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Abstract
Off-policy evaluation (OPE) estimates the performance of new rec-
ommendation policies using logged data, thus enabling fast, safe
and inexpensive iteration prior to costly A/B tests. To evaluate
ranking policies, existing OPE estimators all make structural as-
sumptions about user behavior, leading to a spectrum of trade-offs
between bias and variance. The recently proposed INTERPOL es-
timator navigates these trade-offs through a window system that
defines how clicks at different positions are combined. However,
this approach has two key limitations: the window configuration
must be specified a priori, which can impede practical use, and all
positions within a window are weighted uniformly, regardless of
their relative utility, potentially limiting accuracy. To address these
gaps, we introduce Generalized PBM (GPBM), an estimator that
learns position-specific weights by minimizing an approximate up-
per bound on the estimation error. GPBM retains the unbiasedness
guarantees of INTERPOL while significantly simplifying its hy-
perparameter selection. Our experiments demonstrate that GPBM
provides more accurate and robust estimates across a wide range of
position bias misestimation levels, logging policies, and data sizes.
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1 Introduction
A key requirement for industrial recommender systems is the ability
to evaluate new policies prior to A/B testing, yet online evaluation
is costly and carries the risk of exposing users to suboptimal experi-
ences [27]. Off-policy evaluation (OPE) addresses this by estimating
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Figure 1: Comparison of ranking estimators. Connection
opacity represents the strength of the contribution of clicks
across positions in the logged data towards predicting the
clicks across each position under the target policy.

how a new target policy would perform using only historical in-
teractions collected under an existing logging policy [7, 46]. This
enables rapid iteration and selection of candidate policies before
committing resources to online experiments [44]. Like all estima-
tion, OPE must navigate a trade-off between bias—how accurately
the estimate captures the statistic of interest—and variance (the
estimator’s variability caused by randomness). For ranking applica-
tions, the bias is influenced by positional effects: items at higher
positions generally receive more interactions than those at lower
positions, irrespective of their relevance to the user [22].

Many OPE estimators counteract bias using inverse propensity
scoring (IPS), an importance weighting technique which corrects
the distribution of interactions based on their relative observation
probability under the logging and target policies [7]. Yet applying
IPS to ranking applications is challenging: as ranking length in-
creases, these probabilities become vanishingly small, leading to
high-variance estimates that are sensitive to noise [25]. To reduce
variance, ranking OPE estimators typically assume that user be-
havior follows a particular click model [11]. The two most widely
adopted are the item-position model (IPM) [28], which assumes
clicks at different positions are mutually independent, and the
position-based model (PBM) [37], which further assumes that click
probabilities decompose into item-specific relevance and position-
specific examination components. These additional assumptions
allow PBM to achieve lower-variance estimates, but may intro-
duce significant bias when misspecified; conversely, IPM’s weaker
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assumptions result in lower bias at the cost of higher variance.
The recently proposed INTERPOL estimator [8] seeks a middle
ground by applying PBM only within windows around each posi-
tion, achieving lower mean squared error (MSE) than either IPM or
PBM with appropriately defined windows. The flexibility of INTER-
POL’s window formalism actually generalizes the IPM and PBM,
with these click models sitting at opposite extremes of a spectrum
of bias-variance trade-offs.

In spite of its flexibility, the window formalism has one key lim-
itation: it treats all positions within a window as being equally
important. We argue that this uniform weighting can lead to sub-
optimal performance when the true positional dependencies are
dataset-specific or do not match the chosen window system. We
address these limitations by proposing Generalized PBM (GPBM),
a new ranking OPE estimator that learns position-specific weights
from data, rather than assuming fixed patterns. GPBM subsumes
IPM, PBM, and INTERPOL as special cases while enabling more flex-
ible modeling of positional dependencies. Our data-driven weight
learning method relies on highly interpretable and robust hyper-
parameters, and our experiments demonstrate consistent improve-
ments over existing methods without significant computational
overhead.

We release all experimental details, along with the implemen-
tation source code and supplemental appendices, to ensure the
reproducibility of our findings.1

2 Related Work
OPE is a general framework to estimate the performance of a new
policy using logged data from users interacting with a different
policy [7, 44, 46]. Central to most OPE estimators is a form of
importance weighting known as IPS [19, 23], which re-weights
logged rewards by a ratio of observation probabilities induced by
the target and logging policies. This enables unbiased estimation of
the target policy’s expected utility (a.k.a. reward) without actually
deploying it. Since it is relatively fast and inexpensive, and does not
expose users to potentially suboptimal experiences, OPE is often
used as a precursor to the more costly A/B testing [13, 16, 50].

The challenge with IPS is that it often suffers from high variance,
particularly when the logging policy assigns low probabilities to
actions favored by the target policy, or when logged data is lim-
ited [3, 12, 37, 48]. There are several common methods to reduce
variance. Clipping (a.k.a. truncation) [3, 29] bounds IPS weights to
a fixed range, thus reducing the effect of excessively high weights,
at the cost of introducing bias. Self-normalized IPS (SNIPS) [30, 48]
leverages multiplicative control variates to reduce variance, which
introduces finite-sample bias, but is asymptotically unbiased. Simi-
larly, doubly robust (DR) methods [12, 25, 36] use additive control
variates from a learned reward model, which reduces variance when
the model is accurate, but potentially exacerbates it otherwise.

As there are many variance reduction techniques, each with
their own bias-variance trade-off, recent work has focused on es-
timator selection and ensembling. SLOPE [47] is a procedure for
selecting the lowest-variance estimator that is plausibly unbiased,
relying on an assumption that base estimators can be ordered by
monotonically decreasing variance and increasing bias (such as

1https://github.com/amazon-science/gpbm

clipped IPS). PAS-IF [49] is another estimator selection procedure
that sub-samples data to estimate MSE, avoiding any monotonicity
assumptions. Ensembling methods combine multiple base estima-
tors to form a single estimate with better bias-variance properties.
BLUE [21] learns an optimal linear combination of estimators—
which, under an unbiasedness assumption and with sufficient data,
is guaranteed to perform at least as well as the best individual esti-
mator. Similarly, OPERA [33] learns an optimal linear combination
of estimators using bootstrapping to estimate base estimator MSE.
All of these variance reduction and estimator selection techniques
are complementary to our work and may be combined with it to
further improve performance.

The variance problem is especially acute in ranking settings,
where the probability of an entire ranking (i.e., an ordered selection
of multiple items) can be extremely small, leading to arbitrarily
large importance weights [25]. The above mitigations are usually
insufficient, so they are typically combined with structural assump-
tions about user behavior—so-called click models [11]. A relatively
mild assumption is that clicks at different positions within the same
ranking are mutually independent—known as the IPM [28]—which
yields an estimator with slight variance reduction (compared to
“naive” IPS), but still relatively high variance. PBM [37] builds on
IPM by further assuming that click probabilities factor into a prod-
uct of item-specific relevance and position-specific examination
probability (a.k.a. position bias). This further reduces variance but
may introduce bias when the decomposition assumption is violated
or the position bias curve is misspecified. Position bias estimation is
a known challenge, as intervention-based methods may excessively
harm the user experience [1, 14, 23], while offline methods often
fail to provide sufficiently accurate estimates [2, 4, 10, 20, 42].

