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Abstract

Adv ances in automatic sp eec h recognition allo w us to searc h

large sp eec h collections using traditional information retriev al

metho ds. The problem of \ab outness" for do cumen ts | is a

do cumen t ab out a certain concept | has b een at the core of

do cumen t indexing for the en tire history of IR. This prob-

lem is more di�cult for sp eec h indexing since automatic

sp eec h transcriptions often con tain mistak es. In this study

w e sho w that do cument exp ansion can b e successfully used

to alleviate the e�ect of transcription mistak es on sp eec h re-

triev al. The loss of retriev al e�ectiv eness due to automatic

transcription errors can b e reduced b y do cumen t expansion

from 15{27% relativ e to retriev al from h uman transcriptions

to only ab out 7{13%, ev en for automatic transcriptions with

w ord error rates as high as 65%. F or go o d automatic tran-

scriptions (25% w ord error rate), retriev al e�ectiv eness with

do cumen t expansion is indisting ui shab le from retriev al from

h uman transcriptions. This mak es sp eec h retriev al from au-

tomatic transcriptions, ev en p o or ones, comp etitiv e with re-

triev al from p erfect transcriptions.

1 Intro duction

Increasing amoun ts of sp ok en comm unication are stored in

digital form for arc hiv al purp oses (for instance, broadcasts)

or as a b ypro duct of mo dern comm unications tec hnology

(v oice-mail for instance). F urthermore, m ultimedia do cu-

men ts and databases are b ecoming increasingl y p opular, for

example on the W eb. It w ould b e therefore desirable to

ha v e to ols searc hing sp ok en information that complemen t

the existing metho ds for searc hing textual information.

With adv ances in automatic sp eec h recognition (ASR)

tec hnology , it is no w p ossible to automatically transcrib e

sp eec h with reasonable accuracy [17]. Once the con ten ts

of a sp eec h database or the audio p ortions of a m ultimedia

database are transcrib ed using a sp eec h recognition system,

traditional information retriev al tec hniques can b e used to

searc h the database. Ho w ev er, inaccuracies in the automatic

transcriptions p ose sev eral new problems in use of IR tec h-

nology for sp eec h retriev al.

T o b e presen ted at SIGIR'99, the 22nd In ternational

A CM SIGIR Conference on Researc h and Dev elopmen t in

Information Retriev al, Univ ersit y of California, Berk eley ,

August 15-19, 1999.

Ev en though IR tec hniques ha v e b een successfully used

in retrieving corrupted text generated b y optical c haracter

recognition (OCR) systems [26], the kinds of errors in au-

tomatic sp eec h transcriptions are v ery di�eren t from those

in OCR transcriptions. Since OCR systems usually op erate

with single c haracters, errors in c haracter recognition usu-

ally pro duce illegal w ords whic h do not a�ect the retriev al

pro cess substan tially . Whereas curren t high-p erformance

large-v o cabulary sp eec h recognizers rely on w ord-pron unciation

dictionaries, and their output consists only of legitimate

w ords, dra wn from the dictionary . Recognition errors are

then deletions, insertions or substitutions of legitimate w ords,

and are therefore not easily discarded.

In this study w e explore do cumen t expansion for im-

pro v ed sp eec h retriev al. The motiv ation for this approac h is

discussed in detail in Section 2. W e explore v arious param-

eters for do cumen t expansion and sho w that do cumen t ex-

pansion yields signi�can t impro v emen ts in retriev al e�ectiv e-

ness from sp eec h. When sp eec h recognition is of reasonable

qualit y , retriev al e�ectiv eness from automatic transcriptions

is quite comparable with retriev al e�ectiv eness from h uman

transcriptions. Ho w ev er, for p o or automatic transcriptions,

retriev al e�ectiv eness is m uc h w orse (ab out 15{27% w orse)

than e�ectiv eness for h uman transcriptions. Due to v arious

factors, including bac kground non-sp eec h sounds (noise, m u-

sic), p o or recording conditions, and dis
uen t or non-nativ e

sp eec h, it is often not p ossible to get go o d automatic tran-

scriptions ev en with the b est ASR systems. Therefore, tec h-

niques that impro v e e�ectiv eness of retriev al from p o or tran-

scriptions are urgen tly needed. W e �nd that do cumen t ex-

pansion is v ery e�ectiv e exactly in that situation. The losses

in retriev al e�ectiv eness are reduced considerably from 15{

27% to ab out only 7{13%.

The rest of this study is organized as follo ws. Section 2

puts the problems in indexing of automatic sp eec h transcrip-

tions in p ersp ectiv e. Section 3 reviews previous studies in

sp eec h retriev al. Section 4 describ es the exp erimen tal en-

vironmen t. Section 5 details our exp erimen ts and discusses

their results. Section 6 explores the e�ect of do cumen t ex-

pansion from a corpus that is not w ell related to the sp eec h

corpus. Finally , Section 7 concludes the study .

