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ABSTRACT
We present a novel approach to predicting the performance
of passage retrieval for question answering. That is, estimating the eﬀectiveness, for answer extraction, of a list
of passages retrieved in response to a question when relevance judgments are not available. Our prediction model
integrates two types of estimates. The ﬁrst estimates the
probability that the information need expressed by the question is satisﬁed by the passages. This estimate is devised
by adapting query-performance predictors developed for the
document retrieval task. The second type estimates the
probability that the passages contain the answers. This estimate relies on the occurrences of named entities that are
likely to answer the question. Empirical evaluation demonstrates the merits of our prediction approach. For example,
the prediction quality is much better than that of the only
previous prediction method devised for the task at hand.
Categories and Subject Descriptors: H.3.3 [Information Search
and Retrieval]: Retrieval models
General Terms: Algorithms, Experimentation
Keywords: Question answering, Passage Retrieval, Query Performance Prediction

1.

We present a novel performance prediction method for
passage retrieval for QA that predicts the “quality” of a retrieved passage list; i.e., the presumed inclusion of many relevant passages that contain the correct answers. Our model
integrates two types of estimates. The ﬁrst is for the probability that the information need expressed by the question
is satisﬁed by the passage list; i.e., that the list provides
question-related context. For this estimate, we adapt stateof-the-art query-performance predictors that were devised
for the document retrieval task. The second type of estimate is for the probability that the passage list contains
pertaining answers. Since the answers to many questions
are named entities, we base the estimate on the presence
of named entities, which are of the same type as that of
the question’s answer, within the question’s context (i.e., in
proximity to the question terms) in the passages.
Evaluation performed with TREC benchmarks shows that
our approach substantially outperforms the only prediction
method previously employed for the task we address here [7].
Furthermore, we show that applying our entity-based estimate beneﬁts retrieval and prediction both independently
and when applied simultaneously for these tasks.

2. RELATED WORK

INTRODUCTION

The Clarity measure [6], which was originally designed for
predicting document-retrieval eﬀectiveness, was applied on
passages to predict their eﬀectiveness for the answer extraction phase [7] — the task we address here. Although there is
abundance of work on predicting query performance for document retrieval [4], to the best of our knowledge, there was
no further work on devising prediction methods for passage
retrieval for QA. We show that our approach substantially
outperforms Clarity [7].
Our prediction method uses occurrence statistics of named
entities in the retrieved passages. There is much work on using named entities for improving the passage retrieval performance for QA [10, 3, 8, 1]. As noted above, our entity-based
estimate is eﬀective for both prediction and retrieval.

The retrieval process of typical QA systems is based on
two main phases [10, 12, 9, 8]. The ﬁrst is retrieving passages from the collection that presumably contain the right
answers. The second phase is extracting the answers from
these passages. The performance of the second phase, and
that of the entire system, is known to signiﬁcantly depend
on the performance of the ﬁrst [5, 12, 8].
Thus, it is important for a QA system to be able to automatically determine if the ﬁrst phase failed and the retrieved
passages cannot be eﬀectively used for the subsequent answer extraction phase. Accordingly, the challenge we focus
on is predicting the eﬀectiveness of the ﬁrst phase.

3. PERFORMANCE PREDICTION
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The challenge we address is performance prediction for
the passage retrieval phase of the question answering (QA)
task. Speciﬁcally, the goal is to predict the eﬀectiveness
(for answer extraction purposes) of a ranked list of passages,
G, that was retrieved in response to question q by some
retrieval method; S (g; q) denotes the retrieval score assigned
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WIG. The WIG predictor [15] is based on the premise
that high retrieval scores in the list imply to its eﬀectiveness in satisfying the information need. Indeed, WIG was
shown to be a highly eﬀective query-performance predictor
for document retrieval, and is formally deﬁned here by:

def 1
PW IG (Iq |G) =
S (g; q).
(3)
k
[k]

to passage g (in G). In Section 4.1 we discuss the passage
retrieval method used for evaluation.

3.1 Prediction framework
The prediction task can be formally stated as estimating
the probability p(Aq |G) that the answer Aq to the question
q can be found in (or extracted from) G.
A key observation that we make is that a requirement for
the passage list G to be eﬀective for answer extraction is
that the answers appear within a context that is relevant to
the information need, Iq , expressed by q. For example, for

g∈G

NQC. While WIG is based on the average retrieval score
of top-retrieved passages, the NQC predictor measures the
standard deviation [11]. High deviation of document retrieval scores was argued to imply reduced “query drift”,
and thereby improved eﬀectiveness for document retrieval.
Accordingly, we deﬁne



def  1
PNQC (Iq |G) = 
(S (g; q) − μ)2 ,
(4)
k
[k]