IPM and PBM can be viewed as opposite ends of a spectrum
of bias-variance trade-offs. The INTERPOL estimator [8] seeks to
find a middle ground between these extremes by combining IPM
and PBM weighting. When appropriately configured, INTERPOL
can achieve lower MSE than either click model, even when the
position bias curve is misspecified. However, INTERPOL has two
key limitations: it introduces hyperparameters that strongly dictate
how the click models are combined, and it combines them using a
uniform weighting that ignores inter-positional dependencies. (We
discuss this in greater detail in Section 3.) Our estimator, GPBM, ad-
dresses these limitations by learning position-specific weights from
data, only relying on a single hyperparameter vector that, as we
later demonstrate, does not require careful tuning. Like INTERPOL,
GPBM generalizes the IPM and PBM, and also recovers INTERPOL
using binary weights.

3 Background: Off-Policy Evaluation
Let 𝜋 denote a policy that (given some contextual information)
induces a ranking (i.e., ordering), 𝑦, on a given set of items 𝑑 ∈
D. When 𝑦 is shown to a user, it receives feedback, commonly
referred to as reward. Without too much loss of generality, we
will assume that reward is measured by clicks, denoted by the
binary variable 𝑐 (𝑦, 𝑘) ∈ {0, 1} indicating whether the user clicked
on the item ranked at position 𝑘 ∈ {1, . . . , 𝐾}. The central goal
of OPE is to estimate the expected per-ranking reward, Δ(𝜋) =

E𝜋
[ ∑𝐾

𝑘=1 𝑐 (𝑦, 𝑘)
]
, using rankings and rewards that were logged

https://github.com/amazon-science/gpbm


Generalized Position-Based Model: Rethinking Position Weights in Ranking Off-Policy Evaluation RecSys ’26, September 27-October 02, 2026, Minneapolis, MN, USA

under a previously deployed policy, 𝜋0, commonly referred to as
the logging policy.

Importantly, the logged rewards (clicks) depend on the choice
and order of items shown to the user by the logging policy. Further-
more, due to position bias, items shown in certain (usually, higher)
positions are likely to receive more clicks, irrespective of their
relevance. To correct these effects, IPS-based estimators re-weight
rewards so as to simulate the distribution of rankings under the
target policy, 𝜋 , and any position biases that apply to where 𝜋 ranks
items. The generic form of an IPS-based estimator is given by:

Δ̂(𝜋) =
1
𝑁

𝑁∑︁
𝑖=1

𝐾∑︁
𝑘=1

𝑐 (𝑦 (𝑖 ) , 𝑘)︸    ︷︷    ︸
click?

· 𝑤 (𝑦 (𝑖 )
𝑘
, 𝑘)︸     ︷︷     ︸

weight

, (1)

where 𝑦 (𝑖 ) denotes the 𝑖’th logged ranking, 𝑦 (𝑖 )
𝑘

denotes the item
ranked at position 𝑘 , and 𝑐 (𝑦 (𝑖 ) , 𝑘) indicates whether the item at
position 𝑘 was clicked. The choice of weights, 𝑤 , reflects our as-
sumptions about user behavior—i.e., the click model. Two common
click models are IPM and PBM [28, 37], whose respective estimators
are defined by the following importance weights:

𝑤IPM (𝑑, 𝑘) = 𝜋 (𝑑, 𝑘)
𝜋0 (𝑑, 𝑘)

, 𝑤PBM (𝑑, 𝑘) =
∑𝐾
𝑘′=1 𝜋 (𝑑, 𝑘 ′) · 𝑝𝑘′∑𝐾
𝑘′=1 𝜋0 (𝑑, 𝑘 ′) · 𝑝𝑘′

, (2)

where we have substituted 𝑑 = 𝑦
(𝑖 )
𝑘

to denote the ranked item.
IPM assumes that the probability a user clicks on an item at a

certain position is independent of all other items and positions in
the ranking [28]. Accordingly, Δ̂IPM uses clicks on item 𝑑 , which 𝜋0
ranked at position 𝑘 , to predict the CTR for the same item and posi-
tion under 𝜋 . Since clicks are independent, the importance weight
𝑤IPM (𝑑, 𝑘) (Equation 2, left) is a ratio of marginal probabilities (a.k.a.
propensities), denoted 𝜋 (𝑑, 𝑘) and 𝜋0 (𝑑, 𝑘), that each policy ranks
𝑑 at position 𝑘 . As the IPM makes relatively mild assumptions, its
estimator tends to have low bias. However, significant differences
between 𝜋0 and 𝜋—particularly when 𝜋 (𝑑, 𝑘) ≫ 𝜋0 (𝑑, 𝑘) for some
𝑑 and 𝑘 , e.g. when 𝜋0 is highly deterministic—may result in high-
magnitude weights. This can in turn lead to high estimator variance
and thus unreliable estimates [43], especially when data is limited.

PBM, on the other hand, additionally assumes that the click prob-
ability can be factorized into a product of relevance to the user, de-
noted 𝜃𝑑 ∈ [0, 1], and the probability of the user examining position
𝑘 (independent of content), which is captured by the (true) position
bias curve 𝑝 = (𝑝1, . . . , 𝑝𝐾 ) [37]. The PBM estimator aggregates
clicks for an item 𝑑 across all positions proportional to the mar-
ginal placement probabilities 𝜋 (𝑑, 𝑘 ′) and the position bias 𝑝𝑘′ , for
each position 𝑘 ′ = 1, . . . , 𝐾 . Its corresponding importance weight,
𝑤PBM (𝑑, 𝑘) (defined in Equation 2, right), has lower magnitude than
𝑤IPM (𝑑, 𝑘). While this allows PBM to further reduce estimator vari-
ance, in practice we only have access to an estimated position bias
curve 𝑝 = (𝑝1, . . . , 𝑝𝐾 ), which may differ from 𝑝 [1, 2, 4]. As a con-
sequence, PBM may be systematically over- or under-estimating
Δ(𝜋), introducing more bias in its reward estimates.

To provide a more favorable bias-variance trade-off in terms of
MSE, the recently proposed INTERPOL estimator [8] applies PBM
only among the logged positions 𝑘 contained in a window𝑊 ( 𝑗)
defined for each target rank 𝑗 ; outside this window, the IPM is used.

