w ord bigram app ears in the sen tence, an extra credit
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is assigned to the sen tence,

� if an adjoining sen tence con tains a question w ord not con tained in this sen tence, and if b y adding

this adjoining sen tence to the passages the passage size do esn't exceed 500 b ytes, half the query

term w eigh t for this w ord is added to the sen tence score;

� if a next to adjoining sen tence con tains a question w ord not co v ered y et, and if b y adding this

adjoining sen tence to the passages the passage size do esn't exceed 500 b ytes, quarter of the query

term w eigh t for this w ord is added to the sen tence score.

3. Highest scoring passage from eac h section is prin ted along with its score.

4. The highest scoring �ft y passages are then selected for pro cessing b y the linguistic mo dule.

3.2 Linguistic Pro cessing

This section describ es the natural-language pro cessing comp onen t of the system. Input to this comp onen t is

the text of the query , together with a set of (rank ed) passages that are the output from the IR comp onen t.

Output from this comp onen t is a list of answ ers rank ed in order of imp ortance. The top 5 answ ers w ere

submitted to the TREC ev aluation.

The basic strategy can b e divided in to three stages:

1. Extract a candidate set of p ossible answ ers from the passages, along with their t yp es. The candidate

set is a set of en tities falling in to a n um b er of categories, including p eople, lo cations, organizations,

quan tities, dates, and linear measures. A full list of the t yp es, and a description of ho w they are

extracted, is giv en in section 3.2.1.

2. Pro duce a partial ranking of the en tities according to ho w w ell their t yp e matc hes the query . Usually

this will in v olv e a binary distinction of whether or not an en tit y is of the correct t yp e: for example,

giv en the query

Who is the author of the b o ok, The Iron Lady: A Biograph y of Margaret Thatc her?

it can b e assumed that en tities of t yp e PERSON are preferred, and a partial ranking is formed where all

en tities of t yp e PERSON are placed ahead of other en tit y t yp es.

3. Pro duce a �nal ordering of the en tities b y taking in to accoun t their frequency and p osition in the

passages. The partial ordering from stage 2 con tains man y equally rank ed en tities: in the ab o v e

example all PERSON en tities w ould b e rank ed the same. The third stage pro duces a �ner grained

ranking of en tities of the same t yp e through the use of frequency and p osition information.

The follo wing sections describ e in detail ho w these three pro cessing stages w ere carried out.

3.2.1 En tit y Extraction

The follo wing t yp es of en tities w ere extracted as p oten tial answ ers to queries:

Prop er Names Prop er names (capitalized sequences of w ords) w ere extracted from the passages, and then

classi�ed in to one of the categories PERSON , LOCATION , ORGANIZATION or OTHER using a classi�er built

using the metho d describ ed in [4 ].
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1

0.25 � (lo w er of the t w o comp onen t query term w eigh ts)

2

The classi�er mak es a three w a y distinction b et w een PERSON , LOCATION and ORGANIZATI ON ; names where the classi�er mak es

no decision w ere classi�ed as OTHER .



Dates All y ears (4 digit n um b ers starting with 1... or 20... ) w ere extracted from the passages. The

CASS parser [1 ] w as used to extract full dates (suc h as January 1st 2000 ).

Quan titi es Bare n um b ers w ere extracted using the CASS parser. Noun phrases in v olving mo di�cation b y

a n um b er w ere also extracted b y CASS: for example The Thr e e sto o ges , 4 airp orts , 270 p e ople . In this

latter case the headw ord of the noun phrase ( sto o ges , airp orts or p e ople ) w as extracted; these en tities

could then b e later iden ti�ed as go o d answ ers to How many ... questions suc h as How many sto o ges

wer e ther e?

Durations CASS w as used to extract time durations suc h as thr e e ye ars , four hours and so on.

Linear Measures CASS w as used to extract measure amoun ts suc h as 170 miles or 180 fe et .

W e should note that this list of t yp es is almost certainly not complete. Monetary amoun ts (e.g., $ 25

mil lion ) w ere added to the system shortly after the TREC run, but other gaps in co v erage remain.

3.2.2 Ranking of En tities b y T yp e

This stage in v olv ed pro cessing the query to iden tify the t yp e that is required b y the user. The follo wing

rules w ere used to do this:

� All queries starting with Who, Whom w ere tak en to b e of t yp e PERSON .

� All queries starting with Wher e, Whenc e, Whither w ere tak en to b e of t yp e LOCATION .

� All queries starting with When w ere tak en to b e of t yp e DATE .

� All queries starting with How few, How gr e at, How little, How many, How much w ere tak en to b e of

t yp e QUANTITY .

� All queries starting with How long w ere tak en to b e am biguous b et w een DURATION and LINEAR MEASURE .

All queries starting with How tal l, How wide, How high, How big, How far w ere tak en to b e LINEAR MEASURE .

� Queries con taining the wh-w ords Which or What t ypically also in v olv e a head noun that describ es the

t yp e of en tit y in v olv ed. These questions fall in to t w o formats: What X where X is the noun in v olv ed,

or What is the ... X . Here are a couple of examples:

What compan y is the largest Japanese ship builder?

