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ABSTRACT
Cold-start recommendation is a challenging problem due to the
lack of user-item interactions. Recently, heterogeneous informa-
tion network (HIN)-based recommendation methods use rich auxil-
iary information to enhance users and items’ connections, helping
alleviate the cold-start problem. Despite progress, most existing
methods model HINs under traditional supervised learning settings,
ignoring the gaps between training and inference procedures in
cold-start scenarios. In this paper, we regard cold-start recommen-
dation as a missing data problem where some user-item interaction
data are missing. Inspired by denoising auto-encoders that train
a model to reconstruct the input from its corrupted version, we
propose a novel model called Multi-view Denoising Graph Auto-
Encoders (MvDGAE) on HINS. Specifically, we first extract multifac-
eted meaningful semantics on HINs as multi-views for both users
and items, effectively enhancing user/item relationships on differ-
ent aspects. Then we conduct the training procedure by randomly
dropping out some user-item interactions in the encoder while
forcing the decoder to use these limited views to recover the full
views, including the missing ones. In this way, the complementary
representations for both users and items are more informative and
robust to adjust to cold-start scenarios. Moreover, the decoder’s
reconstruction goals are multi-view user-user and item-item re-
lationship graphs rather than the original input graphs, which
make the features of similar users (or items) in the meta-paths
closer together. Finally, we adopt a Bayesian task weight learner
to balance multi-view graph reconstruction objectives automati-
cally. Extensive experiments on both public benchmark datasets
and a large-scale industry dataset WeChat Channel demonstrate
that MvDGAE significantly outperforms the state-of-the-art recom-
mendation models in various cold-start scenarios. The case studies
also illustrate that MvDGAE has potentially good interpretability.
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1 INTRODUCTION
With the explosive growth of online information in e-commerce
and social media platforms, recommender systems play a key role
in addressing information overload for users. It effectively helps
users discover interesting products or contents. However, when
the user-item interaction data are sparse, it is challenging to learn
effective user or item representations, which leads to the so-called
cold-start problem.

Traditional methods deal with the cold-start problem by incor-
porating user or item content data, such as review texts or images
to enhance user and item representations. Despite progress, these
methods heavily rely on the availability and quality of content data.
The learned model may recommend the same items for users with
similar content, thereby neglecting personal interests [2]. There are
also some attempts [2, 13, 16] to introduce meta-learning [24] into
the recommender systems to solve the cold-start problem from the
model level, i.e., predicting a user’s preferences with only a few past
item interactions. Although these methods achieve promising per-
formance, most of them construct learning tasks aimed at producing
personalized parameter initializations for new users, ignoring the
problem of providing meaningful initialization representations for
new items. Hence, users cannot get recommendations for the new
items even though they may be interested. Therefore, it is crucial to
generate meaningful initialization representations for new items.

Recently, heterogeneous information network (HIN)-based [22]
recommendation methods employ rich auxiliary information to
enhance the connections of users and items, which helps overcome
the sparsity issue and alleviates the cold-start problem. In Fig. 1, we
show a toy example for movie recommendations characterized by
HINs. We observe that HINs can capture how the users/movies are
related to each other via some auxiliary nodes, such as actors, in
addition to the existing user-movie interactions. For example, the
meta-path [23] User-Movie-User can characterize users’ interest
similarity to some extent, and Movie-Actor-Movie can enhance the
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similarity of movies played by the same actor. The HIN-based rec-
ommendation has received much attention and made great progress
in the literature [5, 21, 33]. However, these methods model HINs un-
der the traditional supervised learning setting and ignore the gaps
between training and inference procedures in cold-start scenarios.

User: B

User: C

User: A Movie: A

Movie: B

Movie: C

Actor: B

Actor: C

Actor: A

User

Movie Actor

(a) Toy Example (c) Metapaths
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Figure 1: A toy example for movie recommendation charac-
terized by HINs.

In this paper, we regard cold-start as a missing data problem
where user-item interaction data is missing. Inspired by denois-
ing auto-encoders [26] that train the model to reconstruct the in-
put from a corrupted version, as well as the classical framework
graph auto-encoders [4, 20, 31], we propose a novel model named
Multi-view Denoising Graph Auto-Encoders (MvDGAE) on HINS
to alleviate the cold-start problem. We first extract multifaceted
meaningful semantics reflected by meta-path on HINs as multi-
views for both users and items, effectively enhancing user/item
relationships on different aspects. For each view, we propose an
independent graph encoder network to learn semantic embeddings
based on meta-paths. They are then aggregated to form complemen-
tary representations. In the training procedure, we randomly drop
out some user-item interaction views in the encoder while forcing
the decoder to use the limited views to recover the full view. In this
way, the complementary representations for both users and items
are more informative and robust to adjust to cold-start scenarios.
Note that the decoder’s reconstruction goals are multi-view user-
user and item-item relationship graphs rather than the original
input graphs, which makes the features of similar users (or items)
in the meta-paths closer together. Finally, we adopt a Bayesian
task weight learner to balance multi-view graph reconstruction
objectives automatically.

The major contributions of this paper summarized are as follows:
• We regard the cold-start as a missing data problem and pro-
pose a denoise graph auto-encoder framework. The training
randomly drops out some user-item interaction views in the
encoders but forces the decoders to reconstruct the full view
information, significantly alleviating the cold-start problem.

• Instead of rebuilding the original input graphs by the de-
coders, our reconstruction goals are multi-view user-user
and item-item relationship graphs balanced by Bayesian task
weight learner automatically, which make the features of
the similar users (or items) in the meta-paths more close
together.

• Extensive experiments on both public benchmarks and real
industry large-scale datasets WeChat Channel demonstrate

that MvDGAE significantly outperforms the state-of-the-art
recommendation models in different cold-start scenarios.
The case studies also illustrate the good interpretability of
our model.

2 RELATEDWORK
2.1 Cold-start Recommendation
In the recommendation system, when the user-item interaction
data are sparse, it is difficult to learn effective user or item represen-
tations, which leads to the so-called cold-start problem. Traditional
methods rely on feature engineering to deal with the cold-start
problem by incorporating content data. Additionally, some transfer
learning-based methods [10, 14] are also adopted to alleviate the
cold-start problem, which uses the well-learned representations
of the overlapped objects from the source domain to the target
domain. Although the user and item representations are enhanced
by these content-based features or extreme domains, it heavily re-
lies on the availability and quality of them. There are also some
attempts [2, 13, 16] introduce meta-learning [24] into the recom-
mender systems to solve the cold-start problem from the model-
level, i.e., predicting a user’s preferences by only a few past inter-
acted items. The core idea of meta-learning based recommendation
methods is learning a global parameter to initialize the parameter
of personalized recommender models, which are further locally
updated to learn a specific user’s preference. But most of them
construct learning tasks based on users aiming to produce a per-
sonalized parameter initialization for new users instead of for new
items. Recently, (HIN)-based recommendation methods [5, 21, 33]
use rich auxiliary information to enhance the connections of users
and items, which help to overcome the sparsity issue and alleviate
the cold-start problem. However, these methods model HINs under
traditional supervised learning settings, ignoring the gaps between
training and inference procedure in cold-start scenarios.

