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Abstract Keywords

Collected data with non-random missing labels poses a widely
recognized challenge for unbiased learning. For example, in rec-
ommender systems, users are free to choose whether or not to
rate an item. To achieve unbiased learning under MNAR data, a
variety of methods have been proposed, such as reweighting and
imputation. Among them, doubly robust (DR) based methods are
widely adopted due to their appealing theoretical guarantees. How-
ever, these guarantees rely on strong assumptions that either the
propensity or the imputation is accurate for all units (such as user-
item pairs), which is very hard to achieve in real-world scenarios.
Previous studies show that a small error in imputation can lead
to a large bias in DR-based methods. Furthermore, for units with
missing labels, we lack an effective method to evaluate the imputa-
tion quality. In this work, we propose a model-agnostic framework
to assess the accuracy of imputed labels and to correct imputa-
tions with large bias based on conformal prediction. Specifically,
we leverage conformal prediction to construct a valid prediction
set for units with unobserved labels, and revise imputations that
fall outside this set. Extensive experiments are conducted on three
real-world datasets and one semi-synthetic dataset to show the
effectiveness of our proposed method. Our code is available at
https://github.com/lixiang-222/conformal-prediction-for-MNAR.

CCS Concepts

+ Computing methodologies — Machine learning; - Informa-
tion systems — Data mining.
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1 Introduction

Data missing not at random (MNAR) means that the distribution
of collected data differs from that of the target population, which
is also known as selection bias [10]. Ignoring selection bias makes
machine learning methods difficult to achieve unbiased prediction
and reliable evaluation. Taking recommender systems (RS) as an ex-
ample, which aim to deliver high-quality items to users to enhance
personalized experiences [27, 46], and have been widely applied
in various domains such as e-commerce [21, 22, 56, 58] and social
media [25, 41, 52, 54]. In RS, models are usually trained on collected
historical feedback, while users are free to choose which items to
interact with or rate and are more likely to provide feedback on
items they prefer [32, 33]. Therefore, the observed ratings are not
representative of all user-item pairs. Directly training prediction
models on such MNAR data can lead to biased risk estimation and
sub-optimal prediction performance.

To solve this issue, existing methods can be broadly divided into
three types. The error-imputation-based (EIB) methods [1, 36] esti-
mate pseudo-labels for missing label instances and train prediction
models on both observed and imputed labels. The inverse propen-
sity score (IPS) [33, 45, 53] based methods adopt a reweighting
strategy on observed samples to adjust the observed distribution to
the target data (i.e., all user-item pairs) distribution. To combine the
strengths of both methods, doubly robust (DR) [31, 47, 53] based
methods are proposed, which uses imputation and reweighting
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simultaneously. In addition, many enhanced DR methods [4, 8, 44]
are further proposed to control the bias, variance, calibration, and
balancing of the vanilla DR. Due to the theoretical advantages over
IPS, such as double robustness and variance reduction, DR-based
methods are widely used in practice.

However, accurate imputation remains challenging under non-
random missing labels. Previous methods show that even minor
imputation errors can induce significant bias in DR-based estima-
tors [34, 44]. To improve imputation accuracy, we first need to
assess whether the imputation is approximately equal to the true
rating, but it is difficult for samples with missing ratings. Previous
methods, such as CDR [34], attempt to quantify imputation accu-
racy, but they rely on many assumptions (e.g., the prediction error
obeys normal distribution). Moreover, upon finding the samples
with poor imputation accuracy, these methods can only discard
them rather than revise the imputation results.

In this paper, we take RS with non-random missing labels as an
example, aiming to answer the following two questions: (1) how to
quantify the accuracy of imputations, especially for user-item pairs
with missing ratings, and (2) how to correct the high-bias imputa-
tions to train a better prediction model. Specifically, we propose to
adopt conformal prediction (CP) [38, 39] to construct a prediction
interval for the true value with a pre-defined confidence. However,
a direct application of standard CP is invalid, as the observed data
and unobserved data follow different distributions. To address this
distribution shift, we propose a model-agnostic weighted conformal
prediction (WCP) method inspired by [39], which can be adapted
to any DR-based method as a plug-in. Specifically, we first split the
observed dataset into two parts, the training set and the calibration
set. Second, we pretrain a prediction model on the training set, and
we compute the prediction error on the calibration set. Based on
the prediction error, we construct a weighted prediction interval
for user-item pairs with missing ratings. Then, we train a DR-based
method, examining whether the imputation falls into the prediction
interval to decide weather imputation has a large bias, and revise
the imputation by clipping it into the interval or directly dropping
during the training process. The main contributions are as follows:

e We propose a model-agnostic weighted conformal prediction
framework to assess the accuracy of imputations and correct
imputations with large bias without assumptions.

e We propose a DR-based learning algorithm to adapt the
weighted conformal prediction with theoretical guarantee.

e We conduct extensive experiments on one semi-synthetic
dataset and three real-world datasets to show the effective-
ness of the proposed method.

2 Related Work
2.1 Non-Random Missing Labels

Non-random missing labels is a pervasive challenge in the collected
data [16, 17, 42, 48]. In RS, it arises from the fact that users selec-
tively interact with items they are interested in [29, 35]. In other
words, there is a distribution shift between the training data and
the target population (all user-item pairs) [20, 51]. Directly training
models on such biased data typically results in suboptimal per-
formance [33, 50]. To mitigate this issue [43, 49, 57, 59], existing
debiasing methods can be broadly categorized into three paradigms.
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Based on the causal inference techniques, the first category is EIB
methods [1, 9, 35], which aim to impute the errors of missing data
using an imputation model. The second category is IPS [10, 26, 32],
which reweights the observed samples by the inverse of propensity
scores to reweight the observational distribution to the target one.
However, IPS suffers from high variance, especially when propen-
sity scores are small. To combine the strengths of both methods,
DR methods [31, 44] have been proposed. DR estimators augment
IPS with an error imputation term, achieving unbiasedness if either
the propensity model or the imputation model is correctly specified.
Recently, DR has been one of the most popular methods and is
widely used in practice due to the promising theoretical guarantees.
In addition, many enhanced DR methods are proposed to further
mitigate bias and imputation misspecification [14, 15, 19], control
variance [8], enhance propensity model balancing [18, 20], and
enhance model calibration [7, 12]. In addition, many DR-enhanced
methods have been proposed when combining a small portion of
unbiased data [2, 24, 45].