What is the largest cit y in German y?

F or these queries the head noun (e.g., c omp any or city ) w as extracted, and a lexicon mapping nouns

to t yp es w as used to iden tify the t yp e of the query . The lexicon w as partly hand-built (including some

common cases suc h as numb er ! QUANTITY or ye ar ! DATE ). A large list of nouns indicating PERSON ,

LOCATION or ORGANIZATION categories w as automatically tak en from the con textual (app ositiv e) cues

learned in the named en tit y classi�er describ ed in [4].

� In queries con taining no wh-w ord (e.g., Name the lar gest city in Germany ), the �rst noun phrase that

is an immediate constituen t of the matrix sen tence is extracted, and its head is used to determine

query t yp e, as for What X questions.

If these rules fail to iden tify the t yp e of the query , then all en tities get equal ranking.

In most cases, the query classi�cation stage implies a binary distinction (ranking) of the en tities, dep end-

ing on whether they are or are not of the correct t yp e. Ho w ev er, there are a couple of sp ecial cases where

�ner distinctions are made. If a question is of the DATE t yp e, and the query con tains one of the w ords day ,

month or ye ar , then \full" dates are rank ed ab o v e y ears. Con v ersely , if the query con tains the w ord ye ar ,

then y ears are rank ed ab o v e full dates. In How many X questions (where X is a noun), quan ti�ed phrases

whose head noun is also X are rank ed ab o v e bare n um b ers of other quan ti�ed phrases: for example, in the

query How many lives wer e lost in the L o ckerbie air cr ash , en tities suc h as 270 lives or almost 300 lives

w ould b e rank ed ab o v e en tities suc h as 270 p e ople or 150 .



Run Mean Answ er Length Answ er in T op-5 Mean Score

attqa50e 10.5 b ytes 89/198 0.356

attqa50p 50 b ytes 77/198 0.261

T able 3: Results for the 50-b yte answ er category

3.2.3 Ranking of En tities b y P osition

Finally , the frequency and p osition of en tities in the retriev ed passages w as tak en in to accoun t. First,

some normalization of en tities is done: dates are mapp ed to the format y ear-mon th-da y , prop er names are

normalized b y last-name, . . . . Then a score is calculated for eac h en tit y . Eac h time an en tit y o ccurs in the

top-rank ed passage (or passages) from the IR system, its score is incremen ted b y 10. Eac h time it o ccurs

in a lo w er rank ed passage, its score is incremen ted b y 1. This score is used as a secondary ranking metho d

sup erimp osed on the partial ranking giv en b y the query classi�er.

3.3 Results

W e submitted t w o linguistics based runs, one in the 50-b yte answ er category and another in the 250-b yte

category . W e also submitted t w o comparable passage retriev al based runs.

3.3.1 50-b ytes

The most realistic run is our 50-b yte en tit y based run attqa50e ; this run extracts only the en tit y that the

system thinks is the answer . The details of this run are describ ed ab o v e in the section on linguistic pro cessing.

F or comparison w e also did a 50-b yte passage based run (whic h in v olv es no en tit y recognition/extraction).

The passage only run trims the top rank ed sen tences to reduce them do wn to �ft y b ytes. It drops some

function w ords from a sen tence, and it drops the question w ords assuming they w on't b e in the answ er. If

the resulting trimmed sen tence is still o v er �ft y b ytes, it outputs the �rst 50 c haracters.

The results from our 50 b ytes runs: attqa50e , the en tit y-based run, and attqa50p , the passage-based

run, are sho wn in T able 3. W e exp ected our en tit y based run to b e b etter than the passage based run, and

it is. This reinforces the b elief that IR system need con text to do their job w ell. When an IR system is

constrained to extract a v ery tin y piece of text as the answer , it do esn't do v ery w ell. Ev en with extracting

ab out �v e times as m uc h text as compared to our en tit y-based system (50 b ytes/answ er instead of just 10.5

for the en tit y-based system), the passage-based system gets few er answ ers righ t and the answ ers are not

rank ed w ell. These results indicate that to do question answ ering suc h that the answ er is just a phrase (or

a v ery short snipp et of text) w e will need to enhance a purely k eyw ord-based system with some linguistic

pro cessing.

3.3.2 250-b ytes

Our 250-b ytes passage based run attqa250p in v olv es the follo wing steps:

1. The passages retriev ed as p er the algorithm describ ed in Section 3.1 are �rst re�ned so that no single

do cumen t con tributes more than one passage to the passage p o ol. (As describ ed in Section 3.1, di�eren t

sections of a do cumen t can eac h con tribute a passage to the passage p o ol.) When one do cumen t

supplies more than one passage, the highest scoring passage is selected. Ties are brok en in fa v or of

longer passages as they ha v e a higher c hance of con taining the answ er.

