
A T&T at TREC-7

Amit Singhal John Choi Donald Hindle Da vid D. Lewis

F ernando P ereira

A T&T Labs{Researc h

f singhal,c hoi,hindle,le wis,p erei ra g @researc h. att.com

Abstract

This y ear A T&T participated in the ad-ho c task and the Filtering, SDR, and VLC trac ks. Most of

our e�ort for TREC-7 w as concen trated on SDR and VLC trac ks. On the �ltering trac k, w e tested a

preliminary v ersion of a text classi�cation to olkit that w e ha v e b een dev eloping o v er the last y ear. In

the ad-ho c task, w e in tro duce a new tf-factor in our term w eigh ting sc heme and use a simpli�ed retriev al

algorithm. The same w eigh ting sc heme and algorithm are used in the SDR and the VLC trac ks.

The results from the SDR trac k sho w that retriev al from automatic transcriptions of sp eec h is quite

comp etitiv e with doing retriev al from h uman transcriptions. Our exp erimen ts indicate that do cumen t

expansion can b e used to further impro v e retriev al from automatic transcripts. Results of �ltering trac k

are in line with our exp ectations giv en the early dev elopmen tal stage of our classi�cation soft w are. The

results of VLC trac k do not supp ort our h yp othesis that retriev al lists from a distributed searc h can b e

e�ectiv ely merged using only the initial part of the do cumen ts.

1 In tro duction

Sp ok en do cumen t retriev al (SDR) and retriev al from v ery large collections (VLC) are the main areas of

in terest for A T&T at TREC-7. F or most of our w ork, w e use an in ternally mo di�ed v ersion of the SMAR T

retriev al system dev elop ed at Cornell Univ ersit y . [1, 8 ] W e are in the pro cess of dev eloping a text classi�cation

to olkit called A TTICS. The �ltering trac k ga v e us an opp ortunit y to stress test an early v ersion of this to olkit

on a large task.

F or sp eec h retriev al, w e b eliev e that parallel text corp ora, for example prin ted news from the same time

p erio d, can b e successfully exploited to impro v e retriev al e�ectiv eness of a system. This is esp ecially true for

the news material curren tly b eing used in the SDR trac k. W e use these ideas in our SDR trac k participation.

Initial results from the use of a parallel corpus are quite encouraging.

As the amoun t of data a v ailable electronically (for example on the W eb) gro ws exp onen tially , it is b ecom-

ing increasingly hard to main tain a single cen tralized index to the data. Distributed retriev al is a solution;

ho w ev er most distributed retriev al algorithms exp ect some co op eration from the individual serv ers, whic h

is often hard or ev en imp ossible to get. In the VLC trac k w e sim ulate \totally indep enden t" distributed

collections, and use a new result merging algorithm that lev erages the summary text for retriev ed do cumen ts,

usually pro vided b y the searc h engines, to merge results from v arious serv ers.

2 Ad-ho c Runs

Ov er the last y ear, w e ha v e mo di�ed the SMAR T retriev al system with the follo wing minor c hanges: 1) w e

use a shorter stop-list of 410 stop w ords instead of the standard SMAR T stop-list of 571 stop w ords, 2) w e

use a new tok enizer that handles h yphens and amp ersands (as in A T&T ) in a b etter manner, 3) phrase

formation is go v erned b y a new set of rules, and 4) w e ha v e generated a new set of statistical phrases (187,908

phrases) from the news corp ora included in disks 1{5 (AP , WSJ, SJMN, FT, FBIS, LA Times). These phrases

are used in ad-ho c, SDR, and the SMAR T run of the �ltering trac k. W e do not use an y phrases in the VLC

trac k.



d tf factor:

1 + l n (1 + l n ( tf )) 0 if tf = 0

t idf factor:

l og (

N + 1

df

)

b piv oted b yte length normalization factor:

1

0 : 8 + 0 : 2 �

length of do cument ( in bytes )

aver age do cument length ( in bytes )

where, tf is the term's frequency in text (query/do cumen t)

N is the total n um b er of do cumen ts in the (training) collection

df is the n um b er of do cumen ts that con tain the term, and

the a v erage do cumen t length dep ends on the collection.

dn b w eigh ting: d factor � b factor

dtb w eigh ting: d factor � t factor � b factor

dtn w eigh ting: d factor � t factor

T able 1: T erm W eigh ting Sc hemes

P o or p erformance of the logarithmic tf -factor|1 + l n ( tf )|on the TREC-6 ad-ho c task forced us to

revisit our term w eigh ting metho dology . The main reasoning for use of a logarithmic tf -factor instead of

(sa y) the ra w tf of the terms is to ensure that high tf for one query term in a do cumen t do es not place

that do cumen t ahead of other do cumen ts whic h ha v e m ultiple query terms but with lo w tf v alues. By

using a logarithmic tf -factor, the e�ect of tf damp ens with increasing tf v alues, and a single matc h usually

do esn't out w eigh m ultiple matc hes. W e found that for short queries (our main in terest in the ad-ho c task)

a logarithmic tf -factor do es not adequately reduce the e�ect of large tf v alues. Therefore w e need a tf -

function that reduces the tf con tribution ev en more than the logarithmic tf -factor as tf increases. Double

logarithm|1 + l n (1 + l n ( tf ))|is an ob vious c hoice. W e also lik e double logarithm since it do esn't in tro duce

an y new parameters in to our w eigh ting sc heme.

Next w e revisited our piv oted unique do cumen t length normalization function. [11 ] When b oth w ords

and phrases are used as terms in a do cumen t v ector, the de�nition of the n um b er of unique terms in the

do cumen t is not elegan t, esp ecially since phrases are formed from w ords but are coun ted as indep enden t

unique terms. Earlier w ork has sho wn that b yte length of a do cumen t can b e successfully used in a piv oted

form ula for do cumen t length normalization. [11 ] W e switc h to using pivote d byte size normalization in our

w eigh ting sc heme. As a side b ene�t, the w eigh ting co de inside SMAR T is simpli�ed when piv oted b yte size

normalization is used. With these c hanges, w e use the term w eigh ting sc hemes sho wn in T able 1.

