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ABSTRACT

Ranking items regarding individual user interests is a core tech-
nique of multiple downstream tasks such as recommender systems.
Learning such a personalized ranker typically relies on the implicit
feedback from users’ past click-through behaviors. However, col-
lected feedback is biased toward previously highly-ranked items
and directly learning from it would result in “rich-get-richer” phe-
nomena. In this paper, we propose a simple yet sufficient unbiased
learning-to-rank paradigm named InfoRank that aims to simulta-
neously address both position and popularity biases. We begin by
consolidating the impacts of those biases into a single observation
factor, thereby providing a unified approach to addressing bias-
related issues. Subsequently, we minimize the mutual information
between the observation estimation and the relevance estimation
conditioned on the input features. By doing so, our relevance esti-
mation can be proved to be free of bias. To implement InfoRank,
we first incorporate an attention mechanism to capture latent cor-
relations within user-item features, thereby generating estimations
of observation and relevance. We then introduce a regularization
term, grounded in conditional mutual information, to promote
conditional independence between relevance estimation and ob-
servation estimation. Experimental evaluations conducted across
three extensive recommendation and search datasets reveal that
InfoRank learns more precise and unbiased ranking strategies.

CCS CONCEPTS

« Information systems — Learning to rank.
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1 INTRODUCTION

Implicit feedback garnered from user interactions (such as clicks)
serves as a prevalent data source in situations where “ground truth”
about explicit relevance is difficult to obtain on a Web platform.
Although implicit feedback offers the advantage of mitigating data
labeling expenses, it introduces a spectrum of bias concerns [4, 25].
As summarized in [10], two typical forms of bias emerge during
the data collection and serving phases: position bias and popular-
ity bias. These biases would be exacerbated by the feedback loops
inherent in ranking systems, as depicted in Figure 1(a). Concretely,
position bias manifests during the collection of user feedback and
arises due to user browsing patterns. As Figure 1(b) shows, users
typically peruse presented item lists from top to bottom, with their
attention diminishing rapidly along the way [24, 25]. Consequently,
higher-ranked items receive more exposure and greater opportu-
nities for observation and subsequent clicks [14, 15], leading to
an increased possibility of being collected as implicit feedback. In
contrast, popularity bias occurs when the system returns ranked
lists for user service, as illustrated in Figure 1(b). This bias prompts
ranking systems to recommend popular items more frequently than
their popularity would warrant. In both cases, blindly optimizing
ranking performance based on implicit feedback data may inadver-
tently reinforce the existing presentation or popularity order rather
than learning personalized relevance, as higher-ranked or popu-
lar items naturally garner more user observations and increased
opportunities to elicit positive feedback such as clicks.

Recently, numerous studies have raised awareness of such bias
issues and have strived to uncover the underlying relevance from
such biased feedback. To address position bias, recent research has
harnessed counterfactual learning technique [31], wherein the posi-
tion is treated as a counterfactual factor [37], and employing inverse
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propensity weighting (IPW) [2, 23, 49] to rectify user feedback. In
the context of popularity bias, recent endeavors have explored di-
verse strategies, including diversity-based regularization [1, 28]
to balance rating and viewpoint values, and adversarial learning
approaches [29] designed to uncover implicit associations between
popular and less popular items. However, it is noteworthy that
these methods often focus on either position or popularity factors
in isolation, and lack a unified debiasing framework.

In this paper, we reveal that these prevalent biases, which mani-
fest during either the data collection or serving phases, exert their
influence on ranking performance through what we term the “ob-
servation” factor. For example, position bias originates from the
user perspective, as the item’s position correlates with whether it
has been observed, thereby influencing user feedback; and popular-
ity bias is induced by the ranking system, as the system-generated
list is influenced by the frequency of user observations and subse-
quent clicks on a given item. This insight motivates us to estimate
user-item relevance free from the effect of the observation factor,
since our premise is that user-item features should be the sole de-
terminants of relevance. In other words, irrespective of an item’s
position or the number of times it has been observed previously,
its relevance to the user should remain consistent.

To this end, we propose InfoRank, a novel unbiased learning-
to-rank paradigm that allows us to model the relevance from rich
user-item profiles while mitigating the biases raised by the ob-
servation factor. Our approach begins with the incorporation of
an attention mechanism to capture concealed correlations embed-
ded within the rich user-item features. To illustrate, consider the
scenario depicted in Figure 1(c): Imagine a teenager searching for
shoes, and the ranking system subsequently presents several shoe
options based on her profile and historical data. If, for instance, she
has a limited budget (a user feature), she is more inclined to favor
shoes with lower prices (an item feature). These correlations hold
significant importance in uncovering users’ preferences concerning
the presented items. To ensure that our estimated relevance is solely
influenced by user-item features, we introduce the observation fac-
tor as a latent variable. Then, we encourage the unbiased estimation
(i.e., relevance) to be independent of the biased factor (i.e., observa-
tion) conditioned on the input features by minimizing their mutual
information. We further derive a regularization formulation of the
conditional mutual information minimization. Correspondingly, we
devise a novel end-to-end framework that concurrently optimizes
ranking performance while liberating the ranker from position and
popularity biases stemming from implicit feedback.

Experiments conducted on three diverse datasets, demonstrate
the superiority of InfoRank when compared to the state-of-the-
art baselines across a variety of browsing patterns. Moreover, our
ablation studies illustrate that our conditional mutual information
minimization has the potential to enhance the performance of other
ranking models as well.

2 BRIDGING BIASES IN RANKING TO
DEPENDENCE IN CAUSALITY
2.1 Biased and Unbiased Learning-to-Rank

The objective of a point-wise learning-to-rank algorithm is to train
aranker f that assigns a relevance score to each query-item pair
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Figure 1: An illustrated example of the feedback loop, posi-
tion bias, and popularity bias in learning-to-rank. Within
this process, the ranking system blends user and item fea-
tures (c) with implicit feedback to generate the final ranking
list. However, this system is susceptible to both position bias
and popularity bias (b). Furthermore, these biases tend to be
amplified within the feedback loop (a), potentially resulting
in a “rich-get-richer” dilemma.

Table 1: A summary of notations.

Notations Explanations
o,C Observation, click attributes (implicit feedback)
X =(U,LLP)  Features (user and item side including position)
R Relevance attribute (unbiased estimation)
I Conditional mutual information, see Eq. (13)
D, Dy, Dataset, dataset associated with user u

(or referred to as a user-item pair). However, as explicit relevance
signals are usually too expensive in practice, biased ranking algo-
rithms directly replace them with implicit click signals. Let u denote
the user and d denote the item. Let x denote the feature vector of u
and d. Let D denote the whole set of items and 9,, denote the set
of items associated with u. ¢ represents whether d is clicked or not.
The risk function in learning is defined as

F(H=), >, M), (1)

u de®,

where A(f(x),c) denotes a point-wise loss function.
Traditionally, ranker models are trained using user browsing
logs including labeled click data to find the optimal ranker that
minimizes the risk function. However, this conventional approach
is vulnerable to both position bias [4, 27] and popularity bias [1,
28]. We refer to this as biased learning-to-rank. Recent endeavors
have introduced unbiased learning-to-rank algorithms aiming to
eliminate such biases in click data and train an unbiased ranker.

Position Bias. Many prior studies [4, 22, 24, 49, 50] have under-
scored the observation that items occupying higher positions are
more prone to being both observed and subsequently clicked. Con-
sequently, training a ranker directly on click data may lead to it
primarily estimating the position order rather than the personalized
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relevance of items. To rectify this inherent bias, conventional debi-
asing methods typically introduce an additional relevance factor,
denoted as r, to indicate the relevance of item d.* Then, these meth-
ods estimate r instead of ¢ in ranking. To this end, they leverage
the insight that a user clicks on an item only when it has been
both observed and perceived as relevant. This relationship can be
formulated as:

P(C=1X=x)=P(R=1|X=x)-P(O=1X=%). (2)

where C, R, O, X denote the random variable. t Then, the objective
of unbiased learning-to-rank is to infer relevance from click data
and generate a ranked list based on P(R = 1|X = x) different from
biased learning-to-ranking using P(C = 1|X = x).

