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ABSTRACT

The collaborative filtering (CF) problem with only user-item in-
teraction information can be solved by graph signal processing
(GSP), which uses low-pass filters to smooth the observed interac-
tion signals on the similarity graph to obtain the prediction signals.
However, the interaction signal may not be sufficient to accurately
characterize user interests and the low-pass filters may ignore the
useful information contained in the high-frequency component
of the observed signals, resulting in suboptimal accuracy. To this
end, we propose a personalized graph signal processing (PGSP)
method for collaborative filtering. Firstly, we design the personal-
ized graph signal containing richer user information and construct
an augmented similarity graph containing more graph topology
information, to more effectively characterize user interests. Sec-
ondly, we devise a mixed-frequency graph filter to introduce useful
information in the high-frequency components of the observed
signals by combining an ideal low-pass filter that smooths signals
globally and a linear low-pass filter that smooths signals locally.
Finally, we combine the personalized graph signal, the augmented
similarity graph and the mixed-frequency graph filter by propos-
ing a pipeline consisting of three key steps: pre-processing, graph
convolution and post-processing. Extensive experiments show that
PGSP can achieve superior accuracy compared with state-of-the-art
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CF methods and, as a nonparametric method, PGSP has very high
training efficiency.
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1 INTRODUCTION

Collaborative filtering (CF) is one of the most popular techniques
in recommender systems, which predicts the interaction possi-
bility between users and items through interaction history [11-
13, 15, 25, 26]. Recently, graph signal processing (GSP) has been
applied in CF tasks [4, 18, 21, 22, 27, 31], which can transform
the interaction signals from spatial domain to spectral domain
through Graph Fourier Transform (GFT) to capture the structure
information of the whole similarity graph. Generally, GSP-based
CF methods first construct a similarity graph between items, then
use a low-pass filter defined on the similarity graph to smooth the
users’ interaction signals to obtain the prediction signals. Several
recent studies [14, 23, 27] show that these methods are related to
both neighborhood-based CF methods [13, 26] and GCN-based CF
methods [11].

Existing GSP-based CF methods rely on the following two as-
sumptions: 1) a user’s personalized preference is completely char-
acterized by his/her interaction history and 2) the low-frequency
information in the interaction signal is enough to predict user
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preferences. However, due to data sparsity issues in many recom-
mender systems, sparse historical interactions may not be enough
to accurately describe user preferences. Besides, only using low-
frequency information containing common user interests may not
be personalized enough due to neglecting the useful high-frequency
information containing unique user interests.

In this paper, we propose the personalized graph signal, a signal
with richer user information, to describe users more accurately.
Instead of only using the interaction information of users, the per-
sonalized graph signals use both the similarity information between
users-items and the similarity information between users-users to
describe users. Moreover, we construct an augmented similarity
graph to utilize the signals more effectively. The augmented simi-
larity graph contains not only the similarity information between
items-items, but also the similarity information between users-
items and the similarity information between users-users. With
the personalized graph signal and the augmented similarity graph,
users who are similar to the target user can amplify the signals
of the items they have interacted with, which often contain the
potential interests of the target user. We construct the similarity
relationship from the perspective of random walk, which shares
some of the motivations in Node2Vec [8].

In the real world, the observed interaction signal of each user is
a mixture of the real preference signal dominated by low-frequency
information and the noise signal dominated by high-frequency
information. Specifically, the real preferences of each user are com-
posed of globally smooth signals that reflect the general user pref-
erences and locally smooth but globally rough signal that reflects
the personalized user preferences. In order to obtain these two
kinds of signals, we propose a mixed-frequency graph filter, which
is a combination of an ideal low-pass filter that smooths signals
globally and a linear low-pass filter that smooths signals locally. By
controlling the proportion of the two signals, we can obtain more
accurate recommendation results than using only an ideal low-pass
graph filter.

Finally, we propose the personalized graph signal processing
(PGSP) method by designing a pipeline to combine the person-
alized graph signal, the augmented similarity graph and the mixed-
frequency graph filter to achieve higher accuracy. PGSP consists
of three key steps: 1) pre-processing, in which we construct the
personalized graph signal by concatenating user similarity infor-
mation with user-item interaction signal; 2) graph convolution, in
which we use the proposed mixed frequency graph filter to obtain
both globally smooth signals and locally smooth but globally rough
signals and 3) post-processing, in which we recover the predicted
interaction signal. Extensive experiments show that PGSP has su-
perior performance in prediction accuracy. Meanwhile, we analyze
the role of the mixed-frequency graph filter and show that, as a
nonparametric method, PGSP has very high training efficiency.