2. Near-duplicate passages are remo v ed from the p o ol. If a lo w-scoring passage has a cosine-similarit y of

o v er 0.50 with a highly rank ed passage, the lo w-scoring passage is remo v ed from the p o ol. The main

motiv ation b ehind doing this is to impro v e our c hances of hitting the answ er in one of the top �v e

passages, instead of rep eating same information in m ultiple passages.



Run Mean Answ er Length Answ er in T op-5 Mean Score

attqa250p 249 b ytes 135/198 0.545

attqa250e 247 b ytes 120/198 0.483

T able 4: Results for the 50-b yte answ er category

3. The top �v e passages from the remaining p o ol are prin ted in order of their scores. If a passage is longer

than 250 b ytes, the key-sentenc e of that passage (remem b er w e build passages around a k ey sen tence

b y adding previous and next sen tences, and w e k eep adding sen tences as long as w e are under 500

b ytes) is prin ted. If w e still ha v e some b ytes to spare, the later b ytes of previous sen tence are added,

and then the earlier b ytes of the later sen tence.

Our 250-b ytes linguistic (en tit y) based run attqa250e in v olv es the follo wing steps:

1. The rank ed list of en tities as rank ed for our en tit y-based run attqa50e is used as a a starting p oin t.

2. P assages are rank ed using the passage ranking algorithm describ ed in Section 3.1.

3. The �rst passage that con tains the top-rank ed en tit y in the en tit y list is presen ted to the user. The

top rank ed en tit y and other en tities co v ered b y this passage are remo v ed from the en tit y list.

4. This pro cess is rep eated un til w e ha v e �v e 250 b ytes passages.

Results for our 250-b yte runs are sho wn in T able 4. Our passage based run in the 250-b ytes category w as

one of the b est runs in this trac k. This result indicates that when a passage-retriev al system is allo w ed some

more text in its output, it can do a v ery go o d job answ ering questions. This further reinforces the b elief

that IR systems need con text to do their job w ell. W e b eliev e that these results can b e impro v ed notably

with more e�ort, and w e are w orking in that direction.

3.4 Error Analysis of the En tit y-Based System

3.4.1 Ranking of Answ ers

W e lo ok ed �rst at the p erformance of the en tit y-based system, considering the queries where the correct

answ er w as found somewhere in the top 5 answ ers (46% of the 198 questions). W e found that on these

questions, the p ercen tage of answ ers rank ed 1, 2, 3, 4, and 5 w as 66%, 14%, 11%, 4%, and 4% resp ectiv ely .

This distribution is b y no means uniform; it is clear that when the answ er is somewhere in the top �v e, it is

v ery lik ely to b e rank ed 1st or 2nd. The system's p erformance is th us bimo dal: it either completely fails to

get the answ er, or else reco v ers it with a high rank.

3.4.2 Accuracy on Di�eren t Categories

T able 5 sho ws the distribution of question t yp es in the TREC-8 test set (\P ercen tage of Questions"), and

the p erformance of the en tit y-based system b y question t yp e (\System Accuracy"). W e categorized the

questions b y hand, using the eigh t categories describ ed in section 3.2.1, plus t w o categories that essen tially

represen t t yp es that w ere not handled b y the system at the time of the TREC deadline: Monetary Amount

and Miscellaneous .

\System Accuracy" means the p ercen tage of questions for whic h the correct answ er w as in the top �v e

returned b y the system. There is a sharp division in the p erformance on di�eren t question t yp es. The

categories Person , Location , Date and Quantity are handled fairly w ell, with the correct answ er app earing

in the top �v e 60% of the time. These four categories mak e up 67% of all questions. In con trast, the other

question t yp es, accoun ting for 33% of the questions, are handled with only 15% accuracy .

Unsurprisingly , the Miscellaneous and Other Named Entity categories are problematic; unfortunately ,

they are also rather frequen t. T able 6 sho ws some examples of these queries. They include a large tail of



T yp e P ercen tage System

of Questions Accuracy

P erson 28 62.5

Lo cation 18.5 67.6

Date 11 45.5

Quan tit y 9.5 52.7

TOT AL 67 60

T yp e P ercen tage System

of Questions Accuracy

Other Named En tit y 14.5 31

Miscellaneous 8.5 5.9

Linear Measure 3.5 0

Monetary Amoun t 3 0

Organization 2 0

Duration 1.5 0

TOT AL 33 15

T able 5: P erformance of the en tit y-based system on di�eren t question t yp es. \System Accuracy" means

p ercen t of questions for whic h the correct answ er w as in the top �v e returned b y the system. \Go o d" t yp es

are on the left, \Bad" t yp es are on the righ t.

What do es the P eugeot compan y man ufacture?

Wh y did Da vid Koresh ask the FBI for a w ord pro cessor?

What are the V aldez Principles?

What w as the target rate for M3 gro wth in 1992?

What do es El Nino mean in spanish?

T able 6: Examples of \Other Named En tit y" and \Miscellaneous" questions.

questions seeking other en tit y t yp es (moun tain ranges, gro wth rates, �lms, etc.) and questions whose answ er

is not ev en an en tit y (e.g., \Wh y did Da vid Koresh ask the FBI for a w ord pro cessor?")

