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• Retrieval from large web collections

‣ Lots of documents (~1B)

‣ High-precision important

‣ Hyperlinked documents

‣ Lots of spam/junk/non-English documents

‣ Domain general

‣ Low ambiguity of user intent (tail queries)

‣ High ambiguity of user intent (head queries)

2

Goal
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• Ad-hoc retrieval task (same task, different measures)

‣ single-facet topics: queries associated with a single 
sub-intent. tail-like queries.

‣ faceted topics: queries associated with multiple sub-
intents. head-like queries.

• Risk-sensitive retrieval task

‣ maximize average performance, minimize 
probability of failure compared to a baseline
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Two Tasks
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Evaluation Methodology
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• Category A (full dataset)

‣ 733,019,372 webpages

‣ crawled from 2/10/2012-5/10/2012

‣ 5TB compressed, 27TB uncompressed

• Category B (smaller option)

‣ Experiments with 1B documents requires a cluster

‣ 52,343,021 webpages

‣ 7% of Category A
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ClueWeb12 Collection
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Single-Facet Topic

Examples of single-facet topics include:
<topic number="227" type="single">

<query>i will survive lyrics</query>

<description>Find the lyrics to the song "I Will Survive".</description>

</topic>

<topic number="229" type="single">

<query>beef stroganoff recipe</query>

<description>
Find complete (not partial) recipes for beef stroganoff.

</description>

</topic>

Examples of faceted topics include:
<topic number="235" type="faceted">

<query>ham radio</query>

<description>How do you get a ham radio license?</description>

<subtopic number="1" type="inf">How do you get a ham radio license?</subtopic>

<subtopic number="2" type="nav">What are the ham radio license classes?</subtopic>

<subtopic number="3" type="inf">How do you build a ham radio station?</subtopic>

<subtopic number="4" type="inf">Find information on ham radio antennas.</subtopic>

<subtopic number="5" type="nav">What are the ham radio call signs?</subtopic>

<subtopic number="6" type="nav">Find the web site of Ham Radio Outlet.</subtopic>
</topic>

<topic number="245" type="faceted">

<query>roosevelt island</query>

<description>What restaurants are on Roosevelt Island (NY)?</description>

<subtopic number="1" type="inf">What restaurants are on Roosevelt

Island (NY)?</subtopic>

<subtopic number="2" type="nav">Find the Roosevelt Island tram schedule.</subtopic>

<subtopic number="3" type="inf">What is the history of the Roosevelt

Island tram?</subtopic>

<subtopic number="4" type="nav">Find a map of Roosevelt Island (NY).</subtopic>

<subtopic number="5" type="inf">
Find real estate listings for Roosevelt Island (NY).

</subtopic>

Initial topic release to participants included only the query field, as
shown in the excerpt here:
201:raspberry pi
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• Query: input to the system

• Description: hypothetical information need used by 
assessors to judge relevance
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Multiple-Facet Topic

Examples of single-facet topics include:
<topic number="227" type="single">

<query>i will survive lyrics</query>

<description>Find the lyrics to the song "I Will Survive".</description>

</topic>

<topic number="229" type="single">

<query>beef stroganoff recipe</query>

<description>
Find complete (not partial) recipes for beef stroganoff.

</description>

</topic>

Examples of faceted topics include:
<topic number="235" type="faceted">

<query>ham radio</query>

<description>How do you get a ham radio license?</description>

<subtopic number="1" type="inf">How do you get a ham radio license?</subtopic>

<subtopic number="2" type="nav">What are the ham radio license classes?</subtopic>

<subtopic number="3" type="inf">How do you build a ham radio station?</subtopic>

<subtopic number="4" type="inf">Find information on ham radio antennas.</subtopic>

<subtopic number="5" type="nav">What are the ham radio call signs?</subtopic>

<subtopic number="6" type="nav">Find the web site of Ham Radio Outlet.</subtopic>
</topic>

<topic number="245" type="faceted">

<query>roosevelt island</query>

<description>What restaurants are on Roosevelt Island (NY)?</description>

<subtopic number="1" type="inf">What restaurants are on Roosevelt

Island (NY)?</subtopic>

<subtopic number="2" type="nav">Find the Roosevelt Island tram schedule.</subtopic>

<subtopic number="3" type="inf">What is the history of the Roosevelt

Island tram?</subtopic>

<subtopic number="4" type="nav">Find a map of Roosevelt Island (NY).</subtopic>

<subtopic number="5" type="inf">
Find real estate listings for Roosevelt Island (NY).

</subtopic>

Initial topic release to participants included only the query field, as
shown in the excerpt here:
201:raspberry pi
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• Informational sub-intent (INF): multiple relevant 
documents

• Navigational sub-intent (NAV): a single or a few 
relevant documents
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Faceted Topic Construction

• Created by NIST assessors by considering at the output 
of Bing’s query suggestions and auto-complete 
suggestions in response to the query

• Based on query-term co-occurrence information in the 
Bing query-log

‣ “ham radio” --> “ham radio license”

‣ “ham radio” --> “building a ham radio“
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• NDCG@K
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Ad-hoc Evaluation
single-facet measures

NDCG@k =
DCG@k
iDCG@k

DCG@k =
k

Â
i=1

2

gi � 1

log

2

(1 + i)
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• NAV(4): represents a homepage of the entity named in 
the query

