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ABSTRACT

In dynamic interaction graphs, user-item interactions usually follow
heterogeneous patterns, represented by different structural infor-
mation, such as user-item co-occurrence, sequential information
of user interactions and the transition probabilities of item pairs.
However, the existing methods cannot simultaneously leverage all
three structural information, resulting in suboptimal performance.
To this end, we propose TriSIM4Rec, a triple structural information
modeling method for accurate, explainable and interactive recom-
mendation on dynamic interaction graphs. Specifically, TriSIM4Rec
consists of 1) a dynamic ideal low-pass graph filter to dynamically
mine co-occurrence information in user-item interactions, which is
implemented by incremental singular value decomposition (SVD);
2) a parameter-free attention module to capture sequential informa-
tion of user interactions effectively and efficiently; and 3) an item
transition matrix to store the transition probabilities of item pairs.
Then, we fuse the predictions from the triple structural information
sources to obtain the final recommendation results. By analyzing
the relationship between the SVD-based and the recently emerging
graph signal processing (GSP)-based collaborative filtering meth-
ods, we find that the essence of SVD is an ideal low-pass graph filter,
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so that the interest vector space in TriSIM4Rec can be extended to
achieve explainable and interactive recommendation, making it pos-
sible for users to actively break through the information cocoons.
Experiments on six public datasets demonstrated the effectiveness
of TriSIM4Rec in accuracy, explainability and interactivity.
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1 INTRODUCTION

Real-time modeling and prediction of user interactions are widely
used in recommender systems [13—-15, 31]. In most cases, we can
only observe the interaction data between users and items, which
may occur due to heterogeneous patterns according to the charac-
teristics of the applications. There are three types of key structural
information from the heterogeneous patterns: (1) co-occurrence in-
formation contained in user-item interaction graph, (2) sequential
information of user interactions and (3) item transition information
between item pairs. However, the existing methods do not make full
use of these three types of structural information. Sequential meth-
ods [18, 33] model users as a sequence of items, without explicitly
modeling the rich co-occurrence information between users and
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items. Graph-based methods [23, 41] directly model users on inter-
action graphs, but cannot model sequential information and item
transition information containing rich personalized information.

In this paper, we propose TriSIM4Rec — a triple structural in-
formation modeling method for recommendation, which can effec-
tively leverage all three kinds of structural information simultane-
ously to achieve accurate, explainable and interactive recommen-
dation. Specifically, we use singular value decomposition (SVD) to
mine co-occurrence information on the user-item interaction graph,
use a parameter-free attention mechanism to capture sequential
information in user interaction sequence, and construct item tran-
sition matrix to store item transition information. Moreover, we
use incremental SVD [2] to update TriSIM4Rec incrementally, and
model user interaction behavior in a parameter-free manner, which
makes TriSIM4Rec very efficient.

While providing convenience for users to access items, rec-
ommender systems may also place users in the information co-
coons [30], in which the users’ interactions could be significantly
affected by the exposure bias of the recommender systems [6], i.e.,
users passively select from the recommended items without having
sufficient freedom of exploring their diverse interests. To this end,
we extend TriSIM4Rec to an explainable and interactive recom-
mendation method by building an understandable latent space and
enabling controllable recommendations based on this latent space.

To achieve this, we first understand SVD from the perspective
of graph signal processing (GSP), and show that truncated SVD [9]
is equivalent to a low-pass graph filter. This means that the incre-
mental SVD used in TriSIM4Rec is essentially a dynamic low-pass
graph filter, which mines co-occurrence information in user-item
interactions in a dynamic manner. Specifically, we first show that
the collaborative filtering based on graph signal processing can be
implemented by SVD. Then, we understand SVD from the perspec-
tive of graph filtering, and show that SVD maps users and items
to a Fourier space defined by user similarity graph and a Fourier
space defined by item similarity graph respectively, and finally
maps users and items to the same Fourier space through scaling
transformation.

Following the above understanding, the decomposition of the
user-item interaction matrix using SVD can map users from the
item vector space to the interest vector space, where the item vector
space is a concept of spatial domain and the interest vector space
is a concept of the spectral domain from the perspective of graph
filtering. In the spectral domain, by controlling the proportion of
signals with different frequencies, users can control the proportion
of items representing different interests in the recommendation
results, and then customize their own recommendation results.

To analyze the performance of TriSIM4Rec, we conduct de-
tailed experiments on two recommendation tasks (future item rec-
ommendation and next interaction prediction), which show that
TriSIM4Rec can substantially outperform the state-of-the-art meth-
ods in accuracy while achieving high computation efficiency and
high robustness on very sparse data. Our ablation studies also con-
firm that all three kinds of structural information contribute to the
performance improvement of TriSIM4Rec. Moreover, we visualize
the explanations and interact with the recommendation models
through case studies, and the results show that TriSIM4Rec can
achieve satisfactory explainability and interactivity.
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The main contributions of this paper are summarized as follows:

o We propose TriSIM4Rec, an effective and efficient recommen-
dation method, which can improve the accuracy by lever-
aging the three types of structural information simultane-
ously and improve the efficiency by incrementally updating
a parameter-free model.

e We understand SVD from the perspective of graph signal
processing and show that truncated SVD is equivalent to
a low-pass graph filter. This connection enables the under-
standing of user interests in the spectral domain.

e We propose the concepts of item vector space in the spatial
domain and interest vector space in the spectral domain, and
extend TriSIM4Rec to an explainable and interactive method,
so that users can actively break through the information
cocoons by interacting with the recommendation model.

