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models are built using such a biased user-system interaction data alone. In this paper, we
introduce an additional specially collected unbiased data, and then have a new problem
called collaborative recommendation with biased and unbiased data.

We first formalize the studied problem and list three challenges, including the bias

:fgr‘;‘;?gfsieammg challenge, the heterogeneity challenge and the unbalance challenge. Then we propose
Collaborative recommendation a novel transfer learning-based Al solution, i.e., transfer via joint reconstruction (TJR),
Bias reduction to achieve knowledge transfer and sharing between the biased data and unbiased data.
Unbiased data Specifically, in our TJR, we use two different models to extract the users’ preferences

and bias information, and then refine the prediction via the latent features containing
the bias information in order to obtain a more accurate and unbiased recommendation.
We further integrate the two data by reconstructing their interaction in a joint learning
manner. Moreover, in order to better address the unbalance challenge, we introduce a bias
regularization term and integrate bidirectional knowledge distillation. Finally, we adopt
four representative methods, i.e., variational autoencoders, matrix factorization, neural
collaborative filtering and graph convolution network, as the backbone models of our
TJR and conduct extensive empirical studies on three public datasets, showcasing the
effectiveness of our transfer learning solution over some very competitive baselines.

© 2023 Elsevier B.V. All rights reserved.
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1. Introduction

For collaborative recommendation, we usually learn users’ preferences from their historical interaction with the system-
recommended items. There is an important issue in such a preferences learning setting, i.e., the bias in users’ interaction
or feedback [2,3]. For example, in a typical closed-loop recommender system, a user’s feedback or interaction is often
influenced by the position in which an item is displayed, the algorithm the system adopted, etc., which means that the
collected data are biased [2-4]. Specifically, whether in the field of search, recommendation or advertising, related works
state a phenomenon that the top ranked items often correspond to higher click-through rates, i.e., the displayed positions
will affect the click-through rates of the items, which may not be related to the real interest of the user, but only to
the attention of the user [5,6]. In other words, the premise is that an item is interacted with by a user if only it can be
exposed to and observed by the user. However, due to a series of factors such as the large number of candidate items, the
limitation of the displayed page, the requirement of engineering speed, and the need of business growth, the final exposure
probability of each item does not only depend on the relevance between the user and the item. Currently, most collaborative
recommendation models are built with the biased data only, which may not suit the users’ tastes well. In other words,
reducing bias plays an important role in improving the intelligence of a recommender system and its interactivity with the
users. In this paper, we turn to leverage an additional unbiased data for users’ preferences learning, which is thus called
collaborative recommendation with biased and unbiased data. The difference between our studied problem and traditional
collaborative recommendation is shown in Fig. 1. In industry, YouTube researchers reconstruct the model by considering
the position bias, resulting in a 0.24% improvement on the engagement metric compared with the baseline model [5]. As
another example, Huawei researchers mitigate the bias problem by introducing an unbiased data, and improve the AUC
metric by 1.56% and 2.98% in their offline and online experiments, respectively [4].

For the studied recommendation problem with both biased and unbiased data, previous works show that the unbiased
data has the potential to mitigate the bias in users’ feedback [7,4,8]. However, the unbiased data is usually rather small
due to the high expense of collection in a deployed online system, which makes it difficult to help reduce the bias in the
relatively larger biased data. Some researchers have made some pioneering efforts in this direction, including proposing a
domain adaptation algorithm [9], developing a knowledge-distillation framework [4], and designing a meta learning algo-
rithm [10], etc. However, these methods do not fully consider the difference between the biased and unbiased data in the
generation process, which may not address the bias challenge in the biased data and the heterogeneity challenge of the two
different data well.

Bias comes from the collected data, so when we make use of such data for model training, the bias may be reflected in
different levels: (i) in the label level [4,11,12], including the interactions between users and items, as well as the prediction
of the model; (ii) in the feature level [4,13,5], including the input features and the latent features; (iii) in the model’s param-
eters level [4,14]; (iv) in the gradient level [10], including the size and the direction. Existing works solve the bias problem
from the aforementioned perspectives, which can be considered as solving the problem from an explicit perspective. In
addition, there are many works that deal with the bias problem from an implicit perspective, such as modifying the overall
loss functions of the model, including weighting the loss functions and adding some auxiliary loss functions [2,15-17]. So
far, there have been few research efforts that combine both the explicit and implicit perspectives to solve the problem. The
explicit method depends on the rationality of the assumptions used, which may make the model have unstable performance
in different training processes, while the implicit method may lead to some issues not being adequately addressed.

As a response, in this paper, we propose a novel transfer learning-based Al solution called transfer via joint reconstruction
(TJR), which is believed to provide a more intelligent and more interactive recommender system. Our TJR can break the
feedback loop of a recommender system, which help alleviate the bias in the data. In other words, our method does not
distinguish one specific type of bias, and can address a variety of biases, including exposure bias, popularity bias, position
bias and selection bias. Specifically, we first convert the modeling of the biased and unbiased data into a transfer learning
problem, where the larger biased data is taken as the auxiliary data and the small unbiased data is taken as the target
data. We extract the latent features that represent users’ preferences and bias information from two different data. Our
TJR can be divided into two upper and bottom branches, where the upper branch is used to extract the users’ preferences
and the bottom branch is used to extract the bias information. Intuitively, regardless of what the latent features represent,
they ultimately affect the prediction of the model. Therefore, we refine the prediction by the latent features containing
bias information to obtain a more accurate and unbiased prediction, which thus alleviates the bias problem. In order to
effectively achieve knowledge transfer between the auxiliary data and the target data for bias reduction, we propose a joint
reconstruction loss, aiming to guide the reconstructed output to fit both the target data and auxiliary data well. In this way,
the unbiased target data implicitly plays a role of high-quality data that guides the learning task of the biased data, which
addresses both the bias challenge and the heterogeneity challenge. In addition, we also propose three variants of our TJR,
i.e., TIR-PT, TJR++ and TJR-BiKD, which denotes extracting the bias information from a pre-trained model obtained by the
biased data, adding a bias regularizer and integrating bidirectional knowledge distillation, respectively. In our preliminary
study, we have a simple motivation. From the perspective of machine learning, a recommendation model is able to learn the
properties of users’ feedback data. If there is bias in the data, the user features learned by the model will contain some bias
information. At this point, these users’ features undoubtedly give us a source of bias information, with which we design a
variant called TJR-PT to isolate the bias information directly from the users’ latent features. Since the unbiased data usually
only covers fewer users, we introduce a bias constraint and propose an extension TJR++ to allow more users to benefit
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(b) Collaborative Recommendation with Biased and Unbiased Data

Fig. 1. The schematic of traditional collaborative recommendation (a), and that of collaborative recommendation with biased and unbiased data (b). In
general, the sparsity of the unbiased data is higher than that of the biased data, and using the unbiased data can alleviate the bias problem. For example,
(a) shows that the item v3 is a popular item, and traditional recommendation models tend to predict the label of the pair (u3, v3) as 1 based on the
attributes of the users and items. However, combining the unbiased data, the label of the pair (u3, v3) may be predicted as O considering the similarity
between u5 and u3, and the fact that u5 is not interested in v3 as shown in (b).

from the bottom branch used for extracting the bias feature. Inspired by the literatures [4,18], we combine our TJR and the
bidirectional knowledge distillation technology to mitigate the impact caused by the small size of the unbiased data.

Compared with some related works [19-21], we have the following differences. Firstly, the focuses are different. The
above three works belong to the category of bias phenomenon analysis. In these works, the authors use a large space
to study and analyze the bias phenomenon. However, we focus on providing a mitigation solution for the bias problem.
Secondly, the biases are different. The bias mentioned in the first work and the third work is the bias of recommendation
actions, and that in the second work is the selection bias of users. However, we study the data bias of a recommender
system. Data bias is a type of bias that includes a wide range of biases, such as user selection bias, popular bias, and position
bias. Finally, the techniques are different. The above three works mainly use auxiliary methods such as causal inference and
data simulation to analyze the phenomenon of bias, and analyze how the bias and the recommendation system affect each
other. In contrast, we design a new method to alleviate the bias, and set up fair experiments to demonstrate the superiority
of our proposed method.

We summarize the main contributions of our work as follows: (i) we study an emerging recommendation problem called
collaborative recommendation with a larger biased data and a small unbiased data; (ii) we convert the studied problem
to a transfer learning (i.e., a subfield of Al) problem, and propose a novel and generic solution called transfer via joint
reconstruction (TJR), and the modeling idea we propose has a certain degree of versatility, e.g., noise reduction; (iii) we
propose a unique loss function, which is based on the consideration of the bias problem, and construct a loss function that
shall be aligned with both the biased and unbiased data. This loss function contains a balanced consideration, which is quite
different from other existing works on the studied problem; (iv) in order to further improve the performance, we propose
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three variants of our TJR, including extracting the bias information from a pre-trained model obtained using the biased data,
designing a bias regularizer and incorporating bidirectional knowledge distillation; and (v) we adopt four representative
methods as the backbone models, i.e., variational autoencoders (VAE), matrix factorization (MF), neural collaborative filtering
(NCF) and graph convolution network (GCN), and conduct extensive empirical studies on three public datasets, which shows
that our TJR is very competitive comparing with the state-of-the-art methods.

The organization of our paper is as follows. In Section 2, we discuss about some related works, and then give some
preliminaries of the studied problem in Section 3, including the problem definition, the challenges and our overall solution.
We describe our solution in detail in Section 4, and give three improved variants of our solution in Sections 5, 6 and 7.
In Section 8, we first introduce three real-world datasets used in the experiments and describe the implementation details,
and then present the experimental results and conduct a detailed analysis. Finally, we give some concluding remarks and
future directions in Section 9.

2. Related work
2.1. Collaborative recommendation

For a user u, a recommender system aims to find some most relevant or interested items from a candidate pool. The
basic recommendation techniques can be divided into the content-based methods and collaborative filtering methods, where
the former are implemented through the relevance between items, while the latter are usually achieved by learning a
preferences score between a user u and each item i, i.e., 7;. In order to estimate 7,;, we may use a neighborhood-based
method [22-26], a factorization-based method [27-31], a deep network-based method [32-36], or a graph neural networks-
based method [37-40].