This yields importance weights:

𝑤INT (𝑑, 𝑘) =

target positions 𝑗︷      ︸︸      ︷
𝐾∑︁
𝑗=1

𝜋 (𝑑, 𝑗) ·

logged position 𝑘
within window of 𝑗?︷          ︸︸          ︷
1[𝑘 ∈𝑊 ( 𝑗)] · 𝑝 𝑗∑

𝑘′∈𝑊 ( 𝑗 ) 𝜋0 (𝑑, 𝑘 ′) · 𝑝𝑘′
. (3)

Buchholz et al. focused on a banded window system, 𝑊𝑠 ( 𝑗) =

{ 𝑗 − 𝑠, . . . , 𝑗 + 𝑠}, parameterized by window size 𝑠 . They empir-
ically demonstrated that INTERPOL with an optimal choice of 𝑠
yielded lower MSE compared to both IPM and PBM (which can
also be recovered by setting 𝑠 = 0 and 𝑠 = 𝐾 − 1, respectively).
Figure 1(a-c) illustrates how IPM, PBM and INTERPOL with 𝑠 = 1
combine clicks across positions. Furthermore, the authors show that
if the true position bias curve 𝑝 is known, then INTERPOL provides
an unbiased estimate of Δ(𝜋) for any window size. However, the
unbiasedness guarantee relies on knowing the true position bias
curve, and MSE only improves for the right choice of windows—
conditions that are difficult to satisfy in practice. Buchholz et al.
[8] suggest that SLOPE could potentially be used to tune INTER-
POL’s hyperparameters, e.g. by picking 𝑠 for the banded window
system. Yet they also note that INTERPOL invalidates SLOPE’s key
monotonicity assumption, which may in turn invalidate SLOPE’s
applicability. Furthermore, INTERPOL’s structural assumptions are
at odds with how it combines clicks: for many window systems,
such as the banded one, there is an implicit assumption that (rel-
ative) errors in position bias estimation are smaller when closer
to the target position; yet all within-window positions are treated
equally, regardless of distance. Consequently, estimates for target
position 𝑗 can be significantly biased if 𝑝𝑘 is misestimated for any
within-window position 𝑘 .

4 Generalized Position-Based Model
Motivated by the above discussion, we aim to develop an estima-
tor that functions comparably to INTERPOL, but without rigid
structural constraints that must be determined a priori. Ideally, the
estimator should automatically decide how to combine clicks from
different positions, adapting these decisions to the available data.

We begin by observing that INTERPOL’s window membership
indicator,1[𝑘 ∈𝑊 ( 𝑗)], can be viewed as a binary-valued weight de-
termining how interactions across logged positions 𝑘 are combined
to estimate the reward for target position 𝑗 . Crucially, we note that
one could replace the indicator with a continuous-valued weight.
We therefore replace it with a weighting function, 𝐹 : Z+ × Z+ →
R≥0, where 𝐹 ( 𝑗, 𝑘) regulates the influence of logging position 𝑘 on
the reward estimate for target position 𝑗 . Observe that this formula-
tion recovers INTERPOL when the weights are restricted to {0, 1},
so the resulting estimator is a strict generalization of INTERPOL,
and therefore also IPM and PBM. The importance weights for this
estimator, which we term GPBM, have the following form:

𝑤GPBM (𝑑, 𝑘) =
𝐾∑︁
𝑗=1

𝐹 ( 𝑗, 𝑘) · 𝜋 (𝑑, 𝑗) · 𝑝 𝑗∑𝐾
𝑘′=1 𝐹 ( 𝑗, 𝑘 ′) · 𝜋0 (𝑑, 𝑘 ′) · 𝑝𝑘′

. (4)

The weighting function 𝐹 can also be seen as a 𝐾 ×𝐾 matrix, whose
entries 𝐹 𝑗,𝑘 determine the specific ranking estimator (Figure 1d).

Analogous to Buchholz et al.’s proof for INTERPOL, we can show
that, under similar assumptions of (i) correct position bias and (ii)
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common support under 𝐹 , where for every (𝑑, 𝑗) with 𝜋 (𝑑, 𝑗) > 0,
there exists a position 𝑘 s.t. 𝜋0 (𝑑, 𝑘) > 0 and 𝐹 ( 𝑗, 𝑘) · 𝑝𝑘 > 0, GPBM
yields an unbiased estimate of Δ(𝜋) (see Appendix A for details).
Consequently, 𝐹 ( 𝑗, 𝑘) can be determined (almost) arbitrarily for
every ( 𝑗, 𝑘) combination, leaving us free to choose the values that
lead to low estimation error on our data.

4.1 Determining 𝐹
We now describe our approach to optimizing the entries of 𝐹 in a
data-driven manner. Our aim is to minimize the MSE of the resulting
estimate, given the dataset, position bias estimate and choice of
target policy. However, since the true MSE value is not directly
available (as it depends on the unknown expected reward), we
instead propose to select 𝐹 by minimizing an approximate upper
bound on the MSE.

Let the shorthand Δ̂(𝜋) := Δ̂(𝜋 ;𝑝, 𝐷𝑁 ) denote the GPBM es-
timate of the expected reward for policy 𝜋 , using an estimate 𝑝
of the true position bias 𝑝 , and logged dataset 𝐷𝑁 of 𝑁 rankings,
their associated rewards and logging propensities. Using standard
bias-variance decomposition [15], we have that

MSE
(
Δ̂(𝜋)

)
= Var

(
Δ̂(𝜋)

)
+ Bias

(
Δ̂(𝜋)

)2
, (5)

where Bias
(
Δ̂(𝜋)

)
= E[Δ̂(𝜋)] − Δ(𝜋), (6)

letting us approximate the bias and variance components separately.
To approximate the variance of GPBM, we follow the bootstrap-

based approach of OPERA [33]. The key idea is to estimate the
variance of our full-sample estimate by measuring its deviation
from many, much smaller bootstrap sub-samples, with rescaling to
account for the differences in sample size. We produce 𝐵 bootstrap
estimates, Δ̂(𝜋 ; 𝑝, 𝐷𝑀 ), each using 𝑀 ≪ 𝑁 sampled records, then
calculate the bootstrap variance around the full-sample estimate,
Δ̂(𝜋 ;𝑝, 𝐷𝑁 ). We then approximate the variance of the full-sample
estimate around its (potentially biased) population mean, E[Δ̂(𝜋)],
rescaling the 𝑀-sample variance by 𝑀/𝑁 as:

Var
(
Δ̂(𝜋)

)
= E𝐷𝑁

[ (
Δ̂(𝜋 ;𝑝, 𝐷𝑁 ) − E[Δ̂(𝜋)]

)2] (7)

≈ 𝑀𝑁 −1𝐵−1
∑︁𝐵

𝑏=1

(
Δ̂(𝜋 ; 𝑝, 𝐷 (𝑏 )

𝑀
) − Δ̂(𝜋 ;𝑝, 𝐷𝑁 )

)2
(8)

= V̂ar
(
Δ̂(𝜋)

)
(9)

From Equation 8, it is clear that the variance estimate decreases with
the data size 𝑁 , or when the bootstrapped estimates Δ̂(𝜋 ; 𝑝, 𝐷 (𝑏 )

𝑀
)

do not significantly deviate from the full-data estimate Δ̂(𝐷𝑁 ).
Such deviations are likely when the target policy departs signifi-
cantly from the logging policy, causing high-magnitude importance
weights. Importantly, using very small bootstrap samples of size
𝑀 ≪ 𝑁 has been shown to reduce the impact of such outliers on
estimation accuracy [5, 18]. While OPERA uses this bootstrapping
procedure to approximate the MSE of its base estimators, it may be
unable to account for bias introduced by position bias misspecifi-
cation, which does not vanish asymptotically. We account for this
by incorporating an explicit bias component into our optimization
objective.