2.1 Approac h

This y ear w e use a simple t w o pass pseudo-fe e db ack based approac h in the ad-ho c task. Man y groups ha v e

used suc h an approac h in the last few TRECs. Here are the steps in the pro cess:

� P ass-1 : Using dtn queries and dnb do cumen ts, a �rst-pass retriev al is done.

� Exp ansion: T op ten do cumen ts retriev ed in the �rst pass are assume d to b e relev an t to the query

and do cumen ts rank ed 501{1000 are assumed to b e non-relev an t. Ro cc hio's metho d (with parameters

� = 3 ; � = 2 ; 
 = 2) is used to expand the query b y adding t w en t y new w ords and �v e new phrases

with highest Ro cc hio w eigh ts. [7 ] T o include the idf -factor in the expansion pro cess, do cumen ts are

dtb w eigh ted.

� P ass-2: The expanded query is used with dnb do cumen ts to generate the �nal ranking of 1,000

do cumen ts.



T ask Baseline Expansion from Conserv ativ e

Title+Desc dnb.dtn target collection TREC D12345 Collection Enric hmen t

TREC-6 (AvgP) 0.2290 0.2661 (+16.2%) 0.2781 (+21.4%) 0.2906 (+26.9%)

# Q b etter/w orse 0/0 31/19 34/16

TREC-7 ( att98atdc ) 0.2182 0.2830 (+29.7%) 0.2861 (+31.1%) 0.2961 (+33.7%)

# Q b etter/w orse 0/0 25/25 32/18

T able 2: E�ect of conserv ativ e collection enric hmen t

2.2 Conserv ativ e Collection Enric hmen t

A t TREC-6 some groups ( e.g. , Cit y Univ ersit y and Univ ersit y of Massac h usetts) used a tec hnique that Kw ok

calls \collection enric hmen t". [4 ] The main idea is to run the �rst pass on a m uc h larger collection than the

target collection. The hop e is that a larger text collection will ha v e more relev an t do cumen ts for the query and

our metho ds will pull more relev an t do cumen ts in the top ten or t w en t y do cumen ts, thereb y strengthening

the assumption of relev ance emplo y ed in the query expansion stage. W e emplo y suc h a tec hnique in our

ad-ho c runs using all TREC disks (1{5) as the large collection.

One ob vious problem with this approac h is p ossible \domain misma tc h". If the top do cumen ts retriev ed

from the large collection are from a completely di�eren t domain than the top, presumably query-related,

do cumen ts in the target database, collection enric hmen t can cause the query to drift a w a y from target

relev ance. During our test with collection enric hmen t, w e found that this indeed w as a problem. Therefore

w e devised a conserv ativ e collection enric hmen t tec hnique whic h forces the expanded query to remain in the

target domain b y not allo wing an y expansion terms prop osed only b y expansion on the large collection.

F or example, for query 354: journalist risks , the �rst pass from the large corpus (TREC disks 1{5)

retriev es sev eral stories that talk ab out a list of missing or detained U.N. w ork ers around the w orld, some

of them w ere killed, including a journalist. Ev en though these do cumen ts are reasonably relev an t to the

topic, the fo cus of these do cumen ts is di�eren t than the topical do cumen ts in the target database. These

do cumen ts add terms related to the U.N. and its missing emplo y ees to the query and drift the query a w a y

from relev ance in the target database whic h do es not ha v e rep orts on missing U.N. journalists.

T o �x this problem, w e allo w only those new terms to b e added to the query that are prop osed b y top

do cumen ts retriev ed from the target database. T o capture some e�ect of collection enric hmen t, w e allo w the

large collection to impact the term selection and the �nal w eigh ts of the terms. Here are the steps in v olv ed

in our conserv ativ e collection enric hmen t:

1. Use the query to retriev e the top ten do cumen t from the target collection and build a list of p oten tial

expansion terms along with their prop osed Ro cc hio w eigh ts. Only terms that app ear in at least t w o

of the ten do cumen ts and ha v e a p ositiv e Ro cc hio w eigh t are considered.

2. Use the query to retriev e ten do cumen t from the large collection, and compute the Ro cc hio w eigh ts

for all the expansion terms prop osed in step 1.

3. Add term w eigh ts prop osed in steps 1 and 2 and add the top w eigh ted t w en t y w ords and �v e phrases

to the original query . This allo ws for terms that are w eakly prop osed ( i.e. , with a lo w w eigh t) b y the

target collection but are strongly prop osed b y the larger collection to en ter the query and vice-v ersa.

2.3 Results

W e submitted t w o fully-automati c runs based on the ab o v e describ ed algorithms. One run, att98atc , w as

based on title-only queries and the other run, att98atdc , used title+description queries. W e do not use

the narr ative -p ortion of the TREC topics in an y of our runs since w e don't b eliev e that real users will ev er

pro vide us with suc h long queries. T o highligh t the b ene�ts of conserv ativ e collection enric hmen t, w e �rst

presen t the results of running this algorithm on last y ear's (TREC-6) adho c task (title+description) and

this y ear's task (our run att98atdc) in T able 2. The second column in T able 2 sho ws the baseline a v erage



Run Av erage Precision Best > = Median < Median

att98atc (title only) 0.2488 0 32 18

att98atdc (title+desc) 0.2961 1 41 8

att97atde (title+desc) 0.2940 0 44 6

T able 3: Results for adho c runs

precision of a straigh t retriev al when do cumen ts are dnb w eigh ted and queries are dtn w eigh ted. The third

column sho ws the results when only the target database is used in the query expansion pro cess. F or the

TREC-6 task, w e get a 16.2% impro v emen t in a v erage precision. This impro v emen t is almost 30% for this

y ear's task. If w e use the large collection for query expansion, column four sho ws that the p erformance

impro v es some more. The last column sho ws that our conserv ativ e collection enric hmen t further impro v es

the p erformance some.

