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ABSTRACT
Collaborative Filtering (CF) methods for recommender systems com-
monly suffer from the data sparsity issue. Data imputation has been
widely adopted to deal with this issue. However, existing studies
have limitations in the sense that both uncertainty and robustness
of imputation have not been taken into account, where there is a
high risk that the imputed values are likely to be far from the true
values. This paper explores a novel imputation framework, named
Uncertainty-Aware Multiple Imputation (UA-MI), which can effec-
tively solve the sparsity issue. Given a (sparse) user-item interaction
matrix, our key idea is to quantify uncertainty on eachmissing entry
and then the cells with the lowest uncertainty are selectively im-
puted. Here, we suggest three strategies for measuring uncertainty
in missing user-item interactions, each of which is based on sam-
pling, dropout, and ensemble, respectively. They successfully obtain
element-wise mean and variance on the missing entries, where the
variance helps determine where in the matrix should be imputed
and the correspondingmean values are imputed. Experiments show
that our UA-MI framework significantly outperformed the existing
imputation strategies.
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1 INTRODUCTION
The data sparsity [14] issue is one of the main challenges for collab-
orative Filtering (CF). Data imputation has been extensively studied
in the CF research community [2, 14, 20, 21, 23, 24, 33–35], which
infers the missing values of a given (sparse) user-item interaction
matrix. The imputation strategies range from a simple zero impu-
tation [5, 33] to inferring the missing values by using a machine
learning model supervised by the observed interactions such as
Random Forest [39], EM algorithm [1], Clustering based KNN [17],
Generative Adversarial Network [2–4], and Autoencoder [22], to
name a few.

However, we argue that the existing methods perform imputa-
tion without careful consideration of where and what to augment
in the matrix; in other words, they naively decide which cells in
the matrix to fill and impute a single value inferred by a determin-
istic model. This approach would not be reliable as well as robust
due to a high risk that the chosen positions would be with high
uncertainty and the inferred values are likely to be far from the
true values.

For the viewpoint of robustness, multiple imputation instead of
single imputation is necessary, which imputes the mean of multiple
values on missing data obtained by multiple times of stochastic in-
ference. Recently, multiple imputation methods have been studied
outside the recommendation context [15, 25, 28, 30, 31, 36, 43, 44].
However, it is difficult to apply them directly to user-item matrix
because they do not assume Missing Not At Random (MNAR) for
most missing values; instead, most of them have been performed
under the assumption of Missing Completely At Random (MCAR)
or Missing At Random (MAR) [25, 30, 31, 43, 44]. But missing data
is not random in the user-item interaction data used for recommen-
dation systems [41]. Few studies were done on multiple imputation
with the MNAR assumption [15, 28, 36], but they impute by calcu-
lating the mean from a deterministic probability distribution, which
is essentially the same as unreliable single imputation method [27].

In this paper, we investigate a novel imputation framework,
named Uncertainty-Aware Multiple Imputation (UA-MI). Its main
idea is to consider uncertainty1 in each empty cell and then selec-
tively impute values only to matrix cells that are highly confident
(i.e., low uncertainty). In addition, it performs multiple imputa-
tion on the chosen position rather than considering just a single
value. Here, the question arises as to how to perform the uncer-
tainty quantification and the multiple imputation on the given
matrix. To answer this, we explore three methods based on sam-
pling [40], dropout [37], and ensemble [10]. The sampling-based
method exploits the re-parameterization trick [6, 18] in the latent

1Among the two types of uncertainty, i.e., aleatoric uncertainty and epistemic uncer-
tainty [8], we focus on the epistemic uncertainty.
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space. The dropout-based method creates implicit ensemble mem-
bers of model parameters on the inference phase by applying the
dropout to the trained model. The ensemble-based method creates
explicit ensemble members by multiple training of models with
different initializations. These methods eventually produce multiple
predictive rates of the users, including their missing interactions.
They enable us to know themean and variance of each empty cell in
the given matrix. The higher the variance is, the higher the uncer-
tainty becomes. Therefore only the cells with the lowest variance
are selectively imputed (we call this strategy as uncertainty-aware
positioning). Finally, the imputed value is computed by the mean of
user-item interaction probabilities drawn from each multinomial
distribution parameterized by the obtained predictive rate (we call
this step as multiple imputation). All the ideas are realized on top
of the Variational Autoencoder model for CF (MultVAE) [26].

The strengths of our UA-MI framework can be summarized as
follows: (1) While the existing methods naively decide which cells
in the matrix to fill, our work chooses the cells much more carefully
by considering only cells with low uncertainty (i.e., high confidence)
and avoids imputing values in cells with high uncertainty. (2) By
imputing the mean of multiple values obtained from the multino-
mial distribution, our imputation is more robust compared to the
other existing methods that use a single value inferred by a deter-
ministic model. (3) Our experimental results on four real-world
datasets obtained from various domains (e.g., Amazon-Book, CiteU-
Like, Epinions, and MovieLens) demonstrate that our imputation
framework consistently and significantly improves the accuracy
of recommendation compared to other imputation strategies. Our
codes and data are available at: https://github.com/shhoff/UA-MI

2 DATA IMPUTATION FOR CF
This section briefly introduces existing data imputation methods.
Specifically, we summarize them based on the following two per-
spectives: (1) how they decide which cells to impute in a matrix
and (2) how they calculate the imputation values.

