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ABSTRACT
Offline evaluation of information retrieval and recommendation
has traditionally focused on distilling the quality of a ranking into a
scalar metric such as average precision or normalized discounted cu-
mulative gain. We can use this metric to compare the performance
of multiple systems for the same request. Although evaluation met-
rics provide a convenient summary of system performance, they
also collapse subtle differences across users into a single number
and can carry assumptions about user behavior and utility not sup-
ported across retrieval scenarios. We propose recall-paired prefer-
ence (RPP), a metric-free evaluation method based on directly com-
puting a preference between ranked lists. RPP simulates multiple
user subpopulations per query and compares systems across these
pseudo-populations. Our results across multiple search and rec-
ommendation tasks demonstrate that RPP substantially improves
discriminative power while correlating well with existing metrics
and being equally robust to incomplete data.
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1 INTRODUCTION
A fundamental step in the offline evaluation of search and recom-
mendation systems is to determine whether a ranking from one
system tends to be better than the ranking of a second system. This
often involves, given item-level relevance judgments, distilling each
ranking into a scalar evaluation metric 𝜇, such as average precision
(AP) or normalized discounted cumulative gain (NDCG). We can
then say that one system is preferred to another if its metric values
tend to be higher. We present a stylized version of this approach in
Figure 1a.

Permission to make digital or hard copies of part or all of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for third-party components of this work must be honored.
For all other uses, contact the owner/author(s).
SIGIR ’22, July 11–15, 2022, Madrid, Spain
© 2022 Copyright held by the owner/author(s).
ACM ISBN 978-1-4503-8732-3/22/07.
https://doi.org/10.1145/3477495.3532033

<latexit sha1_base64="9W6W5mEAPHuoMKZo9Hi0v0h0Abk=">AAAB6nicbVBNSwMxEJ3Ur1q/qh69BIvgqexKUY9FLx4r2g9ol5JNs21okl2SrFCW/gQvHhTx6i/y5r8xbfegrQ8GHu/NMDMvTAQ31vO+UWFtfWNzq7hd2tnd2z8oHx61TJxqypo0FrHuhMQwwRVrWm4F6ySaERkK1g7HtzO//cS04bF6tJOEBZIMFY84JdZJDz2Z9ssVr+rNgVeJn5MK5Gj0y1+9QUxTyZSlghjT9b3EBhnRllPBpqVealhC6JgMWddRRSQzQTY/dYrPnDLAUaxdKYvn6u+JjEhjJjJ0nZLYkVn2ZuJ/Xje10XWQcZWklim6WBSlAtsYz/7GA64ZtWLiCKGau1sxHRFNqHXplFwI/vLLq6R1UfUvq7X7WqV+k8dRhBM4hXPw4QrqcAcNaAKFITzDK7whgV7QO/pYtBZQPnMMf4A+fwBgTI3f</latexit>µ
<latexit sha1_base64="+b5wrETkh3KeveUOxcw9MDnTWxw=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbRU0mkqMeiF48VTFtoQ9lsN+3S3U3Y3Qgl9C948aCIV/+QN/+NmzYHbX0w8Hhvhpl5YcKZNq777ZTW1jc2t8rblZ3dvf2D6uFRW8epItQnMY9VN8Saciapb5jhtJsoikXIaSec3OV+54kqzWL5aKYJDQQeSRYxgk0u9UV6PqjW3Lo7B1olXkFqUKA1qH71hzFJBZWGcKx1z3MTE2RYGUY4nVX6qaYJJhM8oj1LJRZUB9n81hk6s8oQRbGyJQ2aq78nMiy0norQdgpsxnrZy8X/vF5qopsgYzJJDZVksShKOTIxyh9HQ6YoMXxqCSaK2VsRGWOFibHxVGwI3vLLq6R9Wfeu6o2HRq15W8RRhhM4hQvw4BqacA8t8IHAGJ7hFd4c4bw4787HorXkFDPH8AfO5w/Bjo4Q</latexit>

µ0<latexit sha1_base64="LQxUP5vN33bpXHfjKZ3JmROFUHE=">AAAB7XicbVBNS8NAEN3Ur1q/qh69LBbBU0lE1GNRDx4r2A9oQ9lsJ+3aTTbsToQS+h+8eFDEq//Hm//GbZuDtj4YeLw3w8y8IJHCoOt+O4WV1bX1jeJmaWt7Z3evvH/QNCrVHBpcSaXbATMgRQwNFCihnWhgUSChFYxupn7rCbQRKn7AcQJ+xAaxCAVnaKVm9xYksl654lbdGegy8XJSITnqvfJXt694GkGMXDJjOp6boJ8xjYJLmJS6qYGE8REbQMfSmEVg/Gx27YSeWKVPQ6VtxUhn6u+JjEXGjKPAdkYMh2bRm4r/eZ0Uwys/E3GSIsR8vihMJUVFp6/TvtDAUY4tYVwLeyvlQ6YZRxtQyYbgLb68TJpnVe+ien5/Xqld53EUyRE5JqfEI5ekRu5InTQIJ4/kmbySN0c5L8678zFvLTj5zCH5A+fzB2N6jwU=</latexit>

�

<latexit sha1_base64="rCCI4DRh7z/4+S6cwkLqWEe4znA=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz00Et4v1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMTXvsZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vktZF1bus1u5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwBSq43W</latexit>⇡
<latexit sha1_base64="ZJGVdJqEr7L2ofyNZl/76zp31Ic=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbRU0mkqMeiF48VTFtoQ9lsN+3S3U3Y3Qgl9C948aCIV/+QN/+NmzYHbX0w8Hhvhpl5YcKZNq777ZTW1jc2t8rblZ3dvf2D6uFRW8epItQnMY9VN8Saciapb5jhtJsoikXIaSec3OV+54kqzWL5aKYJDQQeSRYxgk0u9RN2PqjW3Lo7B1olXkFqUKA1qH71hzFJBZWGcKx1z3MTE2RYGUY4nVX6qaYJJhM8oj1LJRZUB9n81hk6s8oQRbGyJQ2aq78nMiy0norQdgpsxnrZy8X/vF5qopsgYzJJDZVksShKOTIxyh9HQ6YoMXxqCSaK2VsRGWOFibHxVGwI3vLLq6R9Wfeu6o2HRq15W8RRhhM4hQvw4BqacA8t8IHAGJ7hFd4c4bw4787HorXkFDPH8AfO5w+z5I4H</latexit>