We regard the cold-start as a missing data problem and propose a
denoise graph auto-encoder framework. In the training process, we
randomly drop out some user-item interaction views in the encoders
but forces the decoders to reconstruct the full view information,
significantly alleviating the cold-start problem.

2.2 Heterogeneous Information Network
Embedding

HINs (Heterogeneous Information Network) have been proposed
to model complex objects and their rich relations. HIN embedding
aims to embed the nodes in the network into a low-dimensional
space, which help to facilitate downstream applications such as
link prediction, personalized recommendation, node classification,
etc [22, 30]. One line of work leverages meta-path-based contexts
for semantic-preserving embedding. For example, Dong et al. [3]
introduced meta path guided walks, skip-grammodel [17] and nega-
tive sampling to learn heterogeneous representations. HIN2Vec [6]
combined various prediction training tasks jointly based on a target
set of relationships to learn embedding of nodes and meta-paths
in the HIN. Note that these methods rely on domain knowledge to
choose the right meta-paths [9]. Another line adopts the Deep Neu-
ral Networks, such as MLP, Auto-encoder, GNN, etc., to model het-
erogeneous data. SHINE [28] utilizes multiple deep auto-encoders

Research Track Paper KDD ’21, August 14–18, 2021, Virtual Event, Singapore

2339



A

C

B

D FE

2

1

3 4

C

D

A B

E F

C

D

A B

E

F

1

3

4
2

1

3

4
2

Item

User

Aux

... ... ...

... ... ...

Multi-view 

Graph Encoders

Multi-view Denosing

Graph Decoders

Recommend Loss

Reconstruction Loss

Figure 2: The framework of MvDGAE.

to map each node into a low-dimension space while preserving the
heterogeneous network structure. HetGNN [32] proposed a hetero-
geneous graph neural network to aggregate feature information of
sampled neighboring nodes to obtain the ultimate node embedding.
HAN [29] introduced both of the node-level and semantic-level
attentions to model the importance of nodes and meta-paths si-
multaneously and thus generate node embedding in a hierarchical
manner.

3 PRELIMINARIES
In this section, we introduce relevant concepts used in this paper,
including Heterogeneous Information Network, Network Schema,
Meta-path, and Cold-start Recommendation Problem.

DEFINITION 1.Heterogeneous InformationNetwork (HIN).
An HIN is defined as a graph 𝐺 = (𝑉 , 𝐸,𝐴, 𝑅, 𝜙, 𝜑), where 𝑉 and 𝐸
are the sets of nodes and edges, respectively. Each node 𝑣 and edge
𝑒 are associated with their type mapping functions 𝜙 : 𝑉 → 𝐴 and
𝜑 : 𝐸 → 𝑅, where 𝐴 and 𝑅 denote the sets of node and edge types
such that |𝐴| + |𝑅 | > 2.

For better understanding the complexHINs, thenetwork schema
have been proposed to present the meta structure of a network,
including the object types and their interaction relations.

DEFINITION 2. Network Schema. The Network Schema is de-
noted as 𝑆 = (𝐴, 𝑅). It is a meta template for an HIN𝐺 = (𝑉 , 𝐸) with
the object type mapping 𝜙 : 𝑉 → 𝐴 and the edge type mapping
𝜑 : 𝐸 → 𝑅. Fig. 1 shows a toy example for movie recommenda-
tion characterized by HINs. Its corresponding network schema is
shown in Fig. 1(b), consisting of multiple types of objects, including
User (U), Movie (M), Actor (A).

Two objects in the HIN can be connected through different se-
mantic paths, which are defined as meta-paths:

DEFINITION 3.Meta-path[23]. Given anHIN𝐺 = (𝑉 , 𝐸,𝐴, 𝑅, 𝜙, 𝜑),
a meta-path 𝜌 is denoted in the form of𝐴1

𝑅1−→ 𝐴2
𝑅2−→ . . .

𝑅𝑙−→ 𝐴𝑙+1,
which describes a composite relation between 𝑣1 and 𝑣𝑙 . Taking
Fig. 1(c) as an example, two objects in the HIN can be connected via

multiple meta-paths, e.g., "Movie-User-Movie (MUM)" and "Movie-
Actor-Moive (MAM)". Different meta-paths usually convey different
semantics.

DEFINITION 4. Cold-start Recommendation Problem. On
an HIN 𝐺 = (𝑉 , 𝐸,𝐴, 𝑅), let 𝑉𝑈 ,𝑉𝐼 ∈ 𝑉 denote user and item nodes,
respectively. Given the user-item interaction matrix 𝑅 = {𝑟𝑢,𝑖 : 𝑢 ∈
𝑉𝑈 , 𝑖 ∈ 𝑉𝐼 , ⟨𝑢, 𝑖⟩ ∈ 𝐸} and the corresponding HIN 𝐺 in the system,
we aim to predict the unknown rating between user u and item i.
Note that if 𝑢 is a new user with only limited existing ratings, i.e.,
{|𝑟𝑢,𝑖 ∈ 𝑅 : 𝑢 = 𝑢 |} is small or even zero, it is known as user cold-
start (UC) Recommend; similarly, if 𝑖 is a new item, it is known as
item cold-start (IC); if both 𝑢 and 𝑖 are new objects, it is known
as user-item cold-start (UIC).

4 PROPOSED METHOD
4.1 Overview of MvDGAE
The basic idea of the proposed model Multi-view Denoising Graph
Auto-Encoders (MvDGAE) is to learn meaningful and robust repre-
sentations for both users and items, which is able to adjust to both
warm and cold start scenarios.

The framework of MvDGAE is illustrated in Fig. 2. First, we ex-
tract multifaceted meaningful semantics on HINs as multi views for
both users and items, effectively enhancing user/item relationships
on different aspects. For each view, we propose an independent
graph encoder network to learn semantic embeddings based on
meta-paths. They are then aggregated to form complementary rep-
resentations. In the training procedure, we randomly drop out some
user-item interaction views in the encoder while forcing the de-
coder to use the limited views to recover the full view. Note that
the decoder’s reconstruction goals are multi-view user-user and
item-item relationship graphs rather than the original input graphs,
which makes the features of similar users (or items)in the meta-
paths closer together. Finally, we adopt a Bayesian task weight
learner to balance multi-view graph reconstruction objectives au-
tomatically.
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4.2 Multi-view Graph Encoders
Each type of meta-path can be regarded as a view. In our multi-view
denoising graph encoders, there are independent encoder networks
instantiated as meta path-guided heterogeneous GNN [5] for each
view, and𝑁 -layer fully connected networks with shared parameters.
Firstly, based on each meta-path, we perform the heterogeneous
GNN to capture the rich semantic information with node-level at-
tention, which distinguishes each neighbor’s importance. Secondly,
we aggregate all the view embeddings with the dropout operation
to get more robust complementary representations for cold-start
recommendation. The details are as follows.