The main contributions of this work are summarized as follows:

e We propose the personalized graph signal and the augmented
similarity graph for GSP-based CF, which can characterize
user interests more effectively and realize more personalized
recommendations.

o We reveal the effectiveness of high-frequency components
in the observed signal, and find that controlling the ratio

1265

Jiahao Liu, et al.

of globally smooth signal to locally smooth signal by the
proposed mixed-frequency graph filter can further improve
the accuracy.

e We propose the personalized graph signal processing (PGSP)
method by combining the personalized graph signal, the aug-
mented similarity graph and mixed-frequency graph filters.
Experiments show that PGSP can achieve higher accuracy
compared with state-of-the-art CF methods.

2 RELATED WORK

GSP aims to develop tools for processing data defined on irregular
graph domains, including sampling, filtering and graph learning (5,
24]. Next, we briefly summarize GSP-based CF works.

Most GSP-based methods treat the CF problem as graph signal
reconstruction [1]. Narang et al. [21] obtain the interpolated signal
by projecting the input signal into the appropriate bandlimited
graph signal space. Then, Narang et al. [22] extend the previous
work to an iterative method, which has higher computational effi-
ciency and takes into account the reconstruction error relative to
the known signals. Wang et al. [31] reconstruct the graph signal by
reweighting the sampled residuals for different vertices or propagat-
ing the sampled residuals in their respective local sets. Chen et al.
[4] formulate graph signal recovery as an optimization problem
and provide a general solution through the alternating direction
methods of multipliers. Ma et al. [18] interpret the smoothing of
the signal by low-pass filtering operation as the diffusion of temper-
ature and prove that the diffused signals are stable to perturbations
in the underlying network.

Some CF methods introduced GSP into neural networks. Spec-
tralCF [37] constructs a deep model for learning in the spectral
domain, which uses rich connection information to alleviate the
cold start problem. Zhang et al. [36] extend SpectralCF by directly
mining the association rules between the target user and the target
item through FP-Growth [9], and then solve the problems of cold
start and data sparsity. AGE [6] proposes an attributed graph embed-
ding framework, which consists of a carefully-designed Laplacian
smoothing filter and an adaptive encoder. Yu and Qin [35] propose
a low-pass graph filter to remove the noise and reduce the complex-
ity of graph convolution in an unscathed way. AGCN [7] further
reduces complexity with Chebyshev polynomial graph filters.

Recently, some works have shown that there are close rela-
tionships between GSP-based CF methods and other CF meth-
ods [17, 34]. Huang et al. [14] demonstrate that neighborhood-
based methods can be modeled as a specific band-stop graph filter
and low-rank matrix completion can be viewed as band-limited
interpolation algorithms. Nt and Maehara [23] find that graph neu-
ral networks only perform low-pass filtering on feature vectors
and do not have the non-linear manifold learning property, which
means that the graph structure only provides a means to denoise
the data. Wu et al. [32] reduce the complexity of GCN through
successively removing nonlinearities and collapsing weight matri-
ces between consecutive layers, and show that the resulting linear
model corresponds to a fixed low-pass filter. GF-CF [27] develops
a unified graph convolution-based framework for CF and proves
that many existing CF methods are special cases of the framework
which correspond to different low-pass filters in GSP.
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3 PRELIMINARIES

This section introduces the background knowledge of GSP and the
motivation for using GSP in CF tasks.

3.1 Graph Signal Processing

Given a graph G = {V, &}, where V = {v1, 02, ...,0n} is the vertex
set with n nodes, & is the edge set. The topology structure of graph
G can be denoted by a weighted adjacency matrix W = {w;;} €
R™", where w;; > 0 if (v;,0;) € &, indicating the similarity
between v; and v}, otherwise w;; = 0. D = diag(dy,da, ..., dn) €
R™" denotes the degree matrix of W, where d; = Zyjeq; wij is
the degree of node v;. The graph Laplacian matrix is defined as
L=D-Ww.

The signal on the node v; is defined as a mapping x; : V — R. We
can take x € R" as a graph signal where each node is assigned with
a scalar. The energy of the graph signal is defined as E(x) = ||x||2.
The smoothness of the graph signal can be measured by the total
variation as follows:

TV (x) = xTLx = ¥(4,.0;) e Wij (xi = x))%.