How to choose positions of the given matrix? From this per-
spective, we can first classify methods that impute all empty cells
of the given matrix such as Preference Model [21], AllRank [38],
RAGAN [2], PureSVD [5], among many others, and methods de-
termining the positions for partial imputation [14, 20, 29, 34, 35].
When choosing the positions, neighborhood-based methods such
as AutAI [34] and AdaM [35] heuristically find the key neighbor-
hood users of a given user, and define the set of items that these
key neighborhoods commonly rated as a key set. Only the ratings
corresponding to this key set are predicted and imputed. In contrast,
model-based methods employ a CF model to infer missing values,
and then select the positions corresponding to some of the lowest
predicted values [14, 20] assuming that lower values predicted by a
model are more confident in showing the negative preference of
users. However, none of the existing work considers uncertainty in
the missing interactions, which makes their imputation not reliable
due to a high risk that their chosen positions would be with high
uncertainty.

How to compute the imputed values? From this point of view,
we can classify existing methods into three categories: single value
(non-computation) [5, 14, 33, 38], heuristic computation [21, 34,

35], and model-based computation [2, 23]. The methods in the
first category include PureSVD [5] and Zero-Injection [14] that
impute zero, and AllRank [38] that fills in two. AutAI [34] and
AdaM [35] calculate values to impute with heuristic similarity-
based metrics. Lastly, for model-based methods that infer and fill
in the empty values, there are methods using Random Forest [39],
Generative Adversarial Network [2], and Autoencoder [22], to name
a few. However, all the existing work imputes values inferred by a
deterministic model, which is not robust and likely to be biased.

3 UNCERTAINTY-AWARE IMPUTATION
This section introduces in detail the proposed Uncertainty-Aware
Multiple Imputation (UA-MI) framework. Figure 1 illustrates the
overview of our framework, which consists of three steps: uncer-
tainty quantification, uncertainty-aware positioning, and multiple
imputation. The following subsections elaborate on the process.

3.1 Uncertainty Quantification
This subsection explores three methods for quantifying uncertainty
in unobserved user-item interactions. They are based on sampling
[40], dropout [37], and ensemble [10], respectively. Note that they are
not used simultaneously, but one of them gets chosen and used. Fig-
ure 2 shows the uncertainty quantification methods. As illustrated,
they are realized on top of the Variational Autoencoder designed
for the CF task, named Multinomial Variational Autoencoder (Mult-
VAE) [26]. For concreteness (but without loss of generality), we
present each method by assuming the MultVAE as the base model.

3.1.1 BaseModel. We briefly introduceMultVAE before explaining
the three uncertainty quantification methods. Let 𝜙 and 𝜃 denote
the model parameters for the encoder and decoder of MultVAE,
respectively. The encoder network encodes the posterior distribu-
tion 𝑝𝜙 (𝑧𝑢 |𝑟𝑢 ) to generate a user 𝑢’s latent variable vector 𝑧𝑢 from
her interaction vector 𝑟𝑢 . However, since calculating the posterior
distribution is intractable, an objective of approximating a relatively
simple variational distribution 𝑞𝜙 (𝑧𝑢 |𝑟𝑢 ) to 𝑝𝜙 (𝑧𝑢 |𝑟𝑢 ) is used to
train the encoder [11]. Next, the decoder network decodes multi-
nomial distribution 𝑝𝜃 (𝑟𝑢 |𝑧𝑢 ), which receives 𝑧𝑢 generated from
𝑞𝜙 (𝑧𝑢 |𝑟𝑢 ) as input and generates interaction vector 𝑟𝑢 , which is
a dense vector containing inferred probability of 𝑢’s preference
towards each item.

The objective function to train MultVAE is as follows:

L𝛽 (𝑟𝑢 ;𝜃, 𝜙) ≡ E𝑞𝜙 (𝑧𝑢 |𝑟𝑢 ) [log𝑝𝜃 (𝑟𝑢 |𝑧𝑢 )]
−𝛽 · KL[𝑞𝜙 (𝑧𝑢 |𝑟𝑢 ) |𝑝 (𝑧𝑢 )]

(1)

where the right-hand side is the well-known Evidence Lower Bound
(ELBO) that consists of the reconstruction term and the Kullback-
Leibler (KL) divergence term with a free regularization parameter 𝛽
[26]. The model parameters 𝜙 and 𝜃 are trained to maximize ELBO.

3.1.2 Sampling-based Method. The method introduced exploits
samplingwith the re-parameterization trick. The re-parameterization
trick was originally used to help in the back-propagation process
when training a VAE [6, 18], which we also have utilized in training
MultVAE. Additionally, we rethink the re-parameterization trick as
a way of generating a re-parameterized latent variable 𝑧𝑢 . In this
way, we can indirectly generate multiple samples of 𝑧𝑢 as follows:
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Figure 1: The overview of our UA-MI framework. It first selects one of the three methods (sampling-based, dropout-based,
and ensemble-based) shown on the left. Let’s assume that the ensemble-based method was chosen. Then, it learns the given
implicit feedback matrix and generates 𝐾 (dense) sample matrices. Based on them, it computes the element-wise variance to
select the positions to impute. Finally, the mean of 𝐾 interaction probabilities obtained from the multinomial distribution is
imputed to the corresponding position. The input matrix and imputed matrix with the imputation rate 𝑟 is denoted as R and
R̄𝑟 , respectively.