2 \Ab outness" and V o cabula ry Mismatch

The main problem in doing w ord- and phrase-based sp eec h

retriev al arises due to p o or index term assignmen ts for au-

tomatic sp eec h transcriptions. F rom its early da ys, the �eld

of IR has wrestled with the question of what index terms

should b e assigned to a giv en do cumen t [1, 23 ]. De�ning the
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concepts whic h a do cumen t is ab out, or \ab outness" in sub-

ject indexing, has b een visited sev eral times o v er the history

of IR [8]. Exp erimen tation has sho wn that automatically -

deriv ed uncon trolled index terms are comp etitiv e with care-

fully crafted man ual index terms [23]. Most mo dern IR sys-

tems use automatically deriv ed w ords and phrases as index

terms for do cumen ts. Ho w ev er, an y indexing system, in-

cluding w ord- and phrase-based automatic indexing, is im-

p erfect and ma y th us fail to index the relev an t do cumen ts

under the query terms ev en though the do cumen ts are ab out

those terms. This has often b een called the \v o cabulary mis-

matc h" problem. This problem is ob viously made w orse b y

sp eec h recognition errors, since the automatic transcription

of a do cumen t ma y not con tain all the terms that w ere ac-

tually sp ok en or ma y con tain terms that w ere not sp ok en.

A secondary problem in index term assignmen t is decid-

ing, for an index term assigned to a giv en do cumen t, the

\degree" to whic h that do cumen t is ab out that term. Mo d-

ern IR systems use sophisticated term-w eigh ting metho ds

to de�ne the degree of ab outness of do cumen ts for di�eren t

terms [18, 24]. When do cumen ts are corrupted, as is the

case in sp eec h retriev al, term-w eigh ting sc hemes assign mis-

leading w eigh ts to terms. This migh t also cause some loss

in retriev al e�ectiv eness.

Man y devices ha v e b een prop osed o v er the y ears to at-

tac k the v o cabulary mismatc h problem, most notably the

use of thesaurii to enhance the set of index terms assigned

to do cumen ts or to the queries [13]. Ho w ev er, obtaining a re-

liable thesaurus for an y sub ject area is quite exp ensiv e. A t-

tempts ha v e b een made to harness w ord-w ord asso ciations

for automatic thesaurus construction, but these attempts

ha v e mostly b een disapp ointing [12]. More recen tly , ho w-

ev er, it has b een sho wn that enhancing queries with terms

related to the en tire concept of the query (often refered to

as query exp ansion ), and not just with w ords related to in-

dividual query w ords, do es reduce the problem of v o cab-

ulary mismatc h considerably and consisten tly yields large

impro v emen ts in retriev al e�ectiv eness, esp ecially for short

queries [16, 10, 28].

Corresp ondingl y , do cumen t expansion can b e used to

enhance the index term assignmen t for do cumen ts. Man y

studies ha v e enhanced do cumen t represen tations using bib-

liographic citations and references [21, 14, 5, 3]. Researc h

on using spreading activ ation mo dels in IR also aims at

crediting do cumen ts based on activ ation of related do cu-

men ts [2, 3]. Ho w ev er, b oth these tec hnique need some h u-

man sup ervision (in form of h uman generated citations, or

the seman tic net used) to b e made op erational. Do cumen t

clustering, whic h do esn't require an y h uman sup ervision,

can also b e in terpreted as a form of do cumen t expansion.

When similar do cumen ts are clustered and a cluster repre-

sen tativ e is used in the searc h pro cess, the cluster represen-

tativ e usually con tains terms from all the do cumen ts in the

cluster, in e�ect allo wing a matc h b et w een a do cumen t and

a query (via the cluster represen tativ e) ev en when individ -

ual query terms migh t b e missing from the do cumen t (but

are presen t in other do cumen ts in the cluster). Extensiv e

studies on do cumen t clustering ha v e giv en results that are

negativ e to mixed at b est [9, 22 , 6 , 27 , 30 ]. W ork on Laten t

Seman tic Indexing (LSI) also has a similar feel. LSI allo ws a

matc h b et w een queries and do cumen ts that migh t not share

an y terms in w ord-space but do share some concepts in the

LSI-space [4].

Ev en though enhanced do cumen t represen tations (what

w e are calling do cumen t expansion) ha v e giv en mixed re-

sults for p erfect text, w e h yp othesize that it w ould b e b en-

e�cial in retriev al from erroneous texts suc h as automatic

sp eec h transcriptions. With erroneous transcriptions, w e

are unsure whether the do cumen t is truly ab out the terms

returned b y the recognizer. Ho w ev er, if w e can �nd do cu-

men ts that are topically related to the sp ok en do cumen t in

a textual exp ansion c orpus , w e can reinforce w ords whose

presence in sp eec h is supp orted b y topically related do cu-

men ts, and similarly w e can reduce the imp ortance of the

w ords whose presence in the sp eec h do cumen t is not sup-

p orted b y related do cumen ts. In addition to this rew eighing

of recognized terms, w e can also add to the transcription

some new terms from the related do cumen ts, represen ting

in-topic terms that could ha v e b een sp ok en but the recog-

nizer failed to recognize. In this pap er w e ev aluate the h y-

p othesis that b oth rew eighing and addition of related terms

alleviates the retriev al failures due to ASR errors. These t w o

tec hniques should b e esp ecially e�ectiv e when the expansion

corpus is closely related to the sp ok en do cumen ts, for exam-

ple in the case of a sp ok en corpus of news broadcasts and

an expansion corpus of newspap er news articles of the same

time p erio d.

