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Learning-to-rank (LTR) search results in large scale industrial information re-

trieval settings, such as personal email and e-commerce, directly from logged

implicit user feedback such as clicks is highly attractive since such feedback is

ubiquitous, routinely collected, user-focused and time-sensitive unlike manual

relevance annotations or slow, disruptive A/B testing protocols. However, LTR

from such feedback is challenging since it can be very partial and biased as sig-

nals of relevance. In particular, position bias must be addressed since higher

ranks are more likely to be examined and clicked, and thus naively interpreting

clicks as relevance labels leads to undesirable feedback loops and sub-optimal

ranking quality. Towards this end, we develop a theoretical framework based

on counterfactual reasoning that systematically deals with the various forms

of position bias inherent in user behavior, and demonstrate its effectiveness in

several real-world settings including Gmail and Arxiv search. While the frame-

work can be adapted for any form of implicit feedback, we primarily focus on

click data since they are routinely logged and reliable indicators of user intent.

We present our key contributions within this framework, especially In-

tervention Harvesting, the first method for consistent position-bias estima-

tion without additional online interventions or relevance modeling using logs

from multiple rankers. The general unbiased LTR framework, and addressing

position-dependent trust bias in relevance evaluation (in addition to examina-

tion bias) are also described in detail.
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CHAPTER 1

INTRODUCTION

In the Learning-to-Rank (LTR) setting, the target is a ranking function that ranks

candidate documents (or results) for a given query such that some desired util-

ity measure (e.g. user engagement, ad revenue etc.) is maximized over the

run of the system. Learning such ranking functions via supervised batch train-

ing requires collecting relevance-label annotations for domain-specific query-

document pairs. This can be highly infeasible, if not impossible, for large scale

applications, especially in user-specific domains such as personal email search.

In such a scenario, directly learning from the feedback (e.g. clicks, hover times

etc.) implicit in historical logs of user interactions with the ranking system

is highly attractive since such feedback is abundant, user-specific and easily

logged for typical industrial information retrieval (IR) applications (e.g. Gmail,

e-commerce etc.).

Effectively harnessing the already available logged data is also more prefer-

able than performing online interventions such as A/B testing which can be

slow, expensive and disruptive. However, LTR from logged implicit feedback

is challenging since such feedback can be very partial and biased as signals of

relevance. In particular, position bias must be addressed since higher ranks are

more likely to be examined and clicked, and thus naively interpreting clicks as

relevance labels leads to undesirable feedback loops and sub-optimal ranking

quality. Towards this end, we develop a theoretical framework based on coun-

terfactual reasoning that systematically deals with the various forms of position

bias inherent in user behavior, and demonstrate its effectiveness in several real-

world settings. While the framework can be adapted for any form of implicit
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feedback, we primarily focus on click data since they are routinely logged and

reliable indicators of user intent.

Our work takes the unbiased LTR approach introduced in [33] as a starting

point. This approach has three broad components, and we make fundamental

contributions to each. First, a model for user behavior must be hypothesized

to explain the observed logged implicit feedback (such as clicks) in terms of the

underlying unobserved document relevance, position, and other potential con-

textual information available about the query and user. Next, the parameters

of the chosen model must be estimated using the logged data. Specifically, this

step quantifies the position bias of various forms, and thus determines the rela-

tionship between the observed feedback and the true unobserved relevance of

the ranked documents. This step may require a relatively small set of further

online interventions, but can also benefit from novel techniques that are largely,

if not entirely, offline, including key contributions of our work. Finally, these

bias estimates can be employed in conjunction with the observed feedback to

learn a new ranking function by indirectly optimizing a desired relevance-based

ranking metric (such as Discounted Cumulative Gain, or DCG). This entails de-

signing a training objective that accounts for the various biases via causal infer-

ence techniques such as inverse propensity scoring (IPS), so that the objective

matches the unobserved relevance-based metric in expectation over the stochas-

tic user behavior.

In the following sections, we provide an overview of the subsequent chap-

ters by outlining our key contributions in the context of the above approach.
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1.1 Generalized Counterfactual LTR Framework

The counterfactual inference approach developed in [33] provides a rigorous

strategy for unbiased LTR despite biased feedback and overcomes the draw-

backs of alternative bias-mitigation strategies. In particular, it does not require

the same query to be seen multiple times as necessary for most generative click

models, and it does not introduce alternate biases like treating clicks as prefer-

ences between clicked and skipped documents. However, [33] is limited to lin-

ear ranking functions and optimizing the Average Rank metric. Consequently,

we address these limitations in [2] by designing a counterfactual LTR frame-

work that generalizes to a broad class of additive IR metrics as well as non-linear

deep models.

The key technique underlying the counterfactual framework is inverse

propensity scoring (IPS) which accounts for the differential propensity of users

to examine documents across different positions. In particular, documents

clicked at lower ranks are given proportionately higher weights during train-

ing by incorporating the estimated propensity of observing the clicks into a

provably unbiased Propensity-Weighted Empirical Risk Minimization (ERM)

training objective [50]. Our generalized framework allows any IR metric that

is the sum of individual document relevances weighted by some function of

document rank to be directly optimized via such a Propensity-Weighted ERM.

Moreover, if an IR metric meets the mild requirement that the rank weighting

function is monotone, then a hinge-loss upper-bounding technique can be used

to learn a broad class of differentiable models (e.g. deep networks) as scoring

functions for ranking documents.
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To demonstrate the effectiveness of the general framework, we fully develop

two learning-to-rank methods that optimize the Discounted Cumulative Gain

(DCG) metric commonly employed for various industrial IR applications. The

first is SVM PropDCG, which generalizes a Ranking SVM to directly optimize

a bound on DCG from biased click data. The resulting optimization problem is

no longer convex, and we show how to find a local optimum using the Convex

Concave Procedure (CCP). In CCP, several iterations of convex sub-problems

are solved. In the case of SVM PropDCG, these convex sub-problems have the

convenient property of being a Quadratic Program analogous to a generalized

Ranking SVM. This allows the CCP to work by invoking an existing and fast

SVM solver in each iteration until convergence. The second method we develop

is Deep PropDCG, which further generalizes the approach to deep networks

as non-linear ranking functions. Deep PropDCG also optimizes a bound on

the DCG, and we show how the resulting optimization problem can be solved

via stochastic gradient descent for any network architecture that shares neural

network weights across candidate documents for the same query.

In addition to the theoretical derivation and the justification, we also em-

pirically evaluate the effectiveness of both SVM PropDCG and Deep PropDCG,

especially in comparison to the basic SVM PropRank method introduced in [33].

We find that SVM PropDCG performs significantly better than SVM PropRank

in terms of DCG, and that it is robust to varying degrees of bias, noise and

propensity-model misspecification. In our experiments, CCP convergence was

typically achieved quickly within three to five iterations. For Deep PropDCG,

the results show that DCG performance is further improved compared to SVM

PropDCG when using a neural network, thus demonstrating that the coun-

terfactual learning approach can effectively train non-linear ranking functions.
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SVM PropDCG and Deep PropDCG are also seen to outperform LambdaRank,

the industry LTR standard, in terms of DCG.

1.2 Position Bias Estimation via Intervention Harvesting

As discussed, the key prerequisite for counterfactual LTR is estimation of the

propensity of obtaining a particular feedback signal, which enables Propensity-

Weighted ERM. Towards this end, we propose the first approach for producing

consistent propensity estimates without manual relevance judgments, disrup-

tive interventions, or restrictive relevance-modeling assumptions in [5].

We primarily focus on propensity estimation under the Position-Based

Propensity Model (PBM), which hypothesizes that the probability of clicking

a relevant document is equal to the purely rank-dependent probability of exam-

ining it. The PBM has been seen to be simple yet effective in [33], but previous

propensity estimation methods for it have substantial drawbacks. In particular,

the conventional estimator for the PBM takes a generative approach [16] and

requires individual queries to repeat many times. This is unrealistic for most

ranking applications. To avoid this requirement of repeating queries, Wang et

al. [55] included a relevance model that is jointly estimated via an Expectation-

Maximization (EM) procedure. Unfortunately, defining an accurate relevance

model is just as difficult as the learning-to-rank problem itself, and a misspeci-

fied relevance model can lead to biased propensity estimates. An alternative to

generative click modeling on observational data are estimators that rely on spe-

cific randomized interventions – for example, randomly swapping the result at

rank 1 to any rank k [33]. While this provides provably consistent propensity es-
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timates for the PBM, it degrades retrieval performance and user experience [55]

and is thus costly. In addition, we find in our work that swap-interventions

are statistically rather inefficient. Our proposed approach overcomes the dis-

advantages of the existing methods, as it does not require repeated queries, a

relevance model, or additional interventions.

The key idea behind our estimation technique is to exploit data from a nat-

ural intervention that is readily available in virtually any operational system –

namely that we have implicit feedback data from more than one ranking func-

tion. We call this Intervention Harvesting. Since click behavior depends jointly

on examination and relevance, we show how to exploit this intervention to con-

trol for any difference in overall relevance of results at different positions under

the PBM. This makes our approach fundamentally interventional and it is thus

consistent analogous to using explicit swap interventions under mild assump-

tions. However, by leveraging existing data that is readily available in most

systems, it does not require additional online interventions and the resulting

decrease in user experience. To make efficient use of the interventional data we

harvest, we propose a specific extremum estimator – called AllPairs – that com-

bines all available data for improved statistical efficiency without the need for

a relevance model that could introduce bias. We find that this estimator works

well even if the rankers we harvest interventions from are quite similar in their

result placements and overall performance, and that it is able to recover the rela-

tive propensities globally even if most of the changes in rank are small. Further-

more, we find empirically that the new estimator provides superior propensity

estimates in two real-world systems – Arxiv Full-text Search and Google Drive

Search.
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The Position-Based Model (PBM) however only models how examination

changes with the rank of the result. In follow-up work in [20], we show how

Intervention Harvesting can also be adapted to a more expressive Contextual

Position-Based Model (CPBM) in which the examination propensity can vary

based on query, user and other context observable information in addition to

position. This is a significant improvement since, for example, how users exam-

ine results in navigational queries (i.e., search queries entered with the intention

of finding a particular website or webpage) is likely to differ from that of infor-

mational queries (i.e., search queries for a broad topic for which there could

be thousands of relevant results), a phenomenon also observed in Arxiv Search

experiments.

1.3 Addressing Trust Bias

Our discussion so far has been based on the PBM, and its extension to the

Contextual PBM, both of which model the differential propensity of examining

documents at different results, but ignore the possibility of position-dependent

noise in relevance evaluation upon examination, which turns out to be another

important source of position bias. The robustness of the purely IPS-based ap-

proach when position-independent constant noise is present in click data is

shown in [33]. However, as the user study in [30] showed qualitatively, there is

a position-dependent trust bias after examining results, capturing the intuition

that users may overestimate (or underestimate) the relevance of a result given

its high (or low) position, due to their trust in the effectiveness of the search

application to rank relevant documents higher. Thus a non-relevant result may

be clicked and a relevant result may not be clicked, and the probabilities are not
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constant but depend on the position of the result.

To address this issue, we introduce a noise-aware PBM, named TrustPBM,

to model trust bias in user clicks in [3]. The standard PBM model assumes that

an examined and relevant document is always clicked. We extend it to cap-

ture the following uncertainty: after examination, a relevant document can be

missed, and meanwhile a non-relevant document can be clicked. TrustPBM is

a click model that gives a rigorous mathematical formulation of the trust bias.

However, its bias parameters cannot be estimated based on intervention like the

result randomization used for PBM. Even if we can estimate bias parameters in

TrustPBM, it is still unclear how to use them for unbiased LTR. We show that

TrustPBM can be effectively estimated using an EM algorithm, inspired by the

previous work [55]. Since TrustPBM is no longer a factorization model, a purely

IPS method for unbiased LTR is not feasible. We thus derive a novel and math-

ematically principled Bayes-IPS correction that uses a Bayesian approach for

trust bias and IPS for examination bias. Conceptually, the Bayes-IPS method ad-

dresses both click incompleteness bias (using IPS) and click noise (using Bayes

rule) for unbiased LTR.

Next, we empirically evaluate our method on click logs from search services

for Gmail, Google Drive, and Gmail Expert users. Our TrustPBM estimates ob-

tained via the EM algorithm reveal novel insights into the nature of relevance

noise present in real settings. Most interestingly, we observe that most of the

noise comes from higher ranked irrelevant documents being judged relevant,

while relevant documents tend to be judged accurately even at lower positions.

Moreover, our results demonstrate that the TrustPBM fits the click data better

than the plain PBM. Furthermore, ranking models trained with the Bayes-IPS
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correction have superior live experiment metrics than those trained with only

the IPS correction based on PBM, estimated either via EM or result randomiza-

tion.

1.4 Bibliographic Remarks

The work presented in this thesis is based on several conference papers which

were published during my doctoral studies under the supervision of my advisor

Professor Thorsten Joachims. While I was the lead author of these papers, the

projects greatly benefited from the inputs of all our collaborators.

Specifically, Chapter 3 focuses on the work in [2] which appeared at SIGIR

2019. Ivan and Kenta did substantial work for the empirical analyses, especially

the engineering behind the Arxiv real-world experiments. Chapter 4 focuses on

[5] which appeared at WSDM 2019. This was a collaboration with my internship

team at Google, who enabled the experiments on Google search data using their

proprietary infrastructure. Ivan led the real-world experimentation on Arxiv.

Finally, Chapter 5 focuses on [3] which appeared at WWW 2019. This work was

primarily done during my internship at Google, especially in collaboration with

Xuanhui who initially observed the possibility of position-dependent relevance

noise in the data. The rest of the team members, Cheng, Mike and Marc, helped

with the real-world experiments on Google’s systems.
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CHAPTER 2

LITERATURE REVIEW

We focus on learning-to-rank (LTR) using implicit user feedback such as

click logs in search applications. In this setting, clicks are an incomplete and bi-

ased signal of result relevance since higher results are more likely to be clicked.

Leveraging user interaction data such as clicks has been shown to be quite

promising in improving search quality. A simple approach is to use click and

non-click information as relevance judgment of results. This can be used for

evaluation or to train a new ranking function in the LTR setting. However, such

an approach can lead to misleading evaluation results or sub-optimal ranking

functions due to various types of bias in click data, e.g., position bias [30], pre-

sentation bias [59], and trust bias [41, 30]. In the past, a large amount of research

has been devoted to extracting more accurate signals from click data. For ex-

ample, some heuristic methods have been proposed to address the position bias

by utilizing the pairwise preferences between clicked and skipped documents

(e.g., SkipAbove) [30, 28, 31]. Though these methods have been found to pro-

vide more accurate relevance assessments, their data is fundamentally biased.

For example, a ranking function trained based on the SkipAbove heuristic tends

to reverse the presented order due to its sampling bias [28].