Popularity Bias. Several prior studies [1, 16, 28, 57] have high-
lighted that items with higher levels of popularity are more likely to
be posted and then are more frequently observed and clicked. Con-
sequently, optimizing a ranker’s performance directly on click data
may result in it primarily estimating the popularity order rather
than personalized relevance. As previous debiasing algorithms rely
on past user feedback, particularly clicks, to estimate popularity
for an item d, we employ the notations (C, O, R) to represent the
set of prior feedback (clicks, observations, relevance) associated
with d. To illustrate, let’s take C vs. C as an example (O and R
share analogous interpretations): While C measures how user u
is likely to engage with item d, C reflects how item d has been
previously consumed by other users. Thus, unlike C, which cap-
tures the specific click value ¢ = 1 assigned by user u to item d, the
instance of C comprises the set of prior click feedback associated
to d, denoted as {c = 1}4. When a ranker is tasked with estimating
relevance between user u and item d, it can be considered free from
popularity bias if the relevance estimation remains independent
of the item’s past click history. Alternatively, following the idea of
collaborative filtering [40], relevance estimation could consider the
item’s historical relevance. This condition can be formulated as:

PR=1C={c=1}3X=x) =P(R=1|R={r=1}4X =x).
®3)
It is worth noting that {c = 1}4 and {r = 1}; do not encompass the
“current” click and relevance to be estimated.

2.2 Causality in Ranking

Based on the above descriptions, position and popularity biases arise
due to two key factors: (i) User observation feedback is influenced
by the position of items. (ii) The system generates ranked lists
based on observations or further clicks, which can introduce bias.
Consequently, the observation factor serves as a source of bias that
propagates into subsequent factors. In light of this, we consider
the observation factor as the “sensitive attribute”. In this regard, an

“For convenience, we only consider binary relevance here. One can easily extend
our framework to a multi-level relevance case, with Eq. (28) as a possible solution to
convert it to the binary setting [4, 22].

TWe use uppercase letters (i.e., C,R,0,X) to denote random variables (see Table 1 for
explanations), and lowercase letters (i.e., ¢, 7, 0, x) to denote the corresponding value
for each data point d. We further expand the random variables to represent a set of
data points and use calligraphic letters (i.e., C, R, O) as notation. In other words, to
study the case of user u and item d, C = ¢, R=r, O = 0 where ¢,r,0 € {0,1} show
whether d is clicked, relevant, observed by u, while C = {c = 1}4, R = {r = 1}4,
O = {0 = 1}4 show previous users’ click/relevance/observation feedback on d.
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Figure 2: The overall architecture of InfoRank, where (a) we
first leverage an attention mechanism to mine correlations
between user-item features (Section 3.2); and (b) we then
introduce a regularization formulation (i.e., 7) aimed at es-
tablishing conditional mutual information to ensure that
relevance becomes conditionally independent of the observa-
tion factor (Section 3.3). To capture relevance within biased
feedback, we incorporate this regularization term with super-
vision (i.e., £) over user behaviors (Section 3.4). We note that
InfoRank remains working even in scenarios where there is
no observation information available within user browsing
logs. In such cases, we substitute real observations with esti-
mated ones.

ideal ranker should adhere to the following principle: for any user
u and item d, given their associated feature vector x, we have:

PR=rl0=1,X=x)=P(R=r|0=0,X =x) (4)

holds for any relevance score r € {0, 1}, and any observation value
o € {0, 1} attainable by O. We notice that Eq. (4) can be interpreted
as representing the conditional independence between the latent
factors O and R. Here, external factors such as the user (or query)
and item features including the position of the item are consoli-
dated into X. Based on Eq. (4), one can derive the corresponding
evaluation metric as follows:

ACI:=|P(R=10=1,X=x)-P(R=10=0,X=x)|. (5)
It is easy to show that iff Eq. (4) holds, ACI = 0.

Causality in Position Bias. The fundamental approach for miti-
gating position bias is to estimate a relevance score R that is entirely
dependent on the user-item features X, free from any positional
influence. However, we contend that simply applying Eq. (2) may
not suffice to achieve this goal. This is because the estimation of
an item’s relevance can still be affected by whether it has been
observed or not. Therefore, we advocate for an additional step to
ensure the conditional independence between R and O.
To achieve this, we combine Eq. (2) and Eq. (4) to derive:

P(R=1|X=x)=P(R=1|0 = 0,X = x), )
where o € {0, 1}.

Casuality in Popularity Bias. As per Eq. (2), we can derive P(C =
{e=1}4lX =x) =P(R={r=1}4lX =x) - P(O = {o = 1}4|X =
x). It implies that given the features of an item d, its previous clicks
(i.e., {c = 1}4) only occur when d is both relevant (i.e., {r = 1}4) and
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observed (i.e., {o = 1}4) by users. Following this, we can proceed
to derive:

P(R = 1]0,X)

P(R: 1|C,X) = m

P(R = 1|R, X). @)

Here, for convenience, we use C, O, R, X to denote C = {c = 1}4,
O ={o = 1}4, R = {r = 1}4, X = x. The detailed derivation
procedure can be found in Appendix A.1.

Observing O = {o = 1}4 and O = 1 are closely correlated, given
that they both signify user observations, we argue that reinforcing
O =1 and R = 1’s independence conditioned on X = x can lead
to an approximation where P(R = 1|0 = {o = 1}4,X = x)/P(R =
1|X = x) approaches 1. The remaining part P(R = 1|R = {r =
1}4, X = x) reflects the ranker’s inductive capacity. This capacity
corresponds to the process of learning from the historical records
R = {r = 1}4 to infer R = 1, specifically utilizing the past relevance
feedback for item d to infer current behavior regarding d.

2.3 Connections to Related Work

Implicit feedback such as clicks is abundant and easy to collect
[24, 34, 53]. However, implicit feedback is known to be plagued
by various biases [21, 25]. Previous research has predominantly
focused on developing unbiased ranking methods to address po-
sition bias, which can be broadly categorized into two streams.
One is built on certain assumptions about user browsing behaviors
[3, 9, 15, 17, 44, 45]. These methods aim to maximize the likeli-
hood of observed user behavior in historical data collected from
browsing logs. For example, Jin et al. [24] applied survival analysis
techniques to model user browsing behavior. The other follows
counterfactual learning approaches [4, 27, 50] which treats click
bias as a counterfactual factor [37] and mitigates user feedback
biases through inverse propensity weighting [22]. For instance,
Wang et al. [47] developed a new weighting scheme taking a holis-
tic treatment of both clicks and non-clicks. Popularity bias has also
been a subject of recent research. Kamishima et al. [28] introduced
an information-neutral recommender by ensuring independence
between the ranker outcome and viewport features. Krishnan et al.
[29] incorporated an adversarial network to play a min-max game,
enabling the learning of implicit associations between popular and
unpopular items.

However, each of these methods focuses on a specific bias based
on a particular user browsing pattern. In contrast, our paper aims to
unify these biases through a single observation factor, providing a
simple and indirect means to mitigate the impact of different biases
simultaneously. Furthermore, as mentioned in Section 2.2, we con-
tend that merely “dividing” the click factor C into the observation
factor O and the relevance factor R (as done in prior approaches) is
sufficient to render relevance estimations bias-free. In our approach,
we go a step further and advocate for ensuring that the relevance
and observation factors are conditionally independent of features.

More discussions about related casual-aware methods can be
found in Appendix E.

Jiarui Jin et al.

3 THE INFORANK FRAMEWORK

3.1 Overview

As highlighted in Section 2.2, we establish the connections between
conditional independence and the issues of position and popularity
biases. The core idea behind InfoRank is to acquire unbiased ranking
strategies by jointly optimizing the ranking performance and the
achievement of conditional independence. As illustrated in Figure 2,
we first use an attention mechanism to uncover latent correlations
within user-item features and generate probability distributions
P(R = 1|0,X) and P(O = 1|X) (shown in (a)). Subsequently, we
translate the concept of conditional mutual dependence into a reg-
ularization term (shown as 7') and then calculate the probability
distribution P(C = 1|X) through a product operation (shown in
(b)) according to Egs. (2) and (6), where clicks can be supervised by
biased feedback (shown as £).