F or reference, T able 7 giv es an impression of the sorts of questions that the system do es w ell on (correct

answ er in top �v e).

3.4.3 Errors b y Comp onen t

Finally , w e p erformed an analysis to gauge whic h comp onen ts represen t p erformance b ottlenec ks in the

curren t system. W e examined system logs for a 50-question sample, and made a judgmen t of what caused

the error, when there w as an error. T able 8 giv es the breakdo wn. Eac h question w as assigned to exactly one

line of the table.

The largest b o dy of errors, accoun ting for 18% of the questions, are those that are due to unhandled

t yp es, of whic h half are monetary amoun ts. (Questions with non-en tit y answ ers accoun t for another 4%.)

Another large blo c k (16%) is due to the passage retriev al comp onen t: the correct answ er w as not presen t in

the retriev ed passages. The linguistic comp onen ts together accoun t for the remaining 14% of error, spread

ev enly among them.

Question Rank Output from System

Who is the author of the b o ok, The Iron Lady: A Biograph y of

Margaret Thatc her?

2 Hugo Y oung

What is the name of the managing director of Apricot Computer? 1 Dr P eter Horne

What coun try is the biggest pro ducer of tungsten? 1 China

Who w as the �rst T aiw anese Presiden t? 1 T aiw anese Presiden t Li

T eng h ui

When did Nixon visit China? 1 1972

Ho w man y calories are there in a Big Mac? 4 562 calories

What is the acron ym for the rating system for air conditioner

e�ciency?

1 EER

T able 7: A few TREC questions answ ered correctly b y the system.



Errors

P assage retriev al failed 16%

Answ er is not an en tit y 4%

Answ er of unhandled t yp e: money 10%

Answ er of unhandled t yp e: misc 8%

En tit y extraction failed 2%

En tit y classi�cation failed 4%

Query classi�cation failed 4%

En tit y ranking failed 4%

Successes

Answ er at Rank 2-5 16%

Answ er at Rank 1 32%

T able 8: Breakdo wn of questions b y error t yp e, in particular, b y comp onen t resp onsible. Num b ers are

p ercen t of questions in a 50-question sample.

The cases in whic h the correct answ er is in the top �v e, but not at rank one, are almost all due to failures

of en tit y ranking.
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V arious factors con tributing to misrankings are the hea vy w eigh ting assigned to answ ers

in the top-rank ed passage, the failure to adjust frequencies b y \complexit y" (e.g., it is signi�can t if 22.5

mil lion o ccurs sev eral times, but not if 3 o ccurs sev eral times), and the failure of the system to consider the

linguistic con text in whic h en tities app ear.

4 SDR Runs

W e used our o wn sp eec h recognizer to pro cess the SDR trac k data. In this trac k, w e con tin ued our ex-

p erimen tation with do cumen t expansion from last y ear [8 , 9]. This y ear w e only submitted runs based on

do cumen t expansion. Our �rst run att-s1 is a repro duction of the algorithm w e dev elop ed in [9 ]. Our second

run att-s2 is also based on do cumen t expansion, but it is aimed at con taining excessiv e increase in w eigh ts

of already imp ortan t do cumen t terms (see b elo w for details).

4.1 Sp eec h Recognizer

The sp eec h recognition system used for the SDR trac k used a m ulti-pass searc h paradigm. The resulting

transcriptions w ere obtained b y p erforming t w o recognition passes, the �rst using b oth an acoustic and lo w

complexit y language mo del, the second retaining the acoustic scores from the �rst pass and using a more

complex language mo del. The acoustic mo del of this system is describ ed in section 4.1.1, the language

mo dels and searc h algorithm are describ ed in section 4.1.2.

4.1.1 Acoustic mo del

The acoustic mo del w as trained on all the SDR trac k data a v ailable from previous ev aluations. The data

used for training w as from 14 di�eren t news programs from the p erio d Ma y 10, 1996 un til Jan uary 31, 1998.

The total amoun t of transcrib ed recordings used in training w as 143 hours.

The sp eec h w a v eforms w ere parameterized using a mel-frequency cepstral analysis and energy measure-

men ts. The system used the �rst 12 mel-frequency cepstral co e�cien ts and a normalized energy parameter

as w ell as the �rst and second deriv ativ es (39 dimensions in total), computed at a rate of 100 frames p er

second. T o comp ensate for c hannel e�ects, the cepstral mean of the signal w as subtracted for the cepstral

v ectors.

3

The sole exception w as a query misclassi�cat ion caused b y a parse failure|miracu lou sly , the correct answ er made it to

rank �v e despite b eing of the \wrong" t yp e.



A training dictionary for all 36475 unique w ords seen in the training transcriptions w as generated using

our text-to-sp eec h system [3 ] follo w ed b y hand corrections/additions. The resulting dictionary had 38616

en tries (a v erage of 1.06 en tries p er unique w ord). The used phone set consisted of 42 phone mo dels, 1 silence

mo del and 5 non-sp eec h mo dels.