𝑧∗𝑘𝑢 = 𝜇𝜙 (𝑟𝑢 ) + 𝜖 · 𝜎𝜙 (𝑟𝑢 ) 𝜖 ∼ N(0, I𝐷 ) (2)

where 𝑧∗𝑘𝑢 indicates 𝑘th sampled latent variable. 𝜇𝜙 (·) and 𝜎𝜙 (·)
are the encoder mean and encoder standard deviation, respectively.
𝜖 is an 𝐷-dimensional random variable sampled from a standard
multivariate Gaussian. Then each sampled 𝑧∗𝑘𝑢 can be used for
estimating 𝑢’s predictive rate for items, 𝑙∗𝑘𝑢 , by:

𝑙∗𝑘𝑢 = softmax(𝑓𝜃 (𝑧∗𝑘𝑢 )) (3)
where 𝑓𝜃 (·) is the decoder output. As a result, for each user 𝑢, we
have 𝐾 number of predictive rates.

3.1.3 Dropout-based Method. In general, the internal logic of a
standard neural network to make an output is deterministic. Apply-
ing dropout to the internal layers (except the output layer) enables
the network to produce a set of stochastic outputs. For example, an
input vector can be passed through the dropout network 𝐾 times,
where each time uses a different dropout mask (so-called Monte-
Carlo dropout) [9]. Then we get 𝐾 stochastic outputs. This can be
also considered as an implicit ensemble of networks.

Motivated by this property, we developed an uncertainty quan-
tification method based on Monte-Carlo dropout. First, we put a

user 𝑢’s interaction vector 𝑟𝑢 to the trained MultVAE model, where
we apply 𝐾 different sets of dropout masks for the internal layers
with a pre-defined dropout rate of 𝑝:

{𝜙∗𝑘, 𝑝 , 𝜃∗𝑘, 𝑝 } = dropout({𝜙, 𝜃 }, 𝑝) (4)

where 𝜙∗𝑘, 𝑝 and 𝜃∗𝑘, 𝑝 are 𝑘th set of parameters of the encoder
and decoder, respectively, within the ensemble size 𝐾 . In this way,
we have 𝐾 stochastic outputs where each one is computed by
𝑓𝜃∗𝑘, 𝑝 (𝜇𝜙∗𝑘, 𝑝 (𝑟𝑢 )). Finally, we collect a user’s 𝐾 predictive rates,
each computed by:

𝑙∗𝑘𝑢 = softmax(𝑓𝜃∗𝑘, 𝑝 (𝜇𝜙∗𝑘, 𝑝 (𝑟𝑢 ))) (5)

3.1.4 Ensemble-based Method. While the dropout-based method
generates an implicit ensemble of networks, the ensemble-based
method introduced here constructs an explicit ensemble of net-
works [19]. Following the stacking ensemble approach [10], we
train the MultVAE model multiple times with different initializa-
tions, where we expect each model converges to one of the local
optima of the loss surface and the ensemble of them yields better
uncertainty estimates [7, 32].

Formally, let 𝜙∗𝑘 and 𝜃∗𝑘 be the 𝑘th trained model parameters
of the encoder and decoder, respectively. Given the input 𝑟𝑢 , the
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Figure 2: The three methods for uncertainty quantification
at a glance. (a) The latent space variable is sampled 𝐾 times
by indirect re-parameterization. (b) Dropout is performed on
each internal layer to construct an implicit ensemble of 𝐾
networks. (c) The network is trained in𝐾 times with different
initialization to construct an explicit ensemble of networks.

corresponding latent variable is computed by:

𝑧∗𝑘𝑢 = 𝜇𝜙∗𝑘 (𝑟𝑢 ) + 𝜖 · 𝜎𝜙∗𝑘 (𝑟𝑢 ) 𝜖 ∼ N(0, I𝐷 ) (6)

After then, we get the corresponding decoder output by 𝑓𝜃 ∗𝑘 (𝑧∗𝑘𝑢 ).
We finally obtain 𝑘th predictive rate of the user 𝑢 by:

𝑙∗𝑘𝑢 = softmax(𝑓𝜃 ∗𝑘 (𝑧
∗𝑘
𝑢 )) (7)

In this way, we get𝑢’s collection of𝐾 predictive rates, each obtained
from the trained MultVAE model.

Finally, we now introduce how to measure uncertainty (i.e., vari-
ance) in each user-item interaction based on the predictive rates
produced by each method explained so far. We collect all 𝑈 users’
𝑘th predictive rates and concatenate them to construct the 𝑘th sam-
ple matrix, denoted as L∗𝑘 , by:

L∗𝑘 = [𝑙∗𝑘1 , 𝑙∗𝑘2 , ... , 𝑙∗𝑘𝑢 , ... , 𝑙∗𝑘𝑈 ]𝑇 (8)

Then, we collect 𝐾 matrices (L∗1, L∗2, ... , L∗𝐾 ) and perform the
following element-wise operations on them to obtain a variance
matrix Σ(L∗):

M(L∗) = 1
𝐾

𝐾∑︁
𝑘=1

L∗𝑘

Σ(L∗) = 1
𝐾

𝐾∑︁
𝑘=1

[L∗𝑘 −M(L∗)] ⊙ [L∗𝑘 −M(L∗)]

(9)

where M(L∗) includes element-wise mean of the matrices. Each
value in the variance matrix Σ(L∗) that corresponds to the missing
interaction is used as a measure of its uncertainty.

3.2 Positioning and Imputation
After quantifying the uncertainty, we now select where to impute
in the given matrix R by referring to the variance matrix Σ(L∗). We
sort all the variance values in Σ(L∗) corresponding to the missing
interactions. Then, the positions are determined by imputation rate
𝑟 in the order of the lowest variance (i.e., the lowest uncertainty)
where we define the 𝑟 as a hyper-parameter that determines what
percentage of the total missing cells in R will be filled.