2 RELATED WORK

In this section, we introduce the work related to dynamic user
behavior modeling.

Sequential methods. One line of works regards the occurrence
of interaction events between users and items as a temporal point
process, and models the interactions through the intensity func-
tions [33, 44]. Wang et al. [35] model the co-evolving nature of users
and items through a co-evolutionary process. Shchur et al. [26] di-
rectly model the conditional distribution of inter-event times. Cao
et al. [3] incorporate topology and long-term dependencies into
the intensity function. The other line of works is based on the
recurrent neural network (RNN) [1, 5, 7, 18, 37, 43], which usu-
ally uses coupled RNNs to model users and items respectively. For
instance, DeePRed [16] employs non-recursive mutual RNNs to
model interactions.

Graph-based methods. Graph-based methods [21-23, 41] can di-
rectly model users and items on the interaction graphs. TDIG-
MPNN [4] models global and local information simultaneously.
DGCF [20] updates users and items through three mechanisms.
SDGNN [32] takes the state changes of neighbors into account.
MetaDyGNN [39] proposes a meta-learning framework for few-
shot link prediction. TREND [36] proposes a Hawkes process-based
graph neural network (GNN). FIRE [38] proposes a temporary infor-
mation filter to dynamically model users and items. IGE [40] gener-
ates embeddings with two coupled networks, and TigeCMN [42]
further incorporates memory networks.

3 METHOD

In this section, we first introduce the architecture of TriSIM4Rec,
and then introduce how TriSIM4Rec achieves incremental updates.

3.1 Architecture

The architecture of TriSIM4Rec is shown in Figure 1. By mining the
co-occurrence information, sequential information and item tran-
sition information in the user-item interactions, the co-occurrence
score, sequential score and transition score are obtained respectively,
and finally fused into the final score.

Problem description. Let user set be U = {uy, ug, ...,u|w|} and
item set be I = {iy, iy, ..., i1 }, where | - | is the number of elements
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Figure 1: The architecture of TriSIM4Rec.

in a set. Without loss of generality, we use u to represent a user
and i to represent an item when their indices are not concerned.
Each user-item interaction can be represented by a 3-tuple (u, i, t),
where t is the timestamp of the interaction. When there are
interactions in total, we can represent them as a sequence S0 =<
(u(l), i(l), t(l)), (u(z), i(z), t(z)), (u(T), i(T), t(T)) >. Now given
a user u, we need to predict which item that user u will interact
with in the 7 + 1-th interaction. The output of the model is an | |-
dimensional vector, and each dimension represents the possibility
of interaction between the user and the corresponding item.

Next, we will introduce how to use these three types of structural
information and how we get the final score in detail.

3.1.1  Co-occurrence Information. The co-occurrence information
means that users with similar interaction history will interact with
similar items in the future, which is the basic idea of collaborative
filtering [8, 17, 19, 25]. We construct a new user-item interaction
matrix to model co-occurrence information. When constructing
the interaction matrix, we introduce time decay to measure the
interaction score between users and items, so that the model can
focus more on the recent interactions. Let R(7) € RIUIXIZ| pe the
interaction matrix at t(T), then row u and column i of R(7) is:

2

(u,it)eS™)

RO [u,i] = or (), (1)

where o;(t) = exp{—f:(1 - t/t())} is the time decay function,
and f; is time decay coefficient. We normalize R(7) to mitigate the
popularity deviation [28, 29], and get the final interaction matrix
at t(7):

@
where diag(-) represents a diagonal matrix. The u-th element of
dg) € RI'Ul and the i-th element ofd}T) e R are:

R = diag(d\})) "R diag(d\")~1/?,

7] U]
di [wl = Y RO gl di” 1= RO )
Jj=1 j=1

Truncated SVD [24] can mine co-occurrence information for the
essence of truncated SVD is a low-pass graph filter, which will be
analyzed in Section 4. We obtain the low-rank approximation of
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R(® through truncated SVD: R ~xy@®3x@) (V(T))T, where
U = (uiT),ugr),...,ul(f)) e RIUIxk
(@) = diag((sfr),sy), ey s,(:))) € Rka,sl(T) > .. > SIET)’ (4)
v = (oir),vgf),..‘,vl(:)) e Rk,

sj(.T) is the square root of the j-th largest eigenvalue of R() (R(T))T
or (R(T))TR(T), u;T) and vJ(.T) are the eigenvectors of R(® (R(T))T

()

and (R(T))TR(T) corresponding to S; ,respectively, (j = 1,2, ..., k).

Then, we can obtain user embedding P(") and item embedding o
at t(0);

p(0) = U(T)(Z(T))l/z’ Q(T) — V(T)(Z(T))l/Z. (5)

We will see that P(7) will change smoothly with new interactions
occurring in Section 3.2, which is consistent with a user’s long-term
interests reflected by the interaction matrix. Thus, for a user u, we
define the u-th row of P(7) as the user long-term interests vector,
which is formally described as follows:

10 = PO [, ] e RXK, ©)

Similarly, Q(7) also changes smoothly with new interactions occur-
ring, which reflects the co-evolving nature of users and items [7, 35].

