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Abstract
Post-click conversion rate (CVR) prediction is a central task in rec-

ommender systems, yet selection bias creates a severe distributional

gap between the clicked training samples and the entire inference

space. To address selection bias, propensity-based methods such as

inverse propensity scoring (IPS) and doubly robust (DR) have been

adopted, which aim to estimate the unbiased learning objective

from biased training samples. However, these approaches assume

strictly positive propensities, implying every user-item pair has a

nonzero probability of interaction. In practice, such positivity as-

sumption maybe violated, for example, in food-delivery platforms,

some restaurants located more than 10 kilometers away will be

blocked for recommendation. In this study, we theoretically show

that when such zero-propensity samples, termed extrapolation sam-

ples exist, both IPS and DR estimators become biased. To overcome

this limitation, we propose ExtraDebias method, which enables

debiased recommendation in both non-extrapolation and extrap-

olation samples. Specifically, we first train a propensity model to

identify extrapolation samples with extremely small propensity

estimates, then estimate their pseudo-label intervals, and derive

an upper bound of the learning objective for extrapolation sam-

ples. By minimizing the derived upper bound, debiased learning

on extrapolation samples is ensured, while unbiased learning on

non-extrapolation samples is achieved by standard IPS. Experi-

ments on four real-world offline datasets and one online A/B test

show that ExtraDebias effectively minimizes prediction errors on

extrapolation samples and achieves optimal performance.
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1 INTRODUCTION
Accurate estimation of the Post-click Conversion Rate (CVR) is a

critical component of modern recommendation systems [8, 28, 69].

CVR quantifies the conditional probability that a user performs

a specific conversion action after clicking on an item. These con-

version actions represent the ultimate business objectives across

diverse industrial scenarios, encompassing product purchases in

e-commerce [23, 24, 29], software downloads in app markets [3],

and channel subscriptions in content delivery platforms [4, 65, 68].

Due to its direct correlation with core business metrics, such as

user satisfaction and Gross Merchandise Value (GMV) [56], CVR

has become a ubiquitous metric, driving continuous advancements

in recommendation algorithms.

A critical challenge in CVR prediction is selection bias [57].

Specifically, during training, the dataset is composed exclusively

of clicked samples, as conversion labels are only observed given

a user click. In contrast, at inference time the model is required

to estimate CVRs for all candidates and select the Top-K items for

recommendation. Because user clicks are preference-driven rather

than random, for example, users are more likely to click items with

https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3805712.3809636
https://doi.org/10.1145/3805712.3809636


SIGIR ’26, July 20–24, 2026, Melbourne, VIC, Australia. Yanghao Xiao et al.

attractive titles, samples are not randomly involved in the training

data [66]. This induces a distribution shift between training and

inference data, causing CVR models trained on clicked-only data

to perform poorly at inference [41].

To address selection bias, the inverse propensity scoring (IPS)

method [40, 41] estimates the propensity score, defined as the prob-

ability of observing a user-item interaction (e.g., a click), and applies

inverse-propensity weighting to each observed sample in the train-

ing loss. By assigning higher weights to underrepresented samples,

IPS theoretically achieves unbiased training objective estimator

when propensity scores are accurate. To further enhance robust-

ness, doubly robust (DR) methods [38, 51] combine IPS with an error

imputation model. DR enjoys the property of double robustness,

ensuring unbiasedness if either the propensity scores or the impu-

tation errors are accurate. Subsequent research has made various

improvements to IPS and DR estimators, including enhancing the

accuracy of propensity score estimation [1, 18, 19, 52], mitigating

hidden confounding bias [6, 16, 17], and integrating with multi-task

learning to alleviate data sparsity [47, 60].

Despite their success, such propensity-based debiasing methods

assume that the propensity scores of all samples are strictly positive.

However, this assumption may be violated in real-world scenar-

ios. For example, on food-delivery platforms, restaurants located

more than 10 kilometers away may be blocked from recommen-

dation due to limited delivery capacity; in video recommendation,

copyright restrictions may prevent certain videos from being recom-

mended to users in specific regions. In this study, we theoretically

show that when there are extrapolation samples, i.e., samples with

zero propensities, both IPS and DR estimators become biased. Some

might argue that estimating CVR for extrapolation samples is mean-

ingless, as they are currently excluded from exposure by system

rules. However, system policies are dynamic and often evolve, for

instance, through delivery capacity expansion or new copyright

acquisitions, accurately predicting feedback for extrapolation sam-

ples carries substantial commercial value. Yet, research addressing

this problem remains lacking.

To fill this gap, we propose the Extrapolation Debiasing (ExtraDe-

bias) method, which achieves debiased recommendation on both

non-extrapolation and extrapolation samples. The method consists

of three main steps as shown in Figure 1. First, we train a propen-

sity model and partition all samples into interpolation samples with

estimated propensity scores above a threshold, and extrapolation
samples with scores below the threshold. Second, for interpolation

samples, we apply standard debiased learning techniques to ensure

unbiased training and compute pseudo-labels for all interpolation

samples. Third, for extrapolation samples, we estimate pseudo-label

intervals under a Lipschitz continuity assumption, derive an upper

bound on the unbiased CVR training objective, and minimize this

bound to control the CVR prediction error on extrapolation samples,

thereby enabling effective debiased learning. Our contributions can

be summarized as follows.

• To our knowledge, we are the first to consider the presence of

zero propensity in debiased recommendations, and theoretically

prove that previous propensity-based methods such as IPS and

DR fail in this scenario.

𝐷!"

𝐷#$%

𝐷

𝑜 = 1 𝑜 = 0

𝑖𝑓	𝑝̂ ≥ 𝐶	 ∪ 	𝑜 = 1

𝑖𝑓	𝑝̂ < 𝐶	 ∩ 	𝑜 = 0

Step1: Sample	Classification Step2: Unbiased	Learning in𝑫𝒊𝒏
𝐷!"

1 0
? 1

𝐷!"
1 0

0 1

imputation𝑔 𝑥; 𝜙

Step3: Extrapolate	by	Minimax	Optimization

Lipschitz
continuity

𝐷#$%𝐷!"

1
0

0 1

𝐷#$%

𝑟!!,#!
$%&'( 	or	𝑟!!,#!

!))'(

𝑟!",#"
$%&'( 	or	𝑟!",#"

!))'(

𝐷

prediction model

𝑓 𝑥; 𝜃

𝐷#$%
?

?𝑟!!,#!
$%&'( , 𝑟!!,#!

!))'(

1
0

0

1

𝑟!",#"
$%&'( , 𝑟!",#"

!))'(

?

?𝑟!!,#!
$%&'( , 𝑟!!,#!

!))'(

𝑟!",#"
$%&'( , 𝑟!",#"

!))'(

𝑟!!,#!
$%&'( 	or	𝑟!!,#!

!))'(

𝑟!",#"
$%&'( 	or	𝑟!",#"

!))'(

Figure 1: The ExtraDebias framework consists of three steps:
Step 1 identifies extrapolation samples, Step 2 performs de-
biasing on interpolation samples and imputes missing out-
comes, and Step 3 estimates pseudo-label intervals for ex-
trapolation samples and minimizes the worst-case risk.

• We propose the ExtraDebias method to enable debiased learning

on both interpolation and extrapolation samples, with rigorous

theoretical guarantees.

• We conduct experiments on four offline real-world datasets and

one online A/B test to validate the effectiveness of ExtraDebias.

