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ABSTRACT
Online evaluation techniques are widely adopted by industrial
search engines to determine which ranking models perform better
under a certain business metric. However, online evaluation can
only evaluate a small number of rankers and people resort to offline
evaluation to select rankers that are likely to yield good online
performance. To use offline metrics for effective model selection, a
major challenge is to understand how well offline metrics predict
which ranking models perform better in online experiments. This
paper aims to address this challenge in product search ranking.
Towards this end, we collect gold data in the form of preferences
over ranker pairs under a business metric in e-commerce search
engine. For the first time, we use such gold data to evaluate offline
metrics in terms of directional agreement with the business metric.
Furthermore, we analyze offline metrics in terms of discriminative
power through paired sample t-test and rank correlations among
offline metrics. Through extensive online and offline experiments,
we studied 36 offline metrics and observed that: (1) Offline metrics
align well with online metrics: they agree on which one of two
ranking models is better up to 97% of times; (2) Offline metrics
are highly discriminative on large-scale search ranking data, espe-
cially NDCG (Normalized Discounted Cumulative Gain) which has
a discriminative power over 99%.
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1 INTRODUCTION
A common problem in evolving a search engine in industry is de-
ciding which ranking models perform better under certain business
metrics [7, 9, 24]. The best ranking models are continuously de-
ployed to the search engine in production to serve users’ queries
in real-world. The most reliable way to assess model performance
is arguably to compare models online to collect real user feedback.
Popular online evaluation techniques include A/B testing [20, 23],
and interleaving methods [12] such as Balanced interleaving [6, 22]
and TeamDraft interleaving [34]. Given two ranking models A
and B, A/B testing randomly assigns each user to either ranker A
(control) or ranker B (treatment), and calculates business metrics
for each model based on collected user feedback (e.g., clicks and
purchases). Interleaving differs from A/B in that it measures the
relative performance difference between A and B, where a single
merged ranking result of A and B is presented to the same user.
Through statistical analysis on the difference in online performance
between A and B, we decide that A is better or worse than B with
a certain 𝑝-value under each business metric, e.g., click-through
rate [27]. Although online evaluation of ranking models is reliable,
it has some limitations: (1) We can only compare a limited number
of models within a time period because each online experiment
requires a large amount of user feedback to reach statistically signif-
icant conclusions while user feedback is scarce resource; (2) Online
experiment has the risk of deteriorating user search experiences
and losing user trusts if testing a potentially poor ranking model.

Due to the above limitations with online evaluation, offline eval-
uation is widely adopted to select candidate models that are worth
testing online [10, 30, 31, 49]. Different from online evaluation,
the number of models that can be compared by offline evaluation
is not limited by the volume of real-time user feedback. Offline
evaluation usually uses a set of queries, a set of products for each
query, relevance labels for the products with respect to the query,
and some offline metrics. Each offline metric takes a ranked list of
products produced by a ranking model, and computes a numeric
score based on relevance labels [8, 29, 32, 37]. A major challenge in
offline evaluation is to identify which offline metrics agree the most
with online business metrics from the viewpoint of which ranking
model is better. Using offline metrics with a higher agreement with
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online metrics, models selected offline are more likely to yield good
results when tested online. Note that we will use online metrics
and business metrics interchangeably in this paper.

How well offline metrics agree with business metrics in prefer-
ences of ranking models has not been well-studied in literature. A
closely related line of research is to study how well offline metrics
agree with human judges’ satisfactions with search engine result
pages (SERPs) [4, 39, 40]. E.g., some works study whether the nu-
meric score that an offline metric assigns to an SERP is a good
predictor of human judges’ satisfactions [3, 26, 28], while other
works study whether an offline metric agrees with human judges
in preference of an SERP over another [38]. In these works, the
gold data used to study offline metrics contains either scores of
satisfactions with an SERP or preferences of an SERP over another.
However, such gold data does not have preferences of a ranking
model over another, which are what we collect and use to study
offline metrics in this paper. Besides, existing works usually hire
human judges to obtain the gold data in a laboratory setting, which
has the following limitations: (1) The gold data is small (hundreds
or thousands of SERPs) mostly because human judging is costly;
(2) It is subject to selection bias in the hiring process and cognition
bias of hired human judges. In comparison, we collect gold data
by aggregating real users’ feedback on billions of SERPs through
multiple interleaving experiments in a production setting.