The normalized total variation of x can be calculated with the
Rayleigh quotient as follows:
TV(x)  xTLx  D(oop)es Wij(xi = x))°
Ex)  xTx Yo ev
As L is real and symmetric, its eigendecomposition is given by
L = UAUT where A = diag(A;, Ag, . An), A1 < Ag < .o < Ap,
and U = (uy,uy,...,u,) with u; € R" being the eigenvector for
eigenvalue A;. We call ¥ = UT x as the graph Fourier transform of
the graph signal x and its inverse transform is given by x = Ux.
GFT transfers the graph signal from the spatial domain to the
spectral domain. Rayleigh quotient can be transformed into the
spectral domain as follows:
Tix xTUAUTx  xTAx  Soev Mkl
Ray(x) =~ == a7y = Tz - 2 @
x'x x'UU'x x'x 2o eV X
The graph filter H is defined as:
H = Udiag(h(h), h(A2)... h(An))U”, @

where h(-) is the frequency response function. The graph convolu-
tion of an input signal x and the filter # is defined as follows:

y = Hx = Udiag(h(A1), h(A2).... h(1n))U T x.

In summary, the original graph signal x is first transformed into
Fourier space by Fourier basis UT, then the spectral domain signal
is processed by filter h(-), and finally inversely transformed into
spatial domain by U.

Ray(x) =

3.2 Motivation of Using GSP in CF

CF tasks aim to predict the real preference matrix according to the
observed interaction matrix. If we have constructed the correct
similarity matrix between items and the input signal is a user’s real
preference signal which indicates the user’s preference for each
item, the total variation of the graph signal can be discussed in two
cases: 1) if two items i and j (i # j) are similar, i.e., w;; is large,
the user’s preferences for these two items will be similar, which
means that (x; — x j)z should be small. This situation will not lead

1266

WWW 23, April 30-May 04, 2023, Austin, TX, USA

7 (08|09(04(0.1{02 7108(0.9|04|0.1]| x 7{1|(1]1]10]0
2107(0.8[0.8(0.9]0.1 2| x [08[08[09]0.1 20|11 1]0
7101]0.2]08]09]0.3 3101 x| x [09]0.3 F|lo0|lo0fo0|1]o0
4108/(03(08/0.110.9 4 | x [03[08[0.1(0.9 4100101

(a) Real preference matrix (b) With exposure noise (c) With quantization noise

Figure 1: Relationship between the real preference matrix
and observed preference matrix by considering noises.

to excessive TV (x); 2) if two items i and j (i # j) are dissimilar,
i.e., wjj is small, the user often has different preferences for the
two items, which means that (x; — x j)2 should be large. This also
does not cause TV (x) to be too large because their similarity w;; is
small. In conclusion, if the real preference signal is used as input,
the total variation should be small.

However, due to the exposure noise and quantization noise in
the observed interaction matrix [35], the total variation becomes
larger when the input signal is the observed user interaction signal.
Fig. 1(a) shows the real preference matrix, each row of which is a
user’s preference signal. Exposure noise means that users can not
encounter all items, but only a subset of them. These items that are
not exposed to users may or may not be liked by the users. Fig. 1(b)
shows the observed change in the user preference matrix due to
exposure noise. Users will choose whether to interact with the items
exposed to them based on their preferences. Finally, our observed
user-item ratings are binary variables, which are no longer the real
preference values, due to quantization noise. Fig. 1(c) shows the
change of user preference matrix observed by us due to quantization
noise, that is, the final observed interaction matrix.

From the perspective of the spectral domain, the real preference
signal is a low-frequency signal, and the two kinds of noise are high-
frequency signals. The observed interaction signal is the fusion of
low-frequency signal and high-frequency signal. We can effectively
solve the CF problem by graph convolution, the key of which is to
design a graph filter determined by the frequency response function.
For Eq. (1), take x = u;, we can get Ray(u;) = A;, indicating that
the eigenvector corresponding to the small eigenvalue is smoother,
and this smoothing is smooth in the sense of the whole graph, e.g.,
globally smooth. When restoring the spectral domain signal to the
spatial domain, if only the smoother eigenvectors are used as the
basis vectors, the reconstructed spatial signal will have a lower
frequency in the sense of the whole graph.

Fig. 2(i) illustrates the item similarity graph used in previous
works. we use 1 to represent strong node signal, and 0 to represent
weak node signal. The input graph signal is (1, 0, 0), which makes
item 1 have a strong node signal, as shown in Fig. 2(ii). After graph
convolution, the graph signal becomes smooth, that is, similar items
have similar graph signals. This improves the signal of item 2 and
then recommends it to the user a, as shown in Fig. 2(iii).