We notice that in previous literature [14, 52], relevance is esti-
mated based on user-item features, while observation is estimated
from bias-related features (e.g., position). However, we argue that
the observation factor is also related to user-item features. For ex-
ample, cautious users tend to thoroughly investigate various alter-
natives before arriving at a decision, which increases the likelihood
of low-ranked items being observed. This tendency becomes even
more pronounced when dealing with expensive items, as nearly
everyone engages in thorough research. As the primary objective
of our paper is not to manually disentangle x into two distinct com-
ponents for observation and relevance estimations, we combine
user-item features and positions into a unified x. We then use the
proposed conditional independence regularization term to derive
observation and relevance estimations.

3.2 Unbiased Estimation

3.2.1 Estimating R and O. A conventional method for amalgamat-
ing user-item features is to employ Multi-Layer Perceptron (MLP)
layers, a technique commonly used in prior user modeling algo-
rithms [11, 13, 39]. However, as highlighted in [35, 56], these models
may lack the expressiveness required to effectively capture the in-
tricate correlations present in user-item features. Taking Figure 1
as an instance, a teenager might prioritize price as a factor when
choosing shoes due to her limited budget, indicating a correlation
between age and price. This insight encourages us to adopt an
approach that takes into account information from both the user
and item perspectives to weigh each feature, rather than focusing
solely on one side. Therefore, we incorporate a multi-head attention
mechanism [42, 43]. Formally, let x = {x¢, x1,...,xN_1} denote N
categorical user-item features, where x, is a one-hot vector repre-
senting the n-th feature in x. In the case of non-categorical features,
we directly pass them through a neural network to obtain their
corresponding x;, values. Then, for the h-th head we have:

h h h
B = W) - W, ®)
where x; and x; are the i-th and j-th feature, W'.(h) s are trainable

weights, and ,Bl.(;') determines the correlation between x; and x;.
To get a general attention value for each user-item feature, we



InfoRank

subsequently normalize this value within the feature scope as:
h
exp(BiL” /1)
_ n
SN exp(By /1)

where 1 denotes the temperature. We jointly attend on the feature
scope from different representation subspaces to learn stably as

al.(jh) = softmax(ﬁi(;l)) = 9)

H-1N-1

w;i=0c|Wg- (% hZ:(:) ;} ai(]h) (ijC(h))) +bgq |, (10)

where H is the number of attention heads, and W., b. are trainable
parameters. We further integrate this rich information with the
attention vector w to obtain feature embedding p:

N-1
1
p=x ; w" - tanh(W), - @; +by). 11)
p is further fed into two separated MLP modules activated by a sig-
moid function without parameter sharing to obtain the estimation
of P(R=1]|0 = 0,X = x) and P(O = 1|X = x) respectively.

Remark. We use Egs. (8), (9), (10) and (11) to estimate both P(R =
1]0 = 0,X = x) and P(O = 1|X = x). The only distinction lies in
the input data: when predicting the former, the input comprises
the concatenation of the observation o and user-item features x,
whereas when predicting the latter, the input includes solely the
user-features x. Importantly, our approach does not require the
availability of raw observation data in practice, as we can generate
an estimated observation variable, denoted as 0, to substitute for
o0, where 0 = 1 when P(O = 1|X = x) > 0.5, and 0 = 0 other-
wise, as shown in Figure 2. In our experiments, all the observation
information is not given.

3.2.2  Estimating C. Given the distribution P(O = 1|X = x) and the
conditional distribution P(R = 1|0 = 0,X = x), we can compute
P(C = 1|X = x) using:

P(C=1X=x)=P(R=10=0,X=x)-P(O=1X =x), (12)

which can be derived by combining Egs. (2) and (6).

3.3 Conditional Mutual Information

As discussed in Section 2.2, it is essential to ensure that relevance es-
timations are conditionally independent of observation estimations.
This condition can be enforced through the regularization term of
conditional mutual information, as per the following proposition:

ProrosITION 3.1. Given that relevance, click, and observation
variables are binary (i.e, R,C,0 € {1,0}), for any user-item pair
with feature X, the following statements are equivalent:

o The relevance R and observation O are conditionally independent
given X. In other words, P(R,0|X) = P(R|X) - P(O|X). That is,
P(R|O =1,X) - P(R|O = 0,X) = 0.

o The conditional mutual information between relevance R and obser-
vation O (later defined in Eq. (13)) is zero, i.e., I (R;O|X) = 0.

o The conditional independence score ACI is zero.

Please refer to the proofin Appendix A.2. PROPOSITION 3.1 allows
InfoRank to minimize the conditional mutual information term 7
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to indirectly enforce the conditional independence between the
relevance and observation estimations.
I is defined as

I =1 (R;0|X) =Ex.p [T (R;OIX =x)], (13)
where

T (R;0|X =x)

=> P(ROIX=x) In PR OIX = x)
RO

P(RIX = x) - P(OIX = x)

(14)
P(R|O, X = x)

=ZP(R|O,X=x) “P(OIX =x)-In P(RIX=x)

R,O

Since both P(R|O, X = x) and P(O|X = x) can be obtained from
estimations described in Section 3.2, we can then derive P(R|X = x)
using;:

P(RIX = x) = ZP(R|O,X:x) -P(OIX = x). (15)
O

Hence, for any given user-item features x, we can calculate the
conditional mutual information according to Eqgs. (13) (14) and (15).

3.4 Optimization Functions

Figure 2 illustrates our joint optimization of both £ and 7. Re-
garding L, given that click signals are binary, we employ Binary
Cross Entropy (BCE) loss for click supervision. The BCE loss can
be formulated as:

L== 3 (c-logP(e) + (1) - log1 = PEx)). (1)

(c,x)eD

where ¢ denotes the prediction of each instance and P(¢|x) is com-
puted using Eq. (12), and c is the corresponding label of the instance.
In scenarios where observation information is accessible, a similar
loss can be readily constructed for observation supervision. As for
7, we have derived its regularization formulation in Eq. (13).

Combining both objective functions, our aim is to minimize
the log-likelihood of estimation while incorporating conditional
mutual information regularization across all the data samples. The
objective function is expressed as:

argmeinL+r7~I, (17)

where the hyper-parameter 5 balances the prediction loss and the
regularization and 0 denotes all trainable parameters in InfoRank.

3.5 Model Analysis

Unbiased Estimation. As discussed in Section 2.1, unbiased learning-
to-rank aims to estimate unbiased relevance r instead of biased click
¢, whose ideal risk function (denoted as ¥ (f)) can be directly de-
rived from 7 (f) (defined in Eq. (1)) by replacing ¢ with r.

We demonstrate that a ranker is considered unbiased if it fulfills
the condition in Eq. (4), as stated in the following proposition.

PROPOSITION 3.2. Assuming that a ranker satisfies Eq. (4), namely
P(RIO=1,X=x)—P(R|O=0,X =x) =0 holds and P(O|X = x)
is bounded away from zero for any data point in D, then the ranker
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Algorithm 1 InfoRank

INPUT: implicit feedback dataset D = {(x,c,0)};
OUTPUT: unbiased ranker fy with parameter 6

1: Initialize all parameters.

2: repeat

3. Randomly sample a batch 8 from D

4. for each data point (x, ¢, 0) in 8 do

5 Calculate P(R = 1|0 = 0,X = x) (and P(O = 1|X = x))

using Egs. (8), (9), and (11).

6 Compute P(C = 1|X = x) using Eq. (12).
7. end for

8:  Compute £ and I according to Egs. (16) and (13).
9:  Update 6 by minimizing Eq. (17).

10: until convergence

is unbiased, namely optimizing

=0 A(f(x).c)
Fh=2 d;) POX =) (18)

is equivalent to optimizing %(f)

Please refer to the proof in Appendix A.3. It is worth noticing
that Eq. (22) bears a resemblance to the risk function of inverse
propensity weighting (IPW), as described in Eq. (2) in [4]. How-
ever, our approach is more comprehensive because it accounts for
the influence of the observation factor to simultaneously address
position and popularity biases. In a mathematical form, if Eq. (4)
always holds, then our method based on Eq. (12) will simplify to
an IPW-based method based on Eq. (2).