All phones w ere mo deled using three-state left-to-righ t HMMs except for the silence mo del whic h w as a

single state HMM. All state emission distributions w ere mo deled b y Gaussian mixture densities. Mixture

densities w ere estimated b y iterativ ely segmen ting the data using the Viterbi algorithm and estimating

mixture densities for the giv en segmen tation using the Exp ectation Maximization (EM) algorithm (i.e. the

mixture iden tities w ere hidden but the state segmen tations w ere not). T o initialize the mixture comp onen ts

for the EM algorithm, the k -means clustering algorithm with a Euclidean distance metric w as used on

v ariance normalized data. The �nal acoustic mo del w as trained in three stages. In the �rst stage, a con text

indep enden t system w as build. T o b o otstrap this �rst training stage, an initial state-lev el segmen tation w as

obtained b y a Viterbi alignmen t using our last ev aluation system. Then 20 mixture comp onen t state emission

densities w ere estimated in three iterations. In the �rst iteration, 8 mixture comp onen t densities w ere

estimated. In the second, the n um b er of mixture comp onen ts w as increased to 20 and this mo del w as re�ned

b y another iteration. In the second training stage, the sharing among triphone state emission distributions

w ere de�ned. Shared state distributions w ere de�ned b y decision tree clustering using a lik eliho o d design

criterion and allo wing questions ab out the phonetic iden tit y of the phone con text. Finally , in the third stage,

mixture densities w ere estimated for the shared state distributions. The �nal densities w ere obtained in four

iterations, the �rst t w o to estimate 4 mixture comp onen t densities, the second t w o to estimate 12 mixture

comp onen t densities.

4.1.2 Language mo del and Searc h Algorithm

In the �rst recognition pass, lattices w ere built that w ere rescored in a second recognition pass. The most

lik ely transcripts w ere then used together with the acoustic mo del from the �rst pass to �nd the b oundary

times of the w ords in the transcriptions b y the Viterbi algorithm.

The �rst recognition pass used a pruned trigram language mo del, the second an un-pruned 6-gram mo del.

Both �rst and second pass mo dels w ere Katz [5 ] bac k o� language mo dels. The �rst pass trigram mo del w as

pruned using the approac h of Seymore and Rosenfeld [7 ] using a pruning threshold of 100. In addition to

the transcriptions of previous SDR ev aluations w e also used the transcripts of the Hub4 ev aluations and t w o

prin ted media sources (the LDC North American news corpus and United Press In ternational (ClariNet)).

Di�eren t language mo dels w ere constructed for ev ery t w o w eek p erio d in the ev aluation data. A total of

11 sets of �rst and second pass language mo dels w ere constructed for the 5 mon th p erio d that the ev aluation

data co v ers. First a mo del w as constructed for the �rst t w o w eek p erio d using all a v ailable training data

prior to that p erio d. Then, for the construction of the mo dels for eac h subsequen t t w o w eek p erio d, the

data from the preceding t w o w eek p erio d w as added to the data used for the �rst t w o w eek p erio d mo del. A

w eigh ting sc heme w as used to emphasize the con tribution of the most recen t t w o w eek p erio d data as w ell

as to emphasize the sp ok en news transcripts with resp ect to the prin ted sources. T o accompan y the t w o

w eek language mo dels, a di�eren t dictionary w as used for eac h t w o w eek p erio d. The dictionaries included

all unique w ords found in the transcriptions as w ell as all unique w ords o ccurring with a frequency larger

than t w o in the prin ted sources. The sizes of the dictionaries for the di�eren t t w o w eek p erio ds ranged from

210340 en tries to 261215 en tries.

4.2 Retriev al System

W e used the NA News corpus and UPI news (also used in the language mo del training describ ed ab o v e) as the

related corpus for do cumen t expansion as w ell as the large collection for conserv ativ e collection enric hmen t

(see [8]) for query expansion. The retriev al cuto� date for this trac k w as July 1, 1998. F or 1998, the NA

News corpus only has news for Jan uary to April 1998. W e use all these news articles in our runs. W e also

added to this UPI news a v ailable through Clarinet news for the mon ths of April to June 1998. This ga v e us

a related corpus of 182,755 news articles.



Algorithm/T ranscript No query Query expansion from Conserv ativ e

details expansion target collection Prin t News Coll. Enric h.

No do cumen t expansion 0.4574 0.5103 0.5742 0.5390

ltt (Closed Captions) | +11.6% +25.5% +17.8%

No do cumen t expansion 0.4113 0.4888 0.5498 0.5194

nist-b1 (WER:27.5%) | +18.8% +33.7% +26.3%

Loss due to ASR ({10.1%) ({4.2%) ({4.2%) ({3.6%)

No do cumen t expansion 0.4058 0.4798 0.5506 0.5164

att-s1 (WER:29.3%) | +18.2% +35.7% +27.3%

Loss due to ASR ({11.3%) ({6.0%) ({4.1%) ({4.2%)

No do cumen t expansion 0.2916 0.3740 0.4123 0.3970

cm u-s1 (WER:64.4%) | +28.2% +41.4% +36.1%

Loss due to ASR ({36.3%) ({26.7%) ({28.2%) ({26.3%)