The key ingredient in the counterfactual framework is bias-correcion via in-

verse propensity scoring (IPS) which was developed in causal inference [47] and

is a widely employed technique for handling sampling bias. IPS is often used

for unbiased evaluation and learning [1, 18, 36, 37, 48, 50]. The common as-

sumption in most of these studies is that the propensities are under the system’s

control and are thus known. In the unbiased LTR setting, however, propensities
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arise from user behavior and thus need to be estimated. While IPS can be used

to address the sample bias or click incompleteness, it is not straightforward for

click noise and we address this challenge in [3] using a Bayes correction term.

2.1 Click Modeling and Bias Estimation

Click modeling, especially the position-based model (PBM), has been used for

estimating propensities. Under this model, [54] proposed a result randomiza-

tion method that randomly shuffles the top n results and uses the average CTR

at each position as the propensity. [33] proposed a pivot-based randomization

where position 1 and k are randomly shuffled. The relative propensity between

these two positions pk/p1 can be derived and this is sufficient for LTR. [55] pro-

posed a RandPair approach where adjacent positions are randomly flipped to

obtain pk+1/pk and a chain rule is used to estimate the ratio pk/p1. While these ap-

proaches require interventions, more recently, methods for propensity estima-

tion have been developed that do not require online interventions. [55] pro-

posed a regression-based EM algorithm to fit the PBM model to the regular

click logs without interventions. Our method in [5] achieves consistent propen-

sity estimation without interventions or relevance modeling by harvesting nat-

urally randomized pairs from logs of multiple rankers in operational systems.

While the above approaches focus on the simple PBM, we also extend the inter-

vention harvesting approach in [5] to Contextual Position-Based Model (CPBM)

in [20], where the context information is also incorporated into the propensity

model, to provide more accurate estimates. Unlike traditional click modeling,

we do not use the PBM as a generative model to infer relevance, but instead use

interventional techniques to infer propensities even without repeat queries.
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With the propensities estimated, the IPS-based approach is also used for

search quality evaluations, in addition to learning a ranking function. For ex-

ample, [11] extends the counterfactual inference framework by considering the

case of evaluating new rankers that can retrieve previously unseen documents.

[12] also studies the click-through bias in the cascade model for evaluation.

Besides PBM, there are many other click models for extracting relevance sig-

nals from click data. Click models are parameterized generative models [16]

and their parameters are typically estimated via generative maximum likeli-

hood under specific modeling assumptions about user behavior. There are two

classic click models: the PBM model [45] and the Cascade model [17]. Based on

these two models, more advanced models have been developed. For example,

the user browsing model (UBM) [19] extends PBM to condition the examination

on a previously clicked position, in addition to the position of the current result.

The dynamic Bayesian network model (DBN) [15] and the click chain model

(CCM) [23] extend the Cascade model to handle multiple clicks. Both models

assume a sequential user behavior over the result list. They focus on modeling

the probability that document gets examined depending on the previous doc-

uments and differ in their modeling formulation. DBN and CCM are different

from PBM and UBM in that the examination of a later document depends on the

relevance of previous documents. However, most of these models assume clicks

are noise-free. Our work in [3] addresses the issue of position-dependent click

noise, conceptualized as trust bias, extending the PBM. While the estimated ex-

amination probability in any click model can be used in unbiased LTR, the PBM

model is more robust given that the examination does not depend on the rele-

vance of previous documents since estimating relevance is as hard as learning a

ranking function and thus leads to high variance of the estimated examination
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probability. Our TrustPBM model enjoys the same advantage where the trust

bias is dependent only on position.

The alternate approach of directly using position as a feature is generally

not effective for learning a ranking function. This is because the position of a

result is highly predictive of its click rate, however, the position feature cannot

be used during inference time when a collection of documents must be scored

to determine their positions in the presented ranking. Using the position feature

in training and then unplugging it during inference leads to worse results [55].

2.2 Training Methods

Beyond click modeling and propensity estimation, a ranking function must be

learned from the click logs using an appropriate unbiased LTR algorithm. Re-

cently, some algorithms ([6, 25]) have been proposed that jointly estimate the

propensities and learn the ranking function. However, this requires an accurate

relevance model to succeed, which is at least as hard as the LTR from biased

feedback problem in question. Moreover, the two-step approach of propensity

estimation followed by training an unbiased ranker allows direct optimization

of any chosen target ranking metric independent of the propensity estimation

step. Towards this end, in [2], we develop a general framework for counterfac-

tual LTR that enables unbiased training for a broad class of additive rank metrics

(e.g., Discounted Cumulative Gain (DCG), Precision@k) as well as a broad class

of models (e.g., deep networks)

While our focus is on directly optimizing ranking performance in the im-

plicit feedback partial-information setting, several approaches have been pro-
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posed for the same task in the full-information supervised setting, i.e. when

the relevances of all the documents in the training set are known. A common

strategy is to use some smoothed version of the ranking metric for optimiza-

tion, as seen in SoftRank [52] and others [14, 57, 58, 29]. In particular, SoftRank

optimizes the expected performance metric over the distribution of rankings in-

duced by smoothed scores, which come from a normal distribution centered at

the query-document mean scores predicted by a neural net. This procedure is

computationally expensive with an O(n3) dependence on the number of docu-

ments for a query. In contrast, our approach in [2] employs an upper bound

on the performance metric, whose structure makes it amenable to the Convex

Concave Procedure for efficient optimization, as well as adaptable to non-linear

ranking functions via deep networks.

Finally, several works exist [52, 10, 8, 46] that have proposed neural network

architectures for learning-to-rank. We do not focus on a specific network ar-

chitecture in our work ([2]), but instead propose a new training criterion for

learning-to-rank from implicit feedback that in principle allows unbiased net-

work training for a large class of architectures.
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CHAPTER 3

A GENERAL FRAMEWORK FOR COUNTERFACTUAL

LEARNING-TO-RANK

We begin by developing a counterfactual learning framework that covers

the full class of linearly decomposable metrics as defined below (e.g. DCG).

This extends [33] which was limited to the Average Rank metric. Suppose we

are given a sample X of i.i.d. query instances xi ∼ P(x), i ∈ [N]. A query instance

can include personalized and contextual information about the user in addition

to the query string. For each query instance xi, let ri(y) denote the user-specific

relevance of result y for instance xi. For simplicity, assume that relevances are

binary, ri(y) ∈ {0, 1}. In the following, we consider the class of additive ranking

performance metrics, which includes any metric that can be expressed as

∆(y|xi, ri) =
∑
y∈y

λ (rank(y|y)) · ri(y). (3.1)

y denotes a ranking of results, and λ () can be any weighting function that de-

pends on the rank rank(y|y) of document y in ranking y. A broad range of com-

monly used ranking metrics falls into this class, and Table 3.1 lists some of them.

For instance, setting λ (rank) = rank gives the sum of relevant ranks metric (also

called average rank when normalized) considered in [33], and λ (rank) = −1
log(1+rank)

gives the DCG metric. Note that we consider negative values wherever neces-

sary to make the notation consistent with risk minimization.

Metric λ (rank)

AvgRank rank
DCG −1/log(1 + rank)
Prec@k −1rank≤k/k
RBP-p [40] −(1 − p)/prank

Table 3.1: Some popular linearly decomposable IR metrics that can be directly
optimized by Propensity-Weighted ERM. λ (r) is the rank weighting function.
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A ranking system S maps a query instance xi to a ranking y. Aggregating

the losses of individual rankings over the query distribution, we can define the

overall risk (e.g., the expected DCG) of a system as

R(S ) =

∫
∆(S (x)|x, r) dP(x, r). (3.2)

A key problem when working with implicit feedback data is that we cannot

assume that all relevances ri are observed. In particular, while a click (or a suf-

ficiently long dwell time) provides a noisy indicator of positive relevance in the

presented ranking ȳi, a missing click does not necessarily indicate lack of rele-

vance as the user may not have observed that result. From a machine learning

perspective, this implies that we are in a partial-information setting, which we

will deal with by explicitly modeling missingness in addition to relevance. Let

oi ∼ Q(o|xi, ȳi, ri) denote the 0/1 vector indicating which relevance values are

revealed. While oi is not necessarily fully observed either, we can now model

its distribution, which we will find below is sufficient for unbiased learning de-

spite the missing data. In particular, the propensity of observing ri(y) for query

instance xi given presented ranking ȳ is then defined as Q(oi(y) = 1|xi, ȳi, ri).

Using this counterfactual setup, an unbiased estimate of ∆(y|xi, ri) for any

ranking y can be obtained via IPS weighting

∆̂IPS (y|xi, ȳi, oi) =
∑

y:oi(y)=1∧
ri(y)=1

λ (rank(y|y))
Q(oi(y)=1|xi, ȳi, ri)

. (3.3)
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This is an unbiased estimator since,

Eoi[∆̂IPS (y|xi, ȳi, oi)] (3.4)

= Eoi

 ∑
y:oi(y)=1

λ (rank(y|y))·ri(y)
Q(oi(y)=1|xi, ȳi, ri)


=

∑
y∈y

Eoi

[
oi(y)·λ (rank(y|y))·ri(y)

Q(oi(y)=1|xi, ȳi, ri)

]
=

∑
y∈y

Q(oi(y) = 1|xi, ȳi, ri) · λ (rank(y|y)) · ri(y)
Q(oi(y) = 1|xi, ȳi, ri)

=
∑
y∈y

λ (rank(y|y)) ri(y)

= ∆(y|xi, ri),

assuming Q(oi(y) = 1|xi, ȳi, ri) > 0 for all y that are relevant ri(y) = 1. The above

proof is a generalized version of the one in [33] for the Average Rank metric.

Note that the estimator in Equation (3.3) sums only over the results where the

feedback is observed (i.e., oi(y) = 1) and positive (i.e., ri(y) = 1), which means

that we do not have to disambiguate whether lack of positive feedback (e.g., the

lack of a click) is due to a lack of relevance or due to missing the observation

(e.g., result not relevant vs. not viewed).

Using this unbiased estimate of the loss function, we get an unbiased esti-

mate of the risk of a ranking system S

R̂IPS (S ) =
1
N

N∑
i=1

∑
y:oi(y)=1∧

ri(y)=1

λ (rank(y|S (xi)))
Q(oi(y)=1|xi, ȳi, ri)

. (3.5)

Note that the propensities Q(oi(y) = 1|xi, ȳi, ri) are generally unknown, and

must be estimated based on some model of user behavior. Practical approaches

to estimating the propensities are given in [33, 55, 2, 20], and also form the cen-

tral focus of Chapter 4.
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3.1 Unbiased Empirical Risk Minimization for LTR

The propensity-weighted empirical risk from Equation (3.5) can be used to per-

form Empirical Risk Minimization (ERM)

Ŝ = argminS∈S

{
R̂IPS (S )

}
.

Under the standard uniform convergence conditions [53], the unbiasedness of

the risk estimate implies consistency in the sense that given enough training

data, the learning algorithm is guaranteed to find the best system in S. We

have thus obtained a theoretically justified training objective for learning-to-

rank with additive metrics like DCG. However, it remains to be shown that

this training objective can be implemented in efficient and practical learning

methods. This section shows that this is indeed possible for a generalization of

Ranking SVMs and for deep networks as ranking functions.

Consider a dataset of n examples of the following form. For each query-

result pair (xi, yi) that is clicked, let qi = Q(oi(y) = 1|xi, ȳi, ri) be the propensity of

the click according to a click propensity model such as the Position-Based Model

[33, 55]. We also record the candidate set Yi of all results for query xi. Note that

each click generates a separate training example, even if multiple clicks occur

for the same query.

Given this propensity-scored click data, we would like to learn a scoring

function f (x, y). Such a scoring function f naturally specifies a ranking system

S by sorting candidate results Y for a given query x by their scores.

S f (x) ≡ argsortY{ f (x, y)} (3.6)

Since rank(y|S f (x)) of a result is a discontinuous step function of the score,
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tractable learning algorithms typically optimize a substitute loss that is (sub-

)differentiable [28, 58, 52]. Following this route, we now derive a tractable sub-

stitute for the empirical risk of (3.5) in terms of the scoring function. This is

achieved by the following hinge-loss upper bound [33] on the rank

rank(yi|y) − 1 =
∑
y∈Yi
y,yi

1 f (xi,y)− f (xi,yi)>0

≤
∑
y∈Yi
y,yi

max(1 − ( f (xi, yi) − f (xi, y)), 0).

Using this upper bound, we can also get a bound for any IR metric that can

be expressed through a monotonically increasing weighting function λ (r) of the

rank. Note that this monotonicity condition is satisfied by all the metrics in

Table 3.1. By rearranging terms and applying the weighting function λ (r), we

have

λ (rank(yi|y)) ≤ λ

1 +
∑
y∈Yi
y,yi

max(1 − ( f (xi, yi) − f (xi, y)), 0)

 .
This provides the following continuous and subdifferentiable upper bound

R̂hinge
IPS ( f ) on the propensity-weighted risk estimate of (3.5).

R̂IPS (S f ) ≤ R̂hinge
IPS ( f )

=
1
n

n∑
i=1

1
qi
λ

1+
∑
y∈Yi
y,yi

max(1 − ( f (xi, yi)− f (xi, y)), 0)

 (3.7)

Focusing on the DCG metric, we show in the following how this upper bound

can be optimized for linear as well as non-linear neural network scoring func-

tions. For the general class of additive IR metrics, the optimization depends on

the properties of the weighting function λ (r), and we highlight them wherever

appropriate.
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3.1.1 SVM PropDCG

The following derives an SVM-style method, called SVM PropDCG, for learning

a linear scoring function f (x, y) = w · φ(x, y), where w is a weight vector and

φ(x, y) is a feature vector describing the match between query x and result y.

For such linear ranking functions – which are widely used in Ranking SVMs

[28] and many other learning-to-rank methods [39] –, the propensity-weighted

ERM bound from Equation (3.7) can be expressed as the following SVM-type

optimization problem.

ŵ = argminw,ξ
1
2

w · w +
C
n

n∑
i=1

1
qi
λ

∑
y∈Yi

ξiy + 1


s.t. ∀y ∈ Y1\{y1} : w · [φ(x1, y1) − φ(x1, y)] ≥ 1−ξ1y

...

∀y ∈ Yn\{yn} : w · [φ(xn, yn) − φ(xn, y)] ≥ 1−ξny

∀i∀y : ξiy ≥ 0

C is a regularization parameter. The training objective optimizes the L2-

regularized hinge-loss upper bound on the empirical risk estimate (3.7). This

upper bound holds since for any feasible (w, ξ) and any monotonically increas-

ing weighting function λ (r)

λ

1 +
∑
y∈Yi
y,yi

max(1 − ( f (xi, yi) − f (xi, y)), 0)


= λ

1+
∑
y∈Yi
y,yi

max(1 − w · [φ(xi, yi) − φ(xi, y)], 0)

 ≤ λ
1+

∑
y∈Yi

ξiy

 .
As shown in [33], for the special case of using the sum of relevant ranks as

the metric to optimize, i.e. λ (r) = r, this SVM optimization problem is a convex
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Quadratic Program which can be solved efficiently using standard SVM solvers,

like SVM-rank [29], via a one-slack formulation.