In this paper, we study directional agreement between offline and
business metrics in terms of preferences over ranking models for
product search. To obtain gold data for evaluating offlinemetrics, we
compare online performance of 114 ranker pairs through Balanced
interleaving. We measure the online performance by aggregating
real users’ actions over billions of queries under a business metric
called Purchased Units [50]. For the first time, we use such gold
data to measure how well offline metrics predict which one of
two rankers has better online performance. For completeness, we
also measure the stability of offline metrics across search queries
and experiments using discriminative power based on paired t-test.
Moreover, we adopt Kendall’s 𝜏 [25] and symmetric 𝜏𝑎𝑝 [48] to
study rank correlation between offline metrics. We study 36 offline
metrics through extensive experiments at Amazon Search. Our
main results are that: (1) Offline metrics align well with Purchased
Units: they agree on which one of two ranking models is better
up to 97% of times; (2) Offline metrics are highly discriminative
on a large-scale dataset, especially NDCG (Normalized Discounted
Cumulative Gain) which has a discriminative power over 99%.

2 METRICS CONSIDERED IN OUR STUDY
First, we describe an online metric Purchased Units in Section 2.1.
Then, we describe two widely used classes of offline metrics, Ex-
pected Utility and Normalized Discounted Cumulative Gain, in
Section 2.2. We derive 36 instances of the offline metrics by using
different relevance labels, rank position cutoffs, gain functions, etc.

2.1 Online Metrics
Online performance of a ranking model is measured on search logs
consisting of search results and user feedback. Suppose the search
logs consist of 𝑛 search queries issued by users, L = {𝑞1, 𝑞2, ..., 𝑞𝑛}.
For each query 𝑞𝑖 , the model returns a ranking list of𝑚𝑖 products

{𝑝𝑖,1, 𝑝𝑖,2, ..., 𝑝𝑖,𝑚𝑖
}. In this paper, we measure the model’s online

performance by Purchased Units [50], defined by the total number
of products purchased within a certain time period:

Purchased Units =
𝑛∑︁
𝑖=1

𝑚𝑖∑︁
𝑗=1

qty(𝑞𝑖 , 𝑝𝑖, 𝑗 ). (1)

Here, qty(𝑞, 𝑝) ∈ [0, 1, 2, ...] is the quantity of product 𝑝 purchased
by a user given query 𝑞. There are a wide range of other online
metrics [16, 44], which we leave for future work.

2.2 Offline Metrics
For offline evaluation, we use an offline dataset created from histor-
ical search logs. With slight abuse of notation, we use 𝑛 to denote
the number of queries in the offline dataset, D = {𝑞1, 𝑞2, ..., 𝑞𝑛},
and use 𝑝𝑖, 𝑗 to denote the 𝑗-th product in the ranking list of query
𝑞𝑖 induced by the ranking model.

Expected Utility (EU): As Purchased Units does not consider
the positions of purchased products, we first examine EU [5], which
assigns equal importance to each of the top-k positions:

EU@k =

𝑛∑︁
𝑖=1

(∑𝑘
𝑗=1 𝑦𝑖, 𝑗

𝑘

)
. (2)

Here, 𝑦𝑖, 𝑗 is a relevance label of product 𝑝𝑖, 𝑗 for query 𝑞𝑖 .
Normalized Discounted Cumulative Gain (NDCG): Products

ranked at higher positions usually receive more user attention
and have higher purchase probabilities [18, 19, 47]. To account
for such position bias, we consider NDCG [21] which rewards
relevant products being ranked at higher positions. First, we define
Discounted Cumulative Gain (DCG) for a ranking list of query 𝑞𝑖 :

DCG(𝑘, 𝑞𝑖 ) =
𝑘∑︁
𝑗=1

gain(𝑦𝑖, 𝑗 )
log2 (1 + 𝑗) . (3)

Here, gain(·) is a gain function of linear form gain(𝑦) = 𝑦 or
exponential form gain(𝑦) = 2𝑦 − 1. Then, we normalize DCG to
[0, 1] for each query and define NDCG by summing the normalized
DCG values for all queries:

NDCG(𝑘) =
𝑛∑︁
𝑖=1

DCG(𝑘, 𝑞𝑖 )
maxDCG(𝑘, 𝑞𝑖 )

, (4)

where maxDCG is the DCG value of the ranking list obtained by
sorting products in descending order of relevance.