3 Related W o rk

Some early w ork on w ord-based sp eec h pro cessing that re-

sem bles information retriev al metho ds w as done b y Rose et

al. using w ord-sp otting [20]. More extensiv e w ork on w ord-

sp otting based sp eec h retriev al w as done in the Video Mail

Retriev al (VMR) pro ject at Cam bridge Univ ersit y [11].

An alternativ e to w ord-based approac hes is to recognize

sub-w ord units (for instance, phones) and use sequences of

these sub-w ord units as index terms [29]. Ho w ev er, it is

unclear if the results from this approac h are comp etitiv e

with w ord-based approac hes no w that v ery-large v o cabulary

recognition systems are a v ailable. It is also p ossible to use

sim ultaneousl y as index terms w ords from the b est w ord

transcription and phonetic n -grams from phone lattices [11,

31]. A comparison of the indexing e�ectiv eness of v arious

sub-w ord units is done in [15].

Although w e exp erimen t only with w ord-based systems

in the presen t study , the tec hniques explored here are quite

general. The metho ds w e prop ose w ould enhance the index

represen tation for sp eec h do cumen ts indep enden tly of the

nature of the indexing units. The only precondition is that

the sp eec h do cumen ts to b e searc hed m ust b e transcrib ed

and indexed, and p ossibly expanded, in adv ance of query

pro cessing, rather than b eing transcrib ed and scanned at

query-time.

4 Exp erimental Setup

W e use the TREC-7 SDR trac k as our exp erimen tal test-

b ed [28]. The sp eec h collection for this task is made up

of appro ximately 100 hours of radio/TV broadcast news

recordings. These recordings ha v e b een man ually segmen ted

in to 2,866 di�eren t stories. Tw en t y three sen tence-length

queries are supplied with this collection, along with their

corresp onding relev ance judgmen ts. These queries ha v e an y-

where b et w een one to sixt y relev an t do cumen ts in the col-

lection.

W e use non-in terp olated a v erage precision to ev aluate

retriev al e�ectiv eness. Ho w ev er, a v erage precision is quite

v olatile for queries that ha v e v ery few relev an t do cumen ts.

F or example, consider the SDR trac k query (n um b er 71)

whic h has just one relev an t do cumen t. If one system ranks

the relev an t do cumen t at rank 1 and another at rank 3, then
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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 1: T ranscriptions used in this study .

for this query , the a v erage precision for the �rst system is

1.0 whereas it is just 0.33 for the second system. Suc h large

di�erences for a few suc h queries can o v ershado w the o v erall

a v erage precision. T o a v oid this v olatili t y , w e remo v e four

queries that ha v e few er than �v e relev an t do cumen ts in the

test collection, and do our ev aluation using the remaining

ninete en queries .

NIST has made a v ailable the h uman transcriptions for

this sp eec h, and sev eral trac k participan ts ha v e also pro-

vided their automatic transcriptions to researc hers for ex-

p erimen tation. T o study the impact of do cumen t expansion

on a wide v ariet y of sp eec h recognitions of v arying accuracy ,

w e use nine di�eren t sets of transcriptions in this w ork. T a-

ble 1 lists the v arious transcription sets along with their

w ord error rates (WER)

1

.

Query Creation

W e use the term w eigh ting metho ds describ ed b y Singhal et

al. in [25 ], and use dtn -w eigh ted queries (see T able 1 in [25])

in our exp erimen ts. These queries incorp orate the idf -factor

whic h is collection-dep en den t. As the main aim of this study

is to in v estigate do cumen t expansion, w e w an t to hold the

queries constan t across v arious represen tations of do cumen ts

that w e explore here. F or this reason, w e use the same idf for

query terms across di�eren t sets of transcriptions; this idf -

factor is the true idf of the term deriv ed from the collection

of h uman transcriptions of the sp eec h data.

W e also in v estigate the e�ects of do cumen t expansion

for query sets of v arying ric hness. It is w ell-kno wn that

long queries, whic h are ric h with con ten t w ords, yield b et-

ter retriev al. Man y tec hniques that are e�ectiv e for short

queries (lik e automatic query expansion) are not as e�ec-

tiv e for long queries. Therefore w e exp erimen t with one

set of short queries, and another set of long queries. Ho w-

ev er, the queries pro vided b y NIST for this collection are

all sen tence length, and are relativ ely short (a v erage 7.1

terms p er query). W e generate a con ten t-ric h long v ersion

of these queries via pseudo-feedbac k on h uman transcrip-

tions. Pseudo-feedbac k has b een used b y man y participan ts

at TREC and has b een quite successful o v er the last few

y ears [28]. W e add ten new w ords to eac h query increasing

the a v erage query length to 17.1 terms/query .

5 Exp eriments and Results

F rom an IR system's p ersp ectiv e, a recognizer mak es three

kinds of mistak es for a do cumen t. 1) Deletions : No o c-

currence of a term o ccurring in the sp eec h is recognized.

1

In realit y , the w ord error rate for h uman transcriptions is of course

non-zero.

2) Weight Di�er enc e : A term in the sp ok en do cumen t is

recognized, but with the wrong frequency , or the transcrip-

tion length is incorrect.(P ossibl y idf for terms is p o or but

w e ignore that in this study .) And 3) Insertions : A term

not in the sp eec h app ears in the automatic transcription.