However, we believe that the real user preference and these
two kinds of noise can not be simply separated from the spectral
domain by frequency. Specifically, globally smooth signals are dom-
inated by general preferences which may not be enough to capture
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Figure 2: The previous GSP-based CF method. The interaction
signal is directly input into the similarity graph.

personalized preferences. Therefore, it is necessary to introduce
locally smooth but globally rough signals to capture personalized
preferences, which can help to improve recommendation quality.

4 THE PGSP METHOD

In this section, we propose the personalized graph signal processing
(PGSP) method which consists of three key components:

o Personalized Graph Signal, which has richer user-personalized
information to describe users more accurately;

o Augmented Similarity Graph, which has more graph topology
information to utilize the personalized graph signals more
effectively;

o Mixed-Frequency Graph Filter, which allows globally smooth
signals that reflect the general user preferences and locally
smooth but globally rough signals that reflect the personal-
ized user preferences to pass through.

We combine the above three components and propose the PGSP
Pipeline, which consists of pre-processing, graph convolution and
post-processing to achieve higher accuracy. In the following dis-
cussion, we suppose that there are m users and n items, and their
interaction matrix is R € {0, 1}"*", where R; 7 = 1indicates that
user i has interacted with item j.

4.1 Personalized Graph Signal and Augmented
Similarity Graph

In this section, we first introduce how to construct the similarity

matrix when only relying on the graph structure from the perspec-

tive of random walk, and then propose personalized graph signal

and augmented similarity graph.

4.1.1  Construction of Similarity Graph. When only considering
the graph topology, we conclude from the design of Node2Vec [8]
that the similarity of two nodes is determined by three factors: 1)
the number of paths between two nodes, 2) the length of the paths
and 3) the degree of the nodes that compose each of the paths.
In random walk, there are usually a large number of short paths
between two nodes with high similarity, and the degree of the nodes
composing each of the paths should not be too large (otherwise the
probability of walking through each path will be low).

For the CF problem with only user-item interaction information,
all we have is the structure of the interaction graph, so these three
factors should be taken into account as prior knowledge when
constructing the similarity graph. The user-item interaction graph
is a bipartite graph, which means that users are directly connected
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to items, and paths between two users/items must pass through
intermediate items/users. Therefore, for user-user similarity, item-
item similarity, and user-item similarity, we need to consider the
degrees of user nodes and item nodes at the same time.

The interaction matrix indicates the existence of a path with a
length of 1 between a user node and an item node. The original
interaction matrix R can not be used to describe the similarity
between users and items, because it does not consider the node
degree. We take into account the degree of nodes and obtain the
normalized interaction matrix, which can be used to represent the
similarity between users and items as follows:

Sur = (Dy)~Y2R(Dp) /2. (3)

The Dy and Dy are diagonal matrix, where (Dy);; = Z?:l Rij,i=
1,...,mand (Dy);j = X%, Rij, j = 1,...,n. From the perspective of
random walk, the weight of an edge completely depends on the
degree of the nodes connected by the edge. The more items that
a user has interacted with, the less a single item can be capable of
describing the user, and the lower the similarity between the user
and the items. The same is true from the perspective of an item.

Based on the normalized interaction matrix, we can calculate
the user-user similarity matrix and item-item similarity matrix,
respectively, as follows:

Su =SuiSgy St ="SSur. )

From the perspective of random walk, the construction of Sy simu-
lates the two-step walk process of transferring from the user nodes
to the item nodes (represented by Syj) and then to the user nodes
(represented by SZ,I). More paths with a length of 2 between two
user nodes and higher weights of these paths will indicate higher
similarity between the two user nodes. There is a similar conclusion
for the item-item similarity matrix Sj.

We emphasize that co-occurrence relationship and cosine simi-
larity are not suitable for calculating similarity in this scenario. In
detail, their calculations are as follows:

s =RRT, ¢ =Dy/*RRT D},
—gT = p~12pTpp~1/2
s =RTR st =D, /*RTRD; %,

Obviously, these two methods do not fully consider the influence
of node degree on random walk.

4.1.2  Construction of Personalized Graph Signal. Due to data spar-
sity issues in many recommender systems, sparse historical inter-
actions may not be enough to describe user preferences accurately.
For each user, in addition to the direct interactions with items, there
is also a collaborative relationship with other users, which is an
indirect relationship. We combine these two kinds of information
to describe users more accurately.

