Dynamic Hypergraph Learning for Collaborative Filtering

Chunyu Wei*
Alibaba Group
Bejing, China
weichunyu.wcy@alibaba-inc.com

Bing Bai
Tencent Security Big Data Lab, Tencent Inc.
Bejing, China
icebai@tencent.com

ABSTRACT

Hypergraph-based collaborative filtering for recommendations has
emerged as an important research topic due to its ability to model
complex relations among users and items. However, most exist-
ing methods typically construct the hypergraph structures using
heuristics (e.g., motifs and jump connections) based on existing
graphs (e.g., user-item bipartite graphs and social networks). From
a learning perspective, we argue that the fixed heuristic topology
of hypergraph may become a limitation and thus potentially com-
promise the recommendation performance. To tackle this issue, we
propose a novel dynamic hypergraph learning framework for col-
laborative filtering (DHLCF), which learns hypergraph structures
and makes recommendations collectively in a unified framework.
In the hypergraph learning process, we solve two main challenges,
i.e., 1) optimization issue and 2) regularization issue. Firstly, we
propose a differentiable hypergraph learner to adaptively learn
the optimized hypergraph structures dynamically for the hyper-
graph convolutions during the training process. Secondly, to better
regularize dynamic hypergraph learning, we introduce a novel hy-
pergraph learning objective, which forces the learned hypergraphs
to retain the original graph topology. Extensive experiments on
public datasets from different domains are provided to show that
our proposed model significantly outperforms strong baselines.
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Figure 1: A possible illustration of high-order relations.
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1 INTRODUCTION

By predicting users’ future interactions (e.g., clicks, ratings, pur-
chases) and displaying the personalized items of interest in the
most conspicuous positions, recommender systems can encourage
more transactions and improve user satisfaction when they are
browsing overwhelming information. Among all recommendation
algorithms, collaborative filtering (CF) is one of the most popular
and widely adopted methods in both industry and research commu-
nities [4, 8, 15, 22]. Recently, thanks to the powerful capability in
modeling relational data, graph neural networks (GNNs) [24] have
led to great success in CF. These GNNs-based methods formulate
both users and items as entities on graphs, e.g., user-item bipartite
graphs [7, 20, 22] and social relation graphs [17, 23], which exploit
the explicit high-order relations defined by the initial pairwise links
through multi-hop convolutions and show prominent performance.
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However, besides these explicit high-order relations, there exist
implicit high-order relations among entities, which these GNNs-
based methods are hard to model constrained by the fixed graph
structure. In this paper, the explicit high-order relation denotes
the similarity between two entities shown by multi-hop connec-
tions within a certain number of steps on existing links. And by
implicit high-order relation, we represent the similarity between
two entities with similar collaborative information and local topol-
ogy, regardless of whether they have connections within a certain
number of steps or not. In Figure 1, we use an example to illustrate
these two kinds of high-order relations. On a user-item bipartite
graph, user A is a dog owner, and user B is a cat owner. Since they
are both pet owners, they share many characteristics and have
many items purchased in common, e.g., pet bathtubs and pet bowls,
which connect them in 2-hop. And this means they have an explicit
high-order relation. Meanwhile, they have also bought something
special for their pets, like dog foods and dog toys for A’s dog, as
well as cat foods and cat toys for B’s cat. Intuitively, these paired
products (i.e., [dog food, cat food] and [dog toy, cat toy]) will have
implicit high-order relations, since they have similar characteris-
tics and local topology. However, for the traditional GNNs-based
methods, it takes at least 4 steps of propagation for these paired
products to pass their message to each other, which is computation-
ally expensive and will bring too much noise. Besides the pairwise
relation, different groups of products (e.g., Group I and Group II)
may also share similar characteristics or local topological structure,
which can hardly be well-modeled by vanilla GNNs. Similarly, users
also have this kind of implicit high-order relations.

To provide a natural way to model complex high-order relation-
ships, hypergraphs are proposed by generalizing the concept of
edges to hyperedges, which are able to connect a flexible num-
ber of nodes [5]. This inspires researchers to combine GNNs and
hypergraphs to enhance representation learning for recommenda-
tions [1, 3, 12, 21]. Nevertheless, existing research leveraging hyper-
graphs may have two limitations. Firstly, most existing hypergraph-
based neural networks initially construct a hypergraph with hand-
crafted rules based on the existing topology which may be sub-
optimal, e.g., motifs presented in subgraphs and jump connections
for K-hop nodes. Secondly, the hypergraph structure remains static
throughout the training procedure. Thus in this sense, the construc-
tion of a hypergraph is only a pre-processing step, independent of
the representation learning task. From a learning standpoint, we
argue that the static hand-crafted hypergraph structure may hinder
the performance of recommendation, since it cannot guarantee
optimized higher-order relations for the ultimate downstream task
and dynamic learning process.