⇡0

(a) Metric Difference

<latexit sha1_base64="LQxUP5vN33bpXHfjKZ3JmROFUHE=">AAAB7XicbVBNS8NAEN3Ur1q/qh69LBbBU0lE1GNRDx4r2A9oQ9lsJ+3aTTbsToQS+h+8eFDEq//Hm//GbZuDtj4YeLw3w8y8IJHCoOt+O4WV1bX1jeJmaWt7Z3evvH/QNCrVHBpcSaXbATMgRQwNFCihnWhgUSChFYxupn7rCbQRKn7AcQJ+xAaxCAVnaKVm9xYksl654lbdGegy8XJSITnqvfJXt694GkGMXDJjOp6boJ8xjYJLmJS6qYGE8REbQMfSmEVg/Gx27YSeWKVPQ6VtxUhn6u+JjEXGjKPAdkYMh2bRm4r/eZ0Uwys/E3GSIsR8vihMJUVFp6/TvtDAUY4tYVwLeyvlQ6YZRxtQyYbgLb68TJpnVe+ien5/Xqld53EUyRE5JqfEI5ekRu5InTQIJ4/kmbySN0c5L8678zFvLTj5zCH5A+fzB2N6jwU=</latexit>

�

<latexit sha1_base64="rCCI4DRh7z/4+S6cwkLqWEe4znA=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz00Et4v1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMTXvsZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vktZF1bus1u5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwBSq43W</latexit>⇡
<latexit sha1_base64="ZJGVdJqEr7L2ofyNZl/76zp31Ic=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbRU0mkqMeiF48VTFtoQ9lsN+3S3U3Y3Qgl9C948aCIV/+QN/+NmzYHbX0w8Hhvhpl5YcKZNq777ZTW1jc2t8rblZ3dvf2D6uFRW8epItQnMY9VN8Saciapb5jhtJsoikXIaSec3OV+54kqzWL5aKYJDQQeSRYxgk0u9RN2PqjW3Lo7B1olXkFqUKA1qH71hzFJBZWGcKx1z3MTE2RYGUY4nVX6qaYJJhM8oj1LJRZUB9n81hk6s8oQRbGyJQ2aq78nMiy0norQdgpsxnrZy8X/vF5qopsgYzJJDZVksShKOTIxyh9HQ6YoMXxqCSaK2VsRGWOFibHxVGwI3vLLq6R9Wfeu6o2HRq15W8RRhhM4hQvw4BqacA8t8IHAGJ7hFd4c4bw4787HorXkFDPH8AfO5w+z5I4H</latexit>

⇡0

(b) Direct Preference

Figure 1: Metric Difference versus Direct Preference. System
rankings 𝜋 and 𝜋 ′ are represented as boxes with shaded boxes
indicating relevant item positions. A traditional evaluation
metric 𝜇 such as average precision projects two system rank-
ings to scalar values; the scalar metric difference indicates
preference. Direct preference compares ranked lists explic-
itly, bypassing metric computation. Shaded nodes contrast
the focus of research work between metrics and preferences.

Deriving a system preference from a metric difference can be
problematic for two reasons. First, evaluation metrics, because they
project a ranking onto a scalar value, can lose information about
how two rankings differ. Take, as an example, the popular reciprocal
rank metric (RR). Because RR only considers the rank position of
the first relevant document, its value can be equal for two rankings
that share the position of the first relevant document but differ
dramatically at lower ranks. Although most salient for RR, met-
rics with smooth discount functions such as AP and NDCG still
can collapse different rankings into the same or very similar scalar
value by virtue of their sharp discounts. We refer to this as the
problem of low label efficiency. Second, although most evaluation
metrics are meant to model the quality of a ranking for system
users, they can suggest similarity between systems that actually
behave quite differently for different user populations. For example,
RR might be an appropriate model for known-item search, but it
does not capture higher-recall behaviors like electronic discovery
and systematic review [29]. While metrics with smooth discounts
can be interpreted as averaging performance across different possi-
ble user behaviors, they make very strong assumptions about the
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distribution of behaviors. We refer to this as the problem of low
robustness to user behavior.

We propose rank-paired preference (RPP), an evaluation method
that addresses concerns both about label efficiency and robustness
to user behavior. For a fixed request, RPP directly computes a pref-
erence between systems by modeling how different user subpopula-
tions might prefer one algorithm over another. When aggregating
these subpopulation preferences, each is weighted equally, rather
than weighting users with lower recall requirements more heav-
ily. We contrast RPP with metric-based evaluation in Figure 1b.
By considering the contribution of lower-ranked relevant items,
RPP more efficiently exploits available labels, resulting in higher
sensitivity and discriminative power between systems compared
to metric-based approaches.

We analyze RPP across a variety of search and recommenda-
tion tasks. Specifically, we show that (i) RPP is correlated with
existing ranking metrics, (ii) RPP is equally robust to incomplete
evaluation data compared to existing ranking metrics, and (iii) RPP
has much higher discriminative power than existing ranking met-
rics. In particular, RPP’s higher discriminative power suggests that
preference-based evaluation should be further explored for offline
evaluation.

2 MOTIVATION
In order to motivate our work, consider a retrieval scenario with
binary relevance. Most ranked list evaluation metrics can be de-
composed into a linear function of rank positions of the relevant
items. Given a system ranking 𝜋 , let 𝑓𝑖 be the position of the 𝑖th
relevant item. We can define many metrics as,

𝜇 (𝜋) =
𝑚∑︁
𝑖

𝛿 (𝑓𝑖 )

where𝑚 is the number of relevant items and 𝛿 is a rank discount
function (e.g., 𝛿DCG (𝑖) = 1

log(𝑖+1) , 𝛿RBP (𝑖) = 𝛾𝑖−1). In offline evalu-
ation, we are interested in comparing this value to that of a second
ranking 𝜋 ′, using the difference in metric values to define prefer-
ence. We can expand this difference into a sum of differences over
the𝑚 positions of the relevant items,

Δ𝜇 (𝜋, 𝜋 ′) =
𝑚∑︁
𝑖

𝛿 (𝑓𝑖 ) −
𝑚∑︁
𝑖

𝛿 (𝑓 ′𝑖 )

=

𝑚∑︁
𝑖

𝛿 (𝑓𝑖 ) − 𝛿 (𝑓 ′𝑖 )

=

𝑚∑︁
𝑖

Δ𝜇𝑖 (𝜋, 𝜋 ′)

This disaggregation by recall level lets us observe how the 𝑖th
relevant item contributes to a change in Δ𝜇.