Following MacKinnon and Smith [32], we approximate the bias
of the estimate Δ̂(𝜋 ;𝑝, 𝐷𝑁 ) =: Δ̂(𝑝), which uses the true position
bias curve 𝑝 , by a first-order Taylor approximation around the bias

of Δ̂(𝜋 ; 𝑝, 𝐷𝑁 ) =: Δ̂(𝑝), which uses the estimated curve 𝑝 . Since
the estimator is unbiased when using 𝑝 (see Appendix A), we have:

0 = Bias
(
Δ̂(𝑝)

)
≈ Bias

(
Δ̂(𝑝)

)
+ ∇𝑝Bias

(
Δ̂(𝑝)

)⊤ (𝑝 − 𝑝), (10)

where ∇𝑝Bias
(
Δ̂(𝑝)

)
is the gradient of the bias w.r.t 𝑝 . Rearranging

the terms and combining them with Equation 6 yields:��Bias
(
Δ̂(𝑝)

) �� ≈ ��∇𝑝Bias
(
Δ̂(𝑝)

)⊤ (𝑝 − 𝑝)�� (11)

=
��∇𝑝E[Δ̂(𝑝)]⊤ (𝑝 − 𝑝) − ∇𝑝Δ(𝜋)⊤ (𝑝 − 𝑝)

�� (12)

=
��∇𝑝E[Δ̂(𝑝)]⊤ (𝑝 − 𝑝)��. (13)

The last identity follows from the fact that the true policy value,
Δ(𝜋), does not depend on 𝑝; hence, the gradient, ∇𝑝 , is zero. We
can then upper-bound Equation 13 using the triangle inequality,
and approximate the resulting bound via bootstrapping:

(13) ≤
��∇𝑝E[Δ̂(𝑝)]��⊤��𝑝 − 𝑝 �� (14)

≈
��𝐵−1

∑︁𝐵

𝑏=1
∇𝑝 Δ̂(𝜋 ;𝑝, 𝐷 (𝑏 )

𝑀
)
��⊤𝜖 (15)

= B̂ias
(
Δ̂(𝜋)

)
. (16)

In the second line, 𝜖 = ( |𝑝1 − 𝑝1 |, . . . , |𝑝𝐾 − 𝑝𝐾 |) denotes an upper
bound on the position bias curve misestimation at each position, and
functions as GPBM’s sole hyperparameter. When 𝜖𝑘 is large, it indi-
cates potentially high estimation error—so assigning high weight,
𝐹 ( 𝑗, 𝑘), to such positions risks introducing bias, even if the actual
difference between 𝑝𝑘 and 𝑝𝑘 is small. We assume that an estimate
of 𝜖 is available, even if potentially imprecise, e.g. based on prior
knowledge or position bias estimation uncertainty [41, 42]. (In Sec-
tion 6.3 we investigate the estimator’s sensitivity to 𝜖 .) Equation 15
also involves computing the gradient of the estimator, Δ̂(𝜋 ;𝑝, 𝐷 (𝑏 )

𝑀
),

with respect to 𝑝 , for each bootstrap fold 𝑏. This is easily derived
manually (Appendix C) or using automatic differentiation [6, 38].
For computational efficiency, we also estimate this gradient using
𝑀 ≤ 𝑁 rankings per bootstrap fold.

Substituting our approximation of bias, B̂ias, and variance, V̂ar,
into Equation 5 yields our fully differentiable approximate upper
bound on the MSE:

MSE
(
Δ̂(𝜋)

)
⪅ V̂ar

(
Δ̂(𝜋)

)
+ B̂ias

(
Δ̂(𝜋)

)2
. (17)

Intuitively, V̂ar is low when the entries of 𝐹 are more uniform, but
that might come at a cost of increased bias. On the other hand,
adapting 𝐹 to the data, to account for position bias estimation error
(𝜖), should reduce bias, while potentially increasing variance. Thus,
we find the inevitable trade-off between bias and variance.

We use Equation 17 as an objective to optimize the entries of 𝐹 ,
which we solve using standard stochastic gradient methods [24]. At
every optimization step we: i) independently generate 𝐵 bootstrap
samples 𝐷 (1)

𝑀
, . . . , 𝐷

(𝐵)
𝑀

with propensities and clicks for𝑀 rankings;
ii) estimate the target policy value for each bootstrap sample, 𝐷 (𝑏 )

𝑀
,

as well as the full data sample, 𝐷𝑁 ; iii) calculate the gradient of
bootstrapped estimates w.r.t. 𝑝 ; iv) use this gradient to estimate the
approximate bias bound (Equation 15); v) calculate the spread of
bootstrapped estimates around the full data estimate, rescaling it
by 𝑀/𝑁 (Equation 8); vi) compute the gradient of the combined
expression (Equation 17) w.r.t. GPBM weights 𝐹 ; and finally, vii)
take a step with the optimizer. The resulting approach is highly
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efficient, and as we will see, able to adapt the learned estimator to
the available data and our knowledge of the position bias.

5 Experimental Setup
We structure our evaluation around four research questions. We
first evaluate whether GPBM yields more accurate off-policy esti-
mates across settings that, as discussed in Section 2, critically affect
ranking OPE: dataset size, logging policy stochasticity and position
bias misestimation:
RQ1 Does GPBM provide consistently lower MSE than baselines

across different ranking settings?
Furthermore, as user behavior may not follow the PBM in practice:
RQ2 Does GPBM also perform better when user behavior follows

the IPM?
Moreover, GPBM’s performance depends on 𝜖 , the assumed upper
bound on per-position deviation between the true and estimated
bias curves:
RQ3 How does under- or over-estimating 𝜖 affect GPBM’s MSE?
Finally, to understand the mechanism behind GPBM’s performance:
RQ4 How does GPBM’s 𝐹 matrix combine weights from different

positions across settings?

5.1 Data
Our experiments use two public datasets: Yahoo! Webscope [9] and
MSLR-WEB30k datasets [40]. Both datasets consist of user queries,
their corresponding retrieved items, and expert relevance labels.
Yahoo contains 29, 921 queries with an average of 24 items per
query, while MSLR contains 30, 000 queries with an average of 125
items per query. Each query-item pair (𝑞, 𝑑) is represented by a set
of query-item features, with a 5-level relevance label, 𝑟𝑑 ∈ [0, 4].
Following common practice [34] we rescale 𝑟𝑑 to the range [0, 1]
and denote this by 𝜃𝑑 .