Moving to the case of DCG as the training metric via the weighting function

λ (r) = −1
log(1+r) , we get the following optimization problem for SVM PropDCG

ŵ = argminw,ξ
1
2

w · w −
C
n

n∑
i=1

1
qi

1
log(

∑
y∈Yi

ξiy + 2)

s.t. ∀ j∀y ∈ Yi\{yi} : w · [φ(xi, yi) − φ(xi, y)] ≥ 1−ξiy

∀ j∀y : ξiy ≥ 0.

This optimization problem is no longer a convex Quadratic Program. However,

all constraints are still linear inequalities in the variables w and ξ, and the ob-

jective can be expressed as the difference of two convex functions h an g. Let

h(w) = 1
2‖w‖

2 and g(ξ) = C
n

∑n
j=1

1
qi

1
log(

∑
y∈Yi ξiy+2) . Then the function h is the L2 norm

of the vector w and is thus a convex function. As for the function g, the function

k : x 7→ 1
log x is convex as it is the composition of a a convex decreasing func-

tion (x 7→ 1
x ) with a concave function (x 7→ log x). So, since the sum of affine

transformations of a convex function is convex, g is convex.

Such an optimization problem is called a convex-concave problem1 and a

local optimum can be obtained efficiently via the Convex-Concave Procedure

(CCP) [38]. At a high level, the procedure works by repeatedly approximating

the second convex function with its first order Taylor expansion which makes

the optimization problem convex in each iteration. The Taylor expansion is first

done at some chosen initial point in the feasible region, and then the solution of

the convex problem in a particular iteration is used as the Taylor approximation

point for the next iteration. It can be shown that this procedure converges to a

local optimum [38].
1More generally, the inequality constraints can also be convex-concave and not just convex
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Concretely, let wk, ξk be the solution in the kth iteration. Then, we have the

Taylor approximation

ĝ(ξ; ξk) = g(ξk) + ∇g(ξk)T (ξ − ξk)

= g(ξk) −
C
n

n∑
j=1

1
qi

∑
y∈Yi

ξiy − ξ
k
iy( ∑

y∈Yi

ξk
iy + 2

)
log2

( ∑
y∈Yi

ξk
iy + 2

)

Letting q′i = qi

( ∑
y∈Yi

ξk
iy + 2

)
log2

( ∑
y∈Yi

ξk
iy + 2

)
, and dropping the additive con-

stant terms from ĝ, we get the following convex program that needs to be solved

in each CCP iteration.

argminw,ξ
1
2

w · w +
C
n

n∑
i=1

1
q′i

∑
y∈Yi

ξiy

s.t. ∀i∀y ∈ Yi\{yi} : w · [φ(xi, yi) − φ(xi, y)] ≥ 1−ξiy

∀i∀y : ξiy ≥ 0

Observe that this problem is of the same form as SVM PropRank, the Propensity

Ranking SVM for the average rank metric, i.e. λ (r) = r (with the caveat that q′i

are not propensities). This nifty feature allows us to solve the convex problem

in each iteration of the CCP using the fast solver for SVM PropRank provided in

[33]. In our experiments, CCP convergence was achieved within a few iterations

– as detailed in the empirical section. For other IR metrics, the complexity and

feasibility of the above Ranking SVM optimization procedure will depend on

the form of the target IR metric. In particular, if the rank weighting function

λ (r) is convex, it may be solved directly as a convex program. If λ (r) is concave,

then the CCP may be employed as shown for the DCG metric above.

An attractive theoretical property of SVM-style methods is the ability to

switch from linear to non-linear functions via the Kernel trick. In principle,

22



kernelization can be applied to SVM PropDCG as is evident from the represen-

ter theorem [49]. Specifically, by taking the Lagrange dual, the problem can be

kernelized analogous to [28]. While it can be shown that the dual is convex and

strong duality holds, it is not clear that the optimization problem has a conve-

nient and compact form that can be efficiently solved in practice. Even for the

special case of the average rank metric, λ (r) = r, the associated kernel matrix

Kiy, jy′ has a size equal to the total number of candidates
∑n

i=1 |Yi| squared, making

the kernelization approach computationally infeasible or challenging at best.

We therefore explore a different route for extending our approach to non-linear

scoring functions in the following.

3.1.2 Deep PropDCG

Since moving to non-linear ranking functions through SVM kernelization is

challenging, we instead explore deep networks as a class of non-linear scoring

functions. Specifically, we replace the linear scoring function f (x, y) = w · φ(x, y)

with a neural network

f (x, y) = NNw[φ(x, y)] (3.8)

This network is generally non-linear in both the weights w and the features

φ(x, y). However, this does not affect the validity of the hinge-loss upper bound

from Equation (3.7), which now takes the form

1
n

n∑
j=1

1
qi
λ

1+
∑
y∈Yi
y,yi

max(1 − (NNw[φ(xi, yi)] − NNw[φ(xi, y)]), 0)


During training, we need to minimize this function with respect to the net-

work parameters w. Unlike in the case of SVM PropDCG, this function can no
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longer be expressed as the difference of a convex and a concave function, since

NNw[φ(xi, yi)] is neither convex nor concave in general. Nevertheless, the em-

pirical success of optimizing non-convex NNw[φ(xi, yi)] via gradient descent to a

local optimum is well documented, and we will use this approach in the follow-

ing. This is possible since the training objective is subdifferentiable as long as

the weighting function λ (r) is differentiable. However, the non-linearity of λ (r)

adds a challenge in applying stochastic gradient descent methods to our training

objective, since the objective no longer decomposes into a sum over all (xi, y) as

in standard network training. We discuss in the following how to handle this

situation to arrive at an efficient stochastic-gradient procedure.

For concreteness, we again focus on the case of optimizing DCG via λ (r) =

−1
log(1+r) . In particular, plugging in the weighting function for DCG, we get the

Deep PropDCG minimization objective

1
n

n∑
j=1

−1
qi

log−1

2+
∑
y∈Yi
y,yi

max(1−(NNw[φ(xi, yi)]−NNw[φ(xi, y)]), 0)


to which a regularization term can be added (our implementation uses weight

decay).

Since the weighting function ties together the hinge losses from pairs of doc-

uments in a non-linear way, stochastic gradient descent (SGD) is not directly

feasible at the level of individual documents. In the case of DCG, since the

rank weighting function is concave, one possible workaround is a Majorization-

Minimization scheme [50] (akin to CCP): upper bound the loss function with a

linear Taylor approximation at the current neural net weights, perform SGD at

the level of document pairs (yi, y) to update the weights, and repeat until con-

vergence.
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Figure 3.1: Deep PropDCG schema for computing the loss from one query in-
stance. The blue document is the positive (clicked) result, and the red docu-
ments are the other candidates. The neural net NN is used to compute docu-
ment scores for each set of candidate features. Pairs of scores are passed through
the hinge node, and then finally the weighting function is applied as shown.

While this Majorization-Minimization scheme in analogy to the SVM ap-

proach is possible also for deep networks, we chose a different approach for the

reasons given below. In particular, given the success of stochastic-gradient train-

ing of deep networks in other settings, we directly perform stochastic-gradient

updates at the level of query instances, not individual (xi, y). At the level of

query instances, the objective does decompose linearly such that any subsam-

ple of query instances can provide an unbiased gradient estimate. Note that this

approach works for any differentiable weighting function λ (r), does not require

any alternating approximations as in Majorization-Minimization, and processes

each candidate document y including the clicked document yi only once in one

SGD step.

For SGD at the level of query instances, a forward pass of the neural network
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– with the current weights fixed – must be performed on each document y in

candidate set Yi in order to compute the loss from training instance (xi, yi). Since

the number of documents in each candidate set varies, this is best achieved by

processing each input instance (including the corresponding candidate set) as a

(variable-length) sequence so that the neural net weights are effectively shared

across candidate documents for the same query instance.

This process is most easily understood via the network architecture illus-

trated in Figure 3.1. The scoring function NNw[φ(xi, yi)] is replicated for each

result in the candidate set using shared weights w. In addition there is a hinge-

loss node H(u, v) = max(1− (u− v), 0) that combines the score of the clicked result

with each other result in the candidate set Yi. For each such pair (yi, y), the cor-

responding hinge-loss node computes its contribution h j to the upper bound

on the rank. The result of the hinge-loss nodes then feeds into a single weight-

ing node Λ(~h) = λ
(
1 +

∑
j h j

)
that computes the overall bound on the rank and

applies the weighting function. The result is the loss of that particular query

instance.

Note that we have outlined a very general method which is agnostic about

the size and architecture of the neural network. As a proof-of-concept, we

achieved superior empirical results over a linear scoring function even with

a simple two layer neural network, as seen in Section 3.2.8. We conjecture

that DCG performance may be enhanced further with deeper, more specialized

networks. Moreover, in principle, the hinge-loss nodes can be replaced with

nodes that compute any other differentiable loss function that provides an up-

per bound on the rank without fundamental changes to the SGD algorithm.

26



Dataset # Avg. train clicks # Train queries # Features

Yahoo 173,986 20,274 699
LETOR4.0 25,870 1,484 46

Table 3.2: Properties of the two benchmark datasets.
3.2 Empirical Evaluation

While the derivation of SVM PropDCG and Deep PropDCG has provided a the-

oretical justification for both methods, it still remains to show whether this the-

oretical argument translates to improved empirical performance. To this effect,

the following empirical evaluation addresses three key questions.

First, we investigate whether directly optimizing DCG improves perfor-

mance as compared to baseline methods, in particular, SVM PropRank as the

most relevant method for unbiased LTR from implicit feedback, as well as

LambdaRank, a common strong non-linear LTR method. Comparing SVM

PropDCG to SVM PropRank is particularly revealing about the importance of

direct DCG optimization, since both methods are linear SVMs and employ the

same software machinery for the Quadratic Programs involved, thus eliminat-

ing any confounding factors. We also experimentally analyze the CCP opti-

mization procedure to see whether SVM PropDCG is practical and efficient.

Second, we explore the robustness of the generalized counterfactual LTR ap-

proach to noisy feedback, the severity of the presentation bias, and misspecifi-

cation of the propensity model. And, finally, we compare the DCG performance

of Deep PropDCG with a simple two layer neural network against the linear

SVM PropDCG to understand to what extent non-linear models can be trained

effectively using the generalized counterfactual LTR approach.
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Model Avg. DCG (Yahoo) Avg. DCG (LETOR4.0)

SVM Rank 0.6223 ± 8e-4 0.6841 ± 2e-3
LambdaRank 0.6435 ± 4e-4 0.6915 ± 4e-3
SVM PropRank 0.6410± 1e-3 0.7004 ± 1e-2
SVM PropDCG 0.6468± 2e-3 0.7043 ± 1e-2
Deep PropDCG 0.6517 ± 4e-4 0.7244 ± 4e-3

Table 3.3: Performance comparison of different methods on two benchmark
datasets (η = 1, ε− = 0.1, ε+ = 1).

3.2.1 Setup

We conducted experiments on synthetic click data derived from two major LTR

datasets, the Yahoo Learning to Rank Challenge corpus and LETOR4.0 [44].

LETOR4.0 contains two separate corpora: MQ2007 and MQ2008. Since MQ2008

is significantly smaller than Yahoo Learning to Rank Challenge, with only 784

queries, we follow the data augmentation approach proposed in [42], combining

the MQ2007 and MQ2008 train sets for training and using the MQ2008 valida-

tion and test sets for validation and testing respectively.

Our experiment setup matches [33] for the sake of consistency and repro-

ducibility. Briefly, the training and validation click data were generated from

the respective full-information datasets (with relevances binarized) by simulat-

ing the position-based click model. Following [33], we use propensities that

decay with presented rank of the result as pr =
(1

r

)η. The rankings that generate

the clicks are given by a “production ranker” which was a conventional Ranking

SVM trained on 1 percent of the full-information training data. The parameter

η controls the severity of bias, with higher values causing greater position bias.

We also introduced noise into the clicks by allowing some irrelevant docu-

ments to be clicked. Specifically, an irrelevant document ranked at position r by

the production ranker is clicked with probability pr times ε−. When not men-
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tioned otherwise, we used the parameters η = 1, ε− = 0.1 and ε+ = 1, which is

consistent with the setup used in [33]. Other bias profiles are also explored in

the following.

Both the SVM PropRank and SVM PropDCG models were trained and cross-

validated to pick the regularization constant C. For cross-validation, we use the

partial feedback data in the validation set and select based on the IPS estimate

of the DCG [51]. The performance of the models is reported on the binarized

fully labeled test set which is never used for training or validation.

3.2.2 How do SVM PropDCG and Deep PropDCG compare

against baselines?

We begin the empirical evaluation by comparing our counterfactual LTR meth-

ods again standard methods that follow a conventional ERM approach, namely

LambdaRank and SVM-Rank. We generate synthetic click data using the pro-

cedure describe above, iterating over the training set 10 times for the Yahoo

dataset and 100 times for MQ2008. This process was repeated over 6 indepen-

dent runs, and we report the average performance along with the standard de-

viation over these runs. The regularization constant C for all SVM methods was

picked based on the average DCG performance across the validation click data

sampled over the 6 runs. Table 3.2 shows the average number of clicks along

with other information about the training sets.

As a representative for non-linear LTR methods that use a conventional ERM

approach, we also conducted experiments with LambdaRank as one of the most
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Figure 3.2: Test set Avg DCG performance for SVM PropDCG and SVM Pro-
pRank (η = 1, ε− = 0.1)

popular tree-based rankers. We use the LightGBM implementation [34]. Dur-

ing training, LambdaRank optimizes Normalized Discounted Cumulative Gain

(NDCG). Since LambdaRank is a full-information method, we used clicks as

relevance labels, i.e. all clicked documents as relevant and all non-clicked doc-

uments as irrelevant. The hyperparameters for LambdaRank, namely learning

rate and the number of leaves were tuned based on the average DCG of clicked

documents in the validation sets. More specifically, we performed a grid search

to finetune learning rate from 0.001 to 0.1 and the number of leaves from 2 to

256. After tuning, we selected the learning rate to be 0.1, and the number of

leaves to be 64 for the Yahoo dataset and 4 for MQ2008. We also made sure each

split does not use more than 50% of the input features.

As shown in in Table 3.3, the counterfactual ERM approach via IPS weight-

ing and directly optimizing for the target metric DCG yield superior results for
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Figure 3.3: Test set Avg Rank performance for SVM PropDCG and SVM Pro-
pRank (η = 1, ε− = 0.1)

SVM PropDCG and Deep PropDCG. The best results on both benchmarks are

achieved by Deep PropDCG, which learns a two-layer neural network ranker.