No do cumen t expansion 0.4286 0.5055 0.5667 0.5339

cuh tk-s1 (WER:20.5%) | +17.9% +32.2% +24.6%

Loss due to ASR ({6.3%) ({1.0%) ({1.3%) ({0.9%)

No do cumen t expansion 0.4233 0.4890 0.5531 0.5212

cuh tk-s1p1 (WER:26.6%) | +17.9% +32.2% +24.6%

Loss due to ASR ({7.5%) ({4.2%) ({3.7%) ({3.3%)

No do cumen t expansion 0.4226 0.5014 0.5554 0.5224

limsi-s1 (WER:21.5%) | +18.7% +31.4% +23.6%

Loss due to ASR ({7.6%) ({1.7%) ({3.3%) ({3.1%)

No do cumen t expansion 0.4001 0.4770 0.5402 0.5065

shef-s1 (WER:32.0%) | +19.2% +35.0% +26.6%

Loss due to ASR ({12.5%) ({6.5%) ({5.9%) ({6.0%)

T able 9: SDR Runs: No Do cumen t Expansion.

Algorithm-1

Our �rst do cumen t expansion algorithm is tak en v erbatim from our previous w ork presen ted in [9 ]. The

query expansion algorithm is the same as the one used in our ad-ho c runs, only the target collection and

the large collection for conserv ativ e collection enric hmen t are di�eren t. The target collection is the SDR

collection and the large collection is the NA News and UPI news collection describ ed ab o v e.

The results for our SDR runs are sho wn in T ables 9{11. Here are the main observ ations from these

results.

1. Sp eec h retriev al o v er automatically recognized sp eec h is v ery viable. F or reasonable transcripts, the

losses in retriev al e�ectiv eness are minim al , 1{5% (the negativ e n um b ers sho wn in paren theses).

2. As exp ected, query expansion via pseudo-feedbac k is useful across the b oard. This can b e observ ed in

the last three columns of the T ables. In eac h of these columns, the second en try sho ws the impro v emen ts

of the corresp onding query expansion algorithm o v er no query expansion.

3. Our conserv ativ e query expansion h urt us in this en vironmen t. This is eviden t b y the consisten tly b etter

results from doing query expansion from the prin t news vs. doing conserv ativ e collection enric hmen t.

F or example, when doing retriev al from closed caption (second ro w in T able 10), doing query expansion

from prin t news yields an a v erage precision of 0.5742, whereas our conserv ativ e query expansion yields

only 0.5390, a noticeable drop.

4. Do cumen t expansion (see T able 10) is consisten tly b ene�cial. F or example, our reference run att-r1

w ould ha v e b een 0.5390 instead of 0.5600 had w e not used do cumen t expansion.

5. Retriev al e�ectiv eness is not v ery sensitiv e to WER of the recognizers for reasonable recognition. This

is eviden t b y lo oking at all our o�cial runs (other than the one on cm u's transcripts) whic h ha v e



Algorithm/T ranscript No query Query expansion from Conserv ativ e

details expansion target collection Prin t News Coll. Enric h.

Do cumen t expansion (Algo-1) 0.4918 0.5371 0.5804 0.5600 att-r1

ltt (Closed Captions) | +9.2% +18.0% +13.8%

Do cumen t expansion (Algo-1) 0.4779 0.5427 0.5646 0.5539 att-b1

nist-b1 (WER:27.5%) | +13.6% +18.2% +15.9%

Loss due to ASR ({2.8%) (+1.0%) ({2.7%) ({1.0%)

Do cumen t expansion (Algo-1) 0.4639 0.5207 0.5586 0.5431 att-s1

att-s1 (WER:29.3%) | +12.2% +20.4% +17.1%

Loss due to ASR ({5.7%) ({3.1%) ({3.8%) ({3.0%)

Do cumen t expansion (Algo-1) 0.3752 0.4369 0.4635 0.4526 att-cr-cm us1

cm u-s1 (WER:64.4%) | +16.5% +23.5% +20.6%

Loss due to ASR ({23.7%) ({18.7%) ({20.2%) ({19.2%)

Do cumen t expansion (Algo-1) 0.4901 0.5421 0.5715 0.5592 att-cr-cuh tks1

cuh tk-s1 (WER:20.5%) | +10.6% +16.6% +14.1%

Loss due to ASR ({0.3%) (+0.9%) ({1.5%) ({0.1%)

Do cumen t expansion (Algo-1) 0.4724 0.5309 0.5647 0.5494 att-cr-cuh tks1p1

cuh tk-s1p1 (WER:26.6%) | +12.4% +19.5% +16.3%

Loss due to ASR ({3.9%) ({1.1%) ({2.7%) ({1.9%)

Do cumen t expansion (Algo-1) 0.4717 0.5346 0.5631 0.5516 att-cr-limsi s1

limsi-s1 (WER:21.5%) | +13.3% +19.4% +16.9%

Loss due to ASR ({4.1%) ({0.5%) ({3.0%) ({1.4%)

Do cumen t expansion (Algo-1) 0.4710 0.5277 0.5588 0.5455 att-cr-shefs1

shef-s1 (WER:32.0%) | +12.0% +18.6% +15.8%

Loss due to ASR ({4.2%) ({1.8%) ({3.7%) ({2.6%)

T able 10: SDR Runs: Do cumen t Expansion, Algorithm-1

a v erage precision v alues in the range for 0.5431 to 0.5600. There is an insigni�can t 3% gap in a v erage

precision b et w een doing retriev al on closed caption vs. doing retriev al on ASR transcripts whic h ha v e

up to 32% WER.