In Figure 2, we examine the behavior of Δ𝜇𝑖 under different
evaluation metrics. In the left column, we show the relationship
between Δ𝜇𝑖 and the position of the 𝑖th relevant item in the pair of
ranked lists being compared (i.e. 𝑓𝑖 and 𝑓 ′𝑖 ); in otherwords, this is the
analytic relationship between 𝑓𝑖 , 𝑓 ′𝑖 , and Δ𝜇𝑖 for different evaluation
metrics. The first row considers rank-biased precision (RBP) with
𝛾 = 0.5 [20]; the second row, NDCG [14]; the last row, Δ𝜇𝑖 =

sgn(𝛿 (𝑓𝑖 ) − 𝛿 (𝑓 ′
𝑖
)), reflecting the preference between rankings by
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Figure 2: Surface of Δ𝜇𝑖 for comparing differences in the top
25 rank positions (left). Empirical cumulative distribution
function for differences observed in all runs submitted to the
TREC 2019 Deep Learning document ranking task (right).

a user seeking to find exactly 𝑖 relevant items with as little effort
as possible. Looking at the surface of Δ𝜇𝑖 for the RBP and NDCG
metrics, we observe that, unless min(𝑓𝑖 , 𝑓 ′𝑖 ) is small, the value of
Δ𝜇𝑖 will be very small; as a result, the summation in Δ𝜇 will be
dominated by changes in rank position amongst documents at the
highest rank positions. This means that the relative preference of
systems by users interested in higher recall will be overshadowed
by the preferences of users interested in fewer relevant items.

In the right column of Figure 2, we show the associated empirical
cumulative distribution function of Δ𝜇𝑖 for all runs submitted to
the TREC 2019 Deep Learning document ranking task [11]. We can
see that the distrbution of Δ𝜇𝑖 for RBP and NDCG is dominated by
values close to zero. Looking at the sign of these differences in the
last row, we observe that, for roughly 93% of the samples, 𝑓𝑖 ≠ 𝑓 ′

𝑖
.

This analysis provides evidence that the discounting of lower-
ranked relevant items massively diminishes their contribution to
metric differences, resulting lower label efficiency and robustness
to user behavior. In the remainder of this paper, we address this
by presenting an alternative evaluation method that more equally
incorporates preferences of users with different recall requirements.



3 PRELIMINARIES
We are interested in comparing pairs of rankings for the same
request from two different systems. Our methods apply to both
search and recommendation contexts. As such, we will refer to
queries and user profiles as requests and documents as items.

Given a request 𝑞 and a corpus of 𝑛 items, let y ∈ ℜ𝑛 be a
vector of item relevance grades, where y𝑖 is the relevance grade
of item 𝑖 . We refer to y as the relevance judgments for 𝑞 and any
grade greater than 0 as relevant. Given a request 𝑞, let 𝜋 ∈ 𝑆𝑛 be a
system’s ranking of items in the corpus. In cases where a system
returns a ranking only of the top 𝑘 items, we assume a worst case
ordering of the remaining items. For example, if a top 𝑘 ranking 𝑋
omits five items with grades {1, 1, 2, 4, 5} from the retrieval, then
we treat these items as ranked in increasing order of utility at the
end of the total corpus ranking,

𝑋 = 04300010300 . . . 000︸                   ︷︷                   ︸
top 𝑘

0000 . . . 0011245︸              ︷︷              ︸
bottom 𝑛 − 𝑘

Similarly, if a top 𝑘 ranking𝑌 omits three items with grades {1, 2, 4}
from the retrieval,

𝑌 = 30453001100 . . . 000︸                   ︷︷                   ︸
top 𝑘

0000 . . . 0000124︸              ︷︷              ︸
bottom 𝑛 − 𝑘

This worst case assumption provides a conservative lower bound
on system performance.

When provided with two rankings 𝜋 and 𝜋 ′ for the same request,
we are interested in determining if we prefer 𝜋 to 𝜋 ′, indicated as
𝜋 ≻ 𝜋 ′. Metric-based evaluation leverages a function 𝜇 : 𝑆𝑛 → ℜ
that computes the quality of a ranking defines a preference as,

𝜇 (𝜋) > 𝜇 (𝜋 ′) → 𝜋 ≻ 𝜋 ′

𝜇 (𝜋) < 𝜇 (𝜋 ′) → 𝜋 ≺ 𝜋 ′

Our work considers preference-based evaluation, an approach that
directly defines a function Δ : 𝑆𝑛 × 𝑆𝑛 → ℜ such that,

Δ(𝜋, 𝜋 ′) > 0 → 𝜋 ≻ 𝜋 ′

Δ(𝜋, 𝜋 ′) < 0 → 𝜋 ≺ 𝜋 ′

In this section, we will review and extend three concepts from the
existing literature: position-based metrics, pseudo-populations, and
preference-based evaluation. In Section 4, we will synthesize these
concepts into our new evaluation method, recall-paired preference.

3.1 Position-Based Evaluation Metrics
Let the search length 𝑓𝑖 (𝜋) be the position of the 𝑖th ranked relevant
item in 𝜋 .1 In our example, 𝑓1 (𝑋 ) = 2, 𝑓2 (𝑋 ) = 3, 𝑓3 (𝑋 ) = 7, and so
forth. For clarity, we use 𝑓𝑖 to refer to 𝑓𝑖 (𝜋) and 𝑓 ′

𝑖
to refer to 𝑓𝑖 (𝜋 ′).

Position-based evaluation metrics adopt the principle of minimal
effort,

For a user interested in 𝑖 relevant items,

𝑓𝑖 < 𝑓 ′𝑖 → 𝜋 ≻ 𝜋 ′

1This is slightly different from Cooper’s definition of search length [10] which counts
the number of non-relevant items above the 𝑖th relevant item, (i.e. 𝑓𝑖 (𝜋 ) − 𝑖).

Cooper [10] describes different types of users who may be inter-
ested in different levels of recall 𝑖 . We refer to situations where a
user is looking for one relevant item as precision-oriented. Histori-
cally, the reciprocal of the rank of the first relevant item (i.e. 1

𝑓1
) has

been used for such tasks. We call 𝑓𝑖 the initial search length (ISL)
and it is related to Cooper’s ‘Type 1 search length.’

We refer to situations where a user is looking for all of the
relevant items as recall-oriented. Assuming𝑚 relevant items, we
refer to 𝑓𝑚 , the position of the last relevant item, as the total search
length (TSL). This is related to Cooper’s ‘Type 3 inclusive search
length.’

In situations where we are uncertain if the user is precision- or
recall-oriented, we can compute the expectation over all possible
recall orientations. We can express the average search length (ASL)
as,2

ASL(𝜋) = E𝑖 [𝑓𝑖 ] (1)

Rocchio [23] refers to this as the average rank metric. More recently,
ASL has been used in the context of unbiased learning to rank [16].

3.2 Pseudo-Populations
In the previous section, we described metrics that operate under the
assumption that a user is interested in precisely 𝑖 relevant items. In
order to build on this work, we turn to how we can model different
possible subpopulations of users who desire different numbers of
relevant items.