Ev en though in terms of a v erage precision, the conserv ativ e metho d is not m uc h b etter than expanding

purely from the large collection, but 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 (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). F or the TREC-6 task, when expansion is done

from D12345, 31 queries impro v e but 19 queries deteriorate (column 4) in comparison to base expansion.

But if w e do conserv ativ e collection enric hmen t, w e cut our losses to 16 queries instead, (column 5) and w e

gain some in a v erage precision. These n um b ers are ev en more striking for this y ear's task. Expansion from

the large collection is w orse than expansion from the target collection for half the queries, it is b etter for

the other half. But the conserv ativ e expansion reduces our losses from 25 queries to 18 queries only , and

the losses are, in general, smaller. These results sho w that conserv ativ e collection enric hmen t is more stable

than pure enric hmen t, ev en though the gains in term of a v erage precision are not m uc h.

The o�cial results for our ad-ho c runs are sho wn in T able 3. Both the runs att98atc and att98atdc did

w ell, esp ecially giv en that the medians are dra wn from a p o ol whic h includes runs that use the full topic

text (ric h with con ten t w ords from the \narrativ e" p ortion of the topics) to construct the query . Our runs

just use either v ery short queries (title only) or short queries (title+description). W e also submitted an

exp erimen tal run att97atde whic h enric hed the term set b y using w ord co o ccurrence pairs as w e ha v e used

in the past in the routing task. [10 ] W e w ere hoping that these pairs w ould b e useful in the ad-ho c setting

to o, but using w ord-pairs didn't impro v e our retriev al e�ectiv eness.

3 SDR Runs

W e use our o wn sp eec h recognizer to pro cess the SDR trac k data. One of our submitted runs att-s1 uses the

one-b est recognizer transcript and do es retriev al using an algorithm quite similar to the algorithm w e ha v e

used in the ad-ho c task. The other run att-s2 uses w ord-lattices generated b y our recognizer and a parallel

text corp ora to do do cument exp ansion . The expanded do cumen ts are then used for retriev al instead of the

one-b est recognizer transcript.

3.1 Sp eec h Recognizer

Our sp eec h recognition pro cess in v olv es the follo wing steps. Prior to recognition, eac h sp eec h story is

segmen ted in to appro ximately one min ute long proso dically w ell-formed segmen ts using a CAR T based

classi�er. [2] The resulting segmen ts are submitted to another wideband/narro wband classi�er for selection

of the acoustic mo del to b e used in recognition of that segmen t.

The recognizer is based on a standard time-sync hronous b eam searc h algorithm. The probabilities de�n-

ing the transduction from text-dep enden t phone sequences to w ord sequences are estimated on w ord lev el

grapheme-to-phone mappings and are implemen ted in the general framew ork of w eigh ted �nite-state trans-

ducers. [6 ] T ransducer comp osition is used to generate w ord lattice output.



W e use con tin uous densit y , three-state, left-to-righ t, con text-dep enden t hidden Mark o v phone mo dels.

These mo dels w ere trained on 39-dimensional feature v ectors consisting of the �rst 13 mel-frequency cepstral

co e�cien ts and their �rst and second time deriv ativ es. T raining iterations included eigen v ector rotations,

k-means clustering, maxim um lik eliho o d normalization of means and v ariances and Viterbi alignmen t. The

output probabilit y distributions consist of a w eigh ted mixture of Gaussians with diagonal co v ariance, with

eac h mixture con taining at most 12 comp onen ts. The training data w ere divided in to wideband and nar-

ro wband partitions, resulting in t w o acoustic mo dels.

Language Mo dels

W e used a t w o pass recognition pro cess. In the �rst pass, w e built w ord lattices for all the sp eec h using a

minim al trigram language mo del and a b eam that w e had determined heuristically to pro vide manageable

w ord lattices. These w ord lattices w ere then rescored, b y remo ving the trigram grammar w eigh ts while

retaining the acoustic w eigh ts and in tersecting these lattices with a 4-gram language mo del. The 1-b est path

w as extracted from the rescored lattices.

Both the �rst pass trigram language mo del and the rescoring 4-gram mo del are standard Katz bac k o�

mo dels [3 ], using the same 237 thousand w ord v o cabulary . F or c ho osing the v o cabulary , all of the w ords

from the SDR98 training transcript w ere used. This base v o cabulary w as supplemen ted with all w ords of

frequency greater than t w o app earing in the New Y ork Times and LA Times segmen ts of LDC's North

American News corpus (LDC Catalog Num b er: LDC95T21, see www.ldc.upenn.edu ), in the p erio d from

June 1997 through Jan uary 1998. The v o cabulary includes ab out 5,000 common acron yms (e.g \N.P .R."),

and the training texts w ere prepro cessed to include these acron yms.

The language mo del training w as based on three transcription sources (the SDR98 training transcripts,

HUB4 transcripts, transcripts of NBC nigh tly news) and one prin t source (the LDC NA News corpus of

newspap er text). The �rst-pass trigram mo del w as built b y �rst constructing a bac k o� language mo del from

the 271 milli on w ords of training text, yielding 15.8 million 2-grams and 22.4 milli on 3-grams. This mo del

w as reduced in size, using the approac h of Seymore and Rosenfeld [9], to 1.4 millio n 2-grams and 1.1 million

3-grams. When comp osed with the lexicon, this smaller trigram mo del yielded a manageable sized net w ork.