• Key(3): dedicated primarily to the topic

• HRel(2): provides substantial information about the topic

• Rel(1): provides some information about the topic

• Non (0): provides no information about the topic

• Junk (0): is not useful for any purpose
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Ad-hoc Evaluation
 gain definitions
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• Expected Reciprocal Rank (ERR)
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Ranking 1 Ranking 2
URL CTR URL CTR

uk.myspace.com 0.97 www.myspace.com 0.97
www.myspace.com 0.11

Figure 2: Illustration of the problem with position-
based models. The query is myspace in the UK mar-
ket. See text for discussion.

dency among URLs on a search results page. In its generic
form, the cascade model assumes that the user views search
results from top to bottom and at each position, the user
has a certain probability of being satisfied. Let Ri be this
probability at position i.2 Once the user is satisfied with
a document, he/she terminates the search and documents
below this result are not examined regardless of their posi-
tion. It is of course natural to expect Ri to be an increasing
function of the relevance grade, and indeed in what follows
we will assimilate it to the often loosely-defined notion of
“relevance”. This generic version of the cascade model is
summarized in Algorithm 1.

Algorithm 1 The cascade user model

Require: R1, . . . , R10 the relevance of the 10 URLs on the
result page.

1: i = 1
2: User examines position i.
3: if random(0,1) ≤ Ri then
4: User is satisfied with the document in position i and

stops.
5: else
6: i← i + 1; go to 2
7: end if

Two instantiations of this model have been presented in
[12, 8]. In the former, Ri is the same as the attractiveness
defined above for position-based models: it measures a prob-
ability of click which can be interpreted as the relevance of
the snippet. In that model, it is assumed that the user is al-
ways satisfied after clicking. It can however be the case that
the snippet looks attractive, but that the user does not find
any relevant information on the corresponding landing page.
This is the reason why an extended cascade model has been
proposed in [8, Section 5], in which the user might not be
satisfied after clicking. More precisely, there is a probability,
depending on the landing page, that the user will go back
to the search result list after clicking. The Ri in Algorithm
1 have now to be understood as the relevance probability of
the landing page.

In both models a document satisfies the user with prob-
ability Ri. The values Ri can be estimated by maximum
likelihood on the click logs. Alternatively, as we will do in
the next section, the Ri values can be set as a function of the
editorial grade of the URL. For a given set of Ri, the likeli-
hood of a session for which the user is satisfied and stops at
position r is:

r−1
Y

i=1

(1−Ri)Rr, (2)

2The probability is in fact a function of the i-th document
d(i). However, for simplicity we shorten Rd(i) to Ri.

which is simply the probability the the user is not satisfied
with the first r− 1 results and is satisfied with the r-th one.

4. PROPOSED METRIC
We now introduce our proposed metric based on the cas-

cade model described in the previous section. A key step
is the definition of the probability that a user finds a doc-
ument relevant as a function of the editorial grade of that
document. Let gi be the grade of the i-th document, then:

Ri := R(gi), (3)

where R is a mapping from relevance grades to probability of
relevance. R can be chosen in different ways; in accordance
with the gain function for DCG used in [4], we might take
it to be:

R(g) :=
2g − 1
2gmax

, g ∈ {0, . . . , gmax}. (4)

When the document is non-relevant (g = 0), the probability
that the user finds it relevant is 0, while when the document
is extremely relevant (g = 4 if a 5 point scale is used), then
the probability of relevance is near 1.

We first define the metric in a more general way by con-
sidering a utility function ϕ of the position. This function
typically satisfies ϕ(1) = 1 and ϕ(r)→ 0 as r goes to +∞.

Definition 1 (Cascade based metric). Given a util-
ity function ϕ, a cascade based metric is the expectation of
ϕ(r), where r is the rank where the user finds the document
he was looking for. The underlying user model is the cascade
model (2), where the Ri are given by (3).

In the rest of this paper we will be considering the special
case ϕ(r) = 1/r, but there is nothing particular about that
choice and, for instance, we could have instead picked ϕ(r) =

1
log2(r+1) as in the discount function of DCG.

Definition 2 (Expected Reciprocal Rank).
The Expected Reciprocal Rank is a cascade based metric with
ϕ(r) = 1/r.

It may not seem straightforward to compute ERR from
the previous definition because there is an expectation. How-
ever it can easily be computed as follows:

ERR :=
n

X

r=1

1
r

P (user stops at position r),

where n is the number of documents in the ranking. The
probability that the user stops at position r is given by the
definition of the cascade model (2). Plugging that value into
the above equation, we finally obtain:

ERR :=
n

X

r=1

1
r

r−1
Y

i=1

(1−Ri)Rr. (5)

A näıve computation using the above requires O(n2) oper-
ations. But as shown in Algorithm 2, ERR can easily be
computed in O(n) time.

Compared to position-based metrics such as DCG and
RBP for which the discount depends only the position, the
discount in ERR depends on the relevance of documents
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Figure 2: Illustration of the problem with position-
based models. The query is myspace in the UK mar-
ket. See text for discussion.

dency among URLs on a search results page. In its generic
form, the cascade model assumes that the user views search
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dency among URLs on a search results page. In its generic
form, the cascade model assumes that the user views search
results from top to bottom and at each position, the user
has a certain probability of being satisfied. Let Ri be this
probability at position i.2 Once the user is satisfied with
a document, he/she terminates the search and documents
below this result are not examined regardless of their posi-
tion. It is of course natural to expect Ri to be an increasing
function of the relevance grade, and indeed in what follows
we will assimilate it to the often loosely-defined notion of
“relevance”. This generic version of the cascade model is
summarized in Algorithm 1.