2 PRELIMINARY
2.1 Problem Setup
Consider a user set U = {𝑢1, 𝑢2, . . . , 𝑢𝑛} and an item set I =

{𝑖1, 𝑖2, . . . , 𝑖𝑚} with 𝑛 users and𝑚 items, respectively. The target

population is defined as all samples (user-item pairs), denoted by

D =U×I. For each sample (𝑢, 𝑖) ∈ D, let 𝑥𝑢,𝑖 denote the features

or embeddings of sample (𝑢, 𝑖). In addition, we denote 𝑦𝑢,𝑖 ∈ {0, 1}
as the conversion label of (𝑢, 𝑖). Denote the CVR prediction model

as 𝑓 (𝑥𝑢,𝑖 ;𝜃 ) and the predicted label as 𝑦𝑢,𝑖 . Ideally, if the conversion
outcomes {𝑦𝑢,𝑖 : (𝑢, 𝑖) ∈ D} are fully observed, we can minimize

the following ideal loss for training the CVR prediction model

Lideal (𝜃 ) =
1

|D|
∑︁
(𝑢,𝑖 ) ∈D

𝑒𝑢,𝑖 , (1)

where 𝑒𝑢,𝑖 = ℓ (𝑦𝑢,𝑖 , 𝑦𝑢,𝑖 ) denotes the prediction error with ℓ (·, ·)
as an arbitrary loss functions such as cross-entropy loss or mean

square error. However, computing the ideal loss is impractical due

to the missingness of conversion labels for most samples in the

impression space.
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To formulate the missingness of collected data, we denote the

observational indicator as 𝑜𝑢,𝑖 ∈ {0, 1}. Specifically, 𝑜𝑢,𝑖 = 1 means

the 𝑦𝑢,𝑖 is observed and vice versa. Based on this, we obtain obser-

vational data and denote it as O = {(𝑢, 𝑖) | (𝑢, 𝑖) ∈ D, 𝑜𝑢,𝑖 = 1}.
The propensity score 𝑝𝑢,𝑖 is defined as the probability that a user-

item interaction being observed, i.e., 𝑝𝑢,𝑖 = P(𝑜𝑢,𝑖 = 1 | 𝑥𝑢,𝑖 ). A
straightforward approach to train a CVR prediction model involves

minimizing the following naive loss

Lnaive (𝜃 ) =
1

|O|
∑︁
(𝑢,𝑖 ) ∈O

𝑒𝑢,𝑖 . (2)

However, the observational data suffers from selection bias [2, 39],

causing the observed population O to be unrepresentative of the

target population D. Consequently, the naive estimator is a biased

estimator of the ideal loss E[Lnaive (𝜃 )] ≠ Lideal.

Blindly minimizing the naive loss leads to a biased CVR predic-

tion model with suboptimal performance. Therefore, constructing

unbiased estimator of the ideal loss is critical to achieveing unbiased

learning of prediction model for accurate CVR prediction.

2.2 Fundamental Debiasing Estimators
To address selection bias, the inverse propensity score (IPS) esti-

mator [41] aims to estimate the propensity scores, adopts inverse

propensity weighting on the observed population, and train the

prediction model on the weighted samples, formulated as

LIPS (𝜃 ) =
1

|D|
∑︁
(𝑢,𝑖 ) ∈D

𝑜𝑢,𝑖𝑒𝑢,𝑖

𝑝𝑢,𝑖
,

(3)

where 𝑝𝑢,𝑖 = 𝜋 (𝑥𝑢,𝑖 ;𝜓 ) represents the estimated propensity score,

and the propensity model is denoted as 𝜋 (𝑥𝑢,𝑖 ;𝜓 ). When the es-

timated propensity scores are accurate, i.e., 𝑝𝑢,𝑖 = 𝑝𝑢,𝑖 , the IPS

estimator is unbiased, i.e., E[LIPS (𝜃 )] = Lideal.

The doubly robust (DR) estimator [51] further imputes missing

data on top of IPS weighting of observed samples, expressed as

LDR (𝜃 ) =
1

|D|
∑︁
(𝑢,𝑖 ) ∈D

(
𝑒𝑢,𝑖 +

𝑜𝑢,𝑖 (𝑒𝑢,𝑖 − 𝑒𝑢,𝑖 )
𝑝𝑢,𝑖

)
,

(4)

where 𝑒𝑢,𝑖 = 𝑚(𝑥𝑢,𝑖 ; 𝜉) is the imputed error for sample (𝑢, 𝑖), ob-
tained through the imputation model𝑚(𝑥𝑢,𝑖 ; 𝜉), and the training

objective of imputation model𝑚(𝑥𝑢,𝑖 ; 𝜉) is often given as

Limp (𝜉) =
1

|D|
∑︁
(𝑢,𝑖 ) ∈D

𝑜𝑢,𝑖 (𝑒𝑢,𝑖 − 𝑒𝑢,𝑖 )2
𝑝𝑢,𝑖

. (5)

The DR estimator is unbiased i.e., E[LDR (𝜃 )] = Lideal, if either the

propensity score is accurately estimated (𝑝𝑢,𝑖 = 𝑝𝑢,𝑖 ), or the error

imputation is accurately estimated (𝑒𝑢,𝑖 = 𝑒𝑢,𝑖 ).

Note that existing propensity-based methods, including IPS, DR

estimators, and their variants, assume 𝑝𝑢,𝑖 > 0 for all (𝑢, 𝑖) ∈ D to

ensure that denominators in the weights are nonzero. In the next

section we will show that when this assumption is violated, both

IPS and DR estimators are no longer unbiased.

3 Methodology
The organization of this section is as follows: Section 3.1 first

presents the motivation of this work, Section 3.2 details the pro-

posed ExtraDebias method along with its theoretical analysis, and

Section 3.3 describes the detailed workflow and learning algorithm.

3.1 Motivation
• Prevalence of Extrapolation Samples. Zero-propensity sam-

ples are prevalent in industrial recommendation systems. This strict

inaccessibility stems from explicit systemic rules and hard con-

straint embedded within the platform’s serving logic, rather than

user disinterest. For instance, on food-delivery platforms, a restau-

rant with high potential preference for a user may be systematically

excluded from the candidate set due to rigid delivery radius con-

straints (e.g., exceeding 10 km). Similarly, in video streaming, highly

relevant content can be rendered inaccessible to users in specific re-

gions due to copyright regulations. In such instances, the exposure

probability is forced to zero (𝑝𝑢,𝑖 = 0) by system policies.

• Significance of Prediction on Extrapolation Samples. One
might overlook these extrapolation samples since they are currently

excluded by system rules. However, accurately predicting their po-

tential feedback (e.g., CVR) has substantial commercial value, as

platform policies are dynamic and constraints frequently change,

for instance, a delivery platform may expand its service radius, or

a video platform may acquire new copyrights. When such shifts

occur, previously blocked items become viable candidates. A model

that generalizes to these extrapolation samples enables counterfac-

tual evaluation, allowing platforms to estimate potential return on

investment before deployment. In contrast, a model that fails to

generalize leaves strategic decisions unguided, resulting in missed

market opportunities.

• Failure of Existing Estimators. Despite the critical importance

of these extrapolation samples, existing debiasing paradigms are ill-

equipped to handle them due to their strict reliance on the positivity

assumption. Next, we theoretically demonstrate that this violation

renders standard estimators, such as IPS andDR, biased. To illustrate

this, we explicitly decompose the ideal learning objective over the

entire space D into two disjoint parts

Lideal (𝜃 ) =
1

|D|
∑︁
(𝑢,𝑖 ) ∈D

𝑒𝑢,𝑖 =
1

|D|
∑︁

(𝑢,𝑖 ) ∈D
in

𝑒𝑢,𝑖 +
1

|D|
∑︁

(𝑢,𝑖 ) ∈Dout

𝑒𝑢,𝑖 ,

(6)

where Din = {(𝑢, 𝑖) | 𝑝𝑢,𝑖 > 0} and Dout = {(𝑢, 𝑖) | 𝑝𝑢,𝑖 = 0}.