For each user, we concatenate his/her similarities with other
users with his/her interaction signal to obtain the personalized
graph signal as follows:

R=SylIR, (5)

where || is the concatenation operation.
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4.1.3  Construction of Augmented Similarity Graph. The interaction
matrix is the direct embodiment of users’ behaviors and describes
the relationship between users and items. The similarity matrix is
the compression of interaction information to describe the relation-
ship between item-item and user-user. There are two motivations
for the augmented similarity graph. Firstly, all these relationships
are useful for GSP-based CF methods. Using the user-item relation-
ship, the signals of user nodes can directly affect the signals of item
nodes, and the existence of the item-item/user-user relationship
makes it possible for the signals between item/user nodes to inter-
act with each other. Secondly, the personalized graph signal is an
m + n-dimensional vector, which requires a similarity graph that
can accommodate more node signals.

We construct the augmented similarity graph, which contains
all the above three relationships as follows:

Su  Sur

A = T
Sur S

A (6)

Overall, our method is beneficial to CF in the following aspects:
1) a more reasonable similarity matrix constructed from the per-
spective of random walk is used to describe the relationship of
users-items, users-users and items-items, 2) a personalized graph
signal with richer information is used to describe users more accu-
rately, and 3) an augmented similarity matrix with more topological
information is used to process personalized graph signals more ef-
fectively.

4.2 Mixed-Frequency Graph Filter

In this section, we propose a mixed-frequency graph filter, which
can capture globally smooth signals and locally smooth but globally
rough signals simultaneously.

With the definition of the augmented similarity graph, we can
define the corresponding Laplacian matrix L = I — A, where I is
an identity matrix. The frequency response function of the ideal
low-pass filter is h(1) = 1if A < A and k(1) = 0 otherwise, where
Ak is the cut-off frequency of the low-pass filter. Putting it into Eq.
(2), we can obtain the ideal low-pass filter as follows:

k m+n—k
T T
Hideal = Udiag(l, . 1,0,..,0)U" =U U,

where U is a matrix composed of the eigenvectors of L, Uy is the
first k columns of U corresponding to the smaller eigenvalues. This
indicates that the construction of the ideal low-pass filter does not
need complete eigendecomposition of the matrix, but only needs to
calculate the eigenvectors corresponding to the smaller eigenvalues.

An ideal low-pass filter only uses the low-frequency Fourier
basis to reconstruct the spatial signal. Since these Fourier bases are
low-frequency signals in the sense of the whole graph, it means that
the signal filtered by an ideal low-pass filter is also a smooth signal
in the sense of the whole graph. The left arrow in Fig. 3 describes
this global smoothing. After filtering, the node signal spreads to
the whole graph.

However, due to the sparsity of data, the interaction signal may
not have enough information to restore the complete real prefer-
ence through such global smoothing. On the contrary, only using
the low-frequency signals will overdraft the expressive ability of the
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Figure 3: The ideal low-pass filter makes the signal globally
smooth, and the linear low-pass filter makes the signal lo-
cally smooth but globally rough.

interaction signal for the filtered signals only containing general
preference information, which damages the personalized informa-
tion.

To solve the above problems, we implement a mixed-frequency
graph filter, which is a low-pass filter. From the perspective of the
spatial domain, the result of multiplication with augmented simi-
larity matrix A is neighborhood aggregation, which leads to local
smoothing. The right arrow in Fig. 3 describes this local smoothing,
after filtering, the node signal only diffuses to the directly con-
nected nodes. Theorem 1 shows that A is a linear low-pass filter
with frequency response function h(1) = 1— A, which indicates that
the filtered signal is not globally smooth because it allows some
high-frequency components of the signal to pass through.

THEOREM 1. The augmented similarity matrix A is a low-pass
filter with a frequency response function h(1) =1 — A.

Proor. First, we have:
L=UAUT = Udiag(A1, A2, .... Amen)UL,

which means that L is a graph filter with a frequency response
function of h(1) = A.
Then, we have:

L=1-A

Suppose u; is the eigenvector of L corresponds to A;, the deriva-
tion is as follows:

Lu; = Aju; = (I — A)u; =u; — Au;.

So, we have:
Au; = (1 - A)u;,

which means that A and L have the same eigenvectors, and the
corresponding eigenvalues have the relationship:

()i =1- 14
where (14); is the i-th largest eigenvalue of A. Suppose:
Aq =diag((Aa)1, (A4)2, - (AA)mtn).
So, we have:
A=UAMUT = Udiag(1 = 21,1 =g, .1 = den) U7,

which means that A is a low-pass filter with a frequency response
function of h(1) =1 - A. O
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Figure 4: The proposed PGSP method. The personalized graph signal is constructed in the pre-processing step and input into
the augmented similarity graph, which promotes users’ potential interests.