Algorithm 1 The cascade user model

Require: R1, . . . , R10 the relevance of the 10 URLs on the
result page.

1: i = 1
2: User examines position i.
3: if random(0,1) ≤ Ri then
4: User is satisfied with the document in position i and

stops.
5: else
6: i← i + 1; go to 2
7: end if

Two instantiations of this model have been presented in
[12, 8]. In the former, Ri is the same as the attractiveness
defined above for position-based models: it measures a prob-
ability of click which can be interpreted as the relevance of
the snippet. In that model, it is assumed that the user is al-
ways satisfied after clicking. It can however be the case that
the snippet looks attractive, but that the user does not find
any relevant information on the corresponding landing page.
This is the reason why an extended cascade model has been
proposed in [8, Section 5], in which the user might not be
satisfied after clicking. More precisely, there is a probability,
depending on the landing page, that the user will go back
to the search result list after clicking. The Ri in Algorithm
1 have now to be understood as the relevance probability of
the landing page.

In both models a document satisfies the user with prob-
ability Ri. The values Ri can be estimated by maximum
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which is simply the probability the the user is not satisfied
with the first r− 1 results and is satisfied with the r-th one.

4. PROPOSED METRIC
We now introduce our proposed metric based on the cas-

cade model described in the previous section. A key step
is the definition of the probability that a user finds a doc-
ument relevant as a function of the editorial grade of that
document. Let gi be the grade of the i-th document, then:

Ri := R(gi), (3)

where R is a mapping from relevance grades to probability of
relevance. R can be chosen in different ways; in accordance
with the gain function for DCG used in [4], we might take
it to be:

R(g) :=
2g − 1
2gmax

, g ∈ {0, . . . , gmax}. (4)

When the document is non-relevant (g = 0), the probability
that the user finds it relevant is 0, while when the document
is extremely relevant (g = 4 if a 5 point scale is used), then
the probability of relevance is near 1.

We first define the metric in a more general way by con-
sidering a utility function ϕ of the position. This function
typically satisfies ϕ(1) = 1 and ϕ(r)→ 0 as r goes to +∞.

Definition 1 (Cascade based metric). Given a util-
ity function ϕ, a cascade based metric is the expectation of
ϕ(r), where r is the rank where the user finds the document
he was looking for. The underlying user model is the cascade
model (2), where the Ri are given by (3).

In the rest of this paper we will be considering the special
case ϕ(r) = 1/r, but there is nothing particular about that
choice and, for instance, we could have instead picked ϕ(r) =

1
log2(r+1) as in the discount function of DCG.

Definition 2 (Expected Reciprocal Rank).
The Expected Reciprocal Rank is a cascade based metric with
ϕ(r) = 1/r.

It may not seem straightforward to compute ERR from
the previous definition because there is an expectation. How-
ever it can easily be computed as follows:

ERR :=
n

X

r=1

1
r

P (user stops at position r),

where n is the number of documents in the ranking. The
probability that the user stops at position r is given by the
definition of the cascade model (2). Plugging that value into
the above equation, we finally obtain:

ERR :=
n

X

r=1

1
r

r−1
Y

i=1

(1−Ri)Rr. (5)

A näıve computation using the above requires O(n2) oper-
ations. But as shown in Algorithm 2, ERR can easily be
computed in O(n) time.

Compared to position-based metrics such as DCG and
RBP for which the discount depends only the position, the
discount in ERR depends on the relevance of documents
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single-facet measures
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• IR metrics can be easily extended to evaluate diversity

‣ judge documents with respect to each facet 
independently

‣ compute the metric value for each facet

‣ take weighted average

Â
t

P(t|Q)⇥ metric(RQ)

Ad-hoc Evaluation
multiple-facet measures
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P@10 = ?

Ad-hoc Evaluation
multiple-facet measures
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P@10 = 0.70

Ad-hoc Evaluation
multiple-facet measures
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P@10 = ?

P@10 = ?

P@10 = ?

P@10 = ?

Ad-hoc Evaluation
multiple-facet measures
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P@10 = 0.10

P@10 = 0.30

P@10 = 0.10

P@10 = 0.20

Intent P@10 =
(0.10 + 0.30 + 0.10 + 0.20) / 4 = 0.175

Ad-hoc Evaluation
multiple-facet measures
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P@10 = 0.00

P@10 = 0.00

P@10 = 0.00

P@10 = 0.70

Intent P@10 =
(0.00 + 0.00 + 0.00 + 0.70) / 4 = 0.175

Ad-hoc Evaluation
multiple-facet measures
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Intent P@10 =
(0.10 x 0.00) + (0.50 x 0.00) + 
(0.10 x 0.00) + (0.30 x 0.70) = 0.21

P(t|Q) = 0.10

P(t|Q) = 0.50

P(t|Q) = 0.10

P(t|Q) = 0.30

P@10 = 0.00

P@10 = 0.00

P@10 = 0.00

P@10 = 0.70

Ad-hoc Evaluation
multiple-facet measures
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Intent P@10 =
(0.10 x 0.10) + (0.50 x 0.30) + 
(0.10 x 0.10) + (0.30 x 0.20) = 0.23

P(t|Q) = 0.10

P(t|Q) = 0.50

P(t|Q) = 0.10

P(t|Q) = 0.30

P@10 = 0.10

P@10 = 0.30

P@10 = 0.10

P@10 = 0.20

Ad-hoc Evaluation
multiple-facet measures

Better performance on the more 
probably facet!
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DCG in [28]. In addition to learning to the mapping function
R, it is also possible to learn the utility function ϕ (see
definition 1), that is, instead of using ϕ(r) = 1/r, learn the
values ϕ(1), . . . , ϕ(K), where K is the number of positions.

