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Abstract

Item representation is a significant building block of recommender sys-
tems (RSs). Most existing methods are based on the inherent features of
the item, such as its type, shape, and color. In this paper, we propose
a new perspective to characterize items by building ideal user groups
(IUGs). We define the IUG as the most suitable user group for an item,
such as athletes are the IUG of fitness equipment. The construction
of an IUG begins with separating user groups according to every sin-
gle demographic attribute (gender, occupation, etc.), such as male or
female groups by gender attribute. Subsequently, we calculate the aver-
age rating of each group based on historical records. The next step is
to compare the average ratings of different attribute values for the same
attribute (e.g., male and female in gender) of the demographics. Mean-
while, we employ Bayesian averaging to address the issue of certain user
groups having fewer members but stronger preferences to achieve a fair
comparison. Finally, we combine the attribute values corresponding to
the group with the maximum average rating of each attribute to obtain
the demographics of an IUG, such as female students in their 20s. To
validate the effectiveness of the IUG, we propose an IUG-based neural
Collaborative Filtering model. Experiments are taken on two real-world
datasets in comparison with nine state-of-the-art methods. Results show
that the application of the IUG is effective in terms of two metrics.

Keywords: Collaborative filtering, Data mining, Demographic information,
Item representation, Recommender systems
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1 Introduction

In the era of information overload, recommendation algorithms must exten-
sively explore user preferences and item features to make highly effective
recommendations. Rating records and item features are the most commonly
used in feature mining [1]. Existing methods for representing items focus on
the inherent features of items, especially recommendation algorithms that rely
on knowledge graphs to model the high-order connectivities [2–5]. Taking a
movie as an example, as shown in Fig. 1a, “My Neighbor Totoro” is gener-
ally described as a fantasy and adventure animation movie released in Japan
in the 1980s. The core of existing recommendation algorithms using item fea-
tures is to infer whether a user will like new similar items based on the user’s
history [6, 7]. Actually, each item has a ideal target customer in real-world.
Clothing and shoes, for example, are divided into “casual” and “sports” cat-
egories for different customer groups, while movie and game fans are likewise
divided into several groups. Therefore, we propose a new perspective to repre-
sent items, which aims to explore to which user groups an item is most suitable
to be recommended, as shown in Fig. 1b. We describe the movie “My Neighbor
Totoro” as the most suitable movie for female undergraduate students aged
18–24 living in Shenzhen.

(a) Common method (b) Our method

Fig. 1: Comparison of our method with commonly used methods in describing
and recommending movies. (a) The movie is described by genre, language, and
other information. (b) The movie is described as best suited for a user group
with certain demographics.

In this paper, we define the above-mentioned user group that is most suit-
able for a item as the IUG of this item. The most significant distinction between
IUG and traditional item features is that traditional item features such as
shape and genre are fixed, whereas IUG is dynamically composed from the
item’s past rating records. We explain why IUGs are composed rather than
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Fig. 2: The difference between the ideal user and real users.

Table 1: An example of the rating of item j by five users in each of four
different user groups.

User group
Demographics Rating on item j

Gender Age Occupation u1 u2 u3 u4 u5

Group1 Female 26 Student 5 3 2 5 3
Group2 Male 19 Programmer 5 5 3 4 5
Group3 Female 20 Student 5 4 5 1 4
Group4 Female 25 Programmer 2 1 4 3 2

selected in Fig. 2, and the combination process of IUGs is as follows. From the
rating records, we extract the historic users of all items and classify them by
demographics. Historical rating records are also utilized as weights to evaluate
how much each demographic likes the item. We also use Bayesian averaging to
cope with the problem of the small number of users with certain demographic
characteristics in order to provide a fair comparison. Afterwards, we get demo-
graphic characteristics that are most likely to prefer the item from its previous
raters. In Table 1, we present four different user groups, each with five users
selected. Table 2 depicts the process of building the IUG of item j as a run-
ning example. Based on the average ratings, “Male”, “18-24”, and “Student”
are chosen as the demographic characteristics of the IU of item j. Notably, the
combination of the column of “Winner” in Table 2 does not exist in the four
user groups in Table 1. The demographics of the IUG consist of multiple ideal
values, unlike those of the real user, whose demographics are integral.