The second pass mo del used 6.2 milli on 2-grams, 7.8 million 3-grams, and 4.0 millio n 4-grams. F or this

mo del, the three transcription sources (SDR, HUB4, NBC) w ere in e�ect in terp olated with the text source

(NA News), with the latter b eing giv e a w eigh t of 0.1.

3.2 Retriev al System

F or the SDR trac k, w e use the NA News corpus (also used in the language mo del training describ ed ab o v e)

as the large collection for conserv ativ e collection enric hmen t (see Section 2.2). Since the test data is dated

from June 1997 to Jan uary 1998, w e used news dated from Ma y 1997 to F ebruary 1998 (one mon th b efore

and after) from the NA news corpus.

Algorithm

W e use the follo wing algorithm in our reference run| att-r1 , our t w o baseline runs| att-b1 and att-b2 ,

and our �rst full SDR run| att-s1 . This algorithm is exactly the algorithm w e ha v e used in the ad-ho c

trac k with some parameters c hanged to deal with the small size of the sp eec h database.

� P ass-1 : Using dtn queries and dnb do cumen ts, a �rst-pass retriev al is done.

� Exp ansion: T op �v e do cumen ts retriev ed in the �rst pass are assume d to b e relev an t to the query and

do cumen ts rank ed 101{200 are assumed non-relev an t. The query is expanded b y adding ten new w ords

and t w o new phrases using Ro cc hio's form ulation (parameters � = 2 ; � = 1 ; 
 = 1). T o include the

idf -factor in the expansion pro cess, do cumen ts are dtb w eigh ted.

� The ab o v e expansion step is p erformed once on the target collection and once on the large NA news

collection. Conserv ativ e collection enric hmen t is done as describ ed in Section 2.2.



� P ass-2: The expanded query is used with dnb do cumen ts to generate the �nal ranking of 1,000

do cumen ts.

One of the main motiv atio ns for using the ab o v e algorithm is to k eep our ad-ho c algorithm uniform across

tasks.

Lattice Based Do cumen t Expansion

The one-b est transcript from a recognizer misses man y con ten t w ords and adds some spurious w ords to the

sp ok en do cumen t. The misses reduce the wor d-r e c al l (prop ortion of sp ok en w ords that are recognized) and

the spurious w ords reduce the wor d-pr e cision (prop ortion of recognized w ords that w ere sp ok en). W e b eliev e

that information retriev al algorithms w ould b ene�t from a higher w ord recall and are robust against p o or

w ord precision. An approac h to enhance w ord recall is to add new w ords that \could ha v e b een there" (w ords

that w ere probably sp ok en but w eren't the top c hoice of a sp eec h recognizer) to the automatic transcriptions

of a sp ok en do cumen t.

Sev eral tec hniques are plausible for bringing new w ords in to a do cumen t. An ob vious one from an IR p er-

sp ectiv e is do cument exp ansion using similar do cumen ts: �nd some do cumen ts related to a giv en do cumen t,

and add new w ords from the related do cumen ts to the do cumen t at hand. And from a sp eec h recognition

p ersp ectiv e, the ob vious c hoice is to use w ord lattices whic h con tain m ultiple recognition h yp otheses for an y

utterance. A w ord lattice con tains w ords that are acoustically similar to the recognized w ords could ha v e

b een said instead of the w ords recognized in the one-b est transcription.

W e use b oth these tec hniques to do con trolled do cumen t expansion for our second full SDR run att-s2 .

In our exp erimen ts w e found that eac h metho d when used alone adds more spurious w ords to a do cumen t

than is desirable. Ho w ev er, a con trolled do cumen t expansion that incorp orated information from b oth the

sources helps in reducing the spurious w ords, allo wing the go o d w ords to still b e added to a do cumen t.

W e tak e the one-b est recognition for a story and lo ok for similar stories in the prin t media (NA news).

This is done b y simply running the one-b est recognition for the story as a ra w- tf � idf w eigh ted query on the

NA news database. The idea b eing that imp ortan t news w ould also b e rep orted in the prin t media, and w e

can lev erage w ords from there to enric h our sp ok en do cumen ts. W e do not enforce an y conditions lik e `the

returned stories from NA news should b e from the same da y or near the same date as the sp ok en do cumen t',

ev en though one can imagine that this could p ossibly help.

W e found that for sp eec h stories that are not rep orted in the prin t media, marginally related stories are

retriev ed in resp onse to the query (sp eec h story), and unrelated w ords are brough t in to the story . T o con tain

this problem, w e force our expansion algorithm to c ho ose only those w ords that are also presen t in the w ord

lattice generated b y our recognizer for the sp eec h story . This restriction guaran tees that the w ords b eing

added to a do cumen t are also prop osed b y the sp eec h recognizer, alb eit with a lo w con�dence.

The parameters for do cumen t expansion w ere c hosen somewhat arbitrarily based on a quic k insp ection

of the expansion terms and our exp erience with relev ance feedbac k. W e didn't ha v e an y testb ed to tune our

parameters. The follo wing steps are used:

1. Tw en t y do cumen ts are retriev ed from the NA news corpus for a giv en sp eec h do cumen t. The one-b est

transcription for a sp eec h do cumen t w eigh ted using ra w- tf � idf is used as a query .

2. 25% of the unique w ords, at most 50, new w ords are added to the sp eec h do cumen t using Ro cc hio's

form ula. I.e., if the original one-b est recognition has 80 unique (not coun ting rep etitions) w ords, then

20 new w ords are added; if it has 200, then 50 new w ords are added; and if it has 300, then also only

50 new w ords are added. F ollo wing are some details of the expansion pro cess:

� Ro cc hio parameters � = 4 ; � = 1 ; 
 = 0 are used.

� Only w ords that o ccurred in at least 10 of the 20 do cumen ts retriev ed in step 1 are used as

expansion terms.