Similar to Cooper, Robertson [21] suggested that a user may have
a specific recall requirement when interacting with an information
access system. In other words, for a request with𝑚 relevant items,
a user may be in one of𝑚 recall conditions. We refer toU𝑖 as the
pseudo-population interested in 𝑖 relevant items and 𝑝 (𝑖) = 𝑝 (𝑢 ∈
U𝑖 ) is the probability of a user seeking exactly 𝑖 relevant items.
Robertson observed that, if 𝑝 (𝑖) = 1

𝑚 , then AP can be interpreted
as the expected precision for users from these pseudo-populations,

AP(𝜋) = E𝑖
[
𝑖

𝑓𝑖

]
where 𝑖

𝑓𝑖
is the precision for users with a recall requirement of 𝑖 .

Sakai and Robertson [25] extended this to arbitrarymetrics, defining
Normalized Cumulative Precision (NCP) as,

E𝑖 [𝜇𝑖 (𝜋)] =
𝑚∑︁
𝑖=1

𝑝 (𝑖)𝜇𝑖 (𝜋)

where 𝜇𝑖 (𝜋) is a partial recall metric based on the recall level 𝑖 .
Example partial recall metrics include 𝜇𝑖 (𝜋) = 𝑖

𝑓𝑖
(i.e. precision at

𝑓𝑖 , as used in AP) and 𝜇𝑖 (𝜋) = 𝑓𝑖 (as used in ASL).
The distribution 𝑝 (𝑖) gives us a place where we can explicitly

encode any information we have about user recall requirements.
For example, when we do not know the distribution of recall re-
quirements of users or if we want robust performance across a
variety of possible recall requirements, a uniform distribution over
all recall levels (i.e. 𝑝 (𝑖) = 1

𝑚 ) might be appropriate. In situations

2Two other metrics, bpref [4] and atomized search length [2], compute an expectation
over relevant items, but, like Cooper, use the number of preceding nonrelevant items.
By linearity of expectation, we observe that E𝑖 [ 𝑓𝑖 − 𝑖 ] = E𝑖 [ 𝑓𝑖 ] − E𝑖 [𝑖 ], which
Rocchio [23] refers as the recall error. For a fixed query, this value is rank-equivalent
to E𝑖 [ 𝑓𝑖 ] = ASL(𝜋 ) .



where we have information about the true distribution of recall
requirements or want to emphasize performance for a specific user
behavior, we can adopt a non-uniform distribution for 𝑝 (𝑖). For
example, ‘position bias’ can be reflected in a definition of 𝑝 (𝑖) that
monotonically decreases with 𝑖 . In contrast with most existing
models, this distribution is over recall levels, as opposed to rank
positions.

We can also consider pseudo-populations generated from other
available information. For example, when we have multiple possible
relevance grades, we can consider a pseudo-population of users
satisfied by an item if its grade is above some threshold [22]. The
utility for the pseudo-population of users interested in items with
at least grade 𝜆 is,

E𝑖 [𝜇𝑖 (𝜋) |𝜆] =
𝑚𝜆∑︁
𝑖=1

𝑝 (𝑖 |𝜆)𝜇𝑖,𝜆 (𝜋)

where𝑚𝜆 is the number of items with a grade of at least 𝜆, 𝑝 (𝑖 |𝜆) is
the probability of a user in this population seeks exactly 𝑖 relevant
items, and 𝜇𝑖,𝜆 (𝜋) is the binary partial recall metric assuming only
items with grade greater than 𝜆 are relevant. We will use 𝜆 = 1 to
refer to users who consider relevance as binary.

In situations where items are associated with attributes such as
genres or per-request subtopics, we can define pseudo-populations
based on these categories [1]. As a result, the utility for the pseudo-
population of users interested in category 𝑡 is,

E𝑖 [𝜇𝑖 (𝜋) |𝑡] =
𝑚𝑡∑︁
𝑖=1

𝑝 (𝑖 |𝑡)𝜇𝑖,𝑡 (𝜋)

where𝑝 (𝑖 |𝑡) defines the probability that a user interested in subtopic
𝑡 seeks 𝑖 relevant items and 𝜇𝑖,𝑡 (𝜋) is the binary partial recall metric
assuming only items from subtopic 𝑡 are relevant.

3.3 Preference-Based Evaluation
Most existing approaches—including those in Sections 3.1 and 3.2—
collapse the performance of a system into a single scalar number.
An alternative to comparing metrics is to compare rankings directly.

Preference-based evaluation3 assigns, for a pair of rankings, a
preference between them. Traditionally, we elicit this preference
from human judges in an interface that presents two rankings
alongside each other [17, 27]. Sanderson et al. [26] demonstrated
that this approach correlated well with metric-based evaluation
across a variety of retrieval scenarios.

In the context of online experimentation, interleaving combines
pairs of rankings and computes a preference between them based
on user clicks [15]. Given a request from a user, two rankings 𝜋 and
𝜋 ′ are randomly interleaved so as to simulate a choice experiment
for the user. The user then inspects the ranking, clicking on relevant
items. We say that the ranking 𝜋 is preferred to 𝜋 ′ if it retrieves
more clicked items at a rank cutoff𝑘 , a value based on the position of
the last-clicked item. Because of randomness in both user behavior
(e.g. their recall requirement) and the interleaving process itself,
we can model 𝑘 as a random variable. As a result, for a fixed query,

3We note that preference-based evaluation differs from evaluating with item prefer-
ences, which often still collapses rankings into a single scalar number [6, 9].
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Figure 3: Recall-paired preference. A user interested in 𝑖 rele-
vant items will prefer the ranking that lets them satisfy their
need with minimal effort.

we can define the interleaving preference as,

I(𝜋, 𝜋 ′) = E𝑘
[
sgn(𝜈𝑘 (𝜋) − 𝜈𝑘 (𝜋 ′))

]
(2)

where 𝜈𝑘 (𝜋) is a partial precision metric based on the rank po-
sition 𝑘 ; we contrast this with partial recall metrics, which are
based on recall level. Example partial precision metrics include
𝜈𝑘 (𝜋) =

| { 𝑓𝑖 | 𝑓𝑖≤𝑘 } |
𝑘

(i.e. ‘precision at 𝑘’, as used in interleaving).
In online evaluation, we compute the interleaving metric by em-
pirically estimating Equation 2 from sampled user requests and
clicks on interleaved rankings. Chapelle et al. [8] demonstrated the
sensitivity of interleaving experiments across a variety of online
search scenarios.

4 RECALL-PAIRED PREFERENCE
We are now ready to combine the concepts from Section 3 into a
new preference-based evaluation method.