A neighborhood-based method first calculates the similarities among the users (or items) and then predicts the prefer-
ences 7,; by aggregating the preferences of the neighbors of user u to item i (or the preferences of user u to the neighbors
of item i). However, this method is relatively simple and does not model the complex relationships between users and items
well. A factorization-based method often factorizes the user-item interaction matrix to learn the latent representations of
the users and items, which is a linear model and cannot represent the non-linear relationship between users and items. A
deep neural network-based method is able to capture the non-linear interaction between the latent features of users and
items. This method can also be classified as an encoder-decoder-based method and a multilayer-perceptron based method,
among which variational autoencoders (VAE) [33,35,41,42] is a very competitive recommendation method, using a distribu-
tion instead of a single vector to represent the latent factors of a user’s preferences. Recently, there are also some graph
neural network based methods [37,38,40], which use graph representation learning to learn the latent features of users and
items by constructing a relational graph between users and items. Although this family of methods can learn the non-linear
relationship between users and items, their computational complexity is relatively high.

2.2. Transfer learning in collaborative recommendation

Transfer learning refers to the transfer of knowledge from a source domain to a target domain, which is widely used
in many fields such as recommender systems, computer vision, and natural language processing [43]. The approaches
used for transfer learning can be classified into four categories [43], including instance-based methods [44,45], feature
representation-based methods [46,47], parameter-based methods [48,49] and relational knowledge-based methods [50]. An
instance-based method transfers knowledge from the perspective of samples such as weighting the samples from a source
domain. A feature representation-based method refers to the knowledge transferred from the perspective of feature such as
projecting the features of a source domain and that of a target domain into a common feature space. A parameter-based
method completes knowledge transfer from the perspective of model parameters such as sharing a portion of the model
parameters. A relational knowledge-based method transfers knowledge through matching the relationship between a source
domain and a target domain.

In collaborative recommendation, there are several research topics suitable for transfer learning, e.g., collaborative rec-
ommendation with auxiliary data [51-53] and cross-domain recommendation [54-56]. Collaborative recommendation with
auxiliary data aims to improve the recommendation performance and alleviate the sparsity problem by using some auxiliary
data, including content information, social or information networks and additional feedback. The common transfer learning-
based methods used for this problem can be divided into three categories [52], including adaptive methods [57,58], collective
methods [59,60] and integrative methods [61,62]. Cross-domain recommendation is intended to alleviate the sparsity prob-
lem and cold-start problem by combining the feedback in different scenarios, including two heterogeneous applications such
as music and movie, and two homogeneous ones like MovieLens and Netflix. The common transfer learning-based methods
used for this problem can be classified into three categories [56], i.e., content-based methods [63,64], embedding-based
methods [65,66] and rating pattern-based methods [67,68], etc.

2.3. Bias reduction in collaborative recommendation

In recent years, the bias problem in collaborative recommendation has gradually received more attention by the re-
searchers and practitioners from the academia and industry. Existing works for bias reduction can be categorized into three
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classes [4], including counterfactual learning-based methods [2,16,69], heuristic-based methods [70,71] and unbiased data
augmentation methods [4,9,10]. One of the most popular counterfactual learning-based methods is inverse propensity score
(IPS) [2,14], where each sample is assigned a weight via a theoretically unbiased prediction model. Ideally, if all the true
propensity scores can be obtained, IPS can alleviate all types of biases, including popularity bias, position bias and social
bias (e.g., gender, race, etc.) However, the true inverse propensity scores are not known and are usually evaluated by the
methods such as calculating the popularity of items and learning via neural networks. However, these evaluation methods
are susceptible to high variance [15,17,72]. Heuristic-based methods are relatively few, which often make certain assump-
tions about the data being missing not at random. In general, this class of methods can only alleviate a specific type of bias.
However, the factors that cause bias are numerous and complex. It is thus usually difficult to solve the problem by using
some heuristic-based methods. The data augmentation methods alleviate the bias problem by introducing an unbiased data
collected by a specific random policy, which is recognized as a very promising approach. Compared with the above meth-
ods, the introduction of an unbiased data undoubtedly brings more valuable information, and naturally gives a clear data
advantage to the recommendation model. In addition, this type of methods can alleviate multiple types of biases because
most biases end up being reflected in the attributes of the users’ feedback data. Collecting an unbiased data requires high
expense in a deployed online system, making the size of the data small. Hence, how to make full use of the unbiased data
becomes a highly important issue.

Some research works combine inverse propensity scores and the unbiased data to obtain more accurate propensity
scores [73,74]. Similarly, this type of methods may not get the correct propensity scores. In [9], the authors propose a
domain adaptation algorithm to learn two models from the biased data and the unbiased data, respectively, and then intro-
duce a regularization term to constrain the parameters of both models. It is more difficult to align both models’ parameters
when they are of high dimensionality. In [4], the authors then propose a knowledge-distillation framework to distill some
useful information from the unbiased data through four directions, i.e., label-based, feature-based, sample-based, and model
structure-based. However, a single strategy does not guarantee the full utilization of the unbiased data. In [10], the authors
propose a meta learning algorithm. It is an improvement of the doubly robust method, which applies the unbiased data to
help the model learn better weights and imputation values from the gradient level. However, the computational complexity
of this method is relatively high.

Our TJR aims to transfer knowledge between a biased data and an unbiased data for joint preferences modeling, and
reduce the bias via a specifically designed prediction refinement component.

3. Collaborative recommendation with biased and unbiased data
3.1. Problem definition

In our studied problem, bias is a phenomenon that is common in recommender systems and affects the accuracy of
recommendation results. Essentially, the bias problem points out that a user’s feedback usually does not truly represent
his or her preferences, which has been overlooked in most previous studies. Concentrating on the problem of collaborative
recommendation with biased and unbiased data, we have a set of users and a set of items, denoted by &/ = {u} ={1, 2, ..., n}
and Z = {i} = {1, 2, ..., m}, respectively. Moreover, we have two different sets of user-item interaction feedback, i.e., SA =
{(u,D)} and ST = {(u, i)} obtained by two different policies. Specifically, sA s a larger and biased data collected by a
commonly deployed non-uniform policy in a typical online recommender system, and the non-uniform policy means using
models and strategies to recommend items to users, i.e., each item is exposed to users with an unequal probability [2,75].
ST is a small and unbiased data collected by a specifically designed uniform (i.e., random) policy. On the contrary, the
uniform policy refers to expose each item to users with an equal opportunity [2,75]. Our goal is then to combine S and
S7 to obtain an improved and unbiased model, which alleviates the bias problem and provides a more accurate personalized
recommendation list of items for each user. The experimental setup follows the previous related works [4,9,10].

We list the commonly used notations in the paper in Table 1.

3.2. Challenges

For the studied problem of collaborative recommendation with a larger biased data and a small unbiased data, we have
to address the following three specific challenges. Firstly, the bias challenge, i.e., how to reduce the bias in the larger and
biased data S*. In reality, bias is ubiquitous, hidden and unmeasurable. Because recommender systems are often large and
complex systems, the whole process, including selecting the target items from massive candidates and then showing them
to a user, requires different engineering and algorithmic efforts. In addition, because recommender systems are closed-loop
systems, the bias in the training data weakens a recommendation model to learn the users’ real preferences, which will
affect the next recommendation and even the health of the entire ecology. Secondly, the heterogeneity challenge, i.e., how
to jointly model these two different types of feedback S and S7 in a complementary way. The distributions of the biased
and unbiased data are different, mainly for the following two reasons. One is that the biased data cannot truly represent the
users’ preferences due to the existence of bias, while the unbiased data is opposite since it is being collected by the uniform
policy. The other is that the (user, item) pairs in both data are usually not the same. Finally, the unbalance challenge, i.e.,
the scale of the biased data and the unbiased data differs greatly. The unbiased data is usually quite small, and some users

5



Z. Lin, D. Liu, W. Pan et al. Artificial Intelligence 324 (2023) 103992

Table 1

Notations.
Notation Explanation
n user number
m item number

uefl,2,..,n} user ID
ie{l,2,..,m} item ID

u whole set of users

z whole set of items

D=UXT whole set of (user, item) pairs

SA ={(u,i)} a larger and biased data collected by a commonly deployed non-uniform policy

ST ={(u,i)} a small and unbiased data collected by a specifically designed uniform (i.e., random) policy
v an observed click w.r.t. user u from S+

vl an observed click w.r.t. user u from S7°

y¢ a predicted click w.r.t. user u from the confusing latent features

j/uA a predicted click w.r.t. user u from the latent features of bias information

jideal an unbiased predicted click w.r.t. user u by combining y$ and y;*

FC() the function for extracting the confusing latent features

FA() the function for extracting the latent features of bias information

TA() a transform function (e.g., sigmoid function)

G() the function to get the prediction from the latent features

zf the confusing latent features that contain the user’s preferences and bias information for user u
A the latent features of bias information for user u

ZuA the latent features of bias information for user u constrained by T ()

L(,-) an arbitrary loss function such as the cross-entropy loss

L1r the total loss of our TJR

oy, wn the hyper-parameters

even do not have any unbiased sample. The unbiased data will hurt the users’ experience and the system revenue during
the collection process, which is thus often small, making it severely different from the biased data in scale. Therefore, this
comes two difficulties, one is that it is difficult to extract useful information from the unbiased data, and the other is that
the recommendation model tends to be guided by the biased data.

3.3. Overview of our solution

As a response to the aforementioned three challenges, we propose a novel transfer learning-based Al solution, which
projects the studied problem to a transfer learning view, and proposes an effective knowledge transfer mechanism with bias
reduction to address the three challenges. Firstly, for the bias challenge in the auxiliary data S, we adopt two different
models to extract the latent features of users’ interests and the latent features of users’ bias information, respectively, and
then correct the predictions by the models in a linear manner. Secondly, for the heterogeneity challenge, we design a joint
loss function to reconstruct both the target data and auxiliary data in a seamless manner. Finally, for the unbalanced chal-
lenge, we design two approaches, one of which introduces a bias regularization, and the other incorporates the technology
of bidirectional knowledge distillation.

As we all know, in a typical closed-loop recommender system, the bias continuously affects the performance of the
recommender system like snowballs. Our TJR can enhance the overall intelligence and interactivity of the recommender
system through effectively alleviating the bias and generating a more reasonable recommendation list, which can better
meet the users’ individual needs, and make the interaction between users and the system smoother.

4. Our solution: transfer via joint reconstruction

In this section, we show the details and motivation of our proposed solution, and how to apply it to four commonly used
recommendation models, i.e., variational autoencoders (VAE), matrix factorization (MF), neural collaborative filtering (NCF)
and graph convolution network (GCN). From the perspective of transfer learning [43], we regard the larger and biased data
s as the auxiliary data, and the small and unbiased data S7 as the target data. From the idea of latent variable model, we
can learn users’ latent features from S via sufficient training. However, due to the existence of bias, these latent features
are mixed with features containing bias information. Meanwhile, we can not obtain users’ unbiased latent features well
from S7 because its scale is often too small.