W e use dnb w eigh ted do cumen ts in our exp erimen ts (see

T able 1 in [25]). Due to the double-log normalized tf -factor

used in the do cumen t w eigh ting sc heme, w e b eliev e that

the e�ect of w eigh t di�erence on retriev al e�ectiv eness is

minimal, a fact con�rmed in the follo wing exp erimen ts.

5.1 E�ect of Recognition Mistak es

W e �rst study the e�ect of v arious kinds of mistak es that a

recognizer mak es|deletions, w eigh t di�erence, insertions|

on retriev al e�ectiv eness for sp eec h. W e compare the p er-

formance of retriev al from v arious sp eec h transcripts to that

of retriev al from h uman transcriptions. T o study the incre-

men tal loss due to w ord deletions, w eigh t di�erence, and

insertions, w e tak e the dnb -w eigh ted (see T able 1 in [25])

do cumen t v ectors for h uman transcriptions, and do the fol-

lo wing in incremen ts:

1. W e �rst remo v e from the do cumen t v ectors for h uman

transcriptions, all terms that are not recognized b y the

recognizer. Comparing retriev al from these truncated

v ectors to that from the full v ectors w ould measure the

e�ect of deletions on retriev al e�ectiv eness.

2. W e then c hange the w eigh ts of the terms in the trun-

cated v ectors generated in step 1 to the w eigh ts they

get in the indexed v ersions of the automatic transcrip-

tions. Retriev al on these v ectors w ould measure the

additional loss in retriev al e�ectiv eness caused b y in-

correct w eigh ts b eing assigned to terms.

3. Finally , w e add all insertions to v ectors generated in

step 2. This yields the �nal retriev al e�ectiv eness that

w e exp ect to see using automatic transcriptions, and

also measures the incremen tal loss due to insertions.

The graphs in Figure 1 sho w the results. The top graph

is for short queries and the b ottom graph is for long queries.

The x -axis is w ord error rate, and the systems from left to

righ t are ordered as p er T able 1. I.e. the leftmost p oin t is

CUHTK-S1, the next one is Dragon98-S1, . . . , and the righ t-

most p oin t is DERASR U-S1. The y -axis is non-in terp olated

a v erage precision. Sev eral in teresting facts can b e inferred

from Figure 1:

Long queries are b etter than short queries. The

a v erage precision for h uman transcriptions is 0.5369 for long

queries, whereas it is 0.4277 for short queries. This impro v e-

men t in the qualit y of the queries is re
ected in retriev al

from all automatic transcriptions. F or example, retriev al

from DERASR U-S2 has an a v erage precision of 0.3348 for

short queries; this n um b er rises to 0.4544 for long queries.

Loss of e�ectiv eness is small for go o d transcrip-

tions. Comparing the t w o solid lines|the horizon tal one

for h uman transcriptions and the other one for retriev al

from v arious automatic transcriptions| w e notice that the

loss of e�ectiv eness for reasonable automatic transcriptions

is minimal. F or b oth query sets, the e�ectiv eness of re-

triev al from the b est automatic transcription (CUHTK-S1)

is almost the same as retriev al e�ectiv eness for p erfect text.

The losses for other reasonable transcriptions (all but NIST-

B2, DERASR U-S2, and DERASR U-S1) are all from 2{6%,

whic h is minimal considering that these transcriptions ha v e

w ord error rates of up to 36%.
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Figure 1: Losses due to di�eren t recognizer mistak es.

Ho w ev er, when recognition b ecomes noticeably p o or, the

retriev al e�ectiv eness do es fall ab out 22-27% for the short

queries and ab out 15% for the long queries. This observation

str ongly advo c ates the use of long queries whenever p ossible.

Use of long queries cuts the e�ectiv eness di�erence b et w een

retriev al from h uman and automatic transcriptions.

Deletions matter. F or go o d transcriptions, the dif-

ferences in retriev al e�ectiv eness for h uman and automatic

transcriptions are little to b egin with, and further break-up

analysis for suc h small di�erences isn't exp ected to b e v ery

meaningful. But w e do �nd that for the p o or transcriptions,

there is a noticeable loss in a v erage precision due to w ord

deletions (for b oth the short and the long queries).

W eigh t c hanges are less imp ortan t. As w e h y-

p othesized earlier, the incremen tal loss due to p o or term-

w eigh ting is relativ ely small. The main reason for this is the

normalization of term frequencies done b y the term w eigh t-

ing sc hemes used in mo dern IR systems, lik e the double-log

normalized term frequency factor used b y us. A term that

o ccurs tf times in a do cumen t gets a w eigh t of 1 + ln (1 +

ln ( tf )) (ignoring do cumen t length e�ects). If a recognizer

do esn't recognize the second o ccurrence of a w ord in a do c-

umen t, the loss is term w eigh t is just 34% (its tf -w eigh t b e-

come 1.0 instead of 1.5); whereas if a recognizer recognizes

t w o out of three o ccurrences of a term, the loss in w eigh t is

just 12% (its tf -w eigh t b ecome 1.5 instead of 1.7).

Insertions matter for short queries. F urther loss

due to spurious w ords or insertions is quite noticeable for

short queries, but it is relativ ely small for the long queries.