The values that will be imputed in the chosen positions are
computed by the mean of 𝐾 interaction probabilities drawn from
the multinomial distribution. Formally, a user’s 𝑘th (dense) interac-
tion probability on the items, 𝑟∗𝑘𝑢 , is obtained from the following
multinomial distribution:

𝑟∗𝑘𝑢 ∼ M𝑢𝑙𝑡 (N𝑢 , 𝑙∗𝑘𝑢 ) (10)

where N𝑢 =
∑𝐼
𝑖=1 𝑟𝑢𝑖 computes the number of items interacted

by 𝑢 and is used as the number of trials, and 𝑙∗𝑘𝑢 is used as the
probability vector of the multinomial distribution. As a result, we
have 𝐾 inferred probability vectors of 𝑢’s preference towards each
item. We then perform the following element-wise operation on
the probability vectors:

M(𝑟∗𝑢 ) =
1
𝐾

𝐾∑︁
𝑘=1

𝑟∗𝑘𝑢 (11)

where each element of the output vector M(𝑟∗𝑢 ) indicates the mean
of 𝑢’s probabilities on an item 𝑖 . Eventually, we fill in each chosen
position (say, (𝑢, 𝑖)) by using the value inside the computed vector
M(𝑟∗𝑢 ). We denote the final matrix where all the chosen positions
are imputed with 𝑟 imputation rate as R̄𝑟 .
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We claim that the imputed values in R̄𝑟 have strengths in the fol-
lowing aspects. (1) Unlike existing methods that naively determine
where to impute, we calculate the element-wise variance values
of the user-item probability rates and selectively fill the reliable
missing cells with low uncertainty (uncertainty-aware positioning).
(2) In addition, since existing methods impute deterministically,
there is a risk that the values will be biased, whereas our method
is a multiple imputation approach that fills in statistically robust
element-wise mean values of the user-item interactions.

For the final recommendation, any CF model can be trained to
predict the preferences on the unobserved entries in the original
matrix R in its own way by using R̄𝑟 as training data, instead of
using R.

3.3 Implementation Details
We implemented our framework with Python 3.9.6 and Tensorflow
2.5.0. For the sampling-based and dropout-based methods, we tested
a different number of size 𝐾 with {30, 50, 70, 100}, and, for the
ensemble-based method, we tested 𝐾 with {1, 5, 10, 15, 20}. Addi-
tionally, the dropout rate 𝑝 for the dropout-basedmethodwas varied
with {0.05, 0.1, 0.15, 0.2, 0.25}. The imputation rate 𝑟 was exam-
ined from 0.05 to 1, increasing by 0.05. For the training of our base
model, MultVAE, we mainly refer to its settings presented in the
original paper [26].We set the number of epochs as 200, batch size as
500, learning rate as 0.001, and used the Adam optimizer. The model
structurewas defined as {𝐼𝑛𝑝𝑢𝑡 − 600 − 200 − 600 −𝑂𝑢𝑡𝑝𝑢𝑡}, where
the sizes of input and output are equal to the number of items. More-
over, the optimal 𝛽 value is learned by updating the KL term 20,000
times through KL annealing [26], where the initial value 𝛽 was set
to 1. More details can be found in our code.

4 EXPERIMENTAL SETTINGS
This section describes how we set up our experiments to prove the
effectiveness of our UA-MI framework, where we implement three
types of uncertainty quantification methods based on sampling,
dropout, and ensemble, respectively. Our experiments are designed
to answer the following three research questions:
• RQ1: Effectiveness. How much more effective is our UA-
MI framework compared with several baseline imputation
strategies?

• RQ2: Scalability. How much additional time does our UA-MI
framework require?

• RQ3: Sensitivity. How much do the accuracy and execution
time of our UA-MI vary depending on the size 𝐾? And what is
the optimal hyper-parameter setting?

4.1 Dataset
Weperformed experiments using the following four real-life datasets:
Amazon-Book2 (A-Book, in short), CiteULike-a3, Epinions4, and
MovieLens (ML)-20M5.A-Book includes ratings for books by Ama-
zon users. Epinions contains ratings on items given by users
of a product review site. ML-20M contains users’ movie ratings.

2http://jmcauley.ucsd.edu/data/amazon/links.html
3https://citeulike.org/faq/data.adp
4https://www.cse.msu.edu/ tangjili/datasetcode/truststudy.htm
5https://grouplens.org/datasets/movielens/20m

Table 1: Data statistics.

A-Book CiteULike-a Epinions ML-20M

Users (#) 46,276 5,551 18,392 136,677
Items (#) 145,051 16,940 23,849 20,108

Interactions (#) 2,448,908 210,447 362,165 9,990,030
Sparsity (%) 0.03% 0.22% 0.08% 0.36%

Valid / Test Users (#) 5,000 500 2,000 10,000

CiteULike-a includes each user’s implicit feedbacks on articles
through taggings. For each explicit feedback dataset (A-Book, Epin-
ions, and ML-20M), we converted it into an implicit feedback matrix
by binarizing four or higher scores to one among the ratings and
discarding the rest. We also applied the 20-core setting to A-Book
and the 5-core setting to Epinions and ML-20M [12, 26, 42]. Since
CiteULike-a is an implicit feedback dataset, we did not perform pre-
processing for it. The summary statistics after the pre-processing
are provided in Table 1.

4.2 Competing Methods
To highlight the effectiveness of our imputation, we carefully de-
signed several baseline imputation strategies and employed several
state-of-the-art CF models for implicit feedback. Then a combi-
nation of each imputation strategy and each model becomes our
competitor.