To this end, we set out to learn the dynamic hypergraph struc-
tures (i.e., hyperedges) as well as the representations of users and
items collectively in a unified framework. To achieve this goal, we
need to address two notable challenges.

e Optimization issue. Although several approaches have
been proposed to construct hypergraphs beyond the orig-
inal topological constraints (e.g., DHGNN [13] utilizes k-
means clustering to build the hypergraph), we argue that
they are still model-free methods relying on heuristics, which
always require strong assumptions of the entity distribution.
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These heuristic model-free methods may focus on similari-
ties among entities that are suboptimal to the downstream
tasks, thus failing to build optimal hypergraphs.
Regularization issue. Hypergraphs provide a flexible way
to model complex-high order relationships, however, it also
brings a significant challenge for learning the hypergraph
structures solely with the recommendation objective in a
fully end-to-end manner, as this will make the learned hy-
pergraph obscure the complex relations among entities and
overfit the noise in the downstream recommendation task,
especially when we update the hypergraph many times dur-
ing the training. So how to regularize the learning process
to capture effective signals and suppress noise becomes a
key point for successful hypergraph structure learning,.

In this paper, we propose a novel Dynamic Hypergraph Learning
framework for Collaborative Filtering (DHLCF) to address the afore-
mentioned challenges synergistically.

To address the optimization issue, we propose a differentiable
lightweight multi-layer hypergraph learner, which can efficiently
learn hypergraph structures dynamically at different layers along-
side the training process. The differentiable learner can contra-
puntally capture the complex entity correlations coupled with our
downstream recommendation task in a learnable manner, which
may outperform suboptimal heuristic similarities. By learning the
dynamic hypergraphs at different layers, the following hypergraph
convolutions are capable of exploiting implicit high-order relations
of different semantic hierarchies.

To address the regularization issue, we integrate a hypergraph
learning loss into the training process of the hypergraph learners,
which encourages strongly connected nodes to be clustered together
in the same hyperedge, with the intuition that correlated users or
items tend to be in the same community on the original graph. The
hypergraph learning loss acts as a regularization term and can be
unified with the recommendation objective to be jointly optimized,
which will significantly benefit the overall learning process.

The contributions of this paper are summarized as follows:

e We propose the DHLCF to learn hypergraph structures dy-
namically as well as the representations of users and items
collectively for collaborative filtering. To the best of our
knowledge, this is the first study on learning the hypergraph
structure of both users and items for recommendations.
We propose a novel hypergraph learning loss to regular-
ize the hypergraph structure learning and show that the
learned hypergraph structures for representation learning
can significantly improve the recommendation performance.
Experimental results show that our method outperforms
the state-of-the-art methods on three benchmark datasets
from different domains and demonstrate the effectiveness of
dynamic hypergraph learning.

2 RELATED WORK

2.1 Hypergraph in Recommender Systems

Hypergraph learning is first introduced in [30] as a propagation pro-
cess on hypergraph structure to tackle various problems. HGNN [5]
is the first work proposing to perform a spectral hypergraph con-
volution to learn the hidden layer representation considering the
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high-order data structure. To further improve the representation
learning, research attention has been attracted for introducing hy-
pergraphs to the recommendation area, which has greatly improved
the modeling of high-order correlations among users and items. Bu
et al. [3] use hypergraph to model various objects and relations in
music social communities, and consider music recommendation as
a ranking problem on this hypergraph, which is considered as the
earliest attempt. More recent works concentrate on initially and
heuristically constructing the user or item hypergraphs based on
existing interaction data, and performing hypergraph convolution
to capture the high-order correlations in the representations of
users and items. Ji et al. [12] initially construct the user and item
hypergraph with jump connection and propose a jump hypergraph
convolution method to support the explicit propagation of high-
order correlations. Bai et al. [1] adopt hypergraph to represent
the short-term item correlations and applies multiple hypergraph
convolution layers to capture multi-order connections in the hy-
pergraph. Social networks bring more complex user correlations,
which is proved to be helpful to alleviate the data sparsity issue and
improve the recommendation performance. Methods like HMF [29],
LBSN2Vec [26] and MHCN [27] borrow the strengths of hypergraph
neural networks to incorporate the user-item interactions and so-
cial relations simultaneously, with the main difference being the
way to construct the hypergraph. LBSN2Vec [26] builds hyperedges
by jointly sampling friendships and check-ins with random walks.
MHCN [27] utilizes a set of motifs to depict triangular structures in
social networks, which guides the hypergraph construction. How-
ever, existing hypergraph-based methods for recommendation usu-
ally require initial heuristically-constructed hypergraphs and they
remain fixed throughout the training procedure, while in this paper,
we explore how to learn better hypergraph structures dynamically
during the training.