Algorithm-2

W e remind y ou that our term w eigh ting sc heme assigns w eigh ts to w ords in a do cumen t based on their

o ccurrence frequency in the do cumen t and the length of the do cumen t. The t w o basic factor are the tf -

factor, whic h accoun ts for the fact that w ords that are rep eated within a do cumen t are more imp ortan t; and

the do cumen t length normalization factor whic h is used to assign lo w er w eigh ts to all w ords in v ery long

do cumen ts. Within one do cumen t, the do cumen t length normalization factor is same for all terms. Ho w ev er,

the tf -factor c hanges from w ord to w ord based on the w ord's frequency . During the last few y ears, w e ha v e

realized that a w ord that app ears three times in a do cumen t is not thrice as imp ortan t than a w ord that

app ears just once so w e ha v e b een using a damp ened tf -factor (a logarithmic or a double-log factor) whic h

rises sub-linearly with the increase in w ord frequency . In particular, w e use the double log tf -factor, i.e. a

w ord with frequency tf gets a w eigh t of 1 + l n (1 + l n ( tf )).

During the course of our exp erimen ts with do cumen t expansion, w e noticed that the expansion algorithm

w e use ab o v e tends to create an un w an ted im balance in w eigh ts of di�eren t do cumen t terms. F or example,

consider a do cumen t whic h con tains man y instances of the w ord information . When w e use this do cu-

men t as a query to �nd related prin ted do cumen ts, man y of the related do cumen ts also men tion the w ord

information , since information is an imp ortan t w ord in the query v ector, i.e. the v ector for the recognized

do cumen t. When w e do do cumen t expansion using Ro cc hio's form ula, the w ord information gets a further

b o ost in its w eigh t and it ends up b eing a v ery hea vily w eigh ted w ord for this do cumen t. This is con trary

to the reason for using a damp ened tf -factor in our term w eigh ting sc heme (as describ ed ab o v e).

T o address this problem, w e c hanged our do cumen t expansion sc heme to ensure that frequen t w ords do



Algorithm/T ranscript No query Query expansion from Conserv ativ e

details expansion target collection Prin t News Coll. Enric h.

Do cumen t expansion (Algo-2) 0.4821 0.5403 0.5863 0.5677

ltt (Closed Captions) | +12.1% +21.6% +17.7%

Do cumen t expansion (Algo-2) 0.4610 0.5406 0.5716 0.5634

nist-b1 (WER:27.5%) | +17.3% +24.0% +22.2%

Loss due to ASR ({4.4%) (+0.1%) ({2.5%) ({0.8%)

Do cumen t expansion (Algo-2) 0.4536 0.5208 0.5731 0.5510 att-s2

att-s1 (WER:29.3%) | +14.8% +26.3% +21.5%

Loss due to ASR ({5.9%) ({3.6%) ({2.3%) ({2.9%)

Do cumen t expansion (Algo-2) 0.3520 0.4077 0.4643 0.4508

cm u-s1 (WER:64.4%) | +15.8% +31.9% +28.1%

Loss due to ASR ({27.0%) ({24.6%) ({20.8%) ({20.6%)

Do cumen t expansion (Algo-2) 0.4711 0.5496 0.5829 0.5705

cuh tk-s1 (WER:20.5%) | +16.7% +23.7% +21.1%

Loss due to ASR ({2.3%) (+1.7%) ({0.6%) (+0.5%)

Do cumen t expansion (Algo-2) 0.4601 0.5336 0.5678 0.5539

cuh tk-s1p1 (WER:26.6%) | +16.0% +23.4% +20.4%

Loss due to ASR ({4.6%) ({1.2%) ({3.2%) ({2.4%)

Do cumen t expansion (Algo-2) 0.4645 0.5349 0.5698 0.5551

limsi-s1 (WER:21.5%) | +15.2% +22.7% +19.5%

Loss due to ASR ({3.7%) ({1.0%) ({2.8%) ({2.2%)

Do cumen t expansion (Algo-2) 0.4508 0.5229 0.5598 0.5452

shef-s1 (WER:32.0%) | +16.0% +24.2% +21.0%

Loss due to ASR ({6.5%) ({3.2%) ({4.5%) ({3.9%)

T able 11: SDR Runs: Do cumen t Expansion, Algorithm-2.

not end up getting v ery hea vy w eigh ts. Under this sc heme, an y w ord is allo w ed an incremen t of one in it's ra w

frequency due to expansion. F or example, if a w ord o ccurred once in the do cumen t, its pre-expansion w eigh t

w as 1.0 (ignoring do cumen t length normalization). If the p ost-expansion w eigh t for this w ords b ecomes 2.0,

whic h will corresp ond to a p ost-expansion ra w frequency of 5.57 (since 1 + l n (1 + l n (5 : 57)) = 2.0), then

this incremen t is not allo w ed and the ra w frequency increase is capp ed at 1, yielding the p ost-expansion ra w

frequency of 2 and a p ost-expansion w eigh t of 1.53. This e�ect is ev en more visible for w ords with v ery high

ra w frequencies (lik e 10).