To simulate user feedback, we extend the methodology of Buch-
holz et al. [8]. Specifically, we use the logging policy to re-rank
(up to) the first 50 items of each query. For each query, we inde-
pendently sample 𝑛 ∈ {1, 5, 25} rankings from the logging policy
(described in Section 5.2), yielding 𝑁 total logged rankings across
all queries. We then generate rewards for each ranking using the
relevance labels and a given click model. In most of our experiments,
we use the PBM, in which users examine each position 𝑘 ≤ 10 based
on a decreasing position bias curve, 𝑝𝑘 = 1/log2 (𝑘 + 1), and click
an inspected item 𝑑 proportional to its relevance 𝜃𝑑 .

5.2 Policies
Both logging and target are Plackett-Luce ranking policies [31, 39]
trained on the respective training sets of each fold. To simulate
policy improvement, the stronger target policy has access to all
features, while the weaker logging policy is trained without the
top third most relevance-correlated features [26]. Each policy ranks
items based on item scores produced by a neural network with two
hidden layers of size 32, sigmoid activations, and a final layer 𝑓 (𝑥) =
10 · tanh(𝑥) constraining the model’s logits to the range [−10, 10] to
avoid the prevalence of effectively deterministic rankings. Both poli-
cies are trained to minimize PL-Rank-3 NDCG loss [35], with 100

sampled rankings, via 20 epochs of Adam [24], with both learning
rate and 𝐿2 regularization set to 0.01.

Plackett-Luce policies generate rankings by repeatedly sampling
items from a softmax distribution without replacement. The softmax
is parameterized by an inverse temperature, 𝜏−1, which controls
how uniform (low 𝜏−1) or peaked (high 𝜏−1) the distribution is. In
our experiments, we take 𝜏−1 ∈ [0.2, 0.4, 1]. We clip the propensities
of the (Plackett-Luce) logging policy [26] to 10−7 so as to avoid
extremely high importance weights when inverted.

5.3 Baselines and Evaluation
We compare GPBM to the following baselines: IPM, PBM, INTER-
POL with window size selected via SLOPE, and their respective
self-normalized versions SN-IPM, SN-PBM and SN-INT. Addition-
ally, we examine the performance of ensemble methods BLUE and
OPERA combining (self-normalized) IPM and PBM.2 To establish
an upper bound on INTERPOL’s performance, we also include an
oracle version, INT∗ (and its self-normalized version, SN-INT∗),
whose window size is chosen retroactively to minimize MSE.

Except for IPM, all of the above estimators rely on an estimate
of the position bias curve, which in practice may be incorrect. To
explore the effect of an incorrectly estimated curve, we simulate it
following the approach of Buchholz et al. [8], defining the estimated
position bias curve 𝑝 as an exponential transformation of the true
curve 𝑝 , s.t. 𝑝 = 𝑝𝛼 , where 𝛼 ∈ [0.6, 0.8, 1, 1.2, 1.4], as well as
𝑝 = max(𝑝 − 0.1, 0). We also evaluate the robustness of all models
under a more complex zigzag setting 𝑝 = 𝑝 ± 𝑧, where the position
bias curve is over-estimated at odd positions and under-estimated
at even positions (see Appendix B for more details).

We optimize GPBM’s 𝐹 matrix via the procedure outlined in Sec-
tion 4.1, using Adam with learning rate 0.01, and sampling 𝐵 = 50
bootstrap folds of size 𝑀 =

√
𝑁 . Since the upper bound on position

bias misestimation, 𝜖𝑘 , may be over- or under-estimated, we evalu-
ate a range of values, 𝜖𝑘 = 𝛽𝑘 · |𝑝𝑘 −𝑝𝑘 |. In our experiments, 𝛽𝑘 = 𝛽

is either the same for all positions s.t. 𝛽 ∈ [0, 0.25, 0.5, 1, 1.5, 2, 3],
reflecting a consistently optimistic or pessimistic bound on the po-
sition bias estimation error, or scales linearly across ranks between
0.5 and 1.5 via 𝛽𝑘 = 0.5+(𝑘−1)/(𝐾−1) or 𝛽𝑘 = 1.5−(𝑘−1)/(𝐾−1),
where the error bound is underestimated for some positions and
overestimated for others. For most experiments, we fix 𝛽𝑘 = 𝛽 = 1.5,
reflecting a pessimistic upper-bound of the error.

We measure estimator performance using the MSE between the
estimated policy value and its true (on-policy) average reward—
which we compute as a product of relevance 𝜃𝑑 , position bias 𝑝𝑘
(or 𝑝𝑞,𝑘,𝑑 for IPM user behavior in Subsection 6.2) and the target
propensity 𝜋 (𝑑, 𝑘). Unless otherwise noted, we report the average
MSE over 5 folds, with 50 independent repeats of the data generating
process for each fold. Error bars indicate the lowest and highest fold
MSE. Due to space constraints, we report a selection of the above
results, with full results available in Appendix D. Agent-assisted
coding using Claude Opus 4.5 was used to produce experimental
code, which we then extensively reviewed, adapted and validated.

2We observed that using only these base estimators led to consistently higher perfor-
mance compared to using all estimators.
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Figure 2: Impact of position bias misestimation, with fixed inverse temperature 𝜏 = 0.6 and 𝑛 = 5 sampled rankings per query.
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Figure 3: Impact of logging policy stochasticity (via inverse temperature 𝜏−1) and dataset size (via number of sampled rankings
per query 𝑛). Misestimated position bias fixed at 𝑝 = 𝑝1.2. Models as in Figure 2.
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Figure 4: Impact of position bias misestimation (𝑝) and
dataset size (number of sampled rankings per query 𝑛) on
estimator predictions on MSLR. Logging policy stochasticity
fixed at 𝜏−1 = 0.6. Dotted red line denotes the true value of the
target policy Δ(𝜋). Error bars denote two standard deviations
from the mean over 50 repeats. Models as in Figure 2.

6 Results
6.1 Overall Performance (RQ1)
We first investigate how GPBM compares to the baselines across
several dimensions that affect bias and variance: position bias mis-
estimation, logging policy randomness and dataset size. Figure 2

plots the average MSE of all estimator across 5 folds, reflecting
their bias-variance trade-off, for different misestimated position
bias curves 𝑝 , with the logging policy’s temperature and dataset
size set to a “medium” value of 𝜏−1 = 0.6 and 𝑛 = 5 respectively.

We find that the performance of the baselines varies across both
position bias misestimation and datasets. Unsurprisingly, the ef-
fect of position bias misestimation is particularly strong for PBM,
which achieves the lowest MSE on both datasets under the cor-
rectly estimated curve 𝑝 = 𝑝 , yet progressively deteriorates under
severe misestimation 𝑝 = 𝑝𝛼 , 𝛼 ≠ 0, or when all positions are
underestimated equally (𝑝 = 𝑝 − 0.1). Similarly, other estimators,
such as BLUE and OPERA, perform well on some bias-dataset com-
binations but not others. Interestingly, oracle INTERPOL and its
self-normalized version, which preemptively know the optimal
window size, collectively obtain the lowest MSE across all settings.
However, in practice, this optimal value is not known, and SLOPE
appears to always select the largest window size, making (SN-)INT
equivalent to (SN-)PBM. As such, how to choose the best ranking
estimator and its parameters remains unclear.