We conjecture that more sophisticated network architectures can further im-

prove performance.

3.2.3 How does ranking performance scale with training set

size?

Next, we explore how the test-set ranking performance changes as the learning

algorithm is given more and more click data. The resulting learning curves are

given in Figures 3.2 and 3.3. The click data has presentation bias with η = 1

and noise with ε− = 0.1. For small datasets, results are averaged over 3 draws
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Figure 3.4: Test set Avg DCG performance for SVM PropDCG and SVM Pro-
pRank as presentation bias becomes more severe in terms of η (n = 45K and
n = 225K, ε− = 0).

of the click data. Both curves show the performance of the Production Ranker

used to generate the click data, and the SVM skyline performance trained on

the full-information training set. Ideally, rankers trained on click data should

outperform the production ranker and approach the skyline performance.

Figure 3.2 shows that the DCG performance of both SVM PropDCG and

SVM PropRank. As expected, both improve with increasing amounts of click

data. Moreover, SVM PropDCG performs substantially better than the baseline

SVM PropRank in maximizing test set DCG.

More surprisingly, Figure 3.3 shows both methods perform comparably in

minimizing the average rank metric, with SVM PropDCG slightly better at

smaller amounts of data and SVM PropRank better at larger amounts. We con-

jecture that this is due the variance-limiting effect of the DCG weights in SVM
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Figure 3.5: Test set Avg DCG performance for SVM PropDCG and SVM Pro-
pRank as the noise level increases in terms of ε (n = 170K, η = 1).

PropDCG when substituting the propensity weights qi with the new constants q′i

in the SVM PropDCG CCP iterations. This serves as implicit variance control in

the IPS estimator similar to clipping [33] by preventing propensity weights from

getting too big. Since variance dominates estimation error at small amounts of

data and bias dominates at large amounts, our conjecture is consistent with the

observed trend.

3.2.4 How much presentation bias can be tolerated?

We now vary the severity of the presentation bias via η – higher values leading

to click propensities more skewed to the top positions – to understand its impact

on the learning algorithm. Figure 3.4 shows the impact on DCG performance

for both methods. We report performance for two training set sizes that differ
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Figure 3.6: Test set Avg DCG performance for SVM PropDCG and SVM Pro-
pRank as propensities are misspecified (true eta = 1, n = 170K, ε− = 0.1).

by a factor of 5 (noise ε− = 0). We see that SVM PropDCG is at least as robust

to the severity of bias as SVM PropRank. In fact, SVM PropRank’s performance

degrades more at high bias than that of SVM PropDCG, further supporting the

conjecture that the DCG weighting in SVM PropDCG provides improved vari-

ance control which is especially beneficial when propensity weights are large.

Furthermore, as also noted for SVM PropRank in [33], increasing the amount

of training data by a factor of 5 improves performance of both methods due to

variance reduction, which is an advantage that unbiased learning methods have

over those that optimize a biased objective.
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3.2.5 How robust is SVM PropDCG to noise?

Figure 3.5 shows the impact of noise on DCG performance, as noise levels in

terms of ε− increase from 0 to 0.3. The latter results in click data where 59.8%

of all clicks are on irrelevant documents. As expected, performance degrades

for both methods as noise increases. However, there is no evidence that SVM

PropDCG is less robust to noise than the baseline SVM PropRank.

3.2.6 How robust is SVM PropDCG to misspecified propensi-

ties?

So far all experiments have had access to the true propensities that generated

the synthetic click data. However, in real-world settings propensities need to be

estimated and are necessarily subject to modeling assumptions. So, we evaluate

the robustness of the learning algorithm to propensity misspecification.

Figure 3.6 shows the performance of SVM PropDCG and SVM PropRank

when the training data is generated with η = 1, but the propensities used in

learning are misspecified according to the η on the x-axis. The results show

that SVM PropDCG is at least as robust to misspecified propensities as SVM

PropRank. Both methods degrade considerably in the high bias regime when

small propensities are underestimated – this is often tackled by clipping [33].

It is worth noting that SVM PropDCG performs better than SVM PropRank

when misspecification leads to propensities that are underestimated, further

strengthening the implicit variance control conjecture for SVM PropDCG dis-

cussed above.
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Figure 3.7: Optimization progress with respect to the number of CCP iterations.
The objective value is shown in the left plots, and the training set DCG estimate
on the right plots. Each plot corresponds to a particular value of regularization
constant C (n = 17K, η = 1, ε− = 0.1).

3.2.7 How well does the CCP converge?

Next, we consider the computational efficiency of employing the CCP optimiza-

tion procedure for training SVM PropDCG. Recall that the SVM PropDCG ob-

jective is an upper bound on the regularized (negative) DCG IPS estimate. It

is optimized via CCP which repeatedly solves convex subproblems using the

SVM PropRank solver until the objective value converges.

In Figure 3.7, optimization progress vs number of iterations as indicated by

the change in objective value as well as the training DCG SNIPS estimate [51]

is shown for 17K training clicks and the full range of regularization parameter

C used in validation. The figure shows that the objective value usually con-

verges in 3-5 iterations, a phenomenon observed in our experiments for other

amounts of training data as well. In fact, the convergence tends to take slightly

fewer iterations for larger amounts of data. The figure also shows that progress

in objective is well-tracked with progress in the training DCG estimate, which

suggests that the objective is a suitable upper bound for DCG optimization.
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Figure 3.8: Test set Avg DCG performance for SVM PropDCG and Deep
PropDCG (η = 1, ε− = 0.1)

It is worth noting that restarting the optimizer across multiple CCP iterations

can be substantially less time consuming than the initial solution that SVM Pro-

pRank computes. Since only the coefficients of the Quadratic Program change,

the data does not need to be reloaded and the optimizer can be warm-started

for quicker convergence in subsequent CCP iterations.

3.2.8 When does the non-linear model improve over the linear

model?

We have seen that SVM PropDCG optimizes DCG better than SVM PropRank,

and that it is a robust method across a wide range of biases and noise levels.

Now we explore if performance can be improved further by introducing non-
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linearity via neural networks. Since the point of this chapter is not a specific

deep architecture but a novel training objective, we used a simple two-layer

neural network with 200 hidden units and sigmoid activation. We expect that

specialized deep architectures will further improve performance.

Figure 3.8 shows that Deep PropDCG achieves improved DCG compared to

the linear SVM PropDCG given enough training data. For small amounts of

training data, the linear model performs better, which is to be expected given

the greater robustness to overfitting of linear models.

We also expect improved performance from tuning the hyperparameters of

Deep PropDCG. In fact, we only used default parameters for Deep PropDCG,

while we optimized the hyperparameters of SVM PropDCG on the validation

set. In particular, Adam was used for stochastic gradient descent with weight

decay regularizer at 10−6, minibatch size of 1000 documents and 750 epochs.

The learning rate began at 10−6 for the first 300 epochs, dropping by one order

of magnitude in the next 200 epochs and another order of magnitude in the

remaining epochs. We did not try any other hyperparameter settings and these

settings were held fixed across varying amounts of training data.

3.3 Conclusion

In this chapter, we proposed a counterfactual learning-to-rank framework that

is broad enough to cover a broad class of additive IR metrics as well as non-

linear deep network models. Based on the generalized framework, we devel-

oped the SVM PropDCG and Deep PropDCG methods that optimize DCG via

the Convex-Concave Procedure (CCP) and stochastic gradient descent respec-
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tively. We found empirically that SVM PropDCG performs better than SVM

PropRank in terms of DCG, that it is robust to a substantial amount of pre-

sentation bias, noise and propensity misspecification, and that it can be opti-

mized efficiently. DCG was improved further by using a neural network in

Deep PropDCG.
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CHAPTER 4

ESTIMATING POSITION BIAS WITHOUT INTRUSIVE

INTERVENTIONS

The key prerequisite for the unbiased LTR framework presented in the pre-

vious chapter is estimation of the propensity of obtaining a particular feedback

signal, which enables Propensity-Weighted ERM. Towards this end, we pro-

pose the first approach for producing consistent propensity estimates without

manual relevance judgments, disruptive interventions, or restrictive relevance-

modeling assumptions in [5].

4.1 Harvesting Interventions

We approach the propensity estimation task by harvesting implicit interven-

tions from already logged data. In particular, we make use of the fact that we

typically have data from multiple historic ranking functions, and we will iden-

tify the conditions under which these provide unconfounded intervention data.

We focus on the Position-Based Propensity Model (PBM), which we review be-

fore defining interventional sets and analyzing their properties.

4.1.1 Position-Based Propensity Model

The position-based model recognizes that higher-ranked results are more likely

to be considered (i.e. discovered and viewed) by the user than results further

down the ranking. Suppose that for a particular query q, result d is displayed at

position k. Let C be the random variable corresponding to a user clicking on d,
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and let E be the random variable denoting whether the user examines d. In our

notation, q represents all information about the users, the query context, and

which documents the user considers relevant or not. This mean we can denote

the relevance of an individual document as a non-random function rel(q, d) of q,

where rel(q, d) = 1 and rel(q, d) = 0 indicates relevant and non-relevant respec-

tively. Then according to the Position-Based Propensity Model (PBM) [16],

Pr(C = 1|q, d, k) = Pr(E = 1|k)rel(q, d)

= pkrel(q, d).

In this model, the examination probability pk := Pr(E = 1|k) depends only on the

position, and it is identical to the observation propensity [33]. For learning, it is

sufficient to estimate relative propensities pk/p1 for each k [33], since multiplica-

tive scaling does not change the training objective of counterfactual learning

methods (e.g. [32, 33, 4, 6, 50, 51]). Estimating these relative propensities is the

goal in this chapter.

Note that one can train multiple PBM models to account for changes in the

propensity curve due to context. In this way, the expressiveness of the PBM

model can be substantially extended. For example, one can train separate PBM

models for navigational vs. informational queries simply by partitioning the

data. While training multiple such models is prohibitively expensive when

intrusive interventions are required, the intervention harvesting approach we

describe below makes training such contextual PBMs feasible since it does not

require costly data, is both statistically and computationally efficient, and does

not have any parameters that require manual tuning.

41



4.1.2 Controlling for Relevance through Swap Interventions

The key problem in both propensity estimation and unbiased learning to rank

is that we only observe clicks C, but we never get to observe E (whether a user

examined a result) and rel(q, d) (whether the user found d relevant for q) indi-

vidually. This makes it difficult to attribute the lack of a click to a lack of exami-

nation or a lack of relevance. A key idea for overcoming this dilemma without

explicit relevance judgments or cumbersome instrumentation (e.g. eye track-

ing) was proposed in [33], namely to control for relevance through randomized

interventions.

The intervention proposed in [33] is to randomly swap the result in posi-

tion 1 with the result in position k. We call these Swap(1, k)-interventions. Such

swaps provide a completely randomized experiment [26], meaning that the as-

signment of the document to a position does not depend on relevance or any

covariates (e.g. abstract length, document language). Under these swap inter-

ventions, we now get to observe how many clicks position 1 results get when

they stay in position 1 vs. when they get swapped into position k. Since the

expected relevance in either condition (i.e. swap vs. not swapped) is the same,

any change in clickthrough rate must be proportional to a drop in examination.

More formally, we model user queries as sampled i.i.d. q ∼ Pr(Q). Whenever

a query is sampled, the ranker f (q) sorts the candidate results d for the query

and we apply the randomized swap intervention between positions 1 and some

fixed k before the ranking is displayed to the user. As a precursor to the later

exposition, suppose that the random swap occurs with a fixed probability p (not

necessarily 0.5), yielding the logged datasets D1,k
1 = (qi

1, d
i
1,C

i
1)n1 (result stayed in

position 1) and D1,k
k = (q j

k, d
j
k,C

j
k)

n2 (result was swapped into position k) of sizes n1
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and n2 respectively. Here Ci
1 denotes whether the document di

1 placed at position

1 was clicked or not, and similarly for C j
k. Denote with ĉ1,k

1 = 1
n1

∑
Ci

1 the rate of

clicks that documents get when they remain in position 1 and let ĉ1,k
k = 1

n2

∑
C j

k

be the rate of clicks when they get swapped to position k. Then, under the PBM,

the relative propensity is equal to the ratio of expected click rates:

pk

p1
=

pkED1,k
k

[∑
rel(q j

k , d
j
k)/n2]

p1ED1,k
1

[∑
rel(qi

1, d
i
1)/n1]

=
ED1,k

k
[∑

pkrel(q j
k , d

j
k)/n2]

ED1,k
1

[∑
p1rel(qi

1, d
i
1)/n1]

=
ED1,k

k
[∑

Pr(C j
k = 1|q j

k , d
j
k , k)/n2]

ED1,k
1

[∑
Pr(Ci

1 = 1|qi
1, d

i
1, 1)/n1]

=
ED1,k

k

[
ĉ1,k

k

]
ED1,k

1

[
ĉ1,k

1

]
The first equality holds since swaps are completely at random, such that the

expected average relevance under each condition is equal and their ratio is one

(we need not consider n1 and n2 as random variables). It is thus reasonable to

estimate the relative propensity as

p̂k

p̂1
=

ĉ1,k
k

ĉ1,k
1

,

which is a statistically consistent estimate as the sample size n grows [33]. Anal-

ogously, relative propensities can be estimated between any pairs of positions k

and k′ with Swap(k, k′) interventions [55].

4.1.3 Interventional Sets from Multiple Rankers

A key shortcoming of the swap experiment is its impact on user experience,

since retrieval performance can be degraded quite substantially. This is espe-

cially true for swaps between position 1 and k for large k, even though this
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particular swap experiment makes it easy to estimate propensities relative to

position 1 directly. To overcome this impact on user experience, we now show

how to harvest interventions from already existing data under mild assump-

tions, so that no additional swap experiments are needed. As part of this, we

may never see a direct swap between position 1 and k, and we tackle the prob-

lem of how to aggregate many local swaps into an overall consistent estimate in

Section 4.2.

Our key idea in harvesting swap interventions lies in the use of data from

multiple historic rankers. Logs from multiple rankers are typically available in

operational systems, since multiple rankers may be fielded at the same time in

A/B tests, or when the production ranker is updated frequently. Consider the

case where we have data from m historic rankers F = { f1, ..., fm}. Furthermore,

a crucial condition is that the query distribution must not depend on the choice

of ranker fi (where the query q includes the user’s relevance vector rel in our

notation),

∀ fi : Pr(Q| fi) = Pr(Q)⇒ ∀q ∈ Q : Pr( fi|q) = Pr( fi) (4.1)

Note that the condition on the left implies that Pr( fi|q) = Pr( fi) on the right by

Bayes rule, which is related to exploration scavenging [35]. Intuitively, this con-

dition avoids that different rankers fi get different types of queries. For rankers

that are compared in an A/B test, this condition is typically fulfilled by con-

struction since the assignment of queries to rankers is randomized. For data

from a sequence of production rankers, one needs to be mindful that any tem-

poral covariate shift in the query and user distribution is acceptably small.