Collaborative filtering (CF) mines collaborative information through user-
item interactions and similarity between users or items [8–10]. Item-based
Collaborative Filtering (ICF) stands out for its simplicity and interpretabil-
ity [11]. The key to ICF is calculating the similarity between items, since ICF
assumes that users will prefer items that are similar to historical interaction
items. Based on the above point, we assume that an item will be preferred
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Table 2: A running example of generating the IU from the examples in Table
1, where the last column Winner represents the demographic characteristics
of the IU.

Attribute Value Average rating Winner

Gender
Male 4.4

Male
Female 3.3

Age
18-24 3.8

18-24
25-34 3.1

Occupation
Stdudent 3.7

Stdudent
Programmer 3.5

Fig. 3: Differences between traditional collaborative filtering and our
approach. On the left is traditional collaborative filtering, and on the right is
our collaborative filtering idea.

by users who have similar demographics to the user group that likes the item
the most. However, traditional CF methods may generate unreasonable rec-
ommendations due to the similarity between items, as shown on the left of
Fig. 3. The ICF does not take demographics into account and only makes rec-
ommendations based on similarities in preferences, such as beer that might
be recommended to minors. Our proposed perspective constructs a user group
showing the strongest preference for an item based on the historical records
of the item, which we call the IUG. As shown on the right side of the Fig. 3,
we use the similarity of demographics between the user and the IUG for col-
laborative filtering. It makes items be recommended to a user who has similar
demographics to the IUG of the item. Obviously, the current IUG of the item
shows the strongest preference for the item compared to other user groups.

We model the demographics of the current user before recommending them.
The one-hot encodings of all demographics, users, and items go through an
embedding layer that projects the sparse representation to dense vectors. Then
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match them with embeddings of the IU of items that have not interacted
with the current user. Figure 4 is an example of the recommended process.
It shows that an 18-year-old female student is matched with three IUs from
three different movies. The recommendation list is ranked by the degree of
matching between the user and the IUs, and the movie “The Witch” is at the
top of the list since IU’s demographics have exactly matched with an 18-year-
old female student. A user’s interaction with the IU of an item is modeled
as the inner product of their latent vectors. Thereafter, the user embedding,
item embedding, and the results of the inner product are combined as the
multi-layer perceptron (MLP) input through embedding operations.

Fig. 4: A toy example of generating recommendation list for a user.

We summarize the contributions as follow:

• To the best of our knowledge, this is the first time the concept of IUG has
been proposed in collaborative filtering. It offers a fresh viewpoint on item
modeling and avoids the cold-start problem.

• We propose IUG-CF, a novel neural collaborative filtering model for
constructing IUGs. It takes into account item popularity in different demo-
graphics and recommends items to users who have similar demographics to
the IUG of items.

• To the widely used pair-wise log loss function, we add a regularization term
produced by substracting demographic embeddings of the IU and the real
user. In the experimental results of the internal comparison, we illustrate
the effectiveness of this regularization term.
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The rest of the paper is organized as follows. Section 2 introduces related
work. Section 3 details our IUG-CF model. In Section 4, we report our results
and discuss the effects of various parameters. At last, Section 5 draws the
conclusion of this paper.

2 Related Work

2.1 Demographic-based Recommendations

The demographic information of users can be a valuable resource for developing
recommendation algorithms via data mining [12], and it can have a significant
impact on RS performance [13, 14]. Hence, in some fields (e.g. movies and
music), the user’s own demographic characteristics should be taken into consid-
eration [13]. Demographic-based recommenders utilize the user’s demographic
information (e.g. age, gender, occupation, etc.) [15]. It assumes that users with
similar demographics will rate items similarly. Researchers have looked into
combining demographic data with real-time data from social platforms [16, 17].
Other researchers use certain demographics to segment user profiles or enrich
the neighborhood set of users [18]. The selection of demographic features has
been proven to have an impact on recommendation performance [19].

Besides, the cold-start problem is a well-known issue with RS [20]. As far
as we know, a lot of research has been done on using demographic data to try
to address the cold-start problem [15, 18, 21].