However, DR-based methods are highly sensitive to these im-
putations: even a small error in the imputation model can lead to
a large bias in the ideal loss estimation. Therefore, correcting the
high-bias imputations is important. Although a few studies have at-
tempted to achieve this goal, such as CDR [34], they rely on strong
assumptions, such as the normality of prediction error. Additionally,
these methods can only discard biased imputation rather than re-
vise the imputations. To this end, we propose a weighted conformal
prediction framework to address the inaccurate imputations.

2.2 Conformal Prediction

Conformal prediction (CP) has emerged as a rigorous framework for
uncertainty quantification [38, 40]. Unlike traditional parametric
methods, CP constructs prediction sets that possess coverage guar-
antees without imposing restrictive assumptions on the underlying
data distribution. To extend the applicability of CP to large-scale
datasets, Lei et al. [13] propose split conformal prediction by parti-
tioning the data into disjoint training and calibration sets. In addi-
tion, since standard CP relies on the exchangeability assumption,
it fails when training and test data follow different distributions.
To address this, Tibshirani et al. [39] proved that coverage validity
can be restored by reweighting residuals based on the likelihood
ratio of the covariate shift. Driven by these advancements, recent
literature has a growing trend of applying CP to enhance the model
reliability in complex environments [3, 6, 23, 50, 55], validating its
potential as a robust tool for trustworthy machine learning.

However, existing works mainly utilize CP for better uncertainty
quantification. They do not discuss how to leverage the conformal
intervals during the learning process. Our work bridges this gap by
proposing a learning algorithm to adapt weighted conformal sets to
filter and correct high-bias imputations, leading to the enhancement
of the prediction model.

3 Preliminary

3.1 Debiased Recommendation

We consider a standard rating prediction scenario in RS. Suppose
the user set U = {uy,...,u;,} contains m users and the item set
I ={iy,...,in} contains n items. The target population is defined
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as all user-item pairs D = U x I. Let R € R™*" be the ground
truth rating matrix, where r,; represents the rating of user u on
item i. For each user-item pair, let x,,; denote the feature vector, and
Fui = f(xyu;:;0) be the prediction model parameterized by 6. Let
O € {0, 1}™*" be the binary observation indicator matrix, where
oy,; = 1indicates the rating is observed, and 0,,; = 0 otherwise. If all
ratings were observed, the model could be trained by minimizing
the ideal loss:
Z €u,i>

(u,i)eD

1
1D

where e, ; = L(#,;, ;) is the prediction error. However, in real-
world scenarios, the rating matrix is not fully observed, meaning
the ideal loss is inaccessible for those user-item pairs with missing
ratings. A naive approach is to use loss on the observed user-item
pairs as an estimation of ideal loss, as below:

T

—_— eu)i.

0| (ui)e0

However, this naive loss is a biased estimation due to the non-
random missing labels, which means that Pyps(x) 2 P(x|o = 1) do
not equal to the distribution of the missing data Ppis(x) £ P(x|o =
0). To address such bias, the doubly robust (DR) estimator is widely

1

adopted:
DI Z [

(u,i)eD
where p,; = m(x,;;y) estimates the propensity score py;
P(ou,i = l|xu,i)s and é‘u,i = L(;u,i: fu,i) with ;u,i = h(xu,i§¢) as
the imputation model used to estimate the missing rating ry, ;. The
DR-based method has double robustness property, which means
that E[Lpr] = Ligea when either py; = py; or 7y = ry; for all
user-item pairs.

Ligeal(0) =

Laive(0) =

Ou,i (eu,i - éu,i)

ﬁu,i

Cu,i

Lpr(0) =

3.2 Conformal Prediction

The conformal prediction (CP) aims to build a prediction set for
each sample to make sure the true rating can fall into this set with a
confidence level. Notably, CP does not require any assumption, such
as the prediction model structure and the distribution of prediction.
In the simple scenario, i.e., we have data {(xy, i Fuy i) o, With
each (xy;,ry;) ~ P, where P is a distribution. Let € (0,1) be a
nominal error rate. The objective of CP is to construct a prediction
set C, : X — {subsets of R}, such that for a new i.i.d. test pair
(% i, 1w i) ~ P, the true rating is contained within the band with
high probability:

P(ry,v € C‘n(xu,’i,)) >1—a.

Note that the rank of 7,/ ;i is uniformly distributed in {r,, ;, }2:1’
thus we can found (1 — @) quantile in {ry, ;, }}_, to construct the
set. The validity of CP relies on the exchangeability assumption,
i.e., the joint distribution of the data remains invariant under any
permutation, to make sure the uniform distribution property.

A more practical issue is that, if we train a prediction model f
on { (xuip» ruk!ik)}2=1’ we want to build a prediction error set for a
new i.i.d. test pair (x, i,y i) to make sure e, ;7, such as absolute
error | f (%, i) —ry |, in this set. In this scenario, the rank of e,/ ;7 in
{eu,i 7, is not uniformly distributed because the prediction error
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Figure 1: Overview of proposed weighted conformal doubly
robust learning method.
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Table 1: The quantile of RAIE on ML-100K. * means that
statistical significance using paired-t-test with p-value < 0.05.

\ RAIE Quantile

Method | 01 03 0.5 0.7 0.9

DR-JL 151%  4.60%  823% 13.20%  22.48%
MRDR 241%  699% 1132% 1627%  24.45%
DR-BIAS 190%  570%  9.65% 14.60%  23.10%
WCP-DR-JL | 0.71%" 1.93% 2.97% 4.22%" 8.04%
WCP-MRDR | 0.72%" 1.93%" 2.96%" 4.23%" 11.27%"
WCP-DR-BIAS | 0.72%" 1.92%° 2.96%" 4.24%" 9.52%"

for test pair (u’,i") is more likely larger than the training pair (u, i).
To solve this issue, we can first split the training set into Dy and D,
to part with D; N D, = 0, then we train model f on D; and calculate
the prediction error e, ; on D,. Now we can build the prediction
set by finding the 1 — @ quantile in {e,;} (4i)ep, due to the rank
of e, i is uniformly distributed in the {e,;} (u,i)eD,. However, due
to the presence of selection bias, we need to extend the traditional
conformal prediction technique, for example, weighted conformal
prediction [39], and propose the DR-based learning algorithm to
adapt the extended technique.