In order to make full use of the information in S and S7, we propose a novel transfer learning solution, i.e., transfer
via joint reconstruction (TJR), which is illustrated in Fig. 2. Intuitively, the learned latent features, whether they represent
users’ preferences or bias information, ultimately affect the prediction of the model. Therefore, we use two different models
to extract the latent features that represent users’ preferences and bias information, and then refine the prediction in a
linear manner to alleviate bias problem.
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Fig. 2. lllustration of our transfer via joint reconstruction (TJR). We extract the corresponding information from two different data. F€(-) is used to extract
the confusing latent features zf that contain both a user’s preferences and bias information, and both F“A(-) and T+ (-) are used to extract latent features
z* about the bias information. Based on z§, z;* and G(-), we can get the unbiased prediction §i4¢¢!. Notice that G(-) is shared and the arcs denote the
loss functions to be minimized simultaneously, i.e., reconstructing both the biased and unbiased data, to achieve the effect of joint reconstruction.

Specifically, we use the union of S* and S7 to obtain the confusing latent features zg that contain the user’s preferences
and bias information through the function for latent feature extraction, i.e., FC(-). After getting zg, we use G(-) to get the
prediction j/f. Notice that 5/5 is usually biased. In particular, if we use VAE as the backbone model, FC(.) refers to the
encoder and G(-) refers to the decoder.

We use SA to extract latent features of bias information 2;,4 through FA(-) and TA(.). Notice that FA() is the same
as F€() in structure and TA(-) is a transform function. The reason for introducing the transform function is to constrain
the latent features of the bias within a controllable range. We use sigmoid as the default transform function in our TJR and
also study the impact of different ones on the recommendation performance. After obtaining 2;4, we use G(-) to get the
prediction j/uA Notice that G(-) in the bottom branch is shared with the one in the upper branch that generates 95 The
reason is that G(-) serves to map the values in the latent feature space to the label space, and the mapping relationship is
theoretically unchanging regardless of whether the latent features are biased or unbiased.

To obtain an unbiased prediction yi4e%, we intuitively use a linear method through y$ and 73, ie., yided = 3¢ — yA,
Finally, in order to train our TJR, we naturally design a joint reconstruction loss function, i.e., reconstructing both the biased
and unbiased data. For user u, we can easily obtain the loss function, i.e., aL(§ide®, yA) 4 £(Pidea yT) where L(-,-)
denotes an arbitrary loss function such as the cross-entropy loss. Notice that we follow the idea of the Weight strategy [4]
and introduce a hyper-parameter « in the above loss function. To learn the biased features zg better, we introduce an
additional loss function, i.e., L(&S, y{,“). Finally, we have the overall loss function of our TJR,

Lrr =a LGy 4 L yTy 4y L3S, yib, (1)

where o and y are the hyper-parameters, y;* are the observed labels from S;4(S;A € S4) and y! from ST (S7 < s7).
4.1. Specialization via variational autoencoders

Variational autoencoders (VAE) is an important type of generative model [76], which has been widely used in computer
vision. Given a certain amount of data, it learns the intrinsic properties of the data by combining variational inference
and autoencoders, and then generates some data that approximates the original input. In [33], variational autoencoders is
introduced to model users’ implicit feedback and achieves very promising results in a recommender system. Notice that
unlike other models, variational autoencoders obtains the distribution of the users’ latent features rather than some specific
values, which is the main reason why it is usually more effective.

In this section, we discuss how to apply our TJR when we use variational autoencoders as a backbone model. Variational
autoencoders includes an encoder and a decoder, where the former is an inference model and the latter is a generative
model. In a recommender system, the goal of the encoder is to produce the mean and standard deviation of the distribution
of a user’s latent features, and the function of the decoder is to reconstruct the user’s interaction vector from the latent
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Fig. 3. Illustration of our transfer via joint reconstruction (TJR) with the backbone model of variational autoencoders (VAE).

feature distribution. In order words, taking the users’ observed interaction vector y, as input, we first obtain the users’
latent features through an encoder, and then get the users’ prediction y, via a decoder,

V. = Decoder(Encoder(yy)) @)

where Encoder(-) is an encoder and Decoder(-) is a decoder.

For our TJR in Fig. 2, F€(-) and FA() refer to two different encoders, and G(-) corresponds to the decoder. The model
structure is shown in the Fig. 3. In our experiments, the encoder and decoder in our solution have the same structure as
that in VAE [33].

4.1.1. The upper branch
In our TJR, F€(-) is an encoder to produce the distribution of a user’s interest latent features. We use zg e Rk to
denote the latent representation of user u, and /1,5 e Rk and GS e Rk to denote the corresponding mean and standard
deviation of ZS, respectively, where k is the dimension of the latent features. Taking the user u’s observed interaction vector
yuA € {0, 1}'™M from S4 and yLT €{0,1}1™ from S7 as input, we can obtain zg by sampling from a variational distribution
CiyAuvT
qd¢ (Zu |Yu Yu )v

151y A UyT) = N (uC. diag(aS?)), (3)

where & = Relu((y;! +y;] )WG + b)) is the mean and 07! = exp(Oi' ¥ IWE+DS) s the standard deviation. Notice that
WG e R™* and WS € R™** are the weight matrices, and b¢ € R' and bS e R!** are the bias vectors.

During training, it is difficult to derive the gradients due to the sampling process, so we adopt the commonly used re-
parameterization trick to avoid this issue [76,77], i.e., we re-parameterize zg by ILE +e0 05, where & ~ A/ (0, diag(1)). In
addition, according to variational inference, we add a constraint that minimizes the Kullback-Leiber (KL) divergence between
qs@S|y;A UyT) and the standard normal distribution p(z,),

Lx(z5) = KL(qy 5 v Uy)I1p(zu)). (4)

After that, given zg, we could get a reconstructed interaction vector denoted as 375 through the decoder G(.),
Vi ~ pa(yylzy). (5)

4.1.2. The bottom branch

FA(.) is an encoder to produce the distribution of a user’s bias latent features. Notice that FA(-) and F€(-) have different
roles. Although the two encoders can have different structures, for simplicity, we let them have the same structure. There-
fore, we use Z;! € R'*¥ to denote the latent representation of bias information for user u, and [L[f‘ e Rk and &HA e RIxk
to denote the corresponding mean and standard deviation of iuA, respectively. Given the user u’s observed interaction vector
yuA € {0,1}™™ from S as input, we can get iuA by sampling from a variational distribution g (iuA|yuA),

8
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4y @y = N (i) diag(632)), (6)

where [Lu = Sigmoid(y;, WA + bA) is the mean and O’ — expWi Ws'+b5Y) is the standard deviation. Notice that WA
Rk, WA e Rk, bﬁ‘ € Rle, and b2 e Rk,

Similarly, we could obtain Z* by [Lffl +e0 6;4 based on the re-parameterization trick, and we again use the KL diver-
gence to constrain qg (iuA|yﬁ4) and the standard normal distribution p(zy),

L @) = KLy EHy;H11pEu)). (7)

Let fluA denote a reconstructed interaction vector caused by the bias information through the decoder G(-),

¥~ pe(y iz, (8)

4.1.3. Loss function

In VAE, we expect that the reconstruction loss function is minimized so as to ensure that the latent features of users’
interest or bias information are learned well during the training process. Following [33], in our solution, we adopt a multi-
nomial conditional llkellhood functlon to achieve y'de”’ as close to yuA UyuT as possible, and 95 also as close to yuA as

possible, where y'dea’ y — yu . Specifically, for user u, we can obtain the reconstruction loss,
LGy =By, ge a7 108 po ;125 )], 9
LGy =Eq, ge s a g7 log po ] 127, )], (10)
LGy =B, wiAuyT) 1108 Po (v 1ZD)1. (11)

Taking all the above derivations together, for user u, we reach an overall loss function to be minimized,

Crovas = L@, i + L@ yT) + y LG5 v + B (La@D) + La @) (12)

where «, y and g are the hyper-parameters.
4.2. Specialization via matrix factorization

Matrix factorization (MF) is a classical model in a recommender system. Its essence is to decompose the interaction
matrix between users and items, e.g., the rating matrix or the click matrix, into the product of two low-rank matrices, one
of which represents the latent vectors of the users, and the other represents the latent vectors of the items. Notice that
matrix factorization is an improvement of collaborative filtering, which can alleviate the data sparsity problem to a certain
extent. At the same time, it also belongs to a machine learning algorithm, which can generally be learned by gradient
descent or alternating least squares.

In this section, we explore how to apply our TJR when we use matrix factorization as a backbone model. There are
several variants of matrix factorization, such as considering rating bias, using square loss function, and using cross entropy
loss function. In our experiments, we consider the items’ rating bias, and use the cross entropy as the loss function. In other
words, we consider the predicted feedback j,; of user u on item i as follows,

9ui=Uu'ViT+bia (]3)

where U, denotes the latent feature vector of user u and V; denotes the latent feature vector of item i.
For our TJR in Fig. 2, FC(-) and F(:) refer to two different embedding layers, and G(-) corresponds to the inner product.
The model structure is shown in the Fig. 4.

4.2.1. The upper branch

We use US € R'*k to denote the latent vector of the user’s information, and use VIC € Rk to denote the latent vector
of the item’s information, and use blc e R™1 to denote the item bias, where k is the dimension of the latent vectors. In our
experiment, we randomly initialize UE and Vl.c, and initialize bl.c to zero. According to the principle of matrix factorization,
for a (u, i) pair, we can obtain the prediction through their inner product,

~ T
Jo=Ug V5 4D, (14)
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Fig. 4. lllustration of our transfer via joint reconstruction (TJR) with the backbone model of matrix factorization (MF).

4.2.2. The bottom branch

Similarly, let Uy € R™*k denote the latent vector of the user’s bias information, and Vi* € R™*¥ denote the latent vector
of the item’s bias information. In our experiments, we first randomly initialize two variables U{fl and V;4. Then we use a
transform function to obtain fJuA and \7{4,

Ut = Sigmoid(Ug'), Vit = Sigmoid (vi). (15)

Based on the principle of matrix factorization, we can obtain the prediction through the inner product related to by the
bias information. Notice that we do not consider the impact of the item bias for simplicity.