Theorem 3.1. In the presence of extrapolation samples, given that
𝑝𝑢,𝑖 = 𝑝𝑢,𝑖 for all (𝑢, 𝑖) ∈ Din,
(a) the bias of IPS estimator is |∑(𝑢,𝑖 ) ∈Dout

𝑒𝑢,𝑖 |/|D|,
(b) the bias of DR estimator is |∑(𝑢,𝑖 ) ∈Dout

(
𝑒𝑢,𝑖 − 𝑒𝑢,𝑖

)
|/|D|.

Proof. For (a), with 𝑝𝑢,𝑖 = 𝑝𝑢,𝑖 for all (𝑢, 𝑖) ∈ Din, we have

Bias(LIPS (𝜃 )) = |E [LIPS (𝜃 )] − Lideal (𝜃 ) |

=

������ 1

|D|E


∑︁
(𝑢,𝑖 ) ∈D

in

𝑜𝑢,𝑖𝑒𝑢,𝑖

𝑝𝑢,𝑖
+

∑︁
(𝑢,𝑖 ) ∈Dout

𝑜𝑢,𝑖𝑒𝑢,𝑖

𝑝𝑢,𝑖

 − Lideal (𝜃 )

������
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=

������ 1

|D|
∑︁

(𝑢,𝑖 ) ∈D
in

𝑝𝑢,𝑖𝑒𝑢,𝑖

𝑝𝑢,𝑖
− Lideal (𝜃 )

������
=

������ 1

|D|
∑︁

(𝑢,𝑖 ) ∈D
in

(𝑝𝑢,𝑖 − 𝑝𝑢,𝑖 )𝑒𝑢,𝑖
𝑝𝑢,𝑖

− 1

|D|
∑︁

(𝑢,𝑖 ) ∈Dout

𝑒𝑢,𝑖

������
=

������ 1

|D|
∑︁

(𝑢,𝑖 ) ∈Dout

𝑒𝑢,𝑖

������ > 0.

For (b), with 𝑝𝑢,𝑖 = 𝑝𝑢,𝑖 for all (𝑢, 𝑖) ∈ Din, we have

Bias(LDR (𝜃 )) = |E[LDR (𝜃 )] − Lideal (𝜃 ) |

=

������ 1

|D|E


∑︁
(𝑢,𝑖 ) ∈D

in

(
𝑒𝑢,𝑖 +

𝑜𝑢,𝑖 (𝑒𝑢,𝑖 − 𝑒𝑢,𝑖 )
𝑝𝑢,𝑖

) +
1

|D|E


∑︁
(𝑢,𝑖 ) ∈Dout

(
𝑒𝑢,𝑖 +

𝑜𝑢,𝑖 (𝑒𝑢,𝑖 − 𝑒𝑢,𝑖 )
𝑝𝑢,𝑖

) − Lideal (𝜃 )

������
=

������ 1

|D|
∑︁

(𝑢,𝑖 ) ∈D
in

(
𝑒𝑢,𝑖 − 𝑒𝑢,𝑖 +

𝑝𝑢,𝑖 (𝑒𝑢,𝑖 − 𝑒𝑢,𝑖 )
𝑝𝑢,𝑖

)
+

1

|D|
∑︁

(𝑢,𝑖 ) ∈Dout

(
𝑒𝑢,𝑖 − 𝑒𝑢,𝑖

) ������ =
������ 1

|D|
∑︁

(𝑢,𝑖 ) ∈Dout

(
𝑒𝑢,𝑖 − 𝑒𝑢,𝑖

) ������ .
Note that accurately imputing the outcomes (or errors) for extrap-

olation samples is nearly infeasible. As discussed in Section 2.2,

existing imputation-based training methods in Equation 5 still rely

on nonzero propensities and therefore cannot guarantee accurate

imputation for extrapolation samples. Consequently, the bias is

non-zero, i.e., Bias(LDR (𝜃 )) > 0.

□

This theoretical limitation highlights a critical gap in current

literature, underscoring the urgent need for novel methodologies

capable of ensuring robust generalization even in the presence of

zero-propensity extrapolation samples.

3.2 ExtraDebias
Figure 1 illustrates the overall framework of proposed ExtraDebias

method, and we begin the detailed description by introducing the

core Lipschitz continuity assumption.

Assumption 1 (𝐿-Lipschitz). For all samples (𝑢, 𝑖) and (𝑠, 𝑡) in
D, we have |𝑟𝑢,𝑖 − 𝑟𝑠,𝑡 | ≤ 𝐿∥𝑥𝑢,𝑖 − 𝑥𝑠,𝑡 ∥2, where 𝑥 and 𝑟 denotes the
learned continuous latent embedding and CVR.

It is important to clarify that this assumption applies to the re-

lationship between the continuous latent embeddings and the

underlying CVR, rather than between discrete raw features and

binary observed labels. Specifically, discrete features (e.g., user/item

IDs, age, country) are mapped to continuous embeddings, where

the Lipschitz condition guarantees that similar embeddings imply

similar CVRs, even though the observed binary labels sampled from

these probabilities may differ due to stochasticity. This assumption

effectively bridges zero and positive propensity samples by bound-

ing the feasible outcomes for samples in Dout. Next, we describe in

detail the three steps of ExtraDebias.

• Step 1: Identifying extrapolation samples.We first learn a

propensity model 𝜋 (𝑥𝑢,𝑖 ;𝜓 ) to generate the estimated propensity

score 𝑝𝑢,𝑖 for each sample, and then identify sample (𝑢, 𝑖) with
𝑝𝑢,𝑖 < 𝐶 and 𝑜𝑢,𝑖 = 0 as extrapolation samples, forming the set

Dout. The remaining samples, i.e., those with 𝑝𝑢,𝑖 ≥ 𝐶 or 𝑜𝑢,𝑖 = 1,

are regarded as interpolation samples and constitute the set Din.

The threshold 𝐶 is a tunable hyperparameter.

• Step 2: Unbiased learning on interpolation samples. For in-
terpolation samples (𝑢, 𝑖) ∈ Din, we train an unbiased imputation

model 𝑔(𝑥𝑢,𝑖 ;𝜙) using existing debiasing objectives such as IPS

or DR loss. The learned model 𝑔(𝑥𝑢,𝑖 ;𝜙) provides pseudo-labels
for all interpolation samples (𝑢, 𝑖) ∈ Din.

• Step 3: Unbiased learning on extrapolation samples. Finally,
we train the CVR prediction model 𝑓 (𝑥𝑢,𝑖 ;𝜃 ) using both interpo-

lation and extrapolation samples, where 𝐿-Lipschitz continuity

offers CVR label interval for extrapolation samples. The CVR

prediction model is then trained by minimizing the worst-case

risk, formulated as the following optimization problem

min

𝜃
max

𝑟𝑢,𝑖 :(𝑢,𝑖 ) ∈Dout

1

|D|
©­«

∑︁
(𝑢,𝑖 ) ∈D

in

𝑒𝑢,𝑖 +
∑︁

(𝑢,𝑖 ) ∈Dout

𝑒𝑢,𝑖
ª®¬

s.t. 𝑟𝑢,𝑖 = 𝑔(𝑥𝑢,𝑖 ;𝜙), for all (𝑢, 𝑖) ∈ Din,

|𝑟𝑢,𝑖 − 𝑟𝑠,𝑡 | ≤ 𝐿∥𝑥𝑢,𝑖 − 𝑥𝑠,𝑡 ∥2, for all (𝑢, 𝑖) and (𝑠, 𝑡) ∈ D,
𝑒𝑢,𝑖 = ℓ (𝑓 (𝑥𝑢,𝑖 ;𝜃 ), 𝑟𝑢,𝑖 ), for all (𝑢, 𝑖) ∈ D .