� Both the original sp eec h do cumen t and the top do cumen ts from step 1 are dtb w eigh ted (see

T able 1) for Ro cc hio's form ula. This yields expanded do cumen t v ectors that ha v e idf in the

w eigh ts.



T ranscription Used in Run WER T erm Recall T erm Precision

Reference att-r1 0 100 100

Baseline-1 att-b1 34.1% 78.98% 78.02%

Baseline-2 att-b2 46.9% 68.40% 68.04%

F ull SDR-1 att-s1 32.4% 81.79% 81.58%

Expanded Do cs att-s2 | 83.74% 67.50%

T able 4: Analysis of recognition and do cumen t expansion

Retriev al Baseline Expansion from Collection Best Ab o v e Belo w

Condition dnb.dtn target collection NA News Enric hmen t Median Median

Reference 0.4548 0.5083 0.4864 0.4992 5 16 2

att-r1 | +11.7% +6.9% +9.8%

Baseline-1 0.4115 0.4925 0.4493 0.4700 9 10 4

att-b1 | +19.7% +9.2% +14.2%

Baseline-2 0.3358 0.3941 0.3983 0.4065 6 14 3

att-b2 | +17.4% +18.6% +21.1%

F ull SDR-1 0.4371 0.5069 0.4839 0.5065 4 16 3

att-s1 | +16.0% +10.7% +15.9%

F ull SDR-2 0.4535 0.5300 0.4981 0.5120 7 13 3

att-s2 | +16.0% +10.7% +15.9%

T able 5: Results for SDR trac k

3. Idf is remo v ed from the expanded do cumen t v ectors b y dividing b y comp onen t w ords' idf s. No w w e

ha v e expanded do cumen t v ectors that are dnb w eigh ted. These expanded do cumen ts are used instead

of the one-b est transcriptions in the same retriev al algorithm as used in the run att-s1, and this run

w as submitted as our second SDR trac k run att-s2.

Results and Analysis

The recognition w ord error-rate, a v erage term recall (prop ortion of sp ok en w ords that are recognized), and

a v erage term precision (prop ortion of recognized w ords that are sp ok en) for v arious automatic transcriptions

are sho wn in T able 4. T o compute the w ord recall and the w ord precision, w e tak e all the stories that ha v e

more than ten index terms (non-stop w ord-stems as indexed b y SMAR T, m ultiple o ccurrences of a stem

coun ted as one term) in the h uman transcription and compute ho w man y of the original index-terms (non-

stop w ord-stems only , rep etitions not coun ted) are recognized in the automatic transcription. W e also coun t

the n um b er of spurious terms recognized b y a recognizer. W e compute p er-do cumen t term recall and term

precision, and a v erage these v alues across do cumen ts to get the n um b ers rep orted in T able 4. W e omit all

storied that ha v e less than ten terms since the recall/precision �gures for them are quite unstable. The main

reason b ehind discoun ting m ultiple o ccurrence of a term is that the tf -factor of our w eigh ting sc heme has a

similar e�ect. Recognizing a w ord once is more imp ortan t than correctly recognizing m ultiple o ccurrences

of the same w ord.

T able 4 sho ws that the w ord error rate for our recognizer is 32.4%, sligh tly b etter than the 34.6% for the

medium error transcriptions pro vided b y NIST. This is also re
ected in the higher term recall and precision

for our recognizer. Do cumen t expansion is doing its job, though not as w ell as w e w ould lik e it to. It do es

increase the term recall b y another 2% on an a v erage but it signi�can tly reduces term precision from 81.58%

to 67.5%. But as discussed in the follo wing results, the deterioration in term precision do es not h urt retriev al

e�ectiv eness. This supp orts our h yp othesis that term recall is more imp ortan t for our retriev al systems.

The results for v arious runs are sho wn in T able 5. The o�cial n um b ers are presen ted in b old in column 5,

along with v arious other n um b ers. The baseline retriev al results| dnb do cumen ts, dtn queries, no query

expansion|are sho wn in column 2. The a v erage precision on h uman transcription is 0.4548. The retriev al

e�ectiv eness falls when retriev al is done on a sp eec h recognizer's automatic transcription of the sp eec h. The



Co de Pro vided By WER

Human NIST 0%

CUHTK-S1 Cam bridge Univ ersit y 24.8%

Dragon98-S1 Dragon Systems 29.8%

A TT-S1 A T&T Labs 31.0%

NIST-B1 Carnegie Melon (CMU) 34.1%

SHEF-S1 She�eld Univ ersit y 36.8%

NIST-B2 Carnegie Mellon (CMU) 46.9%

DERASR U-S2 DERA 61.5%

DERASR U-S1 DERA 66.2%

T able 6: Di�eren t automatic transcriptions.

base e�ectiv eness for the medium-error baseline transcription (B1) is 0.4115, a loss of 9.5%. As exp ected,

the a v erage precision falls further to 0.3358 for the high-error recognition (B2).

When retriev al is done on our o wn recognition, whic h has a marginally higher term recall/precision, the

retriev al e�ectiv eness jumps from 0.4115 for B1 to 0.4371, a gain of 6.2%, and w e are running just 3.9%

b ehind retriev al on h uman transcriptions. Do cumen t expansion remo v es ev en this di�erence and retriev al

from expanded do cumen ts is at par with retriev al from h uman transcriptions. This is quite encouraging,

esp ecially when the expansion parameters w ere c hosen without an y guidance. This also sho ws that term

recall is indeed more imp ortan t than term precision. The term precision for the expanded do cumen ts

is noticeably w orse than our one-b est recognition, and the term-recall is marginally b etter; ho w ev er, the

retriev al e�ectiv eness is b etter despite the p o or term precision.