4.2.1 Node-level Aggregation based on Meta-path. Each neighbor
node plays a different role and show different importance for the
center node. So we leverage graph attention network (GAT) [25] as
the aggregation mechanism to aggregate the neighbors representa-
tion with different importance to form a node embedding.

Here we let the node 𝑖 as the center node andN𝑖 as its neighbors
set to simply illustrate how the GATwork. Due to the heterogeneity
of nodes, different types of nodes have different feature spaces [29].
So we first project them to the same node space and then calculate
the attention score.

𝛼𝑖 𝑗 =

exp
(
LeakyReLU

(
𝒂T [

𝑾𝒉𝑖 ∥𝑾𝒉 𝑗

] ))∑
𝑘∈N𝑖

exp
(
LeakyReLU

(
𝒂T [𝑾𝒉𝑖 ∥𝑾𝒉𝑘 ]

) ) ,∀𝑗 ∈ N𝑖 , (1)

where𝑾 ∈ R𝐹 ′×𝐹 and 𝒂 ∈ R2𝐹 ′×1 denote linear transformation. T
represents transposition and | | is the concatenation operation. N𝑖

denotes the neighbors set of node 𝑖 . We apply LeakyReLU with neg-
ative input slope 𝛼 = 0.2 as activation function. Then we aggregate
information from N𝑖 :

𝒉𝑖 = 𝜎
©«
∑
𝑗 ∈N𝑖

𝛼𝑖 𝑗𝒉 𝑗 + 𝒉𝑖
ª®¬ , (2)

where 𝜎 (·) denotes the activation function.
As shown in Fig 3, there are multiple meta-paths for the target

user𝑢𝑒 . We take the meta-path𝑈𝑈 𝐼 as an example to illustrate how
to obtain the target user embedding via node-level aggregation.

Firstly, we sample the 1-st step neighbors of 𝑢𝑒 , N1
𝑈𝑈 𝐼

(𝑢𝑒 ) =

{𝑢1, 𝑢2}. Based on each node 𝑢𝑘 in the neighbors setN1
𝑈𝑈 𝐼

(𝑢𝑒 ), we
further sample the 2-nd step neighbors set N2

𝑈𝑈 𝐼
(𝑢𝑒 ) = {𝑖1, 𝑖2, 𝑖3}.

After we obtain the sampled 1-st and 2-nd step neighbors set of the
target user 𝑢𝑒 , we aggregate the embedding of 2-nd step neighbors
to obtain the 1-st step neighbors’ embeddings and further get the
target user𝑢𝑒 embedding. Note that we adopt GAT as the aggregate
mechanism to distinguish the neighbors’ importance. Following
this process, we can obtain the aggregated embedding 𝒉𝑈𝑈 𝐼

𝑒 of
target user 𝑢𝑒 guided by the meta-path 𝑈𝑈 𝐼 . It reflects that one
user may prefer the items that his/her friends are interested in.

4.2.2 Dropout on Multi-views. After obtaining each view embed-
dings, we then fuse them to get a complementary representation.

𝒉𝑒 =
1
𝑀

𝑀∑
𝑚=1

MLP(𝒉𝑚𝑒 ), (3)

where𝑚 denotes the𝑚-th view and𝑀 is the number of views.

...

UUI path: UIU path:

Dropout

Figure 3: The Multi-view Graph Encoders architecture of
MvDGAE.

During training, we aim to generalize the model to adjust to the
cold start scenario. We are inspired by denoising auto-encoders [26]
whose goal is to still produce accurate representations when parts
of the input are missing. Specifically, we randomly drop out some
views based on the user-item interaction, such as 𝑈 𝐼𝑈 , 𝐼𝑈 𝐼 , etc.
Then the complementary representations in Eq. 3 are modified as:

𝒉𝑒 =
1
𝑀

𝑀∑
𝑚=1

MLP(𝒉𝑚𝑒 ) ∗ 𝑆 (𝑚), (4)

where 𝑆 (𝑚) ∈ {0, 1} indicates that whether𝑚-th view is dropped
out or not.

This training strategy with dropout has two advantages. On
the one hand, multi-view graph encoders with dropout encourage
the model to pay more attention to capture the informative fea-
tures from helpful auxiliary views. In case of missing the user-item
interaction views, it is also capable of producing meaningful repre-
sentations with more robustness. In this way, the multi-view graph
encoders can generalize to the cold start scenario naturally. On the
other hand, dropout can be used as an effective way of regularizing
the model to avoid over-fitting.

4.3 Multi-view Graph Denoising Decoding
To make the features of similar users (or items) in the meta-paths
closer together, the complementary representations are further
required to reconstruct multi-view user-user and item-item rela-
tionship graphs rather than the original input graphs, including the
missing one.

4.3.1 Construct Multi-View Graph. In order to better model the
representation similarity of users and items in recommendation,
motivated by [33], we transform the original auxiliary relationships
to user-user relationships or item-item relationships. Concretely,
we utilize the second-order proximity [7] to capture the similarity
between two users (or items). In this way, we can translate the
semantic information brought by auxiliary nodes into user-user
relationships and/or item-item relationships and thus to construct
the corresponding graphs. Benefit from rich semantic information
in HINs, we can obtain multi-view graphs to directly describe user-
user and item-item relationships.
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4.3.2 Multi-View Graph Decoding. To make the fusion representa-
tion maintain the characteristics of each type meta-path, it requires
to reconstruct the multi-view graph data 𝑨(1) , . . . ,𝑨(𝑀) from the
fusion representation𝑯 . Note that𝑯 is an embeddingmatrix where
each row represents the node embedding. And for simplicity, here
we don’t distinguish user/item representations.