2.2 Deep-Learning Based Recommendations

Since deep learning (DL) has grown increasingly popular in RS, numerous
state-of-the-art recommendation models employ it. The deep neural network
(DNN) is the most widely used DL method due to its capability to model more
complex features of items [22–24]. In matrix factorization (MF), latent fea-
tures of items are represented by row vectors of one of the submatrices [25, 26].
A weakness of MF is that it uses a simple linear factorization, which makes
it difficult to model complex features. NeuMF [27] proposes a framework that
combines the linearity of MF and the non-linearity of DNN for learning the
high-order matching functions. Following that, several papers investigated the
employment of neural networks in RSs [28, 29], such as NNCF [30] integrated
neighborhood information into the NeuMF model. However, the limitation of
NeuMF is that the inner product of feature vectors can not learn the asso-
ciation between user and item embeddings. More features are also used to
characterize users or items in DL-based models. RCF [29] employs several
MLP networks to learn the item latent vector through relation types and val-
ues between items. J-NCF [28] integrates deep feature learning of items and
modeling of deep interactions between users and items Furthermore, several
papers incorporate graphs [31] or neighborhood information [30] into neural
CF models.
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3 The Method

This section introduces the problem definition as well as the model’s overall
flow. The proposed model, IUG-CF, is made up of two parts: building IUGs
of all items based on historical user-item interaction records and generating
the recommendation list based on demographic information matching. Figure
5 shows the overall process of the model.

3.1 Problem Statement

Taking the MovieLens-1M [32] dataset as an example, three attributes of age,
gender, and occupation are used to describe users. Each user has their own
values for these attributes. So we represent a user as a set containing all the
attribute values of their demographic information. We define a user as:

Definition 1 User i is defined as a set of ui = {p1, p2, . . . }, where p denotes the
value of demograpic attributes. For example, u1 = {“Male”, “24”, “Student”}, which
means that user No. 1 is a 24-year-old male student.

Table 3 shows the main notation we use in this paper.

Fig. 5: Overview of the IUG-CF model.

3.2 Ideal User Building

The first purpose of IUG-CF is to build the IUG. Each user u′ in these groups
has an ideal demographic derived from users who have rated the corresponding
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Table 3: Notations.

Notation Meaning

I,J the set of users and items
Ij the set of users who have rated item j

Ip

j
the set of users with value p who have rated item j

Ji the set of items rated by user i

P the set of all demographic values
Pq the set of demographic values of attribute q ∈ Q
Pj the set of demographic values that belong to the ideal user group of j
Q the set of demographic information attributes
R the set of user-item interactions
U ′ the set of all IUs
pj the embedding for item j ∈ J
qi the embedding for user i ∈ U
dp the embedding for value p ∈ P
a the extension of the number of users
cj the average rating of item j

c
p

j
the average rating of item j on demographic value p ∈ Q

rij the user i’s rating of item j

sij the similarity of user i and the IU of item j

ui the demographics of user i

u′

j the IU of item j

item highly. Therefore, we begin our work with user ratings. Typically, to
compare the popularity of items side-by-side, an average rating is used, which
accumulates the ratings and divides them by the number of raters. The formula
for calculating the average rating of item j is as follows

cj =

∑
i∈Ij

rij

|Ij |
, (1)

where Ij is the set of users who rated item j, and rij represents user i’s
rating of item j. We can express the rating an item receives more granularly
since each user has unique demographic information. Taking gender as an
example, the average rating of a movie can be divided into two parts. We
use cmale

j and c
female
j to represent the average rating of movie j by users of

the two genders, respectively. Obviously, Pgender = {“male”, “female”} and
Pgender ⊂ P. The average preference rating of item j on demographic value
p ∈ P can be formulated as

c
p
j =

∑
i∈Ij

rij ·B(p ∈ ui)

|Ipj |
, (2)

where Ipj is the set of users with demographic value p who have rated item j,
and the function B(·) is defined as

B(x) =

{
1 (x = True);

0 (x = False).
(3)
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Table 4 shows that there are just 21 female audiences for the No. 100 movie.
Although it’s possible that none of the 21 audiences are lawyers, we can’t rule
out the possibility that female lawyers will watch this movie. We approach
the selection of the demographics of IUG as a probabilistic issue. As a result,
we smooth the mean of the ratings for each demographic value via Laplace
smoothing [33, 34]. The average rating of a movie j at each demographic value
p ∈ Pq can be expressed as

c
p
j =

∑
i∈Ij

rij ·B(p ∈ ui) + 1

|Ipj |+ |Pq|
. (4)

Table 4 and Fig. 6 indicate that we still have another issue to address. How
can we compare average ratings fairly when there is such a large difference
in the number of ratings? In the first case, Table 4 shows that there are 620
more male users who rated the No. 10 movie than female users, although the
difference in average rating is quite modest. Obviously, when the same number
of additional audiences are added, the average rating of a movie swings higher
among women. It would be unfair to compare average ratings directly because
there are nearly four times as many male users as female users. In the second
case, the male audience for the No. 500 movie is twice as large as the female
audience, although the male audience’s average rating is slightly lower than
the female audience’s. It is hard to determine whether the movie is more
appropriate for males or females. Therefore, we need a rational way to judge
what the gender of the IUG should be.