(7)

The unbiased pseudo-labels for all interpolation samples gener-

ated in Step 2 support unbiased learning on interpolation samples in

Step 3 and provide pseudo-label intervals for extrapolation samples

under the Lipschitz continuity assumption. By further minimizing

the worst-case risk over extrapolation samples defined by these

intervals, the CVR model minimizes prediction errors on extrapola-

tion samples and thus achieves debiased learning.

Theoretical Justification. To efficiently solve the minimax prob-

lem in Equation 7, we derive a closed-form solution for the inner

maximization step. First, we establish tight bounds for the outcomes

of extrapolation samples.

Theorem 3.2 (Bounds of Extrapolation Outcomes). For ex-
trapolation sample (𝑢, 𝑖) ∈ Dout, the tight upper bound of 𝑟𝑢,𝑖 is

𝑟𝑢,𝑖 ≤ 𝑟upper𝑢,𝑖
:= min

(𝑠,𝑡 ) ∈D
in

𝑟𝑠,𝑡 + 𝐿∥𝑥𝑢,𝑖 − 𝑥𝑠,𝑡 ∥2,

and the tight lower bound of 𝑟𝑢,𝑖 is

𝑟𝑢,𝑖 ≥ 𝑟 lower𝑢,𝑖 := max

(𝑠,𝑡 ) ∈D
in

𝑟𝑠,𝑡 − 𝐿∥𝑥𝑢,𝑖 − 𝑥𝑠,𝑡 ∥2 .

Proof. For the upper bound of 𝑟𝑢,𝑖 , according to Assumption 1,

for any (𝑠, 𝑡) ∈ Din, we have

𝑟𝑢,𝑖 ≤ 𝑟𝑠,𝑡 + 𝐿∥𝑥𝑢,𝑖 − 𝑥𝑠,𝑡 ∥2
Since this inequality holds for all (𝑠, 𝑡) ∈ Din, taking the minimum

over all such pairs yields

𝑟𝑢,𝑖 ≤ min

(𝑠,𝑡 ) ∈D
in

𝑟𝑠,𝑡 + 𝐿∥𝑥𝑢,𝑖 − 𝑥𝑠,𝑡 ∥2 = 𝑟upper𝑢,𝑖
.
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Similarly, for the lower bound of 𝑟𝑢,𝑖 , for any (𝑠, 𝑡) ∈ Din, we have

𝑟𝑢,𝑖 ≥ 𝑟𝑠,𝑡 − 𝐿∥𝑥𝑢,𝑖 − 𝑥𝑠,𝑡 ∥2
Taking the maximum over all (𝑠, 𝑡) ∈ Din gives

𝑟𝑢,𝑖 ≥ max

(𝑠,𝑡 ) ∈D
in

𝑟𝑠,𝑡 − 𝐿∥𝑥𝑢,𝑖 − 𝑥𝑠,𝑡 ∥2 = 𝑟 lower𝑢,𝑖 .

□

Theorem 3.2 theoretically guarantees that the unknown ground-

truth CVR outcomes for extrapolation samples are confinedwithin a

computable range derived from the interpolation samples. Building

on this, we further derive the tight upper bound for the prediction

errors on these extrapolation samples.

Corollary 3.3 (Tight Upper Bound of Extrapolation Pre-

diction Errors). For extrapolation sample (𝑢, 𝑖) ∈ Dout, the tight
upper bound of 𝑒𝑢,𝑖 is

𝑒𝑢,𝑖 ≤ 𝑒upper𝑢,𝑖
:=max{ℓ (𝑟upper

𝑢,𝑖
, 𝑓 (𝑥𝑢,𝑖 ;𝜃 )), ℓ (𝑟 lower𝑢,𝑖 , 𝑓 (𝑥𝑢,𝑖 ;𝜃 ))}.

This corollary implies that the intractable inner maximization

problem can be simplified into a direct comparison of losses at

the two interval boundaries. This simplification drastically reduces

computational complexity, enabling efficient end-to-end training

of CVR model without iterative adversarial optimization.

In addition, determining the Lipschitz constant 𝐿 is crucial for

practical implementation. While 𝐿 is often treated as an unknown

hyperparameter, we provide a theoretical estimation for the widely-

used Matrix Factorization (MF) [11] architecture.

Theorem 3.4 (Lipschitz Constant for MF). For a Matrix Fac-
torization model where 𝑓 (𝑥𝑢,𝑖 ) = 𝜎 (𝑝𝑇𝑢𝑞𝑖 ) with normalized user and
item embeddings | |𝑝𝑢 | | = | |𝑞𝑖 | | = 1, the Lipschitz constant with
respect to the Euclidean distance of embeddings is exactly 𝐿 =

√
2

4
.

Proof. Firstly, we derive the Lipschitz constant for the function

ℎ(𝑝, 𝑞) = 𝑝𝑇𝑞. Consider any 𝑝, 𝑞, 𝑝′, 𝑞′ ∈ R𝑑 , we have
|𝑝𝑇𝑞 − 𝑝′𝑇𝑞′ | = |𝑝𝑇𝑞 − 𝑝𝑇𝑞′ + 𝑝𝑇𝑞′ − 𝑝′𝑇𝑞′ |

≤ |𝑝𝑇 (𝑞 − 𝑞′) | + |(𝑝 − 𝑝′)𝑇𝑞′ |
≤ | |𝑝 | | · | |𝑞 − 𝑞′ | | + | |𝑞′ | | · | |𝑝 − 𝑝′ | |
≤ | |𝑞 − 𝑞′ | | + | |𝑝 − 𝑝′ | |

≤
√
2 ·

√︁
| |𝑞 − 𝑞′ | |2 + ||𝑝 − 𝑝′ | |2,

where the first inequality follows from the triangle inequality, the

second from the Cauchy–Schwarz inequality, the third from the

fact that |𝑝 | = |𝑞 | = 1, and the final one from the inequality that

(𝑎 + 𝑏)2 ≤ 2(𝑎2 + 𝑏2).
The final estimated CVR 𝑟 = 𝜎 (ℎ(𝑝, 𝑞)), where 𝜎 (ℎ) = 1/(1 +

𝑒−ℎ). Note that 𝜎 ′ (ℎ) = 𝜎 (ℎ) (1 − 𝜎 (ℎ)) ≤ 1/4, then we have

|𝜎 (ℎ(𝑝, 𝑞)) − 𝜎 (ℎ(𝑝′, 𝑞′)) | ≤ 1

4

|ℎ(𝑝, 𝑞) − ℎ(𝑝′, 𝑞′) |

≤
√
2

4

·
√︁
| |𝑞 − 𝑞′ | |2 + ||𝑝 − 𝑝′ | |2 .

Therefore, the Lipschitz constant 𝐿 =
√
2

4
. □

Theorem 3.4 provides a closed-form reference value for 𝐿, elimi-

nating the need for expensive grid searches in MF-based deploy-

ments. In practice, we introduce a scaling factor 𝜏 such that 𝐿 =
√
2

4
𝜏 ,

Algorithm 1 The ExtraDebias Learning Algorithm.

1: Input: Observed samples O, all samples D, threshold 𝐶 , and

Lipschitz constant 𝐿.