We denote the click log of each ranker fi withDi = (q j
i , y

j
i , c

j
i )

ni , where ni is the

number of queries that fi processed. Here j ∈ [ni], q j
i is a query, y j

i = fi(q
j
i ) is the
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presented ranking, and c j
i is a vector that indicates for each document click or

no click. Since most retrieval systems only rerank a candidate set of documents

in their final stage, we denote Ω(q) as the candidate set of results for query q.

We furthermore denote the rank of candidate result d in ranking y j
i as rank(d|y j

i ),

and we use c j
i (d) ∈ [0, 1] to denote whether result d was clicked or not.

We begin by defining interventional sets S k,k′ of query-document pairs, where

one ranking function f ∈ F puts document d at position k and another ranker

f ′ ∈ F puts the same document d at position k′ for the same query q. Let M be

some fixed number of top positions for which propensity estimates are desired

(e.g. M = 10). Then, for each two ranks k , k′ ∈ [M], we define the interventional

set as

S k,k′ := {(q, d) : q ∈ Q, d ∈ Ω(q),

∃ f , f ′ rank(d| f(q))=k ∧ rank(d| f ′(q))=k′}

Intuitively, the pairs in these sets are informative because they receive different

treatments or interventions based on the choice of different rankers. But note

that we are not requiring any query to occur multiple times. An interventional

set merely reflects that two potential outcomes (i.e. document d either in posi-

tion k or in position k′ for query q) were possible. In fact, we only ever observe

one factual outcome, while the other outcome remains counterfactual and un-

observed.

The key insight is that for any pair of ranks (k, k′), the interventional set con-

tains the query-document pairs (q, d) for which the rank of d was randomly

assigned to either k or k′ via the choice of ranking function fi. Specifically, there

are three possible outcomes depending on the choice of ranking function fi ∈ F:

(a) fi puts d at rank k, (b) fi puts d at rank k′, or (c) fi puts d at some other rank.
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In the latter case, the instance is not included in the interventional set S k,k′ , but

the former two cases can be seen as the two conditions of a swap experiment be-

tween positions k and k′. In this way, we can think about these as virtual swap

interventions between ranks k and k′ where the randomization comes from the

randomized choice of ranking function according to (4.1).

While this swap experiment is completely randomized under condition (4.1)

(i.e. the choice of fi does not depend on q), the assignment is generally not

uniform (i.e. d could have a higher probability to be presented in position k

than in position k′). The weights

w(q, d, k) :=
m∑

i=1

ni1[rank(d| fi(q)) = k].

are then used to account for this non-uniformity. Specifically, the weight

w(q, d, k) reflects how often document d is ranked at position k given that we

have employed each ranking function fi exactly ni times. Therefore, the proba-

bility of assigning d to k as opposed to k′ for query q can be estimated as

P(rank = k|rank = k or rank = k′, q, d) =
w(q, d, k)

w(q, d, k) + w(q, d, k′)

We will show in the following how interventional sets can be used to control for

unobserved relevance information when estimating propensities.

4.1.4 Controlling for Unobserved Relevance through Interven-

tional Sets

As we had already seen in Section 4.1.2, we need to disentangle two unobserved

quantities – relevance and examination – when analyzing observed clicks in the
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PBM. This can be achieved by controlling for relevance through randomization,

which was done explicitly in Section 4.1.2 via Swap(1, k)-interventions. The fol-

lowing shows that interventional sets S k,k′ provide analogous control for any

pair of ranks (k, k′) under condition (4.1).

For each interventional set S k,k′ , with k , k′ ∈ [M], we can now define the

quantities ĉk,k′

k (and ĉk,k′

k′ ) which can be thought of as the rate of clicks in position

k (and in position k′):

ĉk,k′

k :=
m∑

i=1

ni∑
j=1

∑
d∈Ω(q j

i )

1[(q j
i ,d)∈S k,k′ ]

1[rank(d|y j
i )=k]

c j
i (d)

w(q j
i , d, k)

.

ĉk,k′

k′ :=
m∑

i=1

ni∑
j=1

∑
d∈Ω(q j

i )

1[(q j
i ,d)∈S k,k′ ]

1[rank(d|y j
i )=k′]

c j
i (d)

w(q j
i , d, k′)

.

The definition normalizes the observed clicks by dividing with w(q j
i , d, k), which

accounts for non-uniform assignment probabilities. Note that w(q j
i , d, k) is non-

zero whenever the first indicator is true, such that we never divide a non-zero

quantity by zero (and we define 0/0 := 0). Intuitively, ĉk,k′

k and ĉk,k′

k′ capture the

weighted click-through rate at position k and k′ restricted to (k, k′)-interventional

(query, document) pairs, where the weights w(q, d, k) account for the imbalance

in applying the intervention of putting document d at position k vs k′ for query

q.

The following shows that ĉk,k′

k and ĉk,k′

k′ are proportional to the true click-

through rate at positions k and k′ in expectation, conditioned on the number

of relevant documents in the interventional set S k,k′ .

Proposition 1. For the PBM model, i.i.d. queries q ∼ Pr(Q), and under the condition
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in (4.1), the expectations of ĉk,k′

k and ĉk,k′

k′ are

Eq,c[ĉk,k′

k ] = pkrk,k′

Eq,c[ĉk,k′

k′ ] = pk′rk,k′

where rk,k′ = Eq

[∑
d∈Ω(q) 1[(q,d)∈S k,k′ ]rel(q, d)

]
.

Proof. We only detail the proof for ĉk,k′

k , since the proof for ĉk,k′

k′ is analogous.

Eq,c[ĉk,k′

k ]

=

m∑
i=1

ni∑
j=1

∑
q∈Q

Pr(q)
∑

d∈Ω(q)

1[(q,d)∈S k,k′ ]1[rank(d| fi(q))=k]
Ec[c(d)]
w(q, d, k)

=

m∑
i=1

ni∑
j=1

∑
q∈Q

Pr(q)
∑

d∈Ω(q)

1[(q,d)∈S k,k′ ]1[rank(d| fi(q))=k]
pkrel(q, d)
w(q, d, k)

= pk

∑
q∈Q

Pr(q)
∑

d∈Ω(q)

1[(q,d)∈S k,k′ ]rel(q, d)

∑m
i=1

∑ni
j=1 1[rank(d| fi(q))=k]

w(q, d, k)

= pkEq[
∑

d∈Ω(q)

1[(q,d)∈S k,k′ ]rel(q, d)
∑m

i=1 ni1[rk(d| fi(q))=k]

w(q, d, k)
]

= pkEq[
∑

d∈Ω(q)

1[(q,d)∈S k,k′ ]rel(q, d)]

The first equality follows from the i.i.d. assumption of condition (4.1) and that

y j
i = fi(q

j
i ) by definition, the second from the PBM definition, and the third by

taking the inner terms common. �

The quantity rk,k′ is related to the average relevance of the documents in the

interventional set S k,k′ (also see Section 4.2.2). While rk,k′ is unobserved, it is

shared between both ĉk,k′

k and ĉk,k′

k′ . We can thus get the relative propensity be-

tween positions k and k′ as

pk

p′k
=

pkrk,k′

pk′rk,k′
=

Eq,c[ĉk,k′

k ]

Eq,c[ĉk,k′
k′ ]

.

We are now in a position to define specific estimators for the relative propensi-

ties based on the interventional sets.
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4.2 Propensity Estimators for Interventional Sets

This section defines relative propensity estimators that use interventional sets.

The first set of estimators, which we call local estimators, are straightforward

adaptations of estimators that had been proposed for data from explicit inter-

ventions [33, 55]. However, these local estimators ignore much of the available

information when harvesting interventions, and we thus develop a new global

estimator that exploits information from all interventional sets S k,k′ .

4.2.1 Local Estimators

Since the click counts ĉk,k′

k and ĉk,k′

k′ can be treated just like data from an explicit

intervention, the same estimators apply. In particular, we observe the interven-

tional sets S 1,k and can thus use the same estimator that we previously used for

the explicit Swap(1, k) experiment [33]. We call this the PivotOne estimator

p̂k

p̂1
=

ĉ1,k
k

ĉ1,k
1

We can similarly adapt the estimator used in [55], which uses a chain

of swaps between adjacent positions in the ranking. We call this the Adja-

centChain estimator

p̂k

p̂1
=

ĉ1,2
2

ĉ1,2
1

·
ĉ2,3

3

ĉ2,3
2

· ... ·
ĉk−1,k

k

ĉk−1,k
k−1

It is easy to see that both estimators are statistically consistent under mild

conditions, most importantly that each relevant interventional set has non-zero

support such that ĉk,k′

k and ĉk,k′

k′ concentrate to their expectations.
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4.2.2 Global AllPairs Estimator

A key shortcoming of the local estimators is that they only use a small part of

the available information, and that they ignore the data from most interven-

tional sets S k,k′ . To overcome this shortcoming, we developed a new extremum

estimator called AllPairs that resembles a maximum likelihood objective over

all interventional sets. In order to formulate the training objective of the All-

Pairs estimator, we first need to define a quantity that is analogous to ĉk,k′

k and

ĉk,k′

k′ , but counting the non-click events:

¬̂ck,k′

k :=
m∑

i=1

ni∑
j=1

∑
d∈Ω(q j

i )

1[(q j
i ,d)∈S k,k′ ]

1[rank(d|y j
i )=k]

1 − c j
i (d)

w(q j
i , d, k)

¬̂ck,k′

k′ :=
m∑

i=1

ni∑
j=1

∑
d∈Ω(q j

i )

1[(q j
i ,d)∈S k,k′ ]

1[rank(d|y j
i )=k′]

1 − c j
i (d)

w(q j
i , d, k′)

.

Analogous to ĉk,k′

k and ĉk,k′

k′ , both quantities have the desired expectation.

Proposition 2. For the PBM model, i.i.d. queries q ∼ Pr(Q), and under the condition

in (4.1), the expectations of ¬̂ck,k′

k and ¬̂ck,k′

k′ are

Eq,c[¬̂ck,k′

k ] = Nk,k′ − pkrk,k′

Eq,c[¬̂ck,k′

k′ ] = Nk,k′ − pkrk,k′

where rk,k′ = Eq

[∑
d∈Ω(q) 1[(q,d)∈S k,k′ ]rel(q, d)

]
and Nk,k′ = Eq[

∑
d∈Ω(q) 1[(q,d)∈S k,k′ ]].

Proof. The proof is analogous to Proposition 1 and thus omitted. �

The way we constructed the interventional sets, the expected relevances rk,k′

are not necessarily normalized to be within the interval [0, 1]. It is therefore

more convenient to instead consider the normalized version of rk,k′

r̄k,k′ ≡
rk,k′

Nk,k′
∈ [0, 1],
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using the definitions from Propositions 1 and 2. Under this normalization, we

have that E[ĉk,k′

k ] = pkr̄k,k′Nk,k′ and E[¬̂ck,k′

k ] = (1− pkr̄k,k′)Nk,k′ and similarly for ĉ′k,k
′

k

and ¬̂ck,k′

k . We model this normalized r̄k,k′ in the AllPairs estimator.

We can now formulate the training objective of the AllPairs estimator. The

following objective needs to be maximized with respect to p̂k ∈ [0, 1] and r̂k,k′ =

r̂k′,k ∈ [0, 1] (since r̄k,k′ = r̄k′,k by definition)

(p̂, r̂) =p,r

∑
k,k′∈[M]

ĉk,k′

k log(p̂kr̂k,k′) + ¬̂ck,k′

k log(1 − p̂kr̂k,k′).

This optimization problem can be interpreted as Weighted Cross-Entropy

Maximization for estimating the distribution pkr̄k,k′ using weighted samples ĉk,k′

k

and ¬̂ck,k′

k . The weighting by Nk,k′ ensures that the contribution of each aggre-

gated click-through sample is proportional to the size of its interventional set.

From the solution of this optimization problem, ( p̂, r̂), we only need p̂ while

the matrix r̂ can be discarded. To get normalized propensities relative to rank 1,

we compute p̂k/p̂1. Note that the optimization problem is quite small, as it uses

only O(M2) variables and 2 ∗ M ∗ (M − 1) terms in the objective.

Unlike the local estimators, the AllPairs approach integrates all data from

every interventional set. We will evaluate empirically how much statistical effi-

ciency is gained by taking this global approach compared to the local estimators.

4.3 Empirical Evaluation

We take a two-pronged approach to evaluating our intervention-harvesting

technique and the estimators. First, we fielded them on two real-world sys-
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tems – the Arxiv Full-Text Search Engine and the Google Drive Search – to gain

insight into their practical effectiveness. Second, we augment these real-world

experiments with simulation studies using synthetically generated click data,

where we can explore the behavior of our method over the whole spectrum

of settings (e.g. varying ranker similarity, presentation-bias severity, and click

noise).

4.3.1 Real-World Evaluation: Arxiv Full-Text Search

We conducted a controlled experiment on the Arxiv Full-Text Search Engine,

where we compare the results from the AllPairs estimator using Intervention

Harvesting with the results from a gold-standard intervention experiment as

described below. We used three ranking functions { f1, f2, f3} for defining the

interventional sets, which were generated by using different learning methods

and datasets.

Gold Standard. Since we do not know the true propensities for the Arxiv Full-

Text Search Engine, we use the Swap(1, k) interventions and estimator described

in Section 4.1.2 as our gold standard. With probability 0.5, an incoming query

is assigned to generating data towards a swap experiment. For each assigned

query, a ranking function fi is chosen uniformly at random, and its rank 1 is

swapped uniformly with rank k ∈ {1, .., 21} before it is presented to the user. The

ĉ1,k
1 and ĉ1,k

k are computed over all three fi.

Intervention Harvesting. For the other half of the incoming queries, we uni-

formly pick a ranking function fi and present its results without further inter-
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vention. From the data in these conditions, we then compute the interventional

sets S k,k′ for k , k′ ∈ {1, .., 21} and their resulting ĉk,k′

k , ĉk,k′

k′ , ¬ĉk,k′

k and ¬ĉk,k′

k′ . These

are then used in the AllPairs estimator from Section 4.2.2.

Results.

Data for all six conditions was collected simultaneously between May 14, 2018

and August 1, 2018 to avoid confounding due to shift in the query distribu-

tion for maximum validity of the experiment. About 53,000 queries and 25,600

clicks were collected, about half for the Swap Experiment and half for the Inter-

ventional Set method.

The estimated propensity curves for the gold-standard swap experiment and

for the AllPairs estimator are shown in Figure 4.1. The shaded region for each

curve corresponds to a 95% confidence interval calculated from 1000 bootstrap

samples. As we can see, the curves follow a similar trend for each position and

AllPairs mostly lies within the confidence interval of the gold-standard curve.