When query expansion from the target collection is done, all results impro v e noticeably (column 3 in

T able 5). Retriev al from our transcriptions is still b etter than retriev al from the medium-error baseline

transcription, and is at par with retriev al from h uman transcriptions. Retriev al e�ectiv eness on expanded

do cumen ts gets to 0.53 a v erage precision and it actually surpasses the retriev al from h uman transcriptions

(0.5083) b y 4.3%. This results is v ery encouraging. Our conserv ativ e collection enric hmen t h urt us in this

en vironmen t and our o�cial runs (column 5 in T able 5) are all lo w er than if w e had expanded just using

the target collection. Ho w ev er, the o�cial runs are still v ery comp etitiv e, b oth our full-SDR runs att-s1 and

att-s2 are ab o v e median for 20 out of 23 queries. The run using expanded do cumen ts att-s2 yields 7 b est

results in 23 whic h is quite a substan tial prop ortion.

All these results p oin t us to the p ossible adv an tages of doing do cumen t expansion in sp eec h retriev al

en vironmen ts. These results also tend to con�rm our b elief that term recall pla ys a more imp ortan t role in

retriev al e�ectiv eness for sp eec h than term precision. W e can a�ord to lose term precision for b etter term

recall and this should yield impro v ed retriev al e�ectiv eness for sp eec h. A larger query set w ould ha v e made

these results m uc h more robust, but there is a clear pattern in T able 5 indicating that do cumen t expansion

consisten tly yields b etter results than not doing it.

3.3 Cross-Recognizer Analysis

After the o�cial conference, w e did a more rigorous study of do cumen t expansion. W e �rst disco v ered that

constraining do cumen t expansion to allo w only terms from the w ord-lattices generated b y our recognizer

held no additional b ene�t o v er not doing so. I.e. w e can do do cumen t expansion only from NA news and

the results w ere equally go o d or b etter. This also allo ws us to test do cumen t expansion for retriev al from

the automatic transcriptions pro vided b y other SDR trac k participan ts, for whic h w e don't ha v e the w ord-

lattices. Secondly w e found that the query expansion parameters used in our SDR runs w ere sub-optimal.

Using the standard set of parameters used in our ad-ho c run yields consisten tly b etter results, and has the

added adv an tage of uniformit y of parameters.

W e test do cumen t expansion on di�eren t automatic transcriptions pro vided to NIST b y v arious trac k

participan ts. T able 6 lists these transcriptions along with their w ord error rates. W e cleaned some timing

mistak es in our transcripts and used the correct WER scripts to get the 31% WER rep orted in T able 6 (as

opp osed to the 32.4% WER rep orted in T able 4). Here are the steps in v olv ed in do cumen t expansion:



Unexpanded Do cumen ts Expanded Do cumen ts

T ranscript Baseline Query expn. from Coll. Baseline Query expn. from Coll.

dnb.dtn target NA News Enric h. dnb.dtn target NA News Enric h.

ltt 0.4595 0.5300 0.5211 0.5327 0.5108 0.5549 0.5334 0.5614

cuh tk-s1 0.4376 0.5035 0.5202 0.5285 0.5220 0.5372 0.5444 0.5549

dragon98-s1 0.4190 0.5100 0.5227 0.5147 0.5061 0.5284 0.5459 0.5483

att-s1 0.4353 0.5020 0.5128 0.5251 0.5080 0.5343 0.5505 0.5452

nist-b1 0.4104 0.4820 0.4987 0.4954 0.4862 0.5259 0.5314 0.5316

shef-s1 0.4073 0.4890 0.5042 0.5085 0.5068 0.5421 0.5355 0.5399

nist-b2 0.3352 0.3965 0.4602 0.4220 0.4377 0.4743 0.4961 0.4940

derasru-s2 0.3633 0.3962 0.4614 0.4419 0.4585 0.5065 0.5118 0.5199

derasru-s1 0.3236 0.3613 0.4604 0.4188 0.4526 0.4849 0.5045 0.4959

T able 7: Cross-recognizer analysis.

1. Find do cumen ts related to a sp eec h do cumen t. W e do this b y running the automatic transcription of

the sp eec h do cumen t as a query (ra w- tf � idf w eigh ted) on the NA News corpus and retrieving the ten

most similar do cumen ts. In other w ords, w e use the ten nearest neigh b ors of the sp eec h do cumen t in

this pro cess. The do cumen ts are w eigh ted b y ra w- tf � idf when used as a query b ecause w e found that

nearest neigh b ors found using ra w- tf � idf w eigh ted do cumen ts yield the b est expansion results.

2. The sp eec h transcriptions are then mo di�ed using Ro cc hio's form ula.

~
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old

is the initial do cumen t v ector,

~
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i

the the v ector for the i -th related do cumen t, and

~

D

new

is

the mo di�ed do cumen t v ector. All do cumen ts are dnb w eigh ted (see T able 1). New w ords are added to

the do cumen t. F or term selection, the Ro cc hio w eigh ts for new w ords are m ultiplied b y their idf , the

terms are selected, and the idf is stripp ed from a selected term's �nal w eigh t. F urthermore, to ensure

that this do cumen t expansion pro cess do esn't c hange the e�ectiv e length of the do cumen t v ectors, and

c hange the results due to do cumen t length normalization e�ects, w e force the total w eigh t for all terms

in the new v ector to b e the same as the total w eigh t of all terms in the initial do cumen t v ector. W e

expand do cumen ts b y 100% of their original length ( i.e. if the original do cumen t has 60 indexed terms,

then w e add 60 new terms to the do cumen t).

The results for unexpanded as w ell as the expanded do cumen ts are listed in T able 7. The t w o main

highligh ts of these results are:

� do cumen t expansion yields large impro v emen ts across the b oard, and

� do cumen t expansion reduces the p erformance gap b et w een retriev al from p erfect and automatic tran-

scriptions.