2: Initialize propensity model 𝜋 (𝑥𝑢,𝑖 ;𝜓 ), imputation model

𝑔(𝑥𝑢,𝑖 ;𝜙), and prediction model 𝑓 (𝑥𝑢,𝑖 ;𝜃 ).
3: while stopping criteria is not satisfied do
4: Sample a batch of samples {(𝑢 𝑗 , 𝑖 𝑗 )} 𝐽𝑗=1 from D;

5: Update𝜓 by descending along the gradient ∇𝜓Lce (𝜓 );
6: end while
7: Compute propensity 𝑝𝑢,𝑖 = 𝜋 (𝑥𝑢,𝑖 ;𝜓 ) for (𝑢, 𝑖) in D;

8: Construct Din = {(𝑢, 𝑖) | (𝑢, 𝑖) ∈ D, 𝑝𝑢,𝑖 ≥ 𝐶 or 𝑜𝑢,𝑖 = 1}.
9: Construct Dout = {(𝑢, 𝑖) | (𝑢, 𝑖) ∈ D, 𝑝𝑢,𝑖 < 𝐶 and 𝑜𝑢,𝑖 = 0}.
10: while stopping criteria is not satisfied do
11: Sample a batch of samples {(𝑢𝑘 , 𝑖𝑘 )}𝐾𝑘=1 from Din;

12: Update 𝜙 by descending along the gradient ∇𝜙LIPS (𝜙);
13: end while
14: 𝑟𝑢,𝑖 ← 𝑔(𝑥𝑢,𝑖 ;𝜙), for (𝑢, 𝑖) ∈ Din.

15: 𝑟
upper

𝑢,𝑖
← min(𝑠,𝑡 ) ∈D

in
𝑟𝑠,𝑡 + 𝐿 | |𝑥𝑢,𝑖 − 𝑥𝑠,𝑡 | |2, for (𝑢, 𝑖) ∈ Dout.

16: 𝑟 lower𝑢,𝑖 ← max(𝑠,𝑡 ) ∈D
in
𝑟𝑠,𝑡 − 𝐿 | |𝑥𝑢,𝑖 − 𝑥𝑠,𝑡 | |2, for (𝑢, 𝑖) ∈ Dout.

17: while stopping criteria is not satisfied do
18: Sample a batch of samples {(𝑢𝑙 , 𝑖𝑙 )}𝐿𝑙=1 from D;

19: Update 𝜃 by descending along the gradient ∇𝜃Lext (𝜃 );
20: end while

where 𝜏 acts as a risk tolerance parameter, where larger 𝜏 implies a

more conservative extrapolation strategy by allowing larger out-

come variations.

One key distinction warrants emphasis: although Theo-

rem 3.4 is derived for MF, this does not mean our method is limited

to MF. For more complex deep learning backbones (e.g., DNNs),

where analytical derivation is difficult, the Lipschitz constant 𝐿 can

be approximated via spectral norm estimation or just tuned as a

hyperparameter, ensuring the broad applicability of our approach.

In subsequent experiments, we validate this claim using the widely

adopted DCN [49] backbone in industrial settings.

3.3 The Workflow of ExtraDebias
In this section, we provide the training algorithm for the ExtraDe-

bias in Algorithm 1. The detailed procedure is described as follows.

• Firstly, we train a propensity model 𝜋 (𝑥𝑢,𝑖 ;𝜓 ) with the widely

adopted cross entropy loss (lines 3-6)

Lce (𝜓 ) =
1

|D|
∑︁
(𝑢,𝑖 ) ∈D

𝐶𝐸 (𝜋 (𝑥𝑢,𝑖 ;𝜓 ), 𝑜𝑢,𝑖 ) + 𝜆ce | |𝜓 | |2𝐹 , (8)

where 𝐶𝐸 (·, ·) is the binary cross-entropy loss, 𝜆ce > 0 is a hy-

perparameter, and | |𝜓 | |2
𝐹
is the Frobenius norm. After training the

propensity model, we impute propensity 𝑝𝑢,𝑖 = 𝜋 (𝑥𝑢,𝑖 ;𝜓 ) for (𝑢, 𝑖)
in D, and then divide D into two disjoint sets (lines 7-9)

Din = {(𝑢, 𝑖) | (𝑢, 𝑖) ∈ D, 𝑝𝑢,𝑖 ≥ 𝐶 or 𝑜𝑢,𝑖 = 1},
Dout = {(𝑢, 𝑖) | (𝑢, 𝑖) ∈ D, 𝑝𝑢,𝑖 < 𝐶 and 𝑜𝑢,𝑖 = 0}. (9)

• Secondly, we learn an unbiased imputation model 𝑔(𝑥𝑢,𝑖 ;𝜙) by
minimizing an existing debiasing loss across the samples in Din

(lines 10-13). This step can accommodate any advanced debiasing

method. In this paper, we employ the standard IPS method as an
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illustrative example for its simplicity and effectiveness

LIPS (𝜙) =
1

|Din |
∑︁

(𝑢,𝑖 ) ∈D
in

𝑜𝑢,𝑖 ℓ (𝑔(𝑥𝑢,𝑖 ;𝜙), 𝑟𝑢,𝑖 )
𝑝𝑢,𝑖

+ 𝜆IPS | |𝜙 | |2𝐹 , (10)

where 𝜆IPS > 0 is a hyperparameter. The learned imputation model

𝑔(𝑥𝑢,𝑖 ;𝜙) outputs the imputed CVR outcomes for all interpola-

tion samples (𝑢, 𝑖) ∈ Din and further provides interval estimates

[𝑟 lower𝑢,𝑖 , 𝑟
upper

𝑢,𝑖
] of the CVR outcomes for all extrapolation samples

(𝑢, 𝑖) ∈ Dout based on the Lipschitz continuity assumption, as

stated in Theorem 3.2 (lines 14–16).

• Finally, we compute the upper bound of the prediction error

for extrapolation samples using the closed-form solution in Corol-

lary 3.3, forming the worst-case risk Lout (𝜃 ). Combined with the

base prediction loss on interpolation samples Lin (𝜃 ), this forms

the total training loss for the CVR model 𝑓 (𝑥𝑢,𝑖 ;𝜃 )
Lext (𝜃 ) = Lin (𝜃 ) + Lout (𝜃 )

=
1

|D|
©­«

∑︁
(𝑢,𝑖 ) ∈D

in

ℓ (𝑓 (𝑥𝑢,𝑖 ;𝜃 ), 𝑔(𝑥𝑢,𝑖 ;𝜙)) +
∑︁

(𝑢,𝑖 ) ∈Dout

𝑒
upper

𝑢,𝑖

ª®¬ + 𝜆ext | |𝜃 | |2𝐹 ,
(11)

where 𝜆ext > 0 is a hyperparameter. The CVR model 𝑓 (𝑥𝑢,𝑖 ;𝜃 ) is
optimized using Lext (𝜃 ) (lines 17–20) to minimize prediction errors

on both interpolation and extrapolation samples.

4 EXPERIMENTS
In this section, we conduct experiments to answer the following

research questions (RQs):

• RQ1: Does the proposed ExtraDebias method effectively address

the zero propensity challenge and outperform existing state-of-

the-art (SOTA) debiasing methods?

• RQ2: Does the proposed extrapolation error control strategy

(minimax optimization) improve model performance?

• RQ3: How do different components (e.g., 𝐶 in extrapolation sam-

ple identification and 𝜏 for Lipschitz constant estimation) influ-

ence the performance?

• RQ4: Does ExtraDebias achieve better performance in real-world

application scenarios?

4.1 Experimental Settings
In this study, we conduct experiments on four real-world offline

datasets, including three public datasets and one private industrial

dataset. In addition, we perform online experiments to validate the

performance of the proposed method in real-world settings.