To address this challenge, we apply the Bayesian averaging [35], which is
used for movie ranking on the IMDB 1. Its fundamental idea is to increase
the number of ratings for each movie. The number of ratings added equals the
average number of times all movies have been rated, and the value of each
rating is the average rating of all movies in IMDB. In our work, we compare
the average ratings of the same movie for different demographic attributes.
Therefore, the comparison of movie ratings is translated into a comparison of
average ratings between demographic characteristics. For each demographic
attribute, we assign a distinct extension, which can be expressed as:

a
q
j = γ

|Ij |

|Pq|
, (5)

where the γ is a coefficient that regulates the amount of user expansion. It
overcomes the problem of women rating movies being several times lower than
men. Now the average rating of the movie j over the demographic value p ∈ Pq

can be expressed as

c
p
j =

a
q
j × cj +

∑
i∈Ij

rij ·B(p ∈ ui) + 1

|Ijp |+ a
q
j + |Pq|

, (6)

1https://www.imdb.com/

https://www.imdb.com/
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Table 4: Views, rating mean, and rating variance across two genders for four
movies in Movielens-1M.

Movie index Demographic Count Mean Std

1 Male 1486 4.131 0.847
Female 591 4.188 0.866

10 Male 754 3.553 0.882
Female 134 3.470 0.939

100 Male 107 3.159 0.943
Female 21 2.571 0.925

500 Male 580 3.369 0.965
Female 258 3.535 1.025

where a is an extension of the number of users who have rated, and cj is the
average rating of the movie j. In Section 4.3, we verified the effectiveness of
this approach.

To characterize the popularity of an item among distinct user groups, we
treat each attribute as a separate dimension. We can use the set Cj to represent
the popularity of item j on different demographic attributes as

Cj = {c(j,q1), c(j,q2), . . . , c(j,qn)}, (7)

where q ∈ Q is one of the attributes of Q, n = |Q|, and c(j,qi) is a vector
expressed as

c(j,qi) =
(
c
p1

j , c
p2

j , . . . , c
pm

j

)
, (8)

where p ∈ Pq, m = max
q∈Q
|Pq|. For demographic attributes with fewer number

of values, we fill the matrix with zeros. In other words, each c(j,q) describes
the distribution of users who prefer item j over the dimension of attribute q.
We define a function M(·) to find the demographic value p′ with the highest
preference for the item, as follows

M(c(j,qi)) = max
p∈Pqi

c
p
j = p′i. (9)

We define a triple to express our thoughts more directly as follows:

Definition 2 A triple is defined as 〈j, q, p′〉 to express one of the demograph-
ics p′ ∈ Pq that the IUG of item j should have. For example, the triple
〈“Hulk”, “Gender”, “Male”〉 indicates that the movie “Hulk” is most popular with
men in terms of gender attributes.

As a result, we build the IU of item j and express it in the form of Definition
1 as follows

u′
j = M(Cj) = {p

′
1, p

′
2, . . . , p

′
n}, (10)

where n is the length of set Q.
In (10), each pi ∈ Pqi , qi ∈ Q. ∀qg, qh ∈ Q, s.t. Pqg

⋂
Pqh = ∅, and

Pq1

⋃
Pq2

⋃
· · ·

⋃
Pqn = P.
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For example, the IU of the “Hulk” can be expressed as u′
Hulk =

{“Male”, “19− 24”, “Student”}.

3.3 User/Item Modeling

It is feasible to embed all objects into a common low-dimensional space while
preserving the neighborhood closeness of the network data, which helps to
alleviate the sparsity problem in network data [36]. Therefore, we replace tra-
ditional one-hot encoding with an embedding technique to encode users and
items and denote the user i and the item j as pi and qj , respectively.

The demographic information of each user is unique. Similarly to (10), a
common user i can be expressed as follows

ui = {p1, p2, . . . , pn}. (11)

Likewise, we encode all demographic values p ∈ P by using embedding tech-
niques in order to characterize the features of users. Each embedding dp

corresponds to a demographic value p ∈ P.
Considering that the number of users and items is much larger than the

number of demographic values, we set different embedding sizes for item-
s/users and demographic values. Experiments in Section 4.4.2 demonstrate the
effectiveness of setting different embedding sizes.