However, the confidence interval for the AllPairs method is substantially tighter

than for the swap experiment, indicating that AllPairs is not only less intrusive

(no swap interventions) but also statistically more efficient given the same num-

ber of queries.

The following provide further insight into this gain in efficiency. While we

conducted interleaving experiments [13] to confirm that the three ranking func-

tions { f1, f2, f3} provide similar ranking accuracy, we found that the three rankers

tend to assign documents to different ranks. In fact, only 7.39% of the docu-

ments were ranked at the same rank by all three rankers, such that about 93% of
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Table 4.1: Size of the interventional sets S k,k′ for Arxiv (showing only top 10
positions).

rank k rank
1 2 3 4 5 6 7 8 9 k′

13625 8340 6723 5231 3966 3051 2656 2274 2015 2
- 9039 7692 5994 5053 3588 2675 2861 2244 3
- - 8555 6994 5573 4117 3368 3321 2361 4
- - - 6783 5345 5040 3849 3427 3614 5
- - - - 6290 4809 4058 4126 3489 6
- - - - - 5466 4746 3935 3294 7
- - - - - - 5425 4092 3692 8
- - - - - - - 4258 3930 9
- - - - - - - - 3719 10
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Figure 4.1: Estimated propensity curves for Arxiv. Shaded regions correspond
to a 95% confidence interval.

the documents contributed to an interventional set and thus became meaning-

ful training data for AllPairs. Table 4.1 shows the size of the interventional sets

S k,k′ for the top 10 positions. While local swaps are most common, the rankers

frequently rank the same document at substantially different ranks.
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4.3.2 Real-World Evaluation: Google Drive Search

We conducted a second real-world experiment on the search for Google Drive.

The service uses an overlay to show results as users type. The overlay disap-

pears when a click on the overlay happens. Thus, each query has at most a

single click. The overlay displays at most 5 results for each query and all the

displayed results are logged with their position information. Again, we com-

pare the results from the AllPairs estimator against a gold-standard intervention

experiment.

Gold Standard. We follow [55] and use Swap(k, k + 1) interventions along with

the AdjacentChain estimator as our gold standard.

Intervention Harvesting. In an A/B test, users were randomly assigned either

to the production ranker f1 or a new ranker f2. Based on these two rankers the

interventional sets S k,k′ with k , k′ ∈ {1, .., 5} were computed and provided to

the AllPairs estimator.

Results. During two weeks in April 2018, a total of 877,689 queries were col-

lected. Note that data for the gold-standard swap experiment was collected

at a different time and for a different ranking function, but is is reasonable to

assume that the propensity curve has not changed. The estimated propensity

curves for the AllPairs estimator and the gold-standard swap experiment are

shown in Figure 4.2. The AllPairs estimates closely resemble the gold standard

as desired. For comparison, we also computed propensity estimates via the re-

gression EM from [55] on the same data set as AllPairs. Those estimates are
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Table 4.2: Size of the interventional sets S k,k′ for Google Drive.

rank k rank
1 2 3 4 k′

19,516 2,203 579 244 2
- 48,576 10,630 3,780 3
- - 73,170 21,037 4
- - - 92,343 5

substantially off from the gold standard. Even further off is the naive method

of using the empirical clickthrough rate (CTR) as an estimate for pk without any

experimental control for relevance. Overall, we find that Intervention Harvest-

ing with AllPairs provides superior results that are close to the gold standard.

In some ways, the Arxiv experiment and the Google Drive experiment cov-

ered two substantially different use cases. For Arxiv, the rankings were substan-

tially different, while for Google Drive the two ranking functions were typically

quite close. In fact, the two rankers for Google Drive provided identical top-5

rankings for 75.26% of the queries, which thus did not contribute any useful

data to the interventional sets. And even among the queries that lead to differ-

ent rankings, 74.5% of the results were at the same rank in both ranking func-

tions. This means much less interventional-set data was generated per query,

and Table 4.2 further shows that most of the swaps were quite local. It is there-

fore reassuring that AllPairs nevertheless provides accurate estimates, and that

it works well for both Arxiv and Google Drive despite these differences.

4.3.3 Robustness Analysis: Yahoo LTR Challenge

While the two real-world experiments provide validation for the applicability

of the method, these are just two data-points in a large spectrum of possible
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Figure 4.2: Estimated propensity curves for Google Drive.

settings. We therefore now evaluate the robustness of the method on synthetic

click data, where we know the true propensity curve by construction and can

control the properties of the data with respect to all relevant parameters (e.g.

noise, ranker similarity, data-set size).

Experiment Setup. We generated synthetic click data according to the follow-

ing methodology that closely matches that in [33]. In particular, we use the Ya-

hoo LTR Challenge data, which comes with manual relevance judgments. Using

these relevance judgments, clicks were generated by simulating the Position-

Based Model with propensities that decay with the presented rank via pr =
(1

r

)η.
The parameter η controls the severity of bias, with higher values causing greater

position bias. We also introduced noise into the clicks by allowing some irrele-

vant documents to be clicked. Specifically, an irrelevant document ranked at po-

sition r by the production ranker is clicked with probability pr times ε− whereas

a relevant document is clicked with probability pr. For simplicity (and with-
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Figure 4.3: Estimated propensity curve for synthetic click data derived from the
Yahoo LTR dataset (η = 1, ε− = 0.1, ni = 99720, frac = 0.02, overlap = 0.8).

out loss of generality), we used click logs from two rankers in each experiment

setting. Rankers were obtained by training Ranking SVMs on random samples

of queries with their manual relevance judgments. The “similarity” of the two

rankers was controlled by varying the degree of overlap in their respective train-

ing sets. We evaluate the estimation accuracy via the Mean Squared Error (MSE)

of the estimated inverse relative propensity weights, MS E =
∑M

i=1( p̂1/p̂i−p1/pi)2

M , since

these inverse propensity weights better reflect how inaccurate propensity es-

timates impact the IPS estimator [33]. We estimate propensities up to rank

M = 10. Error bars indicate the standard deviation over 6 independent runs

(except in Figure 4.3 as described below). If not mentioned otherwise, the num-

ber of simulated queries per ranker is ni = 99720 (obtained by 5 sweeps of the

19944 queries in the Yahoo LTR training set), and we use η = 1 and ε− = 0.1.
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Figure 4.4: Robustness experiments on the synthetic click data derived from the
Yahoo LTR dataset.

Does AllPairs recover the true propensity curve?

Figure 4.3 shows the estimated propensities of AllPairs in comparison to the true

propensity curve of (η = 1) that is known by construction. All parameters of the

simulation experiment are kept at the defaults as stated above. As expected,

AllPairs perfectly recovers the true propensities. The error bars show the 99%

confidence intervals that are computed via the standard deviation estimated

from re-running the simulation experiment 20 times.
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How much data is needed?

While the previous section showed that Intervention Harvesting with the All-

Pairs estimator converges to the true propensities, we now analyze the speed of

convergence. Figure 4.4 (a) shows that AllPairs provides good estimates even

for modest amounts of data. As a baseline for comparison, we also show the

MSE of the AdjacentChain estimator, which is substantially worse and requires

at least one order of magnitude more data to achieve the same MSE as AllPairs.

We also explored the use of the PivotOne estimator, but do not report its results

since they are typically worse than those of AdjacentChain.

How different should the ranking functions be?

If the ranking functions fi are all identical, then Intervention Harvesting cannot

produce any data. So, how different do the rankers fi need to be? To vary ranker

similarity, we trained pairs of rankers with increasing overlap (from 1% to 99%)

in their training sets. In Figure 4.4 (b), we see that the estimation accuracy re-

mains quite robust even as the rankers become increasingly similar due to the

overlap in the data they are trained on. The top of the plot shows the similarity

in terms of the fraction of documents at the same rank in both rankers aver-

aged across all the queries. As expected, the error goes up when the rankers are

very similar since then they tend to put documents at the same position, lead-

ing to fewer interventional pairs. Interestingly, the error is also relatively higher

when the rankers are too dissimilar. This is because when the candidate sets are

larger than 10, the dissimilarity in the rankers causes many interventions to be

discarded since they often go beyond rank 10. Note that AdjacentChain bene-

fits from ranker similarity, since it focuses the interventional set data on S k,k+1.
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However, AdjacentChain at best matches the performance of AllPairs, but never

outperforms it.

How important is the quality of the rankers?

Another way of controlling ranker similarity is to increase the total number of

training examples for both. Figure 4.4 (c) shows the result of this experiment.

Again, AllPairs shows robust performance over the whole spectrum of settings

and substantially improves over AdjacentChain.

How does click noise impact estimation accuracy?

Clicks in any real-world setting will be noisy, and we thus want to explore the

robustness of AllPairs with respect to noise. Note that noise (which can be seen

simply as an alternative vector of relevances rel(q, d) in our model) should have

no influence on the propensity estimates via Information Harvesting, as long

as the noise is not confounded by rank (which is guaranteed in the PBM). Fig-

ure 4.4 (d) verifies that Information Harvesting estimates are indeed stable over

different levels of ε− noise.

How does bias severity impact estimation accuracy?

Figure 4.4 (e) explores the behavior of the estimators when we vary the steep-

ness of the propensity curve via η. The AllPairs method performs better

than AdjacentChain, but the MSE of both methods increases sharply when the

propensity curve gets steep. The explanation for this is twofold. First, the in-

61



crease is partly an artifact of the MSE error measure on the inverse propensities.

Steep curves lead to small propensities, which in turns generates large inverse

propensities that provide opportunity for large MSE. Second, for steep propen-

sity curves the bottom ranks receive only few clicks such that there is not enough

data for estimating their propensities reliably.

How robust is the method to imbalanced datasets?

Finally, we explore the situation where we may have more log data from one

ranker than from the other. Figure 4.4 (f) shows MSE when we vary the amount

of log data for f1 while keeping the total amount of data constant at 119, 664

queries (i.e. 6 sweeps). The plot shows that AllPairs is robust to such imbal-

ances.

4.4 Conclusion

We presented the idea of Intervention Harvesting, allowing the use of multiple

historic loggers for generating interventional data under mild assumptions. We

showed how this idea can be used to control for relevance, providing the first

method for propensity estimation in the PBM that does not require intrusive in-

terventions, a relevance model, or repeat queries. In particular, we propose the

AllPairs estimator for combining all intervention data, which we find to provide

superior propensity estimation accuracy compared to existing local estimators

over a wide spectrum of settings.
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CHAPTER 5

ADDRESSING TRUST BIAS FOR UNBIASED LEARNING-TO-RANK

So far, we have focused on the Position-Based Model (PBM) which models

the differential propensity of examining documents at different results, but ig-

nores the possibility of position-dependent noise in relevance evaluation upon

examination. To address this limitation, we introduce a noise-aware PBM,

named TrustPBM, to model trust bias in user clicks in [3], and show how to

modify the unbiased LTR framework to address both examination and trust bi-

ases simultaneously.

5.1 Trust Enhanced Position-Based Model

The Position-Based Model (PBM) is a simple generative model which has been

extensively used in unbiased LTR. Most existing click models including the

PBM adhere to the examination hypothesis. Suppose we have N positions, and

for a query q, document d is displayed at position k ∈ [1,N]. A click can be gen-

erated only after the user examines the result. In the PBM model, the user clicks

the document if and only if they examine the document and the document is

relevant. The examination only depends on the position k, but not on q or d.

Such a model factors out q and d, and makes the estimation of the probability of

examination simpler and more robust, compared to other click models.

Formally, let C be a binary random variable signifying whether the user

clicks document d, E whether the user examines the document, R for the true

relevance and R̃ to represent the perceived or judged relevance. The PBM makes
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the following assumptions

C = 1⇔ E = 1, R̃ = 1

R⇔ R̃

Pr(E = 1|q, d, k) = Pr(E = 1|k)

Pr(R|q, d, k) = Pr(R|q, d)

Thus, the probability of examining a document only depends on the position k

and the perceived relevance is the same as the true relevance. Based on these

assumptions, the PBM has the following probability for a click.

Pr(C = 1|q, d, k) = Pr(E = 1, R̃ = 1|q, d, k)

= Pr(E = 1,R = 1|q, d, k)

= Pr(E = 1|k) Pr(R = 1|q, d)

= θkγq,d

where we use θk and γq,d as short-hands for the probabilities.

5.1.1 Trust Bias

The PBM model and its extensions [54] have a noise-free assumption that per-

ceived relevance is the same as the true relevance. This is not the case in gen-

eral. How to model the relation between perceived relevance and true relevance

is relatively less studied, even in the click models. DBN [15] is one of the few

models that incorporates this relation. In DBN, a set of document-dependent

parameters αd are introduced to model the relation between perceived relevance

and true relevance:

Pr(R = 1|q, d) = αd Pr(R̃ = 1|q, d)
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where a parameter αd depend on the document d. The intuition is that the prob-

ability of true relevance is a discounted version of perceived relevance and that

the discount is document-dependent. As a result, the model has a large number

of additional parameters that equals to the number of unique documents in the

data.

In this chapter, we model the relation between perceived relevance and true

relevance based on trust bias introduced in [30]. In this user study, eye track-

ing was used to monitor examination. The study showed that, after examina-

tion, users tend to trust the results presented higher on the result page more,

demonstrated by higher click ratio despite the fact that the documents are both

examined and their expected relevance is the same. This suggests a position-

dependent trust bias in addition to examination bias, due to which higher

ranked non-relevant documents may be clicked and lower ranked relevant doc-

uments not clicked. However, this has not been mathematically formulated in

the past. We model the trust bias as follows,

Pr(R̃ = 1|R = 1, E = 1, k) = ε+
k

Pr(R̃ = 1|R = 0, E = 1, k) = ε−k

Since C = 1 ⇔ E = 1, R̃ = 1, we have Pr(C = 1|R = 1, E = 1, k) = ε+
k and

Pr(C = 1|R = 0, E = 1, k) = ε−k . Intuitively, after examination, a relevant document

at position k can be missed with probability 1− ε+
k , but a non-relevant document

can be clicked mistakenly with probability ε−k . Notice that the noise is position-

dependent. A similar formulation has been studied in [33] where the noise is

constant across positions.
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5.1.2 TrustPBM

We enhance the PBM model by explicitly modeling the trust bias introduced

above. We have

Pr(R̃ = 1|E = 1, q, d, k)

= Pr(R̃ = 1|R = 1, E = 1, k) Pr(R = 1|q, d)

+ Pr(R̃ = 1|R = 0, E = 1, k) Pr(R = 0|q, d)

=ε+
k γq,d + ε−k (1 − γq,d)

Thus, in TrustPBM, the probability of a click is given as

Pr(C = 1|q, d, k) = Pr(E = 1|k) Pr(R̃ = 1|E = 1, q, d, k)

= θk(ε+
k γq,d + ε−k (1 − γq,d))

PBM can be viewed as a special case of TrustPBM, where ε+
k = 1 and ε−k = 0 to

reflect the noise-free assumption. Both PBM and TrustPBM model examination

bias in the same way.