We explore three methods of defining relevance labels𝑦𝑖, 𝑗 : (1) Bi-
nary purchase binary(𝑞𝑖 , 𝑝𝑖, 𝑗 ) ∈ {0, 1} indicates whether product
𝑝𝑖, 𝑗 is purchased for query𝑞𝑖 [15]; (2) Purchase quantity qty(𝑞𝑖 , 𝑝𝑖, 𝑗 ) ∈
[0,∞] means how many units of product 𝑝𝑖, 𝑗 are purchased for
query 𝑞𝑖 [41]; (3) Purchase probability prob(𝑞𝑖 , 𝑝𝑖, 𝑗 ) ∈ [0, 1] means
the probability of product 𝑝𝑖, 𝑗 being purchased for same query
𝑞𝑖 . We compute purchase probabilities by dividing the number of
purchases of a product by the number of times it was shown to
users [9] and use a position-based model (PBM) [1, 13] trained on
expectation–maximization (EM) algorithm [2, 43] to debias the pur-
chase probabilities. To denoise relevance labels, we can discretize
their values into integers [0, 1, ..., 𝑏] given number of buckets 𝑏: we
divide the values by the maximum value for each query, multiply
by 𝑏, and round the resulting values to the closest integers.
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Table 1: Agreement of offline metrics w.r.t. online metric Purchased Units.

𝛼 with 95% CI for all 114 ranker pairs 𝛼 with 95% CI for 101 sig. diff. ranker pairs

𝑘 = 10 𝑘 = 20 𝑘 = 10 𝑘 = 20

EU(binary) 0.921 [0.857, 0.958] 0.895 [0.825, 0.939] 0.970 [0.916, 0.990] 0.941 [0.876, 0.972]
EU(qty, 𝑏 ∈ {10, 20}) 0.921 [0.857, 0.958] 0.904 [0.835, 0.945] 0.970 [0.916, 0.990] 0.950 [0.889, 0.979]
EU(qty, 𝑏 = ∞) 0.930 [0.868, 0.964] 0.895 [0.825, 0.939] 0.970 [0.916, 0.990] 0.941 [0.876, 0.972]
EU(prob, 𝑏 ∈ {10, 20}) 0.728 [0.640, 0.801] 0.675 [0.585, 0.754] 0.772 [0.681, 0.843] 0.733 [0.639, 0.809]
EU(prob, 𝑏 = ∞) 0.711 [0.621, 0.786] 0.623 [0.531, 0.706] 0.743 [0.650, 0.818] 0.663 [0.567, 0.748]
NDCG(binary) 0.939 [0.879, 0.970] 0.930 [0.868, 0.964] 0.970 [0.916, 0.990] 0.970 [0.916, 0.990]
NDCG(lin, qty, 𝑏 ∈ {10, 20,∞}) 0.939 [0.879, 0.970] 0.930 [0.868, 0.964] 0.970 [0.916, 0.990] 0.970 [0.916, 0.990]
NDCG(lin, prob, 𝑏 ∈ {10, 20,∞}) 0.728 [0.640, 0.801] 0.711 [0.621, 0.786] 0.772 [0.681, 0.843] 0.752 [0.660, 0.826]
NDCG(exp, qty, 𝑏 ∈ {10, 20}) 0.939 [0.879, 0.970] 0.930 [0.868, 0.964] 0.970 [0.916, 0.990] 0.970 [0.916, 0.990]
NDCG(exp, prob, 𝑏 = 10) 0.737 [0.649, 0.809] 0.746 [0.659, 0.817] 0.772 [0.681, 0.843] 0.782 [0.692, 0.852]
NDCG(exp, prob, 𝑏 = 20) 0.754 [0.668, 0.824] 0.754 [0.668, 0.824] 0.782 [0.692, 0.852] 0.782 [0.692, 0.852]

3 EVALUATION OF OFFLINE METRICS
In this section, we describe the techniques that we use to evaluate
offline metrics. Section 3.1 introduces online agreement to measure
how well results of offline metrics agree with those of business
metrics. Section 3.2 describes two types of techniques that are
widely used to evaluate offline metrics given an offline dataset.

3.1 Online Agreement of Offline Metrics
The most important measurement that we use to evaluate offline
metrics is called online consistency.

Data collection of online ground truth. It is challenging to
collect sufficient online data based on real user feedback as the gold
data of preferences among ranking models. With traditional A/B
testing, this is time-consuming and puts user experience at risk if
the tested models are bad. To tackle this challenge, we utilize inter-
leaving experiment which is orders of magnitude more sensitive
than traditional A/B tests [6]. This way, we can collect more online
results with less customer traffic and shorter experiment duration.
This also enables the feasibility to collect most recent data to build
accurate offline to online mapping. Through this method, we obtain
online user preference data. Each data point is a relative compari-
son between a pair of rankers on a given online metric. We study
offline and online agreement by looking at all ranker pairs as well
as only pairs that have statistically significant online difference.