The co-occurrence scores of user u on all items at time t(*) can
be obtained as follows:

pel” =17 ()T e R, )

3.1.2  Sequential Information. User interaction sequence contains
rich personalized information, so we model sequential information
through attention mechanism [34]. The interaction sequence of
user u at t(7) is Slsr) =< (il(ll), t,Sl)), (il(lz), t,SZ)), i,(ln;), tl(ln;)) >,
where iy ) is the item id of the Jj-th interaction of user u, tL(,j ) is the
timestamps of the j-th interaction of user u, nj, is the number of
interactions of user u at time ¢(7). For a user u, we get her/his item
sequence embedding matrix by arranging the embeddings of items
she/he has interacted with in rows after time decay, represented by

ff) € R™*k Time decay plays the role of position embedding,
making the model pay more attention to recent interactions and
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focus on short-term interests. We model the short-term interests of
user u as follows:

() 19 (i
vk

Sy L

)0i” e RUK, ®)

= softmax(

Unlike the user long-term interests vector, sl(f) is a linear combi-

nation of items that a user has interacted with, which will change

. . . T
dramatically when new interactions occur, so we call s,(l )

term interests vector. The weight of the linear combination is related

1"

user short-

to the inner product of and each row of Q,(f), which means
that the more similar an item is to a user’s long-term interests, the
more it is to describe the user’s short-term interests. It should be
noted that the l,(f) and Ql(f) are obtained through SVD and are
in the same embedding space, which will be detailed in Section 4.
Therefore, there is no need for feature transformation, so there are
no learnable parameters in Eq. (8).

The sequential scores of user u on all items at time t(7) can be
obtained as follows:

()

pst =s,<f)(Q(T))T e Rl

©

3.1.3 Item transition Information. The item transition information
is not user-specific but statistical, reflecting the overall preference of
users. We construct a transition matrix to model the item transition
information. For any user u € U, we define the transition from
item i,(/) to item i as (i
j=1,2,..,nl, — 1. The element at the i;-th row and iz-th column

of the transition matrix T € RIZIXIZ1 at time ¢(7) is

T iy, ip] = Z Z

uel (7)
. u .
(i1,t1) = (iz,t2)

. . . S,(,T) . .
1SJ+1) in S,ST) 1(4})’1‘151)) Su (iz(fﬂ),t]gﬁl)),

oi(t1, t2), (10)

where o;(t1, t2) = exp{fi(t2 — tl)/t(T)} is the interval decay func-
tion, and f; is interval decay coefficient.

For a user u, we use the row corresponding to the item that the
user most recently interacted with in the transition matrix as the
transition score:

(7)
pr) =T [ ] e rIL (11)

3.1.4  Fusion for Final Score. The final score can be obtained by the
weighted sum of the three scores described earlier:

P = (1= A (1= A)pel” + AspsiT) + 2pt") e RIT (12)

where As is the short-term interests coefficient that controls the
ratio between short-term interests (sequential score) and long-term
interests (co-occurrence score), A; is the item transition information
coefficient that controls the weight of the transition score. Each ele-
ment of p,(f) represents the prediction score of interaction between
user u and the corresponding item at t(T+1),

3.2 Incremental Update

User interests usually change over time, which are reflected by
continuous interactions. Therefore, TriSIM4Rec needs to be updated
in real-time according to the recent interactions to capture the latest
interests of the users.
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Problem Description. For any user u, assume that we have ob-
tained pT(f), which will be used to predict which item that user u
will interact with in the 7+ 1-th interaction. Then, we have observed
the 7 + 1-th interaction event (u(7+1), i(7+1) +(t+1)) For the conve-
nience of description, we use u and i to refer to u(7t1) and i(7+1)
respectively, i.e., the new interaction is (u, i, t(”l)), and the last
item that user u interact with before ¢t (*+1) is ip with the interaction
timestamp fo. The task is to incrementally calculate pl(fﬂ).

In Eq. (12), the output pl(fﬂ) is the weighted sum of co-occurrence
score pcl(fﬂ), sequential score psl(fﬂ), and transition score ptl(fﬂ).
Next, we will introduce how these three scores are obtained.

3.2.1 The Update of Co-occurrence Score. In Eq. (6) and (7), the
update of pcl(fﬂ) depends on lffﬂ) and Q(7*1)  and II(fH) depends
on P("*1) In Eq (4) and (5), the calculations of P(*+1) and Q(7+1)
rely on truncated SVD to obtain Ut »(7+1) and v(7+1) first,
which is very time-consuming. Therefore, if we want to get pc,(fﬂ)
in real-time, we need a more efficient update algorithm to obtain
U(T+1), 2(r+1), and V(T+1).

For any matrix A® € R™ " if we have decomposed it by trun-
cated SVD, and get Uo, 294, and VX such that A ~ UXZ%(VX)T.
Then A° gets an increment matrix AA = ab" and becomes A! =
A% + AA, where a € R™ and b € R" are both column vectors. As
shown in Algorithm 1, incremental SVD [2] provides a fast cal-
culation method to get Ul Zi‘ and VA incrementally, in which
Al ~ UAZ}A(VA)T. We denote this update process by U}, 2114, VA —
iSVD(US, 3%, V9, a,b).