7.2 Extended cascade model
The original cascade model of [12] has later been extended

in [8] to include an abandonment probability: if the user is
not satisfied at a given position, he will examine the next
url with probability γ, but has a probability 1− γ of aban-
doning. In that model, the probability of the user stopping
at position r is:

γr−1
r−1
Y

i=1

(1−Ri)Rr,

which is the same as (2) but multiplied by γr−1. With the
possibility of the user giving up, it can make sense to define
a simpler utility function: 0 if the user abandoned, 1 other-
wise; that is ϕ(r) = 1 in definition 1. The resulting metric
is then defined as:

n
X

r=1

γr−1
r−1
Y

i=1

(1−Ri)Rr,

which is very similar to the ERR formulation (5), the only
difference being that the 1/r decay is replaced by a geometric
decay γr−1.

7.3 Link with clicks
The mapping function from relevance grade to probability

of relevance is currently chosen to match the gain function
for DCG. An alternative way to define the mapping function
is to learn it directly from click logs. For instance R(g) can
be the average relevance estimated from click logs of all the
URLs having grade g.

Our proposed metric can also be easily extended to accom-
modate relevance judgments in the form of combined edito-
rial data and click data. So far most previous metrics have
been based entirely on one type of relevance judgment and
do not easily extend to use more than one. Since our metric
is based on a click model, clicks can be combined with rele-
vance judgments seemlessly within the metric. When there
is a document with missing editorial judgement, we can use
its predicted probability of relevance by fitting the cascade
model with click logs. This could help the missing judgment
issue. On the other hand, we can also largely rely on clicks
for evaluation and only actively collect editorial judgment
when we could not get a confident prediction for the proba-
bility of relevance from click logs. The latter one would be
a more cost effective way of evaluating search engines.

7.4 Diversity
Research on metrics that incorporate the notion of diver-

sity has recently gained interest [1, 9]. The measure pre-
sented in this paper and the underlying cascade model can
easily be extended to handle this notion.

Let P (t|q) be the distribution of topics3 for a given query
q. Each document is now judged with respect to the possible
topics, where gt

i denotes the grade of the document in posi-
tion i for topic t. The associated probability of relevance is

3Instead of topics, [1] refers to classes and [9] to nuggets.

then Rt
i := R(gt

i). As in the standard cascade model, a user
interested by topic t will stop at rank r with probability:

r−1
Y

i=1

(1−Rt
i)R

t
r.

Marginalizing over the topics, the probability that a user
stops at rank r is:

X

t

P (t|q)
r−1
Y

i=1

(1−Rt
i)R

t
r.

And the diversity extension of ERR can be written as:

n
X

r=1

1
r

X

t

P (t|q)
r−1
Y

i=1

(1−Rt
i)R

t
r. (6)

Interestingly a similar equation to (6) has been derived in
[1], but for the purpose of finding a diverse set of results,
not for evaluation (their evaluation is based on an expected
DCG which, in our opinion, does not give enough weight to
minor intents). To be precise, the objective function of [1]
is the probability that user finds a relevant result and not
the expected reciprocal rank. But both are similar. Also [1]
notes in conclusion that in future work, it would be better
to optimize for “the expected rank at which the user will
find useful information” instead of the probability that he
will find something: that is what (6) achieves.

8. CONCLUSIONS
In this paper, we proposed a novel evaluation metric for in-

formation retrieval called expected reciprocal rank, or ERR.
The metric, which was inspired by the cascade user browsing
model, measures the (inverse) expected effort required for a
user to satisfy their information need. The metric differs
from average precision, rank-biased precision, and DCG in
that it heavily discounts the contributions of documents that
appear after highly relevant documents. This intuition, bor-
rowed from the cascade model, assumes that a user is more
likely to stop browsing if they have already seen one or more
highly relevant documents. ERR supports graded relevance
judgments and simplifies to reciprocal rank in the case of
binary relevance judgments.

A rigorous set of empirical evaluations were carried out
on a data set from a commercial search engine. The re-
sults showed that ERR consistently correlates better with
a wide range of click-based metrics compared to DCG and
other editorial metrics. The difference in correlation was
particularly pronounced for navigational, short, and head
queries, where ERR was much more highly correlated than
DCG. Our experimental results suggest that ERR reflects
real user browsing behavior better and quantifies user satis-
faction more accurately than DCG.

Finally, we proposed several possible extensions to ERR
that make the metric even more robust and attractive. These
extensions include a method for automatically estimating
the metric parameters, the ability to use both human edito-
rial judgments and click data with the metric, and a simple
way to incorporate the notion of diversity into the metric.

Thus, we argue that ERR should replace DCG as the de
facto evaluation measure for web search engines, since it is
inspired from an accurate user browsing model, correlates
much better with a wide range of click-based metrics, and
has a number of highly practical and useful extensions.

Ranking 1 Ranking 2
URL CTR URL CTR

uk.myspace.com 0.97 www.myspace.com 0.97
www.myspace.com 0.11

Figure 2: Illustration of the problem with position-
based models. The query is myspace in the UK mar-
ket. See text for discussion.

dency among URLs on a search results page. In its generic
form, the cascade model assumes that the user views search
results from top to bottom and at each position, the user
has a certain probability of being satisfied. Let Ri be this
probability at position i.2 Once the user is satisfied with
a document, he/she terminates the search and documents
below this result are not examined regardless of their posi-
tion. It is of course natural to expect Ri to be an increasing
function of the relevance grade, and indeed in what follows
we will assimilate it to the often loosely-defined notion of
“relevance”. This generic version of the cascade model is
summarized in Algorithm 1.