Learning Algorithm. We provide the learning algorithm of In-
foRank in Algorithm 1. During training, we compute the overall
loss (i.e., Eq. (17)) and supervise our model with click (and ob-
servation) signals; while during inference, relevance estimations
P(R|X = x) (which corresponds to P(R|O = 0,X = x) in the paper)
are computed and the ranking list is generated in descending order
of relevance. This process is consistent with the conventional unbi-
ased learning-to-rank pipeline [4, 5, 22]. Additionally, although the
input data of Algorithm 1 is a set of tuples {(x, c, 0) }, InfoRank can
be adapted to data without any observation signal (i.e., {(x,c)}) by
replacing the label o from data with the estimation P(O|X = x).

Complexity Analysis. The main component of InfoRank is the
attention module, and its complexity analysis can be summarized
as follows. Let N denote the total number of user-item features,
and H denote the number of attention heads. Then the time com-
plexity of the attention model is O(NF;FoH + EF1H), where E is
the number of input feature pairs, and F; and F; are the numbers of
rows and columns of the attention matrix respectively. The overall
complexity of InfoRank is linear with respect to the number of
features and the number of feature pairs. The prediction network’s
time complexity is O(Catt), where Cay is the cost of one multi-head
attention operation.
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Figure 3: Average positions after re-ranking of items at each
normalized frequency (in the left subfigure); or at each orig-
inal position (in the right subfigure) by different debiasing
methods together with InfoRank and InfoRank™ on Yahoo.

4 EXPERIMENTS
4.1 Datasets and Experimental Setting

Data Description. We evaluate our methods against the strong
baselines over three widely adopted learning-to-rank datasets: Ya-
hoo search engine dataset, LETOR webpage ranking dataset$,
and Adressa recommender system dataset?.

Click Data Generation. In order to simulate the different user
browsing patterns and generate click data, the following process in
[4, 22, 24, 41] is followed. First, we train a Rank SVM model with
1% of training data that includes relevance labels. Second, we create
an initial ranked list for each query using the trained Rank SVM
model. Third, we simulate user browsing processes and sampling
clicks from the initial list. To ensure that InfoRank captures diverse
user browsing patterns, three simulation models are used, and each
of them corresponding to a specific browsing pattern: PBM [36],
UBM [15], and CCM [19].

We provide detailed descriptions of each dataset and each simu-
lation model in Appendix B.1 and B.2, and hyper-parameter setting
in Appendix B.3.

4.2 Baselines and Metrics

Baseline Description. Baselines are created by combining learning-
to-rank algorithms with state-of-the-art debiasing methods. We
perform comparisons against strong baselines with the debiasing
methods, introduced as follows. Randomization [27] is a ran-
domization technique to infer the observation probabilities. While
practical, we randomly shuffled the rank lists and then estimated
the position biases as in [4, 22]. Regression-EM [50] is a regression-
based expectation maximization (EM) method, where position bias
is directly estimated from regular production clicks. Dual Learning
[4] is a dual learning algorithm, which can jointly learn a debiasing
model and a ranker on click data. Ratio-Debiasing [22] is a pair-
wise unbiased learning-to-rank model based on inverse propensity
weight (IPW) [49]. We use Click Data to represent methods di-
rectly built on raw click data without debiasing to train the ranker,
whose performance is regarded as a lower bound. Labeled Data

*http://webscope.sandbox.yahoo.com
Shttps://www.microsoft.com/en-us/research/project/
letor-learning-rank-information-retrieval/
Thttp://reclab.idi.ntnu.no/dataset/
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Table 2: Comparison of different unbiased learning-to-rank methods on Yahoo Search Engine, LETOR Webpage Ranking, and
Adressa Recommender System datasets. UBM is used as a click generation model. * indicates p < 0.001 in significance tests
compared to the best baseline.

| Ranker | Debiasing Method | Yahoo (UBM) \ LETOR (UBM) \ Adressa (UBM) \
| | | MAP N@3 N@5 N@10| MAP N@3 N@5 N@10| MAP N@3 N@5 N@10 |
Labeled Data 856 755 760 795 695 381 468 563 821 714 727 754
InfoRank InfoRank (pebiasing) .845*  .736*  .739* 779" | .650* .380"  .460*  .541" | .801* .691* .715*  .739*
(Ranking) Regression-EM 837 683 692 731 634 374 442 535 794 673 706 731
Randomization 835 680 689 728 630 368 437 515 792 668 695 728
Click Data 823 670 678 720 622 356 428 489 782 648 677 707
Labeled Data 854 745 757 790 685 380 461 558 814 709 722 747
Ratio-Debiasing 832 712 722 755 631 365 421 506 791 669 702 730
LambdaMART Regression-EM 827 680 693 741 628 356 A11 490 785 650 681 711
Randomization 824 675 687 725 624 346 407 482 784 648 678 705
Click Data 814 666 673 712 614 339 396 473 779 635 664 694
Labeled Data 831 685 705 737 678 364 454 551 802 700 722 745
InfoRank (Debiasing) | .828 683 696 734 637 360 416 499 786 667 692 725
DNN Dual Learning 825 680 693 730 625 352 410 487 784 663 688 720
Regression-EM 823 676 689 726 618 347 400 479 779 656 675 713
Randomization 822 677 686 724 617 346 397 A77 777 644 664 701
Click Data 817 665 671 710 612 335 387 469 775 633 659 688

Table 3: Comparison of different unbiased learning-to-rank methods under PBM, CCM. Yahoo Search Engine data and LETOR
Webpage Ranking are used as click datasets. Results of Adressa Recommendation System follow similar trends, and are omitted
due for brevity. * indicates p < 0.001 in significance tests compared to the best baseline.

\ Renker \ Debiasing Method \ Yahoo (PBM) | Yahoo (CCM) | LETOR (PBM) | LETOR (CCM) \
\ \ | MAP N@5 N@10| MAP N@5 N@10| MAP N@5 N@10| MAP N@5 N@10 |
Labeled Data .856 .760 795 .856 .760 795 .695 468 .563 .695 468 .563
InfoRank InfoRank (pebiasing) .849* .732* 772* .846* 712* 758" .681* 457* .559* .658* .455% .539*
(Ranking) Regression-EM .841 715 .740 .822 .685 734 .675 453 .552 .652 .450 534
Randomization .840 704 736 817 .679 728 .671 .450 551 .649 .449 531
Click Data 831 .682 725 .808 .658 .710 .647 .445 .510 .640 .439 498
Labeled Data .854 757 .790 .854 757 .790 .685 461 .558 .685 461 .558
Ratio-Debiasing .836 728 764 .828 .691 738 .648 446 513 .644 .440 502
LambdaMART Regression-EM .830 .700 743 .816 .675 727 .636 436 .509 .634 431 .497
Randomization 827 .690 728 814 .673 722 .633 433 498 628 427 493
Click Data .820 672 716 .804 .653 .706 .630 424 494 .625 418 488
Labeled Data 831 .705 737 .831 .705 737 .678 454 .551 .678 454 551
InfoRank (Debiasing) .829 .703 736 .828 .692 735 .651 .446 .547 .650 444 531
DNN Dual Learning .828 697 734 .823 .681 731 .645 437 .528 .638 .430 525
Regression-EM .829 699 736 .819 .678 728 .635 426 .500 628 417 .490
Randomization .825 693 732 .816 .674 726 .630 419 495 .625 415 .487
Click Data .819 667 711 .801 .650 .705 .629 419 492 .621 .409 .480
represents methods where a ranker is trained directly on human- 0.20 Yahoo 0.20 LETOR
. . . == PEM mm PBM
annotated relevance labels without any bias, whose performance is UBM UBM
an upper bound. 0137 mm com 0157 mm ccm
There are certain learning-to-rank algorithms that can be com- S o010 S 010
bined with the above debiasing methods: DNN is a deep neural < =
network ranker as described in [4]. LambdaMART is a widely 0.05 0.05
used learning-to-rank algorithm as described in [6].
Let InfoRank denote ours, where InfoRank (Debiasing) denotes 0.00 = 0.00 -
InfoRank InfoRank InfoRank InfoRank

the proposed debiasing method based on the conditional mutual
information minimization and InfoRank (Ranking) denotes the pro-
posed attention-based learning-to-rank method. We introduce In-

foRank™ to denote the variant of InfoRank without the conditional the ACI metric. ) . i .
mutual information regularization Following the experimental settings in [22], we do not incor-

porate Ratio-Debiasing with DNN and Dual Learning with Lamb-
daMART, since DNN is originally designed for Dual Learning and

Figure 4: Comparison of InfoRank and InfoRank™ under
different click generation models and datasets in terms of
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Figure 5: Left: Average frequency of different item groups
recommended by InfoRank (Ranking) incorporated with In-
foRank (Debiasing) and Click Data on Adressa. Right: Per-
formance change of InfoRank with different regularization
weight 7 on Yahoo.