We begin by describing conceptually how we compare two rank-
ings. Consider our example rankings𝑋 and 𝑌 introduced in Section
3. First, we sample a user 𝑢 based on our distribution over pseudo-
populations. By appealing to the principle of minimal effort (Section
3.1), we can infer which ranking 𝑢 prefers. For example, if we sam-
ple a user from U𝜆=1

1 , then 𝑓1 (𝑋 ) = 2 > 1 = 𝑓1 (𝑌 ) and, since we
prefer higher ranks, 𝑌 ≻ 𝑋 . If we sample a user fromU𝜆=4

1 , then,
using 𝑓1,𝜆=4 (𝜋) to represent the position of the first ranked item
with relevance grade at least 4, 𝑓1,𝜆=4 (𝑋 ) = 2 < 3 = 𝑓 ′1,𝜆=4 (𝑋 ) and
𝑋 ≻ 𝑌 . We can repeatedly sample users, incrementing an accumu-
lator by 1 if 𝑋 ≻ 𝑌 and decrementing by 1 if 𝑋 ≺ 𝑌 . If the value of
accumulator is positive, we say that 𝑋 ≻ 𝑌 ; if it is negative, then
𝑋 ≺ 𝑌 . This is equivalent to computing the expected preference
across the𝑚 paired positions of relevant items (Figure 3). Because
we pair items according to equivalent recall levels, we refer to this
metric as recall-paired preference (RPP).

More formally, for binary relevance and no subtopics, we define
RPP between two rankings as the expected value of the preference,

RPP(𝜋, 𝜋 ′) = E𝑖
[
sgn(𝑓 ′𝑖 − 𝑓𝑖 )

]
(3)

=

𝑚∑︁
𝑖=1

𝑝 (𝑖) × sgn(𝑓 ′𝑖 − 𝑓𝑖 ) (4)



where 𝑝 (𝑖) is the probability of a user seeking exactly 𝑖 relevant
items. RPP takes a value in [−1, 1] where positive values indi-
cate stronger preference for 𝜋 , negative values a preference for
𝜋 ′, and zero indicating indifference. Moreover, RPP is a preference,
so RPP(𝜋, 𝜋 ′) = −RPP(𝜋 ′, 𝜋).

In practice, when we refer to RPP, we will use the graded version,

RPP(𝜋, 𝜋 ′) =
∑︁
𝜆∈Λ

𝑚∑︁
𝑖=1

𝑝 (𝑖, 𝜆) × sgn(𝑓 ′
𝑖,𝜆

− 𝑓𝑖,𝜆) (5)

where Λ is the set of all possible grades for this request and 𝑓𝑖,𝜆 is
the rank position of the 𝑖th relevant item with grade of at least 𝜆.
In the binary relevance case, this reduces to Equation 4.

The subtopic-aware version of RPP can be similarly defined,

ST-RPP(𝜋, 𝜋 ′) =
∑︁
𝑡 ∈T

𝑚∑︁
𝑖=1

𝑝 (𝑖, 𝑡) × sgn(𝑓 ′𝑖,𝑡 − 𝑓𝑖,𝑡 ) (6)

where T is the set of all possible subtopics for this request and 𝑓𝑖,𝑡
is the rank position of the 𝑖th relevant item with subtopic 𝑡 .

4.1 Comparison to Existing Metrics
In this section, we compare RPP to the methods presented in Section
3.

To begin, we can compare RPP with metric-based evaluation by
analyzing how the disaggregated metric Δ𝜇𝑖 (Section 2) changes
as a function of 𝑖 . Figure 4a contains the disaggregated values
for several standard evaluation metrics. These expressions encode
the relative weight allocated to different pseudo-populations U𝑖 .
Standard evaluation metrics such as RBP, AP, DCG, and RR all
observe the largest contribution to metric differences at the highest
rank positions. Even AP, which modulates the difference in inverse
positions with a multiplicative recall level factor 𝑖 is dominated by
diminishing differences at low ranks. This confirms our claim of
poor label efficiency (since relevant items at lower rank positions
can contribute less) and poor robustness to user behavior (since the
performance difference for users interested in higher recall levels is
negligible). RR, ISL, and TSL also exhibit poor label efficiency and
robustness to user behavior since, by design, they exclude all but a
single difference. Meanwhile, ASL will tend to have the opposite
effect of emphasizing differences at lower ranks since, at these
higher recall levels, 𝑓𝑖 and 𝑓 ′

𝑖
are likely to be separated by many

more rank positions than earlier recall levels. In contrast, for RPP,
the disaggregated magnitude is fixed across recall levels, resulting
in both label efficiency (since all relevant items contribute equally
regardless of rank position) and robustness to user behavior (since
the performance differences for users at all recall levels contribute
equally).

To illustrate the implication of these position biases, we can see
how Δ𝜇𝑖 changes for two hypothetical rankings, 𝑎 and 𝑏. In the
left-hand plot of Figure 4b, we depict the uninterpolated precision-
recall curves for 𝑎 and 𝑏. Whereas AP approximates the area under
the uninterpolated precision-recall curve, RPP can be interpreted
as a sign test at sampled recall levels, similar to approaches taken
for ROC curves [3].

In the right-hand plot of Figure 4b, we present Δ𝜇𝑖 (𝑎, 𝑏) as a
function of 𝑖 . Notice that almost every traditional metric, including
‘recall-oriented’ metrics like AP, allocate most of the mass to the
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six relevant items.

Figure 4: Disaggregated metric behavior.

top position. Conversely, ASL allocates more weight to later values
of 𝑖 . RPP, on the other hand, treats all recall levels equally.

Although position-based metrics like ASL more evenly allocate
weight across recall levels, Magdy and Jones [19] note that the range
of this metric can be quite large, sensitive to outliers, and difficult to
reason with. Unretrieved items, often assumed to be ranked at the
bottom of a ranking of the full corpus (Section 3), can exacerbate
the variance in the metric, even for moderately sized corpora. In
contrast, RPP, because it only considers relative positions, can be
computed without an exact corpus size.

In comparison to interleaving, while Equations 2 and 4 appear
similar, there are a few important differences. First, the event space
for interleaving is the set of all rank positions rather than the set
of all recall levels. This subtle difference means that interleaving
emphasizes the number of relevant items collected at a rank position
rather than the effort taken to collect the same number of relevant
items. Moreover, in online interleaving, because 𝑝 (𝑘) is derived
from behavioral data, it will be skewed toward higher rank positions
(i.e. users introduce position bias) and preferences at lower positions
will be overshadowed by those in higher positions.

5 EXPERIMENTS
Our main thesis is that RPP, by more uniformly measuring perfor-
mance across recall levels, more efficiently uses relevance labels
in evaluation compared to existing retrieval metrics. As such, ex-
periments are centered around three questions, (i) how does RPP
correlate with existing metrics? (ii) how robust is RPP to incomplete



Table 1: Datasets used in experiments.

requests runs rel/request subtopics/request
core (2017) 50 75 180.04 0
core (2018) 50 72 78.96 0
deep-docs (2019) 43 38 153.42 0
deep-docs (2020) 45 64 39.27 0
deep-pass (2019) 43 37 95.40 0
deep-pass (2020) 54 59 66.78 0
web (2009) 50 48 129.98 4.98
web (2010) 48 32 187.63 4.17
web (2011) 50 62 167.56 3.36
web (2012) 50 48 187.36 3.90
web (2013) 50 61 182.42 3.18
web (2014) 50 30 212.58 3.12
robust 249 110 69.93 0
ml-1M 6005 21 18.87 0
libraryThing 7227 21 13.15 0
beerAdvocate 17564 21 13.66 0

data? (iii) how effective is RPP at discriminating between runs? In
order to answer these questions, we use a variety of information
access scenarios covering both search and recommendation tasks.