To consider both general user preferences and personalized user
preferences, we superimpose a linear low-pass filter that smooths
signals locally on the basis of an ideal low-pass filter that smooths
signals globally in a certain proportion as follows:

H = (1 - ¢)7_(ideal + ¢A’ (7)

where ¢ is a hyperparameter that controls the ratio of the globally
smooth signal to the locally smooth signal.

4.3 PGSP Pipeline

In this section, we present how to combine the personalized graph
signal, the augmented similarity graph and the mixed-frequency
graph filter by proposing a pipeline named Personalized Graph Sig-
nal Processing which consists of pre-processing, graph convolution
and post-processing.

1) Pre-processing step. We first obtain the personalized interaction
matrix by Eq. (5). Then we normalize it to obtain the normalized
personalized interaction matrix as follows:

énarm = Rbﬂ, (8)

where D jj = 2y R; j is a diagonal matrix, and § < 0 is a hyperpa-
rameter. Eq. (8) means that the more users an item interacts with,
the more likely it is a popular item, and the lower ability to express
users’ personalized preferences.

2) Graph convolution step. We use the proposed mixed-frequency
graph filter to filter the normalized personalized graph signals to
get the filtered personalized graph signals:

ﬁnorm = ﬁnorm(]{ (9)

3) Post-processing step. We restore the predicted personalized
interaction matrix by multiplying D~#  then the last n columns are
intercepted as the predicted users’ preferences matrix:

R= (énormﬁ_ﬂ):ﬁn:s (10)

where :, —n : means to take all rows and last n columns of the matrix.
We illustrate how the PGSP method works through an example
as shown in Fig. 4. For simplicity, we use 1 to represent a strong
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Table 1: Statistics of the experimental data.

Dataset #User | #Item | #Interaction | Density

Gowalla 29,858 | 40,981 1,027,370 0.084%

Yelp2018 31,668 | 38,048 1,561,406 0.130%
Amazon-Book | 52,643 | 91,599 2,984,108 0.062%

node signal, and 0 to represent a weak node signal. Suppose user a
interacted with item 1, user b interacted with items 1 and 2, user
¢ interacted with item 3, and user a is the target user. There is a
strong similarity between the two connected nodes. User a is simi-
lar to user b because they both have interacted with item 1. Item 1
is similar to item 2 because they both have interacted with user b.
We first construct an augmented similarity graph as shown in Fig.
4(i), which includes not only the user-user similarity (the blue part)
and item-item similarity (the yellow part), but also the user-item
interaction information (the dashed line). In pre-processing, the
original interaction signal (1,0, 0) (indicating that user a has only
interacted with item 1) concatenates the similarity signal (1, 1,0)
(indicating that user a is similar to user b and himself/herself, but
dissimilar to user ¢) and becomes (1, 1,0,1,0, 0) (user a’s personal-
ized graph signal). The personalized graph signal is input into the
augmented similarity graph as shown in Fig. 4(ii). In graph convolu-
tion, with the proposed mixed-frequency graph filter, we obtain the
predicted signal, which is a combination of globally smooth signals
and locally smooth signals as shown in Fig. 4(iii). In this process,
on one hand, on the item-item similarity graph, the strong signal
of item 1 will be transmitted to item 2, causing the signal of item 2
to be strengthened. On the other hand, on the user-item similarity
graph, user b who is similar to user a has a strong signal, which
will promote the signal strength of item 2. User ¢ who is dissimilar
to user a has a weak signal, which will weaken the signal strength
of item 3. Our method makes the items that users like have a higher
intensity than those that users dislike. Finally, the predicted signal
is (0, 1,0), which means that the model will recommend item 2,
which may be the potential interests of user a because user b who
is similar to user a has interacted with it, to user a.
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Table 2: Performance comparison to state-of-the-art CF methods in recent two years. RI represents the relative improvement