def

the question q = “What is the most densely populated city
in France?”, the correct answer, Aq , is “Paris”; the information need, Iq , is “densely populated cities in France”. Now,
if the retrieved passages contain the correct answer, “Paris”,
but do not discuss aspects related to population density but
rather topics such as geography, history, or even celebrities (e.g., Paris Hilton), then the answer extraction phase is
likely to fail. Indeed, the guidelines for TREC’s QA tracks
[14] specify that a correct answer appearing in a document
that does not allow for identiﬁcation or veriﬁcation of the
answer’s correctness is not considered correct.
Accordingly, the prediction task is devising an estimate
def

p̂(Aq |G) = p̂(Aq |Iq , G)p̂(Iq |G),

g∈G



where μ = k1 g∈G[k] S (g; q) is the average score in G[k] .
Originally, both WIG [15] and NQC [11] were normalized
using the corpus retrieval score. We do not employ this normalization as the passage retrieval scores are already normalized (see Section 4.1) and further corpus-based normalization yielded degraded prediction quality.

(1)

3.1.2 Answer extraction

where p̂(Iq |G) is an estimate for the probability that Iq is
satisﬁed by G; and, p̂(Aq |Iq , G) is an estimate for the probability that the correct answer Aq can be extracted from G
(i.e., is found within G in the right context) given that Iq is
satisﬁed. In what follows we present estimates that can be
used to instantiate speciﬁc predictors from Eq. 1.

We next devise an estimate p̂(Aq |Iq , G) (see Eq. 1) for the
probability that a correct answer can be found in (extracted
from) G given that the information need is satisﬁed. We
refer to this estimate as a “judge” [8].
For many questions the answer is a named entity [3]. This
fact can be exploited for devising a judge. In what follows,
we focus on four types of entities that were found to be
eﬀective for the question answering task [3]; namely, Person, Organization, Location and Date. We use Misc to refer to the type of an answer that is not an entity or that
is an entity of a type not among the four just speciﬁed
(e.g., “What is the distance of the moon from earth?”).
We assume that for each question the answer type t (∈
{P erson, Organization, Location, Date, M isc}) can be identiﬁed [8]; qt denotes a question q with answer type t.

3.1.1 Information need satisfaction
We ﬁrst devise an estimate p̂(Iq |G) for the probability
that the information need is satisﬁed by passages in G. To
that end, we adapt previously proposed predictors, denoted
P (Iq |G). These predictors were devised and shown to be effective for estimating document retrieval eﬀectiveness with
respect to information need expressed by a query. Similarly
to the document retrieval case [4], here we employ the predictors on G[k] , the k highest ranked passages in G. The
focus on highly ranked passages serves to better align the
prediction with the passage-retrieval performance metric of
concern. Speciﬁcally, this is the average precision (AP) measure that will be used in Section 4 as the goal of prediction,
and which was used in previous work for evaluating passage
retrieval eﬀectiveness for QA [9]. We now turn to describe
the post-retrieval predictors adapted for passage retrieval.
Clarity. The Clarity predictor [6] estimates the focus of
G with respect to a corpus of documents D, by measuring
the KL divergence between their induced language models;
passages in G are parts of documents in D. (See Section
4.1 for details regarding the passage retrieval methods employed.) The higher the divergence, the more focused G is
considered to be, and consequently, more likely to satisfy
the underlying information need. Speciﬁcally,
def

PClarity (Iq |G) =


w

p(w|G[k] )log

p(w|G[k] )
;
p(w|D)

3.1.3 Entity-based judges
We ﬁrst consider a judge for questions with answers that
are entities with types in {Person, Organization, Location,
Date}. Then, we present a generalized judge that also accounts for questions with the Misc answer type.
The NEQ judge that we consider accounts only for entities that occur in a question-related context. Speciﬁcally,
an entity Et of type t is considered highly related to qt if Et
and all qt ’s terms appear together in a short window of text
within the passage. The statement (Et , qt ) ∈ wingΔ is used
below to specify that such co-occurrence holds in a window,
wingΔ , that is composed of Δ consecutive terms in passage
g; Δ is a free parameter.
def

PNEQ (Aqt |Iqt , G) =
(5)
 

g
#{Et : Et ∈ g (Et , qt ) ∈ winΔ } + 2 .
log

(2)

g∈G[k]

