Microsoft Cambridge at TREC-9: Filtering track

S E Robertson*

1 Summary

Apart from a short description of our Query Track contri-
bution, this report is concerned with the Adaptive Filter-
ing track only. There is a separate report in this volume
[1] on the Microsoft Research Cambridge participation in
QA track.

A number of runs were submitted for the Adaptive Fil-
tering track, on all tasks (adaptive filtering, batch filter-
ing and routing; three separate query sets; two evalua-
tion measures). The filtering system is somewhat more
advanced than the one used for TREC-8, and includes
query modification and a more highly developed scheme
for threshold adaptation. A number of diagnostic runs
are also reported here.

2 OQOkapi at TRECs 1-8

A summary of the contributions to TRECs 1-7 by the
Okapi team, first at City University London and then at
Microsoft, is presented in [7]. Here we discuss only the
routing and filtering task submissions.

Over the course of TRECs 1-6, we developed itera-
tive methods of optimising the routing queries which were
very successful, though computationally heavy. In succes-
sive TRECs our methods were enabled to explore more of
the potentially huge space of possible queries. In TRECs
5 and 6 we used the same methods for batch filtering,
again successfully.

However, we put these iterative methods aside for the
adaptive filtering task in TREC-7. Here and in TREC-8
we concentrated on developing thresholding techniques,
and did not in fact modify initial queries at all. This
approach was relatively successful in TREC-7, but by
TREC-8 many participants had better methods which
additionally expanded or modified the queries adaptively,
and we were somewhat left behind.

3 The system

At the Microsoft Research laboratory in Cambridge, we
are developing an evaluation environment for a wide range
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of information retrieval experiments. This environment is
called Keenbow. The Okapi BSS is seen as a component
of Keenbow.

Many aspects of the system, including the weighting
scheme and the query expansion methods used, reflect the
various components of the probabilistic model of retrieval
discussed at length in [8].

3.1 The
(BSS)

The BSS, which has been used in all Okapi and
Okapi/Keenbow TREC experiments, is a set-
oriented ranked output system designed primarily
for probabilistic—type retrieval of textual material using
inverted indexes. There is a family of built-in weighting
functions collectively known as BM25, as described in [6,
Section 3] and subsequent TREC papers. In addition to
weighting and ranking facilities it has the usual boolean
and quasi-boolean (positional) operations and a number
of non-standard set operations. Indexes are of a fairly
conventional inverted type. There have been no major
changes to the BSS during TREC-9.

Okapi Basic Search System

3.2 Query expansion/modification

Given some known relevant documents, the query may
be modified (primarily by adding new terms, but weights
may be adjusted and an ineffective query term might also
be dropped).

The initial step is to choose terms. Prior to TREC-8
the method used was that proposed in [9] by which terms
are ranked in decreasing order of a term selection value
or offer weight:

TSV = raw® (1)

(where w() is the Robertson/Sparck Jones weight [5], a
component of BM25, and r is the number of (known) rel-
evant documents in which the term occurs). The top
t ranked terms are then chosen. For TREC-8 a new
method was developed. This is based on a significance
argument, and thus allows an absolute threshold on the
offer weight, which may select different numbers of terms
under different conditions. The formula is discussed in
[7], and is as follows:

N
NTSV:rlog——log( , )—log (2)
n



where r is as above;  is the total number of (known)
relevant documents; n is the number of documents in the
collection which contain the term; IV is the si e of the
collection; is the si e of the vocabulary (number of dis-
tinct terms). e may use an absolute threshold criterion
with this new offer weight:

NTSV (3)

An argument was presented last year that ero would be
a suitable value for .t

The basic approach to query reformulation may now be
described as follows:

Either or both the offer weight and the relevance weight
may include some bias towards query terms; thus original
query terms may remain in the query even if they occur
in no or few relevant documents so far. However, the bias
is not normally absolute: a query term which continues
not to appear in relevant documents will eventually be
dropped.

The above methods might be termed model-based |,
and do not cover the iterative optimisation methods used
in the routing task in earlier TREC:s.