between PGSP and the corresponding method.
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Dataset Gowalla Yelp2018 Amazon-book | Reported Avg RI
Method recall ndcg recall ndcg recall ndcg by recall ndcg
LR-GCCF [3] 0.1519  0.1285 | 0.0561  0.0343 | 0.0335  0.0265 [19] 54.88% 71.75%
ENMF [2] 0.1523  0.1315 | 0.0624  0.0515 | 0.0359  0.0281 [19] 45.79% 47.70%
NIA-GCN [29] 0.1726  0.1358 | 0.0599  0.0491 | 0.0369  0.0287 [29] [28] 40.65% 46.80%
LightGCN [11] 0.1830  0.1554 | 0.0649  0.0530 | 0.0411  0.0315 [11] 28.95% 32.89%
DGCEF [30] 0.1842  0.1561 | 0.0654  0.0534 | 0.0422  0.0324 [30] 26.94%  30.75%
NGAT4Rec [28] - - 0.0675  0.0554 | 0.0457  0.0358 [28] 30.27% 34.18%
SGL-ED [33] - - 0.0675  0.0555 | 0.0478  0.0379 [33] 26.86%  29.57%
DGCEF [16] 0.1891 0.1602 | 0.0703  0.0575 | 0.0476  0.0369 [16] 17.16%  19.95%
MF-CCL [19] 0.1837  0.1493 | 0.0698  0.0572 | 0.0559  0.0447 [19] 11.01% 13.36%
SimpleX [19] 0.1872  0.1557 | 0.0701 0.0575 0.0583  0.0468 [19] 8.47% 9.75%
UltraGCN [20] 0.1862  0.1580 | 0.0683  0.0561 | 0.0681  0.0556 [20] 3.70% 3.51%
GF-CF [27] 0.1849  0.1518 | 0.0697  0.0571 0.0710  0.0584 [27] 1.83% 2.61%
PGSP (ours) 0.1916 0.1605 | 0.0710 0.0583 | 0.0712 0.0587 - -

4.4 Comparison with GF-CF

As a GSP-based collaborative filtering method, GF-CF [27] is very
similar to PGSP, and has achieved excellent results in recommen-
dation tasks. However, GF-CF only uses user interaction signals
as input signals. In addition, GF-CF classifies various collaborative
filtering methods as filters with different frequency response func-
tions, without analyzing the role of high-frequency components
of observed signals. In contrast, PGSP depicts user interests more
accurately through the personalized graph signal containing richer
user information, and constructs an augmented similarity graph
containing more graph topology information, to more effectively
characterize user interests. We not only propose a mixed-frequency
graph filter to introduce useful information in the high-frequency
component of the observed signals by combining an ideal low-pass
filter and a linear low-pass filter, but also conduct an experimental
analysis on the influence of high-frequency information on recom-
mendation accuracy.

5 EXPERIMENTS

We conduct extensive experiments to evaluate our method. Specifi-
cally, we evaluate the accuracy of the PGSP method, and analyze
the effects of the personalized graph signal, augmented similarity
graph, and mixed-frequency graph filter.

5.1 Experimental Settings

5.1.1 Dataset. We use three public datasets to evaluate the recom-
mendation accuracy of our proposed method, including Gowalla,
Yelp2018 and Amazon-Book, released by the LightGCN work [11].
The statistics of the experimental data are shown in Table 1. For
each dataset, we randomly select 80% of the historical interactions
of each user to constitute the training set, and treat the remaining
as the test set. From the training set, we randomly select 10% of
interactions as the validation set to tune hyper-parameters.

5.1.2  Metrics. We use two popular evaluation protocols for top-N
recommendation [11]: Recall@K and NDCG@K with K = 20.

5.1.3 Baselines. We compare the proposed PGSP method with
three types of state-of-the-art methods in recent years as follows:
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e MF-based methods, whose basic idea is to represent users
and items in the same latent space with latent vectors, and
use dot products as the strength of interaction possible be-
tween users and items, including ENMF [2], MF-CCL [19]
and SimpleX [19].

o GNN-based methods, whose basic idea is to embed users

and items in the space by means of message transmission.

Each user and item has an embedding vector, and the dot

product is used to represent the interaction possibility of

different users and items. Including LR-GCCF [3], NIA-GCN

[29], LightGCN [11], DGCF [30], NGAT4Rec [28], SGL-ED

[33], UltraGCN [20] and DGCF [16].

GSP-based GF-CF method [27], which sums up different col-

laborative filtering methods, including those based on the

neighborhood, matrix factorization and graph neural net-
work, into low-pass filters with different frequency response

functions.

We only use these latest works for comparison, and the classic
baselines are omitted due to space limitations.