However, the increment matrix of interaction matrix AR(D) =
R — R(®) is a rank-2 matrix, which means that AR cannot
be expressed in the form of the product of two vectors. Therefore,
U™ 5+ and V(™1 cannot be obtained directly through
incremental SVD. As shown in Algorithm 2, to solve this problem,
we disassemble AR(?) into three rank-1 matrices as follows:

AR =M AT + AT 4 Ay - M THT, (13

where e” is a n-dimensional column vector, with only the j-th
dimension being 1 and the rest being 0, and Ay, A;, and Ay; are
obtained by line 3, 4, and 8 of Algorithm 2, respectively. Then we
execute the incremental SVD algorithm three times to get U(7*1),
Z(T+1), and V(T+1)'

Then, we can get P("*1), 0(7*+1) and ll(fﬂ) by following Eq. (5)

and (6), and get the updated co-occurrence score at t(7+1) ag:

pel =1 Q)T (14)

Algorithm 1: Incremental SVD [2]

Input: U?°, 2?4, VX, a,b

Output: U}‘, 214, Vfll
1me— (UY)Ta,p—a-UimP—|lp||"'p;
ane— (V) hqe=b-Vin Q—|lqll'g;

00 m n |’
K A ;
’ *[o o}*[npn] [||q||

4 Uk, 2k, Vi < the full SVD of K;
5 U}, 2L, V] « the first k columns of [US P]Uk, 2k, [V3 Q]Vk.
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Algorithm 2: Incremental update of U(T), Z(T), and V(¥

Input: 7, (" dD U™ 50 v©) (40, 17)
Output: R(7*D) dgn),dym’ U+ 5(z+1) y(z+1)
Update R(™) and get R"*V) though Eq (1);
Update dg), d;f) and get dgﬂ), d;”l) though Eq (3);
Ay — @7 [u] -dP [u]) - RO [u,-] 0d|”;
A — @i -7 ) - RO il ody)s
vu — @y [u] - d) [u]) - RO [w 1] - &7 [i];
yi = @V - dP 1) - RO [w,i] - dy [u);
Yui — dy ™ [u] - (RO [w, i) + 0, (¢170)) -7 [i] -
) [u] - RO [w,1] -7 [i];
8 Aui — Yui = Yu — Vi
o UL, v sy U™, 50, v M A,);
Ul(‘r+l)’ Z§T+l)’ VI(T+1) - iSVD(UO(TH)’ 2((JT+1)’ V()(TH)’ A;, e|I_I|);
U(r+1)’ Z(Prl)’ V(T+1) —
iSVD(Ul(TH)’ Zirﬂ)’ V1<T+1), e\gﬂ) Aui - e|iI| );

-

X

@

'S

=

N

<

10

11

3.2.2 The Update of Sequential Score. The incremental update of

l,(fﬂ) and Q(T”) has been introduced in Section 3.2.1, user short-

term interests vector sl(fﬂ) can be obtained by following Eq. (8).

Then, following Eq. (9), the updated sequential score at (741 g
(15)

3.2.3 The Update of Transition Score. The occurrence of new inter-
(7+1)
action (u, i, t(”l)) means that there is a new transition (ig, tp) —

(i, t(7*1). The update of the transition matrix is given as follows:
I I
T =T 4 6310, 1) - el (e, (16)
In Eq. (11), pt,(frl) is the i-th row of the transition matrix T(7+1).
Therefore, the transition score is updated as follows:

— T(T+1) [l, ]

PS1ST+1) _ 51<41+1) (Q(T+1))T-

(741)

Pty 17)

4 ANALYSIS

In this section, we first introduce the GSP-based collaborative fil-
tering method, and then analyze the relationship between the SVD-
based method and the GSP-based method. For the convenience
of description, we omit the superscript r when referring to the
current interactions.

4.1 GSP-based Collaborative Filtering

There are three steps to realize collaborative filtering through
GSP [27]: 1) construct the Laplacian matrix of item-item similarity
matrix RT R or user-user similarity matrix RR":

Li=I;)-R'R, Ly =I¢ —-RR, (18)

where I, is an identity matrix with size m X m; 2) calculate the
eigendecomposition of Ly or Ly, and construct the ideal low-pass
graph filter:

Fi=GG'", Fy=HH', (19)
where G € Rk and H e RIUIXK are matrices composed by
eigenvectors corresponding to the k smallest eigenvalues of Ly and
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Ly by columns, respectively; and 3) the predicted interaction matrix
is obtained by graph filtering:

Ry =RF; =RGG', Ry =FyR=HH'R. (20)

Eq. (20) means that the graph signal is first transformed to the
Fourier space, and then only the low-frequency part is retained and
is finally transformed back to the original space.