Ja =0t VAT (16)

4.2.3. Loss function
According to our solution, for (u, i) pair, we could obtain the unbiased prediction denoted as y“’e“’ through y and yw,
ie., y'u‘fea’ ym yu,. In our experiments, we adopt the cross-entropy loss to train the model. Therefore, for user u, we can

obtain the specific loss,

K(Aldeal, v ) _ Z _yullog(o,(j’;ﬂeal)) —-(1- yul)lOg(l - O-(y’dl?ﬂl))’ (17)
(u,i)eSgt

L’(y'deal, y] ) Z —yu,log(a(y'deal)) —-(1- yul)log(l (I(yldeal))’ (18)
(u,iyesy

ﬁ()’u »Yu ) = Z _yuleg(U(Yuz)) -(1- yul)lOg(1 - G(yUI)) (19)
(u,iyesyt

where o (+) is a sigmoid function.
Finally, the loss function when our TJR is applied to MF as follows,

Lrr-mr =2 LG yi) + L@ v + v L£GG, v (20)
4.3. Specialization via neural collaborative filtering

Neural collaborative filtering (NCF) is a model that combines deep learning and matrix factorization [34]. It retains the
latent vectors of users and the latent vectors of items along the lines of matrix factorization, and replaces the simple inner
product with multilayer perceptron. Multilayer perceptron can improve the model’s nonlinear modeling ability, making the
NCF more expressive.

10
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Fig. 5. Illustration of our transfer via joint reconstruction (TJR) with the backbone model of neural collaborative filtering (NCF).

In this section, we describe how to apply our TJR when we use neural collaborative filtering as a backbone model.
In [34], the authors also propose generalized matrix factorization, which simultaneously uses inner product and multilayer
perceptron to calculate the similarity between users and items. In our experiments, we only use multilayer perceptron to
calculate the similarity. In other words, for a (u, i) pair, we predict the feedback y,; between them as follows,

Yui = (tanh([Uy; VW1 + by)) Wy, (21)

where U, denotes the latent feature vector of user u, V; denotes the latent feature vector of item i, Wy and W> are the
weight matrices, and by is the bias vector.

For our TJR in Fig. 2, FC(-) and FA(.) refer to two different embedding layers, and G(-) corresponds to the multilayer
perceptron. The model structure is shown in the Fig. 5.

4.3.1. The upper branch

Similar to matrix factorization, we use U € Rk to represent the latent vector of the user’s information, and use
Vf: e Rk to denote the latent vector of the item’s information. In our experiments, we use two embedding matrices to
represent Uff and VIC, and initialize them randomly. According to Eq. (21), for a (u,i) pair, we can obtain the prediction
between them as follows,

75 = (canh (UG VEIW; + b)) W, (22)
where W; € RZ**k and W, € R¥* are the weight matrices, and b; € R¥*1 is the bias vector.

4.3.2. The bottom branch
We use Uzt e R to denote the latent vector of the user’s bias information, and use Vlf‘l e Rk to denote the latent

vector of the item’s bias information. Similar to matrix factorization, we initialize two variables randomly, and get fJ;,“ and
Vlf‘t through the transform function,

U} = sigmoid(Ug), VA = Sigmoid(ViY), (23)

where U4 and V,.A are two intermediate variables.
After that, based on our solution, we can obtain the prediction related to the bias information for a (u, i) pair,

it = (canh (07" VA IW5 + by) ) W, o
Notice that the multilayer perceptron is shared with that in the upper branch.

4.3.3. Loss function

For a (u, i) pair, we can get the unbiased prediction through the connection between jlgi and jfﬁ, ie., jlzdf“’ = jigi — }7;‘},
where j/Ldi"’“l denotes the unbiased prediction. Similar to matrix factorization, we adopt the cross-entropy loss to training
the model. Therefore, for user u, we have the following loss function,

11
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Fig. 6. [llustration of our transfer via joint reconstruction (TJR) with the backbone model of graph convolution network (GCN). The dashed line denotes the
two embedding layers are the same.

ﬁ(Azdeal’ i ) _ Z —ymlog(a(&{,dfal)) —(1- ym)log(l g(}A/:_,dleal)) (25)
(u,i)eS

cife yh= Y —yhlog@ (Gl — (1 - yllog(1 — o (G, (26)
(u.i)eST

LGy = Y —yulog@ @) — (1 - yidlog(1 = o (75)), &7)
(u,i)eSuA

where o (+) is a sigmoid function.
In summary, for user u, the total loss function is,

Lrronce =2 LG i) + LG yD + v LG5, yiH. (28)
4.4. Specialization via graph convolution network

In this section, we show how to apply our TJR when we use graph convolution network as the backbone model. In recent
years, graph neural network is one of the research hotspots in academia and industry, using graph technology to establish
the relationship between users and items. In collaborative filtering, LightGCN [38] is a relatively well-known method, which
is improved on the basis of NGCF [37]. Therefore, we use LightGCN as the backbone model to explore the application of our
TJR to graph neural networks. For our TR in Fig. 2, FC(-) refers to the graph neural network, F A () refers to the multilayer
perceptron and G(-) corresponds to the inner product. The model structure is shown in the Fig. 6.

4.4.1. The upper branch

We use US € Rk to denote the latent vector of the user’s information, and Vic € Rk to denote the latent vector
of the item’s information, where k is the dimension of the latent vectors. For LightGCN, through the message aggregation
function, the final embeddings of users and items can be written as follows,

L
Ul{mal _ Z W[U(,j(l), (29)
=0
1 L
i 1
vifma _ Z leicq (30)
1=0

where [ denotes the [-th layer, L is the total number of layers, and w; represents the weight of the [-th layer embedding in
composing the final embedding.

12
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4.4.2. The bottom branch

Under the guidance of our TJR, we will rebuild a brand-new graph model to extract the latent features of the bias infor-
mation from the biased data. The complexity of the graph neural network model is high, and the modification mentioned
above further increases the complexity of the model and the difficulty of training the model. Therefore, we make a light
modification, i.e., we employ the feature extractor F A(.y and the transform function T*A(:) from the final embeddings U£ inal
and Vif inal 1o our experiments, we employ a single-layer fully connected network with a sigmoid function to extract the

latent features of the bias information,
~ . . inal
U = Sigmoid (U™ Woenw) + bgena), (31)
~ . . inal
VA = Sigmoid (V) " Wecn(v) + bgen(v)), (32)

where Wgey) € R¥*k and Ween(v) € R**k are the weight matrices, and bgenwy) and bgey(yy are the bias vectors.

4.4.3. Loss function
Similarly, for a (u, i) pair, we could obtain the unbiased prediction j/{,d"“’,

j/gi =Ul{mal .v’fmal . (33)
=07 (34)
" = $ui = Y (35)

where jlg is the prediction of the upper branch in our TJR and j/ff‘ is the prediction of the bottom branch.
In addition, following the original work [38], we use the BPR loss function. For user u, we have the following loss
function,

L(yidea yAy — Z Z Z In Softplus(§dea — 9{;}631), (36)
uel jesgt je(sytus)

Ly yTy— — Z Z Z In Softplus(yideal — 9L(:J!eal), (37)
uellies] je(situsl)

LGS yH==Y Y Y. InSoftplus(y — ¥ip). G8)

ueU je(stus]) jesitus])

Finally, the loss function when our TJR is applied to LightGCN is as follows,
Lrr-con =2 LG i) + LG yD + v £GG v (39)
4.5. Discussions

In this paper, we study on common recommender systems, besides, there are some special recommender systems
such as fashion recommender systems [78], multimedia recommender systems [79], music recommender systems [80] and
sequence-aware recommender systems [81]. To alleviate the bias in above recommender systems through our TJR, we first
need to collect an unbiased data, and then modify the backbone model lightly. In fashion recommender systems, common
biases include seasonal bias, gender bias, popularity bias, etc. In multimedia recommender systems, common biases include
multimodal differences, popularity bias and fairness. The music recommender systems and sequence-aware recommender
systems are similar to other common recommender systems, including popularity bias, location bias, and community bias.
Although different recommender systems face different types of biases, most of them are reflected in users’ feedback data,
so they can be considered as data bias. Therefore, to alleviate the bias, we can first get an unbiased data by setting a random
policy or creating virtual unbiased data. Among them, setting a random policy refers to displaying randomly selected items
to the users, and creating virtual unbiased data means to use methods such as IPS to construct a virtual unbiased data.

In addition to the recommender systems, some tasks such as vision tasks and sequential tasks also have biases, and
we can also use transfer learning to alleviate them. Biases have commonality across different tasks, and can be classified
into three categories, i.e., biases in the data (e.g., sampling bias, measurement bias and label bias), biases in the model
(e.g., imputation bias, confounding bias and sample selection bias), and biases in the validation evaluation process. Transfer
learning is mainly used to mitigate biases in the data and in the model with the following strategies.

e Instance-based. We can use data generation methods to obtain more data or even unbiased data, and then combine
them to train a more unbiased model. For example, we may (i) use multiple models to predict the same instance,
and improve the reliability of the prediction by setting a threshold; (ii) combine the inverse propensity score method to
generate some relatively unbiased instances; or (iii) use a large model or a generative model to generate more instances.
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e Parameters-based. We can use parameter alignment methods or parameter reuse methods to train a more unbiased
model. For example, we may use a large amount of data to train a big model, and then use knowledge distillation or
fine-tuning techniques to get a more unbiased model.

e Feature-based. We can use methods such as feature alignment, feature mutual exclusion and feature fusion to get more
unbiased latent features, and then obtain more unbiased predictions. For example, we may (i) design and train two
independent sets of feature extractors with a biased and an unbiased data as a way to obtain unbiased latent features;
or (ii) design a common feature extractor or a constraint function to extract common latent features from a biased data
and an unbiased data.

5. Bias regularizer

In practice, the latent features of the bias information are quite cryptic, and the learning of bias latent features by the
loss L7jr may have certain limitations, because the scale of ST is usually limited. To alleviate this issue, we introduce a
bias constraint and obtain a further extension TJR++. Specifically, in each iteration, for a user u, we randomly select a user
r from U to construct a user pair. Then we get the following constraint,

Lpias = |c0s(25, 2) — weos(z;, 7)1, (40)

where z$ and z¢ denote the confused latent features contained both the user’s preferences and bias information of user
u and r, respectively, iuA and ZTA denote the latent features of the bias information of user u and r, respectively, | - | is an
absolute function, cos(-, -) is a cosine similarity, and w is a hyper-parameter.