KDD ’26, August 09-13, 2026, Jeju Island, Republic of Korea

4 Method
4.1 Motivation

Among the various strategies to mitigate selection bias, the Doubly
Robust (DR) estimator has emerged as a dominant paradigm. By
enhancing IPS with an error imputation strategy, it provides ap-
pealing property such as double robustness and variance reduction.
However, the sparsity of user-item interactions and sample selec-
tion bias make achieving accurate imputations difficult. Crucially,
DR-based methods are highly sensitive to these imputations: even
a small error in the imputation model can lead to a large bias in the
ideal loss estimation. Without a mechanism to verify the quality of
these imputation results, the learned prediction model is likely to be
less reliable. Therefore, we aim to answer the following two ques-
tions: (1) how to quantify the accuracy of imputations, especially
for user-item pairs with missing ratings, and (2) how to correct the
high-bias imputations to train a better prediction model.

Case study: To further substantiate the challenge above, we con-
duct semi-synthetic experiments on the ML-100K dataset. Specifi-
cally, we investigate the relative absolute imputation error (RAIE) of
exemplar DR-based methods such as DR-JL, MRDR, and DR-BIAS,
where RAIE is defined as:

RAIE = |24 "% vy i) e D, )

€u,i

where e, ; = (r,; — f4:)? and é,; = (F,; — #4;)%. According to Ta-
ble 1, current DR estimators suffer from large imputation bias. For
example, the baseline DR-JL estimator reaches an RAIE of 22.48%
at the 0.9 quantile. In contrast, our proposed weighted conformal
prediction framework significantly reduces RAIE across all quan-
tiles. For example, it reduces the RAIE of DR-]JL from 1.51% to 0.71%
at the 0.1 quantile, and from 22.48% to 8.04% at the 0.9 quantile.
These results demonstrate that our method effectively identifies
imputations with large bias and correctly revises them, providing
reliable error imputation results essential for the unbiasedness of
the DR estimator.

4.2 Method Overview

We provide an overview of our proposed framework for assessing
the accuracy of imputed ratings and correcting high-bias imputa-
tions, as illustrated in Figure 1. Our method follows a three-stage
pipeline: we first train a debiased base prediction model, then we
construct weighted conformal prediction intervals for unobserved
user-item pairs. Finally, we propose a conformal doubly robust
learning algorithm that corrects high-bias imputations by clipping
them into these valid intervals or dropping during training.

4.3 Weighted Conformal Prediction under Label
Non-Random Missing

As discussed in the preliminary, standard conformal prediction
relies on the exchangeability assumption. However, in our scenario,
we have a covariate shift between the observed calibration dataset
and the unobserved test data. Since P(x,rlo = 1) # P(x,r|o = 0),
the exchangeability assumption is violated. In addition, we consider
P(x|o =1) # P(x|o = 0) and P(r|x,0 = 1) = P(r|x, 0 = 0), which is
reasonable in RS, since the intrinsic user preference is not affected
by exposure mechanism.
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To address this distributional discrepancy, the core idea is to
adjust the probability density of each observed data in the original
CP. Specifically, we reweight each observed sample based on the
likelihood ratio w(x, r), where

P(x,rlo=0) P(r|x,0 =0)P(x|o =0)

wlxr) = P(x,rlo=1)  P(rlx,0 =1)P(x|o = 1)
_Plo=0lx) Plo=1) A w(x)
~ Plo=1lx) " Po=0) .

Here, P(0 = 0|x)/P(o = 1|x) represents the odds ratio of propensity,
the term P(o = 1)/P(o = 0) is a constant scaling factor determined
by the global sparsity of the dataset. With the calculated weights,
we construct a weighted distribution of the prediction errors. For
an observed set Dgps and a new test point (u’,i"), we define the
normalized probability weight for each data point as:

w(Xyi)
Sk e, WK + W (X )’
The corresponding weighted empirical distribution of the prediction
error is then given by:

Do P )y + P (i) Beos
(u,i) € Dops

V(u, i) € DobsU{ (v, i)}

Pw(xu,i) =

where 9 is the Dirac delta function. By using this weighted distribu-
tion to determine the quantile, we define the (1 — «)-th weighted
quantile of the prediction error for (u’,i’) as:

ql_g(xu'!i/) =inf {q eRU {OO} : Z pw(xu,,»)]l(eu,i < q)
(u-i)EDObs

+p" (e i)l(c0 < q) 21— a},

where I(-) is the indicator function. To simplify the notation, we
denote §1—n (X i7) as §1—o. Based on this weighted distribution, the
conformal prediction interval is constructed as:

CA‘oc(xu’,i') = {r eR: e(u/’ i/) < q1—a} .
The following Theorem shows the validity of the prediction sets.

THEOREM 4.1 (COROLLARY 1IN [39]). Let (Xyi,7yi) € Dops ben
i.i.d. samples drawn from the observed distribution P(x,r|o = 1), and
let (xy i7, 1y i7) be a test point drawn from P(x,r|o = 0). Assume the
weights are correctly specified as w(x). For any miscoverage level
a € (0,1), the weighted conformal prediction set C(xp41) satisfies:

P (ru/,i/ € éa(xu/,i')) >1-a.

This theorem shows that the validity of 1 — « interval requires
accurate weights, which are equivalent to the accurate propensities.
One may argue that DR is already unbiased in such a scenario. How-
ever, E[ Lpr] = Lideal does not mean that e,,; = é,;. Instead, our
method can find the accurate 1 — « interval of ground-truth rating
for each user-item pair, ensuring a more fine-grained refinement.

4.4 Conformal Doubly Robust Learning

After obtaining the prediction sets, we propose to adapt WCP to the
DR-based learning algorithm. We use joint learning as an example.
Specifically, the algorithm includes three steps as shown below.
Step 1: Base Model Learning. We partition the observed data
{(%u,i> Yu,i) } (u,iyeo into training (D) and calibration (Dq) sets.
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First, we train a simple base model fase (x; 6p) on Dy by minimizing
the IPS loss:

. [(ru,i’ﬁ)ase(xu,i; 90))
min u )
 (wi)e Dy Pui

The reason to use IPS loss is that we want to train a debiasing base
model and ensure the base model do not train on the unobserved
data simultaneously. Once trained, fyase is frozen in following steps.