2.2 Hypergraph Structure Learning

Researchers recently investigate the potential of learning hyper-
graph structure and making inferences on the hypergraph, which
can be divided into feature-based methods and representation-based
methods. The feature-based methods explore the nearest neighbors
in the feature space for constructing hyperedges, based on k-NN or
a search radius. For example, Huang et al. [9] select a set number
of nearest neighbors for each vertex to generate a hyperedge. How-
ever, it is hard to determine an optimal number of nearest neighbors
or the search radius, which may be sensitive to noise and limit the
representation learning. Different from the feature-based meth-
ods, representation-based methods [16, 31] aim to exploit the rela-
tions among vertices through feature reconstruction. More recent
works focus on improving the hypergraph structure by learning the
weights of hyperedges, where the hyperedges could have different
importance on representation learning. For example, an I, regular-
izer on the weights is introduced in [6] to learn optimal hyperedge
weights. And Hwang et al. [10] propose to model the correlations
among hyperedges and assign similar weights to highly correlated
hyperedges. However, they cannot repair the connections which
are inappropriate or even contain errors because the hypergraph
structure is predefined and static in these works.
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To tackle this problem, the concept of dynamic hypergraph struc-
ture learning was proposed. Zhang et al. [28] use the raw input
data to optimize the hypergraph structure iteratively. Furthermore,
Jiang et al. [13] utilize the k-NN method and k-means clustering
method to update hypergraph structure based on both local and
global features. Though these attempts sought to adjust the hyper-
graph structure under traditional learning settings, such procedures
cannot be readily integrated into end-to-end deep frameworks due
to the undifferentiable nature, not to mention being generalized to
the recommender systems. In this paper, we overcome the above
issues by proposing an end-to-end DHLCF framework to jointly
learn the hypergraph structure and entity representation for recom-
mendation. To the best of our knowledge, this is the first attempt
to learn the dynamic hypergraph structure for recommendation.

3 PRELIMINARIES
Let U = {u1,u,.
{i1, 12, ..
nario, we typically use a binary matrix R € R™*" to store user-item
interactions (e.g., purchases and clicks), where r,;; = 1 indicates
that user u consumed item i while r,; = 0 means that item i is
unexposed to user u or user u is not interested in item i. Here we
represent interaction data as a user-item bipartite graph G and the
adjacency matrix Ag can be formulated as follows:

R

ol
With respect to the adjacency matrix Ag, the degree matrix Dg €
N(m+n)><(m+n)

..,Um} denotes the set of users, and let 7 =
.,in} denotes the set of items. In the recommendation sce-

0

Ag = [RT (1)

is a diagonal matrix, in which each entry Dg i, i]
denotes the number of nonzero entries in the i-th row of Ag.

For a graph structure, an edge only connects two vertices, while
in a hypergraph, a hyperedge connects two or more vertices. Let
HG = (V,E) denote a hypergraph, where YV is the vertex set
containing M vertices and & is the hyperedge set containing K
hyperedges. The hypergraph can be represented by an incidence
matrix H € {0, 1}*K where hye = 1 if the hyperedge e € &
connects a vertex v € V, otherwise hye = 0. For a vertex v € V
and a hyperedge e € &, their degrees can be defined as: d(v) =
Yees hoe,and d(e) = ) ey hye, respectively. And then we use two
diagonal matrices Dgyg € RM*M and L € RK*K to represent the
vertex degree matrix and the hyperedge degree matrix, respectively,
where the diagonal elements Dy [0,0] = d(v) and L[e, e] = d(e).

In this paper, we use bold capital letters to denote matrices and
bold lowercase letters to denote vectors.

4 METHODOLOGY

4.1 Model Architecture

In Figure 2, the schematic overview of DHLCF is illustrated. At a
high level, we introduce its architecture from left to right. Each layer
of DHLCF consists of three core processes. (1) DHLCF first performs
graph convolution directly on the user-item bipartite graph, which
models the explicit high-order relations and effectively captures the
collaborative signals and the local topology into the embeddings of
users and items. (2) Based on these embeddings, DHLCF adaptively
discovers groups of implicitly correlated users and items separately,
and constructs dynamic user hypergraph and item hypergraph. (3)
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Figure 2: The overview of the model structure of DHLCF. Best view in color.

Given the embeddings in (1) and the learned dynamic hypergraphs
in (2), we refine the embeddings of users and items separately
with hypergraph convolution, which enables the information to
interact among users (or items) in the same hyperedge. These three
processes are alternatively and sequentially performed, and support
each other to simultaneously improve the hypergraph structure
learning and recommendation performance.

4.2 Graph Convolution on User-item Bipartite
Graph

The raw user-item bipartite graph explicitly represents the user-
item interaction information as its links, and a node’s local structure
(i.e., the topology of its multi-hop neighbors) is shown to encode
a user’s preference or an item’s characteristic [22]. To capture
the collaborative signal alongside the local topology, we exploit
the high-order connectivity following the recent advance in Light-
GCN [7]. To initialize, each user and item in the raw bipartite graph
is associated with an ID embedding, which can be denoted with two
learnable parameter matrices E;, € R™*d and E; € R™¥9, respec-
tively, where d is the embedding size. Different from the traditional
GCN propagation rule, we remove the learnable matrix for linear
transformation and the nonlinear activation function (e.g.leaky
ReLU) following the suggestion in [7]. The explicit propagation
process can be formulated as follows:

@
®)

EQ = [E,Ei] = [euy...reu, €. €0, ],

N -1 _1
B0 = (D AgD HEN Y, k e Y,

where E*-1 = [E,(lk_l),Egk_l)] is the output of the previous
DHLCF layer or the initial E(© . Each round of the propagation
explicitly updates the node’s representation in the bipartite graph
by its higher-order relations. It’s worth noting that we do not di-
rectly stack multiple graph convolution layers together, instead,
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the graph convolution provides updated representations for the
dynamic hypergraph learning, which will be elaborated below.