3.3 i terin system
The filtering system used from TREC-7 on consists
mainly of scripts built on top of the BSS.

The incoming stream of documents is divided fairly
arbitrarily into batches (smaller batches initially to al-
low fast learning; larger later for e ciency reasons). For
each topic a current state is maintained, including query
formulation, threshold etc., what happened at the last
batch, and some history, including docids for any doc-
uments judged relevant up to now. As a new batch of
documents is processed, the current query formulation of
each topic is searched against it; cumulative databases
are created, and each topic goes through the adaptation
process in preparation for the next batch. Adaptation
includes query modification (term selection and weight-
ing) and threshold adaptation; the various components
are described below.

he scale of this o er eight is a threshold of ero

im lies that e ould e ect about 1 noise term to be selected. e

have discovered a bug in last year s rograms, hich means that

last year s o er eights ere o set by a certain amount a correct

ero threshold today is e uivalent to a small negative threshold last
year.

3. ard are

All the TREC-9 processing was done at Microsoft Re-
search, Cambridge. Most of the work was done on a
55 MH  eon (512KB Cache) with 2Gb RAM and a

ell with two MH Pentium processors and 512 Mb.
Both machines were running Solaris 7. The network was
1 Mbps ethernet.

Table 1: Query track runs on Okapi




uery tra k

e did not take full part in the query track: that is, we
did not generate queries. e did however run the queries
that other participants had generated.

The system used to run these queries was an absolutely
standard Okapi system, parsing the queries as provided
in a standard manner and using BM25 weighting with

1= .8, = . ,and = o expansion was used.
Some results for different query sets are shown in table
1, together with a corresponding run on topic titles only,
sorted by average precision. Only two of the query sets
outperformed topic titles on average precision, although
several of them do better on other measures, particularly
precision at 5 documents.

i teri a r uti

.1 System desi n

For the last two years, the Keenbow/Okapi team has
concentrated on the setting of thresholds for the adap-
tive filtering task. This year s effort is a much more
rounded one, bringing together the thresholding meth-
ods and previously developed methods of query expan-
sion and reweighting. At the same time, the introduction
of the new target and measure into the adaptive filtering
task has stimulated a significant expansion of the thresh-
olding ideas, in a way which complements the previous
approaches.

2 T thresho din asic ideas

In the precision-oriented task, we have to attempt to re-
trieve the best 5 documents over the simulated life of
the profile. The primary requirement is to set the thresh-
old so as to retrieve close to that number of documents
over the period (adjusting it as we go as necessary), while
relying on the query to get us as close as possible to the
best 5 documents.

Given a profile, some history of the stream of docu-
ments, and an expected rate of incoming new documents,
we can relate the threshold to the number of documents in
a model-free fashion, thus: we run the query against the
accumulated collection so far, and rank the documents
in the usual way; then the future number of documents
whose score will reach a given threshold may be estimated
from the number retrieved in the past at that threshold,
adjusted pro-rata.

Such an estimate may not be very good, and will need
adapting. So the principle is that after every batch of doc-
uments, we do a new retrospective search of the accumu-
lated collection so far, and choose the threshold which is
estimated to give us the right number of documents in the
future, given what we have retrieved in the past. Since the

evaluation measure penali es under-retrieval more than
over-retrieval, we aim a little higher than the nominal
target of 5 ; in the current experiments, the margin is
25 , that is we aim for 62.5 documents.  hat happens
if we hit the target before the end of the period is dis-
cussed below.

3 T

For the utility-oriented task, however, we go back to our
work of TRECs 7 and 8. The basic requirement is to
retrieve if the probability of relevance exceeds a certain
figure; so we need a model to calibrate the score into a
probability value. In TREC-7 we used quite a simple for-
mula; in TREC-8 we tried something a little more com-
plex, which gave us no performance improvement. This
year we reverted to the TREC—7model.
The basic model for calibration is:

thresho din asic ideas

()

logg——= 11
where  is the probability of relevance of document
is its score, and  t1 is the average score of the top 1  of
retrieved documents (actually, ¢1 is in itself an exam-
ple of model-free quantitative prediction). Initial values
of and were originally estimated from a logistic regres-
sion on old TREC data. For TREC-9, we simply re-used
the TREC-T initial values. Adaptation of follows the
method used at TRECs 7 and 8, summari ed in the next
section, and takes place after any new documents have
been retrieved and/or the query has been reformulated.