These p oin ts are highligh ted in Figure 1. The left plot sho ws the a v erage precision on the y -axis, against

the WER on the x -axis. All n um b er plotted in Figure 1 are for the unexpanded queries ( i.e. w e use the

columns mark ed Baseline in T able 7). This prev en ts e�ects of query expansion from a�ecting these graphs

and allo ws us to study the e�ects of do cumen t expansion in isolation. The horizon tal lines are for h uman

transcriptions whereas the other lines are for the di�eren t automatic transcriptions. As w e can see in the

left graph, do cumen t expansion (solid lines) yields large impro v emen ts across the b oard for this task o v er

not doing do cumen t expansion (dashed lines).

The righ t graph in Figure 1 plots the %-loss from h uman transcriptions on the y -axis for unexpanded and

expanded do cumen ts. The baseline for the expanded do cumen ts is the expanded h uman transcriptions, i.e.

the solid horizon tal line on the left graph. W e observ e that for the p o orest transcriptions (DERASR U-S1)

do cumen t expansion yields an impro v emen t of an impressiv e 40% (o v er 0.3236) and reduces the p erformance
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Figure 1: Ra w a v erage precision and %-loss from h uman transcriptions (initial user queries).

gap from h uman transcription to ab out 12% instead of the original 30% despite the v ery high baseline used.

The results are similar for other transcriptions.

These results indicate that do cumen t expansion is indeed a v ery useful to ol for retriev al from this sp eec h

corpus. W e should caution that this is a v ery small test collection and more exp erimen tation is needed,

p ossibly on a larger test collection, b efore the full e�ect of do cumen t expansion could b e analyzed in details.

4 VLC Runs

W e come to the VLC trac k with the b elief that with time the collection sizes will outgro w our capabilit y to

e�cien tly main tain a single index for a collection. W e already see this happ ening on the W eb. A recen tly

published study rep orts that an y single W eb searc h engine co v ers less than 35% of the W eb. Ho w ev er, if

the collections from v arious engines are someho w p o oled, the co v erage impro v es dramatically . [5] F or this

reason, meta-searc h systems, systems that searc h m ultiple searc h engines and optionally merge the results

are b ecoming increasingly a v ailable on the W eb.

Our VLC trac k participation is mo deled lik e a meta-searc h system. W e divide the 100G collection in to

t w en t y indep enden t collections of ab out 5G eac h. Eac h query is submitted in parallel to eac h of the t w en t y

collections and their retriev al results are pro cessed in v arious p ossible w a ys to obtain a single �nal ranking

for the whole collection. W e assume that eac h small collection is a v ailable through a server , and a user

submits queries on a client whic h passes them to the serv ers, gathers the results and merges them in to a

single rank ed list for presen tation. W e further assume that the clien t has access to some text collection for

computation of idf v alues needed in our merging pro cess describ ed b elo w. T o mak e things closer to realit y ,

w e force the clien t to use an en tirely di�eren t collection (TREC disks 1{5) as its idf collection since man y

clien ts will not ha v e an y W eb collection (the target collection for the task) to gather idf s.

F our runs w ere submitted, eac h with a di�eren t set of assumptions to study di�eren t e�ects. Here is a

brief description of the runs. Eac h serv er returns its top 20 do cumen ts to the clien t and the clien t generates

a single rank ed list for the 400 do cumen ts (20 eac h from 20 serv ers).

� att98vi : This run assumes the follo wing:

1. Eac h serv er is running a straigh t v ector matc h dnb do cumen ts and dtn queries (see T able 1). No

pseudo-feedbac k or query expansion is done at the serv ers' end.

2. Eac h serv er returns the �rst 500 b ytes (mark-up remo v ed) for eac h of the top 20 do cumen ts to

the clien t. This sim ulates the W eb searc h en vironmen t where it is commonplace for engines to

return the initial p ortion of the do cumen ts as a summary on the results page.



3. The clien t indexes the 400 summaries \on-the-
y" and creates dnb do cumen ts. The clien t also

indexes the query using dtn w eigh ting ( idf is pic k ed from the TREC collection).

4. The summaries are rank ed b y the clien t using a straigh t v ector matc h, and the rank of a summary

de�nes the rank of the �nal do cumen t. No pseudo-feedbac k or query expansion is done at the

clien t's end.

R esult : Av erage P@20 0.3570

� att98vf : This run is the same as att98vi except that serv ers return full do cumen t text instead of the

initial 500 b ytes and full do cumen t text is used b y the clien t to pro duce the �nal ranking.

R esult : Av erage P@20 0.5030

� att98vie : This run has the follo wing assumptions:

1. Eac h serv er expands the query using pseudo-feedbac k.

2. The clien t also expands the query in parallel using pseudo-feedbac k on its lo cal collection (TREC).

3. Eac h serv er returns the �rst 500 b ytes (summary) for do cumen ts retriev ed using the expanded

query from step 1.

4. The clien t indexed the 400 summaries \on-the-
y".

5. The summaries are rank ed b y the clien t using the expanded query from step 2.

R esult : Av erage P@20 0.3750

� att98vfe : This run is the same as att98vie except that the serv ers return full do cumen t text (instead

of the initial 500 b ytes) whic h is used b y the clien t to pro duce the �nal ranking.

R esult : Av erage P@20 0.5870

W e w an ted to sho w that merging based on the initial 500 b ytes is not m uc h w orse from merging based

on the full text of the do cumen ts. This indeed w as the result in our in ternal studies in whic h w e split the

TREC database in to sev eral serv ers and ev aluated our merging metho ds with TREC queries. Ho w ev er,

w e are disapp oin ted to see that our run att98vi is noticeably w orse than the corresp onding full-text run

att98vf. Similarly att98vie is noticeably w orse than att98vfe. W e w ould lik e to in v estigate this discrepancy

in b eha vior for the TREC do cumen ts and the W eb do cumen ts. On �rst though t, one is inclined to b eliev e

that W eb do cumen ts are just di�eren t than more traditional TREC do cumen ts, and the initial part of a

W eb do cumen t is not a v ery go o d represen tativ e of the en tire do cumen t (whereas for the TREC do cumen ts

it is), but w e w ould lik e to study this e�ect further.