4.3 Dynamic Hypergraph Structure Learning

Besides the collaborative signal, graph convolution in Eq 3 is capable
of capturing local structural information of graph according to
GIN [25], and the topological similarity of the nodes (i.e., users and
items) is always accompanied by the characteristic similarity. To
break the message passing limit of the fixed and heuristic graph
structure (i.e., the user-item bipartite graph), we propose to learn
implicit high-order relations (i.e., hyperedges) for users and items
separately based on the updated E®) in Eq 3. For simplicity, we
omit the layer number (k) in the symbols below, since we mainly
discuss the subprocesses in the same DHLCF layer.

Following the recent advance in spectral clustering [2], we be-
lieve the collaborative signal and the topological information are
adequate for computing the hyperedge assignments, which should
contain the implicit similarity of user preference or item character-
istic. So we compute the hyperedge assignment of users (or items)
using a multi-layer perceptron (MLP) with softmax on the output
layer, which maps each user (or item) representation ey, (or e;;)
into the k-th row of a soft hypergraph incidence matrix Hy, (or H;):

(4)
I:Ii Softmax(ReLU(]AE,-Wi,l)W,-’z), (5)

where Wu,l € RdXd, Wu,z € RdXK, ijl (S RdXd and Wi,2 €
RdXK

Hy, = Softmax(ReLU(EuWu,l)Wu,g),

are trainable weight matrices, in which K is the number of
hyperedges to learn. By using So ftmax, we softly assign a vertex to
multiple hyperedges with different probabilities. It’s also possible
to apply the Gumbel-softmax trick [11] to make it a differentiable
sampling procedure, but we found Softmax performs better.
Although we couple the dynamic hypergraph learning process
and the recommendation process together, we find relying solely on
the recommendation objective can not well guide the hypergraph
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structure learning and may lead to overfitting the downstream noise,
especially when we learn multiple hypergraphs throughout the
training, since the hypergraph learning is not intrinsically adaptive
to the recommendation task. We argue that the learned hypergraph
should somehow be constrained by the initial interaction history.
Following [2], we relax the minCUT problem [19] and propose the
following hypergraph learning loss for the dynamic hypergraph
learning process:
Ly,

~Tr(HIRRTH,) + A A, | F, (6)

L4 )

where Tr(-) denotes the trace of a matrix, and ||-||r indicates the
Frobenius norm. For the loss Ly , the multiplication operation RRT

i

~Tr(ATRTRA,) + [|AT A |,

defines an m X m 1-order reachable matrix of users, of which each
entry represents the number of the corresponding user pair’s com-
monly consumed items. So Tr(}AIZ; RRTH,) is to sum all commonly
consumed items of every user pair in the same hyperedge, which
can be used to represent the pairwise similarity in a hyperedge. The
first term can encourage those users sharing similar interaction
history to be clustered in the same hyperedge. However, this term
is a non-convex function, which may lead to a local minimum. For
example, when we put all the users in the same hyperedge, the first
term reaches its minimum. So we add the second term to penal-
ize such situations, which encourages all learned hyperedges to
contain different vertices and be of a similar size. The loss Ly, is
symmetrically similar to Ly , so we omit the analysis here.

4.4 Hypergraph Convolution on Learned
Hypergraph

After obtaining the learned hypergraphs from the learning process,
we describe how to incorporate the implicit high-order relations
among users and items, and update the users’ and items’ representa-
tions. Inspired by HGNN [5], we follow the conventional schema of
the spectral hypergraph convolution, which is composed of vertex
convolution and hyperedge convolution. The former aggregates
vertex features to the hyperedge and then the latter aggregates
adjacent hyperedge features to the centroid vertex.

We define our hypergraph convolution on the learned hyper-
graph H, and H; as follows:

E, = H,L;'AlE, + E, (8)

©
where L, and L; denote the hyperedge degree matrices of the

learned user hypergraph H,, and item hypergraph H;, respectively,
which help re-scale the output embeddings. The matrix multiplica-

E; = PAIiLi_lltIlTEi + Ei

tion I:IZI:ZH and fIiTﬁi perform the vertex convolution, propagating
the vertex messages to the hyperedges. And the following H,, and
H; aggregate the hyperedge information to update the vertices.
Compared with traditional hypergraph convolution [5, 12, 27],
there are three main differences. First, we remove the learnable ma-
trix for linear transformation and the nonlinear activation function
consistent with the previous graph convolution as suggested in [7],
since it’s proved to be of little help in the scenario of collaborative
filtering with only user and item IDs. Second, we remove the vertex
degree matrix to re-scale the propagation process. This is because
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in Eq 4 and 5, unlike the usual hypergraph, we already utilized
the Softmax operation to interpret the hyperedge assignment as
a probability distribution and it is equivalent to the normalization
with the degree matrix. Third, we take skip-connection into consid-
eration to retain the original collaborative signal and local topology
information from the graph convolution, which can also help avoid
the problem of gradient vanishing.