We apply log transformation to moderate the eﬀect of large
counts and employ add-2 smoothing to avoid zero multiplication in Eq. 1. Thus, NEQ considers G as likely to contain

p(w|x) is the probability assigned to term w by a language
model induced from x. (We describe the language-model
induction techniques in Section 4.1.)
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The prediction methods we study incorporate free parameters. The values of these parameters, listed below, were selected based on the prediction quality attained for the various experimental settings after extensive experimentation
with wide ranges. For Clarity (Eq. 2), k, the number of topranked passages used for inducing the (relevance) language
model, which uses 100 terms, was set to 100. For WIG (Eq.
3) and NQC (Eq. 4), k was set to 5 and 25, respectively. For
the NEQ judge (Eq. 5), k was set to 5. For λt (Eq. 6), which
controls the reliance on NEQ for the varying question types,
0 was used for the Misc type, and a ﬁxed positive value was
eﬀective for the other question types; speciﬁcally, the values
0.2, 0.7, and 0.8 were used when NEQ was integrated with
Clarity, WIG, and NQC respectively. The window size, Δ,
in Eq. 5 was set to 50.
We used Stanford’s NER1 , a named entity extraction application, for annotating Person, Organization and Location
entities within the passages. For Date entities, we used a
simple date pattern detection method. Although some classiﬁcation schemes were successfully employed for categorizing questions [3, 7, 1], we manually categorized the test questions to achieve maximal classiﬁcation accuracy; the classiﬁcation problem is out of the scope of this paper.
Experiments were conducted using TREC QA datasets:

the answer if G contains many entities of the same type as
that of the question’s answer type and that co-occur together
with the question terms.
If the answer to q is of type Misc, then NEQ cannot be
applied. More generally, it could be that NEQ should be
more “trusted” for certain types of answers than for others.
For example, if entities of a certain type are more likely,
in general, to have high occurrence in texts than entities
of another type, then the resultant NEQ estimate can be
unjustiﬁably biased across answer types. Since one of our
goals is to compare prediction quality across questions of
varying answer types, we study the NEQT judge:
def

PNEQT (Aqt |Iqt , G) = λt PNEQ (Aqt |Iqt , G) + (1 − λt ). (6)
NEQT controls, on a per answer-type basis, the reliance on
the NEQ judge; λt is a free parameter that depends on t.
That is, for a small λt value, NEQT backs oﬀ from using
NEQ to a constant-based prediction value, which amounts
to more heavily relying on the information-need satisfaction
aspect of prediction. (See Eq. 1.). As NEQ cannot be
applied to Misc questions, we set λM isc to 0.

4.

EVALUATION

4.1 Experimental setup

Corpus
TREC99
TREC00
TREC01
TREC02

As is common in work on QA [3, 12, 9], the ﬁrst step of
our passage retrieval approach is retrieving from the corpus a
document list, Dq , based on document-question similarities.
The sentences in these documents, capped at 64 terms, serve
for passages; Dq contains 500 documents as this results in
highly eﬀective passage retrieval performance.
To measure the similarity between the question q and text
x, a passage or a document, we use a language-model-based
def
estimate: Sim(q, x) =
qi ∈q p(qi |x), where p(w|x) is the
probability assigned to term w by a Dirichlet-smoothed unigram language model induced from x with the smoothing
parameter set to 2000.
Passage g is scored with respect to q by a common passage
retrieval approach [2], henceforth referred to as PDQ:

# docs
528,155
978,952
978,952
1,033,461

Questions
1-200
201-893
894-1393
1394-1893

TREC collection
Disks 4-5 - CR
Disks 1-5
Disks 1-5
ACQUAINT

We applied tokenization and Porter stemming to all data
using the Lemur/Indri toolkit. We did not remove stopwords from the documents nor from the questions. However,
for the NEQ judge, which counts only entities occurring together with all question terms in a small text window, we
removed stopwords from the questions (using the INQUERY
stopword list plus single letter terms) as it signiﬁcantly improved its performance.

4.2 Experimental results

αSim(q, g)
(1 − α)Sim(q, dg )
+ 
;
Sim(q,
g)
g∈d∈Dq
d∈Dq Sim(q, d)
(7)
dg is the document to which g belongs; α is a free parameter set to 0.9 as this yields (near)-optimal passage retrieval
performance (with respect to values in {0, 0.1, . . . , 1}) for
all experimental settings. The 1000 most highly ranked passages serve for the passage list; estimating the eﬀectiveness
of this list is the prediction goal.
As discussed in Section 3, we use the average precision
measure (AP at cutoﬀ 1000) to evaluate the eﬀectiveness
of the passage list for QA. We measure the AP of a list of
passages using TREC’s relevance judgments and the answer
patterns associated with the questions [13]. A passage is
considered relevant if it (i) contains at least one of the answer
patterns, and (ii) is extracted from a relevant document [13].
Pearson’s correlation between predicted (AP) performance
and actual (AP) performance is the prediction quality measure as in work on query-performance prediction for document retrieval [4]. Statistical signiﬁcance of prediction values is determined using Pearson’s correlation signiﬁcance
test at a conﬁdence level of 95%.
def