The intuition behind the bias constraint is that the difference between two users’ preferences will be preserved in the
bias. In particular, if two users have close preferences, they may be treated equally by the system, resulting in similar bias
effects. By transferring the knowledge of the preferences to the bias, all users may benefit from the branch that extracts
latent features of the bias information, especially those who lack SLT . Finally, we optimize the model by the sum of the loss
functions in Eq. (1) and Eq. (40). We denote this variant as TJR++, and the total loss function of TJR++ is as follows,

L1R++ = LTR + Lbias- (41)

Next, we discuss how to apply our proposed bias regularizer to different backbone models. For variational autoencoders,
in the preliminary experiment, we find that the improvement in model performance is not significant when using zf and
i(f‘ for the bias constraint. We believe that this is because they actually represent the distribution of the users’ latent
features. During the model training process, z{ and Z;! are not stable because of the presence of variance, i.e., 0$ and &;4.
Therefore, we adopt the corresponding mean of zg and the mean of iuA for the bias regularizer,

Loias_vae = lcos(n$, &) — weos(fuy', i), (42)

where u$ and [LuA are the mean of z§ and z;!, respectively, and u¢ and ;1;4 are the mean of z€ and z/, respectively.
For matrix factorization and neural collaborative filtering, we place the bias constraints on both of the users’ and items’
embedding vectors. For (u, i) pair, we randomly select a (user, item) pair (p, ¢), and then have the following equation,

Lbias—MF = Lbias—Ncr = [cos(Uf, US) — wecos (U3, U7Y| + |cos(V§, V5) — weos(Vi, VY. (43)
6. Extracting bias information via pre-trained model

In the models described above, it is necessary to jointly learn the latent features of the bias information, the latent
features of the preferences, as well as the relationship between them. This may lead to insufficient training of the model.
Inspired by a typical machine learning model, a recommendation model is able to learn the properties of the users’ feedback
data. If there is bias information in the data, the user features learned by the model will contain some bias information.
Therefore, we try to extract the latent features of the bias information from the model pre-trained using S, because it
naturally contains the bias information. In other words, we modify the initial information for learning the latent features
of the bias. In the above model, we start training to learn the latent features of the bias information from the biased data,
while now we extract the bias information from the embeddings pre-trained using S*.

Specifically, we first use S to train the model to get the latent features z;“. According to the nature of SA, we consider
that zuA includes the users’ interest and bias information. Therefore, we can design a specific model to extract the latent
features of the bias information from z;. We denote it as a bias separation module. Notice that all users share the same

bias separation module, and the pre-trained latent features zuA are frozen during the joint training,

7 = f(zh, (44)

where f(-) is an arbitrary function.
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Fig. 7. lllustration of TJR-BiKD, which combines our TJR and bidirectional knowledge distillation. We introduce an auxiliary model denoted as M7 trained
with S7 only, aiming to provide more unbiased pseudo labels denoted as yT to assist the training of our TJR. At the same time, our TJR offers unbiased
pseudo labels denoted as Sl’fe“’ for M7 to facilitate the training of M7 .

However, it is difficult and complicated to extract the bias latent features because of its non-obviousness. Fortunately,
neural networks have a powerful function fitting capability. Hence, we employ a single-layer fully connected network with
an activation function in our experiments. Finally, we also adopt the joint reconstruction loss function shown in Eq. (1),
and denote this variant as TJR-PT. Notice that for matrix factorization and neural collaborative filtering, the bias separation
module used for the users is different from that for the items.

7. Knowledge distillation for enhanced label information

To further stimulate the ability of our proposed model, we exploit knowledge distillation to extend our TJR. From the
literature [4], it is known that the use of knowledge distillation can extract useful information from S7 to alleviate the bias
problem. It is worth noting that the authors [4] propose the Bridge strategy, which exploits the pseudo labels generated by
the model M7 obtained by training only using S7. That method is limited by the scale of S7 because the small size of
ST will lead to the low confidence for those pseudo labels. If we have more unbiased data, the performance of the model
can become better. However, it is obviously unrealistic, because collecting unbiased data will hurt the user’s experience and
economic revenue. Hence, we turn to generate more reliable pseudo labels by an unbiased model, i.e., our TJR, and then
exploit them to further mitigate the effect of bias.

Inspired by the Bridge strategy [4] and the work [18], we design a new approach to combine our TJR and knowledge
distillation, and illustrate the schematic diagram in Fig. 7. Specifically, we introduce an auxiliary model denoted as M7,
i.e., a model trained with S7 only. Similar to the Bridge strategy, it serves to provide more unbiased pseudo labels to TJR,
aiming to improve its performance. Unlike the Bridge strategy, in our approach, we use the labels generated by our TJR
to update M7 so that M7 can produce more pseudo labels with higher confidence. It is worth noting that in the Bridge
strategy, M7 is not updated during the model training.

In short, our TJR uses the information of M7 to assist its own training, and M7 also uses the information of TJR
to facilitate its own training. This process can be considered as bidirectional knowledge distillation. We thus denote our
proposed approach as TJR-BiKD.

The information is exchanged between TJR and M7 in the same way as the Bridge strategy. We denote D as the entire
dataset of all the (user, item) pairs, including both the observed and unobserved samples. For simplicity, we randomly
sample an auxiliary set of (u,i) pairs denoted as S from D, which has the same scale as S-*. Notice that the sparsity of
the datasets is high, so the picked (u,i) pairs are mostly unobserved samples. In addition, in our experiments, the (u,1i)
pairs used for TJR and M7 are the same for simplicity. For user u, the pseudo labels obtained by TJR are denoted as 5/{,‘19‘1’,
and that provided by M7 are denoted as jluT. Finally, similar to the Bridge strategy, we have the overall loss function of our
TJR-BiKD,

Lrr—pikp = LR + nL@9ed 57T, (45)
Ly =L@y +nL@y . i), (46)

where 7 is a hyper-parameter, y; are the observed labels from S/ (ST < s7).

In order to train our TJR-BiKD, we naturally think of using alternative training. In our experiments, we first train TJR by
Eq. (45) and then train M7 through Eq. (46). More experimental details can be found in Section 8.6.
8. Experiments

In this section, we conduct extensive empirical studies on three real-world datasets aiming to investigate the following
five research questions (RQs).
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Table 2
Statistics of the datasets used in the experiments. Notice that P/N denotes the ratio
between the numbers of positive feedback and negative feedback.

Yahoo! R3 Coat Shopping KuaiRec

#Feedback  P/N #Feedback  P/N #Feedback  P/N
SA 311,704 67.02% 6,960 37.69% 987174 186.57%
ST 5400 9.05% 464 28.89% 11,266 264.83%
Sva 5,400 9.31% 464 23.40% 11,266 269.62%
Ste 43,200 9.76% 3,712 21.94% 90,132 266.99%

RQ1: How does our TJR perform compared with the state-of-the-art methods?

RQ2: How do the reduced models perform, i.e., the ablation studies of our TJR?

RQ3: What is the performance of our TJR when using different transform functions?
RQ4: How do the hyper-parameters affect the performance of our TJR?

RQ5: How to alleviate the bias when TJR meets the knowledge distillation technology?
RQ6: What is the performance of our TJR when facing different degrees of bias problem?
RQ7: What is the performance of our TJR when meeting graph neural network?

8.1. Experimental setup

8.1.1. Datasets

For the studied problem of collaborative recommendation with biased data and unbiased data, there are only three public
datasets available, i.e., Yahoo! R3 [82], Coat Shopping [2] and KuaiRec [83], which are thus included in our experiments. We
show the statistics of the processed datasets used in the experiments in Table 2.

e Yahoo! R3 [82]. It is a (user, song) rating data with a biased user subset and an unbiased random subset. The user
subset contains over 300 K ratings from 15400 users to 1000 songs, which is biased because it is collected by normal
interactions, i.e., users select and rate items as they wish when interacting with the recommender system. The random
subset is an unbiased data, which is collected by the first 5400 users of those 15400 users, each of whom is asked
to provide ratings to 10 songs randomly selected from those 1000 songs. For any user, the randomly selected strategy
can ensure that each item has the same exposure opportunity. We follow a previous work [4], and regard the ratings
larger than 3 as positive feedback. In our experiments, we regard the biased user subset as the auxiliary data (S4) and
randomly split the unbiased random subset into three subsets: 10% as the target data (S7) for training, 10% as the
validation data (S,4) to tune the hyper-parameters, and the rest 80% as the test data (S¢) for performance evaluation.

e Coat Shopping [2]. It is a (user, coat) rating data collected from 290 Amazon Mechanical Turk (AMT) workers on an
inventory of 300 coats. Similar to Yahoo! R3, it contains a biased user subset and an unbiased random subset. Unlike
Yahoo! R3, the random subset is collected by asking all the 290 workers to provide ratings to 16 coats randomly
selected from the 300 coats. The preprocessing and split of the two subsets are the same as that on Yahoo! R3.

e KuaiRec [83]. It is a (user, video) interaction data with a sparse subset and a dense subset. The density of the sparse
subset is 16.3%, which contains over ten million interactions from 7176 users to 10728 videos, and that of the dense
subset is 99.9%, which contains over one million interactions from 1411 users to 3327 videos. The sparse subset can be
considered as a biased data since it is missing at not random, and the dense subset can be considered as an unbiased
data. Through data analysis and statistics, we find that KuaiRec does not directly conform to our studied problem, and
the density of the dataset is much higher than that of other datasets. In our studied problem, the scale of the unbiased
data is extremely small, since it is very expensive to obtain such a data in real applications. Therefore, we conduct
random sampling from the raw data. In addition, in the experiments, we find the values of some metrics are small
because the gap between the item range of the test set and that of the candidate set is very large. Finally, we keep
the set of items common to both the sparse and dense datasets, i.e., 3327 items in total. After data processing, we get
a biased user subset and an unbiased random subset from the sparse subset and the dense subset, respectively. The
preprocessing and split of the two subsets are the same as that on Yahoo! R3.