As shown in the Multi-View Graph Decoding part of Fig 2,

each view has its corresponding decoders
{
𝑝

(
�̂�(𝑚) | 𝑯 ,𝑾𝑚

)}𝑀
𝑚=1

,
which aims to predict whether there is a link between two nodes in
view𝑚, where𝑾𝑚 ∈ R𝐷×𝐷 is the view-specific weights for view
𝑚 and 𝐷 is the embedding dimension. Specifically, we reconstruct
multi-view graph based on the fusion representation:

𝑀∑
𝑚=1

𝑝

(
�̂�(𝑚) | 𝑯 ,𝑾𝑚

)
=

𝑀∑
𝑚=1

sigmoid
(
𝑯 ·𝑾𝑚 · 𝑯T

)
. (5)

Here we treat the reconstruction as the binary classification task,
i.e., predict whether there is a link between two nodes. Formally,
we use the binary cross entropy loss as the reconstruction loss:

𝐿𝑟 =

𝑀∑
𝑚=1

𝐿
(𝑚)
𝑟 =

𝑀∑
𝑚=1

loss
(
𝑨(𝑚) , �̂�(𝑚)

)
= −

𝑀∑
𝑚=1

1
𝑄 (𝑚)

∑
(𝑖, 𝑗) ∈𝑨(𝑚)

(
𝑎
(𝑚)
𝑖 𝑗

log𝑎 (𝑚)
𝑖 𝑗

+
(
1 − 𝑎 (𝑚)

𝑖 𝑗

)
log

(
1 − 𝑎 (𝑚)

𝑖 𝑗

))
,

(6)

where 𝑎𝑖 𝑗 = 1 if there is a link between node 𝑖 and 𝑗 else 𝑎𝑖 𝑗 = 0.
𝑄 (𝑚) denotes the elements number of matrix A(𝑚) .

In this way, benefit from the multi-view decoding tasks, the
gradients will propagate through the graph encoder during the
backpropagation process. Therefore, when forward-propagation
is processed, the graph encoder will extract the complementary
representations by all views.

4.3.3 Sampling Strategy. As mention above, the additional user-
user and item-item relationships are generated according to the
second order proximity via auxiliary nodes. However, in large-scale
graph, the computation of second order proximity in all the nodes is
not feasible, which results in 𝑂 (𝑁 2) and 𝑁 is the number of nodes.
In addition, when we use a mini-batch training, the connection of
user-user or item-item in the constructed graph will be very sparse.

Instead of computing second order proximity in all the nodes,
we only calculate it in a mini-batch. By this way, the complexity is
reduced𝑂 (𝑁 2) to𝑂 ( 𝑁𝑛 ×𝑛2) = 𝑂 (𝑁×𝑛), where𝑛 ≪ 𝑁 denotes the
batch size. Meanwhile, to guarantee the density of the constructed
graph, we first sample the auxiliary nodes and then based on it
to sample the corresponding target nodes(i.e., user/item nodes) to
guarantee the density of the constructed graph.

4.4 Bayesian Task Weight Learner
Multi-view graph decoding can also be viewed as multi-task learn-
ing. Each task aims to reconstruct the specific constructed graph.
Considering both user and item aspects, the total reconstruction

loss are defined as:

L𝑟 =
∑
𝑗

𝑤 𝑗 · 𝐿 (𝑢)𝑟 𝑗
+
∑
𝑘

𝑤𝑘 · 𝐿 (𝑖)
𝑟𝑘
, (7)

where (𝑢) and (𝑖) denote the users and items, respectively.𝑤 𝑗 and
𝑤𝑘 are hyper-parameters that balance the importance of different
view reconstruction objectives.

However, manually tuning these hyper-parameters is expensive
and intractable. Instead, inspired by the recent study which uses
uncertainty to weigh losses in multi-task learning [11], we leverage
a Bayesian task weight learner that can automatically achieve the
balance among multi-tasks.

Due to space limit, here we only show the derived result and put
the detailed derivation process in the Supplement A.5. Benefiting
from the Bayesian Task Weight Learner, each view of user and item
is assigned a learnable weight to automatically achieve the balance
among multi views. Thus, the total reconstruction loss in Eq. 7 can
be formulated as:

L𝑟 =
∑
𝑗

− log Pr(𝑨 | �̂�,𝑤 𝑗 ) +
∑
𝑘

− log Pr(𝑨 | �̂�,𝑤𝑘 )

=
∑
𝑗

( 1
𝑤2
𝑗

𝐿
(𝑢)
𝑟 𝑗

+ 2 · log𝑤2
𝑗 ) +

∑
𝑘

( 1
𝑤2
𝑘

𝐿
(𝑖)
𝑟𝑘

+ 2 · log𝑤2
𝑘
),

(8)

where𝑤 𝑗 and𝑤𝑘 are automatically learned during optimization.

4.5 Optimization Objective
Through aggregating all the views information of users and items,
we obtain the fused user embedding 𝒉(𝑢)𝑒 for user 𝑢𝑒 and item em-
bedding 𝒉(𝑖)

𝑗
for item 𝑖 𝑗 . Then we concatenate the fused embeddings

of user and item and feed into an𝑀𝐿𝑃 to get the predict score ˆ𝑟𝑒 𝑗 .
We have:

𝑟𝑒 𝑗 = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑 (𝑓 (𝒉(𝑢)𝑒 ⊕ 𝒉(𝑖)
𝑗
)), (9)

where (𝑢) and (𝑖) denote the users and items, respectively. The 𝑓 (·)
is the MLP, 𝑠𝑖𝑔𝑚𝑜𝑖𝑑 (·) denotes the sigmoid activation, and ⊕ is the
concatenate operation.

Finally, we minimize the Mean Squared Error (MSE) loss to learn
the user preferences:

L𝑟𝑒𝑐 =
1
|R |

∑
(𝑒,𝑗) ∈R

(
𝑟𝑒 𝑗 − 𝑟𝑒 𝑗

)2
, (10)

where R denotes the user-item interaction matrix, and 𝑟𝑒 𝑗 is the
actual rating of user 𝑢𝑒 on item 𝑖 𝑗 .

Overall objective function. We jointly optimize the Multi-
View Graph Auto-Encoder embedding and recommendation learn-
ing, and the total objective function is defined as:

L = L𝑟 + L𝑟𝑒𝑐 , (11)

where L𝑟 is the multi-view reconstruction loss and L𝑟𝑒𝑐 is the
recommendation prediction loss.
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5 EXPERIMENTS
5.1 Experimental Setup
Dataset. We evaluate our proposed method on three public
benchmark datasets, i.e., DBook 1, MovieLens 2 and Yelp 3, which
are provided by [16], including the training/testing data split. In
addition, we collect a real-world large-scale dataset from WeChat
Channel 4. The datasets statistics are summarized in Table 3 in
Supplement A.2.

For each dataset, users and items are divided into two groups:
existing and new. The training data only contains existing users
interacting with existing items. The rest are testing data, which
are divided into four situations: (1) User Cold-start (UC): recom-
mendation of existing items for new users; (2) Item Cold-start (IC):
recommendation of new items for existing users; (3) User-Item
Cold-Start (UIC): recommendation of new items for new users; (4)
Normal: recommendation of existing items for existing users.