Meanwhile, GPBM consistently demonstrates strong performance
across most (mis-)estimated curves on both datasets. In most cases,
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Figure 5: Impact of 𝑝 misestimation and data size (via 𝑛) on MSE under complex user behavior on MSLR.

GPBM achieves substantially lower MSE than even the oracle IN-
TERPOL (INT∗), with over 6-fold improvement using overestimated
curve 𝑝 = 𝑝0.8 on Yahoo. Regardless of whether the position bias is
correctly specified (𝑝 = 𝑝1.0) or highly irregular (𝑝 = 𝑝±𝑧), GPBM’s
performance remains comparable with the strongest baselines.

To understand estimator sensitivity to variance-inducing factors,
Figure 3 plots MSE with respect to logging policy stochasticity (con-
trolled via inverse temperature 𝜏−1) and dataset size (controlled via
the number of sampled rankings per query). Throughout, position
bias misestimation is fixed to 𝑝 = 𝑝1.2.

As with bias, here we also observe varied performance amongst
the baselines. For instance, IPM is among the weakest baselines
under the most deterministic logging policy (𝜏−1 = 1), yet is con-
sistently close to the optimal INTERPOL performance under more
exploratory logging policies (lower 𝜏−1) and with more sampled
rankings. Other estimators, such as PBM, SN-IPM and the ensemble
methods, show only minor MSE improvements with larger data
sizes, suggesting they may be affected more by bias than variance.

In contrast, we again find that GPBM consistently performs well
across all settings, benefiting from both more stochastic logging
policies and more data. In particular, it achieves the lowest MSE
for 𝑛 ≥ 5, under all logging policies. Notably, GPBM’s performance
is weakest in the most variance-inducing setting, 𝑛 = 1 with 𝜏 = 1.
We hypothesize that this is due to the difficulty in optimizing 𝐹
under low effective sample size [45]. Nevertheless, when there is
sufficient data and randomization, GPBM achieves consistent large
improvements over all baselines.

Finally, Figure 4 shows the policy estimates of all models for the
50 repeats across a subset of settings on the first fold of MSLR. We
can see that GPBM improves over the baselines in terms of both
bias and variance when 𝑝 = 𝑝0.8 (Figure 4, left). Furthermore, un-
like most estimators, increasing the amount of data (via 𝑛, Figure 4,
center-left), appears not only to bring its individual predictions
closer to Δ(𝜋), but also improve its mean estimate, suggesting
GPBM’s ability to focus on bias reduction as the variance is natu-
rally reduced with more data. Interestingly, when the true position
bias curve is provided (Figure 4, center-right), GPBM actually ex-
hibits higher bias. We hypothesize that this is caused by overfitting
the V̂ar, as 𝜖 and thus the bias component of M̂SE in this setting are
set to 0. Consistent with this explanation, increasing the dataset
size reduces the observed bias (Figure 4, right), which may come
from reduced overfitting when optimizing V̂ar.

Overall, we see that GPBM proves robust to position bias mises-
timation, logging policy stochasticity, and dataset size, consistently
outperforming all ranking OPE baselines across most settings (RQ1).

6.2 Complex User Behavior (RQ2)
In practice, user click behavior may follow more complex patterns
than the PBM, prompting our second research question: what if the
PBM assumptions do not hold? To answer this, we construct a click
model that adheres to the IPM (i.e., clicks do not depend on other
positions’ content) but not the PBM. Each query-item pair, (𝑞, 𝑑),
is given its own position bias curve, 𝑝𝑞,𝑑,𝑘 = 𝑝𝑘 + (𝑝𝑘 − 𝑝1.4) · (2 ·
𝑓 (𝑞, 𝑑) −1), where 𝑓 (𝑞, 𝑑) maps (𝑞, 𝑑) to a quantile between 0 and 1.
To ensure non-uniform spread of curves across items, 𝑓 sorts items
based on the scores assigned to them by a separate policy trained
only on items’ title features, representing their visual salience in a
ranking. As a consequence, the average position bias curve over all
items is still 𝑝 , yet 𝑝 can no longer be used to accurately model clicks
for any item, and the PBM assumptions thus no longer hold. Figure 5
shows estimator performance on MSLR using varying amounts of
data generated from the above process, as well as varying levels of
misestimation of the item-average curve.

Here, the baseline models generally perform comparably to our
earlier results for the PBM setting. However, for many of them—
especially PBM/INT and INT∗—performance varies across different
estimates’ curves. In particular, in contrast with the PBM setting,
𝑝 = 𝑝0.8 generally yields the best performance, while other curves
lead to substantial performance losses. This strong baseline per-
formance using the over-estimated item-average curve 𝑝 = 𝑝0.8

is not surprising, as item title features that govern item-specific
curves 𝑝𝑞,𝑑,𝑘 are also correlated with relevance. It follows that items
placed higher by the logging policy are also more likely to have
slower-decaying curves, which may be most similar to 𝑝 = 𝑝0.8.

In contrast, GPBM’s performance in the IPM setting does not
differ strongly from its earlier performance in the PBM setting.
Unlike the baselines, it maintains strong performance across all
curve estimates, demonstrating that GPBM is also robust when user
behavior deviates from the PBM assumption (RQ2).

6.3 Sensitivity to Misestimation Estimate (RQ3)
In order to determine the weight matrix 𝐹 , GPBM relies on an
estimate of 𝜖𝑘 , the upper bound on the difference between the
true position bias 𝑝𝑘 and its estimated value 𝑝𝑘 at position 𝑘 . Our
third research question examines the effect of misestimating this



RecSys ’26, September 27-October 02, 2026, Minneapolis, MN, USA Norman Knyazev, Vito Bellini, Huseyin Yurtseven, and Ben London

PBM IPM

0

0.25

0.5

1

1.5

2

3

0.5→1.5

1.5→0.5

p̂ = p0.8 p̂ = p1.0 p̂ = p1.2 p̂ = p−0.1 p̂ = p±z
5 25 5 25 5 25 5 25 5 25

1.0 0.6 1.0 0.6 1.0 0.6 1.0 0.6 1.0 0.6 1.0 0.6 1.0 0.6 1.0 0.6 1.0 0.6 1.0 0.6

p̂

n

τ

𝛽
(m

ise
st

im
at

io
n)

p̂ = p0.8 p̂ = p1.0 p̂ = p1.2 p̂ = p−0.1 p̂ = p±z
5 25 5 25 5 25 5 25 5 25

1.0 0.6 1.0 0.6 1.0 0.6 1.0 0.6 1.0 0.6 1.0 0.6 1.0 0.6 1.0 0.6 1.0 0.6 1.0 0.6

−1.5

−1.0

−0.5

0.0

0.5

1.0

Figure 6: Log-ratio (base 2) of the MSE of the best baseline and GPBM for different estimates of position bias misestimation
bound 𝜖, controlled by 𝛽 , under PBM and IPM user behavior across a selection of ranking settings on MSLR.