Ratio-Debiasing is typically designed based on LambdaMART. We
also evaluate the performance of incorporating InfoRank (Debi-
asing) into DNN by using DNN as our estimations instead of the
proposed attention network.

Evaluation Metrics. Evaluation metrics chosen for assessing per-
formance are NDCG at positions 3, 5, 10 (denoted as N@3, N@5,
N@10) and MAP at position 10 (denoted as MAP) as evaluation
metrics. Additionally, the paper introduces another evaluation met-
ric, denoted as ACI in Eq. (5) to measure the casual dependence
defined in Section 2.2.

4.3 Performance Comparison

We summarize the results regarding the ranking performance in
Table 2. The results of Ratio-Debiasing, Regression-EM and Dual
Learning are comparable with those reported in [22]. We show the
major findings as follows:

e Our model that combines InfoRank (Ranking) and InfoRank (De-
biasing) together achieves better performance than any combina-
tions of the existing state-of-the-art ranker and debiasing methods
(e.g., the combination of LambdaMART with Ratio-Debiasing, the
combination of DNN with Dual Learning) in terms of all measures,
which verifies the superiority of our framework.

e We find that although sophisticated ranking algorithms like In-
foRank (Ranking), LambdaMART and DNN can achieve good per-
formance on click data, they are sensitive to position bias when
comparing against the performance of debiasing methods, which
indicates the importance of unbiased learning-to-rank.

e When using the same ranker, InfoRank (Debiasing) consistently
outperforms other debiasing methods; and when under the same
debiasing method (e.g., Regression-EM, Randomization), InfoRank
(Ranking) could achieve the best performance.

4.4 Debiasing Analysis

Visualization Analysis of Popularity Bias. For popularity bias,
since there is no unique ID for each item, we first adopt the K-
means algorithm where item similarity is measured by Pearson’s
coefficient. We use the query number as the number of classes, and
regard items in the same class as the same item. We then study
the correlations between the item frequency and the position of
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re-ranking lists. As depicted in Figure 3(Left), the curve of click
data (in blue with mark “X”) is far from that of relevance labels
(in purple with mark ‘e’), indicating that directly using click data
without debiasing can be problematic. The curve of InfoRank (in
red with “m”) is the closest to the relevance label curve, indicating
that the performance enhancement of InfoRank is indeed, at least

partly, due to effective debiasing.

Visualization Analysis of Position Bias. For position bias, we
compare the ranking list given by the debiased ranker against the
initial one. Specifically, we first identify the items at each position
given by the initial ranker. Then we calculate the average positions
of items at each original position after re-ranking by various de-
biasing methods, combined with InfoRank. We also calculate the
their average positions after re-ranking by their relevance labels,
which is regarded as the ground-truth. Ideally the average positions
produced by the debiasing methods should be close to the average
position by relevance labels. Similar to the visualization analysis of
popularity bias, Figure 3(Right) shows that the curve of InfoRank
(in red with “w”) is the closest to the relevance label curve, revealing
that InfoRank could truly decline the effect of position bias.

Ablation Study on ACI Metric. We further conduct evaluations
under different simulators and datasets in terms of the ACI metric.
From results shown in Figure 4, we can see that InfoRank with
the conditional mutual information regularization works better
than InfoRank without it in terms of ACI metric. We also notice
that the regularization term shows weaker impact on PBM than
UBM and CCM. One explanation is that PBM directly assumes the
observation is solely determined by the position instead of user-
item feature, namely the observation is naturally independent of the
relevance. By contrast, given the formulation of UBM and CCM, the
observation is dependent on the click, and thus further is influenced
by user-item feature.

Ablation Study of Item Groups with Different Frequency.
We follow [51] to further investigate whether InfoRank alleviates
the popularity bias issue. Table 2 shows InfoRank (Debiasing) sig-
nificantly outperforms Click Data, and Figure 5(Left) shows the
recommendation frequency of popular items is reduced. It means
that the models trained by Click Data are prone to recommend
more popular items to unrelated users due to popularity bias. In
contrast, InfoRank (Debiasing) reduces the item’s direct effect and
recommends popular items mainly to suitable users.

Hyperparameter Study of 7. To evaluate how the weight of the
regularization 5 influences the performance of InfoRank, we setn =
0.0,0.2,0.5, 1.0 and test the performance on Yahoo. Results depicted
in Figure 5(Right) imply that the proposed mutual information
minimization can enhance the ranking performance.

4.5 Robustness Analysis

Generalizability to Different Click Generations. To test the
generalizability of InfoRank, we use three different click genera-
tion models to generate data and conduct comparison experiments
against the baselines on these data. Each click model simulates a
certain user browsing pattern. InfoRank has strong performance
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Figure 6: Performance of InfoRank against click data with
different degrees of position bias on Yahoo.

on data generated with UBM (as shown in Table 2), and also out-
performs baselines on the data generated from PBM and CCM (as
shown in Table 3), which shows that the idea of InfoRank is general
to various user patterns.

Different Degrees of Position Bias. In the above experiments,
we only test the performance of InfoRank and InfoRank™ with click
data generated from click models with a given degree of position
bias, i.e., Y1 = 0.5 in CCM and r = 1 in PBM. Here, y; and ©
influence the probability of a user examining the next result. Smaller
1 and larger 7 indicate a smaller probability to continue reading,
which means a more severe position bias. Therefore, we set the
hyper-parameters for each click generation model to five values
and examine whether InfoRank is still equally effective. The left
and right subfigures of Figure 6 show the NDCG@10 results as
the degree of position bias increases; the results in terms of other
measures follow similar trends. When 7 in PBM is 0, there is no
position bias; while y; in CCM is 1, there still exists position bias
from v and 3. As we add more position bias, i.e., as 7 increases
and y; decreases, the performance of all the debiasing methods
decreases dramatically. One can see that under all these settings,
InfoRank is less affected by position bias and consistently maintains
the best results.

We include a robustness analysis for varying amounts of training
data in Appendix C and we also assess the feasibility of deployment
in Appendix D.

5 CONCLUSION AND FUTURE WORK

In this paper, we propose a novel unbiased learning-to-rank frame-
work named InfoRank. Our fundamental insight is to consolidate
various biases into a unified observation factor, allowing us to learn
a precise ranker while effectively mitigating position and popular-
ity biases. For future endeavors, it would be intriguing to extend
the applicability of InfoRank to address additional ranking biases.

WWW’24, May 13 - 17, 2024, Singapore



WWW’24, May 13 - 17, 2024, Singapore Jiarui Jin et al.

REFERENCES [30

Dan Luo, Lixin Zou, Qingyao Ai, Zhiyu Chen, Chenliang Li, Dawei Yin, and

(1]
(2]
(3]

Himan Abdollahpouri, Robin Burke, and Bamshad Mobasher. 2017. Controlling
popularity bias in learning-to-rank recommendation. In RecSys.

Aman Agarwal, Kenta Takatsu, Ivan Zaitsev, and Thorsten Joachims. 2019. A
general framework for counterfactual learning-to-rank. In SIGIR.

Aman Agarwal, Ivan Zaitsev, Xuanhui Wang, Cheng Li, Marc Najork, and
Thorsten Joachims. 2019. Estimating position bias without intrusive interventions.
In WSDM.