Algorithm 1 The cascade user model

Require: R1, . . . , R10 the relevance of the 10 URLs on the
result page.

1: i = 1
2: User examines position i.
3: if random(0,1) ≤ Ri then
4: User is satisfied with the document in position i and

stops.
5: else
6: i← i + 1; go to 2
7: end if

Two instantiations of this model have been presented in
[12, 8]. In the former, Ri is the same as the attractiveness
defined above for position-based models: it measures a prob-
ability of click which can be interpreted as the relevance of
the snippet. In that model, it is assumed that the user is al-
ways satisfied after clicking. It can however be the case that
the snippet looks attractive, but that the user does not find
any relevant information on the corresponding landing page.
This is the reason why an extended cascade model has been
proposed in [8, Section 5], in which the user might not be
satisfied after clicking. More precisely, there is a probability,
depending on the landing page, that the user will go back
to the search result list after clicking. The Ri in Algorithm
1 have now to be understood as the relevance probability of
the landing page.

In both models a document satisfies the user with prob-
ability Ri. The values Ri can be estimated by maximum
likelihood on the click logs. Alternatively, as we will do in
the next section, the Ri values can be set as a function of the
editorial grade of the URL. For a given set of Ri, the likeli-
hood of a session for which the user is satisfied and stops at
position r is:

r−1
Y

i=1

(1−Ri)Rr, (2)

2The probability is in fact a function of the i-th document
d(i). However, for simplicity we shorten Rd(i) to Ri.

which is simply the probability the the user is not satisfied
with the first r− 1 results and is satisfied with the r-th one.

4. PROPOSED METRIC
We now introduce our proposed metric based on the cas-

cade model described in the previous section. A key step
is the definition of the probability that a user finds a doc-
ument relevant as a function of the editorial grade of that
document. Let gi be the grade of the i-th document, then:

Ri := R(gi), (3)

where R is a mapping from relevance grades to probability of
relevance. R can be chosen in different ways; in accordance
with the gain function for DCG used in [4], we might take
it to be:

R(g) :=
2g − 1
2gmax

, g ∈ {0, . . . , gmax}. (4)

When the document is non-relevant (g = 0), the probability
that the user finds it relevant is 0, while when the document
is extremely relevant (g = 4 if a 5 point scale is used), then
the probability of relevance is near 1.

We first define the metric in a more general way by con-
sidering a utility function ϕ of the position. This function
typically satisfies ϕ(1) = 1 and ϕ(r)→ 0 as r goes to +∞.

Definition 1 (Cascade based metric). Given a util-
ity function ϕ, a cascade based metric is the expectation of
ϕ(r), where r is the rank where the user finds the document
he was looking for. The underlying user model is the cascade
model (2), where the Ri are given by (3).

In the rest of this paper we will be considering the special
case ϕ(r) = 1/r, but there is nothing particular about that
choice and, for instance, we could have instead picked ϕ(r) =

1
log2(r+1) as in the discount function of DCG.

Definition 2 (Expected Reciprocal Rank).
The Expected Reciprocal Rank is a cascade based metric with
ϕ(r) = 1/r.

It may not seem straightforward to compute ERR from
the previous definition because there is an expectation. How-
ever it can easily be computed as follows:

ERR :=
n

X

r=1

1
r

P (user stops at position r),

where n is the number of documents in the ranking. The
probability that the user stops at position r is given by the
definition of the cascade model (2). Plugging that value into
the above equation, we finally obtain:

ERR :=
n

X

r=1

1
r

r−1
Y

i=1

(1−Ri)Rr. (5)

A näıve computation using the above requires O(n2) oper-
ations. But as shown in Algorithm 2, ERR can easily be
computed in O(n) time.

Compared to position-based metrics such as DCG and
RBP for which the discount depends only the position, the
discount in ERR depends on the relevance of documents

• Expected Reciprocal Rank:

• Intent-Aware Expected Reciprocal Rank:

Ad-hoc Evaluation
multiple-facet measures
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• Parameter controls the influence from poor performing 
queries relative to the baseline performance

• Between -1 and +1

Risk-Sensitive Evaluation

Urisk(Q) =
1
N

 

Â
q2Q+

D(q)� (a � 1) Â
q2Q�

D(q)

!
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Algorithmic Solutions

Monday, February 3, 14



23

Table 3: Top ad-hoc task results ordered by ERR@20. Only the best run according
to ERR@20 from each group is included in the ranking.

Group Run Cat Type ERR@20 nDCG@20

Technion clustmrfaf A auto 0.184 0.310

udel fang UDInfolabWEB2 A auto 0.176 0.282

uogTr uogTrAIwLmb A auto 0.160 0.259

ICTNET ICTNET13RSR2 A auto 0.158 0.236

udel udelManExp A manual 0.157 0.246

ut ut22xact A auto 0.152 0.228

diro web 13 udemQlm1lFbWiki A auto 0.152 0.254

wistud wistud.runD A manual 0.134 0.225

CWI cwiwt13cps A auto 0.128 0.218

UJS UJS13LCRAd2 B auto 0.107 0.148

RMIT RMITSCTh A auto 0.102 0.179

webis webisrandom A auto 0.101 0.181

MSR Redmond msr alpha0 95 4 A manual 0.097 0.175

Organizers baseline A auto 0.096 0.168

UWaterlooCLAC UWCWEB13RISK02 A auto 0.085 0.132

DLDE dlde B manual 0.008 0.007

5 Conclusions and Future Plans

The Web track will continue for a sixth year in TREC 2014, using sub-
stantially the same tasks and methodology as this year, but with potential
adjustments in some aspects. The following are known areas for refinement,
based on participant feedback and our experience organizing this year’s Web
track.