4.2 Relationship between SVD-based Method
and GSP-based Method

4.2.1 GSP-based Methods can be Implemented with SVD. The clas-
sical SVD-based methods calculate the low-rank approximation R
as follows:

R=pPQT =U3VT, (21)
where U, ¥ and V are defined in Eq. (4). Let p; be the j-th largest
eigenvalue of R"Ror RR" and p; satisfy 0 < p; < 1[27]. According
to Eq. (18), the eigenvalues of Ly and Ly are the same, and we use
®j to represent the j-th smallest eigenvalue of Ly or Ly;. Then, there
are the following conclusions: 1) pj+w; = 1 and 2) the eigenvectors
of Ly and Ly corresponding to w; are equal with the eigenvectors
of RTR and RR" corresponding to p;, respectively, (j = 1,2, ..., k).
Therefore, the following equation holds:

G=V, H=U. (22)
Thus, Eq (20) can be written as
Ry =RGGT =RVVT, Ry=HH'R=UU'R. (23)
A stronger conclusion is as follows:
UsVT =UUTR=RVVT. (24)

Therefore, we can conclude that the essence of truncated SVD is
an ideal low-pass graph filter. Further, the incremental SVD in
TriSIM4Rec is a dynamic ideal low-pass graph filter, which can mine
co-occurrence information by smoothing the interaction signals
dynamically.

4.2.2  Understanding SVD from the View of Graph Filtering. The
user embedding and item embedding in Eq. (5) can be written as
follows:

P=1qUs'? Q=1 vs'/2 (25)
Eq. (25) means that the essence of P and Q is to transform users’ and
items’ one-hot signals to the Fourier space defined by the user-user
and item-item similarity graph respectively, and then do scaling
transformation to transforms users and items to the same Fourier
space after omitting the high-frequency part. Fourier bases corre-
spond to different frequencies, and each dimension of users and
items in Fourier space represents their score in the corresponding
frequency component, so user embedding and item embedding
obtained by SVD has global structure information. This ex-
plains why SVD is effective in collaborative filtering tasks.

5 EXPLAINABILITY AND INTERACTIVITY

TriSIM4Rec can dynamically capture user interests, which can bet-
ter prevent users from being in the information cocoons [30] than
static methods. However, there are still concerns that users’ new
interactions suffer from the exposure bias [6] of the recommenda-
tion model. To alleviate the phenomenon of information cocoons,
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we extend TriSIM4Rec to an explainable and interactive method,
which makes it possible for users to break the cocoons actively. We
first propose the concept of interest vector space to introduce the ex-
plainability of TriSIM4Rec, and then analyze it from the perspective
of the spectral domain to introduce its interactivity.

5.1 Interest Vector Space

A core problem in modeling users is how to represent users. Without
side information, a basic assumption is that the interaction pattern
between users and items can completely depict users. An item vector
space is constructed in the spatial domain through R, in which each
user is represented by an n-dimensional vector (a row of R). Each
dimension of a user vector corresponds to an item, and its value is
the score of the user’s interaction with the item, that is, the weight
after time decay (Eq. (1)) and popularity deviation (Eq. (2)). In item
vector space, the similarity between two users is measured by the
co-occurrence pattern of the items they interact with.

The similarity between two users can also be reflected in the
similarity of their interests. A user has several interests, and each
interest can be expressed by a group of similar items. We can con-
struct the interest vector space through linear transformation, and
map users’ representation in the item vector space into the interest
vector space, where the linear transformation is embodied in the
form of SVD. As mentioned above, SVD maps users and items
to the same Fourier space, so P and Q have global structure
information, while items that can reflect similar interests
have a closer link structure on the graph, so SVD can mine
the interest-based relationship between users and items.

In TriSIM4Rec, we use P to represent users, each row of which
represents a user by a k-dimensional vector in the interest vector
space. Each dimension of the user vector corresponds to an interest,
and its value is the user’s preference for the interest. So, P can be
understood as the user-interest matrix, which describes the distri-
bution of users’ interests. Similarly, Q can be understood as the
item-interest matrix. It means that there are a total of k interests,
and each interest is defined as a n-dimensional vector, where each
dimension corresponds to one item. A larger value of a dimension in
the interest vector means higher importance of the corresponding
item in the interest.

Eq. (21) indicates that R can be approximated by the product of
the user-interest matrix P and the item-interest matrix QT, which
means that the reconstructed user vectors in item vector space
are a linear combination of k interest vectors, and the coefficient
is users’ representation in interest vector space. That is, a user’s
representation in the item vector space can be approximated by the
user’s vector in the interest vector space.

5.2 Frequency Analysis

The connection between SVD-based and GSP-based collaborative
filtering methods enables the understanding of user interests in the
spectral domain. The low-rank approximation R in Eq. (21) can be

written as a weighted sum of several rank-1 matrices:
R= Z’}=1 sjujo]. (26)

From the spectral domain, the essence of each rank-1 matrix is the
similarity between users and items at the corresponding frequency.
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Table 1: Statistics of the datasets. “Multiple” means that a
user can interact with an item more than one time.

Datasets | # Users # Items # Interactions Multiple
Video 5,130 1,685 37,126 X
Game 24,303 10,672 231,780 X

ML-100K 943 1,349 99,287 X

ML-1M 6,040 3,416 999,611 X

Wikipedia 8,227 1,000 157,474 v

LastFM 980 1,000 1,293,103 v

Therefore, the interest vector space is a concept in the spectral
domain, which means that a frequency in the spectral domain
corresponds to an interest in the interest vector space. So, Ris the
sum of different interests, and Eq. (26) disassembles the k interests.