5.1 Data
We present details of the data used in our experiments in Table
1. We include runs submitted to multiple TREC tracks, including
the Deep Learning Document Ranking (2019, 2020), Deep Learning
Passage Ranking (2019, 2020), Common Core (2017, 2018), Web
(2009-2014), and Robust (2004). We downloaded all data from NIST,
including runs and relevance judgments. Web track data includes
subtopic judgments.

Additionally, we used a variety of recommendation systems runs
prepared by Valcarce et al. [28] for the MovieLens 1M, Library-
Thing, and Beer Advocate datasets.4 Consistent with their work,
we converted graded judgments to binary labels by considering any
rating below 4 as nonrelevant and otherwise relevant.

5.2 Methods
In order to measure the similarity between RPP and metric-based
approaches, we measured the Kendall’s 𝜏 correlation between sys-
tem ordering by RPP with system ordering by baseline metrics
(Section 5.5). We describe how to compute an ordering of systems
from RPP in Section 5.4.

We evaluated the robustness to incomplete data under two con-
ditions. Our first experiment tests how well a metric with fewer
judged requests can order systems compared to the samemetric with
the complete set of judged requests. This simulates the scenario
where we have a paucity of requests but, for those requests, we
have ample labeled items. Our second experiment tests how well
a metric with fewer judgments per request can order systems com-
pared to the same metric with the complete set of judgments. This
simulates the scenario where we have ample requests but sparse
judgments for each request.

In order to evaluate the sensitivity of a metric, we adopt Sakai’s
method of computing discriminative power [24]. For a single data
4https://github.com/dvalcarce/evalMetrics

set (row in Table 1), we compute the RPP or metric differences for
all pairs of runs over all requests. We then measure what fraction
of system pairs achieve a 𝑝-value lower than 0.05 for each metric.
In order to compute 𝑝-values, we use two methods: a Student’s
𝑡-test with Bonferonni correction and Tukey’s honestly significant
difference (HSD) test. We adopt the randomized HSD as proposed
by Carterette [7].

5.3 RPP Variants
For binary relevance with no subtopics, we consider several defini-
tions of 𝑝 (𝑖). In addition to 𝑝 (𝑖) = 1

𝑚 , we include versions that con-
sider non-uniform, top-heavy distributions of pseudo-populations,

𝑝DCG (𝑖) ∝
1

log2 (𝑖 + 1) 𝑝inverse (𝑖) ∝
1
𝑖

which reflect the rank importance for NDCG and RR. Note that these
discounts are a function of recall level, rather than rank position.

When we adopt graded RPP for evaluation, we assume indepen-
dence between recall requirements and grade, 𝑝 (𝑖, 𝜆) = 𝑝 (𝑖)𝑝 (𝜆),
and define 𝑝 (𝜆) for 𝜆 ∈ Λ as,

𝑝 (𝜆) ∝ |{𝑖 |y𝑖 ≥ 𝜆}|

When conducting subtopic evaluation, we again assume indepen-
dence between recall requirements and subtopic, 𝑝 (𝑖, 𝑡) = 𝑝 (𝑖)𝑝 (𝑡),
with 𝑝 (𝑡) defined as,

𝑝 (𝑡) ∝ |{𝑖 |y𝑖 > 0 ∧ 𝑡 ∈ s𝑖 }|

where s𝑖 ⊆ T indicates the subtopics associated with item 𝑖 . In ad-
dition to these |T | pseudo-populations, we consider a background
interest 𝑡∗ pseudo-population satisfied by any subtopic (i.e. stan-
dard relevance, 𝑝 (𝑡∗) ∝ |{𝑖 |y𝑖 > 0}|).

5.4 Aggregating RPP
RPP gives us a preference between a pair of rankings for the same
request but we are often interested in generating an ordering of
more than two systems. Given a set of runs 𝑆𝑛 for the same request,
we can compute the win rate for a ranking 𝜋 ∈ 𝑆𝑛 as,

RPP
𝑆𝑛

(𝜋) =
∑︁

𝜋 ′∈𝑆𝑛

RPP(𝜋, 𝜋 ′) (7)

We can then use a preference aggregation scheme to order systems
for a set of queries Q. In experiments where we need an ordering of
systems for a set of requests, we adopt Markov chain aggregation,
due to its effectiveness across a variety of domains [12]. Note that
RPP

𝑆𝑛
(𝜋) reflects the relative position of 𝜋 within 𝑆𝑛 and may vary

across different sets of runs.

5.5 Baseline Metrics
As baseline metrics, we used AP, NDCG, and RR with no rank
cutoff as implemented in NIST trec_eval.5 We implemented ASL
by moving unranked items to the end of the corpus, using a corpus
size equal to the number of unique items in union of all rankings and
the relevant items. For subtopic metrics, we use intent-aware mean
average precision (MAP-IA) with no rank cutoff and intent-aware
expected reciprocal rank (ERR-IA) and subtopic recall (strec), both

5https://github.com/usnistgov/trec_eval

https://github.com/dvalcarce/evalMetrics
https://github.com/usnistgov/trec_eval


Table 2: Correlation with Existing Metrics. Kendall’s 𝜏 be-
tween rankings of runs for pairs of metrics averaged across
all datasets.

(a) Single Topic Metrics

invRPP RPP dcgRPP AP NDCG
RR 0.61 0.45 0.49 0.49 0.50

invRPP - 0.79 0.85 0.82 0.80
RPP - - 0.93 0.86 0.87

dcgRPP - - - 0.88 0.88
AP - - - - 0.89

(b) Subtopic Metrics

st-dcgRPP MAP-IA st-invRPP ERR-IA strec
st-RPP 0.88 0.73 0.70 0.26 0.30

st-dcgRPP - 0.77 0.79 0.34 0.36
MAP-IA - - 0.74 0.39 0.36

st-invRPP - - - 0.52 0.49
ERR-IA - - - - 0.66

with a rank cutoff of 20, as adopted forWeb tracks and implemented
in ndeval.6

In order to compare with interleaving, we developed offline in-
terleaving (OI) based on a simulated user. Carterette [5] observed
that many existing metric definitions implicitly include a model
of user behavior. As such, given relevance information and a pair
of system rankings to compare, we can simulate user interaction
and compute an offline interleaving preference. To do so, given two
rankings 𝜋 and 𝜋 ′, we can generate the two possible interleaved
rankings �̃� and �̃� ′. Then, we can use a browsing model and rele-
vance information to simulate an online interleaving experiment
and estimate Equation 2.