• Improved methodology for developing and assessing the more focused,
unfaceted (also referred to as single-facet) topics. Many of the un-
faceted topic candidates were indeed unambiguous, more tail-like queries,
but a number had potentially multiple answers (e.g. [dark chocolate
health benefits]). This led to many pages being partially relevant, with
no clear way for assessors to know when it was complete enough. We
believe retaining a blend of more or less focused query types is impor-
tant to reflect the nature of authentic Web queries, but will look at
revised query clusters and clearer topic development and assessment
guidelines for unfaceted topics.

10

Results
ad-hoc with single-facet
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• Retrieval top-10K docs using baseline (MRF) score

• Re-rank the top-1K using “learning to rank”

• Re-rank the top-50 using cluster-based retrieval

‣ assumption: similar documents are relevant to same 
information needs (or, similar documents should have 
similar scores)

‣ cluster top-50 documents

‣ rank clusters based on its (average) document scores

‣ re-rank documents based on cluster rank

Ad-hoc Retrieval
technion
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Ad-hoc Retrieval
university of delaware

Evaluating the Effectiveness of Axiomatic Approaches in
Web Track
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ABSTRACT

In this paper we describe our efforts for TREC 2013 Web
track. We focus on evaluating the effectiveness of axiomatic
retrieval model on large data collection. Axiomatic ap-
proach basically searches for the retrieval functions that sat-
isfy some reasonable retrieval constraints. We also evaluate
the semantic term matching method which does the query
expansion by choosing the semantically related terms. Ex-
periment results on adhoc task and diversity task demon-
strate the effectiveness of the method.

1. INTRODUCTION

TREC 2013 Web track has two main tasks - Adhoc task
and Risk Sensitive (RS) task. We participate both Adhoc
and RS task using the similar method, an axiomatic re-
trieval model with query expansion using semantically re-
lated terms to queries.
Axiomatic retrieval models have recently proposed [3, 2]

and have been verified as effective models in comparing with
some other well known baselines such as Okapi-BM25 and
Pivoted Normalization. The main idea of axiomatic ap-
proach is to construct retrieval functions that satisfy a set of
reasonable retrieval constraints. Fang and Zhai [2] proposed
several basic axiomatic retrieval functions based on the ex-
isting retrieval functions and the proposed constraints. The
proposed functions are less sensitive to the parameter set-
ting than other existing retrieval functions and obtain com-
parable optimal performance. To further improve the the
performance, the semantic term matching based query ex-
pansion method has also been proposed [3] under the ax-
iomatic retrieval framework. In such approach, the semantic
similarity between two terms are measured based on their
mutual information computed over a carefully constructed
working set. The weights of the semantically related terms
are regulated by set of reasonable semantic term matching
constraints. The performance highly depends on the choice
of the working set that used to compute term mutual in-
formation since the working set affects the quality of the
semantically related terms. In our experiments, we tested
two different working sets: (1) the working set constructed
from the test collection itself, and (2) the working set con-
structed from the Web search engine snippets. Experiment
results show that Web working set performs better.

2. RETRIEVAL METHOD

Previous study derived several basic axiomatic retrieval
functions [2]. Our preliminary experiments on the data col-
lection of ClueWeb09 Category B show that the F2-LOG

function outperform other functions. The F2-LOG retrieval
function is shown as follows:

S(Q,D) =
∑

t∈Q
⋂

D

C(t, Q) ×
C(t, Q)

C(t, Q) + s + s ·
|D|
avdl

× ln
N + 1

df(t)
(1)

where Q is the query, D is the document, C(t, Q) is the
term count of term t in Q, |D| is the document length, avdl
is the average document length, N is the total number of
documents and df(t) is the document frequency of t.

The semantic term matching method [3] can connect the
vocabularies between documents and queries and thus over-
come the limitation of syntactic term matching. The method
relies on three semantic term matching constraints to bal-
ance the importance of the semantic related terms and the
original query terms. After incorporating the semantic term
matching, the retrieval scores of a single term document t
for query Q can be computed based on the following func-
tions:

S(Q, t) =

∑

q∈Q s(q, t)

|Q|
,

where s(q, t) =

{

ω(q) if t = q

ω(q)× β × s(q,t)
s(q,q) if t "= q

(2)

where t is a term in the document, q is a term in query
Q, ω(q) is the idf of q and β is the parameter that controls
how much we trust the semantically related term. s(q, t)
is the semantic similarity between q and t. The semantic
similarity between terms, i.e., s(q, t) is computed with the
mutual information:

s(q, t) = I(Xq , Xt|W )

=
∑

Xq ,Xt∈{0,1}

p(Xq , Xt|W ) · log
p(Xq , Xt|W )

p(Xq |W )p(Xt|W )
(3)

where Xq and Xt are two binary random variables that
denote the presence/absence of query term q and term t in
the document. W is the working set to compute the mutual
information.