3.4 Calculate Preference Score

For demographic information, we utilize the element-wise product and use the
Sigmoid activation function to modeling latent structures between the current
user and the IU. Then we accumulate the result of the element-wise product:

mij =

|Q|∑

g=1

σ(dpg ⊙ dp′

g ), (12)

where ⊙ means the element-wise product, σ is the sigmoid function, dp is the
embedding of demographic value p, pg ∈ ui, and p′g ∈ u′

j .
For the embedding of users and items, it is an efficient and intuitive way

to combine the embeddings of an item and a user through connections [37,
38]. However, simple vector concatenation fails to account for latent features
between users and vectors [27]. To better use implicit features and explore the
relationship between users and items, we use a standard MLP to learn the non-
linear interaction function. Therefore, the preference score between the user i
and item j can be calculated as

ŷij = MLP (pj ⊕ qi ⊕mij), (13)

where ⊕ denotes the vector concatenation, the pj is the embedding of item j,
and the qi is the embedding of user i. More definitely, an x-layer MLP can be
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shown as

ϕ1 = α1(W
⊤
1 (pj ⊕ qi ⊕mij) + b1),

ϕr+1 = αr+1(W
⊤
r ϕr + br),

ŷij = σ(h⊤ϕx−1),

(14)

where Wr, br and αr are corresponding to the weight matrix, bias vector and
activation function for the r-th layer, respectively. And h is the vector that
projects the final result of the hidden layer into the preference score. It should
be noted that we add a dropout layer between each MLP hidden layer to
prevent overfitting. The Rectifier (ReLU) function is chosen as the activation
function. Additionally, at the output layer, we use the sigmoid function (σ in
(14)) to map the preference scores to the range of [0,1]. This not only shows
the probability of the user selecting an item, but it is easier to apply to the
loss function.

We represent the similarity of the user and the IUG through the distance
between their embeddings. The similarity sij of user i and the IU of item j is
expressed as:

sij = Ave(

n∑

g=1

σ(dpig − dpjg )), (15)

where n is the number of demographic attributes and the Ave(·) function
divides the l1-norm of a vector by the dimension of the vector:

Ave(x = [x1, x2, . . . , xn]
⊤) =

|x1|+ |x2|+ · · ·+ |xn|

n
. (16)

We expect that the closer the value of s is to 0, the higher the adjustment
weight. Therefore, we project the similarity s ∈ [0, 2] to the appropriate interval
and adjust the ŷ obtained by (14) as the weight:

ỹij = ŷij
1

esij
, (17)

in order to make users who better match the IUG of the item have a higher
preference score for the item.

3.5 Model Learning

Items that are highly rated by users are referred to as “positive” items, while
items that are not rated by users are referred to as “negative” items. To focus
on the binary properties of the implicit data, we adopt a probabilistic approach
to learning the model [27]. We adopt the loss function as:

L = −
∑

(i,j)∈W

log ỹij −
∑

(i,k)∈W−

log(1− ỹik), (18)
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where i, j and k represent user i, a positive item j, and a negative item k,
respectively. And W and W− are the following sets, respectively:

W = {(i, j)|i ∈ I ∧ j ∈ Ji}, (19)

W− = {(i, k)|i ∈ I ∧ k ∈ J \ Ji}, (20)

where Ji is the set of items rated by user i, and J is the set of all items.
Furthermore, in order to make the distance between the embedding of users
who rated highly and the embedding of IUG closer, we added a special regular
term to the loss function. We use the difference between the current user and
the IU of item j as the regular term:

wij =

n∑

g=1

(dpig − dpjg ). (21)

We combine (18) and (21), and the new loss function obtained is:

L =−
∑

(i,j)∈W

(log ỹij − λ||wij ||1)

−
∑

(i,k)∈W−

(log(1− ỹik) + λ||wik||1)
(22)

where the λ is the regularization coefficient. We compare the effects of l1-norm,
l2-norm, and removing w on performance in Section 4.3.2.

The IUG-CF model is implemented in Python 2 using Keras 3 and Tensor-
flow 4 and optimized by the Adaptive Moment estimation (Adam) optimizer
[39] with a 0.001 learning rate. In Section 4, we compare the effects of different
embedding sizes, hidden layer lengths, and output layer dimensions on model
performance. The training procedure of IUG-CF is illustrated in Algorithm 1.