4.2.1 Imputation Strategies. We designed the following three base-
line imputation frameworks to compare with our imputation frame-
work: All Missing As Negative (AMAN) [33], Random Position Im-
putation (RPI), and Confident Value Imputation (CVI). AMAN is a
simple but very widely-used strategy for CF with implicit feedback
to solve the class imbalance issue [33]. It imputes all missing values
of the matrix as 0. RPI is a strategy that randomly selects where to
impute at a pre-defined imputation rate. On the other hand, CVI
first predicts the values of missing entries using any CF model.
Then, assuming that higher or lower values are more confident, it
imputes the values of missing entries as those confident values at a
pre-defined imputation rate [14, 20]. For example, if the imputation
rate is set to 10%, 5% of all predicted empty cells are selected from
the lowest value and then the other 5% from the highest value.

4.2.2 CF Models. Among the three baseline imputation strategies
introduced above, AMAN does not require a CF model for comput-
ing imputed values since it fills all missing values with zeros. The
other two frameworks, RPI and CVI, require CF models, and for this
reason, we employ three popular CF models: Weighted Regularized
Matrix Factorization (WRMF)6 [13], Multinomial Variational Au-
toencoder (MultVAE)7 [26], and Light Graph Convolution Network
(LightGCN)8 [12]. These are the state-of-the-art models represent-
ing linear latent factor models, deep generative models, and graph
neural network models for CF, respectively. We set their hyper-
parameters to the default values suggested by the corresponding
papers. We do not employ the neighborhood-based methods such as

6https://implicit.readthedocs.io/en/latest/als.html
7https://github.com/dawenl/vae_cf
8https://github.com/kuandeng/LightGCN
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AutAI [34] and AdaM [35] since they were found to be less accurate
and not scalable [2].

We believe that the combinations of each baseline imputation
strategy and each employed model can replicate the existing im-
putation methods9. For example, CVI-WRMF can be considered
as an implicit feedback version of 𝑙-Injection [20], which is an ex-
tended version of Zero-Injection [14]. In addition, CVI-MultVAE
is able to cover the existing generative model based imputation
methods such as RAGAN [2] and AR-CF [4], and also able to cover
the Autoencoder-based imputation methods such as [22] and [23].

4.3 Evaluation Protocol
Given the training data (i.e., the original matrix R), the compared
imputation frameworks except AMAN perform imputation in their
respective ways with imputation rate 𝑟 (for example, CVI adopts
one of the three models, WRMF, MultVAE, and LightGCN, and
then predicts the values of empty cells. It finally creates R̄𝑟 by
filling some highest and lowest values). Note that imputation is
only done on the training data, not on the fold-in sets of validation
and test data. After the imputation is completed, all the compared
frameworks commonly use MultVAE as a final CF model to perform
the top-𝑁 recommendation by learning R̄𝑟 .

In the case of the AMAN framework, zeros, which indicate neg-
ative preference, are imputed to all empty cells. Therefore, in the
AMAN framework, 𝑟 is always 1.0 which means 100% imputation.
For this framework, we not only used MultVAE, but also WRMF
and LightGCN to perform the final top-𝑁 recommendations. In fact,
this produces the same results as running the original MultVAE,
WRMF, and LightGCN because they are methods that basically
assume AMAN. Therefore, it can be seen that the top-𝑁 recommen-
dation results from this provide baseline performances regardless
of imputation.

4.4 Metrics
To produce a top-𝑁 list, we adopt the settings suggested by the
authors of MultVAE [26]. To elaborate, we separated 10,000 users
from Amazon-Book, 1,000 users from CiteULike-a, 4,000 users from
Epinions, and 20,000 users from ML-20M. Then, we used each half
of those users for validation and another half for testing. The in-
teractions left by the remaining users are used as training data.
Among the interactions from the separated users, 80% is randomly
selected and employed as a fold-in set which is used as input data
for the models during the testing phase, and the remaining 20% is
used as a fold-out set, which is used as test data [26].

To measure the top-𝑁 recommendation performance, we used
two widely-used metrics: Recall@𝑁 and Normalized Discounted
Cumulative Gain (NDCG)@𝑁 . They compare the list of the recom-
mended items for each user 𝑢 in the fold-out set and the fold-out
items that have interactions with 𝑢, denoted as I𝑓 𝑜 (𝑢), which are
the ground truth items. Formally, Recall@𝑁 and NDCG@𝑁 are

9Most imputationmethods are tailored to deal with explicit ratingmatrix, so converting
them to work in an implicit matrix and tuning their hyper-parameters from the scratch
was infeasible.

calculated as follows [26]:

Recall@𝑁 =

∑𝑁
𝑛=1 I[I𝑛 (𝑢) ∈ I𝑓 𝑜 (𝑢)]
𝑚𝑖𝑛(𝑁, | I𝑓 𝑜 (𝑢) |)

NDCG@𝑁 =

𝑁∑︁
𝑛=1

2I[I𝑛 (𝑢) ∈I𝑓 𝑜 (𝑢) ] − 1
log(𝑛 + 1)

(12)

where I𝑛 (𝑢) indicates the item in 𝑛th rank of 𝑢’s recommendation
list. Recall@𝑁 uses an indicator function I[ · ] to calculate the ratio
of how many items up to the 𝑁 th rank are included in the ground
truth items. Unlike Recall@𝑁 , NDCG@𝑁 gives larger weights for
items that match the higher rank items up to the 𝑁 th rank.

5 RESULTS AND ANALYSES
This section reports and analyzes the experimental results.

5.1 Performance Comparisons (RQ1)
We set the number of recommended items 𝑁 to various range, such
as {1, 5, 10, 50}, to evaluate the performance in diverse scenarios,
from recommending a small number of items to providing a large
list of recommended items. Tables 2 and 3 show the top-𝑁 rec-
ommendation accuracies of each imputation framework for each
dataset. Note that the result of NDCG@1 is not shown because it
is the same as Recall@1. For fair comparison, we tested various
imputation rates for each method, increasing from 5% to 100% (in-
crementing by 5%), and the best accuracy and the corresponding
imputation rate (denoted as I.R. in the tables) are reported for each
method (except for the AMAN strategy).