Qingyao Ai, Keping Bi, Cheng Luo, Jiafeng Guo, and W Bruce Croft. 2018. Unbi-
ased learning to rank with unbiased propensity estimation. In SIGIR.

Qingyao Ai, Jiaxin Mao, Yiqun Liu, and W Bruce Croft. 2018. Unbiased learning
to rank: Theory and practice. In CIKM.

Christopher JC Burges. 2010. From ranknet to lambdarank to lambdamart: An
overview. Learning (2010).

Abhijnan Chakraborty, Gourab K Patro, Niloy Ganguly, Krishna P Gummadi, and
Patrick Loiseau. 2019. Equality of voice: Towards fair representation in crowd-
sourced top-k recommendations. In Proceedings of the Conference on Fairness,
Accountability, and Transparency.

Brian D Davison. 2023. Unconfounded Propensity Estimation for Unbiased
Ranking. arXiv preprint arXiv:2305.09918 (2023).

Harrie Oosterhuis and Maarten de Rijke. 2021. Unifying Online and Counterfac-
tual Learning to Rank: A Novel Counterfactual Estimator that Effectively Utilizes
Online Interventions. In WSDM.

Judea Pearl et al. 2000. Models, reasoning and inference. Cambridge, UK: Cam-
bridgeUniversityPress 19, 2 (2000), 3.

Tao Qin, Tie-Yan Liu, Jun Xu, and Hang Li. 2010. LETOR: A benchmark collection
for research on learning to rank for information retrieval. Information Retrieval
(2010).

Yanru Qu, Han Cai, Kan Ren, Weinan Zhang, Yong Yu, Ying Wen, and Jun Wang.
2016. Product-based neural networks for user response prediction. In ICDM.
Steffen Rendle. 2010. Factorization machines. In ICDM.

Matthew Richardson, Ewa Dominowska, and Robert Ragno. 2007. Predicting
clicks: estimating the click-through rate for new ads. In WWW.

Paul R Rosenbaum and Donald B Rubin. 1983. The central role of the propensity
score in observational studies for causal effects. Biometrika (1983).

Masahiro Sato, Sho Takemori, Janmajay Singh, and Tomoko Ohkuma. 2020.

[8] Olivier Chapelle and Yi Chang. 2011. Yahoo! learning to rank challenge overview. ¢ g h )
In Proceedings of the learning to rank challenge. Unbiased learning for the causal effect of recommendation. In Proceedings of the
[9] Olivier Chapelle and Ya Zhang. 2009. A dynamic bayesian network click model Ilf”h ACM Conference on Rectamrr'zender Systems. 378-387.
for web search ranking. In WWW. Ying Shan, T Ryan Hoens, Jian Jiao, Haijing Wang, Dong Yu, and JC Mao. 2016.
[10] Jiawei Chen, Hande Dong, Feng Wang, Xiang, Wang Fuli, He Meng, and Xiangnan. Deep crossing: Web-scale modeling without manually crafted combinatorial
2020. Bias and Debias in Recommender System: A Survey and Future Directions. fegtures. In KDD. X X X
arXiv preprint (2020). Xiaoyuan Su and Taghi M Khoshgoftaar. 2009. A survey of collaborative filtering
[11] Heng-Tze Cheng, Levent Koc, Jeremiah Harmsen, Tal Shaked, Tushar Chandra, techniques. Advances in art'lﬁ cial mtflllgence 2009 (2009). . )
Hrishi Aradhye, Glen Anderson, Greg Corrado, Wei Chai, Mustafa Ispir, et al. Anh Tran, 'I"ao Yang, and Qingyao Ai. 2021. ULTRA: An Unbiased Learning To
2016. Wide & deep learning for recommender systems. In DLRS. Rank Algorithm Toolbox. In CIKM. N
[12] Konstantina Christakopoulou, Madeleine Traverse, Trevor Potter, Emma Marriott, A_Shwh Vaswani, Noam Sha;eer, Niki Parmar, Jak‘?b Uszkoreit, Lh(?n ]fmes,
Daniel Li, Chris Haulk, Ed H Chi, and Minmin Chen. 2020. Deconfounding user Aidan N Gomez, Lukasz Kaiser, and Illia Polosukhin. 2017. Attention is all
satisfaction estimation from response rate bias. In Proceedings of the 14th ACM you need:vIn N e,urIP S . i
Conference on Recommender Systems. 450~455. ] Petar Velickovi¢, Guillem Cucurull, Arantxa Casanova, Adriana Romero, Pietro
[13] Paul Covington, Jay Adams, and Emre Sargin. 2016. Deep neural networks for Lio, and Yoshua Benglo' 2018. Graph attention getworks. {CLR (2018). .
youtube recommendations. In RecSys. Chao Wang, Yiqun Liu, Meng Wang, Ke Zhou, Jian-yun Nie, and Shaoping Ma.
[14] Nick Craswell, Onno Zoeter, Michael Taylor, and Bill Ramsey. 2008. An experi- 2015. Il'ucorporatmg non-s'equentlal. behav'lor into click fnodel& In SIGIR.
mental comparison of click position-bias models. In WSDM. 1 Hongmr%g Wang, ChengXlang Zhai, Anlei Dong, and Yi Chang. 2013. Content-
[15] Georges E Dupret and Benjamin Piwowarski. 2008. A user browsing model to aware click mpdelmg. In‘ Www. i i
predict search engine click data from past observations.. In SIGIR. Jun Wang, Arjen P De Vries, an§ MarcelA]T Reinders. 2006. A user-item relevance
[16] Michael D Ekstrand, Mucun Tian, Ion Madrazo Azpiazu, Jennifer D Ekstrand, model for log-based _collaboratlve ﬁltern?g. In ECIR. . .
Oghenemaro Anuyah, David McNeill, and Maria Soledad Pera. 2018. All the Nan Wgng, Xuanhux Wa}ng, anfi Hongning Wang. 2020. Unbiased Learning to
cool kids, how do they fit in?: Popularity and demographic biases in recom- Rank' via Propen51'ty Ratio Scormg. In SIG{R'
mender evaluation and effectiveness. In Conference on Fairness, Accountability Wenjie Wang, Fuli Feng, Xiangnan He, Xiang Wang, and Tat-Seng Chua. 2021.
and Transparency. Deconfounded recommendation for alleviating bias amplification. In Proceedings
[17] Zhichong Fang, Aman Agarwal, and Thorsten Joachims. 2019. Intervention of the 27th ACM SIGKDD Conference on Knowledge Discovery & Data Mining.
harvesting for context-dependent examination-bias estimation. In SIGIR. 1717_17?5' i i
[18] Jon Atle Gulla, Lemei Zhang, Peng Liu, Ozlem OZgébek, and Xiaomeng Su. 2017. ] Xuan}?ul Wang, M{chael Beflderskyt Donald Metzler, and Marc Najork. 2016.
The Adressa dataset for news recommendation. In Proceedings of the international Leammg to rank with SEleCthnAblaSl in personal search. In SIGIR.
conference on web intelligence. ] Xuanhui Wang, Nadav Golbandi, Michael Bendersky, Donald Metzler, and Marc
[19] Fan Guo, Chao Liu, Anitha Kannan, Tom Minka, Michael Taylor, Yi-Min Wang Najork. 2018. Position bias estimation for unbiased learning to rank in personal
and Christos Faloutsos. 2009. Click chain model in web search. In WWW. segrch In WSD M i X L § § R
[20] Priyanka Gupta, Ankit Sharma, Pankaj Malhotra, Lovekesh Vig, and Gautam ] Tianxin Wei, Fuli Feng, Jiawei Chen, lee} Wu, ]mfepg Y,l’ and Xlar}gna.xl He.
Shroff. 2021. Causer: Causal session-based recommendations for handling popu- 2021. Model-agnostic counterfactual reasoning for eliminating popularity bias in
larity bias. In Proceedings of the 30th ACM International Conference on Information recommender s.ystemA In I_(DD‘ . .
& Knowledge Management. 3048-3052. ] Le Yan, Zhen Qin, Honglei Zhuang, Xuanhui Wang, Mike Bendersky, and Marc
[21] Katja Hofmann, Anne Schuth, Alejandro Bellogin, and Maarten De Rijke. 2014. N'ajork.' 20?2' l?evisiting two tower models for unbiased l'earning t(? rank. (2022).
Effects of position bias on click-based recommender evaluation. In ECIR. ] Xing Yi, L}angjle H°“$v Erheng Zhongj Ngnthan Nan Liu, and Suju Rajan. 2014.
[22] Ziniu Hu, Yang Wang, Qu Peng, and Hang Li. 2019. Unbiased LambdaMART: An Beyond clicks: dwell time for personahzgtmq. In Rchy 5 .
unbiased pairwise learning-to-rank algorithm. In WWW. ] Y?mg Zhang, Fuli Feng, Xiangnan He, le'anxm We}, Chonggang SOng, Guohul
[23] Rolf Jagerman, Harrie Oosterhuis, and Maarten de Rijke. 2019. To model or to leg,.and Yongdong Z'hang 2021. CaL}sal intervention for level_ragmg popularity
intervene: A comparison of counterfactual and online learning to rank from user bias in recommendation. In P roceedmgs.of the 44th Interm'ztlanal ACM SIGIR
interactions. In SIGIR. Conference on Research and Development in Information Retrieval. 11-20.
[24] Jiarui Jin, Yuchen Fang, Weinan Zhang, Kan Ren, Guorui Zhou, Jian Xu, Yong Yu, ] Zhe Zhao, Lichan Hong, Li Wei, Jilin Chen, Aniruddh Nath, Shawn Andrews,