If each user is able to change the weights of frequencies, where
each frequency corresponds to a certain interest and each interest
corresponds to a group of items, the users can actively control the
recommendation results to break the information cocoons through
an interactive recommendation.

5.3 Information Cocoons vs. Explainable and
Interactive Recommendation

Explainability is the premise of interactivity, otherwise, the users
cannot know the consequences of their efforts. The interest vec-
tor space allows us to explain the user representation in Fourier
space with user interest, so we first explore “what is the relation-
ship between signal frequency and user interest”. After that, users
can actively control the proportion of various interests to regulate
the recommendation results toward their desired directions. Fur-
thermore, user embedding is a user’s representation in the interest
vector space, which can express the user’s preferences in different
interest domains. So, we can find “how do users’ long-term interests

1

and short-term interests change dynamically” by analyzing and

sl(f) over time. We will explore these two RQs and “why is this item
recommended”, which is helpful to improve user satisfaction and

refine the recommendation algorithm, in the experiment section.

6 EXPERIMENTS

6.1 Settings

6.1.1 Datasets. We use the Amazon Video (Video), Amazon Game
(Game) [11], MovieLens-1M (ML-1M), and MovieLens-100K (ML-
100K) [10] for the future item recommendation task, in which a
user interacts with an item only once at most. We use Wikipedia
and LastFM [18] for the next interaction prediction task, in which
a user may interact with an item multiple times. We split the data
by time. The first 80% interactions are for training, the following
10% interactions are for validation, and the last 10% interactions
are for testing. The statistics of the datasets are shown in Table 1.

6.1.2  Metrics. We use MRR and HR@K to evaluate the performance
of models on the two recommendation tasks:

MRR= 3 ¥N 1

N & HR@K =g XN, fi(r).  (27)
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Table 2: Comparison on future item recommendation task.

Video Game  ML-100K ML-1M

HR@10 HR@10 HR@10 HR@10
LightGCN 0.036 0.026 0.025 0.029
Time-LSTM 0.044 0.020 0.058 0.033
RRN 0.068 0.029 0.065 0.043
DeepCoevolve 0.050 0.027 0.069 0.030
JODIE 0.078 0.035 0.074 0.035
CoPE 0.088 0.047 0.081 0.049
FreeGEM 0113 0050 0114 0053
TriSIM4Rec 0.149 0.052 0.200 0.161
Relative imp. (%) | 31.9% 4.0% 75.4% 203.8%

N is the number of interactions, r; refers to the predicted rank-
ing position of the ground truth item in the i-th interaction, and
fx(ri) = 1if r; < K and 0 otherwise. In this paper, we take K = 10.

6.1.3 Compared Methods. For the future item recommendation
task, we compare TriSIM4Rec with the following methods: (1) Light-
GCN [12], which is a classic collaborative filtering method based
on GNN, ignoring the time information. (2) RRN [37], which mod-
els user and item interaction sequences with separate RNNs. (3)
Time-LSTM [43], which proposes time gates to represent the time
intervals. (4) DeepCoevolve [7], which generates node embeddings
using two intertwined RNNs. (5) JODIE [18], which can further es-
timate user embedding trajectories, compared with DeepCoevolve.
(6) CoPE [41], which uses an ordinary differential equation-based
GNN to model the evolution of the network. (7) FreeGEM [21],
which devises an Online-Monitor-Offline architecture to model
users and items dynamically. For the next interaction prediction
task, we compare TriSIM4Rec with the other four methods: (1)
LatentCross [1], which is a sequential recommendation method
that incorporates contextual data into embeddings. (2) CTDNE [23],
which is a temporal network embedding method. (3) HILI [5], which
makes interaction information highly liquid to avoid information
asymmetry. (4) Last-10, which is an intuitive baseline that takes the
recent 10 items that a user interacted with as predictions.

6.1.4 Hyper-parameters Settings. The dimension k is searched in
the range of {64, 128, 256, 512}. The time decay coefficient ; and
interval decay coefficient f; are searched in the range of {0, 10, 20, 30,
40, 50}. The short-term interests coefficient As and item transition
information coefficient A; are searched in the range of {0.0, 0.1, ...,
1.0}. For all experiments, we report the results on the test set when
the models achieve the optimal results on the verification set.

6.2 Performance Comparison

6.2.1 Future Item Recommendation. We use this task to verify
whether TriSIM4Rec can accurately predict a user’s future inter-
actions based on the user’s history interactions, which is a typical
application of dynamic interaction graphs in recommender systems.
In this task, a user interacts with an item only once at most.

As shown in Table 2, TriSIM4Rec achieves better accuracy than
all compared methods on all datasets. Compared to all compared
methods, the main advantage of TriSIM4Rec is that it utilizes three
kinds of structural information simultaneously. Among all com-
pared methods, LightGCN performs the worst, because it is the only
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Table 3: Comparison on next link prediction task.