Given a document score and an estimated , equa-
tion can be used to estimate the log-odds of relevance
of any specific document. The calibrated score  is on a
log-odds scale, but can be converted back to a probability

exp

1’ 1

po (5)
for some estimated , and

As we obtain feedback, as well as re-estimating ,
we adjust the calibration by correcting ( is left un-
changed). e assume a set  of feedback documents
whose relevance is known, of which r are relevant. A
Bayesian prior is also assumed, represented by  mythical
documents (in addition to those in ), whose estimated
probabilities of relevance are assumed to be correct at

5. e suppose an iterative sequence of estimates ()

and corresponding values ) and O for each document.
Then the gradient descent formula is:

2

D

() is the estimate of  taken from TREC-T.
In the last two TRECs, we ran this correction only
once each time. Because the query may have changed



substantially since the last adjustment of , we now (on
each occasion we want to modify ) iterate the correction
until the change is less than some small constant . Some-
times (after a substantial change in the query) the old
is badly out, and the gradient descent process becomes
unstable. This can be resolved by setting a maximum
correction to  in one iteration. In the experiments re-
ported below, is set at 3 (T9U runs) or 6 (T9P runs);

is . 1, and the maximum correction in one iteration is
1. .

The crosso er T task

A somewhat deeper analysis reveals an interesting cross-
over between these two approaches of quantitative and
qualitative prediction.

In the T9P task, we may reach the target before the
end of the period. After this point the aim is to estimate
the threshold score that will maximise the accumulated
precision achieved at the end of the period. This requires
both qualitative and quantitative prediction. The algo-
rithm is essentially as follows:

In the experiments reported below, this procedure is
initiated when the total retrieved reaches 75 of the tar-
get.  hile the total remains less than the target, the rule
is to aim for the target unless this procedure suggests try-
ing for more documents.  hen the target is reached, then
this procedure takes over.

The crosso er T task

In TRECs 7 and 8, we wanted to ensure that some docu-
ments were retrieved early on, even if their scores did not
warrant it, in order to get some feedback to improve the
query. The mechanism was a ladder of calibrated score
values; a particular point on the ladder corresponded to
the required utility, but we started lower down the ladder
in order to get these initial documents. Both the ladder

e have discovered a bug in this art of the rogram, hich
may cause the threshold to be set incorrectly if no relevant doc
uments have been retrieved by the time e a ly this rocedure.

he e ect has not yet been investigated, but ill be limited to a
small number of to ics.

and the initial starting point were essentially arbitrary:
we had no theory or mechanism to determine good val-
ues.

The quantitative approach now provides us with at
least a way of thinking about the starting point. e
would like to start in a position which would give us a
small (non- ero) number of documents over the simulated
period. The algorithm is essentially as follows:

This procedure may be repeated at intervals. As soon
as some documents have been retrieved, we stop being
concerned about the target estimation, but remain on the
ladder until we accumulate enough relevant documents to
climb to the utility point. Because the ladder is defined
in terms of the calibrated score, any intermediate stage
that requires recalibration of the score (for example query
reformulation) will be taken into account automatically.

The ladder currently in use is given in table 2.

Table 2: The Ladder

The setting of an appropriate target number of docu-
ments is the subject of some of the experiments discussed
below. It may also be noted that although there are
still several arbitrary elements, this procedure should be
a considerable improvement on our methods for TRECs
7 and 8, because the threshold will be set separately for
each profile, in a way that relates to the particular query.

The accumu ated co ection

As in previous years, we assume that we accumulate the
documents as they come into the system, so that we al-
ways have a cumulated collection of everything received
up to now. Such a collection is needed for some of
the forms of adaptation discussed; in the context of the
TREC-9 filtering task, we actually need two such collec-
tions, respectively including and excluding the training
set (Ohsumed 87).



