
External Evaluation of Ranking Models
under Extreme Position-Bias

Yaron Fairstein, Elad Haramaty, Arnon Lazerson, Liane Lewin-Eytan

{yaronf,eladh,arnonl,lliane}@amazon.com

Amazon

Haifa, Israel

ABSTRACT
Implicit feedback from users behavior is a natural and scalable

source for training and evaluating rankingmodels in human-interactive

systems. However, inherent biases such as the position bias are key

obstacles to its effective usage. This is further accentuated in cases

of extreme bias, where behavioral feedback can be collected exclu-

sively on the top ranked result. In fact, in such cases, state-of-art

debiasing methods cannot be applied. A prominent use case of ex-

treme position bias is the voice shopping medium, where only a

small amount of information can be presented to the user during

a single interaction, resulting in user behavioral signals that are

almost exclusively limited to the top offer. There is no way to know

how the user would have reacted to a different offer than the top

one he was actually exposed to. Thus, any new ranker we wish to

evaluate with respect to a behavioral metric, requires online ex-

perimentation. We propose a novel approach, based on an external
estimator model, for accurately predicting offline the performance

of a new ranker. The accuracy of our solution is proven theoret-

ically, as well as demonstrated by a line of experiments. In these

experiments, we focus on the use case of purchase prediction, and

show that our estimator can accurately predict offline the purchase

rate of different rankers over a segment of voice shopping traffic.

Our prediction is validated online, as being compared to the actual

performance obtained by each ranker when being exposed to users.

CCS CONCEPTS
• Computing methodologies → Learning from implicit feed-
back; • Information systems→Retrieval models and ranking.
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1 INTRODUCTION
Evaluating the performance of ranking models at scale in human-

interactive system is commonly based on users’ implicit feedback

such as clicks, dwell time, or other engagement actions (e.g. pur-

chases in e-commerce search engines). While this source of data

has many advantages (scalable, timely, user centric), it suffers from

inherent biases such as the position bias, which strongly influences

the feedback that a result receives. A long line of studies have ad-

dressed this problem [1, 2, 9, 19, 24, 29–31, 35], however, they do

not focus on the case of severe position bias, where user feedback

is available almost exclusively on the top ranked result.

A prominent use case of this severe bias can be found in voice

shopping, which evolved in the last years as an emerging usage

of intelligent voice assistants. In the traditional voice shopping

scenario, users issue a product search query by voice, and get back

products upon which they can take some action such as purchase

or add-to-cart. As both input and output are spoken in voice, users

are exposed to only few offers out of the results list which intro-

duces a significant position bias. This phenomenon is even more

pronounced in devices without a screen, which are limited to pre-

senting one offer at a time. The sequential nature of this process,

together with the limited attention span of users to a synthesized

voice output, cause users to interact almost exclusively with the

top offer1. We model this almost absolute position bias as extreme
position bias where user feedback is available only on the top result.

The quality of the top offer presented in the voice medium is thus

a leading factor in user satisfaction. In order to improve quality, a

ranker is trained to optimize a predefined metric. Given the extreme

position bias, we could directly optimize offline an annotations-

based metric such as objective relevance. This is done using a la-

beled dataset, where each query–product pair is manually labeled

according to the relevance of the product to the query. However,

objective relevance fails to capture specific user preferences. In fact

is has been shown that users purchase or engage with search results

that are objectively judged irrelevant [4].

Optimizing for behavioral metrics is crucial in order to capture

the subjective notion of relevance. Behavioral metrics infer users

satisfaction from their actions, and take into account also personal

preferences (e.g. taste and price-quality preference). Unfortunately,

it is impossible to obtain a fully labeled dataset based on users

actions in our setting. As behavioral signals are limited to the

top offer only, we have no way of knowing how the user would

have reacted to a different offer without actually trying it online.

It is possible to apply online debiasing techniques such as result

randomization or model perturbation approaches. However, they

require looking directly at users behavior using online experiments,

1Top offer/result refers to top ranked offer/result
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which is costly, time consuming, and can have a negative impact

on the users [16].

Offline debiasing techniques used in Web search cannot be ap-

plied in our case either, as they rely on biased user feedback col-

lected over the list of results, whereas in our case such feedback

exists on the top offer only. The extreme position bias was stud-

ied under the framework of Off-policy Evaluation in Contextual

Bandits [10, 20, 32]. However, in a setting similar to ours, these

techniques will result in a bias error, as explained in Section 2.

It is tempting to use the ranker itself offline for self-evaluation,

that is, apply the common approach which uses as estimation the

ranker’s output over an evaluation dataset. This would be a mistake

and would not lead to an accurate evaluation, as self-evaluation

amplifies the inherent noise that is part of any model estimation

output. We thus propose a novel approach, based on an external

estimator model, for evaluating the performance of a ranker offline.

We consider purchases as a primary example of user behav-

ioral feedback, as purchase is one of the strongest engagement

action a user can take in the shopping scenario. We note that in

the case of extreme position bias, standard ranking metrics such as

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛@𝑘 , MRR or DCG are all equivalent to 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛@1. We

thus focus on estimating the purchase rate, which is the percentage

of purchased top offers out of all top offers. Although the external

estimator is based on historical data collected over top offers only, it

can accurately predict the performance of a given ranker offline, ac-

cording to the estimated purchase rate. Using a line of experiments,

we demonstrate the accuracy of our external estimator, as opposed

to different baselines, including the self-evaluation approach.

Our approach allows for faster iteration of ranking improve-

ments, as it enables to effectively evaluate offline each change

involving model features, model architecture, hyper-parameter tun-

ing, and more. Our contribution can be summarized as follows:

• We present a new offline approach for evaluating the per-

formance of a ranker with respect to a behavioral metric,

under an extreme position bias. Our approach is based on

an external estimator, and a list of requirements that must

be satisfied, in order to guarantee its accuracy. We provide a

theoretical proof for this guarantee.

• We present several experiments, focusing on purchase rate

prediction of different rankers over a segment of voice shop-

ping traffic. In each of these experiments we demonstrate

the accuracy of the external estimator.

The rest of the paper is structured as follows. In section 2, we

cover related work focusing on the evaluation of ranking models,

emphasizing their difference from the new approach we introduce.