On the other hand, TrustPBM is different from DBN. The noise depends on

position only, not on the document. Compared to PBM, we introduce 2N more

parameters into the model where N is usually small (e.g., 10), so the model

complexity of TrustPBM is much smaller than DBN.

The TrustPBM parameters can be estimated using logged click data. Let L

be the logged data consisting of tuples (q, d, k, c) for each received user query

q, each document d displayed at any position k and a binary indicator c for

whether the document was clicked or not (i.e. the realized value of the random

variable C). Then, the log-likelihood of generating L (over the randomness in
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user click behavior) is,

log Pr(L) =
∑

(q,d,k,c)∈L

c log θk(ε+
k γq,d + ε−k (1 − γq,d))

+ (1 − c) log(1 − θk(ε+
k γq,d + ε−k (1 − γq,d)).

In order to find the parameters that maximize the above log-likelihood objec-

tive, we use Expectation-Maximization, extending the Regression-based EM

method for the plain PBM in [55].

5.2 Estimation via Expectation-Maximization

As we will show in Section 5.3, we only need the parameters θk, ε+
k , and ε−k for

unbiased LTR. However, unlike the standard PBM model whose parameters can

be estimated based on result randomization, TrustPBM does not allow estima-

tion of these parameters using a randomized data set. We extend the previously

proposed regression-based EM algorithm [55] to estimate the parameters.

In the standard EM procedure, parameters are estimated by alternating Ex-

pectation and Maximization steps until convergence. Suppose {θ(t)
k , ε

+
k

(t), ε−k
(t) :

k ∈ [N]} and {γ(t)
q,d : q, d ∈ L} are the parameter estimates at iteration t (initialized

appropriately at the first iteration). We will get a new set of parameter estimates

after iteration t + 1.

5.2.1 Expectation Step

In the Expectation step at iteration t + 1, the posterior distribution of the hidden

variables of examination E and true relevance R given the observed click data L
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Pr(E = 1,R = 1|q, d, k, c = 1) =
ε+

k γq,d

ε+
k γq,d + ε−k (1 − γq,d)

Pr(E = 0,R = 1|q, d, k, c = 1) = 0

Pr(E = 1,R = 0|q, d, k, c = 1) =
ε−k (1 − γq,d)

ε+
k γq,d + ε−k (1 − γq,d)

Pr(E = 0,R = 0|q, d, k, c = 1) = 0

Pr(E = 1,R = 1|q, d, k, c = 0) =
θk(1 − ε+

k )γq,d

1 − θk(ε+
k γq,d + ε−k (1 − γq,d))

Pr(E = 0,R = 1|q, d, k, c = 0) =
(1 − θk)γq,d

1 − θk(ε+
k γq,d + ε−k (1 − γq,d))

Pr(E = 1,R = 0|q, d, k, c = 0) =
θk(1 − ε−k )(1 − γq,d)

1 − θk(ε+
k γq,d + ε−k (1 − γq,d))

Pr(E = 0,R = 0|q, d, k, c = 0) =
(1 − θk)(1 − γq,d)

1 − θk(ε+
k γq,d + ε−k (1 − γq,d))

Figure 5.1: Formulas for computing probabilities of hidden variables in the E-
step of the EM algorithm for TrustPBM.

is expressed in terms of the parameter estimates at iteration t, as shown in Fig-

ure 5.1 (we omit superscript (t) for readability). All the formulas follow directly

from Bayes rules. For instance, in the third from last equation, we have

Pr(E = 0,R = 1|q, d, k, c = 0)

=
Pr(C = 0|E = 0,R = 1, q, d, k) Pr(E = 0,R = 1|q, d, k)

Pr(C = 0|q, d, k)

=
Pr(E = 0,R = 1|q, d, k)

Pr(C = 0|q, d, k)

=
Pr(E = 0|k) Pr(R = 1|q, d)

Pr(C = 0|q, d, k)

since Pr(C = 0|E = 0,R = 1, q, d, k) = 1, and examination and relevance are

independent events. Also, a click means that the document must have been

examined and thus Pr(E = 0,R = 1|q, d, k, c = 1) = 0 in the second equation.
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θk =

∑
(q,d,k′,c)∈L 1{k′ = k}(c + (1 − c)P(E = 1|q, d, k,C = 0))∑

(q,d,k′,c)∈L 1{k′ = k}

γq,d =

∑
(q′,d′,k,c)∈L 1{q′ = q, d′ = d}(c · P(R = 1|q, d, k,C = 1) + (1 − c)P(R = 1|q, d, k,C = 0))∑

(q′,d′,k,c)∈L 1{q′ = q, d′ = d}

ε+
k =

∑
(q,d,k′,c)∈L 1{k′ = k} · c · P(E = 1,R = 1|, q, d, k,C = 1)∑

(q,d,k′,c)∈L 1{k′ = k}(c · P(E = 1,R = 1|q, d, k,C = 1) + (1 − c)P(E = 1,R = 1|q, d, k,C = 0))

ε−k =

∑
(q,d,k′,c)∈L 1{k′ = k} · c · P(E = 1,R = 0|, q, d, k,C = 1)∑

(q,d,k′,c)∈L 1{k′ = k}(c · P(E = 1,R = 0|q, d, k,C = 1) + (1 − c)P(E = 1,R = 0|q, d, k,C = 0))

Figure 5.2: Formulas for updating parameters in the M-step of the EM algorithm
for TrustPBM, where 1 is the indicator function.

5.2.2 Maximization Step

In the Maximization step at iteration t + 1, the parameters are updated to their

maximum likelihood values given the click data and the posterior probabilities

from the Expectation step as shown in Figure 5.2. Once again, we drop the

superscript (t + 1) for clarity in these formulas. Different from PBM model, we

have additional ε+
k and ε−k parameters updated in this step.

Regression-based EM. For the M-step to work with query-document pairs

(q, d), a requirement is that (q, d) should repeat and also be shown in different

positions. Since the query-document pairs (q, d) vary arbitrarily, using free pa-

rameters γq,d makes the objective very sparse and difficult to learn. Moreover,

exposing individual (q, d) identifiers can also pose a privacy or security risk.

Therefore, as in [55], we propose to estimate the γq,d parameters in each Maxi-

mization step via regression, i.e. fit a function (such as a Gradient Boosted Deci-

sion Tree) from features of (q, d) to the derived target value for P(R = 1|c, q, d, k)
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at iteration t + 1.

More specifically, we assume that there is a feature vector xq,d representing

them and use a function to compute the relevance γq,d = f (xq,d). The Maxi-

mization step is then to find a regression function f (x) to maximize the like-

lihood given the estimation from the Expectation step. Specifically, for each

(q, d, k, c) ∈ L, the expectation step gives a probability P(R = 1|q, d, k, c). Intu-

itively, we can regress the feature vector xq,d to the probability P(R = 1|c, q, d, k).

Similar to [55], we convert such a regression problem to a classification problem

based on sampling: we sample a binary relevance label r ∈ {0, 1} according to

P(R = 1|c, q, d, k). This conversion allows us to use widely available classifica-

tion tools to solve our problem. After sampling, we have a training set {(x, r)}

for f (x). The objective function is the log likelihood:

∑
{(x,r)}

r log( f (x)) + (1 − r) log(1 − f (x)),

where we use the sigmoid in the objective function

f (x) =
1

1 + e−F(x)

F(x) is the log odd of function f (x) and is learned by Gradient Boosted Decision

Tree (GBDT) method [21].

5.3 Unbiased LTR via Bayes-IPS Correction

Now we turn to the question of using the parameter estimates of the TrustPBM

to learn a new ranking function from the click data in an unbiased way. Specif-

ically, we need to adjust each click signal in the logged data such that it reflects
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the actual underlying relevance signal in expectation, unconfounded by the in-

herent examination and trust biases captured by TrustPBM.

In existing work [33, 55] which deals with the standard PBM, this is achieved

via Inverse Propensity Scoring (IPS) which corrects for the examination bias

factor. Since TrustPBM does not factorize into purely bias (from examination

and trust) and relevance terms, a direct IPS correction is not feasible. In the

following, we first review the existing unbiased LTR and then present our two-

step approach to deal with noise: correct for examination bias via IPS, and then

de-noise for trust bias via Bayes law.

5.3.1 LTR

We begin with a brief overview of the LTR setting. In the standard LTR, a set

of labeled data for query and documents are given LU = {(q, d, r)} where r rep-

resents the relevance labels for the (q, d) pair. We also use Ωq = {d|(q, d) ∈ LU}

to represent all documents that are associated with query q. Collection LU is

unbiased and a uniform sample from the space of queries, documents, and rele-

vance. In general, fully supervised LTR algorithms such as LambdaMART and

RankingSVM are used to directly or indirectly optimize a performance metric

which decomposes as a sum over the (q, d) samples in the training set, as such

M =
∑

(q,d,r)∈LU

r · f (q, d,Ωq)

where f is usually a rank-related function.

For instance, Average Relevance Position (ARP) [56, 33, 55] and Discounted
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Cumulative Gain (DCG) like metrics [27, 55] are shown as below,

ARP =
∑

(q,d,r)∈LU

r rank(q, d,Ωq)

DCG =
∑

(q,d,r)∈LU

r
1

rank(q, d,Ωq)
.

Note that lower ACP and higher DCG indicate better ranking performance with

more relevant documents at higher ranks. We use a simple DCG definition that

uses a binary relevance and a linear function for position discount to be consis-

tent with the rest of the chapter. But the methodology is applicable to any DCG

definitions.

In pairwise learning-to-rank algorithms, scores s are learned for (q, d) pairs

by expressing rank as a pairwise objective

ARP =
∑

(q,d,r)∈LU

r rank(q, d,Ωq)

=
∑

(q,d,r)∈LU

r (
∑

d′∈Ωq

Is(q,d)<s(q,d′) + 1)

=
∑

(q,d,r)∈LU

∑
d′∈Ωq

r Is(q,d)<s(q,d′) + const (5.1)

The loss above can then be upper-bounded by common classification loss func-

tions (e.g., the hinge loss or the logistic loss [24]) as in the RankingSVM method.

Moreover, rank-based metrics such as ARP and DCG can also be optimized in

the LambdaLoss framework [56] where LambdaRank and LambdaMART [9]

are special cases in the framework.
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5.3.2 Unbiased LTR

The challenge in learning from implicit feedback such as click data is that only

the click information c is observed, not the true relevance r for each (q, d) pair.

The relation between r and c is captured by click models. The Inverse Propen-

sity Scoring (IPS) technique is used to tackle this issue by de-biasing click data

because the examination bias in PBM is equivalent to the propensity of observ-

ing relevance labels in the counterfactual framework [33].

Recall that we have logged data L consisting of tuples (q, d, k, c),

E[C|q, d, k] = Pr(C = 1|q, d, k) = θk Pr(R̃ = 1|E = 1, q, d, k)

where the expectation is over the randomness in the user click behavior. As in

previous work, we can employ IPS to correct for the examination bias in the

following way,

MIPS =
∑

(q,d,k,c)∈L

c
θk

f (q, d,Ωq)

=
∑

(q,d,k,c=1)∈L

1
θk

f (q, d,Ωq)

MIPS is an unbiased estimation of metric M because

E[MIPS] =
∑

(q,d,k,c)∈L

E[C]
θk

f (q, d,Ωq)

=
∑

(q,d,k,c)∈L

Pr(R̃ = 1|E = 1, q, d, k) f (q, d,Ωq)

In the plain PBM which assumes that Pr(R̃ = 1|E = 1, q, d, k) = Pr(R = 1|q, d), i.e.

judgment upon examination reflects actual relevance free from noise, interpret-

ing r as Pr(R = 1|q, d) (the degree of true relevance), MIPS equals M in expectation

and thus can be used as a direct unbiased substitute in the learning-to-rank al-
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gorithm since it is simply a linear weight modification.

ARPIPS =
∑

(q,d,k,c=1)∈L

1
θk

rank(q, d,Ωq)

DCGIPS =
∑

(q,d,k,c=1)∈L

1
θk

1
rank(q, d,Ωq)

.

For instance, the upper-bounding technique shown in Eq 5.1 still applies with

ARPIPS and an IPS-based RankingSVM was derived in [33] and the Lamb-

daMART algorithm can be used to optimize DCGIPS.

5.3.3 Bayes-IPS Correction

Now, for the TrustPBM, we do not have the equivalence between perceived rel-

evance R̃ and R. The standard IPS approach gives an unbiased estimation of R̃.

Note that we only care about the clicked documents in MIPS . To get the estimate

of R, we only need to estimate it for C = 1, i.e., Pr(R = 1|C = 1, q, d, k). Such an

estimation can involve many parameters due to the dependency on (q, d) pairs.

To make it tractable, we thus approximate it by the average relevance at position

k: Pr(R = 1|C = 1, k), i.e., Pr(R = 1|R̃ = 1, E = 1, k).

By Bayes law, we have

Pr(R = 1|R̃ = 1, E = 1, k)

=
Pr(R̃ = 1|R = 1, E = 1, k) Pr(R = 1|E = 1, k)

Pr(R̃ = 1|E = 1, k)

=
ε+

k Pr(R = 1|E = 1, k)
ε+

k Pr(R = 1|E = 1, k) + ε−k Pr(R = 0|E = 1, k)

=
ε+

k Pr(R = 1)
ε+

k Pr(R = 1) + ε−k Pr(R = 0)

=
ε+

k

ε+
k + ε−k
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The first step is based on Bayes law. The second is the definition of ε+
k and ε−k .

The third step is because R is independent of E and k. The last step is based on

a weak uninformative prior on actual relevance that Pr(R = 1) = Pr(R = 0) = 0.5.

Putting it all together, we have

MBayes−IPS =
∑

(q,d,k,c=1)∈L

1
θk

Pr(R = 1|C = 1, k) f (q, d,Ωq)

=
∑

(q,d,k,c=1)∈L

1
θk

ε+
k

ε+
k + ε−k

f (q, d,Ωq).

Informally, the Bayes-IPS estimate corrects for the examination bias and the like-

lihood that the result was actually relevant given that it was judged so upon ex-

amination. As a sanity check, note that in the noise-free case of the plain PBM,

i.e. when ε+
k = 1 and ε−k = 0, MBayes−IPS reduces to MIPS. Moreover, since the pro-

posed correction is simply a change of weights, a learning-to-rank framework

with IPS can be easily adapted to use Bayes-IPS weights to replace IPS weights.

5.4 Empirical Evaluation

In this section, we evaluate our proposed TrustPBM click model and the Bayes-

IPS correction for unbiased LTR. We first describe our experiment setup and

then present our experimental results.

5.4.1 Experiment Setup

Our experiments are based on both offline evaluation and online experiments.