Query re ormu ation

In the present filtering system, queries are reformulated
as relevance information becomes available, as part of the
adaptation process.

The method used is essentially that described in section
3.2. The new offer weight (equation 2) was used, with an
absolute threshold. e have a numerical term cut-
off, which comes into effect when we have many relevant
documents. e use this method right at the beginning,
as our way of using the learning examples provided for
the TREC-9 task. e repeat it at intervals determined
by the retrieval of new relevant documents, frequently
initially, and then only occasionally.

e set a limit on the number of relevant documents
to be processed; if we have accumulated more than this
number, we take only the most recent ones. This was
implemented partly as an e ciency measure; however, it
could be taken as a response to the possibility that either
the user s interests, or the characteristics of the document
stream, or both, may drift. In the present experiments,
however, we have set this limit fairly high, so that it sel-
dom comes into effect.

The principle tunable parameters of the query expan-
sion method are (a) the maximum number of documents
used (set to 1 here), (b) the term cut-off (maximum
number of terms in the resulting query, 25 here), and (c)
the absolute threshold on the offer weight ( ero for these
experiments). However, there are several other parame-
ters or controls, e.g. the exact source and method of term
extraction, and the form and degree of bias towards query
terms.

O er ie o the fi terin procedure

At a particular iteration of the process, any query modi-
fication needs to take place before any threshold setting.
It may also be necessary, after query reformulation but
before threshold setting, to recalculate the scores of the
previously-retrieved documents, for the adaptation of

As indicated in the system description, the incoming
stream is batched somewhat arbitrarily, but with smaller
batches initially on the grounds that the system needs to
learn faster initially; later in the simulated period, profiles
can be expected to have stabili ed somewhat. In these
experiments the test set (OHSUME 88-91) is divided
into 59 batches, initially 1 documents per batch; the
training set (OHSUME 87) counts as batch

For similar reasons, query modification is done after
any batch in which a new checkpoint is reached for the
particular topic. In these experiments, the checkpoints
are defined in terms of the number of relevant documents
retrieved so far, and are set at 1,2, ,8,16... relevant doc-
uments.

So the basic procedure is as follows: for each batch of
incoming documents

iteri a r uti resu ts

.1 Topic sets

2 easures

.3 Su mitted runs

See table 3. The rules for Batch and Routing allow the use
of all the relevant documents in the training set for train-
ing, while for Adaptive Filtering 2 (OHSU) or (MeSH)
positive examples are provided. Those runs coded bfr or
rfr did not make use of all the relevant documents, but
only of all those retrieved in the top 1  documents in
an initial search on the training set. (See next section for
settings of some other parameters, which will explain the
differences between some of these runs.)