4 Experiments

In this section, we show the experiments of the IUG-CF model on two datasets.
Our experiments aim to answer the following four research questions:

RQ1: How does IUG-CF perform compared with existing methods?
RQ2: How do the regularization term and the method of building the IU

affect the model performance?
RQ3: How do the parameters affect IUG-CF performance?
RQ4: How does the number of hidden layers affect performance?
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Algorithm 1 Learning algorithm for IUG-CF

Input: R: user-item interaction set; D: demographics of all users; η: learning
rate; λ: regularization coefficient; γ: expansion coefficient; Epochs: training
iterations;

Output: Θ: all parameters in the model;
1: Initialize all parameters in Θ;
2: for j ∈ J do ⊲ Generate the ideal user
3: for q ∈ Q do

4: for p ∈ Pq do

5: c
p
j ← use (6) with R,D, and γ;

6: end for

7: end for

8: Generate the IUG via (7) - (10);
9: end for

10: U ′ ← all IUs;
11: for epoch in range(Epochs): do
12: ỹij ← use (12) - (17) with U ′ and D;
13: wij ← use (21) with U ′ and D;
14: L ← use (22) with ỹij , wij , and λ;
15: Use Adam with learning rate η to optimize the parameters;
16: end for

17: return all parameters in Θ;

Table 5: Dataset statistics. |Ij | and |Ji| represent the average actions of
users and the average actions of items, respectively.

Dataset #users #items #interactions Sparsity |Ij | |Ji| Demographic attributes

Movielens-100k 943 1682 100,000 93.70% 106.04 59.45 Age, Gender, and Occupation

Movielens-1M 6040 3706 1,000,209 95.53% 165.60 269.89 Age, Gender, and Occupation

4.1 Experimental Settings

Datasets. We conduct experiments on two publicly accessible datasets:
Movielens-100k, and Movielens-1M 5. These datasets are used for movie rec-
ommendations [32]. In this work, we used demographic information such as the
gender, age, and occupation of the users. Table 5 summarizes the statistics of
the two datasets. Figure 6 shows the distribution of different age groups and
genders in the two datasets.
Evaluation metrics. We use the leave-one-out method to evaluate the rec-
ommendation results. We randomly sampled 100 negative items that users did
not rate and one positive item that users had previously rated. Next, we shuf-
fle the positive and negative samples and combine them into a test set. This

2https://www.python.org/
3https://keras.io/
4https://www.tensorflow.org/
5https://grouplens.org/datasets/movielens/

https://www.python.org/
https://keras.io/
https://www.tensorflow.org/
https://grouplens.org/datasets/movielens/
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Fig. 6: Distribution of age groups and genders across two datasets

method has been extensively used in other works [30, 40]. To illustrate the
performance of the recommendation results of different algorithms, we utilize
the Hit Ratio (HR) and Normalized Discounted Cumulative Gain (NDCG)
metrics. HR@k displays the percentage of positive items that appear in the
top-k position in the recommendation list out of all positive items. NDCG@k

is more concerned with position, giving more weight to positive items with a
higher position. The formulas for calculating the HR and NDCG are defined
as follows, respectively:

HR =
#hits

#users
, (23)

NDCG =
1

#users

#users∑

l=1

1

log2(pl + 1)
, (24)

where #hits denotes the number of users for whom the test item shows in the
recommendation list and pl is the test item’s position in the recommendation
list of the l-th user.
Baselines. We compare the performance of IUG-CF with the following
baselines:

1. ItemPop [41]: A non-personalized method for determining an item’s popu-
larity based on the number of interactions.

2. ItemKNN [42]: This is an item-based CF method that selects the top-n
neighbors of the target item based on item similarity and then predicts
based on the ratings of the neighbor items.

3. BPR [41]: This is a classic method of learning features from implicit
feedback to optimize personalized rankings.

4. NeuMF [27]: This is a CF model that integrates the general MF and the
MLP and models linear and nonlinear user-item interactions, respectively.
It is capable of learning arbitrary functions from data.
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Table 6: Performance comparison of different models on Movielens-100k and
Movielens-1M. The best result in each column is bold. The last row shows our
model’s improvements over the second-best models.