5 Filtering Runs

W e used the TREC-7 �ltering trac k to test an alpha v ersion of A TTICS, our to olkit for mac hine learning of

classi�ers for mixed textual and non-textual information. A TTICS di�ers from most text retriev al soft w are

in its supp ort for n umeric and other formatted data, and in its emphasis on classi�cation of streams of data

rather than retriev al from a static or slo wly c hanging collection. It di�ers from most mac hine learning soft w are

in its e�cien t and 
exible supp ort for textual data, particularly in mapping from structured do cumen ts to

attribute v ectors.

A TTICS can b e used either as a stand-alone system or as a C++ library that can b e em b edded in other

applications. An extensiv e API and careful use of the C++ class system enable new prepro cessors, data

transformations, classi�er t yp es, training metho ds, and output formats to easily b e added to the system.

W e used A TTICS in stand-alone mo de for the TREC-7 �ltering task. Supp ort in A TTICS for incremen tal

training of classi�ers is not y et complete, so only the batc h �ltering and routing tasks w ere attempted. This

also mean t that in the batc h �ltering task w e did not tak e adv an tage of training on retriev ed test do cumen ts.

A TTICS uses XML in ternally for do cumen t mark-up. Since the SGML mark-up for TREC data ob eys

XML con v en tions, pro cessing of TREC data w as trivial. F or the quic k exp erimen t rep orted here w e mapp ed



the HEAD and TEXT �elds (lo w er-cased) of the AP do cumen ts to a single v ector of ra w tf coun ts. Stemming

and stop-w ording ha v e not y et b een implem en ted and so w ere not used.

Early runs on TREC and other large data sets sho w ed prepro cessing to b e unacceptably slo w. The

problem w as traced to the extensiv e use of C++ streams for comm unication b et w een prepro cessor mo dules,

a holdo v er from a protot yp e in the Unix pip eline st yle. A reimplemen tation ac hiev ed a rate of 220MB/hr for

creation of on-disk v ectors from on-disk text using one R10000 pro cessor of an SGI Challenge XL with 8GB

of RAM. This is still w ell b elo w the comparable rate (ab out 3GB/hr) for our latest mo di�cation of SMAR T,

but A TTICS can pro cess a m uc h ric her set of data t yp es, and the v ersion used w as not y et fully optimized.

A TTICS dev elopmen t to date has fo cused almost exclusiv ely on basic systems issues, data mo deling, API

design, and so on, with little time left for implem en ting particular learning algorithms. T o meet the TREC

deadline, w e did a quic k implemen tatio n in A TTICS of the original Ro cc hio algorithm. [7] W e trained linear

mo dels for eac h of the 50 TREC-7 �ltering topics using only the judged AP88 do cumen ts, with Ro cc hio

parameters � = 0 (topic descriptions w ere not used), � = 1, and 
 = 1. Negativ e Ro cc hio w eigh ts w ere

zero ed out, as usual. Within do cumen t w eigh ts for all training and test data w ere computed using SMAR T

Lnu st yle normalization with a slop e parameter of 0.2. [11 ]

This �rst set of linear mo dels w as used to retriev e the top 5000 scoring AP88 do cumen ts. Then a second

set of linear mo dels w as trained using the union of the judged AP88 do cumen ts and the top 5000 AP88

do cumen ts, with unjudged do cumen ts in the top 5000 b eing treated as non-relev an t, i.e. a query zoning

approac h. [12 ] The second set of linear mo dels w ere run bac k o v er the training do cumen ts to score them, and

a threshold for eac h mo del w as c hosen that optimized the desired e�ectiv eness measure (�ltering measure F1

or F3). The mo dels and thresholds w ere then applied to the test (AP89-90) do cumen ts, with the do cumen ts

exceeding the threshold constituting the submitted set for batc h �ltering.

Our batc h �ltering submissions (att98fb5 for F1 measure, and att98fb6 for F3 measure) w ere medio cre

(36 of 50 at or ab o v e median utilit y , with 16 tied for b est, on att98fb5, and 32 of 50 at or ab o v e median

utilit y , with 11 tied for b est, on att98fb6). This w as exp ected giv en the crude metho d implemen ted. In

particular, the omission of feature selection, stop lists, idf w eigh ting, and dynamic feedbac k optimization

led to large mo dels with p o orly calibrated w eigh ts.

Our routing run (att98fr4) using the scores output b y the Ro cc hio mo dels w as equally p o or. Ov erall

a v erage precision w as 0.275, and p er-topic a v erage precision w as ab o v e median for only 23 of 50 topics, with

2 b ests. F or comparison, w e submitted a routing run (att98fr5) based on a mo dern augmen ted Ro cc hio

approac h implemen ted in SMAR T. The algorithm w as a scaled-do wn v ersion of our TREC-6 run att97rc,

and did not use w ord co o ccurrence pairs as features. [10] Ov erall a v erage precision for this run w as 0.419,

with p er-topic a v erage precision at or ab o v e median for 41 of 50 topics, with 5 b est. Incorp orating mo dern

training metho ds in to A TTICS is ob viously a next priorit y for us!

6 Conclusions

W e are encouraged b y our SDR p erformance, esp ecially b y the p ossible adv an tages of do cumen t expansion

in this en vironmen t. W e are quite satis�ed b y our �ltering p erformance giv en the initial dev elopmen tal stage

of the soft w are w e are using. W e w ould lik e to further study meta-searc hing as a mo del for searc hing v ery

large collections. W e simpli�ed our adho c algorithm o v er the complex algorithm w e used last y ear and the

results are still v ery go o d.
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