𝑝 − 0.1, 𝛽 = 1.5,
𝜏−1 = 0.6, 𝑛 = 1

𝑝 − 0.1, 𝛽 = 1.5,
𝜏−1 = 1, 𝑛 = 1

𝑝 − 0.1, 𝛽 = 1.5,
𝜏−1 = 1, 𝑛 = 25

𝑝 ± 𝑧, 𝛽 = 1.5,
𝜏−1 = 1, 𝑛 = 25

𝑝 ± 𝑧, 𝛽 = 0.25,
𝜏−1 = 1, 𝑛 = 25

ta
rg

et
po

sit
io

n

1 2 3 4 5 6 7 8 9 10

1

2

3

4

5

6

7

8

9

10

1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

logging position

Figure 7: Average learned 𝐹 -matrices on MSLR for different misestimated position bias curves, error estimates, logging policies
and amounts of data. Each row reflects the contributions of individual logging positions (columns) towards predicting a target
position. Each row normalized by its highest weight and matrices then averaged over 50 repeats for a single fold.

upper bound. We quantify the effect using the log-ratio (base 2) of
the MSE values of the best non-oracle baseline and GPBM, where
positive values indicate a relative improvement of GPBM over the
baselines. Figure 6 shows the MSE log-ratio for earlier experiments
using different values of 𝜖𝑘 = 𝛽𝑘 · |𝑝𝑘 − 𝑝𝑘 |, where 𝛽𝑘 is either
constant across the whole ranking or interpolates between two
values. GPBM’s performance is generally robust to the choice of 𝜖
(via 𝛽), irrespective of whether the position bias estimation error is
either overestimated (∀𝛽𝑘 > 1), underestimated (∀𝛽𝑘 < 1) or both
(∃𝑘 ≠ 𝑘 ′ : 𝛽𝑘 > 1 ∧ 𝛽𝑘′ < 1). The fact that only significant over- or
underestimation of the curve difference (∀𝛽𝑘 far from 1) degrades
results suggests that GPBM benefits from reasonably accurate—but
not exact—confidence estimates (RQ3).

6.4 Learned Adaptive Mechanism (RQ4)
Finally, to better understand the mechanism behind GPBM’s con-
sistent strong performance, we investigate the learned 𝐹 matrix,
which governs how GPBM combines the IPM and PBM click models.
Figure 7 visualizes the learned 𝐹 -matrices for select combinations of
position bias misestimation, estimates of this error (via 𝛽), logging
policy stochasticity (via 𝜏−1) and the available data amount (via 𝑛).

We find that with smaller amounts of data, for a consistently
under-estimated curve and with medium-exploration logging policy
(Figure 7, left), GPBM relies on clicks in early positions—and par-
ticularly the first position—to predict the click-through rate (CTR)
across all positions of the target policy. Surprisingly, clicks at low
positions are thus predicted on the basis of the top positions than
the position itself. This effect is further amplified for a stronger
logging policy (Figure 7, center-left) that more consistently places
relevant items close to the top, and even more so when the dataset
size is further increased (Figure 7, center). As here position bias mis-
estimation estimate, 𝜖𝑘 , is also the same across all positions, based
on the above results, we hypothesize that GPBM prefers to rely on
clicks in positions where it believes the effect of the position bias is
weaker and clicks may thus be a less noisy indicator of relevance.

This also matches our zigzag position bias observations (Figure 7,
center-right), where GPBM places more emphasis on odd positions,
which it believes have the highest values of 𝑝 . However, when it
trusts the position bias estimate (Figure 7, right), position utilization
becomes more equal, reflecting a different bias-variance trade-off.
To answer RQ4, GPBM appears to leverage positions where position
bias is weaker, with this effect shaped by the logging policy, dataset
size, and uncertainty in the position bias estimate.
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7 Discussion and Future Work
In this work, we introduced GPBM—a novel ranking OPE estima-
tor that generalizes existing IPM, PBM and INTERPOL estimators.
Rather than relying on fixed structural assumptions about user be-
havior, GPBM effectively learns these patterns using the available
data and position bias estimate. Empirically, we demonstrated that
GPBM achieves consistent improvements in MSE across a variety
of settings. Broadly speaking, this suggests that positional depen-
dencies in ranking are a structure that can be actively leveraged for
more accurate policy evaluation.

As GPBM optimizes a pessimistic upper bound on the MSE, fu-
ture work can extend GPBM by tightening this bound, e.g., by
exploiting the correlations in the position bias estimation errors.
A further extension could make the 𝐹 matrix contextual, so as to
better accommodate different types of user behavior. Yet another
improvement would be to combine GPBM with additive control
variates, e.g., doubly-robust estimation [12, 25, 36] or optimal base-
line corrections [17] for variance reduction. As our evaluation relies
on simulated click data, which may not capture the nuances of real
user behavior, an important next step will be to validate GPBM on
real user interactions from an industrial system.
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A Unbiasedness of GPBM
Buchholz et al. [8] showed that, when the correct position bias
curve is known, and the chosen window system satisfies a condition
known as common window support3, the INTERPOL estimator is
unbiased. We now prove a similar claim for GPBM using similar
assumptions. Since GPBM uses weights (𝐹 ) instead of windows,
we require an analog of common window support, adapted for the
weight matrix, 𝐹 .

Definition A.1. For a given target policy, 𝜋 , and weight matrix,
𝐹 , we say that a logging policy, 𝜋0, has common support with 𝜋
under 𝐹 if, for every item 𝑑 ∈ D and target position 𝑗 ∈ {1, . . . , 𝐾}
where 𝜋 (𝑑, 𝑗) > 0, exists a logging position 𝑘 ∈ {1, . . . , 𝐾} such
that (𝐹 ( 𝑗, 𝑘) · 𝑝𝑘 > 0) ∧ (𝜋0 (𝑑, 𝑘) > 0).

Definition A.1 can be interpreted as saying that, if 𝜋 ranks an item
𝑑 at position 𝑗 , then 𝜋0 must have nonzero probability of placing 𝑑
in at least one position 𝑘 where the product 𝐹 ( 𝑗, 𝑘) · 𝑝𝑘 > 0. Note
that, when the entries of 𝐹 are binary (and we recover INTERPOL),
this condition is equivalent to common window support.

We are now ready to state our main result.