Datasets Movielens-100k Movielens-1M

Metrics HR@5 NDCG@5 HR@10 NDCG@10 HR@5 NDCG@5 HR@10 NDCG@10

ItemPop 0.2831 0.1892 0.4141 0.2342 0.3149 0.2018 0.4503 0.2524
ItemKNN 0.4072 0.2667 0.5891 0.3283 0.4501 0.3014 0.6252 0.3570
BPR 0.4984 0.3315 0.6914 0.3933 0.4566 0.3102 0.6336 0.3676
NeuMF 0.4942 0.3357 0.6807 0.4201 0.5485 0.3865 0.7260 0.4415
DeepCF 0.5009 0.3502 0.6838 0.4237 0.5508 0.3941 0.7251 0.4416
NeuACF 0.5097 0.3505 0.6846 0.4068 0.5630 0.3944 0.7202 0.4453
NNCF 0.3881 0.2605 0.5525 0.3133 0.6200 0.4221 0.7441 0.4766
CFFNN 0.5113 0.3345 0.7012 0.4077 0.5730 0.4102 0.7511 0.4582
LightGCN 0.5928 0.4389 0.7582 0.4924 0.6348 0.4755 0.7781 0.5220
IUG-CF 0.6511 0.4850 0.7932 0.5248 0.6647 0.5173 0.8048 0.5582

Improve 4.11% 9.93% 4.61% 6.58% 4.71% 8.79% 3.43% 6.93%

5. DeepCF [43]: It employs implicit feedback information as input to two dis-
tinct types of deep learning models, in order to model high-order user-item
feature interactions.

6. NeuACF [44]: It introduces aspect-level information to the NeuMF frame-
work and proposes an attention mechanism for learning the weight of
aspect-level information.

7. NNCF [30]: A method for incorporating local information into neural
collaborative filtering.

8. CFFNN [45]: This is a cross-feature fusion neural network for the enhance-
ment of CF, which introduces a cross-feature fusion mechanism for an
accurate determination of the relationship between different user-item
interactions.

9. LightGCN [46]: This is a graph convolution network model for recommen-
dation, which devises a light graph convolution for training efficiency and
generation ability.

Parameters Settings. To be fair, all embedding-based approaches will set
the user and item embedding size to 512 in the input layer. In addition, due to
the few categories of values of the population attribute, we set the embedding
size of the demographic characteristics in our model to 128.

4.2 Method Comparison (RQ1)

Table 6 shows a comparison of all methods for generating a top-k recommen-
dation list, and the best-performance is marked in bold. It is clear that the
proposed IUG-CF outperforms all other methods on both datasets in terms
of two different top-k values. We can see the following observations from the
table:

• All methods perform better on the movielens-1M dataset than on the
movielens-100k dataset, indicating that data sparsity has a significant
impact on recommendation performance.
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Table 7: The performance of different methods of calculating average rating
ablations when generating a top-10 recommendation list. None-IU denotes
recommending items without constructing the IUG. Ls and Ba mean that we
only use Laplace smoothing and Bayesian averaging to calculate the average
rating when generating the IUG, respectively. The best result in each column
is bold.

Ablations
Movielens-100k

HR@5 NDCG@5 HR@10 NDCG@10

None-IUG 0.4931 0.3413 0.6799 0.4011
Ls 0.6182 0.4594 0.7752 0.5098
Ba 0.6363 0.4726 0.7805 0.5189

Ls + Ba 0.6511 0.4850 0.7932 0.5248

Ablations
Movielens-1M

HR@5 NDCG@5 HR@10 NDCG@10

None-IUG 0.5782 0.3864 0.7072 0.4125
Ls 0.6409 0.4789 0.7896 0.5274
Ba 0.6548 0.4994 0.7944 0.5432

Ls + Ba 0.6647 0.5173 0.8048 0.5582

• Our IUG-CF model performs better than all the baselines on the two
datasets, and the metric with the largest improvement is NDCG@5. This
result suggests that our proposed model is more capable of producing
high-quality recommendations.

• The comparison results confirm the proposed method that exploring the
matching degree of demographic characteristics between users and the IUG
of items is feasible and reasonable.

4.3 Ablation Experiment (RQ2)

4.3.1 IUG’s Capturing

We compare the IUG-CF performance of different IUG constructing methods,
including Laplacian smoothing singly, Beyasian averaging singly, and a com-
bination of both. Additionally, we also compare the performance of none-IUG
(without IUG building) to demonstrate the impact of constructing the IUG.