Most of the loss for long queries is from deletions. This is

eviden t in the b ottom graph in Figure 1 from the large gap

b et w een the dashed-line (lab eled \deletions") and the hor-

izon tal line. In the same graph, the incremen tal loss due

to insertions (the solid line mark ed \+ Insertions") is not

as large. This b eha vior is exp ected in our opinion. When

queries are short they ha v e few terms, and one or t w o spuri-

ous matc hes (the main e�ect of insertions) can dramatically

promote the rank of a do cumen t. But once the queries ha v e

enough con text (via more terms), there is more to matc h,

and one or t w o spurious matc hes don't e�ect the ranking

m uc h since the o v erall ranking is go v erned b y the en tire

con text in the query .

5.2 Do cument Expansion

It is hard to separate insertions from sp ok en w ords, but w e

can reduce the degree of deletions via some kind of do c-

umen t expansion. If an automatic recognition can b e en-

hanced with w ords that c ould have b e en ther e but didn't

mak e it in to the automatic transcription, then the result-

ing enhanced transcription should ha v e few er deletions and

w e should b e able to cut our losses due to deletions. F rom

a sp eec h recognition p ersp ectiv e, an ob vious w a y to bring

new w ords in to a do cumen t is via the use of alternativ e

recognition h yp otheses (for example b y use of lattices or

n -b est transcriptions of a sp eec h) [7 ]. Unfortunately w e

couldn't exp erimen t with this t yp e of do cumen t expansion

since the lattices or the n -b est transcriptions are not a v ail-

able to researc hers.

2

F rom an IR p ersp ectiv e, pseudo-feedbac k, whic h basi-

cally is nearest-neigh b or based expansion, is an ob vious w a y

to bring related w ords in to a text. W e explore do cumen t

expansion using Ro cc hio's metho d and study its e�ect on

retriev al p erformance [19]. The main idea b ehind suc h do c-

umen t expansion is to, giv en a do cumen t, �rst �nd some do c-

umen ts that are related to the do cumen t at hand (its nearest

neigh b ors), and then bring frequen tly o ccurring w ords from

the related do cumen ts in to this do cumen t. This pro cess

should b e esp ecially e�ectiv e if the neigh b oring do cumen t

are from a text corpus that is closely related to the sp eec h

at hand. Here are the steps in v olv ed in do cumen t expansion:

1. Select a collection of do cumen ts that will serv e as the

source of related do cumen ts. W e use the North Amer-

ican News corpus a v ailable from LDC (LDC Catalog

Num b er: LDC95T21, see www.ldc.upe nn .ed u ) as the

source of related do cumen ts. The main motiv ations

b ehind using this collection are: 1) it is similar in na-

ture to the sp eec h collection at hand (b oth primarily

con tain American news), and 2) it con tains prin t news

from the same time p erio d as the test data. Therefore

w e exp ect stories that are rep orted in the sp eec h collec-

tion to also app ear in this corpus. 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 e-

fore and after) from the North American news corpus.

F rom no w on w e will use NA News as a shorthand for

this subset of the corpus.

2. 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 ( r aw-tf x idf w eigh ted) on

the NA News corpus and retrieving the ten most sim-

ilar do cumen ts. In other w ords, w e use the ten near-

est neigh b ors of the sp eec h do cumen t in this pro cess.

The automatic recognition of do cumen ts is w eigh ted

b y r aw-tf x idf (instead of using, sa y , a logarithmic or a

2

V arious groups ha v e only giv en their one-b est transcriptions to

NIST.
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Degree of � in Ro cc hio

Expansion 0.5 1.0 1.5 2.0

0% 0.4739 0.4656 0.4591 0.4556

10% 0.4898 0.4834 0.4756 0.4708

20% 0.4938 0.4866 0.4813 0.4763

50% 0.4990 0.4977 0.4898 0.4800

100% 0.4992 0.4995 0.4952 0.4892

200% 0.4943 0.4974 0.4923 0.4858

T able 2: P arameter exploration for NIST-B1 (short queries).

double-log tf -factor) when used as a query b ecause w e

observ ed that nearest neigh b ors found using r aw-tf x idf

w eigh ted do cumen ts yield the b est expansion results.

Space limitations don't allo w us to detail those exp er-

imen ts here.

3. The sp eec h transcriptions are then mo di�ed using Ro c-

c hio's form ula.

~

D

new

= �

~

D

old

+

P

10

i =1

~

D

i

10

where

~

D

old

is the initial do cumen t v ector,

~

D

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 in [25]). Optionally 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 nor-

malization e�ects, [24] 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.

This approac h is reminiscen t of the use of single nearest

neigh b or clusters b y Gri�ths et al. in [6] and the use of �v e

b y nearest neigh b ors b y Croft et al. in [3].