Baselines. To validate the effectiveness of our proposed model,
we compare MvGAE with three categories of methods: (1) Tradi-
tional methods, including FM [19], NeuMF [8], DropoutNet [27],
and GC-MC [1]. As they are not designed for HINs, following [16],
we take the heterogeneous information as the features of users or
items. (2)Meta-learning basedmethods, includingMeteEmb [18],
MeLU [13] and MetaHIN [16]. (3) HIN-based methods, includ-
ing metapath2vec [3], HERec [21], HAN [29]. More detailed intro-
duction and implementation of baselines are included in Supple-
ment A.3.

Evaluation Metrics. As for three public benchmark datasets,
where users rate items from 1 to 5, we adopt three widely-used eval-
uation protocols as [16], namely, mean absolute error (MAE), root
mean square error (RMSE), and normalized discounted cumulative
gain at rank 𝐾 (NDCG@𝐾). Here we use 𝐾 = 5. As for WeChat
Channel dataset, there are only users’ like history without the rat-
ing for items. In this case, we use Area Under receiver operator
characteristic Curve (AUC) [15] to evaluate the performance. The
larger AUC value means better performance.

5.2 Performance Comparison
In this section, we compare MvDGAE to several state-of-the-art
baselines, including three cold-start situations (UC, IC, UIC) and
traditional non-cold start scenario (Normal). The comparison results
on public benchmark datasets and WeChat Channel dataset are
shown in Table 1 and Table 2, respectively.

Cold-start Scenario. The first three parts of Table 1 and Ta-
ble 2 present three cold-start scenarios (UC, IC and UIC). Gener-
ally, MvDGAE achieve the best performance among all methods.
Among different type of baselines, the performance of traditional
methods are least competitive. The main reason is that the hetero-
geneous information are incorporated as content features, ignoring

1https://book.douban.com
2https://grouplens.org/datasets/movielens/
3https://www.yelp.com/dataset/challenge
4WeChat Channel is a micro-video sharing platform that allows users to create and
share micro-videos. Note that we anonymize the data and conduct strict desensitization
processing.
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Figure 4: The performance comparison of MvDGAE and its
variants. For MAE and RMSE, the smaller, the better. For
NDCG@5, the larger, the better.

themeaningful semantics in HINs. As forMeta-learning basedmeth-
ods, they show the great performance owing to the well-designed
training strategy for producing a personalized parameter initializa-
tion for new users. However, they still underperform the proposed
MvDGAE in all scenarios. We attribute it to the overlooks on the
meaningful initialization for new items. HIN-based methods also
perform well benefiting from employing rich auxiliary information
to enhance the connections of users and item. Nevertheless, these
methods model HINs under traditional supervised learning set-
tings, ignoring the gaps between training and inference procedure
in cold-start scenarios.

In contrast, MvDGAE extract multifaceted meaningful semantics
on HINs as multi views for both users and items, which effectively
enhance user/item relationships on different aspects. The well-
designed multi-view denoising graph auto-encoders enable the new
users and items to obtain informative and robust representations.

Non-cold-start Scenario. In the last part of Table 1 and Table 2,
we report the comparison results on the traditional (normal) recom-
mendation scenario. The proposed MvDGAE still achieves the best
performance compared with all the baselines. We contribute these
outstanding results to the following reasons. (1) Rich semantics
on HINs are modeled as multi views for both users and items to
enrich their connections. (2) The complementary representations
are required to reconstruct multi-view user-user and item-item
relationship graphs rather than the original input graphs, which
make the features of similar users (or items) in the meta-paths
closer together. (3) Noise on the multi-view graph encoders make
the representations more robust.

5.3 Ablation Study
In order to investigate the contribution of each component to
the final recommendation performance, we design three variants
of MvDGAE: (1) MvDGNN: a variant of MvDGAE which only
preserve the multi-view graph encoders without themulti-view
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Table 1: Experimental results in four recommendation scenarios and on three public datasets. The best results of all methods
are indicated in bold, and second bests are underlined.

Scenario Model DBook MovieLens Yelp
MAE ↓ RMSE ↓ NDCG@5 ↑ MAE ↓ RMSE ↓ NDCG@5 ↑ MAE ↓ RMSE ↓ NDCG@5 ↑

FM 0.7027 0.9158 0.8032 1.0421 1.3236 0.7303 0.9581 1.2177 0.8075
NeuMF 0.6541 0.8058 0.8225 0.8569 1.0508 0.7708 0.9413 1.1546 0.7689

DropoutNet 0.8311 0.9016 0.8114 0.9291 1.1721 0.7705 0.8557 1.0369 0.7959
Existing items GC-MC 0.9061 0.9767 0.7821 1.1513 1.3742 0.7213 0.9321 1.1104 0.8034
for new users MetaEmb 0.6782 0.8553 0.8527 0.8261 1.0308 0.7795 0.8988 1.0496 0.7875

(User Cold-start or UC) MeLU 0.6353 0.7733 0.8793 0.8104 0.9756 0.8415 0.8341 1.0017 0.8275
MetaHIN 0.6019 0.7261 0.8893 0.7869 0.9593 0.8492 0.7915 0.9445 0.8385
mp2vec 0.6669 0.8391 0.8144 0.8793 1.0968 0.8233 0.8972 1.1613 0.8235
HERec 0.6518 0.8192 0.8233 0.8691 0.9916 0.8389 0.8894 1.0998 0.8265
HAN 0.6537 0.8256 0.7921 0.9472 1.1402 0.7176 0.9438 1.1518 0.7500

MvDGAE 0.6009 0.7168 0.9059 0.7798 0.9526 0.8734 0.7814 0.9281 0.8635
FM 0.7186 0.9211 0.8342 1.3488 1.8503 0.7218 0.8293 1.1032 0.8122

NeuMF 0.7063 0.8188 0.7396 0.9822 1.2042 0.6063 0.9273 1.1009 0.7722
DropoutNet 0.7122 0.8021 0.8229 0.9604 1.1755 0.7547 0.8116 1.0301 0.7943

New items GC-MC 0.9081 0.9702 0.7634 1.0433 1.2753 0.7062 0.8998 1.1043 0.8023
for existing users MetaEmb 0.6741 0.7993 0.8537 0.9084 1.0874 0.8133 0.8055 0.9407 0.8092

(Item Cold-start or IC) MeLU 0.6518 0.7738 0.8882 0.9196 1.0941 0.8041 0.7567 0.9169 0.8451
MetaHIN 0.6252 0.7469 0.8902 0.8675 1.0462 0.8341 0.7174 0.8696 0.8551
mp2vec 0.7371 0.9294 0.8231 1.0615 1.3004 0.6367 0.7979 1.0304 0.8337
HERec 0.7481 0.9412 0.7827 0.9959 1.1782 0.7312 0.8107 1.0476 0.8291
HAN 0.6619 0.8358 0.7787 0.9147 1.0857 0.7273 0.8126 1.0286 0.7574