The implementation of our method basically consists of
three steps:

1. The working set to compute the term similarity is con-
tructed. An effective method [3] to build the working
set is used. In particular, the working set includes R
relevant documents and N×R randomly chosen docu-
ments. We set R as 20 and N as 19 as previous study

• Sum of TF.IDF values from query-terms

• Expand query using terms with a high average mutual 
information with the query-terms
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Mutual Information

• P(w1, w2): probability that words w1 and w2 both appear 
in a text

• P(w1): probability that word w1 appears in a text, with or 
without w2

• P(w2): probability that word w2 appears in a text, with or 
without w1

• The definition of “a text” is up to you (e.g., a sentence, a 
paragraph, a document)

MI(w1, w2) = log

(

P(w1, w2)
P(w1)P(w2)

)
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Mutual Information

• If P(w1, w2) = P(w1) P(w2), it means that the words are 
independent: knowing that one appears conveys no 
information that the other one appears

• If P(w1, w2) > P(w1) P(w2), it means that the words are not 
independent: knowing that one appears conveys some 
information that the other one appears

MI(w1, w2) = log

(

P(w1, w2)
P(w1)P(w2)

)
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P(w1, w2) = ?

P(w1) = ?

P(w2) = ?

Mutual Information
estimation (using documents as units of analysis)

a b

c d

word w2 
appears

word w2 
does not 
appear

word w1 
appears

word w1 
does not 
appear

total # of documents 
N = a + b + c +d

every document 
falls under one 

of these 
quadrants
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P(w1, w2) = a / N

P(w1) = (a + c) / N

P(w2) = (a + b) / N

Mutual Information
estimation (using documents as units of analysis)

a b

c d

word w2 
appears

word w2 
does not 
appear

word w1 
appears

word w1 
does not 
appear

total # of documents 
N = a + b + c +d

every document 
falls under one 

of these 
quadrants
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Ad-hoc Retrieval
university of glasgow

• Learning to rank approach (LambdaMart)

• Learns to predict a documents rank as a function of a set 
of features

• Query-document features + document features

Features Total

Sample: DPH, DFIC or BM25 1
Weighting models on the whole document [11] (DFRee, DPH [1], PL2 [1], BM25, Dirichlet LM, MQT [10], LGD, DFIC [6], DFIZ [6]) 8
Weighting models as above on each field, namely: title, URL, body and anchor text; + PL2F 37
Term-dependence proximity models (MRF [15], pBiL [17]) 2
URL (e.g. length) link (e.g. inlink counts) & content quality (e.g., fraction of stopwords, table text [2], spam classification [5]) features 15
TOTAL 63

Table 3: Document features used in the Web track, both Category A and Category B runs.

ID Submitted Category Stemming Sample LTR Other
uogTrAIwLab ! A Weak DFIC AFS -
uogTrAIwLmb Adhoc A Weak DFIC LambdaMART -
uogTrADnLrb Risk A None DPH Risk-aware LambdaMART -
uogTrADnLmb ! A None DPH LambdaMART -
uogTrABwLab ! A Weak BM25 AFS -
uogTrABwLmb ! A Weak BM25 LambdaMART -

uogTrAS1Lb Risk A - - -
Selective

(uogTrABwLab/uogTrADnLrb)

uogTrAS2Lb Adhoc A - - -
Selective

(uogTrABwLab/uogTrADnLrb/uogTrAIwLmb)
uogTrBDnLaw ! B None DPH AFS -
uogTrBDnLmw ! B None DPH LambdaMART -
uogTrBDnLaxw Risk B None DPH AFS xQuAD
uogTrBDnLmxw Adhoc B None DPH LambdaMART xQuAD

Table 4: Summary of submitted and unsubmitted runs to the adhoc and risk-sensitive tasks of the Web track.

• Risk-aware LambdaMART has no impact on effective-
ness compared to normal LambdaMART.

• Our selective approaches, uogTrAS1Lb and uogTrAS2Lb
(which selects between two runs and three runs, re-
spectively), are very similar in effectiveness. Their ob-
served effectiveness’ intersect the performance of their
respective constituent runs.

• Finally, in line with our category B observations, our
most effective category A run (uogTrAIwLmb) is also
the most risk-averse, according to the URISK measures.

Overall, we conclude that with performances substantively
about track median, our general data-driven approach based
on learning to rank for Web search is effective. Diversifica-
tion remains an excellent technique to enhance adhoc ef-
fectiveness. Finally, compared to standard query likelihood
Indri baseline runs, we find that our most effective runs are
always the least risk-averse.

5. CONCLUSIONS

In TREC 2013, we participated in the Web adhoc and
risk-sensitive tasks, the Contextual Suggestion track “en-
tertain me” task and the Temporal Summarisation sequen-
tial update summarisation task, building upon our Terrier
IR platform. In particular, for the Web track, we lever-
aged data-driven learning using our state-of-the-art xQuAD
and Fat frameworks, markedly outperforming the median
of TREC systems, as well as investigating new machine
learning and per-query selective approaches to minimise risk
when ranking. For the Contextual Suggestion track, we pro-
posed a novel approach that leverages localised popularity
and density estimations from location-based social networks
to better suggest currently ‘hot’ venues for the user. Fi-
nally, for the Temporal Summarisation track, we proposed
a new new summarisation framework that combines both
effective search approaches with state-of-the-art summari-
sation to produce extractive summaries that update over

time and examine new adaptive techniques to model how to
select content as events evolve.
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Table 5: Top diversity measures ordered by ERR-IA@20. Only the best run
according to ERR-IA@20 from each group is included in the ranking.