In Section 3 we present the external estimator framework and the

requirements it should satisfy. Then, in Section 4, we establish a

theoretical guarantee for the accuracy achieved by the external

estimator, given that the aforementioned requirements are met. To

ease the reading and provide first a complete overview of our work,

the theoretical analysis is completed towards the end of the paper

in Section 6, while in Section 5 we present our experiments. We

conclude our work in Section 7.

2 RELATEDWORK
Traditional approaches rely on expert-annotated relevance-labels

for training and evaluating ranking models. While annotator based

labels are effective, they are expensive to collect and cannot capture

unique user preferences. Modern retrieval systems rely on utiliz-

ing behavioral or implicit labels, such as clickthrough data [17] to

overcome these limitations. While behavioral feedback is an indis-

pensable resource, it suffers from multiple biases [18, 19, 22, 25, 27],

most notably the position bias [9] – as higher ranked documents

are more likely to be clicked, even if not more relevant. Debiasing

implicit user feedback and training unbiased models has attracted

considerable attention.

Click models [5, 9, 11, 27, 28] were originally suggested as a

way of taking bias into account in order to accurately estimate

query-doc relevance in web search [8]. These models make some

assumptions on user browsing behavior and use it to optimize the

likelihood of the observed clicks. Click models often depend on

multiple observations of the same query–doc pair, thus while they

work well on head queries in web search they are invalid for tail

queries or personalized search [21].

Another approach for handling presentation bias is result ran-

domization [19, 26, 31]. According to this approach a small fraction

of the production traffic is used to estimate the bias by randomly

re-ordering or interleaving the (top) results of the retrieval system.

This approach, however, requires intervention in the production

system and can negatively affect user experience [31].

Recently, an extensive line of work was dedicated to unbiased

learning to rank (ULTR) [1, 2, 19, 24, 29–31, 33], where an unbiased

ranking model is directly trained with biased user feedback. These

works can broadly be divided into two families, online and offline

learning. Lately there has been an effort to compare and bridge the

gap between offline and online ULTR approaches [2, 16].

Online ULTR algorithms interactively optimize and update a

ranking model. They are based on estimating an unbiased model

by intervening with the displayed results. For example, the Dueling

Bandit Gradient Descent algorithm [34] iteratively optimizes the

ranking model by comparing the current ranking model with a per-

turbed variation at each step. The Pairwise Differentiable Gradient

Descent algorithm [23] infers preferences between document pairs

from user interactions and constructs an unbiased gradient after

each step. The risk of online learning algorithms is that they may

harm user experience [16], much like the randomization approach.

In addition, experimenting with a new model architecture or a new

set of feature requires expensive changes to the production system,

which may be discarded if found unhelpful.

Offline ULTR algorithms [1, 29, 33] are trained on historical

data and use statistical tools to debias the data. They obtain an

unbiased model, usually by estimating the propensity score. The

work of [33] presents an LTR approach that addresses both position

bias and merit-based fairness. Counterfactual LTR [6, 19] is an

offline approach that addresses bias by considering the interactions

between observations and clicks, and models the probability of a

user observing an item in a displayed ranking.

The offline ULTR approach is close to ours, however, there are

several important differences. First, most ULTR works deal with

web-search while we focus on voice-based product search which
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is inherently different [15]. Second, ULTR algorithms focus on

training unbiased ranking models while we focus on evaluation. As

such, they cannot provide a clear signal whereas a new proposed

model is worth being productized. Third, ULTR does not handle

extreme position bias well. While the re-weighting schemes of

ULTR methods can theoretically be applied to debias traffic data

for offline evaluation, they require some signals collected over the

list of result, which are not obtainable.

Whilemost ULTR papers focus onweb search, similar approaches

have also been applied to eCommerce and product search. For

example, Ruocheng et al. [13] address a product-search use-case

where results are displayed in 2-dimensional grids rather than 1-

dimensional lists. Aslanyan and Porwal [3] exploit the fact that

the same query–doc pair changes rank over time in eCommerce

settings to derive a simple likelihood function that depends on

propensities only. These methods are not applicable to our setting

as well, as they also rely on signals collected for different ranks,

which do not exist in our setting due to the extreme position bias.

Off-Policy Evaluation in Contextual bandits [10, 20, 32] is anal-

ogous to ranker estimation under extreme position bias. In this

setting the learner observes a context (e.g features describing the

query and a list of offers), takes an action (e.g. selects the top offer)

according to some policy (ranker), and observes a reward for the

chosen action (e.g. offer purchased or not). The Off-Policy Eval-

uation problem estimates the value of a target policy using data

defined by another policy. For example, the Direct Method estimates

the reward for a given pair of context and action. This method suf-

fers from large bias due to the assumption that the overall reward

can be modeled solely by rewards available for actions selected

by the original policy. Several methods were suggested in order to

lower the bias error [20, 32], these include Doubly Robust [10] and

Inverse Propensity Score (IPS) [14]. While these methods provide

better results in many cases, they still suffer from an inherent bias.

In fact, in this work we suggest an extension to the Direct Method,

and present a set of conditions that if met, guarantee zero position

bias error when using the Direct Method.

3 EXTERNAL ESTIMATOR FRAMEWORK
We describe the external estimator framework. We consider the

setting in which given a query, a set of results is collected by some

retrieval process. Then, a ranker is applied to rank the retrieved

results, and present the first one as top offer. The retrieval process

and the ranker training process are out of the scope of this work.

As stated before, the goal of our work is offline estimation of the

performance of a new ranker with respect to a behavioral metric, in

environments with extreme position bias. To simplify presentation,

we focus on purchase rate as our metric, but a similar framework

holds for any other behavioral score, binary or non-binary.

The core of our framework is a new dedicated external model,

different from the ranker, called the estimator. The estimator is a

probabilistic classifier optimized to predict the purchase probability

of an offer
2
. The estimator is applied to estimate the purchase

probability of each offer in the set of top ranked offers returned by

the ranker (that is, the first ranked offer for each query). Averaging

2
In the non-binary case, the estimator is a regressor trained to predict the label.

over the estimated purchase probability of these offers we get the

estimated purchase rate of the ranker over the respective traffic.