Table 7 displays the results of HR@5, NDCG@5, HR@10, and NDCG@10
when the methodology of calculating the averaging rating is changed. The
performance of Ls demonstrates that the IUG-CF model is effective at rec-
ommending by building the IUG. The result of the comparison indicates that
employing Bayesian averaging alone increases model performance, with the
best performance achieved when using Bayesian averaging in conjunction with
Laplace smoothing.
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Fig. 7: Effect of the regularization term and the regularization coefficient λ.

4.3.2 The Regularization Term

We compare the performance of the IUG-CF in three cases with l1-norm, l2-
norm, and no regularization term. Additionally, the regularization coefficient
λ is set to [0.001, 0.01, 0.1, 1].

Figure. 7 depicts the comparison results. According to the experimental
results on the two datasets, the l1-norm significantly improves the performance
of the model, confirming the rationality and feasibility of adding a regulariza-
tion term. The l1-norm with a regularization coefficient of 0.001 performs the
best in both HR@10 and NDCG@10.

4.4 Parameters Learning (RQ3)

4.4.1 Expansion Coefficient

To compare the average ratings fairly, we employed the Bayesian averaging
mentioned in Section 3.2 of the model. Its fundamental idea is to increase the
number of ratings for each item. As a baseline, for each demographic attribute,
we divide the number of historical users by the kind of values this attribute
has, scaled by γ, as shown in (5). We conducted comparative experiments,
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setting γ from 0 to 1 at 0.1 intervals, to determine reasonable scaling for various
datasets.

Figure 8 demonstrates how the performance of two metrics on two datasets
changes when γ varies from 0 to 1. It’s worth noting that the best γ value is
determined by the scale of the dataset, and the dataset with fewer interactions
requires larger expansions.
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Fig. 8: Effect of the expansion coefficient γ.

4.4.2 Embedding Size

In the Movielens-1M dataset, gender has two values, the occupation has
twenty-one values, and age is divided into seven stages. We set the embedding
size of demographic characteristics and the embedding size of items and users
separately because there are few types of values for demographic characteris-
tics. As a result, we varied the embedding size from 32 to 512 and compared
the model’s performance on each combination of the two metrics.

The abscissa denotes the embedding size of users and objects, and the five
polylines depict performance when the demographic characteristic embedding
size is set from 32 to 512, respectively, in Fig. 9. The result demonstrates that
when the user and item embedding sizes are set to 512 and the demographic
characteristic embedding size is set to 128, both metrics perform best. More-
over, the IUG-CF model always performs better for the same user embedding
size with a smaller demographic embedding size.

4.5 Number of Hidden Layers (RQ4)

Our experiments compare the performance of IUG-CF on two metrics with
different numbers of hidden layers. We set the number of hidden layers from 1
to 5, where the size of the first hidden layer is 512, the size of the subsequent
layer is half the size of the previous layer, and the dropout ratio is set to 0.2.
The proposed IUG-CF model works best with one hidden layer, according to
the result that is shown in Fig. 10.



Springer Nature 2021 LATEX template

20 Ideal User Group: A New Perspective on Item Representation for Recommender Systems

32 64 128 256 512
user and item embedding size

0.72

0.74

0.76

0.78

0.80

HR
@

10

demographic embedding size
32
64
128
256
512

(a) HR@10

32 64 128 256 512
user and item embedding size

0.46

0.48

0.50

0.52

0.54

0.56

ND
CG

@
10

demographic embedding size
32
64
128
256
512

(b) NDCG@10

Fig. 9: Effect of the embedding size.
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Fig. 10: Effect of the number of hidden layer.

5 Conclusion and Future Work

This study proposes the concept of IUG, which is a dynamic change feature of
an item, and is used to describe the user group that the item is most suitable
for being recommended. To verify the effectiveness and rationality of IUG, we
propose an IUG-based neural CF model (which we call IUG-CF) and con-
duct experiments on two real-world datasets. We discuss the rationality of the
model through internal comparisons, including the selection of the regulariza-
tion term derived from IUG, methods to fairly compare average ratings, and
choice of model parameters. Experimental results demonstrate the effectiveness
and rationality of the IUG.

As future work, we hope to employ the attention mechanism to investigate
the interaction between users and IUGs, as well as IUGs and items. Further-
more, we can integrate the model with federated learning to better secure user
privacy.
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