4.1.1 Public Datasets. Our experiments are conducted on three

real-world datasets: Coat
1
[41], Yahoo! R3

2
[31], and KuaiRec

3
[7],

which cover music, short video, and coat recommendation tasks, re-

spectively. These datasets provide unbiased data collected through

random exposure policies to validate methods’ debiasing perfor-

mance. Following [15, 22], we binarize the ratings for Coat and

Yahoo! R3, setting ratings less than 4 to negative feedback 0 and

those of 4 or higher to positive feedback 1. For KuaiRec, we bina-

rize the watching ratio by setting values less than 2 to 0 and those

1
https://www.cs.cornell.edu/~schnabts/mnar/

2
https://www.kaggle.com/datasets/limitiao/yahoor3

3
https://kuairec.com/

equal to or greater than 2 to 1, as suggested in prior study [7]. Al-

though these widely adopted public datasets provide unbiased data

for evaluation, they lack an explicit partition of zero-propensity

extrapolation samples. To simulate such setting, we use the iso-

lation forest algorithm [26] to remove outliers from the training

set while keeping the test set intact. This preprocessing creates a

more compact training space, increasing the prediction difficulty

for potential extrapolation samples and providing a more suitable

testbed for our method.

4.1.2 Private Datasets. To further simulate real zero-propensity

scenarios, we manually intervened in business data and applied

system-level exposure blocking based on explicit feature semantics

to create real zero-propensity regions. Specifically, using offline logs

from our production recommender system, we split the data into

training and test sets chronologically. We then applied policy-based

blocking rules (e.g., excluding Michelin restaurants for students) to

the training data, yielding a training set of 8million interactions that

contains zero-propensity samples. The test data were left unaltered,

resulting in both an unrestricted test set of 3 million interactions

and a dedicated extrapolation subset of 0.8 million interactions that

is subject only to the blocking rules (e.g., Michelin restaurants for

students). The resulting datasets comprise 56 sparse features, 306

continuous features, and both click and conversion labels.

4.1.3 Baselines. We compare ExtraDebias with the following base-

lines: (1) Naive estimator: which directly fits the observational

data without debiasing shown in Equation 2; (2) Information Bot-
tleneck (IB) based estimator: CVIB [54], DIB [25]; (3) IPS based
estimators: IPS [41], SNIPS [45], ASIPS [37], ESCM

2
-IPS [47],

IPS-V2 [18], AKBIPS [19]; (4) DR based estimators: DR-JL [51],

MRDR-JL [9], DR-BIAS [5], DR-MSE [5], TDR-JL [15], StableDR [22],

ESCM
2
-DR [47], DR-V2 [18], AKBDR [19], DCE-DR [12]. On public

datasets, following prior studies [12, 15, 22, 37, 51], and to ensure

fair comparison, all baseline methods adopt logistic regression for

the propensity score model, while both the prediction and imputa-

tion models are implemented using Matrix Factorization (MF) [11].

On the private industrial dataset, we adopt a Deep & Cross Network

(DCN) [49] as the backbone.

4.1.4 Experimental Details. To implement ExtraDebias, we set the

threshold 𝐶 for extrapolation sample identification as the 𝑄-th

percentile of the propensity scores over all samples, where the hy-

perparameter 𝑄 is tuned from the set {0.1, 0.5, 1, 5, 10}. We tune

the learning rate in {0.01, 0.03, 0.05}, weight decay in {10−6, 5 ×
10
−6, . . . , 10−1}, and the scaling hyperparameter 𝜏 for Lipschitz con-

stant estimation in {0.01, 0.05, 0.1, 0.5, 1, 5, 10}. On public datasets,

we evaluate the prediction performance using AUC, Recall@𝐾 , and

NDCG@𝐾 , where 𝐾 = 5 for the Coat and Yahoo! R3 datasets, and

𝐾 = 50 for the KuaiRec dataset. On the private industrial dataset,

we employ AUC, KS (Kolmogorov-Smirnov), and LogLoss for eval-

uation. All experiments on public datasets are conducted on an

NVIDIA A100 GPU using PyTorch. Experiments on the private

dataset and the online A/B test are performed using a TensorFlow-

based deep learning framework.

https://www.cs.cornell.edu/~schnabts/mnar/
https://www.kaggle.com/datasets/limitiao/yahoor3
https://kuairec.com/
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Table 1: Performance comparison on three public datasets. The best results are shown in bold, and the best baseline results are
underlined. * indicates statistical significance based on a paired t-test at the 0.05 level compared to the best baseline.

Method

Coat Yahoo! R3 KuaiRec

AUC Recall@5 NDCG@5 AUC Recall@5 NDCG@5 AUC Recall@50 NDCG@50

Naive 0.695±0.009 0.425±0.012 0.605±0.013 0.670±0.002 0.390±0.003 0.632±0.003 0.758±0.001 0.605±0.002 0.546±0.004
CVIB 0.719±0.004 0.434±0.008 0.619±0.010 0.688±0.001 0.425±0.002 0.656±0.002 0.773±0.002 0.634±0.005 0.556±0.003
DIB 0.714±0.006 0.430±0.009 0.621±0.011 0.690±0.001 0.421±0.002 0.654±0.002 0.770±0.002 0.636±0.004 0.560±0.003

IPS 0.716±0.005 0.435±0.010 0.615±0.011 0.679±0.002 0.416±0.004 0.639±0.003 0.763±0.004 0.634±0.006 0.554±0.007
SNIPS 0.720±0.005 0.440±0.009 0.618±0.010 0.683±0.001 0.415±0.002 0.644±0.003 0.764±0.003 0.640±0.005 0.559±0.006
ASIPS 0.712±0.008 0.438±0.013 0.622±0.014 0.678±0.001 0.414±0.003 0.637±0.002 0.762±0.005 0.628±0.010 0.555±0.006
ESCM

2
-IPS 0.728±0.004 0.447±0.009 0.638±0.008 0.690±0.001 0.426±0.003 0.659±0.003 0.772±0.002 0.640±0.004 0.556±0.005

IPS-V2 0.730±0.004 0.450±0.006 0.640±0.007 0.689±0.002 0.428±0.002 0.657±0.002 0.774±0.003 0.640±0.005 0.549±0.004
AKBIPS 0.729±0.006 0.445±0.011 0.632±0.009 0.692±0.002 0.432±0.004 0.660±0.003 0.770±0.004 0.643±0.006 0.559±0.006

DR-JL 0.730±0.004 0.440±0.009 0.627±0.010 0.681±0.002 0.426±0.003 0.648±0.002 0.768±0.004 0.637±0.006 0.557±0.009
MRDR-JL 0.733±0.003 0.444±0.009 0.629±0.008 0.682±0.002 0.427±0.003 0.651±0.003 0.771±0.004 0.635±0.006 0.560±0.007
DR-BIAS 0.735±0.003 0.445±0.008 0.633±0.007 0.684±0.002 0.429±0.003 0.653±0.002 0.770±0.003 0.637±0.005 0.562±0.006
DR-MSE 0.736±0.004 0.448±0.009 0.635±0.008 0.687±0.002 0.430±0.004 0.659±0.004 0.772±0.004 0.640±0.006 0.560±0.008
TDR-JL 0.732±0.005 0.443±0.007 0.630±0.009 0.689±0.002 0.424±0.004 0.658±0.004 0.775±0.004 0.636±0.004 0.554±0.003
StableDR 0.738±0.005 0.449±0.006 0.638±0.007 0.688±0.002 0.430±0.004 0.661±0.003 0.773±0.002 0.633±0.003 0.553±0.003
ESCM

2
-DR 0.738±0.007 0.448±0.009 0.642±0.006 0.689±0.001 0.433±0.003 0.663±0.003 0.779±0.005 0.644±0.006 0.562±0.006

DR-V2 0.740±0.008 0.451±0.008 0.643±0.006 0.691±0.002 0.432±0.002 0.662±0.003 0.777±0.007 0.644±0.007 0.563±0.008
AKBDR 0.743±0.004 0.456±0.007 0.646±0.005 0.694±0.002 0.435±0.004 0.665±0.004 0.782±0.004 0.648±0.005 0.567±0.007
DCE-DR 0.740±0.002 0.450±0.006 0.640±0.007 0.697±0.002 0.438±0.003 0.668±0.004 0.786±0.004 0.647±0.005 0.565±0.005
ExtraDebias 0.746±0.003 0.465∗±0.006 0.658∗±0.006 0.700∗±0.001 0.442∗±0.002 0.673∗±0.003 0.796∗±0.002 0.653±0.004 0.578∗±0.007

Table 2: Ablation study on the training loss components of the ExtraDebias method. The competitive baseline DCE-DR is used
for comparison against ExtraDebias and its ablated variants. The best result is shown in bold, and the second-best is underlined.