6 RESULTS
6.1 Correlation with Existing Metrics
In order to get a sense of the relationship between baseline metric
differences and RPP, we sampled pairs of runs for random queries in
the Robust dataset. We computed baseline metrics for each ranking
and then plotted the metric differences against the RPP for the
same pair of runs for the same query (Figure 5). Although the sign
agreement of RPP with AP, NDCG, and ASL is close to 0.90, it drops
to 0.50 for RR. This result is consistent with the sign agreement
between RR and AP (0.56), NDCG (0.58), and ASL (0.47).

These results can be explained by two properties of RR. First,
because RR ignores recall levels higher than 1, metrics that measure
higher recall levels will incorporate information that can reverse
the order of systems. Second, the small number of unique RR values
results in a number of ties between systemswhich are often resolved
by metrics that consider more recall levels.

The sign disagreement between RPP and AP, NDCG, and ASL
tends to occur for small differences in performance, with metrics
largely agreeing for dramatic differences in performance. This indi-
cates that, even when the top ranked relevant items largely agree
in classic metrics, there is enough disagreement at higher recall
levels to differ from RPP.
6https://github.com/trec-web/trec-web-2014
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Figure 5: Query-level metrics differences for sampled runs
from Robust. Points in red indicate a difference in run order-
ing. Titles include the Pearson correlation (r) and fraction
of points where RPP and the metric difference agree in sign
(sa).

We implemented offline interleaving with two different user
models, uniform and DCG-based. We present the relationship be-
tween OI and RPP preference in the bottom row of Figure 5. We
found that the sign agreement was higher between RPP and OI
compared to RPP and baseline metrics. Moreover, the relationship
between the preference magnitudes shows a strong linear corre-
lated (𝑟 = 0.98, 𝑝 < 0.001). Comparing to OI with a DCG-style user
model, the agreement and correlation degrade (𝑟 = 0.94, 𝑝 < 0.001)
but are still higher than baseline metrics.

In addition to pairwise preference agreement, we were interested
in the similarity between an ordering of runs induced from RPP
preferences (Section 5.4) and an ordering induced from baseline
metrics. To this end, we computed the Kendall’s 𝜏 between the
rankings of runs for each dataset. We present the average corre-
lation across these datasets in Table 2a. We first notice that RPP
with uniform position weighting (labeled RPP) correlates with AP

https://github.com/trec-web/trec-web-2014


and NDCG at a level close to how those metrics correlate with each
other. If we replace the uniform position weighting with a DCG-
style non-uniform position weighting (dcgRPP), this correlation
improves close to their correlation with each other. As suggested by
Figure 5, the correlation between RR and RPP, AP, and NDCG is low.
Although correlation between dcgRPP with RR (0.49) is higher than
RPP with RR (0.45), it remains comparable to that of RR with AP
and NDCG. Using the reciprocal rank for the position discount (in-
vRPP) improves this correlation further (0.61), suggesting that our
pseudo-population modeling works as expected. That said, we do
not expect this metric to correlate perfectly with RR since invRPP
considers items below the first relevant item.

We also include correlations for subtopic metrics in Table 2b. We
observe similar patterns to single topic metrics. MAP-IA, a subtopic
version of AP, correlates well with the subtopic versions of RPP and
dcgRPP. Top-heavy metrics ERR-IA and strec, on the other hand,
correlate well with the subtopic version of invRPP, consistent with
earlier results.

Taken together, these results indicate that RPPmetrics effectively
capture a variety of aspects of baseline metrics but do not corre-
late perfectly, suggesting that they add information to evaluation.
Moreover, they demonstrate the ability to adapt RPP to different
scenarios (e.g. position bias, novelty).

6.2 Robustness to Incomplete Data
Because missing data is common in offline evaluation, we explored
the behavior of RPP under two degradation schemes. Due to space
constraints, we provide representative results for news search (Ro-
bust), web search (2020 Deep Learning Passage Ranking), and rec-
ommendation (MovieLens 1M).

We show the sensitivity of results when evaluating with fewer
requests in Figure 6. For each metric, we calculate the correlation be-
tween system rankings with missing requests and system rankings
with all requests; an insensitive metric will have higher correlation
with fewer requests. Consistent with other work, across all datasets,
RR correlation degrades the fastest, suggesting that removing a few
requests can alter system ordering. In general, the RPP family of
metrics degrades as gracefully as or better than existing metrics,
AP and NDCG.

We show the sensitivity of results when evaluating with fewer
labeled items in Figure 7. Here, for each metric, we calculate the
correlation between system rankings with missing labels and sys-
tem rankings with all labels. As with missing requests, RR degrades
poorly across datasets, which is expected since the removal of the
top ranked item is likely to substantially perturb performance (Sec-
tion 6.1). AP also degrades poorly, especially when more than 50%
of the judgments are missing. RPP variants degrade more gracefully
and are comparable to NDCG, a metric considered less sensitive to
missing label [28].

6.3 Discriminative Power
We present measurements of discriminative power in Tables 3 and
4. Although results are largely consistent for both the HSD test and
𝑡-test, we include both to further support our analysis.

One fundamental impact we should expect with poorer label
efficiency is a reduced ability to distinguish pairs of systems. Across

almost all datasets, we observe that RPP-style preferences have sub-
stantially more discriminative power compared to baseline metrics.
Both AP and RR tend to have lower discriminative power than
NDCG, consistent with previous results [28]. The low discrimina-
tive power of RR certainly arises from both the poor label efficiency
and the large number of ties (Section 6.1). And, although non-
uniform position-weighting (dcgRPP, invRPP) sometimes improves
discriminative power slightly, uniform position-weighting (RPP)
consistently has high discriminative power compared to baseline
metrics.

The discriminative power of RPP is present in subtopic evalua-
tions as well, at times dramatically so compared to existing subtopic
metrics. We note that this may be, in part, due to the addition of a
background pseudo-population reflecting binary relevance.

We observe that the number of detectable differences improves
for all methods when more requests are present (e.g. ml-1M, library-
Thing, beerAdvocate). This should be expected since, regardless
of metric, more evaluation data will result in better performance
estimates. That said, even in these regimes, RPP-style evaluation is
more sensitive. Moreover, if conducting segment analysis (e.g. for
fairness evaluation), under-represented groups, by definition, will
have substantially less data.

Although the discriminative power of RPP is not alone sufficient
to demonstrate effectiveness, it does provide an important property
when considering it formodel development or evaluation.Moreover,
given that RPP and its position-weighted variants correlate well
with existing metrics, these results suggest that the RPP family may
be a more sensitive set of instruments for the same phenomenon.