The framework consists of the following steps along with a set

of requirements that must be satisfied to guarantee its accuracy:

(1) Train an estimator, i.e. a probabilistic classifier optimized to

predict the purchase probability of an offer.

(2) Given a ranker and a sample of the traffic, apply the ranker

to obtain the set of top ranked offers – the first ranked offer

for each query.

(3) Apply the estimator over the top ranked offers, in order to

get their estimated purchase probability.

(4) The estimated purchase rate of the ranker over the traffic

is the average of the estimated purchase probabilities of the

top ranked offers.

Note that two rankers play a role in the estimation process of

the framework. The first is the original ranker, used for ranking

the traffic that is the source of the implicit user feedback (users

purchases) we currently have in the system. The second is the al-
ternative ranker, whose purchase rate we wish to estimate. The

framework is guaranteed to be accurate (see Section 4) if the fol-

lowing requirements are satisfied:

R1:Top – The estimator’s training set should include only
top ranked offers. As mentioned before, the main difficulty with

behavioral signals in our setting is the extreme presentation bias.

By considering only signals that are evaluated on the top position

presented to the user, presentation bias is eliminated completely.

In addition, we want to predict user behavior on the top ranked

results only.

R2:Disjoint – The estimator’s training set should be differ-
ent from the ranker’s training set. Failing to do so, may cause

some over-fitting between the estimator and the ranker. This would

lead to an accumulation of their prediction errors, instead of mutual

cancellation (on average), and result in an overestimation of the

ranker’s performance. In order to eliminate this phenomena, one

should decouple both models by avoiding any information leak

from the estimator training set to the ranker. This is similar to

the way a test set is established in the standard ML framework. In

particular, the estimator cannot be used for ranking.

R3:Superset – The estimator’s features should include all
the features used by the ranker. The estimator can estimate

accurately the performance of a ranker, only if it is at least as strong

as the original and the alternative rankers. Thus, it should have

access to all the features of the rankers. As a result, the estimator

is not universal, and fits only a specific set of rankers – the rankers

based on part of its features. Concretely, when adding a feature to

the ranker, a new estimator should be trained with this feature.

R4:Generalize – The estimator’s features should generalize
across all offer positions.While most features behave similarly

across different positions, some are biased by the rank itself. A

natural example are statistic-based features (that is, stats reflecting

aggregated user actions over offers), as users are exposed almost

solely to the top ranked offer. Such features are not just a function

of the offer and the query, but also of the original ranker. Hence,

we cannot predict their value if we change the ranker, which makes

them unusable, or even harmful, if given as input to the estimator.
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R5:Context – The estimator’s features should include in-
dicative contextual features. Contextual features are features
that are independent of the offer itself, and depend only on the

context of the query (e.g. query utterance, user, or time). The con-

textual features should be indicative enough to describe the user

behavior, i.e., the purchase probability of each offer is the same for

any query with identical contextual feature values. For example,

a set of contextual features that provide a good description of the

user purchasing behavior may be appropriate. Alternatively, the

contextual feature can describe the retrieval process. This can be ac-

complished using suitable features or by concatenating the feature

vectors of all retrieved offers. This vector represents the context,

as it is not associated with any specific offer, but rather with the

whole set, which is specific to the query. In this case, it is possible

to reduce the number of features using dimension reduction tech-

niques. The motivation for this requirement is formally discussed

in Section 6.

In Section 4, we provide a theoretical guarantee for the accuracy

of the external estimation framework, given that the requirements

presented above are met. We complement our analysis in Section 6,

where we show that those requirements are also necessary.

4 ESTIMATOR ACCURACY GUARANTEE
We establish a theoretical guarantee for the accuracy achieved

by the external estimator framework. We claim that if the five

requirements for the estimator, as presented in Section 3, are met,

then it estimates the performance of the new ranker accurately (e.g.

purchase rate).

In order to precisely define the notion of an accurate estimation,

we define the following notations. Let 𝑅 be the original ranker, and

𝑅′
be the alternative ranker. Given a traffic distribution T , 𝑅(T )

and 𝑅′(T ) represent the distribution of the top offers as ranked

by the original and the alternative ranker respectively. Each offer

is described by a feature vector 𝑋 available to the ranker, as well

as label 𝐿, indicating the user action assuming the offer was top

ranked .
3
Note that we only have access to label L for offers that

were ranked top by the original ranker 𝑅.

Using the above notations, the objective is to estimate the per-

formance of the ranker 𝑅′
, defined by:

Perf (𝑅′) ≜ E𝑋,𝐿∼𝑅′ (T) [𝐿] . (1)

Note that when 𝐿 is a binary label representing purchase, then

Perf (𝑅′) is exactly the purchase rate of 𝑅′
. Let 𝐸𝑆 be an estimator

trained on a labeled dataset 𝑆 sampled from 𝑅(T ). Similarly, 𝑆 ′

is a test dataset sampled from 𝑅′(T ). We denote by 𝐸𝑆 (𝑋 ) the
estimation of the ranker given an offer represented by feature vector

𝑋 . In case the label is binary, 𝐸𝑆 is a probabilistic classifier and

𝐸𝑆 (𝑋 ) is the estimated probability of the label being positive. Using

the above definitions, the overall estimation is defined as:

Est𝑆 (𝑆 ′) ≜ E𝑋,𝐿∼𝑆′ [𝐸𝑆 (𝑋 )] . (2)

Note that the estimation is non-deterministic, since it is influ-

enced by the statistical noise resulting by the sampling process of

𝑆 and 𝑆 ′. Nevertheless, with high probability it lies within a known

3
The label is close to the notion referred as relevance in some of the debiasing literature

– it is the property of the offer that makes the user perform the action in case he is

exposed to it.

confidence interval that diminishes with the sizes of 𝑆 and 𝑆 ′. The
center of this confidence interval can be expressed as the expecta-

tion of the ranker’s estimation, i.e. E𝑆⊆𝑅 (T),𝑆′⊆𝑅′ (T) [Est𝑆 (𝑆 ′)] .
Ideally, we want the center of the confidence interval of the esti-

mation to be around the ranker’s true performance. The following

theorem states that indeed the expected estimation is equal to the

actual ranker’s performance, if the five requirements hold:

Theorem 1 (informal). Assuming all 5 requirements of the frame-
work are satisfied, then,

E𝑆⊆𝑅 (T),𝑆′⊆𝑅′ (T) [Est𝑆 (𝑆 ′)] = Perf (𝑅′) .