First, we focused on how the accuracy with AMAN-MultVAE
improves with each method, because MultVAE is commonly used as
a final recommender and thus it well-highlights the effectiveness of
imputation. From this perspective, the proposed UA-MI framework
consistently and significantly improved the performance of AMAN-
MultVAE in all cases (12.8% on average and 43.5% at most), while the
RPI and CVI methods marginally improved the performance and
even showed worse performances in some cases. Considering that
the imputation strategy is the only difference and the rest remains
the same, we notice that our uncertainty-aware imputation strategy
is much more effective than the alternatives.

Next, we compared our framework with the best competitor for
each case, whose result is underlined in the tables. We observed
meaningful improvements as well: our UA-MI exhibited 8.8% higher
accuracy than the best competing methods on average. The best im-
provement was achieved on CiteULike-a with respect to Recall@1
(15.8%). In order to confirm that the best results achieved by our
framework are statistically significant, we performed a paired 𝑡-test
on the results and confirmed their statistical significance. In the
tables, the sign ** indicates statistical significance at 𝛼 = 0.01 level
(𝑝 < 0.01). As shown in the tables, UA-MI with ensemble showed
especially notable performance among our three methods. How-
ever, the training cost of the ensemble-based method is relatively
more expensive than the other methods, which will be discussed in
the next two subsections.

We further analyzed the performance of our UA-MI with ensem-
ble depending on the different imputation rate. Figure (3) shows
the change of its accuracy as the imputation rate increases on each
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Table 2: Comparison results on Amazon-Book and CiteULike-a. The best accuracy for each case is written in bold. The sign **
(𝑝 < 0.01) is used to remark the statistical significance of the best accuracy. Relative improvement over the best competitor for
each case is shown at the bottom of the table.

Amazon-Book CiteULike-a

I.R.
Recall@𝑁 NDCG@𝑁

I.R.
Recall@𝑁 NDCG@𝑁

𝑁 = 1 𝑁 = 5 𝑁 = 10 𝑁 = 50 𝑁 = 5 𝑁 = 10 𝑁 = 50 𝑁 = 1 𝑁 = 5 𝑁 = 10 𝑁 = 50 𝑁 = 5 𝑁 = 10 𝑁 = 50

AMAN
WRMF 100% .0447 .0382 .0466 .1225 .0440 .0442 .0716 100% .1430 .1501 .1671 .2988 .1437 .1419 .1850
MultVAE 100% .0624 .0509 .0608 .1391 .0528 .0570 .0874 100% .1720 .1781 .1981 .3435 .1717 .1789 .2289
LightGCN 100% .0617 .0510 .0609 .1390 .0531 .0570 .0873 100% .1680 .1792 .1974 .3454 .1721 .1776 .2290

RPI
WRMF 50% .0699 .0515 .0607 .1389 .0540 .0581 .0885 70% .1830 .1777 .1962 .3443 .1728 .1799 .2331
MultVAE 70% .0709 .0496 .0620 .1375 .0537 .0587 .0879 10% .1800 .1796 .1992 .3419 .1726 .1825 .2293
LightGCN 50% .0691 .0504 .0608 .1384 .0524 .0576 .0874 60% .1810 .1777 .1981 .3428 .1742 .1794 .2290

CVI
WRMF 40% .0710 .0500 .0607 .1392 .0525 .0578 .0885 30% .1790 .1787 .1975 .3433 .1745 .1808 .2295
MultVAE 10% .0716 .0505 .0619 .1397 .0524 .0587 .0879 10% .1750 .1797 .1985 .3415 .1754 .1834 .2313
LightGCN 20% .0716 .0501 .0616 .1392 .0527 .0582 .0880 30% .1820 .1796 .1926 .3423 .1739 .1805 .2300

UA-MI
Sampling 30% .0729 .0528 .0632 .1408 .0548 .0591 .0891 10% .1980 .1851 .2094 .3451 .1779 .1871 .2362
Dropout 10% .0756∗∗ .0515 .0631 .1489 .0552 .0596 .0906 10% .2020 .1905 .2147 .3525 .1847 .1937 .2403
Ensemble 15% .0746 .0574∗∗ .0664∗∗ .1574∗∗ .0607∗∗ .0649∗∗ .0965∗∗ 10% .2120∗∗ .1962∗∗ .2167∗∗ .3675∗∗ .1911∗∗ .2018∗∗ .2497∗∗

Improvement 5.6% 11.5% 7.1% 12.7% 12.4% 10.6% 9.0% 15.8% 9.2% 8.8% 6.7% 9.0% 10.0% 7.1%

Table 3: Comparison results on Epinions and ML-20M. The best accuracy for each case is written in bold. The sign ** (𝑝 < 0.01)
is used to remark the statistical significance of the best accuracy. Relative improvement over the best competitor for each case
is shown at the bottom of the table.

Epinions ML-20M

Recall@𝑁 NDCG@𝑁 Recall@𝑁 NDCG@𝑁
I.R.

𝑁 = 1 𝑁 = 5 𝑁 = 10 𝑁 = 50 𝑁 = 5 𝑁 = 10 𝑁 = 50
I.R.