4.5 Recommending

The above three subprocesses are sequentially performed in a sin-
gle integrated DHLCF layer, and we apply a hierarchical learning
strategy to stack multiple layers, in which we learn the hypergraph
structure dynamically in order to capture different hierarchies of
high-order information (i.e., different patterns to cluster users or
items in a hyperedge). We illustrate the detailed procedure of one
single layer in Algorithm 1:

Algorithm 1 DHLCF Layer k
Input: User-item interaction matrix R;

User-item bipartite graph {Ag, Dg};

Last layer’s output embedding E*k=1) or the initial E(©).
Output: Embedding ),

Hypergraph learning loss Lﬁik)’ Llﬁlf.k) .
1: Compute the updated £ by Graph Convolution. (Eq 3)
2: Learn the k-th hypergraph structure I:II(lk), I:Il(k). (Eq4,5)
3: Compute hypergraph learning losses LHL;C), Lﬁ(k). (Eq6,7)

4: Compute E,Sk), El(k) by Hypergraph Convolution on ﬁl(lk), IA{Ek).
(Eq8,9)
5 Return B = [EJY, E,(k)], Ly, Ly

After stacking L DHLCF layers, we obtain multiple represen-
tations of users and items, {E,So), . ..,EL(IL)} and {E;o), . ..,E;L)}.
Since the representations at different layers contain different se-
mantic hierarchies, we simply concatenate them to construct the
final representations, which can be formulated as follows:

= L) & L
B, =B ES, B =B ER, (10)

where || denotes the concatenation operation. Note that other func-
tion like mean-pooling, max-pooling and attention network can be
adopted, but we found that concatenation performs better in our
scenario. Finally, we perform an inner product to estimate the user
u;’s preference for the target item i

(11)

where &, is u;’s corresponding row in E,, and similarly &;, is ix’s
uj j Sp u> Y €i k
corresponding row in E;.

s _ T 4.
Fik = €y @i

4.6 Optimization

For the recommendation part, we employ the Bayesian Personalized
Ranking (BPR) loss [18], which is a pairwise loss that assumes the
observed interactions should be assigned higher prediction values
than unobserved ones. The objective function is as follows:

Lrec = Z _lno'(fui - fuj),
(u,i,j) €O

(12)
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where O = {(u, 1, j)|(u,i) € RY, (4, j) € R™} is the pairwise train-
ing data, in which R* denotes the observed interactions, and R~
denotes the unobserved interactions.

Finally, we unify the objectives of the recommendation task
and the dynamic hypergraph learning task for joint learning. The
overall objective is defined as:

L
L= Lreet ) (L + Lyw) + Bl
k=1 !

(13)

Where Ll:lflk) and LI:I

layer k. The last term is an Ly regularization to prevent overfitting.
A and f are the hyper-parameters controlling the effect strength of
the hypergraph learning task and Ly regularization, respectively.

(v denote the hypergraph learning losses at

4.7 Time Complexity

As illustrated in Algorithm 1, the computation of each DHLCF
layer consists of four parts. (1) In the graph convolution process,
the matrix multiplication has computational complexity less than
O(|A+g |d) = O(|R*|d), where |A+g| denotes the number of nonzero
elements in Ag and d is the embedding size. (2) The hypergraph
structure learning computes two separate soft incidence matri-
ces for users and items respectively with two shallow networks.
The complexity for this part is O((md? + mdK) + (nd? + ndK)) =
O((m+n)d(d +K)) < O(K?(m + n)), since we usually set K > d.
(3) As for the hypergraph learning loss for users, the first term is
to compute the trace product, of which only the diagonal elements
of (ﬁZR)(I:IZ R)T are involved. The time complexity of the first
term will be O(|R*|K) + O(Kn)), and O(Kn)) can be omitted due
to n < |R*|. The second term is a self-multiplication and its time
complexity is O(mK?). Hence, the time complexity for comput-
ing the loss of user hypergraph learning is O(|R*|K) + O(mK?),
and symmetrically it is O(|R¥|K) + O(nK?) for the item hyper-
graph learning. (4) For hypergraph convolution, the complexity
is O(mKd) and O(nKd) for the user HG and the item HG, re-
spectively. Empirically, if we stack I DHLCF layers, the overall
theoretical time complexity for all user and items in one full step of
model training is less than O(I(m + n)K?) + O(I|R*|K), since we
usually set K > d. So the time complexity of our model is at the
same level as that of previous GNNs-based recommendation mod-
els. It’s worth noting that for inference, we don’t need to compute
the hypergraph learning loss in part (3), which further reduces the
overall time complexity.

5 EXPERIMENTS

To evaluate the effectiveness of the proposed method, we have
conducted experiments on three public datasets. Ablation studies
are also presented for better investigation of our proposed model.

5.1 Dataset Description

Three public available datasets are employed in our experiments,
i.e., Yelp, Gowalla and LastFM-2K. The statistical details of these
datasets are presented in Table 1.

Yelp [27]. This is an online location-based review system, on
which users can express their experience (i.e., local businesses)
through the form of reviews and ratings. We construct our dataset
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Table 1: Descriptive statistics of the datasets.

Dataset #Users #Items #Interactions Density
Yelp 19,539 21,266 450,884 0.00109
Gowalla 4,473 3,564 156,322 0.00981
LastFM-2K 1,892 1,865 65,789 0.01864

by using each review as evidence that a user’s consumption. We
filtered out users who post less than 5 reviews and businesses which
receive less than 20 reviews.

Gowalla. 1 This is the check-in dataset obtained from Gowalla,
where users share their locations by checking-in. To ensure the
quality, we collected a set of check-in logs in a temporal interval
between 2010-05-01 and 2010-10-01 and treat each check-in as a
consumption. We also filter out those users with less then 5 check-
ins and places with less than 10 reviews.