In Section 6 we formally prove that the requirements are both

necessary and sufficient for achieving an accurate estimation.

5 EXPERIMENTS
We validate our external estimator framework by conducting sev-

eral experiments for estimating the purchase rate of various rankers.

The evaluation is performed over a segment of voice shopping traf-

fic, exhibiting extreme presentation bias.

Given a ranker and a traffic segment, the external estimator

predicts the purchase rate of the ranker over the traffic, that is,

the expected purchase rate given the offers that are top-ranked

according to the ranker. The only way to validate the accuracy of

the estimation is by an online experiment in which the ranker is

applied to the same traffic segment.

5.1 Experiment Setup
We experiment with several types of rankers – a random ranker

that randomly shuffles the offers; purchase-optimized rankers, and

relevance-optimized rankers that are optimized for objective rele-
vance, as judged by external annotators.

The rankers and the external estimator are gradient boosting

decision trees (GBDT) models [12], implemented using the XGboost

library [7]. They exploit features based on textual similarity, seman-

tic similarity and behavioral-based stats. In addition, the external

estimator was augmented with contextual features that represent

the users preferences based on their shopping history.
4

We ran five online A/B testing experiments on segments of voice-

shopping traffic both during typical shopping days and after shop-

ping events like Black Friday (which majorly influences shopping

habits). In each experiment, we partitioned the data randomly into

treatment and control groups. Each group consists of at least sev-

eral thousands of queries
5
. In the control group the offers were

ranked according to the production ranker, while in the treatment

group the offers were ranked according to an alternative ranker,

whose performance we wish to estimate. We refer to the ranker

used in production as the original ranker. In each experiment, the

estimator’s training set was sampled from the control. Thus, the

estimator was exposed only to behavioral signals on top ranked

offers as ranked by the original ranker.

Table 1 provide information for each experiment: the date, the

types of the original and the proposed rankers (random, or metric

4
We validated that the contextual features are sufficient for accurate prediction, using

past online experiments. We emphasize that alternatively, we could concatenate the

query-offers feature vectors as our contextual features (see R5:Context), but this would

inflate significantly the number of features.

5
The groups are disjoint with respect to the users to avoid information leakage.
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they are optimized for), andwhether it was conducted during typical

shopping days or post shopping event.

# Month Proposed ranker Original ranker Traffic type
1 Nov’20 random relevance typical

2 Dec’20 purchase relevance shopping-event

3 Mar’21 purchase relevance typical

4 Mar’21 relevance purchase typical

5 Jun’21 relevance relevance typical

Table 1: Experiment settings

We view the first experiment, where we estimate the perfor-

mance of a random ranker, as the most challenging setting. The

reason is, that the characteristics of the top offers presented by

the random ranker are very different from the characteristics of

top offers presented by the original ranker which is optimized for

relevance, as the random ranker may suggest irrelevant offers. The

last experiment is the least challenging, as the two rankers target

relevance, and are thus similar in nature. Nevertheless, it represents

a common use case where incremental changes are made to the

ranking algorithm.

During each experiment, we gathered the traffic data of the

control group, and used it to train our estimator for predicting

purchase probability, by minimizing the log-loss function with

respect to the binary purchase label. We remind the reader that

the estimator is trained on the traffic we have from the original

ranker in production. We used the external estimator, as well as

the baseline methods described in the next section, to estimate the

purchase rate of the treatment group, and compared it to the actual

purchase rate obtained online for the treatment. Demonstrating

an accurate prediction would mean, that it can indeed be used to

effectively replace online experiments.

5.2 Baselines
We explore several offline approaches for estimating ranker perfor-

mance under extreme position bias, in which only the top result

can get a meaningful signal.

We start with the “biased” approach in which we ignore the

presentation bias. In this case we treat any offer that does not have

a positive signal as having a negative signal, even if the offer was not

presented to the user. Note that Inverse Propensity Score (IPS) [14],

treats missing signals as negative and weighs positive signals by

the inverse of their probability. Assuming the existence of extreme

bias and a deterministic (original) ranker, the “biased” approach

described above and IPS are equivalent.

Our second baseline considers only the queries on which the

proposed ranker agrees with the original ranker. We note that those

are the only queries for which we have a reliable signal with respect

to purchase probability. We denote by “agreement estimation” the

purchase rate of this traffic.

Finally, in the cases in which the ranker is a classifier estimating

purchase probability (experiments #2 and #3 in Table 1), we can use

the ranker itself to estimate its own performance. We consider the

average ranker estimation over the traffic (that is, over all returned

offers) as the “self estimation”.

We note that the above baselines are not expected to perform

well, as discussed in Section 5.1. However, they provide natural

candidates, and are used here to demonstrate the existing gap re-

solved by our framework. To the best of our knowledge, there are

no state-of-art offline baselines for the near-absolute position bias

setting considered in this work.

5.3 Results
In Figure 1 we summarize the different experimental results. For

each experiment, we present the relative estimation error of the

external estimator and the baselines, namely the ratio between the

estimation error and the actual purchase rate. In addition, we add

the confidence interval at 95% confidence level, which results from

the stochastic process of choosing the control and the treatment

groups. We can see that the external estimator provides an accurate

estimation for each of the experiments. Moreover, it is significantly

superior compared to the baselines.
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Figure 1: Summary of purchase rate estimation experiments

The self-estimation baseline, where available (experiments #2

and #3), overestimates the purchase rate. This phenomena is due to

the inherent noise in ranker estimation (as for any model), in which

some of the offers are underestimated and some are overestimated.

Naturally, the overestimated offers are more likely to be picked by

the ranker. Thus, on average, the ranker’s estimation with respect to

its top-ranked offers is exaggerated. For a more detailed discussion

of this phenomena, see paragraph R2:Disjoint in Section 6.1.

The biased estimation always underestimates the purchase rate.