Group Run Cat Type ERR-IA@20 α-nDCG@20 NRBP

udel fang UDInfolabWEB2 A auto 0.582 0.654 0.547

Technion clustmrfaf A auto 0.567 0.668 0.521

ICTNET ICTNET13RSR3 A auto 0.551 0.627 0.512

uogTr uogTrAIwLmb A auto 0.548 0.637 0.498

udel udelPseudo2 A auto 0.539 0.637 0.486

ut ut22base A auto 0.513 0.596 0.470

wistud wistud.runD A manual 0.512 0.589 0.466

CWI cwiwt13cps A auto 0.480 0.557 0.439

diro web 13 udemQlm1lFbWiki A auto 0.480 0.576 0.433

UJS UJS13Risk2 B auto 0.468 0.539 0.434

webis webismixed A auto 0.423 0.516 0.374

RMIT RMITSCTh A auto 0.388 0.489 0.330

MSR Redmond msr alpha1 A manual 0.368 0.476 0.308

Organizers baseline A auto 0.352 0.451 0.294

UWaterlooCLAC UWCWEB13RISK02 A auto 0.323 0.399 0.283

DLDE dlde B manual 0.045 0.058 0.038
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• Maximal Marginal Relevance (MMR)

• Assumption: diversification = redundancy reduction

MMR = arg max

Di2R/S

 
lSIM(Q, Di)� (1 � l)max

Dj2S
SIM(Di, Dj)

!

• Simple

• Intuitive

• Doesn’t explicitly model the different possible facets or 
senses associated with the query

Intent-Aware Retrieval
baseline solution
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(1 � l)P(D|Q) + l

0

@ Â
Qi2Q

0

@P(Qi|Q)P(D|Qi) ’
Dj2S

(1 � P(Dj|Qi))

1

A

1

A

Intent-Aware Retrieval
Explicit Query-Aspect Diversification (xQuAD)
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• Simple (even if looks intimidating)

• Most components can be estimated using language 
modeling

• Explicitly models the different possible facets or senses 
associated with the query

• Requires producing the different “subqueries” for Q

(1 � l)P(D|Q) + l

0

@ Â
Qi2Q

0

@P(Qi|Q)P(D|Qi) ’
Dj2S

(1 � P(Dj|Qi))

1

A

1

A

Intent-Aware Retrieval
Explicit Query-Aspect Diversification (xQuAD)
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• Subqueries

‣ query expansion

‣ document clustering (from the retrieved set)

‣ query recommendations from a commercial service 
(e.g., Google, Bing, Yahoo)

‣ any other ideas?

Intent-Aware Retrieval
Explicit Query-Aspect Diversification (xQuAD)
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• For SIM(Q,D_i) use 1/rank(D_i) as produced by cluster-
based retrieval.

Intent-Aware Retrieval
technion

MMR = arg max

Di2R/S

 
lSIM(Q, Di)� (1 � l)max

Dj2S
SIM(Di, Dj)

!
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Results
risk-sensitive retrieval

Table 6: Overall ERR@10 and risk measures for each team according to difference
from the baseline’s ERR@10 (“Organizers” below). Ordered by α = 1 performance
(i.e., slight risk sensitivity). The best performance in each column was selected for
a team and therefore this may be overly optimistic.

Group ERR@10 ∆,α = 0 ∆,α = 1 ∆,α = 5 ∆,α = 10

Technion 0.175 0.087 0.076 0.033 -0.020

udel fang 0.167 0.078 0.059 -0.018 -0.114

udel 0.150 0.061 0.047 -0.011 -0.084

diro web 13 0.143 0.055 0.034 -0.051 -0.158

uogTr 0.151 0.062 0.030 -0.101 -0.265

ICTNET 0.149 0.060 0.028 -0.079 -0.209

ut 0.144 0.056 0.025 -0.098 -0.248

wistud 0.125 0.037 0.005 -0.063 -0.143

CWI 0.121 0.033 0.003 -0.115 -0.263

Organizers 0.088 0.000 0.000 0.000 0.000

MSR Redmond 0.087 -0.001 -0.009 -0.042 -0.084

RMIT 0.093 0.005 -0.027 -0.156 -0.317

UJS 0.100 0.012 -0.027 -0.184 -0.379

webis 0.093 0.005 -0.029 -0.163 -0.332

UWaterlooCLAC 0.080 -0.009 -0.040 -0.164 -0.319

DLDE 0.008 -0.081 -0.162 -0.486 -0.891
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• Many “special sauces” improve average performance

• Improve a few queries by a lot; hurt many queries by a 
little

• Recent interest in risk-analysis for IR

• Query-expansion relies on an effective baseline retrieval

• Risk = instability

• How can we estimate retrieval effectiveness?

• Perturbation approaches: make small modifications to 
different components of the search process and measure 
the difference in the output ranking

Risk-Aware Retrieval
related work
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• Perturbation approaches: make small modifications to 
different components of the search process and measure 
the difference in the output ranking

‣ the query

‣ documents

‣ model

Risk-Aware Retrieval
related work
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• Use two retrieval models/index-configurations

• Generate query-difficulty features from each retrieval

• Given a set of training queries (with relevance 
judgements), learn to select the model with the best 
retrieval

Risk-Aware Retrieval
university of glasgow
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• What are the possible intents for the query?

• What is the probability distribution across intents?

• Risk-management requires predicting retrieval 
effectiveness (aka query difficulty).  What are sources of 
evidence for predicting retrieval effectiveness?

• How important is robustness from the user’s perspective?

Brain-Storming Topics
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