Wikipedia LastFM

MRR HR@10 | MRR HR@10
Last-10 0.792 0.842 0.139 0.263
Time-LSTM 0.247 0.342 0.068 0.137
RRN 0.522 0.617 0.089 0.182
LatentCross 0.424 0.481 0.148 0.227
CTDNE 0.035 0.056 0.010 0.010
DeepCoevolve 0.515 0.563 0.019 0.039
JODIE 0.746 0.822 0.195 0.307
CoPE 0.750 0.890 0.200 0.446
HILI 0.761 0.853 0.252 0.427
FreeGEM 0.786 0.852 0.195 0.453
TriSIM4Rec 0.813  0.881 | 0.346  0.512
Relative imp. (%) | 2.7% -1.0% 37.3% 13.0%

Table 4: Results of the ablation study. Note that A1 to A4
have covered all valid variants of TriSIM4Rec due to the
dependency between “C” and “S”.

c T s Wikipedia LastFM
HR@10 MRR | HR@10 MRR
Al X v X 0.858 0.804 0.451 0.321
A2 AR S { 0.771 0.555 0.341 0.151
A3 v /X 0.875 0.809 0.486 0.336
A4 v X v/ 0.869 0.708 0.374 0.177
TriSIM4Rec | v vV 0.881 0.813 0.512 0.346

static GNN model which cannot capture the dynamic characteristics
of the interaction graph.

6.2.2  Next Interaction Prediction. We use this task to verify whether
TriSIM4Rec can accurately predict users‘ next interaction accord-
ing to the historical interactions of users, which is a kind of user
behavior prediction problem. In this task, a user may interact with
an item multiple times.

The results are presented in Table 3. Since JODIE, CoPE, HILI,
FreeGEM and TriSIM4Rec can update models in test time, they sig-
nificantly outperform the other methods without test time training.
Interestingly, we found that most methods are not even better than
the baseline method — Last-10. The excellent results of Last-10
on Wikipedia are due to the repeated interactions between users
and items in Wikipedia. As users interact with the same item on
LastFM at a relatively lower frequency, Last-10 performs poorly, but
some methods still fail to outperform the performance of Last-10.
In addition, on LastFM, we noticed that the HRs of FreeGEM and
CoPE were improved by about 50% compared with JODIE, but their
MRRs were hardly improved. Fortunately, TriSIM4Rec has greatly
improved in MRR. TriSIM4Rec increases the HR by 13.0% compared
with FreeGEM, while the MRR increases by 37.3% compared with
HILI We will further explore the mechanism that affects HR and
MRR later in Section 6.5.1.

6.3 Ablation Study

As shown in Table 4, we use Al, A2, A3, A4 to refer to ablative
variants of TriSIM4Rec, “C”, “T”, and “S” to refer to co-occurrence
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Figure 2: The impact of amplifying the frequency correspond-
ing to the comedy.

information, item transition information, and sequential informa-
tion respectively, and check or cross marks indicate whether the
corresponding information exists. We can see that when one of
the co-occurrence information, item transition information and
sequential information is not adopted, the results are suboptimal,
which confirms the effectiveness of all three structural information.

Since the attention module of modeling sequential information
in TriSIM4Rec is based on user embedding and item embedding
obtained through modeling co-occurrence information, sequen-
tial information cannot exist without co-occurrence information.
Therefore, there is no valid variant of TriSIM4Rec besides A1 to A4.

6.4 Explainability and Interactivity

We discuss three RQs through case studies and statistics to validate
the explainability and interactivity of TriSIM4Rec. The experiments
are conducted on the ML-1M dataset.

6.4.1 RQI1: Why is This ltem Recommended? In Eq. (20), from the
perspective of graph filtering, the items that a user has interacted
with have strong signals (>0), while the items that the user has not
interacted with have weak signals (=0). As the recommended items
have not been interacted with by the user, they have low-intensity
signals before filtering, but after filtering, they are pulled up by the
items the user has interacted with. This means that the score of
each recommended item is only affected by the items that the user
has interacted with. Specifically, the score of each recommended
item is the sum of the similarity between the item and other items
that the user has interacted with in the interest vector space.

We take the most three similar items that a user has interacted
with as explanations based on the similarity of items in interest
vector space. Table 5 shows three recommendation results of user
1081 in three time periods, and three explanations corresponding
to each recommendation result. It can be inferred from the recom-
mendation results that this user prefers comedy movies in the early
stage, and sci-fi and war movies in the later stage. And each movie
as an explanation has been watched by this user before.

6.4.2 RQ2: What Is the Relationship between Signal Frequency and
User Interest? As shown in Table 6, we list the representative movies
of different interest domains, that is, three items with the highest
scores on the corresponding frequency. It can be seen that the
leading movie genre of the 3rd frequency is comedy, and the leading
movie genre of the 4th frequency is sci-fi and war. We amplify the
intensity of the 3rd frequency by 10 times and 100 times larger than
the original. Figure 2 shows the proportion of comedy, children’s
and other types of movies in the original recommendation results,
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Figure 3: The change of long-term interests and short-term
interests of user 1081 over time.

frequenc y

Figure 4: Impact of item transition information and co-
occurrence information on recommendation results.

and the proportion of three types of movies after two amplifications.
It can be seen that, after amplification, the proportion of comedy
movies increased in the recommendation results, and the children’s
movies also increased due to a high correlation with comedy. This
shows that users can control their own recommendation results by
controlling the weights of different frequencies.

The results of RQ2 show that users can clearly know what kind of
interest a certain frequency represents. When users are dissatisfied
with the default recommendation results, they can actively interact
with the recommendation model to regulate the recommendation
results toward their desired directions.