Method

Training loss Coat Yahoo! R3 KuaiRec

Lin Lout AUC Recall@5 NDCG@5 AUC Recall@5 NDCG@5 AUC Recall@50 NDCG@50

DCE-DR × × 0.740±0.002 0.450±0.006 0.640±0.007 0.697±0.002 0.438±0.003 0.668±0.004 0.786±0.004 0.647±0.005 0.565±0.005
ExtraDebias† ✓ × 0.737±0.003 0.449±0.006 0.646±0.005 0.693±0.001 0.435±0.003 0.662±0.002 0.793±0.001 0.646±0.006 0.569±0.006
ExtraDebias‡ × ✓ 0.583±0.015 0.326±0.016 0.489±0.019 0.536±0.009 0.377±0.012 0.594±0.016 0.580±0.006 0.589±0.0016 0.403±0.021
ExtraDebias ✓ ✓ 0.746±0.003 0.465∗±0.006 0.658∗±0.006 0.700∗±0.001 0.442∗±0.002 0.673∗±0.003 0.796∗±0.002 0.653±0.004 0.578∗±0.007

4.2 Performance Comparison (RQ1)
Table 1 presents the prediction performance of various debiasing

methods across three public datasets. The Naive method, which

ignores selection bias, exhibits the worst performance. To address

this issue, IPS and DR-JL were proposed, both of which significantly

improve prediction performance, demonstrating the effectiveness

of propensity-based methods in mitigating selection bias. Building

on these, classical variance reduction techniques such as SNIPS and

StableDR further alleviate the high variance caused by small propen-

sity scores, leading to enhanced prediction accuracy. Among these

baselines, the most competitive methods are AKBDR and DCE-DR,

both of which aim to improve propensity estimation. Specifically,

AKBDR introduces a regularization term that adaptively selects

kernel functions to enforce balance in the propensity model, while

DCE-DR proposes a calibration loss based on the propensity model

outputs and the observation indicators to guide propensity learning.

In comparison, the proposed ExtraDebias method achieves the best

overall performance on all three datasets. This result suggests that,

compared to existing variance reduction and enhanced propensity

learning strategies, ExtraDebias more effectively addresses the ex-

trapolation error caused by zero propensity scores, thereby yielding

significant performance gains.

4.3 Ablation Study (RQ2)
Table 2 investigates the roles of the interpolation and extrapolation

losses in CVR training within the ExtraDebias method, and the

main findings are as follows:

• ExtraDebias† retains only Lin loss to ensure unbiased learning

on interpolation samples but degrades the prediction ability to

generalize to extrapolation samples, and its performance remains

comparable to DCE-DR.

• ExtraDebias‡ relies exclusively on the extrapolation loss Lout,

leading to a significant performance drop, which indicates that

extrapolation is infeasible without the fundamental supervision

provided by high-confidence interpolation samples.
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Figure 2: Effect of threshold 𝐶 (tuned by hyper-parameter 𝑄)
on prediction performance.

• ExtraDebias integrates both Lin and Lout to achieve effective

debiasing on both interpolation and extrapolation samples, and

demonstrates the optimal performance.

4.4 In-Depth Analysis (RQ3)
Extrapolation Sample Identification. Figure 2 illustrates the

impact of the threshold 𝐶 in extrapolation sample identification,

where𝐶 is set as the𝑄-th percentile of estimated propensity scores

over all samples. The lines and error bars indicate the mean per-

formances and 90% confidence intervals. The results show that the

best performance is achieved when 𝑄 takes a moderate value, for

example 𝑄 = 0.5 or 𝑄 = 1. If 𝑄 is set too large, more samples

are classified as extrapolation samples, introducing a substantial

number of misclassified noisy-labeled samples and leading to per-

formance degradation. Conversely, when 𝑄 is set too small, only

a very limited number of samples are identified as extrapolation

samples. In this case, the proposed worst-case risk on extrapolation

samples has little effect, and performance gains are constrained.

Lipschitz Smoothness Strength. Figure 3 illustrates the effect
of the scaling hyperparameter 𝜏 in Lipschitz constant estimation,

where the lines and error bars indicate the mean performances and

90% confidence intervals. A smaller 𝜏 yields a smaller Lipschitz

constant 𝐿 and a narrower pseudo-label interval for extrapolation

samples, corresponding to a more aggressive extrapolation strategy

that may underestimate the upper bound of the prediction error. As

shown in the figure, prediction performance is largely insensitive

to the choice of 𝜏 . Even with substantial variation in 𝜏 , the proposed

method consistently outperforms the competitive baseline DCE-

DR by a notable margin. Moreover, the results indicate that the

dependence on the Lipschitz continuity assumption is mild, as
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Figure 3: Effect of scaling hyper-parameter 𝜏 for Lipschitz
constant estimation on prediction performance.

strong performance is maintained even for large 𝜏 values (e.g.,

𝜏 = 10), which correspond to a weak smoothness requirement.

4.5 Real-world Application Performance (RQ4)
Performance on Private Industrial Dataset. Table 3 compares

the ability of different CVR prediction methods to handle extrapo-

lation error in real-world applications. All methods are trained on

data containing zero-propensity extrapolation regions induced by

deliberate intervention, and evaluated on both an Unrestricted Test

Set that includes interpolation and extrapolation samples, and an

Extrapolation Test Subset consisting only of extrapolation samples.

On this industrial dataset, where interactions are extremely sparse,

ESCM
2
-DR, which incorporates multi-task learning to alleviate data

sparsity, achieves the best performance among the baselines. The

proposed ExtraDebias attains the best results across all metrics and

delivers substantial improvements on the extrapolation test subset.

These results demonstrate that ExtraDebias effectively addresses

extrapolation error in real-world settings and further enhances

prediction performance.

Online A/B Test. To validate ExtraDebias in a practical industrial

setting, we conducted online A/B testing on a large-scale recommen-

dation platform.We deployed both ExtraDebias and the competitive

industrial baseline, ESCM
2
-DR, using a TensorFlow-based machine

learning infrastructure. It is crucial to note that items restricted as

zero-propensity samples during offline training may become viable

candidates during online inference due to policy updates, thereby

serving as a proper testbed for the model’s extrapolation general-

ization. Table 4 reports the relative improvements of ExtraDebias

over the baseline ESCM
2
-DR in CVR and Return on Investment

(ROI). Results over five consecutive days show that ExtraDebias
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Table 3: Performance comparison on the private industrial
dataset. The best results are shown in bold, and the best base-
line results are underlined. "Imp. ↑" indicates the improve-
ment of ExtraDebias over the optimal baseline ESCM2-DR.