MvDGAE 0.6122 0.7406 0.8947 0.8566 0.9789 0.8442 0.6952 0.8543 0.8827
FM 0.8326 0.9587 0.8201 1.3001 1.7351 0.7015 0.8363 1.1176 0.8278

NeuMF 0.6949 0.8217 0.8566 0.9686 1.2832 0.8063 0.9860 1.1402 0.7836
DropoutNet 0.8316 0.8489 0.8012 0.9635 1.1791 0.7617 0.8225 0.9736 0.8059

New items GC-MC 0.7813 0.8908 0.8003 1.0295 1.2635 0.7302 0.8894 1.1109 0.7923
for new users MetaEmb 0.7733 0.9901 0.8541 0.9122 1.1088 0.8087 0.8285 0.9476 0.8188

(User-Item Cold-start MeLU 0.6517 0.7752 0.8891 0.9091 1.0792 0.8106 0.7358 0.8921 0.8452
or UIC) MetaHIN 0.6318 0.7589 0.8934 0.8586 1.0286 0.8374 0.7195 0.8695 0.8521

mp2vec 0.7987 1.0135 0.8527 1.0548 1.2895 0.6687 0.8381 1.0993 0.8137
HERec 0.7859 0.9813 0.8545 0.9974 1.1012 0.7389 0.8274 0.9887 0.8034
HAN 0.6588 0.8339 0.8003 0.9467 1.1404 0.6907 0.8320 1.0323 0.7559

MvDGAE 0.6201 0.7433 0.9054 0.8496 0.9869 0.8553 0.7074 0.8523 0.8722
FM 0.7358 0.9763 0.8086 1.0043 1.1628 0.6493 0.8642 1.0655 0.7986

NeuMF 0.6904 0.8373 0.7924 0.9249 1.1388 0.7335 0.7611 0.9731 0.8069
DropoutNet 0.7108 0.7991 0.8268 0.9595 1.1731 0.7231 0.8219 1.0333 0.7394

Existing items GC-MC 0.8056 0.9249 0.8032 0.9863 1.2238 0.7147 0.8518 1.0327 0.8023
for existing users MetaEmb 0.7095 0.8218 0.7967 0.8086 1.0149 0.8077 0.7677 0.9789 0.7740
(Non-cold-start) MeLU 0.6519 0.7834 0.8697 0.8084 0.9978 0.8433 0.7382 0.9028 0.8356

MetaHIN 0.6393 0.7704 0.8859 0.7997 0.9491 0.8499 0.6952 0.8445 0.8477
mp2vec 0.6897 0.8471 0.8342 0.8788 1.1006 0.7091 0.7924 1.0191 0.8005
HERec 0.6794 0.8409 0.8411 0.8652 1.0007 0.7182 0.7911 0.9897 0.8101
HAN 0.6382 0.8249 0.7860 0.8968 1.0848 0.7377 0.7925 0.9943 0.7638

MvDGAE 0.5634 0.7069 0.9114 0.6987 0.8859 0.8801 0.6921 0.8339 0.8829

Table 2: The AUCs of different methods on WeChat Channel Dataset. The larger AUC value means better performance. The
best results of all methods are indicated in bold.

GC-MC mp2vec HERec HAN MetaHIN MvDGNN
(w/o Reconstruction)

MvGAE
(w/o Dropout)

MvDGA𝐸𝑛
(w/o Bayesian) MvDGAE

UC 0.5965 0.5973 0.6073 0.6136 0.6415 0.6189 0.6291 0.6458 0.6563
IC 0.6975 0.6891 0.6993 0.6958 0.7056 0.6959 0.7088 0.7186 0.7219
UIC 0.5956 0.6048 0.6067 0.6114 0.6443 0.6362 0.6453 0.6598 0.6675

Normal 0.6722 0.6917 0.7019 0.7046 0.7037 0.7103 0.7349 0.7307 0.7374
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graph reconstruction objectives, i.e., only preserve the recom-
mend loss L𝑟𝑒𝑐 in Eq. 11. (2)MvGAE: a variant of MvDGAE which
remove the dropout operation on multi views, i.e., obtain the com-
plementary representation by Eq. 3 instead of Eq. 4. (3)MvDGAE𝑛 :
a variant of MvDGAE which use a naive sum loss for multi-view
reconstruction objectives, without the Bayesian Task Weight
Learner to automatically balance. All the 𝑤 𝑗 and 𝑤𝑘 are set to
1 in Eq. 7.

As shown in Fig 4 and Table 2, we observe that the full model
MvDGAE achieves significant improvements across all metrics
and datasets, which verify the effectiveness of each component. In
detail, (1) Comparison of MvDGNN and MvDGAE: Without the
multi-view graph reconstruction objectives, the performance
degrades significantly most in both warm and cold-start scenarios.
As we discuss above, the complementary representation further
improves its ability with the help of multi-view graph reconstruc-
tion objectives. Thus each view semantic information describing
the user/item relationships can be maintained. Moreover, the com-
plementary representation is required to use the limited views to
recover themissing one, whichmake it more robust. (2) Comparison
of MvGAE and MvDGAE: In warm-start scenario, the performance
of MvGAE is similar to MvDGAE. In cold-start scenario, we can
observe that there are significant improvements with the help of the
Dropoutmechanism. We attribute it to the adaptation of the model
on lacking user-item views during inference, i.e., the reducing on
gaps between training and inference procedure. (3) Comparison of
MvDGAE𝑛 and MvDGAE: In both warm and cold scenarios, the
performance has been improved to a certain extent. It demonstrates
the effectiveness of the Bayesian task weight learner in increasing
the performance, in addition to its benefit that we do not need
to manually set the weights for multi-view graph reconstruction
objectives.

5.4 Case Study
Besides the performance effectiveness, MvDGAE has potentially
good interpretability. Here we take two real examples inWeChat
Channel to illustrate how the multi views mechanism work to
alleviate the cold-start problem 5. It helps us understand the rec-
ommendations provided by MvDGAE.

Example 1 (Recommend forNewUser). As shown in Fig. 5(a),
the user (ID: 141926) is a new user and has not interacted with any
videos. It is difficult to recommend meaningful and personalized
videos for her. In MvDGAE, with the help of the multi views
mechanism, we provide other auxiliary views to alleviate the user
cold-start problem. Concretely, we leverage her social network and
basic attributes (note that we would collect some basic attributes
to form a combined feature) to find similar users. Then we will
recommend the videos which her similar users are interested in to
her.
Example 2 (Recommend for New Video). MvDGAE also can
deal with the item cold-start problem greatly. As shown in Fig. 5(b),
the new video (ID: 278533) has just been released and has not been
interacted by any users. It is challenging to produce an informative
embedding for it. However, MvDGAE leverages its auxiliary infor-
mation, i.e., its publisher and tag, to find similar videos and thus
5Note that the ids shown in the example are rearranged, instead of the original one.

obtain an informative and meaningful embedding. In this way, it is
recommended to the users who are interested in similar videos.