6.4.3 RQ3: How Do Users’ Long-Term Interests and Short-Term In-
terests Change Dynamically? Figure 3 shows how user 1081’s long-
term interests vector and short-term interests vector change over
time. Darker color means a higher score. It can be seen that the
user’s long-term interests change smoothly over time, while the
user’s short-term interests change dramatically over time. Through
the user’s long-term interests, we observe that: 1) the user has a
higher score on the 3rd frequency in the early stage, indicating
that she/he prefers comedy at this stage; and 2) the user has a
higher score on the 4th frequency in the later stage, indicating that
she/he prefers sci-fi and war movies at this stage. The observation
is consistent with the analyses in RQ1 and RQ2.

6.5 Sensitivity, Efficiency and Robustness

6.5.1 Impacts of Co-occurrence and Item transition Information. We
conduct this experiment on LastFM. Firstly, we calculate the ratio

for the results of each group of hyper-parameters:
ratio = MRR/HR. (28)

Then we group the results by A; and calculate the mean value and
the standard deviation of ratio of each group. As shown in Figure
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Table 5: Recommendation results and explanations of user 1081 for different time periods.

Period 1 Period 2 Period 3
Recommended 1 Modern Times The Shawshank Redemption Edward Scissorhands
Explain 1-1 You Can’t Take It With You Evita Who Framed Roger Rabbit?
Explain 1-1 Mary Poppins Inherit the Wind The Deep End of the Ocean
Explain 1-3 Manhattan The Great Race The King and I
Recommended 2 | Back to the Future Part II Modern Times The X-Files: Fight the Future
Explain 2-1 A Simple Plan You Can’t Take It With You Brokedown Palace
Explain 2-2 Philadelphia Mary Poppins The Lost Weekend
Explain 3-3 Babe Manhattan Heavenly Creatures
Recommended 3 Gattaca The X-Files: Fight the Future Saving Private Ryan
Explain 3-1 The Lost Weekend Brokedown Palace Entrapment
Explain 3-2 Heavenly Creatures The Lost Weekend Inherit the Wind
Explain 3-3 The Crying Game Heavenly Creatures The Big Sleep

Table 6: Leading movies with different frequencies (domains of interest).

Frequency The 1st leading movie The 2nd leading movie The 3rd leading movie
1 Laura Murder, My Sweet Duel in the Sun
2 The General’s Daughter Double Jeopardy Austin Powers: The Spy Who Shagged Me
3 Austin Powers: The Spy Who Shagged Me A Bug’s Life Doctor Dolittle
4 Star Wars V Star Wars IV Star Wars VI
5 While You Were Sleeping Sleepless in Seattle My Best Friend’s Wedding
6 Erin Brockovich American Beauty American Pie
7 Annie Hall Chinatown Casablanca
8 Midaq Alley (Callejon de los Milagros, El) In God’s Hands Return with Honor

Table 7: Running time comparison.

Wikipedia LastFM
JODIE 7m13s (per epoch) 221m48s (per epoch)
CoPE 106m52s (per epoch)  1,471m2s (per epoch)
FreeGEM 11m31s 51m56s
TriSIM4Rec 19m31s 99m15s

4, the blue line is the mean value, and the light blue shadow is the
triple standard deviation.

With the increase of A;, item transition information will increase
and co-occurrence information will decrease, we find that the ratio
will increase. This means that item transition information is more
conducive to the rise of MRR, a ranking-related metric, while co-
occurrence information is more conducive to the rise of HR, a
recall-related metric.

6.5.2  Running time. We use the next interaction prediction task
to study the efficiency of JODIE, CoPE, FreeGEM and TriSIM4Rec.
JODIE and CoPE both need to run multiple epochs and choose
the best-performing model on the validation set as the optimal
model. We measure the time it takes to run a single epoch and
their total running time should multiply by a constant. As shown
in Table 7, The efficiency of TriSIM4Rec is much higher than that
of JODIE and CoPE. Compared with FreeGEM, the efficiency of
TriSIM4Rec is worse due to 1) the introduction of item transition
information and 2) we update user embedding and item embedding
more accurately by disassembling a rank-2 matrix into three rank-1
matrices. Although these operations increase the time complexity,
they also improve the prediction accuracy significantly.

6.5.3 Robustness Studies. For the next interaction prediction task,
we change the proportion of the training set to verify the robust-
ness of TriSIM4Rec in different levels of data sparsity. We change
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Figure 5: Robustness analysis of TriSIM4Rec.

the percentage of the training set from 10% to 80%, the next 10%
interactions after the training set as the validation set, and next the
10% interactions after the validation set as the test set. The results
are shown in Figure 5, in which we can observe that the accuracy
of TriSIM4Rec is almost unaffected. This experiment demonstrates
that TriSIM4Rec has strong robustness to the scale of training data.

7 CONCLUSION

In this paper, we propose TriSIM4Rec to solve the recommendation
tasks on the dynamic graph by using three types of structural
information in user-item interaction data. Incremental SVD enables
TriSIM4Rec to dynamically and incrementally model users and
items. Then, we analyze the relationship between the classical SVD-
based and the recently emerging GSP-based collaborative filtering
algorithms. Finally, we extend TriSIM4Rec to an explainable and
interactive recommendation method. Extensive experiments on
various datasets demonstrate the effectiveness of TriSIM4Rec.
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