8.1.2. Evaluation metrics

For evaluation of collaborative recommendation, we adopt two widely used metrics in the community of recommender
systems, including the area under the ROC curve (AUC), normalized discounted cumulative gain (NDCG@K), precision (P@K)
and recall (R@K), where AUC is the main metric. In our experiments, K is set to 50.

e AUC is a performance metric to measure the classification effectiveness of the model. Its calculation formula is as
follows,
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AUC = (47)

where Q denotes the set of all positive feedback in the test set (or the validation set in the process of selecting
parameters), L, denotes the total number of positive feedback in €2, Rank;; is the position of a positive feedback (i, j)
among all the feedback according to the descending order of the prediction results, and L is the total number of
feedback in the test set (or validation set for parameter selection), including the positive and negative feedback.

e NDCG@K is an evaluation metric widely used to measure the accuracy of the ranking list. Its calculation formula is as

follows,
. NDCG,@K
NDCG@K — 2uett u (48)
[Late
DCG,@K
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IDCG,
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where /" denotes the set of users in the test set (or the validation set in the process of selecting parameters),
NDCG,@K denotes the normalized discounted cumulative gain of user u, DCG,@K is the discounted cumulative gain
of user u, IDCG, is the discounted cumulative gain of user u in the ideal case (obtained by calculating DCG,@K based
on the returned results which are reordered according to the true correlation), K is the length of the recommendation
list, and rel; is the relevance of the recommended items. In our experiments, K is set to 50.

e P@K is also an evaluation metric widely used in recommender systems to measure the quality of the recommended
lists. Its calculation formula is as follows,

D ueyte IRW N T W)
Zuel/l” IR(w)]
where R(u) is the recommended list generated by the model for user u, and T(u) is the recommended list formed by

the feedback of the user u in the test set (or the validation set in the process of selecting parameters).
o R@K has the same function as P@K. Its calculation formula is as follows,

P@K =

(51)
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(52)

8.1.3. Baselines

We use four representative methods as the backbone models (BMs), i.e., variational autoencoders (VAE), matrix factor-
ization (MF), neural collaborative filtering (NCF) and graph convolution network (GCN). Notice that for MF and NCF, we use
SAUST instead of S4 for learning the bias information in order to avoid the situation when a sampled triple is included
in SAUS7 but not in SA4, because the latent features are learned by randomly sampling one single (user, item, rating)
triple rather than all the rating records of a user in VAE. Moreover, for the unobserved (user, item) pairs, when VAE is used
as the backbone model, we treat them as negative feedback, and when MF and NCF are used as the backbone models, we
treat them as missing values.

Firstly, we adopt several traditional classical models, i.e., PureSVD [84], PLRec [85] and AutoRec [36]. Our TJR is closely
related with the backbone models, and thus use BM(SA), BM(ST) and BM(SA U ST) to denote the data sources we used,
i.e., training only with S, training only with S7, and training with both S and S7, respectively, where BM is a specific
backbone model. We also compare the representative methods proposed in recent years, including inverse propensity score
(IPS) [2] and CausE [9], as well as the Bridge and Weight strategies [4]. For IPS, since we use implicit feedback instead
of ratings, we estimate the propensity score w.r.t. an item i via the naive Bayes estimator that considers the exposure of
the item [2,69], P; = %, where P(Z =i|0 = 1) denotes the ratio of positive feedback w.r.t. item i given the
observed feedback, P(O = 1) denotes the ratio of the observed feedback, and P(Z =i) represents the ratio of the feedback
w.L.t. item i in an unbiased set. In addition, a model called AutoDebias has recently been proposed [10], which is also
included as one of the baselines. However, AutoDebias only uses MF and NCF as the backbone models, and it is difficult to
be extended to VAE. Hence, we do not compare with AutoDebias using VAE as the backbone model.
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8.1.4. Reproducibility

We follow the public source code for the implementation of the traditional models of PureSVD and PLRec,! as well
as the recent work AutoRec? For AutoDebias, we implement it via PyTorch 1.1 using the MSE loss and parameter con-
figurations following the original paper [10]. For all the other methods, we implement them via TensorFlow 1.2 using the
cross-entropy loss and batch training. We conduct a grid search to tune the hyper-parameters of all the methods by checking
the AUC performance on the validation data S,,. Specifically, we choose the embedding size rank € {50, 100, 200}, the hyper-
parameter on the regularization term X € {le=>,1e~%,...,1}, and the tradeoff hyper-parameters « € {0.1,0.2,...,1.0},
y € {0.001, 0.005, 0.01,0.05,0.1,0.5,1.0} and w € {0.01,0.05,0.1, 0.5, 1.0}. For the methods using VAE as the backbone
model, we use RMSProp as the optimizer (the learning rate is fixed as 0.0001), set the weight on the KL divergence as 0.2,
fix the iteration number as 300, and choose the dropout rate from {0.2, 0.3, 0.4, 0.5}. For the methods using MF (except
AutoDebias-MF) and NCF (except AutoDebias-NCF) as the backbone models, we use Adam as the optimizer (the learning
rate is fixed as 0.001), and set the iteration number as 100. Notice that we adopt an early stopping strategy with the pa-
tience set to 5 times for the methods using NCF as the backbone model. In addition, due to the relatively small size of the
validation data, the selection of the optimal values is not always very stable. Therefore, we run ten times, and then select
the one with the best average performance. Notice that the source code and scripts to reproduce all the results are publicly
available at http://csse.szu.edu.cn/staff/panwk/publications/T]R/.

8.2. RQ1: performance comparison

We report the main results in Table 3 and Table 4, from which we can have the following observations.

Firstly, overall, our TJR outperforms all the baselines on all datasets, which clearly shows the advantage of our transfer
learning solution in jointly modeling the biased and unbiased data. Compared with the traditional models such as PureSVD,
PLRec and AutoRec, our proposed model has a clear advantage, and achieves better recommendation performance than the
backbone model at the same time. This again shows the better adaptability of the model. Our TJR can effectively reduce the
impact of the bias, and improve the interactivity between users and the recommender system. Notice that we take AUC as
the main metric and use it in the process of tuning the hyper-parameters.

Secondly, the recommendation performance of our TJR and its variants have a certain relationship with the adopted
backbone model and the scale of the dataset. When VAE or MF is used as the backbone model, the variant TJR-PT performs
worse than TJR on Yahoo! R3 and KuaiRec in general, but is better on Coat Shopping. We think that this is likely related
to the scale of the datasets. The model complexity of TJR-PT is lower than that of TJR, so in general its expressive ability
is weaker than TJR. But when the dataset is small, the more complicated the model is, the easier it is to be overfitted,
resulting in poor performance. For another variant TJR++, it consistently outperforms TJR across all datasets, which shows
the effectiveness of the bias regularizer described in Section 5. When using NCF as the backbone model on Coat Shopping,
the performance of TJR++ is slightly weaker than our TJR, which is related to the nature of the backbone model itself and
the small size of the dataset.

Thirdly, the loss function of our TJR is similar to that of the Weight strategy [4], but the performance of our model is
better, which further illustrates the validity of our TJR. Moreover, our TJR is flexible and could be easily extended to different
backbone models such as MF, VAE and NCF, and still maintains relatively good performance.

Finally, the performance of both CausE and the Bridge strategy is limited by the pre-trained model obtained by S7, and
is also limited by the scale of S7. Notice that our TJR jointly reconstructs S and S7, which alleviates the problem of
small size of ST to a certain extent. In addition, in the experiments with matrix factorization as the backbone model, the
performance of our TJR is worse than AutoDebias on NDCG@50 on Yahoo! R3. We analyze the prediction of AutoDebias
and our TJR-MF, and find that the hits of the two models are not very different and most users’ hits are Os as shown in
Fig. 8, which is caused by the nature of the dataset. Specifically, in the test set, the number of positive feedback of each user
is rather small. This situation is very different from most recommendation settings on public biased datasets in previous
works. Therefore, for bias reduction, using NDCG as an evaluation metric may not be the best, which may only be used as
an auxiliary metric.

8.3. RQ2: ablation studies

In order to gain some deep understanding of our TJR, we use VAE as the backbone model and conduct some ablation
studies by removing some components from the framework of our TJR, and report the results in Fig. 9. Firstly, we cut off
the sharing path of G(-), denoted as “-Share”. We can see that sharing G(-) can improve the performance of our model
because that could force the users’ latent feature space and the bias’s latent feature space to be as close as possible, which
is beneficial for our TJR to alleviate the bias problem from the same angle. In addition, we remove the branch that extracts
latent features of bias information so that our TJR degenerates into VAE(S U S7), denoted as “-Sub”. We can see that the
recommendation performance of our TJR without the bias branch degrades significantly, which shows the usefulness of the
designed bias reduction component.

T https://github.com/wuga214/NCE_Projected_LRec.
2 https://github.com/dgliu/SIGIR20_KDCRec.
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Table 3

Recommendation performance on Yahoo! R3, Coat Shopping and KuaiRec where the best results are marked in bold and the second best results are marked
in underline. Notice that we follow the original paper and only use MF and NCF as the backbone models in AutoDebias, since it is difficult to support other
backbone models such as VAE.

Yahoo! R3
Model VAE MF NCF

AUC NDCG@50  P@50 R@50 AUC NDCG@50  P@50 R@50 AUC NDCG@50  P@50 R@50
BM(S) 0.7666  0.1009 0.0083 02715 0.7329  0.0382 0.0045 01417 0.7245  0.0279 0.0033  0.1053
BM(ST) 0.5770  0.0258 0.0029 0.0873 0.5684  0.0304 0.0032  0.0984 0.6050 0.0275 0.0030  0.0929
BM(SAUST) 07709 01014 0.0083 0.2713  0.7409  0.0439 0.0048 0.1516  0.7268  0.0327 0.0036 0.1156
IPS 0.7470  0.0809 0.0073  0.2341 0.7346  0.0426 0.0046  0.1441 0.7273  0.0304 0.0034  0.1064
CausE 0.7673  0.1013 0.0083  0.2724  0.7285  0.0445 0.0045  0.1421 0.7283  0.0284 0.0032  0.1050
Bridge 0.7711  0.1007 0.0082  0.2702  0.7524  0.0615 0.0061 0.1924  0.7367  0.0439 0.0044  0.1405
Weight 0.7723  0.0998 0.0081 0.2668  0.7465  0.0494 0.0052 01664 0.7380  0.0383 0.0043  0.1359
AutoDebias - - - - 0.7472  0.0870 0.0069 0.2277 0.7340 0.0576 0.0053 0.1711
TJR-PT 0.7804  0.1011 0.0082 0.2730 0.7442  0.0612 0.0057 01797  0.7363  0.0363 0.0039  0.1250
TR 0.7804  0.1023 0.0081 0.2718 0.7696  0.0705 0.0064 0.2096  0.7420  0.0454 0.0048  0.1524
TJR++ 0.7838  0.1054 0.0084 02787 0.7742  0.0747 0.0069 0.2267 0.7429  0.0489 0.0049 0.1584
Coat Shopping
Model VAE MF NCF