W e submitted a second run based on this do cumen t expansion sc heme and the results are sho wn in

T able 11. Comparing this do cumen t expansion algorithm att-s2 (Algo-2) with our previous algorithm

att-s1 (Algo-1) in T able 10, w e do see that this algorithm yields consisten tly b etter results than our old

algorithm. It in fact yields the b est results for ev ery transcription, whic h are sho wn in column-4 of T able 11

Run Av erage Precision Best > = Median < Median

att-r1 0.5600 7 27 15

att-b1 0.5539 1 35 13

att-s1 0.5431 5 29 15

att-s2 0.5510 4 31 14

att-cr-cm us1 0.4626 0 18 31

att-cr-cuh tks1 0.5592 2 35 12

att-cr-cuh tks1p1 0.5494 2 32 15

att-cr-limsis1 0.5516 2 32 15

att-cr-shefs1 0.5455 3 30 16

T able 12: Results for SDR runs



Query Baseline Expansion from Conserv ativ e

Sections dnb.dtn target collection TREC D12345 Collection Enric hmen t

t+d ( att99wtdc ) 0.2470 0.2876 (+16.5%) 0.3033 (+22.8%) 0.3091 (+25.2%)

t+d ( att99wtde ) 0.2470 0.2883 (+16.8%) 0.3138 (+27.1%) 0.3113 (+26.0%)

T able 13: E�ect of conserv ativ e collection enric hmen t

Run Av erage Precision Best > = Median < Median

att99wtdc (title+desc) 0.3033 2 40 8

att99wtde (title+desc) 0.3113 2 37 11

T able 14: Results for adho c runs

(in b oldface). T able 12 presen ts some other statistics on our o�cial runs.

5 W eb T rac k Runs

W e submitted t w o runs for the small W eb task: att99wtdc and att99wtde . These runs corresp ond to our

ad-ho c runs att99atdc and att99atde, resp ectiv ely . The only di�erence is that for the w eb runs, w e remo v e

duplicates from the initial list of do cumen ts used in pseudo-feedbac k. These runs are c ontent-only runs and

do not use the link age analysis commonly used b y W eb searc h engines. F or these runs, w e �rst retriev e the

top 100 do cumen ts using our standard v ector-space ranking. If t w o do cumen ts in this list ha v e a cosine

similarit y o v er 0.80, w e assume they are duplicates of eac h other and remo v e the lo w er rank ed do cumen t

from this list.

F or run att99wtde , the list of do cumen ts obtained ab o v e after duplicate remo v al is further re-rank ed

using sen tence based lo calit y describ ed in our question answ ering e�ort. T op 10 do cumen ts from this rerank ed

list are assumed relev an t and are used in pseudo-feedbac k based query expansion. F or run att99wtdc , no

reranking is done and the top 10 do cumen ts are used in pseudo-feedbac k. Both these runs use the title

and description sections of the queries. TREC disks 1{5 are used as the larger collection for conserv ativ e

collection enric hmen t.

The results from our runs on the 2G w eb data are sho wn in T ables 13 and 14. These results are reasonable,

esp ecially giv en the fact that w e did not c hange our retriev al algorithm in an y signi�can t manner for W eb

data.

W e also submitted t w o runs for the large W eb trac k: att99vlci and att99vlcm . Both runs are based

on merging results from t w en t y di�eren t collection formed b y dividing the 100G W eb data in to t w en t y 5G

collections. The run att99vlcm merges the do cumen t frequencies from v arious collections and up dates

ev ery collection so that ev ery collection has a uniform view of the global in v erse do cumen t frequency for

terms. The run att99vlci ignores these issues and tak e do cumen t scores from v arious collections at their

face v alue. There is no query expansion used in these runs. These runs are a straigh t-forw ard v ector-space

matc h b et w een the query and the do cumen ts.

The precision in top 10 do cumen ts for att99vlci is 0.6180 and for att99vlcm is 0.5980. These n um b ers

sho w that if a v ery large collection is divided in to smaller sub-collections, then one can simply ignore the

global-idf issues and merge results from the individual sub-collections to get e�ectiv e ranking.

6 Conclusions

Our SDR w ork establishes the usefulness of do cumen t expansion. W e are v ery happ y to see the incorp oration

of the question answ ering trac k in TREC and lo ok forw ard to our con tin uous participation in it next y ear.
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