Step 2: Prediction Set Calculation. We leverage D, to con-
struct the validity bounds using the base model. For each (u,i) €
Deal, we compute the prediction error e, ;, such as the absolute
residual of the base model:

egise = |ru,i - ff)ase(xu,i)|~

Using the importance weights w(x) derived in Section 4.3, we
compute the weighted (1 — «)-th quantile, denoted as §;—. This
defines a theoretically valid interval Cy(x, ) for any instance
(% i, 1w i) ~ P(x,r|lo = 0) and imputation:

Co(xw i) = {ru’,i’|ebase(xu',i') < Gi-a}-

For example, if ghase (y,7) is the absolute residual, then

Ca(xu',i') = [f{)ase(xu’,i’) - ql—asﬁ)ase(xu’,i') + ql—a]~

Step 3: DR-based Prediction Model Training. In this step, we
adapt the interval to the DR-based learning algorithm. Using the
standard joint learning algorithm as an example, the imputation
model is trained using the following imputation loss:

1
L. =T ~
Dol 2 "

The propensity model is trained using the loss below:

1 .
L) = 10 (%Dupu,i,ou,,-),

Oy,i (éu,i - eu,i)z

where [(-, -) denote the cross-entropy loss. Notably, we correct the
imputations with high bias during the prediction model training.
Specifically, we propose to directly drop the imputations outside
the interval, or to clip these imputations to the boundary of the
interval or the mid-point of the interval, to obtain the modified DR
loss, named WCP-DR. Using clip to the boundary as an example,
if the imputation 7, ; > fpase (xu.i) + §1-« the modified imputation
f;)i = fhase (Xu,i) + §1—«. The same thing is applied to those 7,; <
foase (Xu,i) — §1-q- Finally, we optimize the prediction model f(x; 6)
by minimizing the following WCP-DR loss:

Lwcr-pr(0) = Z .

. Ou,i * (eu,i - éu,i)
€y.i B S—
(u,i)eD

Tlu,i

where é,; = L(7, fl’“.), and 7, ; = fy; if 7,,; already falls into the
interval. Notably, we do not make correction for imputations with
0 = 1 due to the user-item pairs with o = 1 either in Dy or De,.
It is actually the trade-off: if we decrease the size of Dy, and Dy,
we can evaluate more imputations with o = 1, but the constructed
interval will be less efficient.

For clarity, we give a toy example of how the weighted conformal
quantile is computed. Suppose we have four points in D, and one
test point. The residuals for four points are {0.05,0.10,0.15,0.20},
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Algorithm 1: Weighted Conformal Prediction Doubly Ro-

bust Joint Learning (WCP-DR-JL)

Input: Observed set Dyhs, Unobserved set Diy;s,
Significance level «, learning rate 7.

Output: Trained prediction model f(x;0)

Train propensity model 7(x; ) on Dobs;

[

[N}

Randomly partition Dy into disjoint training set Dy, and
calibration set D,;

w

Train base model fp,se (x; 6p) on Dy, via IPS loss and freeze
its parameters;

for (u,i) € D¢y do

L Compute base residual: s, ; « |yu.; — foase (Xu.i)|;

[

o

Compute sample importance weight w(x,,;);

Initialize imputation model g(x; ¢);

<

o

while not converged do
9 Sample mini-batch B; from Dops U Dimis;
10 for (u,i) € By N Dy do

11 Raw imputation: 7y, ; < g(x;¢);

12 Compute interval bounds:
L« ﬁ)ase (xu,i) - q1—a(xu,i);

13 U« ﬁ)ase (xu,i) + qlfa(xu,i);

14 Revise imputation if it exceeds [L, U] via boundary
clipping;

15 Update prediction model:  « 6 — nVo Lwcp-pr(6);

16 Sample mini-batch B from Dps;

17 Update imputation model parameter ¢:

¢ — ¢ =nVyLe(§), where Le(¢);

18 return f(x;0);

with normalized weights for five points {0.4,0.3,0.1,0.1,0.1}, re-
spectively. For an 80% prediction set, i.e., & = 0.2, we compute:

Go.s = inf{q € R U {oo} : 0.41(0.05 < g) + 0.31(0.10 < q)
+0.11(0.15 < g) + 0.11(0.20 < q) + 0.1I(c0 < gq) > 0.8}.

For any finite g, the last term is zero. Therefore, the cumulative
mass reaches 0.8 for the first time at ¢ = 0.15, and hence §o g = 0.15.
The resulting prediction interval is:

[foase (x) — 0.15, fhase (x) + 0.15].

For example, under boundary clipping, if an imputed rating satisfies
Fui > foase(xu,i) + 0.15, we revise it as:

i;,i = ﬁ)ase (xu,i) + 0.15.

4.5 Theoretical Results

In real-world applications of WCP for debiasing, the importance
weights w(x) rely on estimated propensity scores 7 (x), which may
contain error. Thus it is very necessary to investigate the validity
of prediction sets under imperfect weight w(x, ;). Specifically, we
derive a bound that guarantees valid coverage if the propensity
estimates are either uniformly bounded (low max-error) or accu-
rate on average (low variance). Specifically, assume both w(x) and
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Table 2: Performance comparison with different significance
level () on ML-100K. We report the drvmse and Sgrmaie as the
relative reduction by our WCP-based learning algorithm.

WCP-DR-JL WCP-MRDR  WCP-DR-BIAS
a 5RMSE 5RMAIE 5RMSE 5RMAIE 5RMSE 5RMAIE
0.1 44.95% 5539% 49.84% 60.06% 48.30% 57.48%
0.2 48.08% 60.20% 50.80% 63.99% 50.68% 61.91%
0.3 4948% 63.07% 52.40% 66.31% 51.70% 64.57%
0.4 50.52% 65.10% 53.04% 68.16% 52.38% 66.32%

w(x) are normalized, let w(x)/w(x) be the density ratio under the
observed data distribution, then we have the following theorem.