LastFM-2K. 2 This dataset contains music streaming history from
a set of 2K users on Last.fm. Similarly, we retain users and items
with at least ten interactions.

For each dataset, we randomly select 80% of the historical interac-
tions of each user as the training set, 10% of those as the validation
set, and the remaining 10% as the test set.

5.2 Experimental Setup

Evaluation metrics. To evaluate the performance of all methods,
we adopt a ranking-based metric namely Normalized Discounted
Cumulative Gain@k (NDCG@k) and a relevancy-based metric Hit
Ratio@k (RECALL@k). The NDCG@k metric accounts for the
position of the hits by assigning higher scores to hits at top ranks.
The RECALL@k metric measures the percentage of relevant items
selected out of all the relevant items for the user. Both of the adopted
metrics can be formulated as follows:

1 N zreli—l
NDCG@k = — _— 14
@ RN — log, (1 + 1) (14)
k
- rel;
RECALL@k = # , (15)
|]test|

where k is the size of the recommendation list, rel; = 0 or 1 denotes
whether the item at the rank i is in the test set or not, and the
Ry term indicates the maximum possible cumulative component
through ideal ranking. |7, ,| is the number of relevant items in
the testing set for user u. Especially, as suggested by Krichene and
Rendle [14], we perform item ranking on all the candidate items
instead of the sampled item sets to calculate the values of these two

metrics, which guarantees that the evaluation process is unbiased.

Baselines. We compare our DHLCF with the following six base-
line methods to evaluate the performance, which we can categorize
into three classes: (1) MF-based methods; (2) GNNs-based methods;
and (3) hypergraph-based methods.

Data set available from https://snap.stanford.edu/data/loc-gowalla.html
Data set available from http://files.grouplens.org/datasets/hetrec2011/
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Table 2: Comparison among models. Boldface denotes the highest score and underline indicates the best result of the baselines.

Model Yelp Gowalla LastFM-2K
NDCG@10 RECALL@10 NDCG@20 RECALL@20 | NDCG@10 RECALL@10 NDCG@20 RECALL@20 | NDCG@10 RECALL@10 NDCG@20 RECALL@20
BPRMF 4.33% 9.45% 6.51% 18.18% 4.39% 9.73% 6.64% 18.56% 1.44% 3.06% 2.35% 6.48%
NCF 3.66% 7.74% 5.31% 14.34% 3.41% 7.16% 4.75% 12.55% 1.11% 2.40% 1.80% 5.14%
NGCF 4.00% 8.63% 5.82% 15.87% 4.80% 10.59% 6.75% 18.27% 2.21% 4.65% 3.25% 8.57%
DHCF 3.48% 7.45% 5.23% 14.47% 3.88% 8.50% 5.52% 14.94% 1.54% 3.36% 2.36% 6.46%
LightGCN 4.71% 10.30% 7.11% 19.77% 4.98% 11.15% 7.31% 20.21% 2.24% 4.89% 3.38% 9.39%
MHCN - - - - -- - - -- - - - - -- 2.23% 5.02% 3.47% 9.55%
DHLCF ‘ 5.41% 11.66% 7.92% 21.77% ‘ 5.71% 12.44% 8.20% 22.32% ‘ 2.82% 6.10% 4.03% 10.99%
Improv. +14.91% +13.20% +11.47% +10.15% +14.67% +11.59% +12.09% +10.48% +25.67% +21.52% +16.06% +15.13%
p-value 1.16e-4 3.4le-4 4.07e-5 3.78e-5 4.82e-3 2.46e-3 2.12e-4 4.11e-4 3.70e-3 2.46e-3 1.58e-3 2.98e-3

" MHCN requires extra social information, so we use LastFM-2K to justify that our DHLCF can better extract high-order relations among users without social information.

e BPRMF [18]. This method improves matrix factorization
(MF) with the BPR objective function. It is a highly competi-
tive method for implicit feedback based recommendation.

e NCF [8]. This is a deep learning based framework that com-
bines matrix factorization (MF) with a multilayer perceptron
model (MLP) for item ranking.

e NGCF [22]. This is a graph-based model, which first encodes
the collaborative signal into the user-item interaction graph
structure and adopts multiple graph convolution to explore
high-order connectivity.

e LightGCN [7]. This is the state-of-the-art GCN-based gen-
eral recommendation model that leverages the user-item
proximity to learn node representations and generate rec-
ommendations.

e DHCEF [12]. This is a recent hypergraph convolutional method
that models the high-order correlations among users and
items for general recommendation.

e MHCN [27]. This is a social-based hypergraph convolutional
network for recommendation by exploiting multiple types
of high-order user relations under a multi-channel setting.

Note that MHCN is a social-based recommendation framework,
thus it’s not applicable to some datasets without social information.

Hyper-parameter settings. We initialize the latent vectors of both
users and items with small random values for all models. The param-
eters for baseline methods are initialized as in the original papers,
and are then carefully tuned to achieve optimal performances. For
a fair comparison, the dimensions of both the user and item latent
factors are all fixed to 64. We use Adam with ff; = 0.9, 2 = 0.999,
€ = 1e78 to optimize all these methods. The batch size is set to
200. We set A = 0.1 and f = 0.001 for the coefficients in Eq 13. The
learning rate is set as 0.005 and decayed at the rate of 0.9 every five
epochs. Sec 5.5 reports detailed analyses of different parameters and
we adopt the best settings for experiments in Sec 5.3 and Sec 5.4.