7 DISCUSSION
Our experiments were designed to understand if RPP captured
properties of existing metrics with the benefit of added sensitivity
because of better label efficiency. Our correlation results (Section
6.1) support the claim that RPP and variants can measure aspects
similar to existing metrics while our robustness to incomplete data
experiments (Section 6.2) demonstrate that RPP is as robust to in-
complete data as NDCG, an existing metric known to be robust to
incomplete data. Our strongest result suggests that, while captur-
ing these properties of existing metrics, RPP is substantially more
sensitive (Section 6.3). As a result, RPP can complement the exist-
ing suite of evaluation metrics, including less sensitive but more
realistic metrics based on a domain’s user behavior.

Our philosophy in designing RPP was to minimize the number
of assumptions about user behavior, while being flexible enough
to model them, as needed. We demonstrated that incorporating
user models through, for example, 𝑝 (𝑖) could increase correlation
with existing metrics (Section 6.1) while maintaining RPP’s strong
discriminative power (Section 6.3). We believe that careful incorpo-
ration ofmodels of user behavior can further improve the grounding
of RPP while preserving its discriminative power. For example, re-
ferring to Figure 1b, given a labeled preference, we can imagine
learning the weights on different pseudo-populations. Labeled pref-
erences could come from editorial data or from behavioral data
such as an interleaving experiment. The former would be similar
to the approach taken by Hassan Awadallah and Zitouni [13] for
top 𝑘 rankings.
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Figure 6: Kendall’s 𝜏 of a system ranking given 𝑘 requests
with a system ranking given all requests. Only the first 100
users are shown for ml-1M since metrics converge quickly
after.
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Figure 7: Kendall’s 𝜏 of a system ranking given missing judg-
ments with a system ranking given all judgments.



Table 3: Percentage of run differences detected at 𝑝 < 0.05
using Tukey’s HSD test.

(a) Single Topic Metrics

RPP dcgRPP invRPP AP NDCG RR
core (2017) 49.91 49.44 40.76 36.54 39.21 14.67
core (2018) 52.35 49.22 42.33 35.29 34.66 27.97
deep-docs (2019) 42.53 40.83 30.01 33.57 41.11 6.97
deep-docs (2020) 18.85 19.35 17.31 17.71 18.06 2.88
deep-pass (2019) 42.34 42.19 36.34 30.03 26.73 6.76
deep-pass (2020) 45.70 47.34 45.82 30.10 20.87 22.21
web (2009) 32.00 33.69 35.02 18.35 31.56 23.23
web (2010) 43.75 39.31 28.43 27.82 37.50 18.15
web (2011) 45.16 43.36 34.06 31.62 40.61 14.17
web (2012) 41.05 36.44 23.49 26.06 32.09 12.77
web (2013) 48.42 44.10 22.30 29.02 41.53 5.96
web (2014) 48.74 48.28 36.55 44.14 49.89 18.85
robust 63.47 60.52 51.08 52.89 54.53 22.84
ml-1M 94.29 94.29 92.38 88.57 88.57 83.81
libraryThing 96.67 97.14 97.62 95.24 95.71 93.33
beerAdvocate 94.76 94.76 95.71 93.33 94.29 91.90

(b) Subtopic Metrics

ST-RPP ST-R ERR-IA MAP-IA
web (2009) 29.43 28.99 24.20 17.11
web (2010) 40.12 28.02 22.18 20.77
web (2011) 46.11 17.93 16.45 26.12
web (2012) 44.15 12.15 16.58 25.09
web (2013) 49.89 4.48 5.52 24.04
web (2014) 50.11 12.87 17.93 40.46

Chapelle et al. [8] demonstrated the sensitivity of interleaving
experiments across a variety of online search scenarios. At the
same time, the distribution 𝑝 (𝑘) is likely to be skewed toward top
rank positions, resulting in an under-weighting of higher values
of 𝑘 in Equation 2. Because this can result in lower label efficiency,
using a more uniform 𝑝 (𝑘) could improve the sensitivity of online
interleaving.

Although we have presented RPP as a way to evaluate systems,
how to optimize RPP is an area for future research. On the one
hand, uniformly weighing the importance of different recall levels
is similar to methods that train models with a sequence of tasks
based on a sampled relevant item combined with sampled negative
items [18].Under these approaches, the model learns to rank all
relevant items, weighting them equally. In the context of evaluation,
this is similar to uniformly weighting all recall levels (i.e. 𝑝 (𝑖) = 1

𝑚 ).
Our results demonstrate that this may be a more robust way to
optimize rankers.

8 CONCLUSION
We have presented recall-paired preference (RPP), a method for
evaluating rankings that avoids first computing an evaluation met-
ric. Through extensive experimentation, we demonstrate that RPP
reflects many properties of existing metrics with a substantially im-
proved sensitivity. We believe that this approach can be extended in
multiple directions, including refining user models while preserving
its sensitivity.

Table 4: Percentage of run differences detected at 𝑝 < 0.05
using the Student’s 𝑡-test with Bonferroni correction.

(a) Single Topic Metrics

RPP dcgRPP invRPP AP NDCG RR
core (2017) 54.13 53.66 45.26 34.13 36.54 9.55
core (2018) 55.59 53.99 48.63 35.84 40.18 21.91
deep-docs (2019) 49.64 44.81 37.27 28.45 36.13 4.84
deep-docs (2020) 18.01 19.15 17.36 14.34 15.58 0.50
deep-pass (2019) 43.99 45.05 42.34 24.17 23.72 1.65
deep-pass (2020) 51.49 54.59 55.93 34.83 33.31 18.35
web (2009) 34.22 37.06 36.70 15.25 34.04 19.50
web (2010) 52.22 45.16 30.04 22.58 31.25 13.71
web (2011) 54.42 49.60 35.64 32.36 40.93 6.98
web (2012) 44.59 39.98 24.47 22.25 32.45 10.64
web (2013) 59.24 51.26 23.01 25.52 40.82 2.51
web (2014) 59.31 56.09 38.16 51.49 62.30 13.10
robust 65.00 62.29 54.21 44.82 49.34 16.21
ml-1M 96.19 95.71 96.19 91.43 94.29 85.71
libraryThing 98.57 98.10 98.57 94.29 96.67 92.38
beerAdvocate 95.24 95.24 95.71 91.43 95.71 91.90

(b) Subtopic Metrics

ST-RPP ST-R ERR-IA MAP-IA
web (2009) 33.24 25.62 19.06 14.36
web (2010) 49.40 16.94 14.72 11.69
web (2011) 56.32 8.99 9.52 23.64
web (2012) 43.71 7.98 12.06 14.45
web (2013) 60.77 2.35 2.90 19.45
web (2014) 63.68 9.89 12.18 46.44
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