Method

Unrestricted Test Set Extrapolation Test Subset

AUC ↑ KS ↑ LogLoss ↓ AUC ↑ KS ↑ LogLoss ↓

Naive 0.6541 0.2346 0.0650 0.6416 0.2092 0.0697

ESMM 0.6608 0.2428 0.0613 0.6376 0.1996 0.0619

IPS 0.6741 0.2742 0.0635 0.6609 0.2614 0.0638

DR 0.6839 0.2884 0.0628 0.6697 0.2735 0.0634

AKBIPS 0.6847 0.2945 0.0613 0.6718 0.2758 0.0630

AKBDR 0.6883 0.2911 0.0619 0.6723 0.2761 0.0627

DCE-DR 0.6941 0.3022 0.0581 0.6789 0.2692 0.0593

ESCM
2
-IPS 0.6892 0.2981 0.0608 0.6767 0.2726 0.0616

ESCM
2
-DR 0.6989 0.3131 0.0575 0.6843 0.2983 0.0592

ExtraDebias 0.7053 0.3357 0.0569 0.6931 0.3130 0.0550
Imp. ↑ +0.92% +7.22% +1.04% +1.29% +4.93% +7.09%

Table 4: Results of the 5-day online A/B test. "Avg." denotes
the average relative improvement over the 5 days.

Day1 Day2 Day3 Day4 Day5 Avg.

CVR +1.14% +1.62% +1.27% -1.04% +1.09% +0.82%
ROI +0.78% +1.29% +1.83% -0.47% +2.82% +1.25%

consistently outperforms the baseline, yielding average relative

improvements of 0.82% in CVR and 1.25% in ROI.

5 RELATEDWORK
5.1 Debiased Recommendation
Selection bias is prevalent in recommendation systems [2, 51, 57],

and ignoring such bias leads to poor prediction performance [14,

20, 21]. To address selection bias, the error imputation based (EIB)

methods [30, 43] have been proposed to impute missing data and

train prediction model using both observed and imputed data. The

inverse propensity score (IPS) methods [27, 40, 41] estimate the

probability of a sample being observed and apply inverse prob-

ability weighting to construct an estimator of the ideal loss for

prediction model training. The doubly robust (DR) methods [38, 51]

combine error imputation with inverse propensity weighting strate-

gies, achieving doubly robust property. Propensity based methods

such as IPS and DR have demonstrated strong performance, leading

to extensive follow-up work aimed at improving them.

A major line of research focuses on improving the estimation of

propensity scores and error imputation. For example, some studies

introduce balancing constraints to achieve more accurate propen-

sity score estimation [18, 19, 48], while Li et al. [15] enhance the

error imputation model via targeted learning. Kweon and Yu [12]

propose jointly calibrating both the propensity and imputation

models to improve estimation accuracy. Moreover, when a small

amount of RCT data is available, existing work adopts bi-level

optimization to enhance model selection for both propensity and

imputation models [1, 52]. Unobserved confounding is another ac-

tive research area, aiming to address biases caused by insufficiently

observed features [58, 67]. Common approaches include worst-case

control methods based on sensitivity analysis [6] and model correc-

tion techniques that incorporate RCT data [16, 17]. Moreover, in

practical applications, data sparsity poses additional challenges for

debiasing [35, 64], for which multi-task learning and shared-bottom

embedding techniques are employed to alleviate the adverse effects

of sparse data [44, 47, 70].

However, existing debiasing approaches rely on the positivity

propensity assumption, which requires 𝑝𝑢,𝑖 > 0 for all (𝑢, 𝑖) ∈
D and may not hold in certain real-world scenarios. This study

shows that when zero-propensity samples are present, both IPS

and DR estimators become biased, and proposes the ExtraDebias

to address this problem. Crucially, the zero-propensity challenge

is fundamentally distinct from the high-variance issue caused by

extremely small propensity scores. While the latter can be mitigated

by variance reduction strategies such as self-normalization [45],

variance minimization imputation learning [9], and bias-variance

joint optimization [5, 10], these methods are ineffective when the

propensity score is exactly zero, as inverse propensity weighting

cannot be applied when the denominator is zero.

5.2 Cold-start Recommendation
Classical cold-start recommendation aims to provide better recom-

mendations for new users or items with no historical interaction

data [59, 61]. One prominent line of work adopts meta-learning

paradigms to enable adaptation to these new entities. By simu-

lating cold-start scenarios during training, these methods extract

transferable meta-knowledge or initial parameters from limited

support sets, empowering the model to effectively infer preferences

for unseen samples [13, 34, 50]. Another line of work leverages

generative and perturbation techniques to reconstruct collabora-

tive signals from content features. These approaches typically syn-

thesize virtual ID embeddings or intentionally corrupt input data

during training, thereby forcing the model to learn robust repre-

sentations solely from auxiliary content when interaction records

are unavailable [46, 53, 62].

Crucially, the zero-propensity problem is notably distinct
from the cold-start problem regarding the target samples.
Existing cold-start techniques specifically target newly arriving

users or items with empty history. In contrast, our work addresses

systematically blocked user-item pairs dictated by platform rules

(e.g., geographic restrictions), where both the user and the item

may be active and mature with rich histories, yet their specific

interaction is forbidden.

5.3 Distribution Robust Optimization
Distributionally Robust Optimization (DRO) assumes that the true

data distribution is unknown but lies within a predefined uncer-

tainty set, seeking to minimize the worst-case risk over this set to

ensure generalization [33, 36]. Standard approaches typically con-

struct these uncertainty sets using statistical constraints, such as

theWasserstein distance, and solve the resulting min-max problems

via Lagrangian relaxation [32, 42]. In recommender systems, DRO

has been actively introduced to enhance model robustness against
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data heterogeneity and distribution shifts. For instance, Wen et al.

[55] formulated the recommendation task as a DRO problem to

optimize the worst-case user experience, thereby mitigating the

unfairness arising from imbalanced user interactions. Parallelly,

Zhao et al. [63] leveraged DRO to construct uncertainty sets that

specifically account for popularity shifts, effectively addressing the

distribution bias driven by item popularity.

However, the application of DRO in causal debiasing remains

scarce, particularly for addressing the zero-propensity challenge

where traditional reweighting paradigms are mathematically unde-

fined. To bridge this gap, we reformulate the extrapolation problem

as a specialized DRO task. Unlike general DRO frameworks that

rely on computationally expensive Lagrangian dual optimization,

we derive a closed-form, tight upper bound for the prediction error

on zero-propensity extrapolation samples. This enables an exact

and efficient optimization of the worst-case risk, free from the

computational burden of min-max optimization.

6 CONCLUSION
This study investigates the selection bias mitigation methods in

the presence of extrapolation samples, which refer to the user-item

pairs with zero probability of interaction (zero propensity). Specifi-

cally, we first theoretically show that when extrapolation samples

are present, the widely adopted propensity based methods such as

IPS andDR estimators are biased. To tackle this problem,we propose

ExtraDebias, which, to the best of our knowledge, is the first work

in the recommender system field to addresses the zero propensity

challenge. The method consists of three main components: extrapo-

lation sample identification based on a pretrained propensity model,

imputation model learning on interpolation samples with positive

propensity using existing debiasing methods, and extrapolation

error control via minimax optimization. The proposed approach is

grounded in the Lipschitz continuity assumption, which enables

extrapolation from regions with positive propensity to those with

zero propensity. We argue and empirically demonstrate that this as-

sumption is mild and practically reasonable. In addition, we provide

theoretical analyses regarding the upper bound of extrapolation

error and the estimation of the Lipschitz constant. Experimental

results on three public datasets, one private industrial dataset, and

an online A/B test validate the effectiveness of ExtraDebias.

One limitation is that the L-Lipschitz continuity assumption

underlying extrapolation may be violated when embeddings lack

sufficient discriminability (e.g., collapsing to raw features) or when

the CVR function exhibits abrupt discontinuities due to hard con-

straints (e.g., a user purchases only if the price falls strictly below a

fixed threshold). Developing effective extrapolation methods under

such settings remains an important direction for future research.
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