SP DQ (g; q) = 

Main result. Table 1 presents the prediction quality numbers. The second row presents the prediction quality of
NEQT when used alone. The following rows present the
prediction quality of the post-retrieval predictors when used
alone and when integrated with NEQT based on Eq. 1.
NEQT posts low prediction quality when used alone. A
possible explanation is that the passage list may contain
many entities having the question’s answer type and hence
highly estimated by NEQT. However, whereas the list does
not pertain to the information need, we deem it ineﬀective.
In contrast, once NEQT is integrated with any of the postretrieval predictors, all prediction quality numbers are statistically signiﬁcant. Furthermore, we get an increased prediction quality in nearly all cases with respect to that of not
using NEQT. These ﬁndings support the merits of our prediction approach that integrates a prediction for information
need satisfaction with an estimate, based on named entities,
for the probability that an answer can be extracted.
A comparison of the predictors, with or without NEQT,
reveals that WIG·NEQT and NQC·NEQT yield the highest
1
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NEQT
Clarity
Clarity·NEQT
WIG
WIG·NEQT
NQC
NQC·NEQT

TREC99
−0.048
0.361
0.349
0.430
0.447
0.457
0.471

TREC00
0.028
0.372
0.373
0.408
0.437
0.410
0.433

TREC01
0.065
0.227
0.248
0.349
0.380
0.301
0.353

TREC02
0.025
0.168
0.180
0.244
0.285
0.275
0.312

NQC
NQC·
NEQT

TREC99
0.457
0.479
0.471
0.462

TREC00
0.410
0.445
0.433
0.427

TREC01
0.301
0.341
0.353
0.357

TREC02
0.275
0.313
0.312
0.327

Table 2: Prediction quality for diﬀerent passage
lists. Boldface: the best result in a column. All
correlations are statistically signiﬁcant.

Table 1: Main result. (Prediction quality measured
using Pearson’s correlation.) Boldface: the best result in a column. Statistically signiﬁcant correlations are italicized.

prediction quality over all collections. In fact, the Clarity
predictor, the only baseline for predicting the eﬀectiveness
of passage retrieval for QA in previous work [7], is inferior in
all cases to all other predictors when used alone (as in [7]),
and when integrated with NEQT.

Using entity-based estimates for retrieval. We demonstrated above the eﬀectiveness of our approach, which uses
an entity-based judge, for predicting the performance of the
PDQ retrieval method (Eq. 7) that does not use entitybased information. We now explore whether our prediction approach is also eﬀective for predicting the performance
of a passage retrieval method that uses entity-based information. To that end, we use the PDQ∧NEQ method,
which scores passage g by: SP DQ (g; q)PNEQ (Aqt |Iqt , g) (refer back to Eq. 5 and 7). To alleviate the computation
eﬀort, PDQ∧NEQ re-ranks the 50 initially highest ranked
passages; lower ranked passages retain their original ranks.
Furthermore, passages retrieved for Misc type questions are
not re-ranked as they have no target entity, and hence, reranking (based on NE occurrences) has no impact.
As it turns out, PDQ∧NEQ outperforms PDQ in a substantial and statistically signiﬁcant manner (two tailed paired
t-test, p = 0.05). Speciﬁcally, PDQ’s MAP performance is
.31, .24, .21, and .18 for TREC’99, TREC’00, TREC’01, and
TREC’02, respectively, while that of PDQ∧NEQ is .33, .26,
.23, and .21. This ﬁnding, which echoes those from work on
using named entities for improving passage retrieval performance for QA [3, 5, 1], attests to the eﬀectiveness, in terms
of retrieval performance, of our entity-based judge.
In Table 2 we present the prediction quality of NQC and
NQC·NEQT over all the question types studied (including
Misc) when applied over GP DQ (the passage list used insofar) and GP DQ∧NEQ , the passage list created using PDQ∧NEQ.
(Using WIG yields similar prediction quality patterns.)
We can see in Table 2 that the prediction quality for
GP DQ∧NEQ is often superior to the prediction quality for
GP DQ . Thus, our prediction approach is eﬀective whether
the passage retrieval method uses entity-based information
or not. Furthermore, these ﬁndings allow for maximal ﬂexibility in terms of resource allocation between the retrieval
and prediction tasks for QA, because the entity-based judge
can be used simultaneously for improving retrieval and for
predicting retrieval performance.

5.

List
GP DQ
GP DQ∧N EQ
GP DQ
GP DQ∧N EQ

CONCLUSION

We presented a novel approach to predicting the performance of passage retrieval for question answering and em-
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pirically demonstrated its merits. The approach integrates
predictors adapted from work on performance prediction for
document retrieval with named-entity-based estimates.
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