This is not surprising, since under our extreme presentation bias,

an offer that was top-ranked by the proposed ranker is evaluated

as purchased only if it was top-ranked by the original ranker and

actually purchased. This occurs as the biased estimation assigns a

negative signal to any offer that has either not been presented to

the user (not top-ranked by the original ranker), or not purchased.

The agreement estimation always overestimates the purchase

rate. This is expected, since it returns the purchase rate of the traffic

where the two rankers agree on the best offer. Those offers tend to

be more attractive than offers ranked top by a single ranker, hence

we expect that in average their purchase rate is higher.

In all experiments, the external estimator provides the most

accurate estimation of the actual purchase rate. In fact, the esti-

mation error is even smaller than the confidence interval imposed
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by the sampling process. That is, the external estimator predicts

the treatment purchase probability as accurately as measuring the

performance of the alternative ranker on a different randomly as-

signed treatment group. Our offline estimator thus allows to infer

the purchase rate of the treatment without presenting it to the user.

We conclude that in those experiments, the online experiment could

have indeed been replaced with an offline estimation as provided

by the external estimator.

6 FORMAL ANALYSIS
In this section we formally analyze the external estimation frame-

work. Specifically, we show that the five requirements presented in

Section 3 are both necessary and sufficient to provide an accurate

estimation as defined in Section 4.

6.1 Requirements Necessity
We describe five scenarios, one for each requirement. In each sce-

nario the estimator fails to meet one requirement but satisfies all

others. We show that in each scenario the estimator fails to produce

an accurate estimation, thus proving the necessity of the require-

ments. The following scenarios are over-simplified and sometimes

extreme, but they capture the reasons for which the framework

may yield inaccurate estimation if the requirements are not met.

R1:Top. Consider the extreme case in which users purchase any

of the offers they are exposed to. Moreover, due to the presentation

bias, users are exposed only to the top ranked offer. Assume that

each query has 40 offers, and each offer has an ID. The ID is a

unique identifier which is drawn uniformly between 0 to 1. Assume

furthermore, that the original ranker ranks the offers in ascending

order with respect to their ID, and that we want to estimate the

purchase rate of ranking by descending order. An accurately gener-

alizing estimator that is not trained on top offers only (contradicting

R1:Top), may be trained on offers that do not have the minimal ID.

It will learn that such offers are not purchased. Thus, the estimated

purchase probability of an offer is exactly the probability that its

ID is smaller than the other 39 random IDs. For offers with "large"

ID (ID larger than half), the estimated purchase probability will

be almost zero (The probability that 39 offers are smaller than half

is 0.539 ≈ 0). When applied to offers ranked in descending order,

almost 100% of the top ranked offers will have a large ID (the prob-

ability that an offer will not satisfy the condition and the maximal

ID will be smaller than half is 0.540 ≈ 0), and thus the estimated

purchase rate will be 0. This contradicts the fact that according to

our assumption, the purchase rate of the alternative ranker is 1.

R2:Disjoint.We assume for simplicity that all offers have the

same purchase probability of 𝑝 = 30% and each query has 𝑘 = 40

offers. Consider the case in which the training set is extremely large,

including many instances of each possible query-offer pair. In this

case one can use a statistic-based model that estimates the purchase

probability of a query-offer pair as the average purchase labels of

the last𝑚 = 10 times it was offered as top. Note that this model is an

unbiased generalizing model, as well as fairly accurate. We want to

estimate the purchase probability when using this statistics-based

model as a ranker. In this simple case the purchase probability of the

alternative ranker is also 30%. In contradiction to R2:Disjoint, in this

example we don’t require different training sets for the ranker and

estimator, and the same model can also be used for estimation. As

apposed to the true purchase probability of an offer, the estimated

purchase probability is a random variable which depends on the

offer’s history. The estimation is based on𝑚 offers, each purchased

with probability 𝑝 , hence, it is distributed according to the binomial

distribution 𝐵𝑖𝑛(𝑝,𝑚). Since the ranker is similar to the estimator,

for each query with 𝑘 offers the ranker will rank first the offer with

the maximal estimation out of those 𝑘 . Thus, the estimation of the

top offers is a random variable, distributed as the maximum of 𝑘

binomial random variables. The overall estimation is expected to

be around the expectation of this maximum, which is greater than

60%, as can be verified empirically. This is very far from the actual

purchase rate of the ranker (30%).

R3:Superset. Assume that for each query there are 40 offers,

each offer is chosen to be sold with a significant discount with prob-

ability 10%. It can be shown that in this case 98.5% of the queries

have at least one discounted offer (the probability of each offer

not having a discount is 90% independently, thus the probability

of all offers not having discount is 0.940 ≈ 1.5%). Moreover, as-

sume that none of the estimator’s features indicates whether the

offer gets a discount. We further assume that the user purchases

only every discounted offer and no other). Note that in this case

an accurate generalizing model that was trained on offered ranked

independently of their discount, will just learn that each offer has

a purchase probability of 10%. Hence, 10% will be its overall esti-

mation for every ranker. Now consider a ranker that ranks first

the discounted offers. Note that this violates R3:Superset, since the

discount information is a ranker’s feature that is inaccessible to

the estimator. Thus, for each query that has a discounted offer, the

ranker will offer it as top, and the offer will be purchased. This

results in a purchase probability of 98.5% for the ranker, while the

estimation is only 10%.

R4:Generalize. We demonstrate this requirement by consider-

ing statistics-based features. We consider an extreme case in which

each query has a constant list of offers, and all queries appear in

the historical logs. We assume that some of the offers are attractive

and are always purchased if presented as top. Specifically, assume

each offer is originally ranked according to a unique ID. Assume

that 50% of the offers (independently of the IDs) are cheap, where

99% of the cheap offers are attractive. We assume for simplicity that

there are 40 offers per query. We want to estimate the purchase

rate of a ranker that ranks offers according to their price. It can be

shown that almost all of the queries have a cheap offer that will

be ranked top by the new ranker. Since 99% of the cheap offers are

attractive and as such are purchased if presented as top, the overall

purchase rate of this ranker is ≈ 99%.