User ID: 613020

Video ID: 9141

User ID: 801315

Gender: Female;

Age: 30-40;

City ID: 2

Social: UU

Recommend

Like: UV

AU

New User

Find Similar Users

User ID: 141926

(a) Recommend for New Users

Publish ID: 72494

User ID: 2090517Video ID: 1226103Video ID: 278533

Tag ID: 181

New Video

Like: UV

Recommend

Similar

(b) Recommend for New Items

Figure 5: Case Study for New user and New item.

5.5 Parameter Analysis
In this section, we investigate the impact of different dropout rates
and embedding dimensions on the recommendation performance.
Here we use the large-scale industry datasetsWeChat Channel as
the case.

Impact of Dropout Rate. We plot the performance of MvDGAE
under the setting of dropout rate from 0 to 1 in different scenarios,
including warm and cold-start. In Fig 6 (a), we observe that in the
warm-start scenario, the performance is generally stable when the
dropout rate is in the range of 0 to 0.4. If the dropout rate continue
to grow, the performance degrades rapidly. On the other hand, in
the cold-start scenario, the performance improves with the growth
of the dropout rate until 0.6. And then it remains stable despite
the increase of dropout rate. The patterns reflect that our proposed
model with dropout operation can maintain the accuracy in the
warm-start but improve significantly in the cold-start scenarios.

Impact of Embedding Dimensions. We also explore how the
dimensions of target nodes, i.e., user/item embeddings would affect
the performance. As shown in Fig 6 (b), MvDGAE achieves optimal
performance when the dimension is set to 128. Meanwhile, around
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Figure 6: Analysis of parameters in MvDGAE.

Research Track Paper KDD ’21, August 14–18, 2021, Virtual Event, Singapore

2345



the optimal setting, the performance is generally stable, which
indicates that our model is robust to the embedding dimensions.

6 CONCLUSION
We propose a novel recommendation model named MvDGAE on
HINS for the cold-start problem. The principal idea is to regard the
cold-start as a missing data problem, i.e., some user-item interaction
links are missing. After extracting the multi-views of both users
and items from HINs, we randomly drop out some user-item inter-
action views when training the encoder while forcing the decoder
to use the limited views to recover the full views. The decoder of
MvDGAE is trained to reconstruct some user-user and item-item
relationship graphs rather than the original input graphs, which
make the features of the similar users (or items) in the meta-paths
closer together. We finally adopt a Bayesian task weight learner
to balance multi-view graph reconstruction objectives automati-
cally. Extensive experiments on three public benchmark datasets
and one large-scale industry dataset WeChat Channel verify the
effectiveness and interpretability in various cold-start scenarios.
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A APPENDIX
A.1 Pseudocode of MvDGAE
The pseudocode of the MvDGAE training procedure is described in
Algorithm 1. As Algorithm 1 shows, we first sample the neighbor-
hoods based on meta-path described in Section 4.2.1 in line 4. Based
on meta-path, we leverage the node-level attention mechanism to
obtain representation in line 5. Then we fuse all the path embedding
with dropout operation to obtain the complementary representa-
tions in line 7. Finally, we leverage the representations 𝐻 (𝑈 ) and
𝐻 (𝐼 ) to finish the reconstruction objectives and recommend task.

Algorithm 1 MvDGAE Training Method

Input: An HIN 𝐺 = (𝑉 , 𝐸); meta-path set for users and items 𝑃𝑈 ,
𝑃𝐼 , respectively.

1: Initialize all parameters.
2: repeat
3: for each user meta-path 𝑝 (𝑢)

𝑘
∈ 𝑃𝑈 do

4: Sample the neighborhoods based on meta-path 𝑝 (𝑢)
𝑘

ac-
cording to Section 4.2.1.

5: Obtain the aggregated embedding𝐻 (𝑈 )
𝑘

based on themeta-

path 𝑝 (𝑢)
𝑘

.
6: end for
7: Fuse all path embeddings with the dropout operation to

obtain the complementary representations 𝐻 (𝑈 ) according
to Eq. 3.

8: 𝐻 (𝐼 ) are obtained similar to the 𝐻 (𝑈 ) based on the item
meta-path set 𝑃𝐼 .

9: Calculate loss L according to Eq. 11, and Back propagation.
10: until convergence

A.2 The Statistics of Datasets

Table 3: Statistics of the three public benchmark datasets
and a large-scale industry dataset. The underlined node type
refers to the target item type for recommendation.

Datasets Node type #Nodes Edge type #Edges Density

DBook
User (U) 10,592 UB 649,381
Book (B) 20,934 BA 20,934 2.9 × 10−3

Author (A) 10,544 UU 169,150

MovieLens
User (U) 6,040 UM 1,000,209
Movie (M) 3,881 MA 15,398 4.3 × 10−2

Actor (A) 8,030 MD 4,210
Director (D) 2,186

Yelp
User (U) 51,624 UB 1,301,869

Business (B) 34,199 BC 34,199 7.4 × 10−4

City (C) 510 BT 103,150
Category (T) 541

WeChat
User (U) 2,233,912 UU (Social) 45,221,042
Video (V) 1,854,117 UV 35,623,177 8.6 × 10−6

Publisher (P) 118,501 VP 1,854,117
Tag (T) 202 VT 4,022,156

A.3 The details of Baselines
We compare MvDGAE with three categories of methods: (1) Tradi-
tional methods, including FM [19], NeuMF [8], DropoutNet [27],

and GC-MC [1]. As they are not designed for HINs, following [16],
we take the heterogeneous information as the features of users or
items. (2)Meta-learning basedmethods, includingMeteEmb [18],
MeLU [13] and MetaHIN [16]. (3) HIN-based methods, includ-
ing metapath2vec [3], HERec [21], HAN [29]. The details of these
baselines are as follows:

• FM [19]: is a feature-based baseline which is able to utilize
various kinds of auxiliary information. The rank of the fac-
torization used for the second order interactions is set as 8
and utilize L2 regularization with coefficients 0.1.

• NeuMF [8]: consists of a generalized matrix factorization
component and a MLP component. The layers are set to
(64, 32, 16, 8) and learning rate 0.001.

• DropoutNet [27]: is a neural network based model for cold-
start problem. The learning rate in DropoutNet is set to 0.9
and the dropout rate is set to 0.5.

• GC-MC [1]: a graph-based auto-encoder framework for ma-
trix completion. The number of hidden units in the first and
second layer are set to 500 and 75, respectively. The dropout
fraction is set to 0.7.