V arious parameters are in v olv ed in this do cumen t ex-

pansion pro cess. F or example, ho w man y nearest neigh b ors

of a do cumen t should b e used? W e use 10. What should

b e � in Ro cc hio's pro cess? W e exp erimen ted with v arious

v alues and pic k ed the b est. What should b e the degree of

do cumen t expansion? Once again, w e tried di�eren t v al-

ues and pic k ed the b est. A t ypical parameter tuning run

is detailed in T able 2, whic h sho ws the retriev al e�ectiv e-

ness for v arious � v alues when the do cumen t is expanded

b y 0% of its original length ( i.e. no expansion but the ex-

isting terms are rew eigh ted), 10% of its original length ( i.e.

if the original do cumen t has 60 indexed terms, then w e add

6 new terms to the do cumen t), . . . , 200% of its original

length. W e found that for short queries, � = 1 : 0 with 100%

expansion w ork ed the b est for all transcriptions. F or long

queries � = 1 : 5 or 2 : 0 with 50{100% expansion w as the

b est. Ho w ev er, for these queries, the di�erence in retriev al

p erformance with � = 1 : 0 and 100% expansion (the b est pa-

rameter setting for short queries) w as under 1% for most of

the cases so w e decided to use � = 1 : 0 and 100% expansion

in all our exp erimen ts.

Results from Do cument Expansion

W e ran b oth the query sets (short and long) on the mo di�ed

and the original do cumen ts and measured a v erage precision.
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Figure 2: Do cumen t expansion for short queries.

The results for the short queries are sho wn in Figure 2, and

those for the long queries are sho wn in Figure 3. F or a fair

comparison, w e cannot compare the results from expanded

automatic transcriptions to unexpanded h uman transcrip-

tions. It is p ossible that do cumen t expansion is generally

helpful for this collection and it do es not hold an y added

adv an tage for sp eec h transcriptions. Therefore, the baseline

for comparing our expanded sp eec h transcriptions results is

the result from the exp ande d h uman transcriptions.

Man y in teresting facts can b e observ ed from Figures 2

and 3. Let's analyze the results for the short queries �rst.

The top plot in Figure 2 plots the a v erage precision on the

y -axis against the w ord error rates for v arious transcripts on

the x -axis. The dashed lines are for unexpanded (original)

do cumen ts, and are the same as the t w o solid lines in the

top graph in Figure 1. The solid lines are for the expanded

do cumen ts. The horizon tal lines corresp ond to the a v erage

precision for retriev al from h uman transcripts (dashed line)

and expanded h uman transcripts (solid line).

First of all, w e observ e that do cumen t expansion dra-

matically impro v es the a v erage precision for short queries

for al l transcriptions. W e exp ected do cumen t expansion

to impro v e a v erage precision for automatic transcriptions,

but the 23% impro v emen t for p erfect text (the a v erage pre-

cision jumps from 0.4277 to 0.5265) is quite unexp ected.

Previous studies ha v e sho wn mo dest gains when spreading

activ ation w as used with �v e nearest neigh b ors of a do c-

umen t [3]. Whether this e�ect will hold when applied to

large text collections (lik e TREC [28]) is still unclear. W e

will test do cumen t expansion on large collections in near fu-

ture. Figure 2 sho ws that, lik e for the h uman transcripts,

do cumen t expansion also impro v es the retriev al e�ectiv eness
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Figure 3: Do cumen t expansion for long queries.

for automatic transcripts b y a large margin. F or example,

the retriev al e�ectiv eness for DERASR U-S1 transcripts (the

righ tmost p oin t on the graphs) jumps from 0.3139 to 0.4576,

a remark able impro v emen t of o v er 46% (0.3139 b eing the

baseline).

As w e men tioned ab o v e, it migh t b e the case that for

this test collection do cumen t expansion is b ene�cial in gen-

eral, and it do esn't hold an y sp ecial adv an tage for auto-

matic sp eec h transcripts. Ho w ev er, the b ottom graph in

Figure 2 sho ws that this is not the case, and do cumen t ex-

pansion indeed is more useful when the text is erroneous.

The dashed line on the b ottom graph sho ws the %-loss in

a v erage precision when retriev al is done from (unexpanded)

automatic transcriptions instead of (unexpanded) h uman

transcriptions. This line has the same shap e as the dashed

line on the top graph since it is essen tially the same curv e on

a di�eren t scale (0 to {100%, the h uman transcriptions b eing

the 0% mark). And w e notice that the loss for CUHTK-S1

(the leftmost p oin t) is close to 0% whereas it is 27% for

DERASR U-S1 (the righ tmost p oin t). The solid line on the

b ottom plot sho ws the %-loss for v arious transcripts for ex-

panded do cumen ts. The baseline for this curv e is higher; it

corresp onds to the solid horizon tal line on the top graph.

W e see that do cumen t expansion indeed b ene�ts the p o or

transcriptions m uc h more that it b ene�ts the h uman or the

b etter automatic transcriptions. F or p o or transcriptions,

the gap in retriev al e�ectiv eness reduces from 23% to ab out

13% for NIST-B2, from 22% to ab out 13% for DERASR U-

S2, and from ab out 27% to ab out 13% for DERASR U-S1.

All these loss reductions are quite signi�can t.

In summary , do cumen t expansion is more useful for au-

tomatic sp eec h transcripts than it is for h uman transcrip-

tions. Automatic recognitions that are relativ ely p o or need

the most help during retriev al. Do cumen t expansion is help-

ing exactly these transcriptions, and quite noticeably . It is

encouraging that ev en with w ord error rates as high as 65%,

the retriev al e�ectiv eness drops just 12-13% p ost do cumen t

expansion. This drop w ould ha v e b een 22-27% without ex-

pansion. This e�ect will b e further reinforced b y our follo w-

ing observ ations for long queries.