𝑁 = 1 𝑁 = 5 𝑁 = 10 𝑁 = 50 𝑁 = 5 𝑁 = 10 𝑁 = 50

WRMF 100% .0183 .0287 .0416 .1069 .0216 .0297 .0507 100% .3262 .2746 .2987 .4974 .2800 .2855 .3425
MultVAE 100% .0230 .0343 .0507 .1306 .0286 .0349 .0578 100% .3644 .3101 .3283 .5356 .3163 .3143 .3808AMAN
LightGCN 100% .0210 .0342 .0512 .1297 .0281 .0351 .0560 100% .3662 .3081 .3288 .5354 .3171 .3151 .3811

WRMF 40% .0256 .0342 .0535 .1337 .0283 .0357 .0579 60% .3683 .3117 .3282 .5354 .3182 .3162 .3819
MultVAE 30% .0231 .0344 .0517 .1342 .0292 .0365 .0583 10% .3681 .3118 .3278 .5354 .3185 .3159 .3822RPI
LightGCN 70% .0237 .0354 .0524 .1317 .0285 .0361 .0584 10% .3654 .3116 .3280 .5347 .3185 .3160 .3819

WRMF 20% .0305 .0349 .0516 .1354 .0297 .0360 .0579 10% .3679 .3113 .3281 .5358 .3183 .3155 .3817
MultVAE 40% .0315 .0350 .0539 .1290 .0295 .0364 .0583 10% .3674 .3117 .3284 .5351 .3180 .3159 .3820CVI
LightGCN 10% .0297 .0349 .0526 .1359 .0291 .0365 .0578 40% .3682 .3117 .3276 .5353 .3181 .3160 .3821

Sampling 10% .0281 .0362 .0542 .1395 .0310 .0371 .0598 30% .3695 .3126 .3301 .5378 .3190 .3172 .3832
Dropout 15% .0302 .0374 .0559 .1463 .0322 .0385 .0619 15% .3786 .3216 .3424 .5425 .3307 .3265 .3989UA-MI
Ensemble 15% .0330∗∗ .0386∗∗ .0579∗∗ .1525∗∗ .0333∗∗ .0394∗∗ .0633∗∗ 20% .3877∗∗ .3352∗∗ .3523∗∗ .5653∗∗ .3436∗∗ .3404∗∗ .4143∗∗

Improvement 4.8% 9.0% 7.4% 12.2% 12.1% 7.9% 8.4% 5.3% 7.5% 7.3% 5.5% 7.9% 7.7% 8.4%

dataset. We observed a common behavior that the accuracy in-
creases until the imputation ratio reaches to 10% ∼ 20%, and then
consistently drops afterwards. The observation confirms that care-
fully selecting a small portion of (but highly confident) empty cells
to impute is much helpful in alleviating the sparsity issue rather
than just increasing imputed empty cells which has high uncer-
tainty causing performance degradation.

We believe that UA-MI’s outperformance can be attributed to
the following factors. First, our UA-MI tried to make the imputation
more reliable by carefully selecting the imputation position. CVI,
one of our baselines, also considered the extreme values to be confi-
dent positions and filled those predicted positions first, but it failed

to show consistent outperformance, and in some cases, the perfor-
mance rather worsened. Such values derived from a deterministic
model may be insufficient information to determine the positions.
On the other hand, UA-MI filled the values with confidence in posi-
tions where there was low variance, i.e. low epistemic uncertainty.
As a result, our strategy provides more reliable values with the
given matrix, which leads to consistent performance improvement
in all cases.

Moreover, unlike existing imputation techniques, UA-MI pur-
sued multiple imputation to fill in robust values. It has been shown
through our experimental results that this way is more effective
than RPI and CVI methods following single imputation, which is
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Figure 3: Accuracy of UA-MI with ensemble depending on
imputation rate.

based on a deterministic model that may lead to bias where there
is a risk that imputed values deviate from the true values [27]. On
the other hand, our UA-MI tries to obtain the mean of multiple
interaction probabilities derived by the multinomial distribution
parameterized by the stochastic outputs of the uncertainty quan-
tification methods.

As a result, our suggested work solves the data sparsity issue
more effectively by performing reliable and robust imputation. This
has resulted in better recommendation performance compared to
several existing imputation strategies.

5.2 Scalability Analysis (RQ2)
We analyzed overall training and inference time consumed by our
UA-MI framework, because it involves additional computations
such as generation of 𝐾 predictive rates for each user and compu-
tation of the element-wise variance and mean for the positioning
and imputation, which are not present in the existing imputation
methods. We ran all our experiments on a single machine equipped
with an i9 11900K Intel CPU, 128GB RAM, and NVIDIA GeForce
RTX3090 GPU. Table 4 reports the training or running time for each
step. The size of the given matrix R for each data is also provided
to help readers. The training times of the three baseline models
(WRMF, MultVAE, and LightGCN) are also reported for comparison.

Among the three methods, the sampling-based and dropout-
based methods took about 3 times longer than just training the
MultVAE model on the larger datasets (e.g., Amazon-Book and
ML-20M), and took about 1.3 times more time than MultVAE on
smaller datasets (e.g., CiteULike-a and Epinions). However, the
ensemble-based method consumed about 11 times longer thanMult-
VAE because it requires 𝐾 times of training to construct an explicit
ensemble of MultVAE models (we set 𝐾 as 10 here), while the other
two methods need only one trained model to generate 𝐾 sample
matrices on the inference phase. We believe that parallel training
of the ensemble members by using multiple servers will be able to
relieve such long training time significantly.
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Figure 4: Accuracy and imputation time with regard to sam-
ple size 𝐾 .