5.2 Performance Comparison

Table 2 reports the performance comparison results and the relative
improvement on each metric. Since the datasets partition and eval-
uation metrics of all compared baselines are consistent with our
method, we directly present the results reported in them, we can
ensure that we present the optimal performance of various methods
on the premise of fair comparison. The experimental setting of all
baselines can be found at https://openbenchmark.github.io/BARS
[38]. We have the following observations from the results:

e Compared with SOTA methods in recent two years, our
method has a significant improvement, especially in NDCG,
which shows that our method not only optimizes the recall
score, but also optimizes the ranking order.

e As a nonparametric method, PGSP is better than recently
proposed parametric methods with a large margin, especially
on Amazon-Book, a sparse dataset. This should be due to
sparse data in CF, in which the data-driven methods may
not work well.
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Figure 5: Effectiveness of high-frequency signals on three datasets. The x-axis is ¢, which controls the weight of the high
frequency (locally smooth but globally rough) information in the prediction signal. We can see that high-frequency signals can

help to improve accuracy in all three datasets.

e Our method is superior to GF-CF, which is also based on
GSP. This is because compared with GF-CF, our method uses
the augmented similarity matrix and the personalized graph
signal, and takes into account the role of high-frequency
information and the normalized matrix.

5.3 Effectiveness of High-frequency Signal

We construct different mixed-frequency graph filters by controlling
¢ to change the proportion of globally smooth signals that reflect
general user preferences and locally smooth but globally rough
signals that reflect personalized user preferences. The results are
shown in Fig. 5. We observe that the globally smooth signal filtered
only by the ideal low-pass filter (¢ = 0) is not optimal. The accuracy
can be improved by superimposing locally smooth signals filtered
by the linear low-pass filter in proportion. Specifically, on Gowalla
and Yelp2018, with the increase of locally smooth signals, the accu-
racy first increases and then decreases, and on Amazon-Book, the
accuracy keeps increasing with the more locally smooth signal.

The density of the datasets is related to the relative performance
increase obtained by adding high-frequency (locally smooth but
globally rough) signals. As mentioned earlier, the expression abil-
ity of sparse interaction signals is weak, so we introduce high-
frequency signals. According to this viewpoint, on more sparse
datasets, we should observe higher performance improvement due
to the introduction of high-frequency signals. In order to give a
more convincing conclusion, we carried out a new experiment and
added a dataset ML-IM [10]. The density of the datasets has such a
relationship: Amazon-Book (0.062%) < Gowalla (0.084%) < Yelp2018
(0.130%) < ML-1M (4.845%). Meanwhile, we conducted a 5-fold cross-
validation and reported the average results to avoid the deviation
caused by the dataset partition. We observed that compared with us-
ing only low-frequency signals, the relative improvements brought
by high-frequency signals are as follows: Amazon-Book (81.25%)
> Gowalla (17.89%) > Yelp2018 (4.47%) > ML-IM (0.79%), which
empirically confirmed our viewpoint. Since the recommender sys-
tem datasets are sparse in most realistic scenarios, we believe the
introduction of high-frequency signals is important.

5.4 Training Time Comparison

Different from the methods based on matrix factorization (MF) and
graph neural network (GNN), PGSP is a nonparametric method,
which does not require parameter learning, so it can achieve very
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Table 3: Training time comparison of three types of methods
on the Gowalla dataset. In ENMF and LightGCN, we show the
training time of one epoch, and they need multiple epochs
during training. In PGSP and GF-CF, we show the total time
required to complete model training,.

Method PGSP | ENMF | LightGCN | GF-CF
Running time 8m42s | 11m5s 69m40s 5m31s
Need multiple epochs X v 4 X

high training efficiency. We compare PGSP with MF and GNN-
based CF methods, and another GSP-based method GF-CF [27] in
Table 3. It should be noted that the methods based on MF and GNN
require multiple epochs to obtain a trained model. For ENMF and
LightGCN, we show the training time for only one epoch, and they
need to train multiple epochs until convergence. For PGSP and GF-
CF, we show the total time required to complete the model training.
It can be observed that the total time required to train PGSP is
even less than the time to train one epoch in MF and GNN-based
CF methods, which confirms the high efficiency of PGSP. Due to
the introduction of additional information, PGSPrequires a slightly
longer running time than the pure GSP-based GF-CF method.

6 CONCLUSION

In this work, we further promote the performance of GSP in CF
tasks. We establish the similarity relationship from the perspective
of random walk. Based on the proposed similarity, a personalized
graph signal with more personalized information is proposed to
describe users more accurately, and an augmented similarity graph
with more topology information is constructed to utilize the signal
more effectively. We reveal the importance of high-frequency sig-
nals in observed signals, and construct a mixed-frequency graph
filter to simultaneously use the globally smooth signal and the
locally smooth signal. Finally, the effectiveness of the proposed
method is analyzed through comprehensive experiments on three
public datasets.
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