AUC NDCG@50  P@50 R@50 AUC NDCG@50  P@50 R@50 AUC NDCG@50  P@50 R@50
BM(S4) 0.6210  0.0921 0.0156  0.2467  0.7606  0.0990 0.0155 0.2589  0.7507  0.0976 0.0166  0.2846
BM(ST) 0.5413  0.0807 0.0123  0.1968  0.5231  0.0578 0.0103  0.1686  0.5840  0.0781 0.0120  0.1924
BM(SAUST) 06269  0.0952 0.0161 0.2528 07631 01016 0.0150 02644 0.7508  0.0969 0.0160  0.2684
IPS 0.5757  0.0856 0.0141 0.2171  0.7636  0.0965 0.0153  0.2541 0.7337  0.0902 0.0139  0.2373
CausE 0.6210  0.0922 0.0156  0.2467 0.7611  0.0985 0.0153  0.2557 0.7516  0.0961 0.0156  0.2646
Bridge 0.6210  0.0932 0.0156  0.2467  0.7653  0.1005 0.0156  0.2625  0.7522  0.0969 0.0169 0.2750
Weight 0.6245  0.0949 0.0157 0.2498 0.7636  0.1012 0.0158  0.2681 0.7509  0.0946 0.0153  0.2580
AutoDebias - - - - 0.6965  0.0999 0.0161 02706  0.7463  0.0944 0.0155  0.2512
TJR-PT 0.7647  0.1265 0.0177 0.3296 0.7689  0.0966 0.0153  0.2510 0.7519  0.0918 0.0152  0.2528
TR 0.7603  0.1239 0.0177 0.3304 0.7646  0.1027 0.0162 0.2789 0.7537  0.0995 0.0163  0.2755
TJR++ 0.7621  0.1272 0.0179 03410 0.7666 0.1015 0.0160 0.2771  0.7523  0.0988 0.0161  0.2729
KuaiRec
Model VAE MF NCF

AUC NDCG@50  P@50 R@50 AUC NDCG@50  P@50 R@50 AUC NDCG@50  P@50 R@50
BM(S4) 0.7463  0.0186 0.0178 0.0192 0.8645 0.0189 0.0178 0.0193 0.8508  0.0191 0.0182  0.0197
BM(ST) 0.7041  0.0180 0.0170 0.0182 0.7504 0.0142 0.0156  0.0168  0.7707  0.0178 0.0170  0.0184
BM(SAUST) 07481 0.0187 0.0179 0.0194 0.8682 0.0185 0.0174 0.0189 0.8475 0.0197 0.0185  0.0200
IPS 0.7137  0.0173 0.0165 0.0176  0.8671  0.0181 0.0174 0.0188 0.8600 0.0194 0.0180  0.0196
CausE 0.7464  0.0185 0.0177 0.0191 0.8657 0.0193 0.0183 0.0197 0.8560 0.0191 0.0182  0.0197
Bridge 0.7463  0.0185 0.0177 0.0191 0.8648 0.0189 0.0181 0.0195 0.8531 0.0187 0.0177  0.0191
Weight 0.7482  0.0182 0.0173  0.0187 0.8684  0.0192 0.0180 0.0195 0.8574 0.0194 0.0182  0.0197
AutoDebias - - - - 0.8530  0.0189 0.0181 0.0195 0.8612  0.0190 0.0181 0.0195
TJR-PT 0.7542  0.0181 0.0173 0.0186 0.8690 0.0189 0.0181 0.0196 0.8637 0.0195 0.0181  0.0196
TR 0.7620  0.0184 0.0177 0.0191 0.8690 0.0190 0.0182 0.0196 0.8624  0.0193 0.0180  0.0194
TJR++ 0.7637 0.0184 0.0175 0.0191 0.8685 0.0185 0.0173  0.0187 0.8624 0.0194 0.0181  0.0196

8.4. RQ3: impact of the transform function

In this subsection, we again use VAE as the backbone model and further study the impact of the transform function
used to extract the bias information. Specifically, we report the recommendation performance of our TJR with different
transform functions including sigmoid, tanh, relu and linear, which are shown in Fig. 10. We can see that using a nonlinear
activation function improves the performance of our TJR more significantly than a linear one. Among them, using the
sigmoid function performs the best, followed by using tanh. The reason is related to the property of the bias itself. Notice
that the performance of a recommendation model largely depends on whether it learns the users’ interests or not, and the
impact of bias on the performance is not very significant. In other words, the value of the bias features could not be too
large to ensure the overall performance of our TJR, thus we limit the value via the sigmoid function.
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Table 4
Recommendation performance on Yahoo! R3, Coat Shopping and KuaiRec where the best results are marked in bold and the second best results are marked
in underline.
Model Yahoo! R3 Coat Shopping KuaiRec
AUC NDCG@50 P@50 R@50 AUC NDCG@50 P@50 R@50 AUC NDCG@50 P@50 R@50
PureSVD 0.6750 0.0702 0.0061 0.1981 0.5908 0.0912 0.0139 0.2407 0.6117 0.0160 0.0160 0.0173
PLRec 0.6865 0.0723 0.0064 0.2073 0.7069 01179 0.0181 0.3158 0.6163 0.0160 0.0161 0.0173
AutoRec 0.7123 0.0598 0.0054 0.1714 0.7369 0.0945 0.0157 0.2585 0.7690 0.0184 0.0176 0.0190
VAE 0.7709 0.1014 0.0083 0.2713 0.6269 0.0952 0.0161 0.2528 0.7481 0.0187 0.0179 0.0194
MF 0.7409 0.0439 0.0048 0.1516 0.7631 0.1016 0.0150 0.2644 0.8682 0.0185 0.0174 0.0189
NCF 0.7268 0.0327 0.0036 0.1156 0.7508 0.0969 0.0160 0.2684 0.8475 0.0197 0.0185 0.0200
TJR-VAE 0.7804 0.1023 0.0081 0.2718 0.7603 0.1239 0.0177 0.3304 0.7620 0.0184 0.0177 0.0191
TJR-MF 0.7696 0.0705 0.0064 0.2096 0.7646 0.1027 0.0162 0.2789 0.8690 0.0190 0.0182 0.0196
TJR-NCF 0.7420 0.0454 0.0048 0.1524 0.7537 0.0995 0.0163 0.2755 0.8624 0.0193 0.0180 0.0194
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Fig. 8. The percentage of hits of AutoDebias and our TJR-MF (a), and the distribution of the number of users over the number of favorite items in the test

set (b), for Yahoo! R3.
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Fig. 9. Recommendation performance of our TJR by removing different components (i.e., “-Share” and “-Sub”). Notice that “-Share” and “-Sub” denotes
removing the sharing path of G(-) and removing the branch used to extract the bias information, respectively.

8.5. RQ4: impact of the hyper-parameters

In this subsection, we use VAE as the backbone model and study the impact of the hyper-parameters « and y in our
TJR, and show the results in Fig. 11 (a-f). Specifically, we first fix y as the optimal value, and report the recommendation
performance with different values of o € {0.1,0.2, ..., 1.0}. We can see that the best values on Yahoo! R3, Coat Shopping
and Kuairec are 0.2, 0.6 and 0.1, respectively. The reason is that the ratio |S| /|ST| of Yahoo! R3 and Kuairec are larger than
that of Coat Shopping. In order to reduce the effect of the loss on S, « shall be smaller. Similarly, we fix « as the optimal
value, and report the recommendation performance with different values of y € {0.001, 0.005, 0.01, 0.05, 0.1, 0.5, 1.0}. We
can see that the best values on Yahoo! R3 and Coat Shopping are both 0.5, and that on KuaiRec is 0.1. For user u, 5(5/5, yuA)
is used to learn the biased features zg better and the role of y is to control its proportion. If y is too small, the users’

latent features may not be fully trained, and if y is too large, the effect of the bias branch in TJR will be weakened.
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Fig. 10. Recommendation performance of our TJR by using different transform functions (i.e., sigmoid, tanh, relu and linear).
IR
0.76 el
528 < & o
0.779 W 0.76
0.74 (s
0.778
0.72
© 0.777 o o 0-755
3 2 o7 6582 )
0.776
0.68 0.75
0.775
0.774 0.6 "
0.745
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0 01 0.2 0.3 0.4 05 0.6 0.7 0.8 0.9 1.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
« a «
(a) Yahoo! R3 (b) Coat Shopping (c) KuaiRec
0.778 0.76 0.762
.7761
0.775 0.76
7714 075
o 0.758
0.765
0 0.74 © 0.756
2 0.76 2 2
0.754
0.755 0.73
0.75 0.752
0.7482 0.72
0.745 ’ 0.75
701 Ma m-‘h# c‘“@
0.001 0.005 0.01 005 0.1 05 1.0 0.001 0.005 0.01 0.05 01 05 1.0 0.001 0.005 0.01 005 0.1 05 1.0
v ol . 7.
(d) Yahoo! R3 (e) Coat Shopping (f) KuaiRec
0.7816 0.761 7612
0.781
0.76 0.763
o8 0.759
0.762
© 0.779 © 0.758 o
2 2 2
0.778 0.757 0.761
0.756
0.777
0.755 0.76
0.7544
0.776 0.7758
0.7754 0.7754 S 0.754§075%8 0.7537 155
0.01 0.05 0.1 0.5 1.0 0.01 0.05 0.1 0.5 1.0 0.01 0.05 0.1 0.5 1.0

w
(g) Yahoo! R3

w
(h) Coat Shopping

Fig. 11. Recommendation performance of our TJR on Yahoo!
{0.001, 0.005, 0.01, 0.05, 0.1, 0.5, 1.0} and w € {0.01,0.05, 0.1, 0.5, 1.0}, which are shown in (a-b), (c-d) and (e-f), respectively.

R3 and Coat Shopping with different values of « € {0.1,0.2,...,1.0},

w
(i) KuaiRec

Y €

In addition, we introduce the hyper-parameter w in the variant TJR++. And in order to analyze its impact on TJR++,

similarly, we use the VAE as backbone model in the experiments. We fix « and y with the optimal values, and report the
recommendation performance with different values of w € {0.01,0.05, 0.1, 0.5, 1.0}. The experimental results are shown in
Fig. 11 (g-i), from which we can observe the best values on Yahoo! R3 and Coat Shopping are both 1.0, and that on KuaiRec
is 0.5. When the value of w is small, the bias constraint does not work, which makes the performance of the model worse.
From the perspective of Eq. (40), the value of w can affect the learning of the user’s latent features, thereby affecting the
performance of the model.
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Ezlcjtl)insmendation performance on Yahoo! R3 and KuaiRec where the best results are marked in bold.