Now, consider an estimator that has access to the ID, price, and

purchase statistics of the query-offer pair based on historical data

(purchase stats is a biased feature, contradicting R4:Generalize)

. Since all queries and offers appeared before, all the top ranked

attractive offers have positive purchase statistics and were indeed

purchased, while the unattractive offers have zero purchase statis-

tics, and indeed were not purchased. Thus, an estimator trained on

the top offers learns that the purchase-statics feature accurately

predicts whether the offer is purchased, and chooses to consider

this feature only. Predicting according to the price is less accurate

(99%) than using purchase-statistics (100%), and thus the estimator
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learns to ignore the price signal. Note that for each query only one

offer out of 40 was originally presented as top, and can have a posi-

tive purchase statistic. Thus, the estimator will estimate that less

than 1/40 of the offers provided by the new ranker are purchased,

resulting in an estimation of at most 2.5%.

R5:Context. We consider the case where the purchase decision

depends solely on the context, however the estimator has no con-

textual features – contradicting R5:Context. Assume there are two

user populations – explorers and buyers. The explorers population

generates 99% of the traffic, and the buyers generate the remaining

1%. The explorers initiate "exploration queries" that are character-

ized by offers with a varied range of prices (uniformly distributed

between 0 to 100$). The explorers never purchase anything. On the

other hand, the buyers initiate "buy queries" associated with low

priced offers (lower than 50$) and always purchase the top ranked

offer (regardless of its features). We assume that each query has 40

offers. Note that the purchase probability of any ranker is 1% (the

ratio of the buyers’ generated traffic).

Now, assume that the original ranker ranked the offers in a

descending order according to their price, and we want to estimate

the purchase probability of an alternative ranker that ranks the

offers in an ascending price order. Note that for an exploration query

it is very unlikely that all offers have a low price (since an offer’s

price for the exploration queries is uniform between 0 to 100$, its

probability to be below 50$ is 0.5 - thus the probability that all 40

offers will have price lower than 10$ is 0.540 ≈ 0). However, for a

buy query, this is always the case. Thus, the original ranker almost

always suggests an offer with a high price (>50$) to the explorers

and a low-priced offer to the buyers. Any accurate generalizing

estimator will learn that offers are purchased if and only if they

have a low price. Consider the alternative ranker that ranks low

priced offers at the top. It can be verified that for almost all of the

exploration queries and for all of the buy queries there will be a low-

priced offer ranked top (since an offer’s price for the exploration

queries is uniform between 0$-100$, its probability to be above 50$

is 0.5 – thus, the probability that all 40 offers will have price greater

than 50$ is 0.540 ≈ 0). The estimator will estimate that these low-

priced offers are purchased, yielding an overall estimation of 100%,

while the real purchase rate remains 1%.

6.2 Requirements Sufficiency
We prove that the five requirements stated in Section 3 are sufficient

to guarantee the accuracy of the external estimator.

We formally define our setting. In order to define amodel that can

generalize on new unseen examples, we view the queries and the

offers as part of a stochastic process. As common in this case, capital

letters denote random variables, while lowercase represents their

values. Let T represents the traffic distribution, i.e., a distribution

over query instances. Each query instance𝑄 drawn from T defines

a vector, denoted by 𝐶 (𝑄) ∈ R𝑚 , describing the distribution over

offers (following the query) and the value of each feature in the

contextual feature set C. We consider the offers as the output of a

stochastic process, as their availability and respective label depends

on unpredictable factors that are out of our control. Each offer is a

pair (𝑧, ℓ) ∈ R𝑛×R, defined by 𝑧, a vector of offer features, and label
ℓ representing the action performed by the user given that this offer

was ranked as top. The full feature vector is defined as 𝑥 = (𝑐, 𝑧),
where 𝑐 is a vector of contextual features and 𝑧 is a vector of offer

features. We abuse the notation and represent an offer sampled for

query 𝑄 by (𝑍, 𝐿) ∼ 𝑄 . To ease the reading, we shorten the terms

“traffic distribution" and “query instance" into traffic and query.
A ranker 𝑅 is an algorithm which, given a list of offers repre-

sented by the feature vector 𝑧, selects a single offer as the top offer.

Given traffic T we denote the distribution of offers selected by 𝑅

with respect to queries sampled from T by (𝑋, 𝐿) ∼ 𝑅(T ). Note,
for any traffic T we fix the set of features (both contextual and

offer features), as defined above. Thus, from now on we assume all

rankers and learning algorithms are restricted to this features set

(this is essential to guarantee R3:Superset defined in Sec. 3). More-

over, we denote by 𝑆 ⊆ 𝑅(T ) a dataset consisting of top ranked

offers sampled from 𝑅(T ).
Consider two rankers, the original ranker 𝑅 and an alternative

ranker 𝑅′
. Given a learning algorithm 𝐸, let 𝐸𝑆 be the external

estimator that 𝐸 outputs when trained on the labeled training set

𝑆 ⊆ 𝑅(T ). The objective of the external estimator is to accurately

estimate the performance of 𝑅′
.

Definition 2. Let T be some traffic, 𝑅 a ranker and 𝐸 a learning

algorithm. We say that a learning algorithm 𝐸 on 𝑅(T ) estimates

distribution 𝑅′(T ) accurately if

E𝑆⊆𝑅 (T),𝑆′⊆𝑅′ (T) [E𝑋,𝐿∼𝑆′ [𝐸𝑆 (𝑋 )]] = E𝑋,𝐿∼𝑅′ (𝑇 ) [𝐿] . (3)

Note that E𝑋,𝐿∼𝑆′ [𝐸𝑆 (𝑋 )] is the overall estimation of 𝐸𝑆 , the

estimator returned by 𝐸 when trained on a subset 𝑆 ⊆ 𝑅(T ). Also,
E𝑋,𝐿∼𝑅′ (𝑇 ) [𝐿] is the performance of ranker 𝑅′

. Thus, Equation (3)

requires the estimator to accurately estimate (in expectation) the

performance of 𝑅′
(equivalent to equation of Theorem 1 in Sec. 4).