Jun Wang, Xiaogiang Zhu, and Kun Gai. 2020. A Deep Recurrent Survival Model
for Unbiased Ranking. In SIGIR.

Aditee Kumthekar, Maheswaran Sathiamoorthy, Xinyang Yi, and Ed Chi. 2019.
Recommending what video to watch next: a multitask ranking system. In RecSys.

[25] Thorsten Joachims, Laura Granka, Bing Pan, Helene Hembrooke, and Geri Gay. Guorui thu, Xlanlfmg Zhu, Chemu Song, Y“{g Fan, Han Zhu, Xiao Ma, Yanghui
2017. Accurately interpreting clickthrough data as implicit feedback. In SIGIR. Yan, Jungi Jin, Han Li, and Kun Gai. 2018. Deep interest network for click-through
[26] Thorsten Joachims, Laura A Granka, Bing Pan, Helene Hembrooke, and Geri Gay. rgte Predlctmn. In KD. D . . o
2005. Accurately interpreting clickthrough data as implicit feedback. In SIGIR. 1 Ziwei Z_hu, Yun He, Xln'g Zhao, and James Caverlee. 2021. Popularity Bias in
[27] Thorsten Joachims, Adith Swaminathan, and Tobias Schnabel. 2017. Unbiased Dynamic Recommendation. (2021).
learning-to-rank with biased feedback. In WSDM.
[28] Toshihiro Kamishima, Shotaro Akaho, Hideki Asoh, and Jun Sakuma. 2014. Cor-
recting Popularity Bias by Enhancing Recommendation Neutrality.. In RecSys
Posters.
[29] Adit Krishnan, Ashish Sharma, Aravind Sankar, and Hari Sundaram. 2018. An

adversarial approach to improve long-tail performance in neural collaborative
filtering. In CIKM.



InfoRank

APPENDIX

A PROOFS AND DEVIATIONS

A.1 Detailed Deviation of Eq. (7)
We begin by extending Eq. (2) to:

P(C ={c=1}4X) = P(R ={r = 1}4|X) - P(O = {o = 1}4/X),
(19)
which means that given the feature of an item d, then its previous
clicks (i.e., {c¢ = 1}4) only occur when d is both relevant {r = 1}4
and observed (i.e., {o = 1}4) by users.

(1) P(CIR, X)P(R|X)
P(R|C,X) = PCIX)

(2) P(O|R,X) P(R|R,X)P(R|X)

~POOIX)  P(RIX)

(3) P(OIR X)P(R|X)

~ P(OIX)P(RIX)

@) P(RIO,X)

~ P(RIX)
where for simplicity, we use C, O, and R to denote C = {c = 1}4,
O ={o0=1}4 and R = {r = 1}4. Easy to see there are four steps in
the above equation, where steps 1,3,4 use Bayes’ theorem and step
2 uses Eq. (19). C, O, R are random variables whose meanings are
extended but different from C, O, R.

The instance of C, O, R is the corresponding value c, o, r (from
user u) for each data point d, while the instance of C, O, R is a set of
previous c, o, r associated with d, denoted as {c}4, {0}4, {r}4. Since
variables C, O, R are expressed in different representation spaces
from C, O, R, it is not practical to directly enforce the independence
of O and R conditioned on X. However, it is observed that O and
O exhibit a strong correlation since they both represent user ob-
servations. As a result, reinforcing the independence of O and R
conditioned on X can approximate the ratio P(R|O, X)/P(R|X) to
be close to 1. The variables R and R exist in different representa-
tion spaces but represent the same factor, i.e., relevance. Therefore,
P(R|R, X) indicates the inductive ability of the ranker, which corre-
sponds to the process of learning from historical relevance values
R to predict the current relevance value R.

(20)
P(RIR,X)

P(R|R,X),

A.2 Proof of Proposition 3.1

ProrosIiTION A.1. Given that relevance, click, and observation
variables are binary (i.e., R, C, O € {1,0}), for any user-item pair with
feature X, the following statements are equivalent:

1 The relevance R and observation O are conditionally independent
given X. In other words, P(R,0|X) = P(R|X) - P(O|X). That is,
P(R|IO=1,X)-P(RIO=0,X) =0.

2 The conditional mutual information between relevance R and obser-
vation O (later defined in Eq. (13)) is zero, i.e., I (R;O|X) = 0.

3 The conditional independence score ACI is zero.

Proor. By combining Egs. (4) and (5), it is trivial to conclude
that statements 1 and 3 are equivalent.

Here, we further prove that statements 1 and 2 are equivalent.
According to Eq. (14), statement 2 implies P(R|O = 1,X) = P(R|O =
0, X). Given that O € {0, 1}, we can derive that P(R|O, X) = P(R|O =
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0, X) which holds for all 0 € {0, 1}. Hence, we have:
P(RIX) = " P(RIO,X) - P(O|X)
o

=P(R|O = 0, X) - Zp(op() (21)
O

=P(R|0, X),

from which we can further derive: P(R, O|X) = P(R|O, X)-P(0O|X) =
P(R|X) - P(O|X). From the analysis above, we can derive statement
1 from statement 2. Also, we can obtain statement 2 from statement
1 in a similar way. O

A.3 Proof of Proposition 3.2

PROPOSITION A.2. Assuming that a ranker satisfies Eq. (4), namely
P(RIO=1,X=x) - P(R|O=0,X =x) =0 holds and P(O|X = x)
is bounded away from zero for any data point in D, then the ranker
is unbiased, namely optimizing

= o A(f(x).0)
F() -Zu]d;) O = (22)

is equivalent to optimizing %(f)

Proor. We can obtain the formulation of the risk function of
unbiased ranker from Eq. (1) as

F() = / /d |, AU dPG), (23)

However, '7?( f) cannot be computed directly, and is typically esti-
mated via the following empirical risk function:

F(f == > S AL, (24)
|D| u dedD,

where A denotes a point-wise loss function. According to Eq. (12),
we can derive that

BT () =B A2

P(OX = x)
Z o0- A(f(x) r’) )
P(O|X = x)
A(f(x),r') (25)
_Z (Blo )P(O|X x))
B A(f(x) r’)
Z P(OIX = x) P(O|X = x)))

= D AF ) = F (),

where we omit ﬁ since it is a constant and use ) to denote

2u 2de D, for convenience.