5.3 Performance Comparisons

We summarize the performance of different algorithms in terms
of NDCG@k and RECALL@k (k = 10, 20) over three datasets in
Table 2. The experimental results demonstrate that DHLCF out-
performs other methods on all evaluation metrics. Besides, we can
draw the following conclusions:

o DHLCEF consistently yields the best performance on all datasets.

In particular, DHLCF improves over the strongest baseline
with respect to NDCG@10 by 14.91%, 14.67%, and 25.67%

in Yelp, Gowalla, and LastFM-2K, respectively. These im-
provements demonstrate that DHLCF is capable of modeling
the comprehensive high-order relations among users and
items through its dynamic hypergraph learning. We con-
duct two-sample t-tests and p-value < 0.05 indicates that the
improvements of our DHLCF are statistically significant.

Specifically, when both stacking 3 layers as in the original

papers [7, 22], DHLCF outperforms both NGCF and Light-

GCN by a large margin. These results verify that only per-

forming message passing on the given initial topological

structure is suboptimal for learning the representations of
users and items. By contrast, our model can better capture
the implicit high-order relations by learning hyperedges to

"skip-connect" similar nodes and share their features.

e Without incorporating the social information, our DHLCF
still performs better than the social-based hypergraph con-
volution method MHCN. MHCN models the complex user
high-order relations by distinguishing nodes that have spe-
cific triangular relations in social networks, while DHLCF
does not rely on any hand-crafted rules and learns these
implicit high-order relations. The results demonstrate that a
learned hypergraph structure has more vital expressiveness
for capturing the flexible dependencies among users.

e The GNNs-based methods consistently outperform the MF-
based models. These results verify that incorporating the
explicit high-order relations on the user-item bipartite graph
is essential to capture the collaborative signals, which also
justify the skip-connection in Eq. 8 and Eq. 9.

o Although DHCF is also a hypergraph-based method, consis-
tent with the results in [27], we are also unable to reproduce
the superiority reported in its original paper [12] on these
datasets. According to Yu et al. [27], the k-order reachable
rule to construct hypergraph in DHCF will create a very
dense incidence matrix, which brings heavy computation
and over-smoothing problems, especially on large datasets.

5.4 Ablation Studies

We conduct ablation studies to validate the effectiveness of our
proposed hypergraph learning and the hypergraph learning loss.

Investigation of Hypergraph Learning. To investigate the effect of
dynamic hypergraph learning, we consider the following variants
of DHLCF with different hypergraph constructing strategies:
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Table 3: Effect of dynamic hypergraph Learning. The results
of NDCG@10 and RECALL@10 are similar hence omitted.

- Gowalla Yelp
Variation
NDCG@20 RECALL@20 | NDCG@20 RECALL@20
DHLCFy,,,, 7.61% 20.92% 7.17% 19.72%
DHLCF,_ o der 7.09% 19.28% 3.14% 8.82%
DHLCF 8.20% 22.32% 7.92% 21.77%
14 0.090 0.30
—— DHLCF = DHLCF
w/o T.L. w/oT.L. Lgog
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Figure 3: Effect of hypergraph learning loss on Yelp

e DHLCFy,,,,: This is a variant model in which the learned
hypergraph is replaced by the product of k-NN clustering
method as proposed in DHGNN [13] based on the graph
convolution output in Sec 4.2.

e DHLCF,_,,4,: This is a variant model in which the learned
hypergraph is replaced by the fixed 2-order reachable matrix
proposed in [12].

Table 3 summarizes the performance of different variants. The
hypergraphs, constructed by the heuristic k-NN clustering and the
hand-crafted 2-order reachable rule, both compromise the capability
of extracting the implicit high-order relations. According to the
results, DHLCFy,,, also yields comparable performance compared
with other baselines. This may be because the k-nn operation on
the graph convolution outputs can also cluster users (or items) with
similar collaborative signals and local typologies together in the
same hyperedge. However, it’s not learnable and thus cannot act
as an auxiliary task to improve the primary recommending task,
which limits its performance. Also, k-nn requires to compute an
expensive global search on all the users (or items), which also limits
its scalability to update the hypergraph structure at each layer. By
contrast, DHLCF,_,, 4., has poor performance, especially on the
large dataset. A possible reason is that it only exploits explicit 2-
order relations which have been considered in the earlier graph
convolution, and this duplication causes over-smoothing problem.

Investigation of the hypergraph learning loss. In DHLCF, we adopt
a hypergraph learning loss to help guide the learning of hypergraph
structure. To investigate the effectiveness of this loss, we introduce
a variant of DHLCF by simply removing the hypergraph learning
loss and training the model in a fully end-to-end manner. For con-
venience, we term the variant as w/o T.L.. We then run DHLCF
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and w/o T.L. on Yelp to observe the performance changes. Figure 3
shows the recommending loss w.r.t. the number of the training
steps, from which we can observe that the loss of the framework
trained in a fully end-to-end manner has a faster descent at the very
beginning and turns to a steady-state very soon. However, with the
hypergraph learning loss, the recommending loss of our DHLCF
appears to have a declining trend after an initial sharp drop, instead
of getting an early-stop, which proves that the hypergraph learning
loss can help our framework converge to a better local optimum
compared with the fully end-to-end framework. This might also be
the reason why DHLCF has better performance than w/o T.L., as
illustrated by the right part of Figure 3.