Yahoo! R3
Model VAE MF NCF

AUC NDCG@50 P@50 R@50 AUC NDCG@50 P@50 R@50 AUC NDCG@50 P@50 R@50
TR 0.7804 0.1023 0.0081 02718  0.7696 0.0705 0.0064 0.2096 0.7420 0.0454 0.0048 0.1524
TJR-BiKD 0.7808 0.1007 0.0081 0.2685 0.7753  0.0765 0.0068 0.2214  0.7447  0.0513 0.0051 0.1646
KuaiRec
Model VAE MF NCF

AUC NDCG@50 P@50 R@50 AUC NDCG@50 P@50 R@50 AUC NDCG@50 P@50 R@50
TR 0.7620 0.0184 0.0177  0.0191 0.8690  0.0190 0.0182  0.0196  0.8624 0.0193 0.0180 0.0194
TJR-BiKD 0.7712  0.0184 0.0174 0.0190 0.8690 0.0188 0.0180 0.0194 0.8618 0.0195 0.0184  0.0199

8.6. RQ5: extension of TIR

In Section 7, we use knowledge distillation to improve our TJR and propose a new model named TJR-BiKD. In this
subsection, we report the experimental details and results. Specifically, our TJR-BiKD introduces a hyperparameter 7, for
which we choose its value from {0.00001,0.0001,0.001,0.01,0.1} in the experiments. Before training the model, M7 is
initialized by using the optimal model parameters trained by S7 only, rather than initialized randomly; and for TJR, it is
initialized randomly. However, this may cause a problem that the random initialization of TJR makes its generated pseudo
labels with a low confidence at the beginning. In order to solve this problem, we introduce a threshold value. The model M7
starts training only when the AUC on the validation set of TJR is larger than the threshold. Finally, we conduct experiments
on Yahoo! R3 and KuaiRec, and report results in Table 5, from which we can see that our TJR-BiKD outperforms TJR in most
cases, showing the effectiveness of integration of bidirectional knowledge distillation into our TJR. Notice that we take AUC
as the main metric and use it in the process of tuning the hyper-parameters. When VAE or MF is used as the backbone
model, the performance of the variant TJR-BiKD is worse than that of TJR on KuaiRec, but their difference is only some
thousandths.

8.7. RQ6: impact of the degrees of bias problem

In this subsection, we study how our TJR performs with different levels of biases. In this context, different degrees
of bias refer to a data that contains different degrees of bias properties (e.g. exposure bias and popularity bias). To ac-
complish this goal, we use MovieLens 100 K to create a semi-synthetic data following a previous work [69]. The data
synthesis method [69] can not only get the users’ feedback in a biased environment, but also the real correlation between
users and items, i.e., both biased and unbiased data can be obtained to satisfy the studied problem setting. In addition,
this data generation method introduces a hyper-parameter p, which controls the distribution of the biased data. When
the value of p is larger, the exposure bias problem is more severe. In our experiments, we choose p in the range of
{0.01,0.05,0.1,0.2,0.3, 0.4, 0.5}, and adopt representative methods, i.e., BM(SA), BM(ST). BM(SA U ST), IPS and Weight.
Among them, BM(S#4), BM(S7) and BM(SA U ST) are used as the most basic methods and IPS as a classic method. The
performance of the Weight strategy is the best among most baselines as can be seen from Table 3, which is close to our
TJR. Similarly, we use VAE as the backbone model and continue the experimental settings mentioned in Section 8.1 for
parameters selection. The final results are shown in Fig. 12.

Firstly, it can be seen from Fig. 12(a) that different values of p not only change the degree of the bias, but also the
sparsity of the data. The larger the values of p, the sparser the data. Therefore, for fair comparison, we control the ratio
of the biased and the unbiased data around 1/20 when generating the semi-synthetic data. Secondly, from Fig. 12(b) and
Fig. 12(c), we can obtain: (1) as the value of p increases, the data becomes more sparse, and the performance of all models
(except IPS whose performance is poor) decreases; (2) as a whole, our TJR performs better than all the other models, and
achieves superiority at different degrees of bias; (3) when the value of p is equal to 0.4 or 0.5, the AUC of the Weight
strategy and our TJR do not perform well, indicating that the benefit brought by debiasing is not obvious, where the main
reason may be that the data is too sparse, and the factor that constrains the model performance at this time is the sparsity
rather than the bias.

8.8. RQ7: combining TJR and graph neural network

In this section, we study how our TJR performs when we use graph neural network as the backbone model. From the
experimental results and analysis in Section 8.2, we find that the Weight strategy has the best performance among all the
baselines, which is similar to our TJR. Therefore, we adopt BM(SA), BM(ST), BM(SA US7T) and the Weight strategy as the
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Fig. 12. Recommendation performance of our TJR and some representative baselines on the semi-synthetic datasets with different values of p. Notice that
the value of p can be used to adjust the distribution of the exposure parameter and thus control different degrees of bias. (For interpretation of the colors
in the figure(s), the reader is referred to the web version of this article.)

Table 6
Recommendation performance on Yahoo! R3 and KuaiRec, where the best results are marked in bold and the second
best results are marked in underline.

Model Yahoo! R3 KuaiRec

AUC NDCG@50  P@50 R@50 AUC NDCG@50  P@50 R@50
LightGCN(S#4) 0.7430 0.0884 0.0076  0.2511 0.7443  0.0194 0.0179  0.0195
LightGCN(ST) 0.6502 0.0536 0.0051 01676  0.7445  0.0187 0.0171 0.0183
LightGCN(SAUST)  0.7440 0.0883 0.0076  0.2508  0.7448  0.0192 0.0178  0.0194
Weight-LightGCN 0.07412  0.0896 0.0076  0.2509  0.7472  0.0191 0.0176  0.0192
TJR-LightGCN 0.7444 0.0897 0.0077 0.2542 0.7487  0.0190 0.0175  0.0191

baselines in our experiments. Following the original work [38] and the source code,® we fix the number of graph layers
as 3 and the embedding size as 64, use Adam as the optimizer (the learning rate is fixed as 0.001 for Yahoo! R3, and as
0.0001 for KuaiRec), and adopt an early stopping strategy with the patience set to 20 times for all the methods. The settings
of other hyper-parameters are the same as those described in Section 8.1.4. Similarly, we conduct a grid search to tune
the hyper-parameters for all the methods by checking the AUC performance on the validation data S,,. Finally, we report
the experiments results in Table 6. Notice that in the preliminary experiments, we find that LightGCN performed poorly on
Coat Shopping, probably because of the small size of the dataset. Therefore, the results on this dataset are not included.
From Table 6, we can see that our TJR outperforms all the baselines in most cases, showing the effectiveness of our TJR
with GCN as the backbone model. Notice that we take AUC as the main metric and use it in the process of tuning the
hyper-parameters.

9. Conclusions and future work

In this paper, we study an emerging and important problem called collaborative recommendation with a larger biased
data and a small unbiased data. As a response, we view this problem from a transfer learning perspective, which is a subfield
of artificial intelligence. We then propose a novel transfer learning solution to achieve knowledge transfer between the two
different data, aiming to reduce the bias, improve the recommendation performance and enhance the intelligence and
interactivity of a recommender system. Specifically, we design (i) an end-to-end transfer learning framework, including two
different but related models to extract latent features that represent users’ preferences and bias information, respectively,
and (ii) a bias reduction component and a shared prediction model, optimized by a joint reconstruction loss, which is
thus called transfer via joint reconstruction (TJR). In addition, we also propose three variants of our TJR, i.e., TJR++, TJR-
PT and TJR-BiKD, aiming to alleviate the impact caused by the small scale of the unbiased data and further improve the
performance of the model. Finally, we conduct extensive empirical studies on three public datasets, and find that our TJR
performs significantly better than some very competitive baseline methods in most cases.

For our proposed methods, TJR is a general framework that can be adapted to different backbone models, but its train-
ing complexity is relatively high, for which we will further optimize the training process and reduce the computational
complexity. The performance of TJR++ is very promising in many cases, which shows the effectiveness of the constraint on
bias, and we will study the properties of bias and design more constraints or regularization. TJR-PT performs better on a
smaller dataset, which may be because the model uses a pre-training model and some bias information is not learned in
the pre-training phase, and we will construct a new training method to fine-tune the pre-trained model. The performance
of TJR-BiKD is more obvious on a larger dataset, which illustrates the effectiveness of bidirectional knowledge distillation

3 https://github.com/kuandeng/LightGCN.
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between TJR and the pseudo label generation model, but the credibility of the pseudo labels is not high. We will design a
new distillation method and generate more reliable unbiased information.

For future works, we are interested in further generalizing our transfer learning solution to include more information
such as temporal dynamics and item descriptions, and improving the interpretation of the delivered recommendations, as
well as applying transfer learning to more bias reduction problems and recommendation tasks such as sequential recom-
mendation and large language model (LLM)-based recommendation [71,86,87].

e We will extend TJR to more backbone models, more recommendation tasks and more application scenarios in industry
such as click-through rate (CTR) prediction.

e We will adapt transfer learning to more bias reduction tasks. As shown in Section 4.5, transfer learning is mainly used
to mitigate biases with three methods, i.e., instance-based, parameters-based and feature-based. Taking conversational
recommender systems as an example, we can design a method based on inverse propensity scores by first calculating
the bias score of each sample through some heuristics [71] and then fine-tune the model based on the bias scores.

e Bias can be divided into benign and harmful ones [88,89], and it is difficult to identify them. However, we can design a
bias separation method based on transfer learning to reward a benign bias and constrain a harmful one. For example,
we can build an instance-based method. Specifically, we first use a conventional debiasing method to obtain a base
model, and then rebuild a new model, and compare it with the base model during the training process aiming to
reduce the weight of harmful samples and increase the weight of favorable ones.

e We will introduce more additional data to alleviate bias, such as user attributes and item attributes. Different users have
different bias effects, and similarly, different items have different bias effects. If the user attributes or item attributes
are changed, the probability of users’ clicking on items may decrease or increase. Therefore, we can first construct some
pseudo samples, and then design a method based on transfer learning to alleviate the bias.

o Inspired by the fact that large language models have shown excellent performance in various NLP tasks, we are inter-
ested in using transfer learning to take advantage of large language models [87]. For example, we may employ a large
language model to generate some virtual data, and let the model infer some items that may be of interest by providing
a prompt of items that a user is interested in. Moreover, we may use a large language model to extract richer features
for item attributes and user attributes, and integrate them into recommendation models.
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