Proposition A.2. Fix an i.i.d. dataset, 𝐷𝑁 , consisting of rankings
generated by a logging policy 𝜋0, and rewards generated under the
PBM with positive position bias 𝑝 > 0. Fix a position bias estimate,
𝑝 , and assume that 𝑝 = 𝑝 . Then, for any target policy 𝜋 , and weight
matrix 𝐹 , such that 𝜋0 has common support with 𝜋 under 𝐹 (Defini-
tion A.1), we have that GPBM is an unbiased estimate of the expected
reward of 𝜋 .

Proof. Similar to Buchholz et al.’s proof, it suffices to analyze
the expectation of a single record in the dataset, due to indepen-
dence and linearity of expectation.

E

[ ∑︁
𝑑∈D

𝐾∑︁
𝑘=1

𝐾∑︁
𝑗=1

𝐹 ( 𝑗, 𝑘) ·𝜋 (𝑑, 𝑗) · 𝑝 𝑗∑𝐾
𝑘′=1 𝐹 ( 𝑗, 𝑘 ′) ·𝜋0 (𝑑, 𝑘 ′) ·𝑝𝑘′

1[𝑦𝑘 = 𝑑]𝑐 (𝑦, 𝑘)
]

(18)

=
∑︁
𝑑∈D

𝐾∑︁
𝑘=1

𝐾∑︁
𝑗=1

𝐹 ( 𝑗, 𝑘) ·𝜋 (𝑑, 𝑗) ·𝑝 𝑗∑𝐾
𝑘′=1 𝐹 ( 𝑗, 𝑘 ′) ·𝜋0 (𝑑, 𝑘 ′) ·𝑝𝑘′

𝜋0 (𝑑, 𝑘)E[𝑐 (𝑦, 𝑘)] (19)

=
∑︁
𝑑∈D

𝐾∑︁
𝑘=1

𝐾∑︁
𝑗=1

𝐹 ( 𝑗, 𝑘) · 𝜋 (𝑑, 𝑗) · 𝑝 𝑗∑𝐾
𝑘′=1 𝐹 ( 𝑗, 𝑘 ′) · 𝜋0 (𝑑, 𝑘 ′) · 𝑝𝑘′

𝜋0 (𝑑, 𝑘)𝜃𝑑𝑝𝑘 (20)

=
∑︁
𝑑∈D

𝜃𝑑

𝐾∑︁
𝑗=1

𝜋 (𝑑, 𝑗)𝑝 𝑗
∑𝐾
𝑘=1 𝐹 ( 𝑗, 𝑘) · 𝜋0 (𝑑, 𝑘) · 𝑝𝑘∑𝐾

𝑘′=1 𝐹 ( 𝑗, 𝑘 ′) · 𝜋0 (𝑑, 𝑘 ′) · 𝑝𝑘′
(21)

=
∑︁
𝑑∈D

𝜃𝑑

𝐾∑︁
𝑗=1

𝜋 (𝑑, 𝑗)𝑝 𝑗 (22)

= Δ(𝜋). (23)
The assumptions of common support ensure that the denominator,∑𝐾
𝑘′=1 𝐹 ( 𝑗, 𝑘 ′) · 𝜋0 (𝑑, 𝑘 ′) · 𝑝𝑘′ , is never zero. □

B Additional Experimental Details
Following Buchholz et al. [8], we evaluate all models across a wide
range of position bias misestimation patterns 𝑝 . However, in the
3In their paper, Buchholz et al. call this “full” window support; but given the dependence
on the target policy, we feel it is more appropriate to call this “common” window
support.

above settings, all positions 𝑝𝑘 are misestimated in the same direc-
tion (all positions either over- or underestimated), and the devi-
ation between the two curves changes monotonically (grows for
𝑝 ∈ {𝑝0.6, 𝑝0.8, 𝑝1.2, 𝑝1.4} or is fixed for 𝑝 ∈ {𝑝1.0,max(𝑝 − 0.1, 0)}.
We thus evaluate the models under a more complex misestimation
pattern we term the zigzag setting 𝑝 = 𝑝 ± 𝑧. In this setting, the
estimated curve 𝑝 at position 𝑘 ∈ {1, . . . , 𝐾} is defined as:

𝑝𝑘 = min(1, 𝑝 + (−1) (𝑘+1) · 0.1 · sin( 𝜋 · 𝑘
𝐾 + 1 )), (24)

where 𝜋 ≈ 3.14 and sin is the sine function. Using this formulation,
𝑝 is overestimated relative to 𝑝 at odd positions, and underestimated
at even positions. Furthermore, the magnitude of the deviation
between the two curves progressively increases from the first rank
until the center of the ranking, followed by a symmetric decay for
the second part of the ranking.

C Gradient of Δ̂GPBM w.r.t. the Estimated
Position Bias Curve

The gradient of the GPBM estimator Δ̂GPBM (𝜋 ; 𝑝, 𝐷 (𝑏 )
𝑀

) using the
estimated position bias curve 𝑝 for a single bootstrap sample of
ranking data 𝐷 (𝑏 )

𝑀
w.r.t. 𝑝 is:

∇𝑝 Δ̂GPBM (𝜋 ;𝑝, 𝐷 (𝑏 )
𝑀

) =∇𝑝

[
1
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𝐾∑︁
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𝑐 (𝑦 (𝑏,𝑖 ) , 𝑘)𝑤 (𝑦 (𝑏,𝑖 )
𝑘

, 𝑘)
]

(25)

=
1
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𝑐 (𝑦 (𝑏,𝑖 ) , 𝑘)∇𝑝𝑤 (𝑦 (𝑏,𝑖 )
𝑘

, 𝑘), (26)

where 𝑦 (𝑏,𝑖 ) the 𝑖’th sampled ranking in the bootstrap sample 𝐷 (𝑏 )
𝑀

,
𝑦
(𝑏,𝑖 )
𝑘

is the item at the𝑘’th position of that ranking and∇𝑝𝑤 (𝑦 (𝑏,𝑖 )
𝑘

, 𝑘)

is the vector of partial derivatives [ 𝜕𝑤 (𝑦 (𝑏,𝑖 )
𝑘

,𝑘 )
𝜕𝑝1

, . . . ,
𝜕𝑤 (𝑦 (𝑏,𝐾 )

𝑘
,𝑘 )

𝜕𝑝𝐾
] of

individual weights w.r.t. each value in the estimated position bias
curve 𝑝 . For a given weight𝑤 (𝑑, 𝑘), this partial derivative w.r.t. 𝑝𝑚 ,
the estimated position bias value at position𝑚, is then equal to:

𝜕𝑤 (𝑑, 𝑘)
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(27)
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The full gradient ∇𝑝 Δ̂GPBM (𝜋 ; 𝑝, 𝐷 (𝑏 )
𝑀

) is then obtained by collect-

ing the partial derivatives 𝜕𝑤 (𝑦 (𝑏,𝑖 )
𝑘

,𝑘 )
𝜕𝑝𝑚

for all position bias curve
positions𝑚 across all clicks in the bootstrap sample.
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D Full Results
D.1 PBM User Behavior (RQ1)
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D.2 IPM User Behavior (RQ2)
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