Table 3: Submitted run results

Run Type Topics Measure | MeanT9U | MeanT9P | AveP
ok9flpo Adaptive OHSU T9P .29
ok9f2po Adaptive OHSU T9P .288
ok9f2pm Adaptive MeSH T9P .19
ok9fluo Adaptive OHSU TIU 9.7
ok9f3uo Adaptive OHSU T9U 1.75
ok9flus Adaptive MeSH-Sample | T9U 6.53
ok9f3us Adaptive MeSH-Sample | T9U 1
ok9bf2po | Batch-adaptive | OHSU T9P 35
ok9bfr2po | Batch-adaptive | OHSU T9P 35
ok9bfr2ps | Batch-adaptive | MeSH-Sample | T9P . 33
ok9rf2po | Routing OHSU .326
ok9rfr2po | Routing OHSU 317
ok9rfr2ps | Routing MeSH-Sample 25
Optimi ation runs Table : Initial target for utility optimi ation
The system as described f?ubove contains a large number of Target | MeanTOU | MeoanSU | otes
settable parameters (tuning constants). Most of the pa- OHSU topics
rameters were set on the basis of guesswork, but some ad- 5 537 1
justments were made following some tests on some pre- 9 6:81 _:1
test topics which had been provided. These pre-test top- 15 8.86 . ]9
ics are not actually supposed to be representative — indeed 1 9.69 - 5 | ok9fluo
they consist of MeSH headings and OHSUME queries 6 1 29 -9
which had been rejected from the main test for one reason
Iy . . 3 1.75 . 8 | ok9f3uo
or another, and exhibited some very different characteris- 15 11. 1 99
tics. Therefore this tuning process had to be a judicious 8 11. 9 39
mixture of experiment and guesswork. A very few of the 11.22 33
parameters have been subjected to further testing, after 9 11:15 33
the submission of the o cial runs, with the main test sets.
1 11.18 .3 One ero return
These are reported here (table and 5). NoSTLSamble foni
) e ample topics
ote from Table that there appears to be an optimum 5 9.55 76
initial target for utility optimi ation, but that it depends 9 9.31 99
on both the query set and the evaluation measure. It is 15 817 19
higher for MeSH than for OHSU and higher for MeanT9U 1 6.53 1 9 | okOflus
than for MeanSU. These results would be consistent with 6 2,56 11
the hypothesis that the optimum depends on the number 3 1 98 | ok9f3us
of relevant documents for the topic. The average number 15 39.53 97

of relevant documents for MeSH topics is higher than for
OHSU, and the MeanT9U measure is much more affected
by topics with more relevant documents, while MeanSU
weights all topics equally. But it seems that this differ-
ence cannot explain the full extent of the variation: the
average number of relevant documents is approximately
5 (OHSU) and 25 (MeSH), but the difference in the op-
timum initial target is much greater. Another possibility
is that the quality of the initial query is also important:
a good initial query does not need much priming with
relevant documents whereas a poor one does.

The possible effect of the total number of relevant doc-
uments raises the question of whether one might be able
to make any useful kind of prediction of the optimum for
a given topic. A plausible scenario for a real system would

be to obtain an estimate from the user (which might or
might not be good enough to help).

The eroreturn noted in Table is a topic for which
no documents were retrieved in the entire period. e
regard this as a failure, but that run was the only one of
the runs reported here that produced any eros at all.

The data set is rather peculiar in terms of document
length: about two-thirds of the documents have abstracts,
while the other one-third do not; in the latter case, in ef-
fect the only text available is the title. There is therefore a
huge discrepancy in document length between the two.
is the parameter in BM25 which controls the effect of doc-



Table 5: ocument length
| MacR | MacP | MeanT9P | otes
OHSU topics
.8 .383 .288 .288 | ok9f2po
.388 .29 .29 | ok9flpo
MeSH-Sample topics
8 189 .3 .3 ok9f2ps
181 .12 .12

ument length. It was hypothesi ed that a high-precision
task might benefit from concentrating on the documents
with abstracts; reducing would have that effect. There-
fore in addition to the = .8 value which is a good
default, we tried a = run. This appeared to have
some slight benefit with the OHSU topics, but the oppo-
site effect in the MeSH topics (probably not significant).

ote also that the MacP and MeanT9P values are the
same for each run. This reflects the success of the target
setting and adaptation: either all topics retrieved over 5
documents, or the few which did not quite do so did not
show up in the average. This is the case for all adaptive
and batch-adaptive runs reported here, though not for
non-adaptive batch runs.

Some comparisons

The new TYP measure provides an interesting opportu-
nity to compare the results of filtering runs with tra-
ditional ranked-retrieval runs. The evaluation program
trec_eval for ranked retrieval calculates P n values — pre-
cision at n documents retrieved — for various values of n.
T9P is a sort of P 5 . However, the comparison needs
to be qualified, as discussed in the overview paper [12].
This analysis concentrates on the effect of using differ-
ent, amounts of relevance information at different stages.
For the routing results, we have pure P 5 on the test
set (we include AveP in the table also); no threshold is
involved. For batch filtering (non-adaptive), we use ex-
actly the same queries as for routing, but set a once-only
threshold intended to retrieve 5 documents. For batch-
adaptive or adaptive filtering, we may either adapt only
the threshold, or we may adapt both the threshold and
the query. All of these may be done starting with all rel-
evant documents in the training set, or with only those
which would have been found in an initial search, or with
the 2 or positive examples provided for adaptive filter-
ing, or with none. All these conditions are represented
in table 6. In the last two columns, MacP figures are in
all cases the same as the corresponding MeanT9P figures
given. The adaptive filtering rules allowed training rel-
evants for MeSH topics; we have included a 2 relevants