Definition of offline-online agreement measure. Because
online preference aims to identify the better ranker among a pair
of rankers, we focus on directional agreement between offline and
online evaluation. Although our online data is collected through
interleaving, the same method can also be applied to A/B testing
results where we can obtain pairwise preferences by comparing the
absolute value of online metrics. Agreement reflects how likely an
offline metric can correctly predict the online preference. Formally,
let 𝑁 denote the total number of ranker pairs evaluated online.
Given an offline metric and an online metric, let 𝐶 denote the
number of concordant pairs that, orderings of the same ranker pair
are the same by the offline metric and by the online metric. We
compute agreement 𝛼 as the proportion of concordant pairs: 𝛼 =

𝐶/𝑁 . To compute confidence intervals, we assume that agreement
results follow a Binomial distribution, where agreement with online
Purchased Units on each ranker pair is a binary outcome. As we
have a relatively small number of comparison results, using Normal
approximation interval may become inappropriate and can cause

overshoot problem [33] where the confidence intervals exceed the
range of [0, 1]. Instead, we adopt Wilson score interval [46]. To
account for selection bias in ranker pairs, we apply bootstrapping
and obtain the confidence intervals with respect to different number
of resamples. An alternative to the agreement measure is Goodman
and Kruskal’s 𝛾 correlation [14]. It can be shown that the 𝛼 and 𝛾
are equivalent in measuring offline-online agreement as 𝛾 = 2𝛼 − 1.

3.2 Offline Evaluation of Offline Metrics
Discriminative power measures the stability of an offline metric
across queries and experiments using significance test with a given
significance level [36]. For an offline metric, being highly discrimi-
native is a preferred characteristic because it means that the metric
can identify subtle differences between ranking models. Existing
works use paired bootstrap test [35] or Tukey’s Honestly Significant
Differences (HSD) test [11] to calculate discriminative power on
small testing data that contains hundreds of queries. Because our
testing data contains millions of queries which is relatively large-
scale, we choose paired sample t-test. For each offline metric, we
compute the percentage of statistically significant ranker pairs with
respect to 𝑝-value < 0.05 and the observed minimum delta between
two rankers that are found to be statistically significant [38].

We measure correlation between two offline metrics by using
each metric to rank models from best to worse, and then calculating
rank correlation between the resulting two ranking lists of models.
Rank correlation is useful to study which metrics are the most
different or similar in terms of deciding which models perform
better [17, 45]. A widely used statistic, Kendall’s 𝜏 , is symmetric but
lacks a property called top heaviness, meaning that it treats swaps
near top of a ranking the same as those near bottom. However, in
search ranking, swaps near top of a ranking are generally more
important than those near bottom. Yilmaz et al. propose 𝜏𝑎𝑝 [48]
to account for top heaviness. However, 𝜏𝑎𝑝 is not symmetric and
we adopt symmetric 𝜏𝑎𝑝 [42] in our study. Both Kendall’s 𝜏 and
symmetric 𝜏𝑎𝑝 range from -1 to 1, where -1 means that two rankings
always disagree and 1 means that two rankings are identical.

4 EXPERIMENTS
4.1 Datasets
We obtain online performance of 114 ranker pairs in terms of
Purchased Units via multiple interleaving experiments. There are
113 distinct ranking models in total. Our gold data is composed
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Figure 1: Bootstrap confidence interval of online agreement.

of relative Purchased Units differences for the 114 ranker pairs,
among which 101 are statistically significantly different with 𝑝-
value < 0.05.

We collect offline testing data by replaying actual users’ queries
and, to achieve a high fidelity of the data, we replay queries shortly
after the actual queries were issued. The testing data consists of
around two million queries. We compute a total of 36 offline metrics
by using different: (1) relevance labels: binary purchase (binary),
purchase quantity (qty), or purchase probability (prob); (2) gain
functions: linear gain (lin) or exponential gain (exp); (3) number
of buckets for discretizing labels: 𝑏 ∈ {10, 20,∞} where 𝑏 = ∞
means no discretization; (4) rank position cutoffs 𝑘 ∈ {10, 20}. Note
that we do not compute NDCG with exponential gain without
discretization to avoid numeric overflow.

4.2 Evaluation Results
Agreement with online performance. Table 1 shows the online
agreement of offline metrics and Wilson score interval at 95% con-
fidence level. In our case, the best offline metrics achieve online
agreement up to 0.970. In other words, we can correctly predict
online preferences of ranker pairs up to 97% of the time. Figure 1
shows bootstrap confidence intervals of online agreement against
the number of resamples. We omit bootstrap results of metrics us-
ing binary purchase as the results are consistent with those using
purchase quantity. We can see that the upper bound of metrics us-
ing purchase probability is lower than that of metrics using binary
purchase or purchase quantity labels. Besides, NDCG metrics have
higher online agreement than EU metrics, and metrics using rank
position cutoff 𝑘 = 10 have higher online agreement than those us-
ing 𝑘 = 20. These findings highlight the importance of considering
position bias at higher rank positions. We can also see that metrics
using discretization generally better agree with online evaluation
because discretization helps reduce the noise in relevance labels.