TueoREM 4.2. Let Cy, be the prediction set constructed at a nominal
significance level o using estimated weights w. If the two following
scenarios hold:

o Scenario 1: The uniform relative error is bounded by € € [0, 1):

‘Se

e Scenario 2: The second moment of the ratio is bounded by o*:

(W(X) _ 1)2} < Gz.

w(x)
The coverage probability for the user-item pair (v, i") with missing
ratings is bounded:

P(ry v € (:‘a(xur,i/)) >1—a—min (oce, 0'\/5) .

w(x)

—— 1

w(x)

X

Ep

w

Scenario 2 is an average bound instead of a union bound, in which
outliers violating the union bound with small density is allowed.
Valid coverage lower bound can be derived if either Scenario 1 or
Scenario 2 holds. When both scenarios are satisfied, we can take
the minimum of the two bounds to obtain a tighter theoretical
guarantee. The proof of Theorem 4.2 is provided in Appendix A. In
addition, a potential concern is whether clipping the imputation
introduces additional bias when the true rating falls outside the
conformal interval. To address this concern, we have the following
theorem:

PRoPOSITION 1. Taking boundary clipping as an example, when
the imputed rating satisfies ¥ > fiase(Xui) + G1—a, the correction
reduces the bias for estimating r if and only if:

E[r — 'mid | r> rmid]

P(r < rmig) > P(r > rmig) - E[fma =7 |7 < rmia]’
mi mi

wherer is the ground-truth rating and ryiq = (F+ foase (Xu,i) +q1-a) /2.

Intuitively, this condition holds if either fewer ratings exceed
Tmid> 1.6, P(r > rmig) is small, or the magnitude of r — rp;q for
r > Imid is small.

5 Experiments
5.1 Semi-Synthetic Experiments

5.1.1 Data Processing and Baselines. We utilize the MovieLens-
100K dataset to construct our semi-synthetic data. To obtain a
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complete ground truth matrix R € RN*M for evaluation, we first
apply Matrix Factorization (MF) to complete the sparse user-item
interaction matrix. Let 7, ; denote the raw completed rating for user
u and item i. Subsequently, following [31], we normalize these raw
scores to a continuous range of [0, 1] using Min-Max scaling to
obtain the ground truth r,, ;:

Fui — min(R)
max(R) — min(R) .
Following previous studies [8, 33, 44], to simulate the selection

bias prevalent in real-world systems, we generate the observation
indicator matrix O based on a pre-defined propensities:

P if rui €[0,0.4],
i = péase, %fru,,- € (0.4,0.6],
’ Proser 1 Tui € (0.6,0.8],
Praser 1f Tui € (0.8,1.0],

with ppase fixed as 0.5. This propensity assignment simulates the
scenario that the users are more likely to rate items they like. Fol-
lowing [8, 44], we obtain the perturbed propensity as 1/74,; =
(1 - p)/m + p/6, where 6 is the empirical probability of observed
rui, and f is the propensity perturbation hyperparameter, which is
0.5 by default. We adopt the proposed algorithm to three represen-
tative DR-based methods: DR-JL [44], MRDR [8], and DR-BIAS [4].

5.1.2  Implementation Details. We randomly split the generated
observed data into a training set and a calibration set with an 8:2
ratio. All models were optimized using the Adam optimizer. The
base model is trained with a learning rate of 0.001 and a weight
decay 0f 0.0002. The imputation model is trained with a learning rate
of 0.02 and a weight decay of 0.002. We evaluate all methods using
RMSE on all user-item pairs to evaluate prediction performance:

1
RMSE = |— (rui = Pui)?.
@1 2

(ui)eD

In addition, we use the mean of RAIE in Equation 1 for imputation
evaluation, i.e., RMAIE. We adopt a boundary clipping strategy for
imputations that fall outside the interval.

5.1.3  Performance Comparison. Table 2 reports the Spmsg and
SrMAIE as the relative reduction by our WCP-based learning algo-
rithm with varying significance level. Note that our method reduces
the imputation errors by around 55%-70% for all three DR-based
methods. In addition, for the prediction model, the improvement is
around 45% to 50%. These results validate the effectiveness of our
algorithm and model-agnostic property.

5.1.4  Comparison to CDR. As illustrated in Fig. 2 (a), though CDR
can also improve the performance of the prediction model, our
WCP-based methods consistently outperform the CDR method
across all backbones, because we include a fine-grained correction
for imputation and can more efficiently find high-bias imputations.

5.1.5 Sensitivity Analysis. As shown in Fig. 2 (b)-(d), we report the
RMSE improvement for the prediction model and coverage rate
under different perturbation strengths of propensity. Specifically,
the coverage rate means that the probability of true ratings falls into
a conformal interval, and is robust to the propensity perturbation.
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Figure 2: Performance comparison of our WCP methods and CDR in Figure (a) and performance under varying propensity

perturbation strength in Figure (b)-(d).

Table 3: Bias reduction statistics on ML-100K.

Method Prob. of Bias Decrease T Avg. Bias Decrease T Avg. Bias Increase | Expected Bias Reduction T
WCP-DR-JL 99.0 +0.2% 0.013 £ 0.001 0.005 £ 0.002 0.012 £ 0.001
WCP-MRDR 99.1+0.1% 0.013 £ 0.001 0.006 + 0.000 0.013 + 0.001

WCP-DR-BIAS 99.3 +£0.6% 0.019 £ 0.013 0.004 + 0.002 0.018 £ 0.013

Note that we can keep almost the same coverage rate across differ-
ent scenarios. In addition, the RMSE improvement is increasing as
the perturbation strength increases, which further shows that our
method is more robust to inaccurate propensities.

5.1.6  In-depth Analysis. We further verify the theoretical bias re-
duction property via semi-synthetic experiments on the ML-100K
dataset. Experimental results in Table 3 show that our method
maintains a bias reduction probability stably above 99% for all DR
variants. Meanwhile, the average magnitude of bias reduction is
consistently larger than the potential extra bias increment, which
guarantees positive expected bias reduction in practical debiasing
recommendation tasks.

5.2 Real-World Experiments

5.2.1 Datasets. Coat! [33], Yahoo! R3? [28], and KuaiRec?® [5],
covering coat, music, and short video recommendation tasks, re-
spectively. Specifically, Coat dataset contains 6,960 biased ratings
and 4,640 unbiased ratings from 290 users to 300 items, and each
user self-selected 24 items to rate and randomly rates 16 items.
Yahoo! R3 dataset contains 311,704 biased ratings and 54,000 unbi-
ased ratings from 15,400 users to 1,000 items, and KuaiRec dataset
contains 4,676,570 video watching ratio from 1,411 users to 3,327
items. Following [15, 19], we binarize the ratings for Coat and
Yahoo! R3 dataset by denoting ratings less than three as negative
conversion with label 0, and otherwise as positive conversion with
label 1. For KuaiRec, we follow the data preprocessing in [12], and
we binarize the watch ratio by setting values less than two to 0 and
otherwise to 1.