Here, r in Eq. (24) is estimated with P(R|X = x), while r’ in
Eq. (25) is estimated with P(R|O = 0,X = x). Since the ranker
satisfies Eq. (4), according to Eq. (6) we have:

P(RIX = x) = P(R|O = 0,X = x). (26)

So optimizing "' (f) is equivalent to optimizing F”’(f), implying
InfoRank is an unbiased estimator.
Note that we here share some equations with [27]. O
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B EXPERIMENTAL CONFIGURATION
B.1 Dataset Description

We evaluate our methods against the strong baselines over three
widely adopted learning-to-rank datasets.

e Yahoo search engine dataset is one of the largest benchmark
datasets widely used in unbiased learning-to-rank [5, 22, 24].
It consists of 29,921 queries and 710k documents. Each query-
document pair is represented by a 700-dimensional feature vector
manually assigned with a label denoting relevance at 5 levels [8].

e LETOR webpage ranking dataset is a package of benchmark
datasets for research on LEarning TO Rank, which uses the Gov2
web page collection and two query sets from the Million Query
track of TREC2007 and TREC2008. We conduct experiments on
MQ?2007, one of two datsets for supervised learning-to-rank tasks
in LETOR. MQ2007 contains 2,476 queries and 85K documents.
Each query-document pair is represented by a 46-dimensional
feature vector with a manually assigned 3-level label [33].

o Adressa recommender system dataset is a news dataset that in-
cludes news articles in connection with anonymized users, where
we can regard user and item information as query and document
features respectively. Similar approaches can be found in [24, 46].
It contains 2,287K historical logs of 561,733 users and 11,207 arti-
cles. Each query-document pair is represented with several con-
textual attributes, such as title and category [18]. Following [7],
we first calculate the normalized reading time nv,, 4 with respect
to both users’ reading habits and the length of different articles:

v
noy, g = . (27)
Hd
where vy, 4 is the time user u spent reading article d, and 14 is the
average reading time for article d. Then we convert all nv,, 4 to

binary relevance by mapping the top 20% to 1 and the rest to 0.

Let y represent the relevance level in each dataset, then y € {0, 1}
for Adressa Recommender system dataset, y € {0, 1, 2} for LETOR
webpage ranking dataset, and y € {0, 1,2,3,4} for Yahoo search
engine dataset. Following [4, 22], we transform the relevance into a
binary space by assigning a threshold on the probability of relevance
P(r = 1) which is calculated by

Pr=t)=ct(1-e) 1
r= =€ —€) -
2Ymax — 1

: (28)
where € denotes click noise and is set to 0.1 by default.

For all datasets, we remove sequences whose relevance is all
0. We also remove extremely long sequences, namely those that

contain more than 50 events.

B.2 Click Data Generation

In order to generate the click data from the relevance data, we em-
ploy the following three click generators, each of which is designed
for a certain user browsing patterns.

e PBM [36] simulates user browsing behavior based on the assump-
tion that the bias of an item only depends on its position, which
can be formulated as P(0;) = p;, where p; represents position
bias at position i and 7 € [0, +00] is a parameter controlling the
degree of position bias. The position bias p; is obtained from an
eye-tracking experiment in [26] and the parameter 7 is set as 1 by
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Figure 7: Performance of InfoRank and InfoRank™ against
click data with different amounts of training data on Yahoo.

default. It also assumes that a user decides to click a document d;
according to the probability P(c;) = P(0;) - P(r;).

e UBM [15] is an extension of the PBM model that has some el-

ements of the cascade model. The examination probability de-
pends not only on the rank of an item d; but also on the rank of
the previously clicked document dj» as P(o; = 1|ciy = 1,cir41 =
0,...,ci—1 = 0) =yo. Similarly, we get yo from the eye-tracking
experiments in [15, 26]. The click probability is determined by
P(ci) = P(oi) - P(ri).

e CCM [19]is a cascade model, which assumes that the user browses

search results in a sequential order from top to bottom. User
browsing behavior is conditioned on both current and past doc-
uments, as P(¢; = 1lo; = 0) = 0, P(¢c; = 1]o; = 1,r;) = P(ri),
P(oi+1 = 1lo; = 0) = 0, P(ojs1 = 1lo; = Lc; = 0) = vy,
P(oiy1 = 1lo; = 1L,¢; = 1L,r;) = y2 - (1 = P(ry)) +v3 - P(ry).
The parameters are obtained from an experiment in [19] with
Y2 = 0.10 and y3 = 0.04 for navigational queries (Yahoo and
LETOR datasets); Y2 = 0.40 and y3 = 0.27 for informational
queries (Adressa dataset). y1 is set to 0.5 by default.

B.3 Hyperparameter Setting

Our experiments were implemented with Tensorflow. From the
baseline methods, we directly use their defacult hyper-parameters.
For InfoRank, we set the learning rate as 0.001, batch size as 128,
batch normalization decay as 0.9, the weight of & as 0.01, L2 regu-
larization weight as 0.01, and optimize with Adam. In the main ex-
periment, we set 17 as 0.5. All the models are trained under the same
hardware settings with 16-Core AMD Ryzen 9 5950X (2.194GHZ),
62.78GB RAM, NVIDIA GeForce RTX 3080 cards.

C ADDITIONAL EXPERIMENTAL RESULTS

Different Amounts of Training Data. We study the robustness
of InfoRank with or without the conditional mutual information
regularization, denoted as InfoRank or InfoRank™, under different
amounts of training data on Yahoo. We first randomly select a sub-
set of training data (i.e., 20% - 100%) to generate click data, and
then use these datasets to train InfoRank with different debiasing
methods. For fair comparisons, we use the same data for evaluation
across all experiments. As shown in Figure 7, when the amount of
training data decreases, the improvements obtained by the debias-
ing methods also decrease. The reason could be that the position
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Figure 8: Online unbiased learning-to-rank system with the proposed InfoRank model. The new system plugins the proposed
conditional mutual information regularization in the industrial pipeline described in [55].

bias estimated from insufficient training data is not accurate, which
can hurt the performance of debiasing methods.

D DEPLOYMENT FEASIBILITY

We are actively pursuing an opportunity to deploy InfoRank in the
operational schedule of daily item recommendation platform within
a mainstream e-commerce company. In this context, we would like
to discuss the feasibility of InfoRank’s industrial deployment.

The transition from the current unbiased learning-to-rank model
pipeline to InfoRank involves some key considerations. The main
change brought about by InfoRank is the computation and mini-
mization of conditional mutual information. To update the model
pipeline to InfoRank, we would need to incorporate an estimator
for observation in addition to the relevance estimator and perform
the computation of conditional mutual information. Fortunately,
many existing unbiased search engines (e.g., [55]) have already
implemented a shadow tower to model the influence of ranking
biases, especially position bias. In most cases, this shadow tower is
responsible for generating observation estimations, as position sig-
nificantly affects the observation of an item. Therefore, to integrate
the proposed conditional mutual information minimization into the
pipeline, we only need to adapt their regularization term to ours,
as outlined in Eq. (13). This modification mainly involves switch-
ing from the existing “regularization” term (shown in the black
box in Figure 8) to our proposed “conditional mutual information
regularization” term (shown in the red box in Figure 8).

Efficiency is another essential concern in industrial applications.
We have conducted an analysis of the time complexity of InfoRank
in Section 3.5. Importantly, adding the new regularization term has
minimal impact on computational cost. Consequently, the overall
increase in computational load is mostly attributable to Eq. (13),
resulting in only a slight additional cost in terms of complexity and
almost no discernible effect on system performance.

Moreover, it is important to mention that InfoRank, following
a two-tower architecture, can not be reduced to a single-tower
architecture, even with accessible observation information. This

architectural choice is made to introduce inductive biases to en-
able more efficient use of limited observational logs and improve
generalization.

E ADDITIONAL RELATED WORK

In Section 2.3, we can summarize the difference between our method
and IPW-based debiasing methods. Recently, casual-aware methods
have thrived in analyzing the root causes of bias problems [12, 20, 30,
38, 48, 54] and applying backdoor adjustment [32] during training
or inference to address the bias problems. For example, Zhang et al.
[54] identifies popularity as a confounder that affects both item
exposures and user clicks. However, the key objective of our paper
is not to discover confounders between the recommended items
and corresponding user feedback. Instead, we directly estimate
relevance and observation factors to formulate their relationship
and enhance the independence between observation and relevance
estimations.
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