Discriminative power. Table 2 shows discriminative power
for all 36 offline metrics. We conduct paired t-test for all pairwise
comparisons between the 113 rankers (113 * 112 / 2 = 6328 pairs).
We observe that: (1) Discriminative power of the offline metrics is
generally high (the lowest is 96.4%); (2) NDCG metrics generally
have a higher discriminative power than EU metrics as expected;
(3) Metrics evaluated at 𝑘 = 10 have a larger discriminative power
than those evaluated at 𝑘 = 20 metrics; (4) Using probability of
purchase is more discriminative than using binary purchase or
purchase quantity due to a larger cardinality.

Table 2: Discriminative power at 0.05 significance level.

𝑘 = 10 𝑘 = 20

Discr. pwr. Min Δ Discr. pwr. Min Δ

EU(binary) 98.1% 0.000029 96.9% 0.000006
EU(qty, 𝑏 = 10) 98.1% 0.000296 96.9% 0.000057
EU(qty, 𝑏 = 20) 98.1% 0.000591 96.9% 0.000114
EU(qty, 𝑏 = ∞) 97.9% 0.000033 96.4% 0.000009
EU(prob, 𝑏 = 10) 99.2% 0.000447 98.8% 0.000109
EU(prob, 𝑏 = 20) 99.2% 0.000606 98.8% 0.000299
EU(prob, 𝑏 = ∞) 99.1% 0.000015 97.9% 0.000006
NDCG(binary) 99.0% 0.000131 98.9% 0.000160
NDCG(lin, qty, 𝑏 = 10) 99.0% 0.000132 98.9% 0.000160
NDCG(lin, qty, 𝑏 = 20) 99.0% 0.000132 98.9% 0.000160
NDCG(lin, qty, 𝑏 = ∞) 99.0% 0.000132 98.9% 0.000160
NDCG(lin, prob, 𝑏 = 10) 99.3% 0.000089 99.2% 0.000091
NDCG(lin, prob, 𝑏 = 20) 99.4% 0.000087 99.2% 0.000085
NDCG(lin, prob, 𝑏 = ∞) 99.3% 0.000088 99.3% 0.000081
NDCG(exp, qty, 𝑏 = 10) 99.0% 0.000133 98.9% 0.000160
NDCG(exp, qty, 𝑏 = 20) 99.0% 0.000133 98.9% 0.000159
NDCG(exp, prob, 𝑏 = 10) 99.2% 0.000139 99.4% 0.000099
NDCG(exp, prob, 𝑏 = 20) 99.1% 0.000136 99.1% 0.000119

Table 3: Kendall’s 𝜏 / Symmetric 𝜏𝑎𝑝 between NDCG metrics.

NDCG NDCG NDCG NDCG
(lin, qty) (lin, prob) (exp, qty) (exp, prob)

NDCG(binary) 1.000/1.000 0.364/0.260 1.000/1.000 0.485/0.409
NDCG(lin, qty) - 0.364/0.260 1.000/1.000 0.485/0.409
NDCG(lin, prob) - - 0.364/0.260 0.819/0.741
NDCG(exp, qty) - - - 0.485/0.408

Rank correlation. Table 3 shows rank correlations between
the NDCG@10 metrics that have highest online agreement and
discriminative power (𝑏 = 20 and 𝑘 = 10). We observe that (1)
two NDCG metrics using purchase probability are least correlated
with the other three NDCG metrics using binary purchase or pur-
chase quantity, e.g., Kendall’s 𝜏 between NDCG(lin, prob) and
NDCG(binary) is 0.364; (2) NDCG metrics using binary purchase
and quantity purchase have perfectly positive correlations.

5 CONCLUSIONS
In this paper, we studied a total of 36 offline metrics for product
search ranking. First, we introduced our methodologies to evaluate
how well offline metrics predict online performance of ranking
models. Specifically, we described how to collect online gold data
and use the gold data for computing online agreement, which has
challenges particular to an industry setting. Then, we studied dis-
criminative power of offline metrics and rank correlation between
offline metrics on large-scale search ranking data. Through exten-
sive experiments, we observed that: (1) Offline metrics have high
agreement with online Purchased Units: they agree on which one
of two ranking models is better up to 97% of times; (2) Offline met-
rics are highly discriminative on large-scale search ranking data,
especially NDCG whose discriminative power is over 99.0%.
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