• MeteEmb [18]: is a meta-learning based methods for CTR
prediction. In MeteEmb, the coefficient 𝛼 is set to 0.1.

• MeLU [13]: alleviate the user cold-start problem by adopting
the MAML concept in the recommender system. Two layers
for decision making layers are 64 nodes each, and the local
update step is set as 1.

• MetaHIN [16]: a meta-learning approach to cold-start recom-
mendation on HINs. The embedding dimension and meta-
learning rate are set to 32 and 0.0005, respectively.

• metapath2vec [3]: applied meta-path based random walks
for learning node embeddings.The length of random walk,
the number of walks and the size of windows are set to 40,
10 and 3, respectively.

• HERec [21]: a novel heterogeneous network embedding
based approach for HIN based recommendation. The tuning
coefficients in HERec (i.e., 𝛼 and 𝛽) are set to 1.0, and the
random walk settings are same as in mp2vec.

• HAN [29]: introduced hierarchical attention to capture node-
level and semantic-level information. The number of atten-
tion heads, learning rate, dropout rate are set to 8, 0.005, 0.6,
respectively.

A.4 Implementation Details
Hyper-parameter Settings. We adopt Adaptive Moment Estima-
tion (Adam) [12] to optimize our MvDGAE. For all dataset, we use a
batch size of 512 and set the learning rate to 0.005. The embedding
dimension of MvDGAE is set to 128 and the dropout rate is 0.4. Note
that we also analyse the impact of hyper-parameters in MvDGAE
in Section 5.5.

Environment Settings. We implement the proposed MvDGAE
on Tensorflow 6 v1.15. and Python v3.6, respectively. And we use
the large-scale graph learning framework named PlatoDeep to
handle the graph operation effectively.

6https://www.tensorflow.org
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Heterogeneous Auxiliary Relationships. As mentioned in Sec-
tion 4, we leverage the meta-path extracted from the HINs to guide
the GNN to obtain aggregated embedding. In addition, each meta-
path is translated to the user-user or item-item graph to serve as the
supervised reconstruction objectives. Here we provide the kinds
of meta-path in Table 4 for different datasets. Note that we set the
the number of common auxiliary neighbors for user-item-user and
item-user-item to 3 to construct user-user and item-item graph,
otherwise is 1. We collect some basic attributes of users and items
to form a combined feature as the connection bridge.

Table 4: Kinds of heterogeneous auxiliary relationships

Dataset User Aspect Item Aspect

DBook user-book-user book-user-book
user-attribute-user book-author-book

MovieLens
user-movie-user movie-user-movie

user-attribute-user movie-actor-movie
movie-director-movie

Yelp
user-business-user business-user-business
user-attribute-user business-city-business

business-category-business

WeChat
user-video-user video-user-video
user-user-video video-publisher-video

user-attribute-user video-tag-video

A.5 The Detail Derivation of Bayesian Task
Weight Learner

In Section 4.4, we aim to assign each view reconstruction objective
a learnable weight to automatically achieve the balance among
multi views.

Specially, we apply the same assumption in [11], 1
_2

(
exp

(
𝑥
_2

)
+ 1

)
≈

(exp(𝑥) + 1)
1
_2 . Based on the assumption, we can get the following

approximations for the sigmoid function 𝜎 (·):

𝜎

(
𝑥
_2

)
=

exp
(
𝑥

_2

)
exp

(
𝑥

_2

)
+1

≈ 1
_2

(
exp(𝑥)

exp(𝑥)+1

) 1
_2

= 1
_2 (𝜎 (𝑥))

1
_2

1 − 𝜎
(
𝑥
_2

)
= 1

exp
(
𝑥

_2

)
+1

≈ 1
_2

(
1

exp(𝑥)+1

) 1
_2

= 1
_2 (1 − 𝜎 (𝑥))

1
_2 .

(12)

As mentioned above, we treat the reconstruction as the binary
classification task, i.e., predict whether there is a link between
two nodes. The binary classification likelihood can be defined as
follows (for simplicity, here we omit the view index and type):

Pr(𝑨 | �̂�) =
∏

⟨𝑖, 𝑗 ⟩∈𝑨
Pr (𝑎(𝑖, 𝑗) | 𝑎(𝑖, 𝑗))

=
∏

⟨𝑖, 𝑗 ⟩∈A+
𝜎 (𝑎(𝑖, 𝑗)) ·

∏
⟨𝑖, 𝑗 ⟩∈A−

(1 − 𝜎 (𝑎(𝑖, 𝑗))),
(13)

where A+ denotes the set of positive sample, i.e. 𝑎𝑖, 𝑗 = 1 and
A− denotes the set of negative sample, i.e. 𝑎𝑖, 𝑗 = 0. Following [11],
we introduce a scalar _ into Eq. 12 to get a scaled version:

Pr(𝑨 | �̂�, _) =
∏

⟨𝑖, 𝑗 ⟩∈A+
𝜎

(
𝑎(𝑖, 𝑗)
_2

)
·

∏
⟨𝑖, 𝑗 ⟩∈A−

(
1 − 𝜎

(
𝑎(𝑖, 𝑗)
_2

))
.

(14)
The input is scaled by _2 and then the log likelihood can be

written as:
log Pr(𝑨 | �̂�, _)

=
∑

⟨𝑖, 𝑗 ⟩∈A+
log

(
𝜎

(
𝑎(𝑖, 𝑗)
_2

))
+

∑
⟨𝑖, 𝑗 ⟩∈A−

log
(
1 − 𝜎

(
𝑎(𝑖, 𝑗)
_2

))
≈

∑
⟨𝑖, 𝑗 ⟩∈A+

[−2 log _ + 1
_2 log (𝜎 (𝑎(𝑖, 𝑗)))]+∑

⟨𝑖, 𝑗 ⟩∈A−
[−2 log _ + 1

_2 log (1 − 𝜎 (𝑎(𝑖, 𝑗)))]

= − 1
_2 𝐿𝑟 − 2( |A+ | + |A− |) · log _.

(15)

Benefiting from the Bayesian Task Weight Learner, each view
of user and item is assigned a learnable weight to automatically
achieve the balance among multi views. Thus, the total reconstruc-
tion loss in Eq. 7 can be formulated as:

L𝑟 =
∑
𝑗

− log Pr(𝑨 | �̂�,𝑤 𝑗 ) +
∑
𝑘

− log Pr(𝑨 | �̂�,𝑤𝑘 )

=
∑
𝑗

( 1
𝑤2
𝑗

𝐿
(𝑢)
𝑟 𝑗

+ 2 · log𝑤2
𝑗 ) +

∑
𝑘

( 1
𝑤2
𝑘

𝐿
(𝑖)
𝑟𝑘

+ 2 · log𝑤2
𝑘
),

(16)
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