For offline evaluation, we use the standard framework for supervised LTR eval-

uation [39] by splitting the data into training and test sets. For online experi-
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ments, we evaluate our proposed methods through online A/B testing. In this

section, we describe the data sets and metrics used in offline evaluation as well

as the metrics used in online experiments.

Data Sets

For offline evaluation, we use search logs collected from three search services:

Gmail for general users (denoted as Email), Google Drive for general users (de-

noted as File Storage), and Gmail for expert users (denoted as Email Expert).

The Email and Email Expert services have the same type of contents, but the

users in the Email Expert dataset are more active, as measured by their search

activity. The File Storage service has a different type of content compared with

the other two. In all services, each query can result in at most a single click of a

document because an overlay showing results is displayed as a query is typed

and it disappears as a result is clicked. The clicked document is then shown on

the screen.

In our data sets, we discard all the queries that did not result in any clicks.

No further pre-processing is done. In all these services, ranking features are

routinely computed and logged. We collected a sample from the search logs of

each service in a two-week period in May 2018. Data from the first week are

used for training, and those from the second week are used for testing. Basic

statistics for the data sets are shown in Table 5.1. Each data set contains millions

of queries, and between 5 and 6 documents per query. The logs also contain

existing ranking features for each query-document pair, which we use in our

regression-based EM algorithms and unbiased LTR algorithms.
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Table 5.1: Statistics of the three data sets used in offline evaluation.

Email File Storage Email Expert
#Queries per user > 3 > 3 < 4
#Docs in total 59.69M 50.77M 13.80M
#Docs per query 5.99 5.00 6.00

Offline evaluation metrics

Our offline evaluation consists of two parts. The first part is to compare the PBM

and TrustPBM models based on their fitness to the data. For this part, we use

the standard log-likelihood on how the models predict clicks in our test data.

LogLikelihood =
1
|L|

∑
L

c log(p) + (1 − c) log(1 − p) (5.2)

where p = θkγq,d for PBM and p = θk(ε+
k γq,d + ε−k (1 − γq,d)) for TrustPBM. Log-

likelihood is commonly used to evaluate click models [16]. It is a negative num-

ber and the larger the better.

For the second part, we compared different methods on the effectiveness

of learned ranking functions for unbiased LTR. Following [55, 54], we use the

weighted version of Mean Reciprocal Rank (MRR) as the evaluation metric for

offline experiment. It is an unbiased version of MRR and more suitable than

standard MRR for offline evaluation given click bias. Specifically, given a test

data set with n queries, the standard MRR is defined as:

MRR =
1
n

n∑
i=1

1
ranki

(5.3)

where ranki denotes the rank of the first clicked document of the i-th query in

our data sets. Note that since each query can have at most one clicked docu-

ment, we do not consider more complicated metrics like normalized discounted
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cumulative gain. We denote weighted MRR [55] by MRRw, which is defined as:

MRRw =
1∑n

i=1 wi

n∑
i=1

wi
1

ranki
(5.4)

where wi is the IPS correction weight estimated from our algorithm. Given dif-

ferent propensity estimation methods, the weights are used for both training

and offline evaluation.

Online experiment metrics

For online experiments, we run A/B testing using ranking functions learned

based on different IPS weights. This is the ultimate test of effectiveness of rank-

ing functions. A better ranking function can attract more clicks from users and

push the user clicks to higher positions. We thus use the click-through rate

(CTR) that is defined as the ratio of queries with clicks and the total number of

queries. We also use the standard MRR in Eq 5.3 for online evaluation to take

into account the effect of positions. For any queries without clicks, their MRR

values are set to 0 for online experiments.

5.4.2 Experimental Results

In this section, we report both offline and online experimental results. Our com-

parisons are conducted for both click modeling and unbiased LTR.
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Table 5.2: Comparison of PBM and TrustPBM click models based on log-
likelihood. The best number per row is in bold face and + means statistically
significance based on the student t-test.

PBM TrustPBM Improvement
Email -0.364 -0.351 3.57%+

File Storage -0.343 -0.332 3.21%+

Email Expert -0.356 -0.339 4.78%+

Does the extended model fit the data better?

Both PBM and TrustPBM are click models. Our first result is to compare them

on how well they can fit our click data. We run our EM algorithms for both

PBM and TrustPBM respectively and compare them in terms of log-likelihood

in Eq 5.2. The results on our test data sets are shown in Table 5.2. From this table,

we can see that the TrustPBM model has higher log-likelihood values than the

PBM model on all the three data sets. We also report the relative improvement

of the log-likelihood in this table. All these improvements are statistically signif-

icant based on the student t-test. This means that our proposed method of incor-

porating click noise in TrustPBM is reasonable since TrustPBM can indeed fit the

data significantly better than PBM. In addition, we also study the convergence

of the EM algorithms for PBM and TrustPBM in Figure 5.3, where we plot log-

likelihood along with the EM iterations. It can be observed that TrustPBM not

only converges to a higher log-likelihood, but also converges faster than PBM

at early stages. This confirms that our proposed EM algorithm can estimate pa-

rameters for TrustPBM effectively. Overall, this result shows that TrustPBM is

better that PBM.
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Figure 5.3: Convergence of EM based on log-likelihood.
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Figure 5.4: The normalized examination bias estimated from PBM and
TrustPBM using EM.

What are the biases estimated from data?

We have examination bias for both PBM and TrustPBM. For TrustPBM, we also

have the trust bias ε+
k and ε−k . We compare these estimated biases from data and

show some interesting findings.
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Figure 5.5: The normalized trust bias estimated for TrustPBM using EM. The
upper lines are ε+

k and the lower lines are ε−k .

The examination biases for PBM and TrustPBM are plotted in Figure 5.4,

where we normalize the bias values by the one at position 1. This figure shows

that PBM and TrustPBM give quite different estimation of examination bias,

especially for lower ranked documents. TrustPBM shows that there are higher

probabilities that users examine lower ranked documents than PBM. This aligns

better with the user study in [30] as the user study showed that users examine

the surrounding documents before issuing clicks, especially the ones immedi-

ately below their clicked ones.

The trust bias estimated by TrustPBM is shown in Figure 5.5 where we nor-

malize all of them by the ε+
k for k = 1. There are a few interesting observations.
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(1) All ε+
k are higher than ε−k . This means that the probability of clicks given rel-

evant documents is higher than the probability given non-relevant documents

after examination. Thus clicks represent reasonable relevance judgments even

though they are noisy. (2) ε+
k are very close to 1 over all positions k, and the dif-

ference over positions is very small, showing that relevant documents are not

missed often once examined. (3) In contrast, ε−k varies a lot over positions k. It

is much higher at the higher positions (lower values of k) than lower positions,

meaning that users are more inclined to click non-relevant documents shown

at high positions. This is congruent with the trust bias user study [30], which

found that users may place more trust in highly-ranked results. (4) Across dif-

ferent data sets, the trust bias is different. For example, the File Storage data set

has a steeper curve for ε−k , meaning that there is higher trust bias for this service.

Overall, this result shows that TrustPBM is better that PBM qualitatively.

Is the Bayes-IPS correction different?

We now turn to the unbiased LTR evaluation. The inverse propensity weights

estimated by different methods in the Email data set are shown in Figure 5.7.

For result randomization, we use the FairPair approach in [55], that is, two adja-

cent documents are randomly swapped before presenting results to users. This

method has been shown to be aligned well with other randomization meth-

ods for the PBM model. We use Randomization to denote the IPS weights es-

timated from this method. We use PBM to denote the IPS weights estimated

by EM in PBM, and we TrustPBM to denote the Bayes-IPS weights estimated

by EM in TrustPBM. Compared with TrustPBM, the EM-based PBM is much

closer to Randomization. This result is expected since Randomization is also
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Figure 5.6: The examination bias and the confidence interval (CI) based on ran-
domization data.

based on PBM. However, TrustPBM gives much smaller estimation of weights

for lower positions. This is because TrustPBM uses a different model that dis-

entangles examination and trust bias, leading to rather different estimation of

inverse propensity weights.

The lower IPS weights at lower positions in TrustPBM is more desired. As

commonly known, IPS-based approaches usually suffer from the problem of the

unbounded variance since the variance for a smaller propensity (corresponding

to the lower positions in unbiased LTR) can lead to a large difference in IPS

weights. Several techniques such as capping methods are developed to address

this problem [22, 51, 43, 18, 7]. For Randomization, we compute the variance of
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Figure 5.7: The IPS or Bayes-IPS weights based on Randomization (IPS), PBM
(IPS) and TrustPBM (Bayes-IPS).

our estimated propensity θk as follows. We split our randomized data set into

10 folds and use them to estimate the confidence interval (CI). The results are

show in Figure 5.6. From this figure, we see that there is a rather negligible

variance based on CI. This means that we have sufficient randomized data for

IPS weights estimation. As we will show later that TrustPBM leads to better

online experiment results, the result here indicates that PBM is a less accurate

model than TrustPBM for extracting relevance from user click behaviors.

In addition, Figure 5.8 shows the Bayes-IPS weights estimated for different

data sets. The weights being different for different data sets means that our

method can indeed take click noise into account that varies across data sets.
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Figure 5.8: The Bayes-IPS weights estimated for different data sets.

Table 5.3: Cross offline evaluation to compare IPS weights for training and eval-
uation.

Training Evaluation: Weighted MRR in Eq 5.4
NoIPS Randomization PBM TrustPBM

NoIPS 0.00% -0.50% -0.36% -0.20%
Randomization -1.11% 0.00% 0.00% -0.11%
PBM -0.89% -0.02% 0.00% -0.06%
TrustPBM -0.48% -0.11% -0.05% 0.00%

Can the learning algorithms leverage different IPS weights?

We have shown that different methods give different IPS weights. These IPS

weights can be used for both evaluation and learning for unbiased LTR. In this

sense, we do not have ground-truth IPS weights to compare different methods.

85



Table 5.4: Online experiment results based on LambdaMART models learned
using different weights. Relative improvement over Randomization is reported,
together with the confidence interval (CI). The best number per column is bold
and + means the improvement is significant based on student t-test.

MRR MRR CI CTR CTR CI
Randomization 0.00% - 0.00% -
PBM 0.25% ±0.39% 0.26% ±0.40%
TrustPBM 0.33%+ ±0.29% 0.33%+ ±0.28%

We rely on the online experiments to do the comparison. Before doing so, we

need to make sure that our learning algorithms can effectively leverage the IPS

weights during training.

We use an industrial implementation of LambdaMART as our learning algo-

rithm. Table 5.3 shows the cross comparison using different IPS weights for both

training and evaluation. This comparison serves as a sanity check as to whether

our training methods can take into account different settings of weights. All the

values in Table 5.3 are relative numbers comparing to the diagonal lines per col-

umn. The diagonal values are expected to be the largest numbers per column

since both training and evaluation use the same weights. The results in this

table confirm that. For example, using the Bayes-IPS weights in TrustPBM, all

models trained with different weights show negative relative evaluation num-

bers. Thus our learning algorithms are able to differentiate different weights to

optimize their intended metrics.

Results of online experiments

We compare Randomization, PBM and TrustPBM using the live traffic of the

Email service, conducting an online experiment for each method on a portion

of the search traffic. These experiments were run for several weeks in August
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2018 and our comparisons are based on approximately 100M user queries per

experiment. For clarity, we normalize the online evaluation metrics using the

Randomization method as the baseline.

We compute online metrics MRR and CTR; the results are shown in Ta-

ble 5.4. In this table, we can see that TrustPBM improves over the Randomiza-

tion method significantly, with MRR and CTR both increased by +0.33%, and

these results are statistically significant. In contrast, PBM achieves neutral re-

sults compared with the Randomization baseline. Moreover, TrustPBM is more

robust than PBM because it has a much smaller confidence interval (CI). This

is probably due to the fact that having higher weights on lower positions can

lead to higher variance when learning a ranking function for the PBM model.

By addressing click noise, TrustPBM is more robust.

5.5 Conclusion

In this chapter, we proposed to handle click noise for unbiased LTR. We have

introduced an enhanced position bias model called TrustPBM which explic-

itly models position-dependent click noise, conceptualized as a result of the

trust users have in the quality of the search ranking. The parameters of the

TrustPBM are estimated from offline click logs via regression-based Expectation

Maximization, and the novel Bayes-IPS correction provides a simple weighting

scheme for unbiased, de-noised LTR using the estimated parameters. Experi-

ments on three widely used commercial search services revealed new insights

about the asymmetry in positive and negative trust bias, and super performance

metrics with the Bayes-IPS correction.

87



CHAPTER 6

CONCLUSION AND FUTURE WORK

We have addressed the problem of learning-to-rank (LTR) directly from logged

implicit user feedback such as click logs such that the learned ranking systems

are optimized for unbiased relevance-based performance metrics. As we have

seen, this is challenging due to various forms of position bias inherent in the

logged data. We address this challenge through a systematic framework com-

prising of user behavior modeling, effective and efficient bias estimation tech-

niques, and novel ranker training procedures.

Specifically, we proposed a counterfactual learning-to-rank framework that

is general enough to cover a broad class of additive IR metrics as well as non-

linear deep network models. Based on the generalized framework, we devel-

oped the SVM PropDCG and Deep PropDCG methods that optimize DCG via

the Convex-Concave Procedure (CCP) and stochastic gradient descent respec-

tively. We then presented the idea of Intervention Harvesting, allowing the

use of multiple historic loggers for generating interventional data under mild

assumptions. We showed how this idea can be used to control for relevance,

providing the first method for propensity estimation in the PBM that does not

require intrusive interventions, a relevance model, or repeat queries. Finally,

we introduced an enhanced position bias model called TrustPBM which explic-

itly models position-dependent click noise, conceptualized as a result of the

trust users have in the quality of the search ranking. The parameters of the

TrustPBM are estimated from offline click logs via regression-based Expectation

Maximization, and the novel Bayes-IPS correction provides a simple weighting

scheme for unbiased, de-noised LTR using the estimated parameters. Experi-
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ments on three widely used commercial search services revealed new insights

about the asymmetry in positive and negative trust bias.

There are many directions for future work. It is open for which other classes

of ranking metrics it is possible to develop efficient and effective methods using

the generalized counterfactual framework. The general counterfactual learning

approach may also provide unbiased learning objectives for other settings be-

yond ranking, like full-page optimization and browsing-based retrieval tasks.

It is also an open question whether non-differentiable (e.g. tree-based) ranking

models can be trained in the counterfactual framework as well.

Our work also opens an interesting space of research questions for how other

intervention data can be harvested and what other estimation problems can be

addressed in this way. In particular, in our follow-up work in [20], we show

how Intervention Harvesting can be adapted to a more expressive Contextual

Position-Based Model (CPBM) in which the examination propensity can vary

based on query, user and other context observable information in addition to

position. Another direction for future work is finding alternate methods for

TrustPBM estimation, such as via intervention harvesting adapted for trust bias,

and also designing alternate schemes for unbiased LTR that weaken the prior

assumption in our Bayes-IPS correction.
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