5.2.2  Baselines. We compare the proposed methods with the fol-
lowing baselines: (1) Naive estimator [11]: which directly fits
https://www.cs.cornell.edu/~schnabts/mnar

https://www.kaggle.com/datasets/limitiao/yahoor3
3https://kuairec.com
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the observational data without debiasing; (2) IPS-based estima-
tors: IPS [33], SNIPS [37], ASIPS [30], IPS-V2 [18], KBIPS [20], AK-
BIPS [20]; (3) DR-based estimators: DR [31], DR-JL [44], MRDR-
JL [8], DR-BIAS [4], DR-MSE [4], MR [14], CDR [34], TDR [15],
TDR-JL [15], StableDR [19], DR-V2 [18], KBDR [20], AKBDR [20],
DCE-DR [12], DCE-TDR [12], Cali-MR [7]. Following prior stud-
ies [12, 15, 18, 30], to ensure fair comparison, both the prediction
and imputation models are implemented using Matrix Factorization
(MF) as backbone [11] for all baselines. More details are available
in Appendix B.

5.2.3 Implementation Details. We implement all methods using
PyTorch and employ the Adam optimizer for training. The learning
rate is tuned within the range [0.005, 0.1], and the regularization
coefficient A is selected from [1e—5, 5e—3]. We set the batch size to
128 for Coat and 2048 for both Yahoo! R3 and KuaiRec. Through-
out all real-world experiments, we fix the significance level a = 0.2
for main result reporting, and further analyze & € {0.1,0.2,0.3,0.4}
in sensitivity experiments. The train-calibration split ratio is set
within [0.55, 0.65] for real-world datasets and fixed as 8:2 for the
semi-synthetic ML-100K dataset. All propensity models adopt the
same network structure and are estimated only once in the initial
stage, then reused for subsequent base model training, conformal
interval construction, and DR correction learning to maintain the-
oretical coverage validity. For imputation correction, we mainly
adopt boundary clipping and compare it with hard rejection and
center clipping in the analysis. To evaluate prediction performance,
we adopt three widely used evaluation metrics: AUC, NDCG@K
and F1@K. NDCG@K and F1@K are particularly popular in rec-
ommender systems as they assess the quality of ranking, which
is central to recommendation tasks. We set K = 5 for Coat and
Yahoo! R3 because there are only 16 / 10 items per user in the test
set, and K = 20 for KuaiRec.


https://www.cs.cornell.edu/~schnabts/mnar
https://www.kaggle.com/datasets/limitiao/yahoor3
https://kuairec.com
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Table 4: Performance on AUC, NDCG@K, and F1@K on Coat, Yahoo! R3 and KuaiRec. The best and the second best results are
bolded and underlined, where * means statistically significant results (p-value < 0.05) using the paired t-test compared with the
best baselines.

‘ Coat ‘ Yahoo! R3 ‘ KuaiRec
Method | AUC NDCG@5 Fi@5 | AUC NDCG@5 Fi@5 | AUC NDCG@20  F1@20
Naive 0.70340.006  0.605:0.012  0.467:0.007 | 0.67310.001  0.635:+0.002  0.30640.002 | 0.753:0.001  0.449:0.002  0.124:0.002
IPS 0.71710.007  0.617:0.000  0.47310.008 | 0.678:0.001  0.638:r0.002  0.318:0.002 | 0.755:0.004  0.452:0010  0.131:9.004
SNIPS 0.71410.012  0.614:0.012  0.47410.000 | 0.683:0.002  0.639:0.002  0.316:0.002 | 0.754:0.003  0.453:0.004  0.12640.003
ASIPS 0.719+0.009  0.61810.012  0.47610.009 | 0.679:0.003 0.640:0.003  0.319:0.003 | 0.757+0.005  0.474x0.007  0.130+0.005
IPS-V2 0.72610.005  0.627:0.000  0.479:0.008 | 0.685:0.002  0.646:0.003  0.320:r0.002 | 0.764:0.001  0.47610.003  0.13510.003
KBIPS 0.71410.003  0.618:0.010  0.47410.007 | 0.67640.002  0.64240.003  0.31810.002 | 0.763+0.001 046310007  0.13440.002
AKBIPS 0.732:0.004  0.636:0.006 0.483:0.006 | 0.689:0.001  0.658:0.002  0.324:0.002 | 0.76610.003  0.47810.009  0.13810.003
DR 0.71810.008  0.623:0.000  0.47410.007 | 0.684:0.002  0.658:0.003  0.326:0.002 | 0.755:0.008 046210010  0.13540.005
DR-JL 0.7231+0.005  0.629:0.007  0.479:0.005 | 0.685:0.002  0.653:0002  0.32440.002 | 0.76640002  0.467:+0.005  0.136.0.003
MRDR-JL 0.72740.005  0.627:0.008  0.480+0.008 | 0.684:0.002  0.652:0.003  0.32540.002 | 0.76810.005  0.473:10.007  0.13910.004
DR-BIAS 0.72610.004  0.629:0.000 0.48210.007 | 0.685:0.002  0.653:10.002  0.325:0.003 | 0.768:0.003  0.477:0.006  0.137:0.004
DR-MSE 0.72710.007  0.631:0.008  0.48410.007 | 0.687:0.002  0.657+0.003 0.327:0.003 | 0.770x0.003  0.48010.006  0.140+0.003
MR 0.72440.004  0.636:0.006 0.481:0.006 | 0.691i0.002  0.647:0.002  0.31610.003 | 0.776:0.005  0.483:0.006  0.14210.003
TDR 0.71410.006  0.634:0.011  0.48340008 | 0.688:0.003 0.662:0002  0.329:0.002 | 0.77240.003  0.48610.005  0.1400.003
TDR-JL 0.73140.005  0.639:0.007  0.484:0.007 | 0.689:0.002  0.656:0.004  0.32740.003 | 0.772:0.003  0.489:0.005  0.14210.003
StableDR 0.735+0.005  0.640+0.007 0.484.0006 | 0.688:0.002 0.661i0003  0.329:0.002 | 0.77310001  0.491:0.003  0.143.0.003
DR-V2 0.73410.007  0.639:0.000 0.48710.006 | 0.69040.002  0.660+0.005  0.328:10.002 | 0.77310.003 048810006  0.14240.004
AKBDR 0.74540.004  0.645:0.008 049340007 | 0.692:0.002 0.661i0002  0.32810.002 | 0.78240.003  0.498:0.00s  0.147-0.003
DCE-DR 0.73640.006  0.648:0.007  0.489:0.005 | 0.69810.002 0.670+0.002  0.33340.003 | 0.795:0.004  0.512:0.005  0.15310.002
DCE-TDR 0.74010.004  0.651:0.006  0.489+0.007 | 0.701:0.002  0.672:0.002  0.331:0.002 | 0.798:0.005  0.514:0.006  0.15510.002
Cali-MR 0.74140.002  0.658:0.004  0.495:0.004 | 0.703:0.002 0.678:0.002  0.33810.004 | 0.798:0.003  0.521.0.005  0.158.0.002
CDR-DR-]JL 0.742:10.002  0.637:0.003  0.481:0.004 | 0.692:0002  0.657:0.003 0.327:0.004 | 0.774:0.003  0.477:0.004  0.1380.005
CDR-DR-BIAS 074320005  0.649:0008 048310005 | 0.69140.005  0.65410.008  0.330:0005 | 077350002 048910003  0.13940.004
CDR-TDR 0.74310.004  0.659:0.005  0.495:0.002 | 0.692:0.004 0.451:0.005  0.332:0.002 | 0.803:0.004  0.518:0.005  0.1580.002
WCP-DR-]L (ours) 0.74410.004  0.660+0.005  0.499:0.003 | 0.69840.002 0.67040.004 0.34010.003 | 0.812:0003  0.51310.005  0.16040.004
WCP-DR-BIAS (ours) | 0.75010.003 0.664+0.004 0.518:0.005 | 0.690:10.002  0.659:0.003 0.342:0.004 | 0.803:10.004 0.521:0.003  0.162.9.005
WCP-DCE-TDR (ours) | 0.763%) 05y 0-668%) 005 0.525% 0, | 0.719% 005 0.686% 10, 03517 05 | 08197 10y 0.525.000s 0.171% o0,
0.6610 0.6710 T 0.6690 0.5255 0.3515
 0-6600 0.4990 , 0:67001 = Fles 0.3400 , 0:6680 0.5250 , 0:6860 0.3510
n
§0.6590 0.4980 IT@_) §0.6690 0.3390 ;@3 §0.6670 0.5245 § go.ssso 0.3505 §
2 0.6580 2 06680 NN 0.5240 = 03500
NDCG@5 0.3380 NDCG@5 NDCG@5 .
0.6570 —— Fl@5 0.4970 0.6670 —— F1@5 0.5235 0.6840 —e— Fl@5
0.6650 0.3495
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(a) WCP-DR-]JL on Coat (b) WCP-DR-JL on Yahoo! R3 (c) WCP-DCE-TDR on Coat (d) WCP-DCE-TDR on Yahoo! R3
Figure 3: Impact of ratio of training set and calibration set on Coat and Yahoo! R3.
5.24  Overall Performance. Table 4 presents the performance com- achieve better debiasing effects than IPS-based approaches by in-
parison of various debiasing methods across three real-world datasets. corporating error imputation to reduce variance while maintaining
The Naive method, which directly learns from observational data unbiasedness. Among the baselines, kernel-based methods and
without any debiasing treatment, exhibits relatively poor perfor- calibration-enhanced methods show the strongest performance.
mance across most metrics, confirming the adverse impact of se- In comparison, our WCP-enhanced methods (WCP-DR-JL, WCP-
lection bias. To mitigate this, IPS-based methods utilize inverse DR-BIAS, and WCP-DCE-TDR) consistently and significantly out-
propensity weighting to adjust the data distribution, outperform- perform all baselines. By leveraging weighted conformal predic-
ing the Naive baseline. Furthermore, DR-based methods generally tion to construct a valid prediction set and rectifying unreliable
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Figure 4: Effect of different imputation correction methods on Coat, Yahoo! R3, and KuaiRec.