5.5 Parameter Sensitivity Analysis

Effect of Layer number. To investigate whether DHLCF can ben-
efit from multiple stacked layers and find the optimal depth L, we
vary the model depth L from 0 to 6 on different datasets Yelp and
Gowalla. Experimental results are shown in Figure 4 and we use
DHLCF-! to indicate the model with [ layers. We have the following
observations:

o DHLCF-1 has a significant improvement compared to DHLCF-
0. Note that when the layer number is 0, the model degener-
ates to BPRMF [18] and the experimental results are con-
sistent with Table 2. We attribute the improvement to the

fact that, compared with DHLCF-0 which only encodes the

implicit collaborative signals, the DHLCF-1 explicitly mod-
els the connectivity of user-item (from user-item bipartite

graph), user-user, and item-item (from learned hypergraphs).
We can observe that increasing the depth of DHLCF substan-
tially enhances the recommendation performance. The best

performance is achieved when the layer number is 4 for Yelp

and 3 for Gowalla. This demonstrates that when increasing

DHLCF layers, the model not only explicitly captures higher-
order collaborative signals from multi-hop connectives, but

also can exploit implicit high-order information in different

aspects by learning different hypergraph structures hierar-
chically. A visualization example of the learned hyperedges

in different layers is shown in Section 6.

Our model can apply a much deeper structure, compared

with other hypergraph-based models like DHCEF (1 layer

deep) [12] and MHCN (2 layers deep) [27]. A possible rea-
son is that we learn and update the hypergraph structure at

each layer instead of using a fixed structure, which brings

new information to capture for each node with the increase

of depth. Thus the common over-smoothing of stacking mul-
tiple layers can be significantly alleviated in our model.

Effect of Hyperedge number. This paragraph investigates the in-
fluence of parameter K which controls the number of hyperedges
to learn. we vary K from 10 to 160 while keeping other parame-
ters fixed. We present the experimental results of NDCG@20 and
RECALL@20 on Yelp and Gowalla in Figure 5 and results of other
metrics are omitted due to the space limitation. From Figure 5, we
can observe that for Yelp, the optimal hyperedge number is 100,
while for Gowalla, the performance reaches its peak when K = 20.
When we further increase the hyperedge number, the recommenda-
tion performances drop to varying degrees, probably because too
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Figure 5: Influence of the learned hyperedge number

many meaningless hyperedges will propagate too much noise to
the entity representations. Also, we found that in different recom-
mendation scenarios, the optimal hyperedge numbers are varied,
which should be influenced by many factors including the scale
and diversity of users and items, e.g., compared with Gowalla, Yelp
has more users and items, as well as more complex types of users
and items, so it needs more hyperedges to depict those relations.

6 VISUALIZATION OF LEARNED
HYPEREDGES

In different DHLCF layers, we exploit implicit high-order infor-
mation in different hierarchical aspects by dynamically updating
the hypergraph structure. In this section, we visually analyze the
learned hyperedges in our model. We use a 3-layer DHLCF as sug-
gested in Section 5.5 to train on the Gowalla dataset. Since the
learning processes of the user and item hypergraph are symmetri-
cal, we focus on the user hypergraph and randomly choose a user
to visualize his assigned hyperedges.

Figure 6 shows the user nodes connected with the chosen user by
the learned hyperedges in different DHLCF layers. As the connected
user nodes become less, we can observe that our proposed hyper-
graph learner captures more and more sophisticated hierarchical
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DHLCF Layer 1 DHLCF Layer 2

DHLCF Layer 3

Figure 6: Visualization of learned hyperedges on Gowalla.
Each of the sub-figure plots all the users and the orange nodes
denote users connected by a hyperedge.

structure. The intuition behind this is also the same as our analysis
in Section 5.5. At the first layer, we only exploit the first-order
neighbors and thus the hyperedge learner can find massive users
with similar collaborative signals to connect in the same hyperedge.
In this sense, the learned hyperedges in the early layers help the
chosen user encode the global features of the user set. When stack-
ing more layers, the node representations contain collaborative
signal and local topology from higher-order connectivities. So the
hyperedges learned based on these representations tend to depict
more complex local features of its connected users.

7 CONCLUSIONS

Hypergraph provides a natural way to model high-order relations
among users and items, and has been introduced to improve recom-
mendations. However, existing methods construct the hypergraph
structures using heuristics based on existing topology, which re-
stricts the model’s capacity of capturing the implicit high-order
relations. In this paper, we propose a novel dynamic hypergraph
learning framework to produce a better hypergraph structure and
make recommendations collectively. We overcome the optimiza-
tion issue by proposing a fully differentiable hypergraph learner to
update the hypergraph structure at each layer. To address the regu-
larization issue brought by the auxiliary hypergraph learning task,
we innovatively propose a novel hypergraph learning loss to guide
the hypergraph learning. The extensive experiments conducted on
three public datasets verify the effectiveness of DHLCF.
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