5.3 Hyper-parameter Analysis (RQ3)
In this section, we analyzed the speed-accuracy trade-off in our
framework according to the changes of two key hyper-parameters:
the sample size 𝐾 and the dropout rate 𝑝 .

5.3.1 Sample Size K. In our UA-MI equipped with sampling and
dropout, 𝐾 influences on their recommendation accuracy and the
imputation time; higher 𝐾 generates a larger number of sample
matrices that help in quantifying better uncertainty estimates, but
makes the imputation time longer. In terms of Central Limit Theo-
rem (CLT) [16], the sample size should be at least 30 for a reasonable
approximation. Therefore, we tested the following values: {30, 50,
70, 100} for the sample size 𝐾 .

Figure 4 reports the recommendation accuracy achieved and
the total imputation time spent by our UA-MI with sampling and
dropout on CiteULike-a and Epinions with regard to NDCG@10
(this is due to the space limitation; other cases showed very sim-
ilar trend). We observed that the recommendation performance
increases as the sample size reaches 50, and after then, it shows no
meaningful change and even degrades. From the viewpoint of time
consumption, the total imputation time linearly increases as the
sample size increases. Through these results, we suggest setting 𝐾
around 30 to 50 that provides both satisfactory recommendation
accuracy and reasonable imputation time.

We performed similar experiments on our UA-MI equipped with
ensemble. Table 5 shows the changes of recommendation perfor-
mance and imputation time according to the ensemble size 𝐾 . Since
this method is not related with Central Limit Theorem, we tested
different set of values as follows: {1, 5, 10, 15, 20} for the ensemble
size 𝐾 following prior work [19]. Similarly, we observed the perfor-
mance improvement until the ensemble size reaches 10, and then it
shows no meaningful change. However, the training time increases
in proportion to the number of ensemble members. Hence, we
suggest setting 𝐾 around 10 for a fine balance between the model
training time and accuracy.

5.3.2 Dropout Rate p. Finally, we discuss the impact of the dropout
rate 𝑝 on the accuracy and overall running time of our UA-MI
with dropout. According to Yarin Gal’s study [8], in the case of a
standard neural network model with 4 hidden-layers and 1024 units,
a dropout rate of 25% provides reasonable predictions. However,
compared to the network used in the study, MultVAE used in our
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Table 4: Execution time analysis (minutes).

Amazon-Book CiteULike-a Epinions ML-20M

Size of R 6,712M 94M 438M 2,748M

Baselines
WRMF 4.2 0.1 0.5 1.2
MultVAE 118.6 4.2 14.7 44.4
LightGCN 135.9 4.8 16.9 50.8

Sample generation
Sampling (size 𝐾 = 30) 118.6 × 1 + 75.5 4.2 × 1 + 0.6 14.7 × 1 + 2.9 44.4 × 1 + 22.9
Dropout (size 𝐾 = 30) 118.6 × 1 + 82.6 4.2 × 1 + 0.7 14.7 × 1 + 3.0 44.4 × 1 + 23.7
Ensemble (size 𝐾 = 10) 118.6 × 10 + 33.6 4.2 × 10 + 0.3 14.7 × 10 + 1.4 44.4 × 10 + 11.4

Positioning & imputation (rate = 20%)
Sampling 134.2 1.2 4.8 40.6
Dropout 135.7 1.1 5.2 41.4
Ensemble 134.0 1.1 4.7 39.7

Total
Sampling 328.3 6.0 22.4 107.9
Dropout 336.9 6.0 22.9 109.5
Ensemble 1,353.6 43.4 153.1 495.1

Table 5: Ensemble size test: accuracy (𝑁 = 10) V.S. total train-
ing & imputation time (minutes).

CiteULike-a Epinions

Size Recall NDCG Time Recall NDCG Time

1 .1890 .1794 4.2 .0511 .0352 14.9
5 .1963 .1838 21.1 .0537 .0370 74.4
10 .2093 .1923 42.2 .0557 .0387 148.8
15 .2036 .1917 63.4 .0554 .0381 223.1
20 .2084 .1883 84.5 .0542 .0385 297.5

work is shallower and has an extremely high input and output
dimensions, so it is necessary to have a lower dropout rate. As
a result, we tested a dropout rate ranging from 5% to 25% and
increasing it every 5%. We fix 𝐾 as 30 and the imputation rate as
20% for this experiment. Figure 5 shows the top-𝑁 recommendation
accuracy and imputation time according to the different dropout
rate. We observed that the recommendation accuracy was highest
when the dropout rate was 5%, and as the dropout rate increases
the performance tends to get worse. However, the imputation time
remains consistent regardless of the dropout rate. Based on this
result, we fixed the dropout rate to 5% for all the experiments.

6 CONCLUSION
Throughout the paper, we discussed how to effectively solve the
data sparsity issue. We proposed a novel imputation framework,
named Uncertainty-Aware Multiple Imputation (UA-MI), which ex-
ploits the element-wise mean and variance values obtained by esti-
mating uncertainty in missing user-item interactions. We explore
three ways to quantify uncertainty based on the given user-item
matrix: one performs sampling in the latent space through the re-
parameterization, another applies dropout to the trained network,
and the other constructs an explicit ensemble of networks. Then
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Figure 5: Accuracy and imputation time depending on
dropout rate.

we took a strategy to selectively impute positions with low vari-
ance by using the element-wise variance values as information
indicating uncertainty. Moreover, by filling in the mean of multi-
ple interaction probabilities, the imputation is more reliable and
robust. Our proposed framework is successfully implemented on
top of the MultVAE [26] model. From the experiments, our frame-
work outperformed other imputation methods, and in particular,
the ensemble-based method showed remarkable accuracy.
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