Table 5: Sensitivity analysis of significance level a. The best
performance is bolded.

Coat Yahoo! R3 KuaiRec

a AUC NDCG@5 F1@5 AUC NDCG@5 F1@5 AUC NDCG@20 F1@20

0.1 0.737 0.656 0.494 0.694 0.667 0.338 0.812 0.513 0.160
0.2 0.737 0.654 0.495 0.695 0.668 0.339 0.809 0.509 0.158
0.3 0.740 0.657 0.495 0.698 0.670 0.340 0.807 0.511 0.157
0.4 0.744 0.660 0.499 0.696 0.668 0.338 0.805 0.506 0.158

pseudo-labels, our method substantially enhances the performance
of DR-based estimators. Specifically, the results also prove that our
methods can easily be adopted to any existing DR-based methods,
showing the generality of our method in practice.

5.2.5 Effects of Train-Calibration Split Ratio. We evaluate the im-
pact of the train-calibration split ratio on the performance of WCP-
DR-JL and WCP-DCE-TDR on Coat and Yahoo! R3 datasets. As
presented in Figure 3, model performance peaks at a moderate split
ratio, while deviating from this range (either too small or too large)
leads to obvious degradation. This is attributed to the trade-off
between the two subsets: an insufficient calibration set undermines
the reliability of conformal interval estimation, while an overly
small training set impairs the base model’s ability to construct a
valid prediction set.

5.2.6 Sensitivity Analysis of Significance Level a. The significance
level a governs the tightness of conformal intervals and the fre-
quency of imputation correction. We conduct sensitivity analysis
for @ € {0.1,0.2,0.3,0.4} on three real-world datasets. As shown
in Table 5, the optimal « varies slightly across datasets, while all
metrics remain stable across the tested range, verifying the hyper-
parameter robustness of our method.

5.2.7 Effects of Imputation Correction Methods. We evaluate the
impact of different imputation correction methods, including hard
rejection, center clipping (Center), and boundary clipping (Clip),
on the performance of DR-JL, DR-BIAS, and DCE-TDR on Coat,
Yahoo! R3, and KuaiRec datasets in Figure 4. We observe that hard
rejection, Center, and Clip all outperform Naive, with Clip achieving
the best results overall. Hard rejection is effective but suffers from
inherent bias, while Center and Clip perform more stably. It is
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attributed to their distinct handling of imputations: Hard rejection
sets all imputations to 0 and abandons them directly, while center
clipping and boundary clipping revise high-bias imputations to
reasonable values within the conformal interval. Boundary clipping
further restricts imputation values based on the original prediction,
which can maximize the model performance.