trec_eval does not by default include
modi cation of a header le allo s it

ho ever, a sim le

row for comparison with the OHSU topics. The two were
chosen as the first two of the four provided.
ithin each topic set, P 5 reflects AveP quite closely.

Comparing MacP and MeanT9P figures for the o
adaptation column, we see that MacP is consistently
higher than MeanT9P. This reflects two factors: first,
there is a lot of variation in the number of documents
retrieved, so that many topics failed to retrieve 5 doc-
uments. Second, the initial threshold is often too high.
Some further experiments suggest that query adaptation
to the relevant documents in the training set tends to
interfere with the initial threshold setting to cause this
effect.

Comparing the last two columns for the All relevant
training, we notice a small decline in performance. The
all relevant set may be seen as an unbiased sample of rel-
evant documents; the extra relevants used to modify the
query during adaptation are to some extent biased to-
wards the query. However, modifying the query becomes
progressively more useful as we start from less relevance
information, and adapting the threshold appears always
to be beneficial.

There seem to be some differences between the two
topic sets as to how useful each level of relevance informa-
tion is. This may perhaps reflect two things: differences
in the quality of the initial queries and differences in the
total number of relevant documents per topic.

Comparing P 5 with final MeanT9P in the 2/ rel-
evants case, we see that full adaptation just about com-
pensates for the inherent di culty of MeanT9P.

A different kind of analysis may be made by considering
the utility measure. e regard T9P as a high-precision
task; however, in order to score above ero on T9U we
have to obtain a precision of at least 33 . The di culty
of this task is reinforced by looking at the precision values
obtained for T9P runs. For example, in the case of OHSU,
these seldom reach 33 . Linear utility (with the sort of
parameter values used for the last 3 years) is indeed a
hard, high-precision task, and it is not so surprising that
we had such di culty in doing even reasonably well at it.

omputationa oad

Running the 6 batchesand 9 MeSH topics is a heavy
computational task. Although each batch is quite small,
it involves both the 9  basic searches and all the addi-
tional work (including possibly more than one search on
the accumulated collection) required for adaptation of a
topic, again 9  times. The scripts used for this task
take approximately one week to run on the 55 MH ,
2Gb machine. They could no doubt be made consider-
ably more e cient; nevertheless, the adaptive filtering
task must be regarded as computationally heavy — con-
siderably more so than, say,the 1l Gb LCor eb track.



Table 6: Relevance information and adaptation

Threshold Threshold and
o threshold o adaptation adaptation query adaptation
Training AveP | P 5 | MacP | MeanT9P | MeanT9P | MeanT9P |
OHSU topics

All training set relevants .326 336 | o 2 o 357 .27 39 35 bf2 o
Relevants in top 1 317 32 | o fr2 0 32 .266 .296 35 bfr2 o
2 training relevants 277 .29 .281 .251 .268 .288 2 o

o relevants .228 .26 2 221 .236 .28

MeSH-Sample topics

All training set relevants .283 .9 D56 .12 .72 . 61
Relevants in top 1 .253 . b5 | o rfr2s . b8 .366 . 29 .33 | o bfr2s

training relevants 25 .37 . 28 375 .13 .3
2 training relevants 21 397 .385 3 373 .15

o relevants 135 ] 31 29 262 285 -39 |

C

The adaptive filtering task continues to be an interest-
ing and fruitful one to investigate. The new T9P opti-
mi ation measure has been very successful, both in en-
couraging the development of the thresholding methods
(which are now much stronger for both measures), and in
allowing some comparison of traditional ranked-retrieval
performance with threshold-based filtering.
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