Our theoretical analysis proves that a learning algorithm 𝐸 esti-

mates 𝑅′(T ) accurately if the five requirements stated in Section

3 are met. The first three requirements follow from the definition

of the estimator and its objective. (i) The training data 𝑆 ⊆ 𝑅(T )
contains only top ranked offers (R1:Top). (ii) The fact that in Equa-

tion (3) 𝑅′
is fixed before 𝑆 was sampled implies it did not have

access to 𝑆 (R2:Disjoint). (iii) 𝐸𝑆 has access to the feature vector of

𝑥 , the same set of features utilized by 𝑅 and 𝑅′
(R3:Superset).

Next, we consider requirement R4:Generalize, which is translated

to a property of a learning algorithm 𝐸. The learning algorithm

generates an estimator which is expected to model the expected

label of an offer sampled from 𝑅(T ) by learning from a training set

𝑆 ⊆ 𝑅(T ). This property is given formally in the next definition.

Definition 3. A learning algorithm 𝐸 is generalizing distribution

𝑅(T ), if for each 𝑥 ∈ R𝑛 such that Pr𝑋,𝐿∼𝑅 (T) [𝑋 = 𝑥] > 0, it holds

E𝑆⊆𝑅 (T) [𝐸𝑆 (𝑥)] = E𝑋,𝐿∼𝑅 (T) [𝐿 | 𝑋 = 𝑥] .

Observe that noise in the sampling process of 𝑆 may affect the

learning process. In practice the prediction of 𝐸𝑆 falls within some

confidence interval which diminishes as |𝑆 | grows.
Lastly, we consider requirement R5:Context. The set of contex-

tual features C are independent of any specific offer. They may

include for example information about the query utterance, the

user, and the time. While the generalizing property allows the esti-

mator to estimate user behavior over the entire traffic according to

the original ranker, the contextual features are needed to extend
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this ability for estimating accurately also the performance of an

alternative ranker.

We achieve this goal by requiring the set of contextual features

C to obey at least one of two conditions. The first condition states

that each pair of queries with identical contextual features have an

identical offer distribution aswell. As the ranker cannot differentiate

between the two queries, it will select the same top offer for these

queries, allowing the learning algorithm 𝐸 to treat these queries as

similar and learn the respective user behavior. The second condition

states that the expected label of an offer can be described as a

function of the offer features for each pair of queries with the

same contextual features. This clearly means that the label can be

described as a function of all features, contextual and offer features,

so a learning algorithm utilizing these features can generate a good

estimator. The following definition describes this notion formally.

Definition 4. Given a set of contextual features C, an offer feature

vector 𝑧 ∈ R𝑛 , and two queries 𝑄,𝑄 ′ ∼ T such that𝐶 (𝑄) = 𝐶 (𝑄 ′),
we say that C is sufficient if at least one of the two conditions holds:

(1) Pr𝑍,𝐿∼𝑄 [𝑍 = 𝑧] = Pr𝑍,𝐿∼𝑄′ [𝑍 = 𝑧]
(2) E𝑍,𝐿∼𝑄 [𝐿 | 𝑍 = 𝑧] = E𝑍,𝐿∼𝑄′ [𝐿 | 𝑍 = 𝑧].
The sufficient context property implies that the contextual fea-

tures suffice to identify the difference between queries. We observe

that sufficient context can always be guaranteed by selecting all

offer features for the whole matching set of offers. This means that

for any two queries𝑄 and𝑄 ′
such that𝐶 (𝑄) = 𝐶 (𝑄 ′) the matching

sets are identical. Thus, Condition (1) in the above definition holds

as the probability that an offer with feature vector 𝑧 is in the match-

ing set of 𝑄 and 𝑄 ′
is identical and deterministic. Alternatively,

sufficient context can be achieved by having indicative features that

capture user behavioral preferences, according to Condition (2).

Given the above definitions we can now provide a formal phras-

ing of Theorem 1 (see Section 4).

Theorem 1. Let T be a traffic distribution with a set of contextual
features C and let 𝑅 and 𝑅′ be the original and the alternative ranker
respectively. If C is sufficient, and learning algorithm 𝐸 generalizes
𝑅(T ), then 𝐸 on 𝑅(T ) estimates 𝑅′(T ) accurately.

The proof of Theorem 1 follows from the two next constructive

lemmas. We first define for any offer distributionD the conditional

distribution D𝑥 of 𝐿 given 𝑋 = 𝑥 , where 𝑋, 𝐿 are drawn from D.

I.e., E𝐿∼D𝑥
[𝐿] = E𝑋,𝐿∼D [𝐿 | 𝑋 = 𝑥]. The following definition is

necessary for presenting the lemmas.

Definition 5. We say that two offer distributions D and D ′
are

label consistent if for any feature vector 𝑥 ∈ R𝑛 such that

Pr𝑋,𝐿∼D [𝑋 = 𝑥], Pr𝑋,𝐿∼D′ [𝑋 = 𝑥] ≠ 0, it holds that

E𝐿∼D𝑥
[𝐿] = E𝐿∼D′

𝑥
[𝐿] .

Lemma 6. LetD andD ′ be label consistent distributions. If a learn-
ing algorithm 𝐸 is generalizing D, then it estimates D ′ accurately.

Proof.

E𝑋,𝐿∼D′ [𝐿] = E𝑋,𝐿∼D′E𝐿′∼D′
𝑋
[𝐿′]

= E𝑋,𝐿∼D′E𝐿′∼D𝑋
[𝐿′]

= E𝑋,𝐿∼D′E𝑆⊆D𝐸𝑆 (𝑋 )
= E𝑆′⊆D′E𝑋,𝐿∼𝑆′E𝑆⊆D𝐸𝑆 (𝑋 )
= E𝑆⊆D,𝑆′⊆D′

[
E𝑋,𝐿∼𝑆′ [𝐸𝑆 (𝑋 )]

]
.

The first and forth equalities follow from the law of total expec-

tation. The second equality follows from label-consistency of the

distributions. The third equality follows from the generalizing prop-

erty of the learning algorithm. Lastly, the fifth equality follows

linearity of expectation. □

Theorem 1 follows from Lemma 6 and the following lemma.

Lemma 7. Let T be a traffic distribution with contextual feature set
C. If C is sufficient, then for any two rankers 𝑅 and 𝑅′, it holds that
𝑅(T ) and 𝑅′(T ) are label consistent.