No w studying similar graphs for the long queries in Fig-

ure 3, w e observ e that do cumen t expansion is once again

b ene�cial for all transcripts, though not quite as m uc h as it

w as for the short queries. F or example, for h uman transcrip-

tions, do cumen t expansion yields an impro v emen t of 23% for

short queries (o v er no do cumen t expansion). This impro v e-

men t is just 3.5% for the long queries (whic h is v ery m uc h in-

line with the impro v emen ts suggested b y earlier studies that

use nearest neigh b ors [3]). W e b eliev e this happ ens b ecause

when queries are short, they stand to gain from do cumen t

enric hmen t done b y expansion. On the other hand, when

queries are already ric h in con ten t, lik e the long queries, the

incremen tal b ene�ts from enric hed do cumen ts are minimal.

This in itself is an in teresting result.

More in terestingly , w e observ e that when do cumen ts are

p o or in con ten t, lik e the automatic transcripts with lots of

errors, do cumen t expansion is still b ene�cial despite the

ric hness of the queries. Ev en with long queries, w e see

a mark ed impro v emen t in retriev al e�ectiv eness from p o or

transcription. The a v erage precision impro v es ab out 12-13%

for the three transcriptions with high w ord error rates (as

opp osed to just 3-5% for p erfect text or the b etter tran-

scriptions), and the gap is reduced to ab out 8% instead of

the original 16%. Once again w e �nd that do cumen t expan-

sion is helping where help is needed most, that is, for p o or

automatic transcriptions.

5.3 F urther Analysis

Do cumen t expansion has t w o e�ects on a do cumen t v ector.

First, Ro cc hio's metho d r eweights the terms that already

exist in the do cumen t. Second, it brings new w ords in the

do cumen t. W e no w study ho w these t w o e�ects c hange the

retriev al pro cess. Sp eci�call y , w e examine ho w m uc h of the

impro v emen t from do cumen t expansion is due to rew eigh t-

ing of the existing terms, and ho w m uc h of it is due to

addition of new terms.

Figure 4 sho ws the e�ects of rew eigh ting only and of

adding new terms. The top graph is for short queries and

the b ottom graph is for long queries. Once again the x -axis

is WER and the y -axis is a v erage precision. The horizon tal

lines are for h uman transcriptions and the other lines are for

v arious automatic transcriptions. F or the top graph in Fig-

ure 4 the dashed lines (original do cumen ts or no expansion)

and the solid lines (full expansion) are the same as in the

top graphs of Figure 2; and in the b ottom graph they cor-

resp ond to the top graph of Figure 3. The additional lines

in Figure 4 (dra wn with dashes and dots) sho w the e�ect of

rew eigh ting only .

The horizon tal lines in Figure 4 sho w that for p erfect text

(h uman transcriptions), ma jorit y of the impro v emen ts from

do cumen t expansion are due to rew eigh ting of the existing

terms. F or short queries, just b y rew eigh ting, the a v erage

precision jumps 17% from 0.4277 to 0.5017. This gain is

ab out 4% for long queries. This, w e b eliev e, is due to the

redistribution of w eigh ts that o ccurs for the terms presen t in

a do cumen t. More sp eci�cally , all terms that app ear equally

often in a do cumen t get equal w eigh ts b efore rew eigh ting,
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Figure 4: E�ect of rew eigh ting and new w ords.

but the presence of some of those terms is supp orted b y the

nearest neigh b ors of the do cumen t, whereas the presence of

other terms is not supp orted. After rew eigh ting, this results

in a higher w eigh t for terms whose presence in the do cumen t

is supp orted b y nearest neigh b ors and vice-v ersa. F or exam-

ple, if a do cumen t is ab out automatic sp eec h recognition,

and the w ords Markov and spectrum b oth o ccur just once

in it, the nearest neigh b ors for this do cumen t migh t sup-

p ort the presence of the w ord Markov more strongly than

they w ould supp ort the presence of spectrum , yielding a

higher w eigh t for the w ord Markov in the rew eigh ted do cu-

men t as compared to the w eigh t of spectrum . Put another

w a y , there are some \signal" w ords in a do cumen t and there

are some \noise" w ords. Do cumen t rew eigh ting based on

nearest neigh b ors emphasizes the signal w ords and it de-

emphasizes the noise w ords yielding a b etter o v erall term

w eigh t assignmen t for the do cumen t.

Adding new terms to the do cumen ts adds another 6% for

the short queries yielding a �nal a v erage precision of 0.5265

(a 23% impro v emen t o v er 0.4277). W e b eliev e that adding

new terms to do cumen ts is ha ving the same e�ect as using

long queries. Our b elief is supp orted b y the fact that when

queries are indeed long, w e don't see an y impro v emen t due

to adding new terms to do cumen ts. Adding new terms to

do cumen ts actually results in a small loss when queries are

long (see horizon tal lines in b ottom graph of Figure 4).

The e�ects of rew eigh ting the existing terms is similar

for all automatic sp eec h transcriptions. I.e., w e see a large

impro v emen t in retriev al e�ectiv eness when certain w ords,

whic h the do cumen t is truly ab out, get higher w eigh ts. But

w e notice that adding new terms to the automatic tran-

scriptions is more useful than it is for h uman transcriptions.