6 Conclusion

In this paper, we take RS as an example, addressing the critical chal-
lenge of non-random missing labels. While DR estimators provide
a theoretical foundation for unbiased learning, their practical per-
formance is always hindered by the difficulty of obtaining accurate
imputations. To bridge this gap, we proposed a novel framework
that integrates weighted conformal prediction (WCP) into the de-
biasing pipeline to find and correct high-bias imputations. Our
proposed WCP-DR learning algorithm first trains a debiased base
prediction model, then constructs weighted conformal prediction
intervals for unobserved user-item pairs. Finally, WCP-DR corrects
high-bias imputations by clipping them into these valid intervals
or dropping during training. In addition, we prove the robustness
of the interval coverage guarantee towards inaccurate propensities
and the upper bound of the interval to ensure the interval is not
too wide. Extensive experiments on one semi-synthetic dataset and
three real-world datasets show the effectiveness of the proposed
method. Specifically, we show that the convergence rate is also
empirically guaranteed in different scenarios, and the real-world
performance of our methods is robust to the different training/cali-
bration set ratios.

One potential limitation is that the correction method is straight-
forward. It is promising to investigate other correction methods
to obtain more accurate imputations. In addition, to address the
problem of suboptimal weight learning in the weighted conformal
method, we can adopt a quantile regression model to obtain a more
robust conformal interval.
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A  Proof of Theorem 4.2

Theorem 4.2. Let C,, be the prediction set constructed at a nominal
significance level & using estimated weights w. If the two following
scenarios hold:
e Scenario 1: The uniform relative error is bounded by € €
[0,1):

e Scenario 2: The second moment of the ratio is bounded by
ot
Ep. [ M - 1)2] <ol
w w (x)
The coverage probability for the user-item pair (v’, ") with missing
ratings is bounded:

P(ry i € Co(xwi)) = 1 — a — min (ae, oVa).

PrROOF. Let E = {ryy ¢ CA‘a(xu/,,-r)} denote the miscoverage
event. By the validity of weighted conformal prediction under the
estimated weights w, we have

Py(E) < a.

Since both w and w are normalized, the density ratio between the
target distribution induced by the true weights and the distribution
induced by the estimated weights is
dp,, w(x)
p(x) = aP., (x) = ")
Therefore, we have

P, (E) =Ep,, [Ig] = Ep, [p(X)Ig] = Ep,, [Ig] +Ep,, [(p(X) - DIg].
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Since Ep, [Ig] = Py(E) < a, it remains to bound
A = Ep, [(p(X) ~ DIE].
Scenario 1. If
sup |[p(x) — 1| <€,
X
then
|Al < Ep,, [|p(X) — 1|Ig] < €Py(E) < ae.

Thus,

P,(E) < a+ «ae.

Scenario 2. By the Cauchy-Schwarz inequality,

1Al < \[Br, [(p(X) — D?1\Ep, [22].

Since ]IfzE =1Ig and Py (E) < a, the second-moment condition gives

|A] < oy/P4(E) < ova.

Thus,
P(E) <a+oVa.
If both scenarios hold, combining the two bounds yields
P, (E) < a + min (ae, oVa) .

Equivalently,

P (ru/,,»/ € CAa(xur!,-/)) =1-P,(E) 21 - a - min (ae, ova).

B Experimental Baseline

We compare our method with the following baselines for compre-
hensive evaluations:

e Naive method [11] directly minimizes the empirical loss
computed on observed user-item interactions without any
debiasing treatment.

o IPS method [33] applies inverse propensity weighting to
adjust the observed ratings, assigning higher weights to
under-represented interactions.

o SNIPS method [37] employs self-normalized inverse propen-
sity scores for reweighting, which helps stabilize the estima-
tor and reduce variance.

o ASIPS method [30] constructs pseudo-labels for unobserved
entries to address the high variance issue and propensity
estimation errors in IPS-based approaches.

e DR method [31] integrates error imputation with inverse
propensity weighting, achieving unbiasedness when either
component is correctly specified. The imputed errors are
often initialized using label statistics.

e DR-JL method [44] extends DR by parameterizing the im-
putation model with neural networks and optimizing both
the prediction and imputation models in a joint learning
framework.

¢ MRDR method [8] improves upon DR-JL by incorporating
explicit variance regularization into the imputation model
training objective.

¢ DR-BIAS method [4] augments DR-JL by introducing bias
regularization terms to the imputation model loss function.
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e DR-MSE method [4] unifies MRDR and DR-BIAS by jointly
minimizing both bias and variance components, thereby
controlling the mean squared error.

e MR method [14] leverages an ensemble of propensity and
imputation models to achieve robustness against misspecifi-
cation of individual models in the DR framework.

e TDR and TDR-]JL methods [15] employ targeted learning
techniques to refine imputed errors, enabling simultaneous
reduction of both bias and variance in DR estimators.

o StableDR method [19] develops a stabilized DR estimator
by learning constrained propensity scores that reduce sensi-
tivity to extrapolation and handle small propensity values
more robustly.

e IPS-V2 and DR-V2 methods [18] train propensity models
that achieve covariate balance by matching pre-specified
moment functions of the feature distributions.
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o KBIPS and KBDR methods [20] extend covariate balancing
to reproducing kernel Hilbert spaces (RKHS), where ran-
domly sampled kernel functions are used to enforce balance
constraints.

e AKBIPS and AKBDR methods [20] enhance kernel-based
balancing by adaptively selecting the most informative ker-
nel functions that maximize bias reduction in propensity
estimation.

e DCE-DR and DCE-TDR methods [12] apply Mixture-of-
Experts based calibration to improve the reliability of both
propensity and imputation models in DR and TDR frame-
works.

e Cali-MR method [7] introduces a bi-level optimization ap-
proach with differentiable expected calibration error to cali-
brate multiple propensity and imputation models in the MR
estimator.



	Abstract
	1 Introduction
	2 Related Work
	2.1 Non-Random Missing Labels
	2.2 Conformal Prediction

	3 Preliminary
	3.1 Debiased Recommendation
	3.2 Conformal Prediction

	4 Method
	4.1 Motivation
	4.2 Method Overview
	4.3 Weighted Conformal Prediction under Label Non-Random Missing
	4.4 Conformal Doubly Robust Learning
	4.5 Theoretical Results

	5 Experiments
	5.1 Semi-Synthetic Experiments
	5.2 Real-World Experiments

	6 Conclusion
	References
	A Proof of Theorem 4.2
	B Experimental Baseline