Proof. See Appendix A □

7 DISCUSSION
In this work, we presented a novel approach for predicting offline

the performance of a new ranker, with respect to a behavioral met-

ric, in a setting of extreme position bias. The core of our approach

is an external estimator framework, which incorporates several re-

quirements that have to be met. We presented these requirements,

proving both their necessity, as well as the guaranteed accuracy

of the estimator given that the requirements hold. Using a line

of experiments, we demonstrated that we can accurately predict

offline the purchase rate of various rankers. In those experiments,

the estimator was validated online, by comparing its prediction

to the actual purchase rate achieved by each ranker when being

exposed to users.

We note that while our solution can replace the need for contin-

uous online experiments when developing a new ranker, it cannot,

and is not intended to eliminate online experiments completely. For

example, production constraints like latency, are not considered by

our framework. However, considering the natural continuous work

invested in developing and improving a new ranker, our solution

can be used to eliminate a series of online experiments, that were

needed until today, for any change of features, model architecture,

or hyper-parameter tuning.

We view our work as the first and most significant step of devis-

ing and fully characterizing this new proposed framework. How-

ever, our solution still suffers from several drawbacks, left for future

work. One remaining challenge is validating the external estima-

tor completely offline, as at least one online experiment is recom-

mended to validate that the overall external estimation system is

tuned appropriately. Another challenge is being able to estimate

a ranker that uses position-biased features, as according to our

requirements, they cannot be used as is by the external estimator.

Finally, it would also be interesting to adapt our solution to cases

that suffer from a position bias, but not an extreme one. Exploring if

it has some benefit for those cases and comparing it to state-of-art

debiasing baselines, could yield a new offline debiasing technique.
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A PROOF OF LEMMA 7
Proof. Wewill show that for any feature vector 𝑥 = (𝑐, 𝑧) the ex-

pression E𝐿∼𝑅 (T)𝑥 [𝐿] is independent of the ranker 𝑅. This implies

that E𝐿∼𝑅 (T)𝑥 [𝐿] = E𝐿∼𝑅′ (T)𝑥 [𝐿], as required.
Fix some 𝑥 = (𝑐, 𝑧) and query 𝑄 such that 𝐶 (𝑄) = 𝑐 and

Pr𝑍,𝐿∼𝑄 [𝑍 = 𝑧] > 0. We consider ranker 𝑅 as a function that re-

ceives 𝑘 feature vectors as well as contextual features, and chooses

an index of one offer.

E𝐿∼𝑅 (𝑄)𝑧 [𝐿] = E𝑍,𝐿∼𝑅 (𝑄) [𝐿 | 𝑍 = 𝑧]
= E𝑆⊆𝑄 [𝐿𝑅 (𝑆,𝑐) | 𝑍𝑅 (𝑆,𝑐) = 𝑧]
= E𝑍,𝐿∼𝑄 [𝐿 | 𝑍 = 𝑧]
= E𝐿∼𝑄𝑧

[𝐿] .

(4)

The first,second and last equalities follow from the definitions.

The third equality follows from the fact that for index 𝑖 = 𝑅(𝑆, 𝑐),
the expectation is calculated on 𝐿𝑖 under the conditions that (i)

𝑅(𝑍1, . . ., 𝑍𝑖−1, 𝑧, 𝑍𝑖+1, . . ., 𝑍𝑘 , 𝑐) = 𝑖 , and that (ii) 𝑍𝑖 = 𝑧. Since 𝐿𝑖 is

independent of {𝑍 𝑗 } 𝑗≠𝑖 , condition (i) can be discarded.

There are two conditions under which C is sufficient, as defined

in Definition 4. If Condition (1) holds, we get that E𝐿∼𝑅 (T)𝑥 [𝐿] is

independent of 𝑅, as follows:

E𝐿∼𝑅 (T)𝑥 [𝐿] = E𝑋,𝐿∼𝑅 (T) [𝐿 | 𝑋 = 𝑥]
= E𝑄 ∼T,(𝑍,𝐿)∼𝑅 (𝑄) [𝐿 | 𝑍 = 𝑧,𝐶 (𝑄) = 𝑐]
= E𝑄 ∼T,𝐿∼𝑅 (𝑄)𝑧 [𝐿 | 𝐶 (𝑄) = 𝑐]
= E𝑄 ∼T,𝐿∼𝑄𝑧

[𝐿 | 𝐶 (𝑄) = 𝑐] ,
where the first two equalities follow from the definitions. The third

equality follows from Condition (1), as all queries with the same

context are associated with the same distribution. Thus, the event

𝑍 = 𝑧 poses no additional constraint on the choice of 𝑄 . The last

equality follows from Equation (4).

Finally, we show thatE𝐿∼𝑅 (T)𝑥 [𝐿] is independent of𝑅, assuming

Condition (2) holds (see Definition 4).

E𝐿∼𝑅 (T)𝑥 [𝐿]
= E𝑋,𝐿∼𝑅 (T) [𝐿 | 𝑋 = 𝑥]
= E𝑄∼T,𝑍,𝐿∼𝑅 (𝑄) [𝐿 | 𝐶 (𝑄) = 𝑐, 𝑍 = 𝑧]
= E𝑄∼T,(𝑍,𝐿)∼𝑅 (𝑄)

[
E(𝑍 ′,𝐿′)∼𝑅 (𝑄) [𝐿′ | 𝑍 ′ = 𝑧] | 𝐶 (𝑄) = 𝑐, 𝑍 = 𝑧

]
= E𝑄∼T,(𝑍,𝐿)∼𝑅 (𝑄)

[
E𝐿′∼𝑅 (𝑄)𝑧 [𝐿

′] | 𝐶 (𝑄) = 𝑐, 𝑍 = 𝑧
]

= E𝑄∼T,(𝑍,𝐿)∼𝑅 (𝑄)
[
E𝐿′∼𝑄𝑧

[𝐿′] | 𝐶 (𝑄) = 𝑐, 𝑍 = 𝑧
]

= E𝑄∼T,(𝑍,𝐿)∼𝑅 (𝑄) [ℓ | 𝐶 (𝑄) = 𝑐, 𝑍 = 𝑧] = ℓ .

The first, second and fourth equations follow from the definitions.

The third equality follows from the law of total expectation and the

last equality follows from Equality (4). □
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