Ov erall, adding new terms nev er h urts for sp eec h transcrip-

tions, and is marginally to noticeably useful. This result is

imp ortan t since it sho ws that addition of new terms helps

automatic transcripts (it helps noticeably when the tran-

scripts are p o or), ev en though it migh t h urt the p erfect

transcriptions (as it do es for the long queries).

6 Expansion from Unrelated Co rpus

Ab o v e results sho w that when w e ha v e a text corpus whic h is

reasonably close to the sp eec h corpus in con ten t t yp e, then

do cumen t expansion is truly b ene�cial for sp eec h retriev al.

But what happ ens when w e don't ha v e suc h a corpus a v ail-

able to us? T o study the e�ect of do cumen t expansion when

it is done from a corpus that do es not closely related to

the sp eec h at hand, w e used TREC disks 1{5 as the corpus

for do cumen t expansion. This is a large corpus of ab out

5.2 Giga-b ytes con taining 1,634,976 do cumen ts from v ari-

ous sources (news and non-news) [28]. The news material in

this corpus is from the y ears 1987{1994 and has little o v erlap

with the news topics co v ered in our sp eec h corpus (whic h is

dated from June 1997 to Jan uary 1998).

Space limitation prohibit us from presen ting graphs for

this set of exp erimen ts, but the main highlight of these ex-

p erimen ts is that do cument exp ansion fr om the TREC c or-

pus is not as b ene�cial as it is fr om the closely r elate d NA

News c orpus . F or example, when do cumen ts w ere expanded

from NA News, the a v erage precision for retriev al from p er-

fect text using short queries jump ed 23% from 0.4277 to

0.5265; but when do cumen ts are expanded from TREC, this

increase is just 12% (from 0.4277 to 0.4828). Do cumen t ex-

pansion actually h urts retriev al e�ectiv eness for long queries.

W e no w lose ab out 0.7% in a v erage precision as opp osed to

a 3.5% gain for NA News.

More imp ortan tly , w e �nd that the p erformance gap b e-

t w een the h uman and the ASR transcripts is not reduced as

signi�can tl y as it did when do cumen ts w ere expanded from

NA News. E.g., for the short queries and NIST-B2 tran-

scripts, the gap no w reduces from 23% to just 20% (whereas

it reduced to 12% for NA News). This situation is w orse

for long queries for whic h this gap do esn't c hange m uc h for

most of the transcripts. Do cumen t expansion is still use-

ful for all transcripts when queries are short, though not as

m uc h; whereas it has almost no e�ect when queries are long.

F urther analysis sho ws that most of the e�ect of do c-

umen t expansion from TREC is due to rew eigh ting of the

existing terms. F or the long queries, bringing in new terms

do esn't help m uc h (either helps or h urts ab out 1%). Ho w-

ev er, for the short queries, it still do es help (ab out 2{7%

dep ending up on the transcripts), though m uc h less than ex-

pansion from NA News. Changing the parameter v alues for

do cumen t expansion from TREC do esn't c hange the results

m uc h. Ov erall, it app ears that the e�ectiv eness for do c-

umen t expansion for b etter retriev al is largely dep enden t

up on ha ving a text collection for do cumen t expansion that

is closely related to the sp eec h at hand.

Y et another p ossible source for do cumen t expansion is

the sp eec h corpus itself. In this scenario, the nearest neigh-

b ors of a sp eec h do cumen t will b e other sp eec h do cumen ts.

This w ould completely eliminate the need for an external

text collection for doing do cumen t expansion. Space limi-

tations don't allo w us to rep ort our exp erimen ts here, but

do cumen t expansion from this corpus itself isn't v ery e�ec-

tiv e. The main problem is the small size of this corpus. Most

do cumen ts don't ha v e an y related do cumen ts in the corpus.
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7 Conclusions

Our main results are as follo ws. First, do cumen t expansion

from a text collection closely related to the sp eec h at hand

yields substan tial b ene�ts for sp eec h retriev al, reducing the

p erformance gap b et w een retriev al from p erfect text and

from automatic sp eec h transcriptions. Retriev al from rea-

sonable sp eec h transcriptions is comp etitiv e with retriev al

from p erfect text. Do cumen t expansion helps where help

is needed most, namely , for p o or automatic transcriptions.

On the other hand, expansion from unrelated corp ora is not

nearly as b ene�cial.

Second, retriev al using long queries is more robust against

sp eec h recognition errors. T erm insertion b y a sp eec h recog-

nizer is not a signi�can t problem if the queries ha v e enough

con text (long queries). F urthermore, using mo dern term

w eigh ting sc hemes, the losses incurred due to improp er tf -

v alues for terms that w ere actually sp ok en and w ere also

recognized, are minimal.

This study also raises a n um b er of in teresting further

questions. F or short queries, the impro v emen ts obtained b y

expanding p erfect text are unexp ected. T raditional wisdom

(as in use of do cumen t clusters or other devices) sa ys that

this should not b e the case. This e�ect should b e studied

on a larger text collection lik e TREC. Also the dep endence

of do cumen t expansion on the a v ailabili t y of a closely re-

lated text collection should b e studied further. It w ould b e

desirable to get similar results when a closely related text

collection is not a v ailable.
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